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Abstract

This paper studies one possible aggregate implication of the risk-taking

channel of monetary policy. Previous work finds that banks respond to a

monetary expansion by taking on more risk. One possible implication of this

effect is that, by the law of large numbers, aggregate defaults increase. First,

I use a simple model of defaults to suggest that, in general equilibrium, risk-

taking may not materialize into higher defaults. The key intuition is that

a monetary expansion also increases firms’ profits and households’ income,

an increase that exerts the opposite pressure on aggregate defaults. Second,

I conduct time series analysis and document that aggregate data on delin-

quency rates do not support the hypothesis that defaults increase after a

monetary expansion. These results suggest that aggregate delinquency rates

might fail to signal the build-up of risk-taking incentives after a monetary

expansion.

Keywords: Monetary policy, risk-taking channel, monetary shocks

JEL Classification: E52, E58
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1 Introduction

The transmission mechanism of monetary policy is usually referred to as a “black

box” (Bernanke and Gertler, 1995). Certain features of it are generally agreed

upon, for example the existence of a short run trade-off between output and infla-

tion. Yet, following Rajan (2006) and Borio and Zhu (2008), many argue that there

is also a trade-off between output and financial stability. This happens because,

as documented by the empirical papers discussed below, banks appear to respond

to a monetary expansion by searching for yield and issuing more debt. In this

paper I study one possible macroeconomic implication of this risk-taking effect. In

particular, I study empirically if these risk-taking incentives materialize into higher

aggregate default rates when allowing the monetary intervention to exert effects

beyond the risk taking behaviour.

Whether aggregate defaults increase or decrease after a monetary expansion

is theoretically ambiguous, even in the presence of a risk-taking behaviour. On

the one hand, the microeconomic risk-taking effects documented in the literature

suggest that defaults should go up because at some point the additional risk might

materialize at the aggregate level due to the law of large numbers. For example,

banks might respond to a monetary expansion by allowing borrowers to leverage

up their net worth and run higher levels of debt, which potentially makes it less

likely that the borrower meets the repayment obligations. On the other hand, a

monetary expansion is likely to generate macroeconomic effects that potentially

exert on defaults the opposite pressure. For instance, a monetary expansion is

likely to increase firms’ profits and households’ income, hence improving their

repayment possibilities. Before turning to the data, I formalize this intuition using
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the costly state verification model by Townsend (1979). The model helps to isolate

the intuition that if the absolute value of the elasticity of profits and income to the

policy rate is sufficiently high, then the higher risk taking does not materialize into

higher defaults. Indeed, I argue that this could be the case, because aggregate data

do not support the hypothesis that defaults increase after a monetary expansion.

This intuition is consistent with the general equilibrium application of the costly

state verification model proposed by Bernanke, Gertler and Gilchrist (1999), which

in fact does not feature a risk-taking effect due to the general equilibrium response

of the return to investments.

I then move to the data. Studying empirically the effect of monetary policy

on defaults in an aggregate environment requires tackling an endogeneity problem.

The policy rate is endogenous to the state of the economy and tends to decrease

in recessions. Since recessions are associated with higher defaults, a negative cor-

relation emerges between the policy rate and defaults. The goal of the paper is to

address whether this negative correlation is also driven by an increase in defaults

in response to the decrease in the policy rate (potentially through the risk-taking

incentives identified in the literature). Addressing this endogeneity issue requires

to extract variations in the policy rate that are orthogonal to the Federal Reserve’s

forecasts of defaults on loans (see for example Cochrane, 2004, and the discussion

in Section 4). Suppose, in fact, that one finds that an unexpected monetary ex-

pansion is associated with a subsequent increase in defaults. If monetary shocks

are not orthogonal to the Federal Reserve’s forecast of defaults, then the increase

in defaults could still reflect the fact that the Federal Reserve decreased the policy

rate in anticipation of the future downturn of the business cycle.
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It is not trivial to establish which of the methodologies developed in the lit-

erature to identify monetary shocks is more likely to generate shocks that are

exogenous to the Federal Reserve’s forecasts of defaults. In this paper, I take

a general approach that combines several identification strategies. Specifically, I

consider five different estimates of monetary shocks, namely shocks computed us-

ing the approach by Kuttner (2001) on federal funds futures contracts, the Romer

and Romer (2004) approach, a sign-restricted VAR model, a Cholesky-identified

Bayesian VAR model following Banbura, Giannone and Reichlin (2010) and a

Cholesky-identified factor model by Forni and Gambetti (2010). I purge the can-

didate shocks from potential residual endogeneity using predetermined financial

variables. I then estimate impulse responses using the single-equation regression

by Romer and Romer (2004), combining the information content of the adjusted

monetary shocks in a generalized instrumental variable estimator. The approach

draws from the methodology proposed recently by Stock and Watson (2012) and

Mertens and Ravn (2013) to identify Vector Autoregressive models with external

instruments and generalizes it to the Romer and Romer single-equation impulse

response estimation.

I measure aggregate defaults using US aggregate delinquency rates from the Call

Report on three types of loans: business loans, residential mortgages and consumer

credit. Delinquency rates are defined as the ratio of the value of loans whose

repayment is overdue for more than a month, relative to the value of total loans. I

study the period between 1987Q1 (starting from which delinquency rates become

available) and 2007Q2. I find that a 25 basis point decrease in the federal funds

rate decreases the delinquency rate on business loans by approximately 100 basis
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points starting from 2 years after the shock, and that the decrease is statistically

significant and robust. The decrease is also economically significant and equals

approximately one third of the pre-crisis mean, or equivalently, two thirds of the

pre-crisis standard deviation. The delinquency rates on residential mortgages and

consumer credit do not respond in a statistically significant way. For residential

mortgages, the width of the confidence intervals is small enough to reject the

hypothesis that delinquencies increase by an economically significant magnitude.

For consumer credit, the error bands do not allow to draw conclusions, because

they extend to a whole standard deviation of the variable above and below zero.

The paper contributes to the literature on the risk-taking channel of mone-

tary policy. Nevertheless, it does not aim to model nor estimate a risk-taking

channel, which instead requires identifying the ex ante propensity to take risk.

Instead, the paper aims to inspect one possible implication of the risk-taking chan-

nel. In fact, most of the empirical papers that identify a risk-taking channel use a

micro-econometric approach (see for example Jimenez, Ongena, Peydró and Sau-

rina (2014) and Maddaloni and Peydró (2011)). In such models, the addition of

control variables (say, GDP, profits and income) is crucial for disentangling effects

driven by credit demand versus credit supply. Nevertheless, it implies that the

results are partial in nature, because the macroeconomic effect will also reflect the

effects of the monetary intervention on the control variables.1 This paper differs

1Jimenez, Ongena, Peydró and Saurina (2010), Ioannidou, Ongena and Peydró (forthcoming)
and Lopez, Tenjo and Zarate (2011) find that a monetary expansion decreases the default prob-
ability of existing loans, but increases the default probability on new loans. These papers use
credit registry data from Spain, Bolivia and Colombia, respectively. Additional papers in the lit-
erature supporting the existence of a risk-taking channel of monetary policy using microeconomic
data are Jimenez, Ongena, Peydró and Saurina (2014), Maddaloni and Peydró (2011), Altunbas,
Gambacorta and Marquez-Ibanez (2014), Paligorova and Santos (2012), De Nicoló, Dell’Ariccia,
Laeven and Valencia (2010) and Dell’Ariccia, Laeven and Suarez (2013). They use data on loan
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from such contributions by taking a macroeconomic approach through the use of

time series analysis.

Other contributions in the literature take a macroeconomic approach and es-

timate time series models on survey data on credit standards. The results are

mixed. Buch, Eickmeier and Prieto (2014) find no statistically significant increase

in the issuance of new risky loans except for loans issued by small banks. Angeloni,

Faia and Lo Duca (forthcoming) find no statistically significant effects. Afanasyeva

and Güntner (2014) find statistically significant increases. Compared to their con-

tributions, this paper uses data on delinquency rates rather than data on credit

standards. The main advantage is that delinquency rates are reported by banks on

a compulsory basis, which limits the sample bias which characterizes survey data.

Moreover, delinquency rates combine information on new and existing loans, hence

giving a broader picture of aggregate defaults.

The remainder of this paper is organized as follows. Section 2 outlines the

model used to highlight the existence of conflicting effects on defaults. Section

3 discusses the three delinquency rates used in the analysis. Section 4 outlines

the empirical strategy and explains the estimation of monetary shocks. Section 5

reports the empirical results. Section 6 concludes.

applications, credit standards, banks’ expected default frequencies, spreads, risk-weighted assets
and terms of business lending, respectively. Bassett, Chosak, Driscoll and Zakraj̆sek (2014) use
US data on credit standards and find that credit standards do not respond in a statistically
significant way to the federal funds rate.
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2 A simple model of defaults

This section uses the costly state verification model to highlight the existence of

potentially conflicting effects of a monetary expansion on aggregate defaults.

A risk-neutral borrower has limited net worth N . At the beginning of the

period he borrows K −N from a risk-neutral lender, where K stands for the level

of investment. The borrower has access to the following production function:

y = ωRKK.

The shock ω represents an idiosyncratic productivity shock with support [0,∞),

expected value of 1 and cumulative distribution function Ψ(ω). Rk stands for

the aggregate return on the risky technology. One possible general equilibrium

implication of the model features a stochastic Rk that is unexpectedly pushed up by

the monetary expansion, which shifts outwards the aggregate demand curve (this

is, for instance, the case in the Bernanke, Gertler and Gilchrist (1999) application

of the model). I simplify the analysis by treating Rk as deterministic and by

using comparative statics. The contract is signed at the beginning of the period.

The shock ω is realized at the end of the period. ω is costlessly observed by the

borrower, but it is not observed by the lender unless he pays a fraction µ < 1 of

ex post revenues ωRkK. This cost captures the idea that borrowers typically have

a richer information set regarding their project, relative to lenders.

The borrower obtains credit from a lender in competitive markets. The con-

tract maximizes the expected profits of the borrower under the condition that the

expected return on lending equals the gross opportunity cost of lending R. Under
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this assumption, any equilibrium increase in defaults is driven by the incentives

of the borrower, given that the lender is by construction indifferent as long as his

participation constraint is strictly satisfied.2

Townsend (1979) shows that, in this setting, the optimal contract is a simple

debt contract, i.e., the borrower either repays a fixed amount independently on

the realization of the shock or defaults.3 Let Rb stand for the gross borrowing

rate. When the borrower and the lender agree on K − N and Rb they indirectly

agree on an endogenous threshold value ω̄ below which the borrower’s revenues are

insufficient to cover the debt repayment obligation. This threshold value is pinned

down by ω̄RkK = Rb(K −N). If ω > ω̄, then the borrower pays back Rb(K −N)

and keeps profits ωRkK − Rb(K − N). If ω < ω̄, then the borrower defaults and

the lender recovers (1− µ)ωRkK.

The maximization problem is solved in ω̄, Rb, K and is written as

max
{ω̄,Rb,K}

∫ ∞
ω̄

ωRkK −Rb(K −N)dΨ(ω), subject to

ω̄RkK = Rb(K −N), (1)

[1−Ψ(ω̄)]Rb + Ψ(ω̄)(1− µ)
E(ω | ω < ω̄)RkK

K −N
≥ R. (2)

2Note that, in this model, the risk-taking incentive of the lender takes the form of accepting
that the borrower leverages up his net worth and runs a higher default probability, because the
lender is appropriately compensated for it. This mechanism is not the only plausible one. An
additional, complementary mechanism is that lenders find it profitable to shift towards borrowers
who finance more risky projects. Modeling the interaction of both forces goes beyond the purpose
of the paper, which is to discuss the plausibility of a general equilibrium effect.

3The key intuition behind the optimality of the debt contract is that it is optimal to limit
the probability that the dead-weight observation cost is incurred. To do so, the lender leaves no
revenue to the borrower in case of default in order to reduce the borrowing rate to be paid in
case of no default.
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Equation (1) defines the threshold value ω̄ as a function of Rb and K. Equation

(2) gives the participation constraint of the lender. This constraint imposes that

the expected return on lending is not lower than the opportunity cost of lending.

Note that ex post variations of Rk move ω̄ in the opposite direction, given that the

remaining variables in equation (1) are determined at the beginning of the period.

Substitute Rb from equation (1) into equation (2) and into the objective func-

tion in order to simplify the maximization problem to

max
ω̄,K

F (ω̄)RkK, subject to
K

N
≤ 1

Q− Rk

R
G(ω̄)

with F (ω̄) =
∫∞
ω̄
ωdΨ(ω) − [1 − Ψ(ω̄)]ω̄, G(ω̄) = 1 − F (ω̄) − µ

∫ ω̄
0
ωdΨ(ω). To

develop intuition behind the notation, use F (ω̄) and G(ω̄) and the assumption

E(ω) = 1 to derive the following equality:

[
1− µ

∫ ω̄

0

ωdΨ(ω)
]
RkK = RkK

[
F (ω̄) +G(ω̄)

]
. (3)

Equation (3) shows that F (ω̄) and G(ω̄) determine the shares of expected output

RkK net of expected monitoring costs µ
∫ ω̄

0
ωRkKdΨ(ω) allocated to the borrower

and the lender, respectively.4 These shares are implicitly pinned down by the debt

contract. It can be shown that, in the relevant support of ω, F ′(ω̄) < 0 and

G′(ω̄) > 0. Borrowing conditions that indirectly imply a higher share of expected

revenues to the borrower imply a lower share of expected revenues to the lender. An

increase in the share of expected revenues promised to the lender G(ω̄) is associated

4The latter is best seen by rewriting the participation constraint as G(ω̄)RkK ≥ R(K −N).
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with an increase in the default threshold ω̄, because it is harder for the borrower

to meet the higher repayment obligation to the lender. Nevertheless, it has the

benefit of relaxing the participation constraint of the lender. The equilibrium of

the model is pinned down by this trade-off. To solve the maximization problem,

substitute out K from the objective function and derive the optimality condition

with respect to ω̄:

−F ′(ω̄∗) = F (ω̄∗)
G′(ω̄∗)(

Rk

R

)−1 −G(ω̄∗)
. (4)

The threshold value ω̄∗, pinned down by equation (4), is a decreasing func-

tion of R for any parametrization of the model (see Covas and Den Haan, 2012,

appendix C).5 This means that, given Rk, a decrease in the opportunity cost of

lending, which proxies the policy rate changed by the central bank, increases the

equilibrium default probability of the borrower. Nevertheless, in general equilib-

rium, this effect could be dominated by other effects. To develop the economic

intuition that explains this difference I use a simple graphical representation.

Figure 1 shows, in the graphs on the left, combinations of leverage K/N and

G(ω̄) that satisfy the participation constraint of the lender. An increase in lend-

ing increases the borrower’s leverage ratio, which reduces the relative buffer that

the constant net worth provides to the risky loan. To compensate the lender for

this leverage effect, the borrower must pay a leverage premium that takes the

form of a higher G(ω̄), i.e. a higher share of expected revenues to the lender.

All combinations of {(K,G(ω̄)} below the solid line in the left graph satisfy the

participation constraint of the lender. The dash-dotted lines represent iso-profit

5Covas and Den Haan (2012) study the relationship between ω̄∗ and Rk. Their proof extends
to the relationship between ω̄∗ and R.
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Figure 1: Effects of defaults of a decrease in the opportunity cost of lending

panel a) Initial equilibrium

panel b) Partial equilibrium effect

panel c) General equilibrium effect

Notes: A decrease in the opportunity cost of lending relaxes the participation constraint of the

lender and reduces the cost of borrowing. The borrower reacts to the lower cost of borrowing

by leveraging up his net worth in order to invest more, and this increases the default probability

(point B). In general equilibrium, the return to capital increases unexpectedly, exerting downward

pressure on defaults (point C ′ and C ′′). If this effect is strong enough, equilibrium defaults

decrease.
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curves of the borrower. The right graph shows the corresponding default probabil-

ity. Given Rb and Rk, a higher leverage ratio implies a higher default rate. To see

this, substitute equation (1) in the cumulative distribution function of ω, obtaining

Prob(ω < ω̄) = Ψ
(
Rb

Rk

(
1− 1

K/N

))
.

The initial equilibrium is shown in panel a), point A. A decrease in the op-

portunity cost of lending R, panel b), rotates the constraint upwards and expands

the set of combinations compatible with the participation constraint of the lender.

This occurs because perfect competition pushes down the return on lending, im-

plying now a lower borrowing rate for any given level of lending. If K remains

constant, the borrower borrows the same amount and pays a lower borrowing rate

due to perfect competition. This would decrease the default probability. Never-

theless, borrowing the same amount is not optimal, since the discounted return

to capital Rk/R has increased, making each unit of investment more productive

in discounted terms. Investing more requires moving along the new participation

constraint of the lender and paying the lender a higher expected share of revenues

G(ω̄), due to the leverage effect discussed above. In the partial equilibrium model,

this leverage effect always dominates, taking the new equilibrium to point B, which

is the partial equilibrium that would take place if no other variable in the model

changed. The new partial equilibrium features a higher default probability because

the borrower finds it sufficiently profitable to invest more that he is willing to ac-

cept paying a higher share of expected revenues to the lender. Put it simply, debt

becomes cheaper, the borrower demands more credit, and since his leverage ratio

increases, his default probability increases.

Consider now the general equilibrium effect. In Bernanke, Gertler and Gilchrist
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(1999), the borrower is an entrepreneur who rents capital to intermediate good

producers. The return to capital Rk equals the rental rate on capital plus the

capital gain on undepreciated capital. In their general equilibrium framework, the

unexpected monetary expansion increases investments. This pushes up the price of

capital, which in turn generates a positive capital gain and increases the return to

capital, increasing the borrower’s revenues and his future net worth. In the model,

it is this increase in aggregate demand, through the increase in investments, that

pushes up the borrower’s income. This mechanism can be captured in a stylized

way by assuming that the decrease in the opportunity cost of lending pushes up

the value of Rk at the end of the period, i.e. the value that enters equation (1),

but not equation (4) (in the original model, agents sign the contract based on

their expectation of Rk and are then surprised by ex post values that differ from

their expectation). The effect on defaults can be seen from panel c) of figure 1.

Since leverage K/N and the borrowing rate Rb are determined at the beginning

of the period, an increase in Rk unexpectedly increases the borrower’s income.

This pushes up the curve in the right graph. If this effect is relatively weak,

then aggregate defaults still increase, although by less than in partial equilibrium

(point C ′). If, instead, the elasticity of Rk to R is high enough in absolute value,

the curve on the right graph shifts by enough that defaults ultimately decrease

(point C ′′). Put it simply, in general equilibrium the increase in income exerts the

opposite effect on defaults when compared to risk-taking incentives, and potentially

prevents risk-taking behaviour from materializing into higher defaults.6

6In the model, whether the general equilibrium effect prevails or not depends on the exact
general equilibrium framework used. Compare, for instance, Hafstead and Smith (2012) and
Afanasyeva and Güntner (2014).
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3 Delinquency rates

The above model helps develop the intuition that, after a monetary expansion,

risk-taking incentives push the default probability up. Nevertheless, in general

equilibrium borrowers benefit from the increase in aggregate demand by earning

higher income, which makes their debt repayment obligations more sustainable.

If the elasticity of profits to the policy rate is high enough in absolute value,

the default probability could decrease instead of increase. The rest of the paper

applies this intuition to the data and studies the effect of a monetary expansion

on aggregate defaults.

I proxy the probability of default on loans using delinquency rates. A borrower

is “delinquent” on a loan if the loan repayment (interests or principal) is overdue

for more than 30 days. The delinquency rate is defined as the ratio of the value of

delinquent loans over the value of outstanding loans.

The Federal Reserve Bank collects data on delinquency rates from the Call

Report, which is filed quarterly on a compulsory basis by all US-chartered com-

mercial banks. For confidentiality reasons, only a limited set of aggregate time

series is made publically available. In this paper I use three aggregate delinquency

rates, which are the delinquency rates on business loans, residential mortgages and

consumer credit. According to Flow of Funds data (figure 2), these loans account

jointly for approximately 40% of banks’ total assets, with a progressive increase

in the share of residential mortgages relative to the remaining two types of loans.

The correlation between the three types of loans considered and the total value of

banks’ assets equals approximately 90%. The same holds regarding the correlation

between the loans considered and the monetary aggregates M1 and M2. The delin-
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Figure 2: Ratio of loans to banks’ total assets
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Notes: Ratios of the value of loans relative to the total value of banks’ assets, computed from

US Flow of Funds data.

quency rates used refer to loans issued by all commercial banks. The time series

of the delinquency rates start in 1987Q1 for business loans and consumer credit,

and in 1991Q1 for residential mortgages.

Figure 3 shows the evolution of the deseasonalized delinquency rates. As ex-

plained in the introduction, the analysis of the paper is carried out using data for

the period before 2007Q2. Until then, the delinquency rates averaged between 2%

and 3.5%, and displayed a downward trend. The standard deviations in the pre-

crisis period equaled 165, 47 and 37 basis points for the delinquency rate on business

loans, residential mortgages and consumer credit, respectively. For completeness,
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Figure 3: Aggregate delinquency rates
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Notes: Deseasonalized delinquency rates and the federal funds rate. The period after 2007Q2

is not included in the analysis of the rest of the paper.

the figure also reports the part of the sample not used in the analysis. During the

2007 crisis, the delinquency rate on residential mortgages spiked, increasing by as

much as almost 20 times its pre-crisis standard deviation. The delinquency rate

on business loans and consumer credit increased too, but less remarkably, with an

increase of 0.69 and 3.85 times their pre-crisis standard deviation, respectively.
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4 Monetary shocks

Identifying the effects of monetary policy on aggregate delinquency rates requires

isolating fluctuations in the federal funds rate that are exogenous to the Federal

Reserve’s expectations of future delinquency rates. This section discusses the iden-

tification challenge and outlines how I construct monetary shocks. I argue that the

risk of endogeneity is reduced if one considers at the same time several approaches

available to estimate monetary shocks, and then uses a set of financial variables

to purge these shocks from residual endogeneity. The impulse responses are com-

puted in the next section, exploiting the information content of all the adjusted

monetary shocks through a generalized instrumental variable estimator.

The identification problem

To estimate the effect of monetary policy on delinquency rates one first needs

to establish if the federal funds rate is endogenous to delinquency rates or not.

It can be argued that the federal funds rate is exogenous to expected future de-

faults. For instance, financial stability concerns rarely appear in the Minutes of the

FOMC before the 2007 crisis, as documented by Dell’Ariccia, Laeven and Suarez

(2013). Similarly, the Greenbook, which collects the official forecasts prepared by

the Federal Reserve staff for the FOMC meetings, contains very limited informa-

tion regarding the forecasts of future defaults.7 Nevertheless, while not set directly

as a function of future defaults, the federal funds rate might respond to expected

future defaults indirectly, given that defaults are correlated to the economic ac-

7Information on the Greenbook data can be obtained from the Federal Reserve Bank of
Philadelphia at http://www.philadelphiafed.org/research-and-data/real-time-center/greenbook-
data/.
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tivity.8 As such, an impulse response that predicts that a monetary expansion

increases delinquency rates might still be driven by the fact that the Federal Re-

serve Bank expanded monetary policy in anticipation of a downturn in economic

activity.

From the above argument, it follows that identifying the effects of monetary

policy on aggregate delinquency rates requires isolating fluctuations in the federal

funds rate that are exogenous to the Federal Reserve’s expectations of future delin-

quency rates (see also Cochrane, 2004, for a comment on this point). If data on such

expectations was available, then one could follow Romer and Romer (2004) and

regress a measure of the monetary policy on such expectations. By construction,

the residuals would be orthogonal to the Federal Reserve’s expectations of future

defaults and could be used to study the effects of monetary policy on defaults.

Since the Federal Reserve’s forecasts of future delinquencies is not available, an

indirect approach is necessary. In the paper, this approach will consist of collect-

ing alternative candidate series of monetary shocks, and then generating adjusted

series of shocks using simple regressions on financial variables.

Original monetary shocks

The literature proposes several methodologies to estimate monetary shocks. Since

it is not clear a priori which of these methodologies is more likely to deliver shocks

that are exogenous to the Federal Reserve’s forecasts of defaults, it is safer to

8This is suggested, for instance, by the fact that the federal funds rate is Granger-
caused by several financial variables likely correlated with future defaults. More on
this in this section and in Appendix C. In a December 3, 2014 speech, Governor
Lael Brainard discusses the fact that financial stability concerns always played a rel-
evant part in the conduct of monetary policy by the Federal Reserve Bank. See
http://www.federalreserve.gov/newsevents/speech/brainard20141203a.htm.
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consider several approaches at the same time. Specifically, I will combine into a

general instrumental variable estimator the monetary shocks computed using the

following five methods:

1. Shocks computed from futures contracts on the federal funds rate, as proposed

by Kuttner (2001). This approach exploits market data from the prices on

futures contracts on the federal funds rate and computes the variation in the

policy rate that was not expected by the markets. To measure of monetary

shocks, I use the time series by Barakchian and Crowe (2013), who build on

Kuttner (2001) and combine information extracted from federal funds rate

future contracts on different maturities;

2. Romer and Romer (2004) shocks. These shocks are obtained from the regres-

sion of an index of the intended variations of the federal funds rate on the

Federal Reserve’s forecasts of real output growth, the GDP deflator, and the

unemployment rate. The residuals of such regressions capture the variations

in the policy rate that are orthogonal to the Federal Reserve’s expectations

of the state of the economy captured by the forecasts;

3. Sign-restricted VAR model, in the spirit of Canova and De Nicoló (2002). The

VAR uses quarterly data and includes five variables: the log of real GDP, the

log of the GDP deflator, the federal funds rate, the log of firms’ aggregate

leverage ratio, and the log of households’ aggregate leverage ratio. I identify

the model with sign restrictions and use the monetary shocks corresponding

to the median target model by Fry and Pagan (2011). The restrictions im-

posed are that 1) real GDP does not increase during the first two quarters, 2)
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interest rates do not increase during the first two quarters, and 3) if a price

puzzle is displayed, it does not last for more than three years;9

4. Medium-scaled Bayesian-estimated VAR identified with a Cholesky decompo-

sition, by Banbura, Giannone and Reichlin (2010). I use the medium speci-

fication of their model, which includes twenty variables, since it has a higher

predictive power if compared to a larger specification of the model.10 The

model is estimated on monthly data; and

5. Factor model identified with Cholesky decomposition, by Forni and Gambetti

(2010). The model includes monthly data on 112 variables. Among the

variables included are personal income, indexes of industrial production, the

tightness of unemployment in different sectors, stock price indexes and a

range of interest rates 11 These variables are assumed to be generated by 16

unobservable factors, which are in turn driven by four structural shocks.

Note that I do not include delinquency rates in the three time series of models

estimated, given that the limited availability of delinquency rates would imply a

considerable loss of degrees of freedom in the estimation. Instead, I add financial

variables, available on a longer time horizon, that are likely informative of the

9The sign restriction on the GDP deflator is in line with the observation that the literature
typically finds a price puzzle that lasts up to around three years. For a discussion of the price
puzzle see Boivin, Kiley and Mishkin (2011).

10The variables included in the replicated Medium Bayesian VAR are personal income, con-
sumption, industrial production index, capital utilization, unemployment rate, number of em-
ployees on non farm sector, housing starts, producer price index, the price index of personal
consumption expenditures, the CPI index, the trade-weighted US dollar index, hourly earnings
of production, the federal funds rate, M1, M2, total reserves, non borrowed reserves, the industrial
production index, business loans, and loans on residential real estate.

11The list of all the 112 variables in the Factor Model by Forni and Gambetti (2010) can be
found in the on-line supplement of the original paper.
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future financial position of firms and households.

The above methodologies were replicated to generate monetary shocks between

1976Q1 and 2007Q2, except for the monetary shocks from futures contracts, which

can only cover the period after 1988Q1 (this is due to the fact that the Chicago

Board of Trade began offering federal funds futures contracts only in October 1988).

Only the subset of the time series of shocks that overlaps with delinquency rates

will be used for the computation of impulse responses. When necessary, monthly

time series are converted to quarterly time series using the sum within quarter, as

for instance in Romer and Romer (2004). Appendix A discusses the estimation and

identification of the VAR model in detail. The other methodologies are discussed

in the original papers. The Romer and Romer shocks are estimated using the data

collected by Coibion, Gorodnichenko, Kueng and Silvia (2012), who extend the

analysis by Romer and Romer (2004) up to 2008M12.12

The main advantage of simultaneously using several monetary shocks to sub-

sequently compute impulse responses is that it exploits the information content

delivered by several approaches, hence potentially reducing identification uncer-

tainty. In fact, it is hard to judge whether a VAR with a small number of variables

is more or less successful than a larger model in generating monetary shocks that

are exogenous to the Federal Reserve’s forecasts of default. On the one hand,

adding more variables allows to capture a wider information set potentially used

by the Federal Reserve to assess indirectly the future course of delinquencies. On

the other hand, it requires to impose more structure on the model, for instance by

estimating the model with Bayesian techniques or by assuming that the dynamics

12I am grateful to the authors for having shared their statistics.
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of the data are driven by a set of factors. Similarly, it is reasonable to expect

that the Romer and Romer shocks are at least in part exogenous to the Federal

Reserve’s forecast of defaults, since future GDP is realistically correlated with the

future financial position of borrowers. Using several approaches at once reduces the

risk that any of the approaches considered is still subject to residual endogeneity

with regard to the specific application of the paper.

The main disadvantage of simultaneously using several monetary shocks to sub-

sequently compute impulse responses is the increase in sample uncertainty through

the so-called generated regressor problem. To account for this issue, I replicate all

the five methodologies discussed above and generate pseudo shocks using a Monte

Carlo approach that extends the one used by Romer and Romer (2004). Appendix

B discusses this step of the analysis in detail. Pseudo shocks are then used to

compute impulse responses in the next section, once adjusted using the procedure

outlined in the next subsection.

Panel a) of table 1 shows summary statistics for the five original candidate time

series of monetary shocks. Panel b) of the same table refers to monetary shocks

computed in the next section and is reported here to facilitate the comparison.

The table shows the standard deviation of each time series, the contemporaneous

correlations across series and the autocorrelation of each series at 4 and 8 lags. I

report summary statistics both for the full sample period and for the period after

1993Q1, which is the part of the data used in Section 5 to compute impulse re-

sponses. The highest volatility is displayed by the monetary shocks from the Factor

Model, while the lowest volatility is displayed by the shocks from futures contracts.

Some of the correlations are not statistically significant, especially after 1993Q1,
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Table 1: Summary statistics of the monetary shocks

Panel a) ORIGINAL MONETARY SHOCKS
Full sample st. dev. cross correlations autocorrelations

(4 lags) (8 lags)
1) Futures contracts 0.16 1 .06∗∗ .04
2) Romer and Romer 0.28 .08 1 -.17∗∗ .04∗∗∗

3) VAR 0.70 -.09 .33∗∗∗ 1 -.02 -.06
4) M. Bayesian VAR 1.02 -.03 .55∗∗∗ . 63∗∗∗ 1 -.12∗ -.01∗∗∗

5) Factor model 1.40 -.26∗∗ .05 .16∗∗ .28∗∗∗ 1 -.03∗∗ .02

After 1993Q1 st. dev. cross correlations autocorrelations
(4 lags) (8 lags)

1) Futures contracts 0.16 1 .08∗∗ 0
2) Romer and Romer 0.30 .06 1 .22∗∗ .10∗∗∗

3) VAR 0.76 -.16 .28∗∗ 1 .09 -.15
4) M. Bayesian VAR 0.99 -.04 .06 .25∗∗ 1 -.09∗ -.07∗∗∗

5) Factor model 1.52 -.32∗∗∗ -.13 -.22∗∗ 0 1 .14∗∗ .15

Panel b) ADJUSTED MONETARY SHOCKS
After 1993Q1 st. dev. cross correlations autocorrelations

(4 lags) (8 lags)
1) Futures contracts 0.14 1 -.08 -.19
2) Romer and Romer 0.21 .16∗ 1 -.10 .02
3) VAR 0.57 -.01 .29∗∗ 1 -.04 0
4) M. Bayesian VAR 0.87 -.01 .10 .33∗∗∗ 1 -.20 -.02
5) Factor model 1.10 -.27∗∗ .23∗∗ -.07 -.11 1 -.10 -.03

Notes: Summary statistics of the five candidate time series of monetary shocks. Hypotheses

testing delivers statistics significant at 1% for ∗∗∗, significant at 5% for ∗∗, significant at 10%

for ∗.

and are negative one third of the time, sometimes in a statistically significant way.

This indicates that the description of the non-systematic variation of the policy

rate varies considerably among the five methodologies considered.13 The Box and

Ljung test finds that autocorrelations differ from zero in a statistically significant

13A relatively strong correlation is found between the Romer and Romer shocks with the shocks
generated by the VAR. This fact is also pointed out in Coibion (2012).
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way in several cases, especially after 1993Q1.14 This suggests some caution in in-

terpreting the candidate monetary shocks as structural shocks. I will argue that

the shocks used in Section 5 (i.e. the adjusted monetary shocks) perform relatively

better along this dimension.

Adjusted monetary shocks

A candidate time series of monetary shocks is appropriate for the specific analysis of

this paper only if it does not contain the Federal Reserve’s anticipatory response to

future defaults. In principle, all the available monetary shocks might still capture

part of this endogenous response. It is hard to judge whether this is the case

using an a priori theoretical argument. A direct empirical assessment is even less

viable, given that the time series of the Federal Reserve’s forecast of defaults is not

available. An indirect, approximate approach becomes necessary. In this paper, I

propose one based on the following idea. While unobserved, the Federal Reserve’s

expectation at time t of future defaults is realistically some (unknown) function

of variables, up to time t− 1, that are informative of the future financial strength

of borrowers. Financial variables that could proxy the unobserved expect defaults

are

• the previous values of the delinquency rate on business loans, residential

mortgages, and consumer credit;

• the previous values of the leverage ratios and the debt-to-GDP ratio of firms

and of households; and

14It was explained in the previous section that four out of five time series used in the paper are
quarterly transformations of monthly time series. I found that the Box and Ljung test tended to
reject the hypothesis of no autocorrelations also for the originals series.
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• the previous values of banks’ reserves to total loans.

None of these variables should have a predictive power on monetary shocks, at

least not beyond the type-I error probability used in the test. Strong evidence that

any of these variables has a predictive power of the monetary shocks could be due

to some residual endogeneity of the estimated monetary shocks that is correlated

with the previous financial indicator. Accordingly, I test the hypothesis that any of

the above eight variables, considered one at the time to retain degrees of freedom,

Granger-causes any of the five candidate time series of monetary shocks. The tests

are run including from 1 up to m lags of the financial variable, with m = 1, 2, ..., 8.

Appendix B reports in detail the construction and the results of these and other

tests. I run 64 tests for each of the five time series of shocks, for a total of 320 tests.

In principle, if the null hypothesis of no Granger-causality holds in the data, then

the tests should reject the null hypothesis no more than 5% of the time, where

5% is the type-one error used. I find that the eight variables considered never

Granger-cause the monetary shocks corresponding to the VAR model and to the

Medium Bayesian VAR model. However, some Granger-causality is found for the

remaining three time series of monetary shocks. For the shocks computed from

futures contracts the tests overall reject the null hypothesis 4.65% of the time. For

the shocks from the factor model and the Romer and Romer approach, instead, the

tests reject the null hypothesis 17% and 25% of the time, respectively. According to

the logic of the test, these shocks might still be affected by endogeneity. Whether

this is the case remains of course unknown. In fact, by construction, there is

a positive probability that the tests mistakenly reject the null hypothesis of no

Granger-causality, and that they fail to reject the absence of Granger-causality
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where this causality is actually present in the data. Overall, though, there seems

to be evidence supporting the presence of residual endogeneity for some of the

shocks.

To attenuate the probability that the monetary shocks used in the next section

to compute impulse responses are still endogenous to the unobserved expected

future defaults, I generate new shocks, which are computed as the residuals in the

following regression:

sj,origt = δ + x′t−iβ + sj,adjt . (5)

The variables sj,adjt and sj,origt are the residual and the original shocks corresponding

to approach j = FC ,RR,VAR,BVAR,FM , i.e. the Futures Contracts approach, the

Romer and Romer approach, the VAR model, the Medium Bayesian VAR model

and the Factor Model, respectively. Note that, for comparability and consistency

among shocks, I generate adjusted shocks also for the monetary shocks that did

not display Granger-causality, i.e. the shocks estimated with the VAR and with

the Medium Bayesian VAR models. The deterministic term δ in equation (5)

includes a constant and three lags of the dependent variable. The inclusion of

the lagged dependent variable allows to eliminate the residual autocorrelation of

monetary shocks displayed in table 1. The vector xt−i = (x1,t−i, ..., xn,t−i)
′ includes

predetermined financial variables.

The remaining step is to choose which regressors to add to equation (10). Call

W−1 a T × 8 matrix collecting the first lag of the eight financial variables used

in the tests. Call Z = [W−1,W−2, ...W−8] a matrix collecting up to the eighth lag

of the financial variables. For example, the first column of Z corresponds to the

first lag of the delinquency rate on business loans, while the tenth column of Z
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corresponds to the first lag of the delinquency rate on residential mortgages. The

more columns of Z one uses as regressors for the estimation of equation (5) and the

more one reduces the risk of endogeneity of the adjusted shocks. This, nevertheless,

comes at the cost of reducing the volatility of the adjusted monetary shocks, which

in turn implies more uncertainty in the estimation of impulse responses due to a

lower volatility of the regressors.

To attenuate the effects of this trade-off, I first generate 250 sets of shocks,

computed by adding different combinations of columns of Z. I do so by introducing

as few columns of Z under the condition that the regressors added are such that

the set of generated shocks are not Granger-caused more than 5% of the time by

the financial variables used for the same tests run on the original shocks. Then, I

select the set of generated shocks that imply the median target impulse responses

for real GDP, the federal funds rate and the GDP deflator.15 I will refer to these

shocks as the adjusted monetary shocks, which are then used in the rest of the

paper to estimate impulse responses. The results are largely robust to the exact

set of adjusted shocks used, as commented in Section 5.

15Specifically, the adjusted monetary shocks are computed in the following way: 1) generate
a random combination of columns of Z and use these regressors to compute five time series of
generated monetary shocks; 2) run the Granger-causality tests on all the five generated time
series of shocks, using the same procedure outlined in Appendix C. This implies running 64 tests
on each of the generated series of shocks. Store the five generated shocks under the condition that
the tests do not find Granger-causality more than 5% of the times for each of the five generated
time series of shocks. This is equivalent to rejecting the null hypothesis of no Granger-causality
no more than 3 times for each time series of shocks generated; 3) repeat the first two steps until
generating 250 sets of generated shocks; 4) for each of these sets of shocks, compute the impulse
response of real GDP, the fed funds rate and the GDP deflator using the methodology explained
in Section 5; and 5) store the unique set of shocks whose corresponding impulse responses drive
the median target impulse responses. I found that, in general, between 5 and 10 columns of Z
were enough as regressors to generate monetary shocks.
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Figure 4: Original vs. adjusted monetary shocks
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Notes: Adjusted (thick line) and original (thin line) monetary shocks. Adjusted monetary shocks

are obtained as the residual in the regression (5).

Due to the limited availability of some regressors, the estimated adjusted mon-

etary shocks cover the period between 1993Q1 and 2007Q2. This implies only a

limited loss of information (as explained in Section 2, the delinquency rates studied

in the next section are only available after 1987Q1 and 1991Q1). The correlations

between the original and the corresponding (median) adjusted shocks range be-

tween 70% and 90%. Figure 4 compares adjusted and original monetary shocks

for each of the five approaches considered. The most significant difference refers to
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the estimates corresponding to the VAR model around year 1995 and to the factor

model between 2000Q1 and 2003Q1. Panel b) of table 1 in the previous section

reports the key properties of the adjusted monetary shocks. Overall, we see that,

by construction, adjusted monetary shocks are less volatile and not autocorrelated,

if compared to the original shocks. Correlations across monetary shocks slightly

increase. I find that at least four out of five time series of shocks take the same

sign (i.e. either an expansionary shock or a contractionary shock) in 52% of the

quarters. For the original shocks this happens for 35% of the quarters.

5 Impulse responses and results

To estimate impulse responses I use the single-equation model by Romer and Romer

(2004). The regression of interest is

∆xt = α +

ρs∑
i=0

βist−i +

ρx∑
i=1

γi∆xt−i + εt, (6)

where ∆xt stands for the first difference of the variable studied, st−i is the true

monetary shock at lag i, εt collects all the remaining structural shocks that gen-

erate ∆xt and α includes a constant and, when xt is not deseasonalized, seasonal

dummies. The cumulative response of x to s is computed as IRFτ = s̄ · gτ , where

s̄ is a parameter controlling for the sign and magnitude of the shock given and gτ

is defined as g0 = β0, g1 = β1 + (1 + γ1)g0, g2 = β2 + (1 + γ1)g1 + (1 + γ2)g0,

and so on. Contrary to Romer and Romer (2004), I also add the contemporaneous

level of the monetary shock in the regression.

The convenience of the single-equation approach of equation (6) can be appre-
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ciated with a simple example. Consider a standard VAR model written as

yt = A(L) · yt−1 + P · εt, (7)

where yt is the vector of endogenous shocks, A(L) is a matrix containing polyno-

mials in the lag operator, εt is the vector of structural shocks, and P is a matrix

mapping structural shocks into innovations. As well known, the VAR model can

be rewritten in a moving average format to obtain

yt = D(L) · εt, (8)

where D(L) = [I − A(L)L]−1 · P . Impulse responses computed from model (7)

explicitly capture the interdependence among variables. Nevertheless, by construc-

tion the same impulse responses can be computed using model (8), which rewrites

the endogenous variable as a function of the underlying structural shocks. The

convenience of equation (8) is that it allows to estimate impulse responses using

external measures of the structural shocks of interest, while letting the remain-

ing non-estimated structural shocks enter the error term. Compared to equation

(8), equation (6) also adds lagged values of the dependent variable in order to

eliminate the autocorrelation in the error and simplify the estimation of confidence

intervals. As with model (7) and (8), the impulse response computed from equation

(6) accounts for the interdependence among variables, hence capturing a general

equilibrium effect rather than a partial effect.16

16Similar regressions are used, for instance, by Cochrane (2004), Basu, Fernald and Kimball
(2006), Cochrane and Piazzesi (2002), Chang and Sakata (2007) and Mésonnier and Stevanovic
(2012).
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The literature typically estimates equation (6) by substituting the true, unob-

served, monetary shock st with the estimated ones. Nevertheless, as commented

for instance by Mertens and Ravn (2013) and Stock and Watson (2012), these

estimates are best viewed as noisy measures of the true, unobserved shocks. To

overcome the measurement error problem associated with the substitution of true

with estimated shocks I use a generalized instrumental variable approach.

Assume that each of the five estimates of monetary shocks sjt from the previous

section is related to the true, unobserved shocks st via a standard measurement

equation:

sjt = st + vjt . (9)

Estimating equation (6) using, say, the Romer and Romer shocks would estimate

the model obtained by substituting st = sRRt − vRRt into (6), obtaining

∆xt = α +

ρs∑
i=0

βis
RR
t−i +

ρx∑
i=1

γi∆xt−i + ut. (10)

Since ut = εt −
∑ρs

i=0 βiv
RR
t−i , OLS does not give consistent estimates. Neverthe-

less one can instrument sRRt−i using sVAR
t , sBVAR

t ,sFM
t and sFC

t . The relevance of

such instruments comes from the fact that they all estimate the same phenomenon

(st). The validity of such instruments depends on the properties of the mea-

surement errors of equation (9). It is reasonable to assume that the measure-

ment errors are orthogonal to monetary and non-monetary structural shocks, i.e.

E(vjt st) = E(vjt εt) = 0, ∀j. Nevertheless, the equality E(vjt v
k
t ) = 0, ∀j, k, is

unlikely to hold, because different approaches could share intrinsic weaknesses in

estimating the underlying monetary shocks (for instance, the VAR and the Medium
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Bayesian VAR might be subject to similar biases in estimating st). As long as the

measurement error of the “instrumented shocks” (the shocks included in the regres-

sion (10)) is orthogonal to the measurement errors of the “instrumenting shocks”

(the remaining monetary shocks used as instruments), the generalized instrumental

variable estimation yields consistent estimates.

In this paper, the two approaches that are less likely to share underlying com-

mon causes of measurement errors with the remaining approaches are the Romer

and Romer approach and the Future Contracts approach. This is arguably the

case, given that they do not rely on time series techniques and that they use differ-

ent data (forecasts from the Greenbook and financial data from futures contracts,

respectively). The estimates in the rest of the paper use as instrumented shocks

the adjusted shocks from the futures contracts, although the results do not depend

on this choice.

It remains to choose the number of lags to add in equation (10). Romer and

Romer use the equivalent of three years of lags for the shocks and two years of lags

for the dependent variable. In the application of this paper a similar choice is not

viable, due to the size of the dataset and to the use of a generalized instrumental

variable estimator. This implies a relatively tight upward constraint in the selection

of ρs and ρx in the order of magnitude of less than two years each. The results

reported below use ρs = ρx = 6, i.e. one year and a half each. I will show that the

results are robust to the choice of these parameters.

The impulse generated is a monetary expansion that decreases the federal funds

rate by 25 basis points. Confidence intervals are computed extending the Monte

Carlo procedure used by Romer and Romer (2004). Romer and Romer compute
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confidence intervals by drawing 500 realizations of the parameters in equation (10)

from a multivariate normal distribution with mean and variance-covariance set

equal to the estimates of the parameters and of their variance-covariance matrix.

They use the generated impulse responses to compute the standard deviation at

each horizon after the shock, and then compute two sets of confidence intervals

by adding and subtracting one and two standard deviations to the point estimate

of the impulse response. I extend the algorithm by generating pseudo impulse

responses that account for both the uncertainty coming from the error term and

from the estimated regressors.

More precisely, the instrumental variable estimation of the impulse response

requires a set of five time series of shocks. I first generate 100 sets of pseudo

monetary shocks, following the procedure outlined in Appendix B. I then use each

set to compute a point estimate of the impulse response, and use this estimate

to generate 100 pseudo impulse response using the same Monte Carlo technique

by Romer and Romer. Last, the 10000 impulse responses generated are used

to compute confidence intervals.17 I compute the confidence intervals as the set

covering 68% and 95% of the pseudo impulse responses at each time horizon after

the shock. To make full use of the set of pseudo impulse responses, the point

impulse response reported in the figures are the median response computed on

17The point estimates of the impulse responses never displayed non stationarity. Neverthe-
less, the Monte Carlo algorithm was such that, for some draws, the highest eigenvalue of the
autoregressive component of equation (10) written in companion form was outside of the unit
circle. This problem emerged mainly for the impulse responses of the GDP deflator, for which
17% of the pseudo impulse responses was non stationarity. For the remaining variables, out of
10000 draws, between 0 draws (for the delinquency rate on business loans) and approximately
900 draws (for the federal funds rate) displayed non stationarity. I rule out these draws by not
including them in the set of pseudo impulse responses.
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pseudo impulse responses, rather than the point estimate from equation (10).18

The rest of this section discusses the results. I will argue that there is evidence

that the delinquency rate on business loans decreases in a statistically and econom-

ically significant way. Instead, the evidence on the delinquency rates on residential

mortgages and consumer credit is mixed. The delinquency rate on residential

mortgages tends to decrease, but often in a non statistically significant way. The

delinquency rate on consumer credit, instead, displays usually a symmetric error

band that is wide enough not to allow to reject economically meaningful increases

or decreases. I first report the impulse responses corresponding to the baseline

estimation. I then discuss the robustness of the results along three dimensions: a)

the number of lags added in equation (6); b) the specific set of adjusted shocks

used generated from Section 4; and c) the use of original shocks instead of the

adjusted shocks derived in Section 4.

Figure 5 shows the impulse responses of real GDP, the federal funds rate, the

GDP deflator (left column) and of the deseasonalized delinquency rates on busi-

ness loans, residential mortgages and consumer credit (right column). The vertical

axis indicates basis points or percentage points, while the horizontal axis indicates

quarters. By construction, the impulse responses of real GDP, the federal funds

rate, and the GDP deflator are in line with the theoretical predictions of an ex-

pansionary monetary impulse. After a decrease in the federal funds, real GDP

increases with a hump-shaped response and inflationary pressures build up. The

decrease in the federal funds rate is statistically significant only on impact. Real

18The confidence intervals were quite symmetric around the point estimate from equation
(10). The only exception was the delinquency rate on business loans, whose point estimate from
equation (10) is close (from below) to the upper bound of the 68% confidence interval.
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Figure 5: Impulse response functions
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Notes: Impulse responses to a monetary shock, computed using the instrumental variable esti-

mates of equation (6). The shock given is such that the federal funds rate decreases by 25 basis

points. 68% and 95% confidence intervals are computed using a Monte Carlo simulation.
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GDP does not deviate from zero by two standard deviations. This is consistent

with the literature, which generally finds small and partly insignificant effects of

monetary shocks in the period after the 1990s (see for instance Boivin and Gian-

noni, 2006). The impulse responses of the delinquency rates display a relatively

heterogeneous outlook. The delinquency rate on business loans decreases in a sta-

tistically significant way down to 100 basis points four years after the shock. The

effect is economically big and equals around two-thirds of the pre-crisis standard

deviation of the variable. The delinquency rate on residential mortgages tends to

decrease, although not in a statistically significant way. The delinquency rate on

consumer credit displays error bands that are almost symmetric around zero and

that cover around one standard deviation of the variable above and below zero.

Figure 6 assesses the robustness of the results on delinquency rates along the

number of lags of shocks (ρs) and of the dependent variable (ρx) used in equation

(6) (the analysis for real GDP, the federal funds rate and the GDP deflator is

reported in figure 18 at the end of the paper). Figure 5 used ρs = ρx = 6. Figure

6 computes impulse responses spanning different feasible combinations of ρs and

ρx from equation (10). In particular, I consider combinations of ρx = 6 with ρs =

4, 6, 8 and combinations of ρs = 6 with ρx = 2, 4, 6, 8, 10, 12 (higher values were

not possible due to the sample size). Overall, the decrease in the delinquency rate

on business loans remains in place, practically always in a statistically significant

way. The decrease in the delinquency rate on residential mortgages is instead lost,

while the effect on the delinquency rate on consumer credit remains ambiguous.

It was explained that the computation of the adjusted shocks balances the need

to limit the residual endogeneity of the shocks with the need to preserve the volatil-
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Figure 6: Delinquency rates using different lags of st and ∆xt in equation (10)
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Notes: Robustness checks run using different combinations of lags in equation (6). The 95%

confidence interval is computed using a Monte Carlo simulation.

ity of the shocks. The analysis above used only the median monetary shocks across

the 250 models generated from equation (5). Figure 7 shows the impulse responses

of the delinquency rates computed using all generated shocks (the analysis for real

GDP, the federal funds rate and the GDP deflator is reported in figure 19 at the

end of the paper). I report the median target and the 95% intervals of the im-

pulse responses. The intervals give a measure of model uncertainty, not statistical

uncertainty. Overall, the result of a decrease in the delinquency rate on business

loans holds robustly. The decrease in the delinquency rate on residential mortgages

suggested in figure 5 is partly called into question again, as was also done by the
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Figure 7: Delinquency rates using all the adjusted shocks
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Notes: Robustness checks run using different shocks generated from equation (5). In this figure,

the confidence intervals measure model uncertainty, not sample uncertainty.

robustness checks on ρs and ρx. Last, there remains wide uncertainty regarding

the effect of the delinquency rate on consumer credit.

The analysis so far relies on impulse responses estimated using the generalized

instrumental variable approach on adjusted shocks. It is argued that this approach

limits the endogeneity problem associated with the analysis of the effect of mon-

etary policy on delinquency rates. Figure 8 shows the results using the original

shocks and computing the impulse responses with an OLS estimation of equation

(6). For each of the five time series of monetary shocks I only report the 95% confi-

dence intervals (the full analysis for each model used is shown separately in figures
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Figure 8: Delinquency rates using the original shocks - OLS estimation
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Notes: Robustness checks run using the original shocks (instead of the adjusted shocks) and

estimating equation (6) using OLS. For simplicity, I only report 95% confidence intervals and

no point estimates. The full analysis is reported in figures 12 to 17 at the end of the paper.

12 to 17 at the end of the paper). Overall, there is no evidence that the delinquency

rate on business loans increases after a monetary expansion of the same magni-

tude of figure 5. There is only one case of an increase in the delinquency rate on

business loans, corresponding to the impulse responses computed using the shocks

from the futures contracts approach, but the size of the increase is economically

small (one fourth of the pre-crisis standard deviation of the variable). None of the

original shocks predicts an economically significant increase in the delinquency rate

on residential mortgages. The effect on the delinquency rate on consumer credit,

instead, remains uncertain, as the impulse responses are symmetric around zero.
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Figure 9: Delinquency rates using the original shocks - IV estimation
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Notes: Robustness checks run using the original shocks (instead of the adjusted shocks) and es-

timating equation (6) using the GIV estimator. 68% and 95% confidence intervals are computed

using a Monte Carlo simulation.

The only impulse response calling into question the finding that the delinquency

rate on business loans decreases was found when estimating the impulse responses

using a generalized instrumental variable approach on the original shocks, rather

than on the adjusted shocks (figure 9; the analysis for real GDP, the federal funds

rate and the GDP deflator is reported in figure 20 at the end of the paper). In

this case, confidence interval is symmetric around zero and relatively large, in-

cluding economically significant effects. Nevertheless, the point-estimated impulse

response remains negative.
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6 Conclusions

The empirical literature on the risk-taking channel of monetary policy documents

extensively that banks take on more risks in response to a monetary expansion.

The consequences that this risk-taking effect has in general equilibrium on the

aggregate economy have received less attention. In this paper I address one of the

possible implications that risk-taking incentives might have on the whole economy,

namely, the possibility that aggregate defaults increase in response to a monetary

expansion. This conjecture is justified by the fact that if credit is channeled towards

more risky borrowers, then this additional risk could materialize in higher aggregate

delinquencies.

Whether the risk-taking incentives documented in the empirical literature ma-

terialize into higher aggregate defaults depends on the joint combinations of several

general equilibrium effects generated by the monetary expansion. In the paper, I

first argue that a monetary expansion is likely to increase firms’ profits and house-

holds’ income, hence improving their repayment possibilities. There are of course

other possible general equilibrium effects that might push aggregate defaults down

in response to a monetary expansion. One of these is that a monetary expansion

increases asset prices, which under certain conditions increase the cash flow of bor-

rowers. This is the case, for instance, with regard to equity finance extraction for

mortgage holders. To the extent that these and other general equilibrium effects

dominate on the microeconomic effect generated by the risk shifting behaviour by

banks, aggregate defaults could decrease.

The paper argues that aggregate delinquency rates do not support the hypoth-

esis that aggregate defaults increase in response to a monetary expansion. Overall,
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the delinquency rate on business loans decreases in an economically and statis-

tically significant way. The delinquency rate on residential mortgages tends to

decrease, and when it increases, it never increases in an economically significant

way. The results on the delinquency rate on consumer credit, instead, do not al-

low to draw conclusions, due to the width of the confidence intervals. The analysis

addresses the endogeneity problem faced when studying the effect of monetary pol-

icy in an aggregate environment by combining different identification approaches

into a single generalized instrumental variable estimator. The generated regressor

problem is addressed using Monte Carlo techniques.

One interpretation of the results of the paper is that risk-taking incentives,

while present at a microeconomic level, are not strong enough to matter at the

aggregate level. Such interpretation, though, would miss the fact that aggregation

could hide issues that which are potentially important for the whole economy and

that are merely hidden at the aggregate level. A more plausible interpretation is,

instead, that aggregate delinquency rates are incapable of detecting the build up

of instability, which ultimately finds its root in the risk-taking incentives. Under

this alternative interpretation, delinquency rates fail to signal the presence of risk-

taking incentives.
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[16] Canova F. and G. De Nicoló (2002): “Monetary disturbances matter for

business fluctuations in the G-7”, Journal of Monetary Economics, vol. 49

45



[17] Canova F. and J. P. Pina (1999): “Monetary Policy Misspecification in VAR

Models”, CEPR Discussion Papers 2333

[18] Chang P. and S. Sakata (2007): “Estimation of impulse response functions

using long autoregressions”, Econometrics Journal, vol. 10

[19] Cochrane J. (2004): Comments on“A new measure of monetary shocks:

Derivation and implications”, by Christina Romer and David Romer, NBER

EFG meeting, July 17

[20] Cochrane J. and M. Piazzesi (2002): “The Fed and Interest Rates - a High-

Frequency Identification”, American Economic Review, Papers & Proceed-

ings, vol. 92(2)

[21] Coibion O. (2012): “Are the effects of monetary policy shocks big or small?”,

American Economic Journal: Macroeconomics, vol. 4(2)

[22] Coibion O., Gorodnichenko Y., Kueng L. and Silvia J. (2012): “Innocent

Bystanders? Monetary Policy and Inequality in the U.S.”, NBER working

paper No 18170

[23] Covas F. and W. Den Haan (2012): “The Role of Debt and Equity Finance

over Business Cycle”, The Economic Journal, vol. 122(565)
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Appendix A: VAR model

The VAR model includes the log of real GDP, the log of the GDP deflator, the

federal funds rate, the log of firms’ leverage ratio and the log of households’ lever-

age ratio. The inclusion of real GDP, the GDP deflator and the federal funds rate

is standard in the empirical literature on monetary policy. The remaining vari-

ables capture information on the financial situation of firms and households. The

estimated model is

Yt = αt + A(L)Yt−1 +Rt. (11)

The 5× 1 vector αt includes a constant, a linear trend and seasonal dummies. The

5 × 5 matrix A(L) includes four lags.19 I estimate the model using least square

estimation with data in the period between 1975Q1 and 2007Q2.

Assume that the five reduced-form shocks in Rt are a linear combination of

just as many structural shocks in St, i.e. Rt = P · St. Call Σ the variance-

covariance matrix of Rt. The only condition imposed by the data on the estimation

of P is Σ = P · P ′, where the variance of the structural shocks is normalized to

unity. There are infinite candidate matrices P that satisfy this condition. The

literature solves this problem by introducing a limited set of theoretically-motivated

assumptions. I follow Canova and De Nicoló (2002) and identify the model using

sign restrictions. This approach allows for contemporaneous effects among all

variables included in the analysis, an assumption consistent with Bernanke and

Mihov (1998), Canova and De Nicoló (2002) and Canova and Pina (1999).20 I

19The inclusion of four lags in the right-hand side is standard in the literature. The Akaike,
the Bayesian and the Hannan-Quinn information criteria suggested the use of respectively six,
three and three lags. The results remain unchanged.

20Bernanke and Mihov (1998) claim that one cannot rule out contemporaneous effects of mon-
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generate structural representations of the data using the following algorithm:

1. Draw five orthogonal matrices using a random selection of rotation matri-

ces, reflection matrices or using the QR decomposition on a 2 × 2 matrix

extracted from a standard normal distribution. This generates the 2× 2 ma-

trices {Qi}5
i=1. Both rotation and reflection matrices are generated using a

rotation/reflection gradient randomly chosen between 0 and 2π;21

2. Combine the 2 × 2 matrices {Qi}5
i=1 into a single 5 × 5 orthogonal matrix

Q. Specifically, generate five 5 × 5 identity matrices {Ei}5
i=1. Then, trans-

form each Ei by randomly selecting two of its columns a and b and by then

substituting Ei(a, a) = Ri(1, 1), Ei(a, b) = Ri(1, 2), Ei(b, a) = Ri(2, 1) and

Ei(b, b) = Ri(2, 2), where X(y, x) stands for the entry of matrix X corre-

sponding to row y and column z. Last, multiply the five matrices {Ei}5
i=1

and obtain a single, 5× 5 matrix Q. By construction, Q is orthogonal;

3. Generate a candidate Pcand defined as Pcand = Pee · Q, where Pee stands for

etary shocks with quarterly data (as in this paper), while Canova and De Nicoló (2002) and
Canova and Pina (1999) reject the hypothesis of no contemporaneous effects as inconsistent with
a wide range of theoretical models. While part of the literature accepts the assumption that
a monetary shock affects real GDP only after one quarter, it is not clear whether a recursive
ordering of the specific variables used in this paper would be appropriate. Including firms’ bal-
ance sheet variables after the federal funds rate would realistically allow the monetary shock to
affect firms’ financing decisions within the same quarter of the shock, but it would unrealistically
impose that the Federal Reserve Bank responds to shocks to the financing condition of firms with
at least a lag of 3 months. Including, instead, balance sheet variables before the federal funds
rate would realistically allow the Federal Reserve Bank to respond contemporaneously to shocks
to the financial situation of firms, but would unrealistically impose that the monetary shock has
no effect on firms’ balance sheet variables within the first 3 months after the shock.

21Rotation and reflection matrices are defined as Rrot(θ) =

(
cos(θ) −sin(θ)
sin(θ) cos(θ)

)
and

Rrefl(θ) =

(
cos(θ) sin(θ)
sin(θ) −cos(θ)

)
, respectively. The QR decomposition uses the decomposition

of a matrix A into Q ·R, where Q is orthogonal and R is triangular.
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the spectral decomposition of Σ;22

4. Compute 5 sets of the impulse responses for all the five variables by giving

a structural shock to each of the five elements in Yt, one at the time. Rule

out models that display either an increase in the federal funds rate during

the first two quarters, a decrease in output during the first two quarters or

a price puzzle that lasts more than three years. Store any of the models

generated which satisfies the sign restrictions; and

5. Iterate until the algorithm generates 1000 models that satisfies the restric-

tions imposed.

The joint use of several methods to generate orthogonal matrices helps to span

a wider set of orthogonal transformations and combines the methodologies used

in Canova and De Nicoló (2002) and Rubio-Ramirez, Waggoner and Zha (2005).

The use of a spectral decomposition of Σ to obtain a baseline matrix P is not

restrictive, given the wide range of orthogonal matrices used. The generation

of impulse responses also from structural shocks given to the equations that do

not have the federal funds rate as dependent variable allows for the consideration

of a wider set of structural representations potentially consistent with the sign

restrictions, as also in Canova and De Nicoló (2002).23

Regarding the sign restrictions imposed, the restrictions on real GDP and the

GDP deflator reduce the risk of mistakenly capturing aggregate supply shocks as

monetary shocks, while the restrictions on the federal funds rate reduce the risk of

22Formally, compute the V and Λ as the matrices of eigenvectors and eigenvalues of Σ, respec-
tively, and compute Pee = V · Λ0.5. By construction, PeeP

′
ee = Σ.

23In the analysis reported above the median target model does not correspond to a shock given
to the equation of the federal funds rate, but to the equation of real GDP.
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Figure 10: Impulse responses of the VAR model
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Notes: The figure shows the impulse responses of the median target VAR model identified with

sign restrictions. The 95% confidence intervals are generated using 1000 draws from the Monte

Carlo simulation explained in Appendix B.

capturing real demand shocks and ensures that the monetary shock is expansionary.

Compared to the literature, the set of restrictions imposed is very general. Uhlig

(2005) uses monthly data and identifies a monetary contraction by restricting the

impact effect and the effect on the first 5 lags to display a decrease in prices,

a decrease in non-borrowed reserves and an increase in the federal funds rate.

Eickmeier and Hofmann (2013) identifies a monetary contraction by restricting

both the impact effect and the effect on the first lag to display an increase in

the federal funds rate, a decrease in real GDP, a decrease in the GDP deflator

and a decrease in the M1 monetary aggregate. Canova and De Nicoló (2002)
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base their restrictions on pairwise correlations across variables instead of the sign

of the impulse response, and impose restrictions up to the lag that ensures the

identification of only one structural representation of the data.

The model generates 1000 sets of impulse responses. For simplicity, the paper

uses only the median target model suggested by Fry and Pagan (2011). The impulse

responses corresponding to the median target model are shown in figure 10, where

the confidence intervals, reported at 95% and 68%, are computed using the Monte

Carlo methodology outlined in the next appendix. By construction, the median

target model is not more consistent with the data than the other models. The

results are robust to the use of the other sign restricted models.

Appendix B: Generating pseudo shocks

Since impulse responses are computed using a model that features estimated re-

gressors, the generated regressor problem must be taken into account. One way

of accounting for the additional uncertainty inherited from the estimation of the

shocks used as regressors is to extract pseudo shocks for each of the five original

monetary shocks. In this appendix I briefly outline how this is done using Monte

Carlo techniques. I use the Monte Carlo approach for consistency with the method

used by Romer and Romer (2004), which is a Monte Carlo simulation that draws

values of the parameters in equation (6). For each approach used in the paper I

draw 100 pseudo time series of monetary shocks. The monetary shocks are com-

pared to the pseudo shocks in figure 11. The estimated shocks are available on my

personal webpage for 1000 draws.
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Futures Contracts

The estimation of monetary shocks using futures contracts on the federal funds

rate uses data on the innovation to the futures rate before and after the meet-

ing. Barakchian and Crowe (2013) propose to measure the shocks as the first

principal component of the a matrix M containing the (normalized) innovations,

arranged along the column dimension, computed on futures contracts up to five

months ahead of the FOMC meeting. Call m the number of columns of M . By

construction, M can be rewritten as

M = PC1:r · V1:r +N,

where PC1:r is a T×r matrix containing the first r principal components of M , V1:r

is a r×m matrix containing the first r eigenvalues of M arranged along rows and

N = PCr+1:m ·Vr+1:m is a T ×m matrix containing noises. As in the original paper,

r is set equal to 2. To construct pseudo shocks, note that the variance covariance

matrix of the m× 1 noise vector nt equals Ω = V ′r+1:m ·Λr+1:m,r+1:m · Vr+1:m, where

Λr+1:m,r+1:m is a diagonal matrix containing the last m−r eigenvalues of M . Hence,

compute pseudo noise shocks Ñ from a multivariate normal distribution with mean

equal to the contemporaneous realizations of N and variance equal to Ω, generate

pseudo innovations M̃ = M − N + Ñ as in the bootstrap literature and extract

the first principal component from M̃ .
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Romer and Romer shocks

The shocks computed using the Romer and Romer (2004) approach are the resid-

uals in equation

fm = δ′ · xm + rm,

where fm indicates the first difference of a measure of the target federal funds rate

and the vector xm includes the regressors (see the original paper for the detailed

discussion of the choice of the regressors). Note that the time dimension of the

regressor is not a calendar month but the date of a FOMC meeting. The mone-

tary shocks are estimated as the residuals to the above equation. Pseudo shocks

can be obtained by drawing from a multivariate normal distribution with mean

and variance covariance matrix equal to the point estimates of δ and to the cor-

responding variance-covariance matrix. The estimated shocks are then converted

into quarterly shocks.

VAR model

Each equation of the VAR model can be rewritten as

yit = α +
k∑
j=1

p∑
l=1

βj,lyj,t−l + rit,

= γ′ · xt + ri,t,

where yit is the value of variable j estimated at time t, α represents the deterministic

controls, k is the total number of variables, p is the total number of lags included

and ri,t is the innovation. The vectors γ and xt appropriately gather parameters
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and regressors, respectively. One way of obtaining pseudo structural shocks from

the VAR model is to draw values of γ from a multivariate normal distribution with

mean and variance-covariance given by the point estimates and variance-covariance

matrix of the regression coefficients. A set of pseudo parameters implies a set of

pseudo residuals and a set of underlying structural monetary shocks, through the

matrix P computed in Appendix A. Nevertheless, the algorithm needs to take into

account the covariance between parameters estimated for the k different equations

estimated of the VAR in order to retain the interdependence structure captured

by the impulse responses. To do so, rewrite the VAR model in compact form as

Y = X · Γ +R,

where Y and R have dimension T × k, X has dimension T ×m with m the total

number of regressors included and Γ has dimensions k ×m. The vectorization of

the above model into

vec(Y ) = (Ik ⊗X) · vec(Γ) + vec(R),

allows to estimate all parameters in a single regression. By construction, V cov(vec(Γ)) =

Σ ⊗ IT , where V cov(vec(Γ)) is the variance-covariance matrix of the parameters

and Σ is the k×k variance covariance matrix of Rt discussed in Appendix A. Each

draw delivers a T × 1 vector of pseudo monetary shocks through the orthogonal

matrix corresponding to the median target model from the identification with sign

restrictions.
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Medium Bayesian VAR model

The pseudo monetary shocks corresponding to the Medium Bayesian VAR model

are computed by extracting parameter values of the VAR model from the poste-

rior distribution, and by computing the corresponding shocks using the recursive

assumption. The derivation of the posterior distribution is available in the original

paper by Banbura, Giannone and Reichlin (2010).

Factor model

In the factor model by Forni and Gambetti (2010) the data are viewed as the

sum of a common component, driven by unobservable factors, and idiosyncratic

components. Write the model as

yt = A · ft + ξt,

ft = D(L) · ft−1 + P · st,

where yt is a k× 1 vector of data, ft is a r× 1 vector of factors with r << k, A is a

k×r matrix of factor loadings, ξt is a k×1 vector of measurement errors, D(L) is a

matrix containing polynomials in the lag operator, st is a q×1 vector of structural

shocks with q << r and P is the r × q matrix mapping structural into reduced

form shocks according to a recursive structure. Since factors follow a VAR model,

I generate pseudo shocks applying the same procedure used for the VAR model.

The only difference with the procedure above is that the use of 16 factors, as in

the original paper, makes the computation of a variance covariance matrix of the

parameters written in a compact notation computationally too intensive. For this
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reason, I treat the 16 equations of the VAR model of the factors separately. The

inference of the underlying shocks is still consistent, since the error term of each

equation can be estimated consistently using a standard estimator (note that it is

not heteroskedastic nor autocorrelated), although the separate draws could not be

used to compute impulse responses for the factors f and for variables y.

Figure compares monetary shocks and 100 randomly extracted pseudo mone-

tary shocks for each of the 5 methodologies considered. For consistency, pseudo

shocks are adjusted using the same procedure outlined in Section 4 for original

shocks.

Appendix C: Granger causality tests

The Granger-causality tests discussed in Section 3 are run using the following

regression:

st = γ0 + γ1vt−1 + γ2vt−2 + ...+ γmvt−m + δ1ŝt−1 + δ2ŝt−2 + εt+s. (12)

The scalar st indicates the original time series of monetary shocks evaluated at time

t, the scalar vt−i indicates the candidate variable, evaluated at time t−i, of interest

for the test. As explained in Section 3, the variables vt used are the delinquency rate

on business loans, the delinquency rate on residential mortgages, the delinquency

rate on consumer credit, the leverage ratio of firms, the leverage ratio of households,

the debt-to-GDP ratio of firms, the debt-to-GDP ratio of households, and the ratio

of banks’ reserves to total loans. I consider these eight variables, one at the time, in
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Figure 11: Monetary shocks vs. pseudo monetary shocks

Original shocks

1980 1990 2000
−4

−2

0

2

4

VAR

1980 1990 2000

−5

0

5

Medium Bayesian VAR

1980 1990 2000

−5

0

5

Factor model

1980 1990 2000

−4

−2

0

2

Romers

1980 1990 2000

−0.2

0

0.2

0.4

Future contracts

 

 

Shocks
Pseudo shocks

Adjusted shocks

1995 2000 2005

−2

−1

0

1

2

VAR

1995 2000 2005
−4

−2

0

2

Medium Bayesian VAR

1995 2000 2005
−4

−2

0

2

Factor model

1995 2000 2005
−1

−0.5

0

0.5

Romers

1995 2000 2005
−0.4

−0.2

0

0.2

Future contracts

 

 

Shocks
Pseudo shocks

Notes: The figure shows the original monetary shocks and 100 randomly selected pseudo shocks

of the 10000 series of shocks used to address the generated regressor problem.
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Table 2: Results from the Granger-causality tests

Original monetary shocks Fed Fed
Futures Romer VAR Medium Factor funds funds

direction contracts and Bayesian model (controlling
of causality Romer VAR for real
tested ↗↗↗ GDP)

Delinquency rates
-Business loans 4-8 8 5,6,8
-Resid. mortgages 6 4-7
-Consumer credit 3 1-8 2,3,5 1-3,5-8 1-4,6

Leverage ratios
-Firms 5,6
-Households 1 2,3 4-8 1-7 2,8

Debt/GDP ratios
-Firms
-Households 1 6-8

Reserves/Loans ratio
-Banks 5-7 6,8 1,6

Total tests run 64 64 64 64 64 64 64
% of rejections 4.69% 25% 0% 0% 17% 26,56% 32.81%

Notes: The table shows the results of Granger-causality tests, where the direction of the causality

tested goes from the variables in the left column to the variables in the top row. The tests are run

using regression (12). The table reports the number of lags m in equation (12) including which

the hypothesis of no Granger causality is rejected at 5% type-one error.

order to retain degrees of freedom in the estimation of equation (12). I add two lags

of the dependent variable in order to eliminate any autocorrelation in the residuals

of equation (12). The White test rejects the null hypotheses of heteroskedasticity.

I add lags of variable vt from 1 up to m = 1, 2, ..., 8. I then use an F-test to test

the hypothesis that the parameters on the regressors vt−1, ..., vt−i are jointly equal

to zero, i.e. γ1 = γ2 = ... = γm = 0. I compute which shocks are Granger-caused

by any of the eight variables when adding any number of lags from 1 up to 8.
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Table 2 shows the results of the F-tests. The table lists the “problematic” lags,

i.e. the total number of lags from 1 until m including which Granger-causality is

not rejected at 5% type-one error. For instance, the hypothesis of no Granger-

causality was rejected when adding 4, 5, 6, 7, or 8 lags of the delinquency rate on

business loans in the regression that takes the original Romer and Romer shocks as

dependent variable. Overall, the shocks estimated from the VAR model and from

the Medium VAR model are never Granger-caused by the variables considered,

but the same is not true for the remaining time series of shocks. For each time

series of monetary shocks I run 64 tests, one for each of the eight financial variables

used, adding up to eight lags of such variable. The last row of table 2 reports the

percentage of the tests, out of 64 total tests run for each time series of monetary

shock, where the hypothesis of no Granger-causality was rejected. For instance, I

found that 4.69% of the tests run on shocks from futures contracts (i.e. 3 tests out

of 64) rejected the null hypothesis of no Granger-causality.

The analysis is replicated for the adjusted monetary shocks commented in Sec-

tion 4. The adjusted shocks are not Granger-caused by any of the eight financial

variables considered, except in the case of the shocks computed from futures con-

tracts when adding 8 lags of the banks’ reserves to loans ratio.

The last two columns of table 2 report the results of additional tests. The

tests take as dependent variable of equation (12) the federal funds rate instead

of monetary shocks. The last-but-one column shows that this rate is Granger-

caused by several financial variables, a fact discussed in Section 3 as supportive

evidence of the endogeneity of the federal funds rate to future defaults. This result

is confirmed by the last column. This column reports the results of tests run by
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adding to equation (12) up to m lags of (the log of) real GDP, i.e. the same

number of lags added for the variable vt−i. Overall, the federal funds rate remains

Granger-caused by financial variables even when controlling for real activity.
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Figure 12: Using the original shocks - Real GDP

5 10 15 20
−0.2

−0.1

0

0.1

quarters

VAR

pe
rc

en
ta

ge
 p

oi
nt

s

5 10 15 20

−0.1

−0.05

0

0.05

0.1

quarters

Medium Bayesian VAR

pe
rc

en
ta

ge
 p

oi
nt

s

5 10 15 20

0

0.05

0.1

0.15

quarters

Factor Model

pe
rc

en
ta

ge
 p

oi
nt

s

5 10 15 20

−0.2

0

0.2

quarters

Romer and Romer

pe
rc

en
ta

ge
 p

oi
nt

s

5 10 15 20

−1

0

1

quarters

Futures Contracts

pe
rc

en
ta

ge
 p

oi
nt

s

Notes: Impulse responses computed using OLS estimation of model (6). The 95% confidence

intervals computed using Monte Carlo simulation.
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Figure 13: Using the original shocks - Fed funds rate
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Notes: Impulse responses computed using OLS estimation of model (6). The 95% confidence

intervals computed using Monte Carlo simulation.
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Figure 14: Using the original shocks - GDP deflator
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Notes: Impulse responses computed using OLS estimation of model (6). The 95% confidence

intervals computed using Monte Carlo simulation.
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Figure 15: Using the original shocks - Delinquency on business loans
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Notes: Impulse responses computed using OLS estimation of model (6). The 95% confidence

intervals computed using Monte Carlo simulation.
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Figure 16: Using the original shocks - Delinquency on residential mortgages
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Notes: Impulse responses computed using OLS estimation of model (6). The 95% confidence

intervals computed using Monte Carlo simulation.

68



Figure 17: Using the original shocks - Delinquency on consumer credit
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Notes: Impulse responses computed using OLS estimation of model (6). The 95% confidence

intervals computed using Monte Carlo simulation.
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Figure 18: Delinquency rates using different lags of st and ∆xt in equation (10)
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Notes: Robustness checks run using different combinations of lags in equation (6). The 95%

confidence interval is computed using a Monte Carlo simulation.
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Figure 19: Delinquency rates using all the adjusted shocks
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Notes: Robustness checks run using different shocks generated from equation (5). In this figure,

the confidence intervals measure model uncertainty, not sample uncertainty.
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Figure 20: Delinquency rates using the original shocks - IV estimation
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Notes: Robustness checks run using the original shocks instead of the adjusted shocks and esti-

mating equation (6) using the GIV estimator. 68% and 95% confidence intervals are computed

using a Monte Carlo simulation.
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