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Abstract

We argue that shocks to credit supply by shadow and retail banks were key to understand
the behavior of the US economy during the Great Recession and the Slow Recovery. We base
this result on an estimated DSGE model featuring a rich representation of credit flows. Our
model selects the two banking shocks as the most important drivers of the crisis because they
account simultaneously for the fall in real activity, the decline in credit intermediation and the
rise in lending-borrowing spreads. On the other hand, in contrast with the existing literature,
our results assign only a moderate role to productivity and investment efficiency shocks.
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Résumé Non Technique

L’éclatement de la bulle immobiliére en 2007 et I’effondrement des marchés financiers I’année suiv-
ante ont plongé les Etats-Unis dans ce qui est désormais qualifié de “Grande Récession”. Récem-
ment, de nombreux économistes ont eu recours a des modeles dynamiques d’équilibre général
(DSGE, pour Dynamic Stochastic General Equilibrium) pour identifier les chocs a 1’origine non seule-

ment de la récession, mais également du redressement particuliérement lent qui a succédé.

Ces études concluent généralement que la récession et le lent redressement trouvent en grande
partie leur origine dans des chocs négatifs décourageant I'investissement. Plus précisément, ces
chocs affectent la transformation de l'investissement en capital productif : dans ce type de modele, la
création de capital productif peut étre un processus plus ou moins aisé et efficace selon la réalisation
de ces chocs. Dans le monde réel, le systeme financier joue un role crucial dans ce processus de
transformation de l'investissement en capital productif. Ainsi, dans les modeles DSGE qui font
abstraction du secteur financier, les imperfections de 1'intermédiation financiere sont répliquées par

ces chocs d’investissement exogenes.

Dans ce papier, nous proposons un modele DSGE de 1’économie américaine avec un secteur fi-
nancier explicite constitué d’un secteur bancaire paralléle (shadow bank sector) interagissant avec un
secteur bancaire traditionnel. Comme les banques traditionnelles, les banques paralléles participent
au financement de 1’économie. Par contre, elles ne recoivent pas de dépdts de la part des ménages
et ne sont pas soumises a la réglementation bancaire. Nous introduisons deux chocs bancaires dans
le modeéle, I'un spécifique aux banques traditionnelles et I'autre spécifique aux banques paralleles.

Nous estimons ensuite le modeéle sur données américaines a I’aide d"une approche bayésienne.

Nous obtenons deux résultats majeurs. Premiérement, le déclenchement de la Grande Récession est
principalement dt a un choc négatif lié au secteur bancaire parallele. Dans un second temps, un
choc négatif 1ié aux banques traditionnelles se superpose au premier et aggrave la crise économique
et financiere. Ces deux chocs sont tres persistants et expliquent également le redressement partic-
ulierement lent qui a suivi la récession. Cette interprétation des évenements est en accord avec la
narration généralement admise, a savoir une crise des crédits subprimes dégénérant ensuite en crise
bancaire généralisée. Deuxiemement et en contraste avec les résultats de la littérature académique,
les chocs sur l'investissement ne contribuent pas a expliquer la récession et sont méme positifs
durant le lent redressement, c’est-a-dire qu’ils soutiennent la reprise de la production. Ainsi, nos

résultats soulignent 1’origine financiere de la crise et confirment que, dans les modeles sans secteur



financier, le choc d’investissement n’est quune approximation des chocs financiers qui sont sur-

venus dans le monde réel.



1 Introduction

Starting mid-2007, a run on the US shadow banking system triggered a widespread financial crisis
that soon turned into a deep economic downturn. The resulting Great Recession was marked by
dramatic contractions in economic activity and financial flows. Ten years later, the subsequent Slow
Recovery appears best characterized as a permanent negative shift in GDP (Guerron-Quintana and
Jinnai, forthcoming). Recently, a number of authors have studied the forces at play during the crisis
and the recovery through the lens of estimated New-Keynesian models. Notable examples include
Christiano et al. (2015), Lindé et al. (2016), Gust et al. (2017), and Cuba-Borda (2018). A common
finding in these papers is the prominent role of shocks to the marginal efficiency of investment
(MEI), or more broadly to capital accumulation, which proxy for disturbances affecting financial
intermediation in standard DSGE models (see the discussion in Justiniano et al., 2011). Other im-
portant disturbances usually include preference shocks and total factor productivity (TFP) shocks,

with the latter explaining the absence of marked deflation.

These attempts to construct a macroeconomic interpretation of the Great Recession provide a useful
starting point. However, they also face important limitations. First and foremost, the papers typi-
cally consider models without explicit financial shocks nor frictions. As a result, they often have to
interpret MEI and preference shocks as financial wedges, that lack the usual structural perspective
of DSGE analysis. Second, the papers largely abstract from the behavior of banks and credit mar-
kets, whereas both policy makers (Bernanke, 2013) and academics (Gertler et al., 2016; Christiano
et al., 2018) agree that disruptions to traditional and especially shadow banking were key to under-
stand the crisis. This omission limits the ability of the models to generate a refined narrative about

the events, for instance as regards the origins of the financial turmoil.

In this paper, we aim at closing these gaps. With this objective in mind, we build a DSGE model
of the US economy featuring a rich representation of credit flows and a distinction between re-
tail and shadow banking. Both types of banks intermediate funds between households and firms.
However, traditional banks have access to deposits and are subject to macro-prudential regulation,
while shadow banks finance themselves on wholesale markets and operate outside the regulatory
framework. We introduce two credit supply shocks, one affecting the cost of extending traditional
bank loans (the loan cost shock) and one driving the risk associated with shadow banking (the shadow
wedge). This structure seems especially suited to account for the potential comovements between
economic activity and traditional and shadow bank credit before, during and after the Great Re-

cession. The rest of our economy has the usual New-Keynesian structure. In particular, it features



standard MEI and preference shocks.

We apply Bayesian techniques to estimate our model on a pre-crisis sample ending in 2007, in-
cluding traditional and shadow bank loans as well as a spread measure among our observables to
strengthen the identification of financial factors. The model attributes a substantial share of aggre-
gate fluctuations to the two credit supply shocks, which explain about 40% of recurring movements
in investment (32% for the loan cost shock and 10% for the shadow wedge). Then, we recover
the sequence of shocks that explained the Great Recession and the Slow Recovery and assess their

individual contributions to these events.

We obtain two main results. First, according to our model the Great Recession and the Slow Re-
covery largely originated from negative credit supply shocks. We find that, absent loan cost shocks,
investment would have been higher at the end of the Great Recession by 15% with respect to its
pre-crisis level, and by 20% absent shadow wedge shocks. Moreover, the recovery would have
been much stronger absent banking shocks, as investment would have recovered its pre-crisis level
as soon as 2010. In addition, our model associates the start of the Great Recession with negative
shadow banking shocks, whereas shocks to traditional banks became important only after mid-
2008. The resulting narrative of the crisis aligns well with the historical evidence, according to
which the disruption started with a run on shadow banks before extending to all credit markets

(see, e.g., Mishkin, 2011).

Second, our model assigns a negligible role to MEI shocks during the recession, and a largely pos-
itive one during the recovery. This key difference with respect to the literature reflects the ability
of our framework to identify financial shocks from non-financial disturbances. It emphasizes the
“catch-all” flavor of MEI shocks in standard DSGE models and warns against structural interpreta-
tions attributing the crisis to a drop in investment efficiency. Moreover, our model attributes little
role to TFP and preference shocks during the recession, even though TFP shocks explain an increas-

ingly important share of the Slow Recovery as time goes by.

Overall, our paper is the first to estimate a New-Keynesian DSGE model with traditional and
shadow banking and to apply it to study the last recession and its aftermath. As such, it com-
plements the literature reviewed above by tracing the origins of the crisis to bank credit supply
shocks rather than generic MEI or preference disturbances. It also adds to an early strand of papers
incorporating shadow banks in general equilibrium models, such as Verona et al. (2013), Gertler

et al. (2016), Meeks et al. (2017), and Feve et al. (forthcoming).

We organize the paper as follows. Section 2 develops the model, while Section 3 discusses the data



and presents our estimation results. In Section 4, we apply the model to study the Great Recession

and the Slow Recovery in order to identify the key forces at play. Finally, Section 5 concludes.

2 A Model with Traditional and Shadow Banks

This section details the model and the decision problems faced by the agents. Our economy resem-
bles a standard medium-sized monetary DSGE model (Christiano et al., 2005; Smets and Wouters,
2007), augmented by financial intermediation between a saving household sector and a borrowing
productive sector. We adopt a rich representation of the intermediation process, with both direct
(household) and indirect (bank) credit intermediation. We further decompose the banking sector
into traditional retail banks and shadow banks. Traditional banks have access to household de-
posits and are subject to macro-prudential regulation. In contrast, shadow banks have no access to

deposits and operate outside the regulatory framework.

2.1 New-Keynesian block

First, we describe the standard New-Keynesian block of our economy. It features competitive pro-
ducers of the homogeneous final good, monopolistically competitive producers of differentiated
intermediate goods, capital producers which transform the final good into investment, a represen-

tative household, and fiscal and monetary authorities. Both prices and wages adjust sluggishly.

2.1.1 Final producers

Final producers are perfectly competitive. They purchase a continuum of differentiated intermedi-

ate goods f;(j) and produce the final good in quantity F; according to a standard CES technology:

7
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where A, is a price markup shock with steady state A, > 0, persistence p, € [0,1), and inno-
vation u!. Letting p;(j) and P; denote the price of intermediate good j and of the final good, cost
minimization implies the usual demand function
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where symmetry allows dropping the j index.




2.1.2 Intermediate producers

Monopolistically competitive firms hire labor in quantity #; and combine it with capital to produce
the intermediate goods. Capital is supplied by traditional banks, shadow banks, and households
in quantities I;_1, s;—1, and b;_1. Following lacoviello (2015), we assume imperfect substitution

between funding sources, as embodied in the production function
g P
X el 1= (—xs)el \ ¥ _
fr=ef (B P30T ) n @)

where €¢ is a productivity shifter with persistence p, € [0,1) and innovation u¢. €] is a stochastic

processes that changes the relative productivity of bank-intermediated capital over time, which
we interpret as a shock to the demand for bank credit. Bocola et al. (2014) use a similar relative
productivity shock shifting the demand for production factors. It has persistence p,, € [0,1) and
innovation u}. In steady state, x;, xs € (0,1) pin down the levels of traditional and shadow bank
credit relative to household credit. Finally, « € (0, 1) denotes the elasticity of output with respect to
capital.

K 1k, and ¥’ and pays a real wage rate

The typical intermediate firm rents capital at real rates r
W;. To help the model reproduce the positive comovement between loans and GDP observed in
the data, we introduce a working capital channel (Christiano et al., 2005): the firm must borrow a
fraction ¢, € [0,1] of its wage bill in advance of production at the interest rate r{’. Finally, as in

Rotemberg (1982), the firm bears a quadratic cost parametrized by x, > 0 when changing its price.

Overall, the firm maximizes
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subject to constraints (1) and (2). Here, A; denotes the Lagrange multiplier on the representative
household’s budget constraint, 8 € (0,1) is the household’s discount factor, v, € (0,1) is an index-
ation coefficient, and 71; = P;/P;_; is price inflation with steady state 77. The associated first-order

optimality conditions (FOCs) are
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where MC; represents the real marginal cost of production and A1 = BA¢r1/A¢ is the house-
hold’s stochastic discount factor between dates t and t 4+ 1. These FOCs take into account that all

intermediate firms are identical in equilibrium.

2.1.3 Capital producers

Capital producers operate under perfect competition and combine the (1 — §)K;_; installed capital
goods with investment goods I; to create new capital goods in quantity K;. Their technology is
given by

Ki=(1-06)Ki_1+ 1,

where § € (0,1) denotes the depreciation rate. Producing I; units of investment goods requires

4>z ?

units of the final good, where € is a shock to the marginal (in)efficiency of investment (MEI) with

persistence p; € [0,1) and innovation u!. Finally, ¢; > 0 measures the strength of investment

adjustment costs.

Letting Q; denote the price of capital, producers maximize
Eo ) B At [QiKe — Q¢(1 — 6)Ki—q — Yi4]
t=0
subject to the above two equations. The associated FOC is
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2.1.4 Household
The representative household owns the whole economy and maximizes

= EO E ‘Bt h’l(Cf - hctfl) + Ef In Dt mhl—‘rlp ,



where ¢; is individual consumption, & € (0, 1) measures habit formation defined in terms of lagged
aggregate consumption, ¢ > 0 is the curvature in labor disutility, /; are individual hours worked,
and m > 0 is a preference weight. Deposits D; are risk free and provide utility through a standard
liquidity motive, which varies over time due to the preference shock €? with steady state € > 0,
persistence p; € [0,1), and innovation u¢. This shock shifts the arbitrage between consumption and
savings and plays a role similar to the risk-premium shock in Gust et al. (2017) or the preference

shock in Cuba-Borda (2018).

On top of the income received from labor supply, deposits at the bank, and direct loans to the pro-
duction sector, the household receives profits I'l; from intermediate firms, as well as traditional and
shadow banks. It uses this income to consume, save in new deposits and loans, and pay lump-sum
taxes T; as well as different costs. For calibration purposes, we introduce a marginal management

1

cost 7, > 0 for deposits and loans.” To smooth the dynamics of the model, we also introduce

quadratic costs on deposits and loans, ®p ; and Pp:
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with ¢y, ¢4 > 0. Finally, the household faces a quadratic cost when changing its nominal wage rate,

parametrized by x;, > 0.2 Overall, the flow budget constraint is given by

Prw;
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where 7, € (0,1) is an indexation coefficient.

Taking equilibrium symmetry into account, utility maximization with respect to consumption, de-

posits, loans, and wages yields

1
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1We could introduce different management costs for deposits and loans. However, our calibration strategy only
requires a single cost, so we prefer to remain parsimonious. The same remark applies to the banking cost 1y, introduced
in Section 2.2.1.

2We keep implicit the usual CES demand structure for individual labor services.
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where Ay is a wage markup shock with steady state Aw >0, persistence p,, € (—1,1), and innova-

tion uy’.

2.1.5 Public authorities

The fiscal authority purchases an exogenous amount G; of the final good, driven by a stochastic
process with persistence p, € [0,1) and innovation u$. Tt finances itself through the lump-sum tax

T; = G¢ levied on households.

The monetary authority sets the nominal interest rate according to the Taylor-type rule
Ri—
R
with o, € (0,1), 77 > 1,and ry > 0. GDPis given by Y; = C; + I; + Gy and uj is an iid. disturbance.

1

R T Y,
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2.2 Financial block

We now turn to the financial block of the economy, which features traditional and shadow banks.

2.2.1 Traditional bank

The representative traditional bank resembles a retail credit institution. It extends loans of physical
capital Q;L; and working-capital loans Ly, and finances through own capital N; and household
deposits. In addition, we assume that the traditional bank can invest in asset-backed securities

ABS; issued by shadow banks. Therefore, the bank balance sheet verifies

QtLt + Lw,t + ABS; = N; + D;. (3)

The traditional bank is also subject to a Basel-like macro-prudential regulation.> The Basel frame-

30ur analysis takes macro-prudential regulation through capital requirements as given. As discussed in Enders
et al. (2011) and Kollmann (2013), a large literature provides economic justifications for capital requirements in presence
of asymmetries of information between the banker and her creditors. See Admati et al. (2013) for a comprehensive
discussion of the potential benefits of increasing bank capital levels.

10



work requires that bank capital N; should not be lower than a fraction # € (0,1) of risk-weighted
assets. We assume that risk-weighted assets include all loans to the non-financial sector, that is
QtL¢ + Ly ¢, but exclude the ABS issued by shadow intermediaries. This setup roughly reproduces
the Basel I regulation, which was in force during most of our estimation sample.* Then, we define
excess capital as

Xy = Ny —n(Q¢Lt + Lyyy)

and capture the regulation faced by traditional banks through the decreasing and convex cost func-
tion

C(Xt) = —p1In(1+ p2X),
with py, p» > 0. This setup is borrowed from Enders et al. (2011) and Kollmann (2013) and conve-

niently circumvents the numerical issues related to the non-differentiability of the real-world regu-

latory constraint X; > 0.

Finally, we assume that the traditional bank incurs both a marginal management cost 7y, > 0 and
quadratic adjustment costs ®p ¢, Py ¢, and P4, related to intertemporal loans, own capital, and ABS

holdings. The adjustment costs are given by

L 2 N 2 AB 5
<I>L,t:¢’<t—1>, q)N,t:(Pn( t—1), ¢A,t=4’“(st—1),

2 \ L1 2 \ Ny 2 \ ABS;4

with ¢4, ¢1, ¢ > 0. We do not introduce costs on intratemporal working-capital loans, nor on

household deposits. Overall, the traditional bank’s flow profit verifies

A4 (1= 8)Q| it — QiLi + (14 74,) ABS; 1 — ABS; + rf’Lugs + Dy — (1+ 7 1)Dy 4
—€fC(X1) — €y (1 + Pr) QL — (6 + Pt )Ni — (75 + Pas) ABS.
The date-f return on ABS, r7_,, is predetermined.’ €l and €} are two disturbances affecting the costs

of physical loan extension and of bank capital shortage. We discuss them in more detail below.

The traditional bank maximizes the expected net present value of its current and future flow prof-

its, taking into account its balance sheet constraint (3). Letting v; denote the multiplier on this

“The Basel I regulation fixed a risk weight of 100% for traditional loans and of 20% of securities with the highest
rating, as were most ABS before the crisis. Here, we assume an even more dichotomous regulation with a 100% weight
on loans and a 0% weight on ABS.

5From a technical perspective, the return on ABS must be predetermined to avoid indeterminacy. Otherwise, the
free-entry condition in shadow banking (5) would only determine variables in expectations.

11



constraint, the associated FOCs are
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As in Gerali et al. (2010), we close the model by assuming that the traditional bank has access to
unlimited finance from the monetary authority at the policy rate R;. By arbitrage, this yields the
additional condition

A
14+, = RE Att1
TT41

Before moving forward, we discuss in more details the economic interpretation of the banking
shocks in our model. First, we consider the loan cost shock €!, with persistence p; € (0,1) and
innovation u!. Abstracting from adjustment costs and capital requirement for simplicity, and as-

suming that the price of capital and the discount factor remain constant, we obtain

Et”t+1 0= ﬁei +rf 4)

p
when subtracting the FOC with respect to deposit from the FOC with respect to loans. The left-hand

side is the marginal return of extending intertemporal loans and the right-hand side measures the
marginal cost of doing so. The latter includes a borrowing cost 7 and a loan management cost -y,
which is subject to the shock €!. It follows that the time-varying loan cost directly translates into
the lending-borrowing spread in our model, making traditional bank intermediation more costly. It
may arise from changes in the monitoring intensity due to non-modeled borrower-related risk, or

from a time-varying markup in retail banking (Gerali et al., 2010).

Second, we introduce a shock €f, with persistence p, € (0,1) and innovation u{, in the FOC with
respect to ABS holdings. In Appendix A, we demonstrate that this disturbance has a structural
interpretation as a shadow wedge shock encompassing the risk associated with shadow banking.
Under similar simplifications as before (no adjustment costs, no capital requirement, Q = 1, con-
stant discount factor, and ei = 1 for all periods), and subtracting the FOC with respect to ABS from

the FOC with respect to intertemporal loans, we obtain
Eefq(1+1f) = Ei(riy +1-0).

12
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Thus, the shock € creates a wedge between the returns on loans and ABS holdings. More pre-
cisely, we see that, ceteris paribus, the traditional bank will ask for a relatively higher return on ABS
when E;ef | decreases, that is when the risk associated with shadow banking increases. As a result,

shadow bank intermediation should decline.

Finally, our model features a shock to the cost of bank capital shortage €}, with persistence p, €

(0,1) and innovation u;. Assuming no adjustment cost and a constant discount factor 8, we obtain
1+¢+eC'(Xe) =BL+1)

when subtracting the FOC with respect to deposits from the FOC with respect to bank capital. This
condition implies that in equilibrium the bank is indifferent between financing through capital or
deposits. Given that C' < 0, an increase in €; makes own financing cheaper, pushing the bank to
build more capital. As such, the bank capital shock plays a similar role in our model as the capital

requirement shock in Kollmann (2013).

2.2.2 Shadow bank

Like the traditional bank, the representative shadow bank extends intertemporal loans to firms.
However, it has no access to household deposits and finances on wholesale markets by issuing
tradable securities.® Moreover, it operates outside the macro-prudential regulatory framework, in
line with the pre-crisis setup. In the model, this implies that the shadow bank has zero own cap-
ital. Since empirical evidence suggests that shadow banking bears low entry/exit costs and little
frictions, we also assume that the shadow bank lives for 2 periods and operates in a frictionless and

free-entry market (see Feve et al., forthcoming, for a longer discussion).

More precisely, at any given period t, new shadow banks enter the market without capital, finance
by issuing ABS;, and extend loans S; to firms. For calibration purposes, we introduce a marginal
issuing cost for ABS, denoted a < [0,1). Hence, the budget constraint of the representative new
shadow bank is

(1 —a)ABS; = Q:S:.

At date t + 1, the representative shadow bank’s profit is

[Fisa+ (1= 8)Qua] 81— (1+14) ABS,

bSince these securities are held by traditional banks in our model, the shadow bank has the flavor of a special-purpose
vehicle (SPV) created to achieve off-balance sheet accounting. The Basel Committee on Banking Supervision (2009) pro-
vides a comprehensive presentation of SPV.

13



This profit is rebated in a lump-sum fashion to the household. Under free entry, an expected zero-

profit condition pins down the size of the shadow banking sector:

At (1-0)Qu 147
Qt 1—a

EtAptia =0. (5)

This equation equates the expected marginal return on ABS with the marginal cost of issuance.

2.3 Closing the model

We close the model by the market-clearing conditions for capital, working-capital loans, and the

final good:

Ki = Li+ S5+ By,
Loty = $PoWiHy,
F = Ci+ Y+ Gt + costsy,

where cost; encompasses all costs related to (i) changes in prices and wages, (ii) changes in house-
hold deposits and loans, and in bank loans, capital, and ABS holdings, (iii) the excess capital cost
on traditional banks, (iv) the management of household deposit and loans, as well as of bank loans,

capital, and ABS holdings, and (v) ABS issuance.”

Finally, we postulate standard AR(1) processes in logs for ten forcing processes of our model econ-
omy: the price markup shock €}, the TFP shock €, the credit demand shock €}, the MEI shock
€i, the deposit preference shock €, the wage markup shock €/, the government spending shock
Gt, the bank excess capital shock €, the loan cost shock €!, and the shadow wedge €7 (in order of

appearance). The last driving force of our model is the shock in the monetary policy rule.

3 Econometric Analysis

We solve the model with standard linearization techniques and estimate it using Bayesian methods

on quarterly US data. This section discusses the data and the estimation results.

7In the linear approximation used to solve the model, only costs (iii) to (v) matter as the other ones vanish near the
steady state.

14



3.1 Data

We estimate the model using eleven observables. The first seven are the macro variables often used
to estimate DSGE models: real consumption, real investment, real government expenditures, hours
worked, price inflation, wage inflation, and the nominal interest rate. In addition, we exploit data
on four financial variables to strengthen the identification of financial shocks and frictions. These
variables are real loans by retail banks, real loans by shadow banks, the leverage of traditional

banks, and a measure of credit spread. In model notation, these observables correspond to

lan/ ln It/ ln Gt/ lnHt/ Ttt, % Rt/ ln(QtLt + Lw,t)/ ln(QtSt)/

In QL+ Lyt S d
t—1

N; £ T
For all but four observables, we detrend the logarithm of each variable independently with a quadratic
trend.® The exceptions are price inflation, wage inflation, the interest rate, and the spread, for which

we simply remove the sample mean.

In line with the literature reviewed in the introduction, we estimate our model on pre-crisis data to
avoid issues related to large shocks and to the zero lower bound on interest rates. In particular, our
estimation sample runs from 1985Q1 to 2007Q4. Appendix B provides details about the data. Here,
we briefly discuss our measurement of the loans extended by traditional and shadow banks. We
proceed in two steps. First, we build on Gertler et al. (2016) to assign financial intermediaries to the
traditional and shadow banking sectors. We consider private depository institutions as traditional
banks and we assign government-sponsored enterprises, GSE mortgage pools, issuers of ABS, fi-
nance companies, real estate investment trusts, security brokers and dealers, holding companies,
and funding corporations to the shadow banking sector. Second, we measure the credit supplied
to the private sector by each type of banks as the sum of their asset positions in corporate bonds,

mortgages, consumer credit, and other types of loans, extracted from the US Financial Accounts.”

3.2 Parameter estimates

We partition the parameters into two sets. The first set contains 18 parameters or targets kept fixed
during estimation and listed in Table 1. Regarding standard parameters, the capital share «, the
household discount factor j, the depreciation rate ¢, and the two markups A,, Ay are fixed at 0.33,

0.995, 0.025, and 0.25, respectively. We calibrate G/Y, 77, and R by matching the sample averages

8This procedure, which follows Iacoviello (2015), limits the effects of the trend divergences observed between real
and financial variables in the data.
91n line with the model, we exclude credit to public entities from our observables.
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Table 1: Calibrated parameters

Parameter Value Description Parameter Value Description

Standard parameters Financial parameters

® 0.33  Capital share B/K 0.66  Non-financial capital

B 0.995  Discount factor S/L 0.89 Shadow vs. traditional bank credit
6 0.025  Depreciation rate 7 0.09 Capital requirement

G/Y 0.19 Government spending Y 1 Working capital

H 0.20 Hours 7 0.005  Lending-borrowing spread
Ap, Aw 0.25 Price and wage markups b 7 Return to household capital

e 1.006 Inflation 7k 7 Return to shadow bank capital
P 2 Inverse Frisch elasticity X 0 Bank excess capital

R 1.012  Nominal interest rate

Notes. In this table, we treat steady-state targets as implicit parameters.

for the government spending to output ratio, price inflation, and the policy rate. We normalize
steady-state hours worked at 0.20, pinning down m, and impose an inverse Frisch elasticity of 2, in

line with the value estimated by Smets and Wouters (2007).

Regarding financial parameters, we set the Cobb-Douglas coefficients ); and ), to 0.18 and 0.16
respectively. This allows to reproduce two data targets: (i) a ratio between intermediated credit and
total capital of about 1/3 in the US (Christiano et al., 2014), and (ii) a ratio between shadow and
traditional bank credit of about 0.90 (sample average over the estimation sample). We impose that

all types of capital have the same return in steady state (0 = 7/

= 7, pinning down the ABS
issuance cost 4 and the household management cost ;. We also calibrate the bank management
cost 7, to match the average spread in the data and we follow Kollmann (2013) in assuming that
excess bank capital is zero in steady state. Finally, we suppose as in Christiano et al. (2005) that
firms must borrow the totality of the wage bill in advance, resulting in ¢, = 1, and we set the

capital adequacy ratio to 77 = 9%, implying a leverage of about 11 for traditional banks.

The second set contains 36 parameters estimated from the data. Table 2 reports our prior choices,
as well as the posterior mode and 90% credible intervals constructed using standard MCMC tech-
niques. For usual New-Keynesian parameters (habits, investment cost, nominal frictions), we adopt
distributions largely in line with the DSGE literature. Our estimates signal a standard degree of
consumption habits and moderate investment costs (Smets and Wouters, 2007; Lindé et al., 2016).
The estimated Rotemberg parameters suggest that prices are slightly more sticky than wages, even
though the posterior distributions largely overlap. The estimates of the Taylor rule coefficients take

plausible values.
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Table 2:

Estimation results

Parameter Description Prior distribution Posterior distribution
Distribution = Mean SD Mode [56%, 95%]
h Consumption habits Beta 0.60 0.15 0.66 [0.59, 0.76]
¢ Investment adjustment cost Normal 5.00 1.00 1.71 [1.10,2.72]
or Taylor rule: Smoothing Beta 0.65 0.15 0.89 [0.86, 0.92]
I Taylor rule: Inflation response Normal 1.50 0.15 1.76 [1.53, 1.99]
Ty Taylor rule: Output response Normal 0.25 0.05 0.09 [0.04, 0.14]
Kp Price adjustment cost Normal 150.00 25.00 192.14 [145.39, 236.31]
Tp Price indexation Beta 0.50 0.15 0.04 [0.01, 0.10]
Kw Wage adjustment cost Normal 150.00 25.00 176.27 [142.28,213.13]
Yw Wage indexation Beta 0.50 0.15 0.28 [0.12, 0.54]
C"(0) Convexity of excess capital cost ~Gamma 050 025 0.71 [0.37,1.26]
¢a ABS adjustment cost Inv. Gamma 1.00 2.00 1.08 [0.74,2.10]
oy Bond adjustment cost Inv. Gamma  1.00 2.00 491 [2.03, 11.34]
0¥, Deposit adjustment cost Inv. Gamma 1.00 2.00 0.27 [0.20, 0.38]
¢ Loan adjustment cost Inv. Gamma 1.00 2.00 1.13 [0.72,2.01]
Pn Bank capital adjustment cost Inv. Gamma 1.00 2.00 0.26 [0.21, 0.37]
Pe Technology shock Beta 0.65 0.15 0.83 [0.76,0.87]
0i Investment shock Beta 0.65 0.15 0.88 [0.79, 0.98]
s Government spending shock Beta 0.65 0.15 0.96 [0.94, 0.98]
Op Price markup shock Beta 0.65 0.15 0.44 [0.22, 0.70]
Ow Wage markup shock Normal 0.00 0.15 0.10 [-0.05, 0.23]
04 Deposit preference shock Beta 0.65 0.15 0.92 [0.87,0.95]
Ox Credit demand shock Beta 0.65 0.15 0.94 [0.90, 0.97]
01 Loan cost shock Beta 0.65 0.15 0.93 [0.87, 0.95]
Oa Shadow wedge Beta 0.65 0.15 0.92 [0.87, 0.95]
Ox Bank capital shock Inv. Gamma  0.65 0.15 0.32 [0.17,0.49]
1000, SD technology shock Inv. Gamma 1.00 3.00 0.99 [0.89, 1.22]
1000; SD investment shock Inv. Gamma 1.00 3.00 1.25 [0.95,1.91]
1000y SD government spending shock  Inv. Gamma 1.00 3.00 0.79 [0.71,0.91]
100y SD price markup shock Inv. Gamma 1.00 3.00 3.59 [1.29, 5.59]
Ow SD wage markup shock Inv. Gamma  1.00 3.00 1.85 [1.40,2.45]
10000, SD monetary shock Inv. Gamma 1.00 3.00 1.15 [1.02, 1.33]
100, SD deposit preference shock Inv. Gamma 1.00 3.00 3.99 [2.98, 5.35]
100y SD credit demand shock Inv. Gamma 1.00 3.00 0.73 [0.61, 1.03]
] SD loan cost shock Inv. Gamma 1.00 3.00 3.52 [2.50, 6.01]
10000, SD shadow wedge Inv. Gamma 1.00 3.00 3.06 [2.29, 5.60]
0.100 SD bank capital shock Inv. Gamma 1.00 3.00 1.11 [0.89, 1.60]

Notes. The posterior distribution is constructed from the random-walk Metropolis-Hastings algorithm with a
single chain of 250,000 draws, after a burn-in period of 250,000 draws. The acceptance rate is 27% and standard

tests confirm convergence.
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Turning to the parameters defining the adjustment costs on financial variables, we use inverse
gamma distributions allowing for a strictly positive density at zero.!? Posterior estimates indicate
that the model needs large adjustment costs on household credit to fit the data, with a posterior
mode of ¢, well above its prior mean. This is not surprising: since household credit accounts for
2/3 of the capital stock on average in our model, its dynamics must be slowed down to generate
smooth dynamics. Adjustment costs are also relatively important for traditional bank loans and
ABS holdings, while they seem less relevant for deposits and bank capital. Finally, we follow Koll-
mann (2013) in using a Gamma prior centered at 0.50 for C"(0), which defines the curvature of the
bank capital cost function and controls the transmission of bank capital shocks to the equilibrium

spread. We obtain a slightly larger posterior estimate of 0.71.

3.3 Model properties

In the next section, we apply our estimated model to shed light on macroeconomic dynamics in the
US during the Great Recession and the Slow Recovery. Before doing so, we find it interesting to
discuss some of its properties, in particular as regards the role of financial factors in business cycles.
With this objective in mind, Table 3 reports the unconditional variance decomposition for seven
key variables: consumption, investment, hours, traditional bank loans, shadow bank loans, and the
lending-deposit spread.!! To increase readability, the table focuses on the most relevant shocks.!?

Two results stand out.

First, shocks to the efficiency of investment and to the cost of traditional loans are the most impor-
tant drivers of GDP, consumption, and investment in our model. The leading role of MEI shocks is
consistent with results from the DSGE literature (Justiniano et al., 2011; Moura, 2018), while the em-
pirical relevance of loan supply shocks has been documented by Gambetti and Musso (2017) using

structural VARs.!3> While both shocks affect the transformation of foregone consumption into pro-

10The standard errors are set so that the domain covers a reasonable range of parameter values.

1A conditional approach would produce a similar leading role for financial shocks.

12That is, the table omits the contributions of the government spending shock u$, the price and wage markup shocks
uP and u®, the preference shock 1%, the credit demand shock uX, the monetary shock u", and the bank capital cost shock
u*. These are reported in Appendix C.

13The loan cost shock from our model verifies most of the sign restrictions Gambetti and Musso (2017) impose on their
loan supply shock (for GDP, loan volumes, and lending rates). According to their estimates, loan supply shocks account
for about 20% of GDP movements at a 5-year horizon in the US. In our model, loan cost shocks explain 27% of GDP
fluctuations at 5 years, which is broadly comparable. Gambetti and Musso also emphasize that loan supply shocks have
been especially important during the Great Recession, but less so during the ensuing Slow Recovery. We show below
that our structural model attributes an important role to loan cost shocks during both the Great Recession and the Slow
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Table 3: Unconditional variance decomposition

Variable Shocks
TFP MEI Loancost Shadow

u® ul ul u
GDP 10 18 31 4
Consumption 9 11 24 2
Investment 5 36 32 10
Hours 31 4 3
Traditional loans 1 1 88 1
Shadow loans 1 2 4 74
Spread 3 2 56 0

Notes. Statistics computed at the posterior mode. TFP (u€)
is the technology shock, MEI (u') is the investment efficiency
shock, Loan cost (1) is the loan cost shock, and Shadow (u?)
is the shadow wedge. Results for the remaining shocks and
variables are in Appendix C.

ductive capital, the decomposition emphasizes an important difference between these disturbances:
the loan cost shock largely explains bank credit and the spread on top of real variables, whereas the

MEI shock has little effect on financial variables.

Second, shocks to financial intermediation by both traditional and shadow banks account for a
substantial share of aggregate fluctuations. Together, the loan cost shock and the shadow wedge
cause 26% of the movements in consumption, 42% of those in investment, and 35% of those in GDP.
This is largely due to the loan cost shock, as the shadow wedge is quite specialized into explaining
shadow bank credit in the model. However, it still explains a non-negligible 10% of investment cy-
cles. Overall, we conclude that our model embeds sufficient propagation to ensure the transmission

of financial shocks to the real sphere.

Figure 1 provides further information about the dynamics triggered by the MEI, loan cost, and
shadow wedge shocks in our model. To make comparison easier, we focus on shocks that all induce
similarly negative responses of investment (and real activity more broadly), as shown in Panel (a).
Panel (b) demonstrates that only the loan cost shock is able to generate positive comovement be-
tween investment and traditional bank credit, which is a strong feature of the data. In particular,
the MEI shock triggers a counterfactual negative correlation between investment and loans during
the first periods. Panel (c) shows that the shadow wedge shock generates positive comovement

between investment and shadow bank loans, which is not the case for the MEI and loan cost shock.

Recovery.
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Figure 1: Selected impulse response functions to the MEI, loan cost, and shadow wedge shocks

Investment

Traditional Loans

MEI
== == == |oan cost
OF| = = — shadow wedge [ v g

1P
\
\
N
21 ~ _
s ~ -
-3 : : : : -3 : : : :
0 4 8 12 16 0 4 8 12 16
Shadow Bank Loans Spread

-—— = 067 -———

Notes. Deviations from steady states are expressed in percent for investment, traditional bank loans, and shadow bank
loans, and in annualized percentage points for the spread. Computations realized at the posterior mode.

This is not surprising, as a rise in the cost of traditional bank loans is associated with a shift in in-
termediation toward shadow banks. Finally, Panel (d) reports the response of the lending-deposit
spread. It makes clear that only the loan cost shock triggers significant countercyclical movements
in the cost of borrowing. Overall, these responses suggest that our structural estimation exercise
identifies a leading role for the loan cost shock because it is the only disturbance generating both

procyclical bank credit and a countercyclical spread.

4 Accounting for the Great Recession and the Slow Recovery
This section characterizes the shocks explaining macroeconomic dynamics in the US during the

Great Recession and the Slow Recovery through the lens of our estimated model. We proceed in

three steps. First, we extend our dataset to include the period 2008Q1-2016Q4. Second, we apply
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the Kalman smoother to the model solution in order to recover from the data the sequence of shocks
that began in 2008Q1 and drove the US economy from there on. Third, we construct counterfactual
paths for investment and GDP by removing a single disturbance at a time in order to isolate the role
of each shock. Gust et al. (2017) and Cuba-Borda (2018) follow very similar procedures. Throughout,

we keep the parameter estimates obtained from the 1985-2007 sample.

One particular challenge related to the crisis period is the binding ZLB on nominal interest rates and
the implementation of non-standard monetary policy measures, which both are difficult to handle
within linearized DSGE models. Because the literature is divided about the empirical relevance and

the best way to address these issues,'

we opt for what we consider the most transparent approach
and replace the Fed Funds rate after 2008 by the “shadow” interest rate estimated by Wu and Xia
(2016). This alternative index of the monetary policy stance, equal to the Fed Funds rate in normal
times and negative when the ZLB on the policy rate binds, has been shown empirically to capture
well non-conventional measures. In our view, using the shadow rate conveniently avoids taking a
stance about how to deal with the ZLB and/or to model non-standard measures. Moreover, Zhang
and Wu (2017) demonstrate that the shadow rate can be mapped meaningfully into an equilibrium

object in DSGE models. '

4.1 The paths of estimated shocks

We start our analysis by looking at the realization of the forcing processes during the crisis episode
and its aftermath. Figure 2 reports the smoothed estimates of the TFP, MEI, loan cost, and shadow
wedge shocks over the period 2007-2016. The series are normalized by their standard deviations, so
that a value of 2 signals a shock two standard deviations above its mean. We focus on these shocks
because they are the most important drivers of GDP and investment during the estimation period.
We show now they are also the most important during the recession and the recovery according to

our model.1®

14Gome authors (see, e.g. Christiano et al., 2015; Lindé et al., 2016; Gust et al., 2017; Cuba-Borda, 2018) suggest that
the ZLB on interest rates was a key feature of the crisis that modelers must take into account using non-linear methods.
However, their framework abstracts from the effects of non-standard policy measures. Other authors ignore the ZLB
altogether (Gali et al., 2012; Brzoza-Brzezina and Kolasa, 2013), or find that unconventional policy measures such as
forward guidance and asset purchases allowed to bypass it (Debortoli et al., 2018).

I5Nevertheless, we also verified that our conclusions hold when using the Fed Funds rate as the observable interest
rate and ignoring the ZLB.

16We report the smoothed estimates of the other seven shocks in Appendix C, in which we also discuss their role
during the Great Recession and the Slow Recovery.
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Figure 2: Paths of estimated shocks
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Notes. The figure shows the smoothed series (computed at the posterior mode) of the TEP shock Ine€f, the MEI shock
In ei, the loan cost shock In ei, and the shadow wedge In€j, all normalized by their unconditional standard deviations.
The shaded area corresponds to the NBER Great Recession dates. Signs are such that positive TFP and MEI shocks are
expansionary, while positive loan cost and shadow wedge shocks are contractionary.

Panel (a) also includes the log deviation of Fernald’s (2014) utilization-adjusted TFP series from its quadratic trend, while
Panel (c) includes the credit spread measure used in estimation. Both series are rescaled for comparison purposes.

As shown in Panel (a), our estimates suggest that TFP was above its mean at the start of the recession
and kept increasing until mid-2009. Then, it started a sustained fall that lasted until 2014. This pat-
tern implies that technology shocks are unlikely to account much of the Great Recession, but might
be important to understand the Slow Recovery. To assess the plausibility of these insights, the chart
also displays the behavior of Fernald’s (2014) utilization-adjusted TFP series, widely considered as
the best available measure of aggregate technology.!” It broadly confirms our findings: TFP was
positive before the crisis, ended up higher in 2009 than at the onset of the recession, and began a

persistent downward drift in 2010. Moreover, the correlation between our smoothed estimate and

7With the obvious caveat that Fernald’s TFP measure is constructed from a much broader output definition than the
one we consider, which excludes inventories as well as net exports.
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Fernald’s TFP is as high as 0.83 between 2007 and 2016.

Our finding that technology did not sharply fall during the Great Recession contrasts with the con-
clusions of a number of papers, including Christiano et al. (2015) and Cuba-Borda (2018). These
authors argue that negative TFP shocks are needed for DSGE models to explain the absence of
marked deflation during the crisis: these shocks trigger a rise in marginal costs, which counteract
deflationary forces in the model. Financial shocks play the exact same role in our model, as they in-
crease the costs of labor and capital and thus the marginal cost of production. Simultaneously, they
are consistent with the behavior of the credit spread. We also note that Lindé et al. (2016) found

positive TFP innovations during the recession when estimating a standard Smets-Wouters model.

Panel (b) reports the estimated path for the MEI shock. Our results indicate that investment effi-
ciency was low before the crisis. It then increased steadily between 2008 and 2010, before stabilizing
at positive values and supporting economic activity. Clearly, this behavior makes it difficult for the
MEI shocks filtered by our model to explain the deep recession or the weak recovery. This finding
differs sharply from the results obtained by Lindé et al. (2016), Gust et al. (2017), and Cuba-Borda
(2018), who find that the Great Recession largely originated from negative MEI shocks. Again, we
explain this difference by our explicit consideration of credit supply shocks. In these authors’ frame-
work, the MEI shock is a proxy for disturbances affecting financial intermediation (Justiniano et al.,

2011), which is driven out in our model by the explicit loan cost and shadow wedge shocks.

Indeed, Panels (c) and (d) signal that the loan cost shock and the shadow wedge have the potential
to account for a substantial part of aggregate dynamics between 2007 and 2016. The marked rise in
the cost of traditional loans and in the risk associated with shadow banks (in both cases, by about
4 standard deviations between 2008 and 2010) coincided with the Great Recession. It also mirrored
the jump in credit spreads during the recession, shown in blue in the chart, confirming that our
banking shocks drive out MEI shocks as the main sources of financial disturbances in crisis time. In
addition, the very gradual normalization of the loan cost shock and the shadow wedge, which both
remained largely positive between 2010 and 2016, coexisted with the Slow Recovery and suggests a

causal effect. We corroborate this view in the next section.

4.2 Contributions to the Great Recession and Slow Recovery

Finally, we characterize the contributions of the shocks to the Great Recession and the Slow Re-
covery. Figures 3 and 4 compare the data and the counterfactual paths for investment and GDP

obtained when shutting down the TFP, MEI, loan cost, and shadow wedge shocks one at a time. In
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Figure 3: Counterfactual paths — Investment
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Notes. All series are detrended, normalized to zero in 2007Q3, and expressed in percent. The shaded area corresponds
to the NBER Great Recession dates. The solid black line represents the data and the dashed blue line represents the
counterfactual paths. A counterfactual path above (resp. below) the data means the shock has a negative (resp. positive)

contribution.

each panel, the title indicates what shock is being shut down.

The main finding that emerges from Figure 3 is the overwhelming role of banking shocks, origi-
nating in both traditional and shadow banks, in the contraction of investment during the Great Re-
cession and its subsequent protracted recovery. In particular, at the end of the recession in 2009Q2
investment would have been higher by about 15% absent loan cost shocks and by about 20% absent
shadow wedge shocks. Moreover, the weak recovery is largely explained by the persistence of the
banking shocks. Indeed, in 2016, seven years after the Great Recession ended, both loan cost and
shadow wedge shocks still have a 10% negative effect on investment. The decomposition for GDP,
reported in Figure 4, conveys a similar picture. Therefore, we confirm the insight derived from the
paths of smoothed shocks that banking disturbances were key to both the Great Recession and the

Slow Recovery.
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Figure 4: Counterfactual paths — GDP
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to the NBER Great Recession dates. The solid black line represents the data and the dashed blue line represents the
counterfactual paths. A counterfactual path above (resp. below) the data means the shock has a negative (resp. positive)

contribution.

Our results also suggest a narrative of the financial crisis that squares well with historical evidence.
For instance, Mishkin (2011) identifies two successive phases within the US financial crisis. The first
phase, between 2007Q2 and 2008Q2, was relatively mild as losses in subprime markets coexisted
with weak GDP growth and forecasts of only a mild recession. The second phase was much more
virulent: starting in 2008Q3 with the simultaneous collapses of Lehman Brothers and AIG, it deep-
ened the financial crisis and strengthened its transmission to the real economy. The decompositions
reported in Figures 3 and 4 align well with this interpretation, as our model associates the start of
the recession with negative shocks to shadow banking, whereas cost shocks affecting traditional

banks play an important role only from 2008Q3 on.

Another important finding is that the contribution of MEI shocks was negligible during the Great

Recession and strongly positive during the Slow Recovery, as can be seen from Panel (b) in Fig-
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ures 3 and 4. This result corroborates that, in our model, the MEI shock is replaced by the two
banking shocks. In our view, this eviction signals that our model successfully identifies financial
disturbances from non-financial shocks to investment efficiency, and attributes a key role only to
the former. Our ability to disentangle these shocks explain why our conclusions differ from those
reported in the literature, based on models in which the MEI shock is a catch-all disturbance cap-

turing both financial and non-financial forces.

Finally, Panel (a) in Figures 3 and 4 demonstrates that TFP shocks played little role during the Great
Recession but explain an important and increasing share of the Slow Recovery after 2011. This
finding is consistent with the view that real GDP experienced a permanent level shift during the
crisis (see, e.g., Guerron-Quintana and Jinnai, forthcoming and the references therein), which can

only be rationalized in DSGE models by a persistent technological regression.

5 Conclusion

In this paper, we argue that shocks to traditional and shadow banks were key to understand the
behavior of the US economy during the Great Recession and the Slow Recovery. We base this con-
clusion on an estimated DSGE model featuring a rich representation of credit flows. Our model
selects the two banking shocks as the most important drivers of the crisis because they account si-
multaneously for the fall in real activity, the decline in credit intermediation, and the rise in lending-
borrowing spreads. On the other hand, our results assign only a moderate role to TFP or MEI shocks,

confirming the leading role of financial factors in the crisis and its aftermath.

One important question that has been debated recently is, what type of policy intervention would
have prevented the boom-bust cycle associated with the Great Recession? Addressing this question
in a quantitative fashion requires a framework able to account for the key asymmetries between
traditional and shadow banks, in terms of regulation, frictions and shocks altogether. We believe
that our model meets these requirements and constitutes an attractive environment to study macro-

prudential policy in presence of shadow banks. We plan to explore this topic in future research.
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Appendix

A Micro-founding the shadow wedge

This appendix provides some micro-foundation for the shadow wedge introduced in Section 2.2.1

to capture the risk associated with shadow banking intermediation.

Consider modifying our model along two dimensions. First, assume that existing shadow banks
default on an exogenous and random fraction 1 — €} of their ABS in each period, so that they effec-
tively repay a fraction €f of their debt. Second, assume that shadow banks must pay a transfer T} ;

in the second period of their life. This transfer is rebated lump sum to traditional banks.

In this alternative setup, free entry in shadow banking implies the following expected zero-profit
condition:

EtAtt1 [(Vlfil +[1 =] Qt+1) St — €41 (1 +1{)ABS; — Tf—i—l} =0.

The traditional bank’s profit function becomes

[rtkl (- 5)Qt} Lit — QL +€f(1+ 7" |)ABS;_1 — ABS; + r®Loys + Dy — (1 + 7% )Dy_q + T
—€fC(X;) — €y + Prr)QiLt — (76 + Pnyt) Nt — (75 + Pays) ABS;.

Assume now that the lump-sum transfer exactly compensates the loss incurred by the traditional

bank because of the partial default on ABS, so that
T; = (1—e€f)(1+1{_1)ABS;_1.

In that case, the alternative setup with partial default in shadow banking is strictly equivalent to
the model presented in Section 2. Therefore, it is possible to microfound the shadow wedge €f as a
default (“risk”) shock originating in shadow banking and compensated with a lump-sum transfer.

Corsetti et al. (2013) use a similar specification in a model of sovereign default.

B Data

This appendix describes the sources and the construction of the observables used in estimation.

Consumption. Consumption expenditures on nondurable goods and services (BEA, NIPA Table 1.1.5,
lines 5 and 6).
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Investment. Sum of consumption expenditures on durable goods and fixed investment (BEA, NIPA
Table 1.1.5, lines 4 and 8).

Government spending. Government consumption expenditures and gross investment (BEA, NIPA
Table 1.1.5, line 22).

Hours worked. Hours of all persons in the nonfarm business sector (BLS, available as series HOANBS
in FRED).

Inflation. Rate of change in the GDP deflator (BEA, NIPA Table 1.1.4, line 1).

Wage inflation. Rate of change in the compensation per hour in the nonfarm business sector (BLS,
available as series COMPNFB in FRED).

Interest rate. Effective Federal Funds rate, expressed in quarterly terms (series FEDFUNDS in FRED).
In our analysis of the Great Recession and Slow Recovery, we use instead the shadow interest rate
estimated by Wu and Xia (2016) to avoid issues related with the ZLB.

Traditional credit. Asset positions in corporate bonds, depository institution loans, other loans, mort-
gages, and consumer credit of private depository institutions (Z1 release, Table L110, sum of lines
10, 12,13, 14, and 15).

Shadow credit. Asset positions in corporate bonds, depository institution loans, other loans, mort-
gages, and consumer credit of government-sponsored enterprises, GSE mortgage pools, issuers of
ABS, finance companies, real estate investment trusts, security brokers and dealers, holding com-
panies, and funding corporations (Z1 release, sum of Table L125 lines 10 and 11, Table L126 line 1,
Table L127 line 5, Table L128 lines 4 and 5, Table L129 lines 4 and 6, Table L130 lines 9 and 10, Table
131 lines 7 and 8, and Table 1.132 lines 6 and 7).

Leverage. Computed as Credit/ (Assets — Liabilities) using series for US commercial banks (series
TLAACBWO027SBOG, TLBACBMO027SBOG, and TOTLL in FRED).

Credit spread. Moody’s seasoned Baa corporate bond yield relative to the yield on 10-year treasury

bonds, expressed in quarterly terms (series BAA10YM in FRED).

We seasonally adjust all series extracted from the Financial Accounts Z1 release using the X-12
algorithm implemented in IRIS. We deflate all nominal series by the GDP deflator (BEA, NIPA Table
1.1.4, line 1) to obtain quantity series, which we express in per-capita terms using the population
series from the BEA (NIPA, Table 2.1, line 40).
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C The role of other shocks (NOT FOR PUBLICATION)

To save on space, in the body of the paper our discussion focused on a few important shocks, namely
the TFP, ME], loan cost, and shadow wedge shocks. In this appendix, we provide the results for the
other seven shocks of the model, namely the government spending, price markup, wage markup,
monetary policy, credit demand, deposit preference, and bank capital shocks. We report their un-
conditional contributions to the variance of our observables, as well as to the path of investment
during and after the financial crisis. Our main message is that none of these shocks can explain the

Great Recession nor the Slow Recovery.

Table 4 shows the contributions of the shocks to the variance of our observables. For completeness,
we report the results for all shocks but we only discuss here those ignored in the paper. It is clear
that some shocks are very specialized in explaining one variables, with little effects on the others.
This is the case of the government spending shock, the two markup shocks, and the bank capital
shock. The monetary policy shock explains about 10% of movements in hours worked and in the
credit spread. Finally, the shocks to credit demand and to deposit preferences have more important

effects, as they account for approximately 20% of fluctuations in consumption, hours, and inflation.

Table 4: Unconditional variance decomposition

Variable Shocks

woouwou wt w8 wP w® uwt X oyt ¥
GDP 10 18 31 4 1 3 1 8 15 10 0
Consumption 9 11 24 2 4 2 1 6 18 23 0
Investment 5 3 32 10 0 2 1 5 3 0
Government spending 0 0 0 100 O 0 0o 0 0 0
Hours 31 4 3 5 1 5 2 13 21 15 0
Price inflation 15 4 9 1 0 19 2 22 22 0
Wage inflation 4 2 3 1 0 1 65 6 5 14 0
Policy rate 8 3 6 2 0 3 1 10 19 48 0
Traditional loans 1 1 8 1 0 1 0 3 4 0
Shadow loans 1 2 4 74 0 0 0 0 12 0
Bank leverage 0 O 0 0 o o0 o0 o0 13 87
Spread 3 2 5 0 0 3 1 10 20 4 0

Notes. Statistics computed at the posterior mode. u° is the TFP shock, u' is the MEI
shock, ! is the loan cost shock, u“ is the shadow wedge shock, u8 is the government
spending shock, u? is the price markup shock, u® is the wage markup shock, u" is
the monetary policy shock, uX is the credit demand shock, u is the deposit preference
shock, and u* is the bank excess capital shock.
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However, both have little impact on investment and are thus unlikely candidates to explain the

Great Recession.

Figure 5 displays the smoothed estimates of the shocks over the period 2007-2016. As in the body
of the paper, the series are normalized by their standard deviations. We note that fiscal policy was
supportive during the Great Recession, as government spending increased between 2007 and 2009.
On the other hand, it decreased significantly during the ensuing recovery period. Price and wage
markups exhibit no clear behavior during the recession, even though the sustained rise in the price
markup during the Slow Recovery may have penalized aggregate demand. The shadow rate cap-
tures the expansionary nature of the non-standard measures implemented during the crisis and
suggests that monetary policy remained very accomodative over the Slow Recovery. We also ob-
serve a marked rise in credit demand and deposit preference during the recession, but we show
below that these movements do not account for much of the crisis. Finally, the cost of bank capi-
tal experienced important spikes in 2009 and 2010, when US banks issued significant amounts of

additional equity.

Figure 6 compares the data and the counterfactual path for investment obtained when shutting
down the shocks one at a time. We focus on investment because a shock has to be able to account for
an important part of its dynamics to be a credible explanation of the Great Recession and the Slow
Recovery. The charts make it clear that none of these shocks had a noticeable effect on investment
during the recession, with the exception of the monetary policy shock which strongly supported
activity. This justifies our choice to exclude these shocks from our main discussion in the paper.
For the Slow Recovery, the picture is less clear-cut. For instance, the price markup shock, probably
proxying for weak demand conditions, had a negative 10% impact on investment between 2011 and
2015. Still, this contribution remains much lower than those from the loan cost and shadow wedge
shocks.
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Figure 5: Paths of estimated shocks

(a) Government spending (b) Price markup

2008 2010 2012 2014 2016 2008 2010 2012 2014 2016

(c) Wage markup (d) Monetary policy

2008 2010 2012 2014 2016 2008 2010 2012 2014 2016

(e) Credit demand (f) Deposit preferences

2008 2010 2012 2014 2016

2008 2010 2012 2014 2016

(9) Bank capital cost

2008 2010 2012 2014 2016

Notes. The figure shows the smoothed series (computed at the posterior mode) of the government spending shock
In(G;/G), price markup shock In(A,;/A,), wage markup shock In(Ay,/Ay), monetary policy shock In(R;/R), credit
demand shock In(e}), deposit preference shock In(ef/ €"), and excess bank capital shock In €7, all normalized by their
unconditional standard deviations. The shaded area corresponds to the NBER Great Recession dates.
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Figure 6: Counterfactual paths — Investment

(a) No government spending shock
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Notes. All series are detrended, normalized to zero in 2007Q3, and expressed in percent. The shaded area corresponds
to the NBER Great Recession dates. The solid black line represents the data and the dashed blue line represents the
counterfactual paths. A counterfactual path above (resp. below) the data means the shock has a negative (resp. positive)
contribution.
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