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Abstract

This paper identifies a news shock to bank credit supply, examining how economic
agents respond to anticipated changes in banks’ lending standards. Using a structural
Bayesian VAR, I find that such shock triggers a temporary economic boom, followed
by a normal credit crunch when the anticipated credit tightening materializes, which
is consistent with preemptive borrowing behavior. Evidence from Euro area confirms
that these patterns operate similarly across advanced economies. The news shock re-
mains distinct compared with well-established macroeconomic shocks, indicating that
it is itself an important driver of business cycles. Responses vary sharply across loan
categories: long-term real estate loan rises, while short-term commercial and consumer
loans decline, suggesting that borrowers prefer to lock in favorable terms on longer-
term debt ahead of expected tightening. Counterfactual policy analysis demonstrates
that responses to the news shock are a self-stabilizing cycle without changes in policy
rates, and monetary tightening during credit-news-driven booms can amplify subse-
quent contractions.
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1 Introduction

The macroeconomic impact of financial markets has long been an important topic to business
cycles, especially after the 2008 global financial crisis (GFC). Among various roles in financial
systems, credit supply plays a central role in shaping macroeconomic dynamics. Episodes
of financial turmoil, from GFC to the recent pandemics, have demonstrated that changes in
credit availability can rapidly amplify economic fluctuations. As a result, a growing body
of work has focused on measuring credit supply shocks and quantifying their propagation
effects on general macroeconomic conditions such as output, investment, and inflation (e.g.,
see Broadbent et al. (2024), Bassett et al. (2014), Gilchrist and Zakrajsek (2012), etc.). In
these literature, credit supply shocks are typically modeled as unexpected shifts in bank
lending standards or credit conditions, either tightening or loosening, and literature often
find a typical credit crunch: a sudden decline in credit supplies is followed by responses of
typical recessions.

While a credit-crunch narrative is intuitive to understand, it overlooks a critical dimen-
sion when considering credit supplies: agents may forward-look or anticipate future changes
in credit supply and adjust their behavior in advance. In reality, credit tightening does not
always come immediately. Regulators or financial institutions may explicitly signal future
changes in credit conditions. Such signals take the form of forward guidance, official regula-
tory announcements, or shifts in supervisory tone communicated through financial speeches
or reports. For example, announcements of future changes in capital requirements may cause
banks to begin preparing for reduced credit capacity ahead of the formal regulation date.
One typical example is the Basel I1I, an international framework that sets minimum liquidity
requirements for banks which implicitly reduces lending. It was initially announced in 2010
but formally implemented at major countries in 2012.

Domestically, the Dodd-Frank Stress Tests is another example, which was initially an-
nounced as a part of the Dodd-Frank Act, and officially taken in effect in around 2013.
The test requires large banks to maintain capital ratios that would remain adequate under
severely adverse scenarios. In anticipation of these requirements, banks may respond by
tightening lending standards, slowing loan growth, or reducing exposure to higher-risk bor-
rowers in order to improve their projected capital positions. As such, the stress test regime
can be viewed as a signal of anticipated credit tightening. On the micro-level, banks’ in-
ternal assessments of future credit risks or macroeconomic conditions might be disclosed by
their earnings calls or public communications, meaning that even in the absence of current
tightening, such forward-looking statements serve as credible signals of future constraints.

Another component of future credit tightening news comes from broader macroeconomic
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central bank tone, deteriorating financial conditions, or weakening growth prospects may
lead economic agents to expect that lending standards will tighten in the future. In this
sense, the credit supply news shock may reflect belief revisions shaped by a combination
of macro-financial context. However, as I will show later, the correlation between shock
series from credit supply news and from monetary/macroeconomic news remains low and
insignificant. It implies that the identified credit supply news shock reflects mostly about
anticipated credit supply conditions.

While the concept of credit supply news is intuitive, little empirical work has explicitly
identified and quantified its macroeconomic effects, which is what this paper aims to uncover.
Specifically, I disentangle the ‘news’ component from credit supplies and identify a credit
supply news shock as a shock about future credit tightening that does not alter current
lending standards. To measure credit supply conditions, I use the series Credit Supply
Indicator (CSI) from Cavallo et al. (2024b), which is an exogenous measurement of credit
supplies and is derived from the changes of banks’ lending standards overtime. I cumulate
CSI series to approximate a lending standard level. As for identification strategies, I use
a Bayesian VAR framework and a widely-used identification strategy, which is commonly
implemented for TFP news, to identify the credit supply news shock. Specifically, the new
shock is identified by maximizing share of the forecast error variance of lending standard
levels. Additionally, I impose a zero at-impact restriction to ensure that the news shock
does not have influences to lending standard level at the beginning, i.e., a pure ‘news’ effect.

The key finding is that credit supply news shocks, while signaling future credit tight-
ening, generate a short-run boom in macroeconomic conditions such as output, hours, and
inflation. Such temporary-boom responses last for about 6 - 10 quarters and the economy
moves to bust periods when credit conditions are tightened. It also generates in the short run
a mild decline in GZ spread, a strong increase in core loans outstanding of banks, as well as
a mild rise in interest rate. One explanation to support these results is that forward-looking
borrowers increase borrowing today to lock in favorable conditions before credit tightening
actually occurs, which is what I call preemptive borrowing. The importance of credit supply
news shock to business cycles is revealed from the forecast error decomposition, from which it
shows that the news shock contributes about 20 percentage of output volatility in the median
run. Further, the historical decomposition indicates that news shock contributes much to
output gaps during GFC and pandemic periods. The identified news shock is closely related
to actual news heard from Michigan Survey of Consumers, where I find that the news shock
has negative correlation with unfavorable credit-related news heard, which further supports
the short-run boom and that the identified structural shock reflects tightening expectations.

Beyond baseline results, I make three important extensions. First, I ask the question on

whether the preemptive borrowing has any heterogeneities across different loan categories.



To answer this question, I further split core loans outstanding in three major categories and
find that long-term loans such as real estate loans increase more strongly in response to the
news shock, while short-term loans such as commercial and consumer loans remain subdued
or even decrease. This pattern uncovers that borrowers attempt to lock in favorable longer-
term financing conditions ahead of expected tightening, while short-term loan outstanding
declines due to increased uncertainty or rollover risk. Together, these results provide strong
evidence on the priority of preemptive borrowing when the news shock hits.

Second, I examine evidence from Euro area. I utilize the Bank Lending Survey conducted
by European Central Bank and apply similar methods. The results imply that anticipated
credit tightening yields similar patterns as in the baseline, while the effect of credit supply
news shock is more persistent. Such evidence further supports the baseline temporary boom
that is shared across different areas triggered by the news shock.

Third, T investigate whether monetary policy should respond to credit supply news
shocks. The credit news shock should generate a self-stablizing cycle: news of future credit
tightening triggers a short-run boom, but when the anticipated tightening materializes, the
economy smoothly transitions into recession as agents have already adjusted their behavior.
This raises the question: should central bank make any intervention? To address this, I
implement a counterfactual monetary policy rule where the Federal Reserve pegs the inter-
est rate, preventing any endogenous response to macroeconomic conditions including credit
supply news shocks. The results present two interesting conclusions. First, the self-stablizing
cycle is verified under interest rate peg. Second, current intervention, i.e., the rise of interest
rate, amplifies boom-bust cycles: it further pushes up the tightness of lending standard,
and it amplifies the bust periods when credit condition is already tightened. These results
support a policy approach emphasizing strategic restraint rather than activist stabilization
during credit-news-driven cycles.

In summary, this paper presents a unified narrative: when borrowers anticipate credit
tightening, they perform rushes to borrow when lending conditions are still favorable today,
leading to a temporary expansion to avoid future constraints. Understanding this mechanism
is important understand short term macroeconomic fluctuations. It suggests that financial
market participants do not only respond passively to credit supply shocks: they might
reallocate and rush to preemptive borrowing based on expectations, generating dynamics
that differ remarkably from standard credit contraction scenarios.

The findings also have direct implications for both monetary and macro-prudential poli-
cies. The temporary expansion from a credit tightening news may distort real-time signals
used by policymakers. In particular, central banks may mistakenly interpret the short-run
boom as a sign of overheating, prompting premature policy rate increases, which would

amplify the bust when credit is tightened. These dynamics highlight the importance of



monitoring forward-looking indicators of credit supply, such as bank guidance, supervisory
tone, or market-based signals, rather than relying solely on contemporaneous credit con-
ditions. More broadly, the results suggest that financial regulation and monetary policy
should account for anticipatory responses to expected credit frictions, which helps examine

credit-induced macroeconomic fluctuations.

Related Literature. This paper contributes to several strands of literature at the inter-
section of macroeconomics and finance. First, it relates to a bunch of research on credit
supply shocks and macro-financial linkages. A large body of work has studied the effects
of credit tightening on real activity (e.g., Broadbent et al. (2024), Cavallo et al. (2024a),
Altavilla et al. (2019), Bassett et al. (2014) and Gilchrist and Zakrajsek (2012)), typically
focusing on surprise or realized credit tightenings. These studies find that unexpected credit
supply shocks induce busts and reduce output, investment, and employment. In contrast,
this paper further decomposes the unexpected credit supply shocks into an unexpected and
a news component, showing that anticipated credit tightening can generate the opposite pat-
tern in the short run. This complements and extends the empirical literature by emphasizing
how expectations about future financial constraints affect current macroeconomic dynamics.

This paper is also related to more recent literature which focuses on the sentiments in
credit markets (e.g. Boeck and Zorner (2024) and Lépez-Salido et al. (2017)). Specifically,
Boeck and Zorner (2024) define optimistic and pessimistic credit regimes and find that in
the optimistic regime, bad sentiment of credit conditions (higher credit spread) generates a
strong growth in output and credit volume, meaning a persistent rise in levels. While results
look a bit similar to my paper here, the explanations are quite different, that current result
in this paper, as I will discuss later, seems to support more on rational expectations, or at
least a mixture of rational and behavioral expectations rather than pure sentiments. Since I
have not moved in to theoretical discussions, I cannot tell for now if the temporary expansion
is generated by rational or irrational (like overreaction) beliefs.

Second, this paper builds on the growing literature on news shocks and anticipatory
behavior in macroeconomic dynamics. Initially introduced in Beaudry and Portier (2006),
news shocks, especially those on technology progresses, gain increasing attention in macroe-
conomic literature to explain business cycles. Literature like Kurmann and Sims (2021),
Ben Zeev and Khan (2015), Francis et al. (2014), Barsky and Sims (2011) and others have
shown that expectations of future productivity can stimulate economic activity before the
realization of improved fundamentals. However, much less attention has been paid to the
news from credit markets. This paper introduces a new class of forward-looking shocks on
credit supplies, which capture beliefs about future credit conditions.

More recent work, e.g. Gortz et al. (2022), starts to focus on the effect of TFP news shock



with financial frictions. Specifically, they find that credit supply conditions are an important
transmission channel for TFP news shock, and that a shock that maximizes the median-run
forecast error variance of Excess Bond Premium (EBP) would replicate the patterns of TFP
news shocks. Such perspective treats credit conditions primarily as a passive transmission
mechanism. In contrast, this paper takes a distinct view by treating expectations about
credit supply conditions themselves as the fundamental shock. Rather than transmitting
external news, the identified credit supply news shock originates from belief revisions about
future lending standards. Such arguments greatly extend the arguments in Gortz et al.
(2022) and emphasize an active role of credit supplies other than mere propagation channel
to real economies. To further support the distinction between TFP news shock and credit
supply news shock, in Sensitivity Analyses I identify the TFP news shock and calculate

correlations of two shocks series, which are low and insignificant.

Outline. The remainder of the paper proceeds as follows. Section 2 introduces the empir-
ical framework and identification strategy. Section 3 describes data sources and estimation
methods. Section 4 presents the baseline results as well as corresponding sensitivity analyses.
Section 5 provides three extensions from baseline results to discuss potential mechanisms.

Section 6 concludes.

2 Methodology and Identification

In this section, I briefly introduce the econometric model used to identify news shocks of bank
credit supplies. I follow the identification strategy in spirit of the max-share approach by
Uhlig (2004) and the zero at-impact restriction of news shock from Barsky and Sims (2011),

which is a common set of approaches to identify news shocks in macroeconomic literature.

A Framework of VAR Model. I start by considering a standard VAR model,
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where Y; denotes a n x 1 vector of quarterly endogenous variables, p is the corresponding
lag order. w; is the vector of reduced form errors, €, is the vector of structural shocks and S
is the at-impact structural matrix. These vectors satisfy Ele,e}] = I,,, Elu,u;| = SS’ = 3,
where X, is the covariance matrix from reduced-form shocks. A more condense way to
express the VAR framework is to denote B(L) = I + BjL + ByL? + ... as a matrix lag



polynomial, and then the moving average representation is expressed as
Y, = B(L)Se;, = ®(L,S)e;

where each component of ®(L,S) is the corresponding Impulse Response (IRF) matrix to
some horizon given certain structural at-impact S. The Forecast Error and Forecast Error
Variance (FEV) of Y; at some horizon h is then

h h
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where B; and ®; are lag [ of the coefficient matrix and IRF polynomials.

Identification of News Shock. The main identification issue for any structural VAR
models is to find a proper at-impact structural matrix S that satisfies S8 = X,. One
common approach to transform this issue is to obtain firstly the Cholesky decomposition
of 8, = S§S’, and then look for an orthonormal rotation matrix @ to recover the target
at-impact structural matrix S = S’Q.

The approach I adopt to identify news shock is to find a shock that explains the maxi-
mum share of FEV for a target variable at a certain horizon, conditional on that such shock
has no at-impact influence to the target variable. To implement this, consider the share of

FEV of variable ¢ from shock j at horizon h as
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where e; is a column vector with all entries zero except the i¢th position, ®,;, B;; are ith
row of ®; and By, and g; is the jth column of matrix Q. If the target variable is at ith
position, the news shock positioned at j is then to find such g; vector that solves the following

maximization problem with some fixed horizon H,

max Q@j(H), s.t. q;qj = 1, (Sq])l =0
qj
where the first restriction ensures the vector g; belongs to orthonormal matrix @, and the
second restriction ensures that shock j has no at-impact influence to target variable i. The

second restriction is more flexible than the one in Barsky and Sims (2011), as it does not



require the target variable be placed at the first position.

There are mainly two sets of choices when identifying news shocks in the previous
literature. The first set is to decide whether to cumulate FEV share in the objective function
of maximization problem!, and the second set is to decide whether to impose zero at-impact
restrictions to the target variables (if not, it is often called max-share methods). Almost each
approach from two choice sets was implemented before?. I follow the strategy from Gortz et
al. (2022) with two reasons. First, I derive the credit supply surprise shock, which is discussed
later, to compare with previous credit supply shocks, where zero at-impact restriction is
helpful to disentangle surprise and news shocks. Second, as suggested in Kurmann and
Sims (2021), focusing on a long forecast horizon only would reduce potential biases by
cyclical mismeasurements. In Appendix C.1, I show that major results are robust to other

specifications.

Identification of Other Shocks. One other shock is the surprise shock. It is defined
as the shock that explains the maximum share of at-impact FEV (variance then) of target
variable ¢, conditional on that its corresponding ) column is orthogonal to that of the news
shock. The goal for surprise shock is to explain as much the at-impact variations as possible.
In the context of bank credit supplies, both surprise and news shock focus on the Lending
Standard variable. Let @,..s be the obtained vector for news shock, then the surprise shock

to variable ¢ solves the following problem,

max Qi,sm"p(o) s.t. q;urpqsu'rp =1, q;urpqnews =0

qsurp

In the special case when ¢ = 1 and first two shocks to identify are news and surprise shock,
the second restriction in news shock is equivalent to g;(1) = 0, given the property of Cholesky
matrix S. The vector for surprise shock is equivalent to assign g, as e;. In Section b,
two more shocks are identified, namely TFP news shock and max-MP shock. The approach
is similar to news and surprise shocks, except that shocks ordered behind are identified in a
more restricted vector space. In Appendix B.1, I show details of the implementation on the
identification strategy. While the surprise shock is not the focus of this paper, one potential
concern is that the order of two shocks to be identified might make a difference. To address

this concern, in Appendix C.1 I show that when identifying the surprise shock first, results

!That is, the maximization problem targets on the FEV share of a given variable up to some horizon H,
maxg, Zf:o ;. ;(h), subject to certain restrictions.

2For example, Barsky and Sims (2011) use cumulative FEV and zero at-impact restrictions to identify
TFP news shocks; Kénzig and Williamson (2024), Kurmann and Sims (2021) and Francis et al. (2014)
implement max-share FEV at certain horizon but no zero at-impact restrictions to identify energy shocks,
TFP news shocks and technology shocks; Gortz et al. (2022) use max-share FEV at certain horizon and zero
at-impact restrictions to identify TFP news shocks under financial frictions.



remain robust.

3 Data and Estimation

3.1 Data Sources

In this section, I describe the data sources I use in major models. More details of data

sources and construction are described in Appendix A.1.

Bank Lending Standard. The core time series is the measurement of bank credit sup-
plies. In this paper, I use the cumulative version of Credit Supply Indicator (CSI) from
Cavallo et al. (2024b) to proxy for banks’ lending standard and credit supply conditions
overtime, which is in spirit of Bassett et al. (2014). The series of CSI is derived from the Se-
nior Loan Officer Opinion Survey on Bank Lending Practices (SLOOS) conducted by Federal
Reserve Board, which is a quarterly survey asking senior loan officers from selected banks on
their recent lending practices®. In the survey, loan officers answer a set of questions related

to lending standards,

“Over the past three months, how have your bank’s credit standards for approving loans
of type X changed?”

Answers vary from 5 categories. For the first question, answers are [1] eased consider-
ably; [2] eased somewhat; [3] about unchanged; [4] tightened somewhat; and [5] tightened
considerably. To derive some aggregate changes of bank lending standards, previous liter-
ature, e.g., Kurtzman et al. (2020), firstly map five categories into three dummies around

Z€ro,

—1 if bank 7 reported easing standards on loan category k in quarter ¢
I}k =<0 if bank 7 reported no change on loan category k in quarter ¢

1 if bank 7 reported tightening standards on loan category k in quarter ¢

where i indexes for bank and k indexes for loan type. Kurtzman et al. (2020) then aggregate
such bank- and loan-level response by taking the weighted averages of certain loan outstand-

ing across respondent banks, and further taking the weighted averages across aggregate loan

3 According to the survey description, respondents to the survey include up to 80 large domestic banks
and 24 U.S. branches and agencies of foreign banks. Most measurements of credit supplies based on this
survey, however, only focus on respondents from domestically chartered commercial banks. (See Kurtzman
et al. (2020) and Bassett et al. (2014))



outstanding of different loan types among respondent banks to obtain an aggregate Bank

Lending Standard Index AB,, to proxy for bank credit supplies?,

ABt[k?] = 100 x Zu}i’t_l[kf] ABt Zwt 1 ABt k]

which measures the net percentage share of banks reporting tighter lending standards com-
pared to the last quarter in an aggregate sense. As argued by Cavallo et al. (2024b) and Bas-
sett et al. (2014), the measurement by simply taking weighted averages from SLOOS survey
responses is endogenous and might be influenced by macroeconomic, financial or demand-
side factors that simultaneously affect supply and demand of loans. One key challenge is to
disentangle the component of borrowers” demand for credit. In order to address this identi-
fication challenge, Cavallo et al. (2024b) use the index AB; by Kurtzman et al. (2020) and
follows the strategy in Bassett et al. (2014) to run regressions and extract residuals as the
weighted net share of banks reporting tighter standards, after adjusting for macroeconomic,
financial, demand-side, and bank-specific factors, or CSI, which I denote as AB,”.

Figure 1 presents the CSI series AB; and the original bank lending standard index AB,.
Both series have the unit as percentage, and a higher value means a net tighter lending
standard. The CSI index, compared to the original lending standard index, is less volatile,
but both co-move in general overtime. As argued by Cavallo et al. (2024b) and Cavallo
et al. (2024a), the CSI measurement is powerful to measure changes in the supply of bank
credit and credit supply shocks. I take one step further from the CSI series and consider
its cumulative version, B, = Zizo AB,, to proxy for the aggregate level of bank lending
standard®. It is for sure not representing the ‘true’ bank lending standard level, as each net
percentage change of lending standard AB; does not track the response of specific banks.
While it may not perfectly reflect the genuine level of lending standards, it serves as an
informative proxy for the evolving stance of credit supply conditions over time, abstracting
from cyclical demand-side fluctuations. In Appendix C.1, I show that using the raw CSI

series yields robust results.

4The formula here is slightly different from the ones in Kurtzman et al. (2020) but just for the illustration
of aggregation ideas. In their paper, each loan type has subcategories based on firm sizes from the questions
in SLOOS survey. For example, C&I loans have those for large and middle-market firms and small firms.

®As a summary, two recent papers Cavallo et al. (2024b) and Kurtzman et al. (2020) basically extend
the approach by Bassett et al. (2014) in two different angles, when measuring bank credit supplies from
SLOOS survey data. Kurtzman et al. (2020) mainly extend the sample period to construct the aggregate
net percentage share of banks reporting tighter standards, and Cavallo et al. (2024b) take over the series
by Kurtzman et al. (2020) and extend the approach of running regressions to extract supply-side changes of
lending standards by modifying original regression components. Details of how the index is constructed and
how regressions are implemented can be found in Kurtzman et al. (2020) and Cavallo et al. (2024b).

60One may wonder if it is possible to replicate the calculation of lending standard and CSI series. The
key issue here is that the respondent banks are confidential and only accessible to internal federal system.
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Figure 1: Lending Standard Measurements

Macroeconomic and Financial Factors. As for macroeconomic variables used in major
models, I include real output, inflation (log-difference of GDP deflator), hours worked and
effective federal fund rate to measure the overall economy-wide responses to news shock
to credit supplies. As suggested in Barsky and Sims (2011), I also include the Index of
Consumer Sentiment, a forward-looking variable which is helpful to identify news shocks. It
measures how confident consumers are to short- and median-run economic conditions.

As for financial variables and particularly those related to bank credit supplies, I include
GZ Spread, Core Loans outstanding in domestically chartered commercial (DCC) banks,
Loan Demand Index and S&P 500 Index. The GZ spread is calculated by Gilchrist and
Zakrajsek (2012), and it is a powerful measurement for default risk and credit conditions.
Core loans outstanding is calculated from data of H.8 releases in Federal Reserve Board
based on the FR 2644 reporting form, and it’s one key measurement to credit outcomes.
Loan Demand Index is another series calculated by Kurtzman et al. (2020) and Cavallo et
al. (2024b), and it is based on one other question from SLOOS survey and aggregated in a
similar way to Banking Lending Standard Index, measuring mainly the percentage changes
of aggregate loan demand compared to previous quarter from respondent banks in SLOOS
survey. The S&P 500 Index is included as another forward looking variable to help identify
news shocks.

The sample period for baseline models are quarterly from 1992:1 to 2023:1V, unless
otherwise stated. Both the starting and ending period correspond to the availability of CSI
series from Cavallo et al. (2024b). While there are several previous literature on credit
supply shocks choosing the pre-Covid sample (see Broadbent et al. (2024) and Cavallo et al.

(2024a)), some of them have shown that including the Covid period obtains similar results to

Without knowing respondent information, it is not possible for replication.
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pre-Covid sample. There are two additional reasons I include the Covid period from 2020:1I.
First, the sample to 2023:1V greatly captures the latest monetary tightening cycle between
2021 and 2023, which is an important period also to credit tightenings and thus credit
news shocks. The sample to 2023:IV also includes an important event for credit supplies
- the bankruptcy of Silicon Valley Bank, which might help identify news shocks. Second,
a longer sample helps capture any component of expectation or forward guidance, which
is also significant for news shock identification. In Appendix C.1, I show that the results
from pre-Covid sample is consistent to baseline results, and results using alternative variable

measures are also robust to baseline results.

3.2 Estimation Method

In this section, I briefly describe the methods to estimate VAR model and relevant inferences.
I use the framework of Bayesian VAR model with Minnesota priors and the Normal-Inverse
Wishart prior distribution. Firstly introduced in Doan et al. (1984), Minnesota prior has
been proved powerful and informative to macroeconomic research. One key parameter in
Minnesota prior is the shrinkage parameter A\, which decides how concentrated the prior
of coefficients is. I follow the approach by Giannone et al. (2015) who treat A as a hyper-
parameter and derive its posterior distribution, after which I implement Markov chain Monte
Carlo (MCMC) method and obtain posterior draws for statistical inference. Variables are
entered in log-level forms (times 100) except those that are already in percentage (e.g. lending
standard), and those that are already stationary.

I choose the lag order for VAR model as p = 2 for baseline models unless otherwise
stated. The order is determined by Bayesian Information Criterion (BIC) from the 6-variable
baseline model and it is a common choice for quarterly VAR models. I set the forecast horizon
for news shock as H = 20 in quarters, thus 5-year horizon. It is shorter than the horizon from
previous literature on news shocks (TFP news shocks mainly), with the reason that unlike
TFP news, credit market anticipations and reactions to news shocks should be quicker and
have shorter horizon. In Appendix C.1, I show that major results are robust to lag orders

and horizon choices. More details of the estimation methods can be found in Appendix B.2.

4 Baseline Results

4.1 Baseline Models

In this section, I present several preliminary results based on the discussions before. The
baseline models include a 6-variable ‘toy’ VAR model and a 10-variable full VAR model.
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Six-Variable Model. As a starting point, I present a basic 6-variable VAR model, which
includes the Lending Standard for banks, Real Output, Inflation, Hours Worked, GZ Spread
and Effective Federal Fund Rate. The first variable is the key measurement for bank credit

supply conditions, the middle three variables capture the dynamics of real economy-wide

variables, GZ Spread controls for general credit conditions and Effective Federal Fund Rate

controls for monetary stances. Figure 2 presents the IRFs from surprise shocks to credit

supplies, and Figure 3 presents IRF's from news shocks. The blue shadow area correspond to

68% confidence bands from 10,000 posterior MCMC replications and black lines correspond

to median responses. The z axis corresponds to the horizons up to h = 20 quarters from the

time when shock hits, and the y axis corresponds to percentage changes from equilibrium.
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Figure 2: IRF of variables to a credit supply surprise shock
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Figure 3: IRF of variables to a credit supply news shock

A surprise shock to bank lending standards/credit supplies generates a classic credit

crunch and recession of economies. As a transitory shock, the response of lending standard

increases at impact, and gradually goes back to zero. The macroeconomic variables show

a clear recession response, even at impact: real output and hours worked drop at impact
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and slowly recover, and price level shows a slight deflation before its recovery, indicating
a normal demand-driven price changes. The GZ spread responds a gradual increase before
going back to zero, which implies a reactive but delayed response to a transitory credit
supply shrinkage. The federal fund rate responds by a clear easing. Such responses are
consistent with a bunch of previous literature studying credit supply shocks, e.g., Broadbent
et al. (2024), Hviid and Schroeder (2024), Cavallo et al. (2024a), Boeck and Zorner (2024),
Altavilla et al. (2019), Bassett et al. (2014) and Gilchrist and Zakrajsek (2012), all of which
report negative responses to a general surprise shock to credit supplies.

The responses to a news shock of bank credit supplies is the target of this paper. Figure 3
presents quite different responses from those to a surprise shock. The bank lending standard
shows a quite classic feature for news shocks, that it has no response to news shock at
impact, but has a positive response in the median run. It provides a clear explanation to
credit supply news shocks: when the shock hits, lending standard does not change at impact
but the shock provides a news signal that there will be tightening in lending in the future; up
to b years later, the news is “realized”, the lending standard is tightened to and stay at a new
and higher level. The response from lending standard is consistent to previous literature on
news shocks which mainly targets on TFP or technology, e.g., Gortz et al. (2022), Kurmann
and Sims (2021), Cascaldi-Garcia and Galvao (2021), Ben Zeev and Khan (2015) and Barsky
and Sims (2011).

Responses from macroeconomic variables present quite different dynamics to news shocks
than to surprise shocks. Real output has an at-impact surge of about 0.7 percentage when
news shock hits, and gradually fades to zero in about 10 quarters. The at-impact rise is
even stronger in absolute values compared to surprise shock. When the lending standard
is tightened, it shows a normal credit crunch feature. I call such feature as a temporary
boom - an initial expansion of economy when the news hits and a following bust when news
is realized. Responses of other variables show similar temporary-boom features: inflation
rises at-impact for about 0.12 percentage, then moves below zero before going back to zero;
hours worked increases about 1 percentage at zero horizon and slowly to move below zero;
GZ spread, unlike its response to surprise shock, responds negatively at-impact, implying an
initial easing credit conditions or financial stress from firms. Responses from federal fund

rate shows a monetary tightening in short horizons before it becomes easing.

Ten-Variable Model. In order to uncover more detailed dynamics found in the 6-variable
VAR model, I add 4 more variables into the system. Two of them are closely related to loan
conditions, as seen in Broadbent et al. (2024), Altavilla et al. (2019) and Bassett et al.
(2014). They are namely the Core Loans outstanding for domestic banks, consisting of three

major loan categories (C&I loans, real estate loans and consumer loans), and Loan Demand
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Index, which measures the aggregate demand for loans. The rest two variables come from
literature of news shocks (e.g. Gortz et al. (2022), Barsky et al. (2015), Barsky and Sims
(2012), Barsky and Sims (2011) and Beaudry and Portier (2006)), namely S&P 500 Index
and Index of Consumer Sentiment. Two variables both capture the median- to long-run
expectations of the economy and thus help identify the news shocks to bank credit supplies.

Figure 4 and 5 present the IRF responses from two shocks in the 10-variable model. The
first observation from these results is that variables in the 6-variable model remain robust
when including the additional 4 variables, despite of slight differences, e.g., the responses of
real output, GZ spread and federal fund rate are slightly dampened at impact, but roughly
stay significant. The more noticeable difference is that inflation from surprise shocks becomes
muted and insignificant, which is actually consistent to results in Bassett et al. (2014) and
Boeck and Zorner (2024) that inflation has no significant responses to surprise shocks of
credit supplies when core loans are included.

The second observation focuses on the added 4 variables. Under a surprise shock, core
loan is generally muted in short term before a persistent and strong decline. The loan demand
index also drops mildly, and when lending standards move back to zero in the median run, it
rebounds quickly. For two expectational variables, both S&P 500 index and sentiment index
present a normal response during recessions. In contrast, responses of 4 variables to news
shock further support the temporary-boom story. The loan demand index rises on impact,
while core loans increases with a moderate lag, implying a stronger borrowing incentive and
more loan originations. Consumer sentiment also has a slight increase at-impact, although
not significant.

Interestingly, the S&P 500 index does not respond a rise at impact. Together with
the insignificant responses from consumer sentiment, they show a feature of forward-looking
variables that internalize not just the short-term macroeconomic expansion but also the
anticipated deterioration in credit conditions. The persistent decline in the S&P 500 in-
dex suggests that financial markets expect future tighter financing conditions, slower profit
growth, or monetary tightening in response to inflation pressure. This behavior is in sharp
contrast to the temporary boom observed in real activity variables like output and hours,
reinforcing the notion that the news shock represents shifts in expectations rather than a
contemporaneous change in fundamentals. Taken together, the divergence between responses
from backward-looking and forward-looking variables paints a consistent picture: while econ-
omy expands in the short run, markets begin to price in the credit tightening and policy
responses implied by the news, validating the temporary boom narrative and responses of

forward-looking variables.
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4.2 Discussion of Results

A natural question coming from Section 4.1 is, what drives such temporary boom? In later
sections, I will try to answer this question with more empirical results. At this stage, both
version of models suggest that the temporary boom is a typical demand-driven outcome.
The most clear evidence comes from the inflation rises in the short run. From these, I
conjecture one explanation which aligns with forward-looking behavior by borrowers (firms
or households): when agents receive news that credit conditions will tighten in the future,
they may accelerate borrowing and investment decisions in the present. Such preemptive
borrowing generates a short-lived expansion in economic activity, even in the absence of
immediate changes in lending standards. Firms may bring forward production plans or
investment, while households increase consumption, both contributing to the observed short-
run rise in output, labor input and inflation. The rises in core loans outstanding and loan
demands, as well as the easing in GZ spreads at impact support this interpretation. Overall,
results suggest a demand-driven, expectation-based mechanism behind credit supply news
shocks, which is quite distinct from the normal credit surprise contractions. These responses
also reflect a classical narrative of rational expectations.

The channel of preemptive borrowing comes from the demand side of credits. Another
channel might come from a lending expansion channel, that banks originate more loans
following the credit tightening news. However, such narrative is not supported by baseline
results. Specifically, impulse responses show no evidence of eased lending standards - a
necessary condition for banks to proactively expand lending. Furthermore, banks facing
future tightening constraints have no plausible incentive to increase loan originations, as
this would worsen their balance sheets ahead of impending tightening. The absence of these
credit supply-side markers, coupled with the surge in loan volumes, together suggests to
preemptive borrowing by firms and households anticipating scarcer future credit.

One interesting result is that the federal funds rate rises mildly after the news shock.
One concern is whether the responses are generated from a conventional monetary policy
shock, and the lending standard follows to rise with a delay. However, baseline results do
not support this narrative. First, the federal funds rate rises only after the initial boom,
suggesting monetary policy is reacting to but not causing the temporary expansion. That is,
the monetary tightening policy responds to a boom that is itself triggered by forward-looking
behavior. Second, the decline of federal fund rate after about 10 quarters cannot trigger the
bust responses from other variables. To address this concern more formally, in Sensitivity
Analyses I compute the correlation between credit supply news shock and a monetary policy
shock, which is low and insignificant.

The rise of policy rate might even reinforce the temporary boom-bust cycle, generating
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additional forces to bust periods. It is because when central bank reacts to raise the rate,
it not only pushes further the tightening of bank lending standards, but also drives to
stabilize inflation and output. This sequence - anticipated credit tightening, temporary
boom, monetary tightening - aligns with standard macro-financial dynamics. It reflects how
private sector expectations can interact with credit supply conditions to produce cyclical
patterns: the economy temporarily expands as agents act preemptively, and policymakers
step in to curb potential overheating or inflationary pressures.

A noteworthy implication from the responses of federal funds rate is that the temporary
boom triggered by a credit supply news shock may mislead monetary policymakers. Because
output, hours worked, and inflation rise in the short run, the boom may resemble an over-
heating period driven by strong macro-fundamentals or excess demand. In response, central
banks may tighten monetary policy, interpreting these developments as signs of persistent
expansion. However, this reaction may be mis-calibrated if the underlying shock is antici-
patory like the identified news shock, which itself generates a self-stabilizing cycle. In this
case, a premature or excessive policy response may therefore amplify volatility, worsening
the outcome in bust periods, and tightening into a phase when credit is already becoming
less available. This will be discussed in more details from the counterfactual policy analyses
in Section 5.

The muted responses in the short run for two forward-looking variables (S&P 500 in-
dex and index of consumer sentiment) are another interesting result. Together with the
temporary boom results, they provide evidence of rational expectations. Specifically, asset
prices immediately incorporate both the short-term boom (higher earnings from preemptive
borrowing) and the long-term drag (future credit tightening raising discount rates), leading
to around zero at-impact responses. Similarly, flat consumer sentiment suggests households
anticipate tighter future credit conditions, offseting optimism from temporary income gains.
Rational expectations also explain the temporary boom: firms and households rationally
front-load activity to exploit favorable borrowing terms before constraints bind, without re-
quiring behavioral frictions. The joint evidence thus underscores how credit supply news
shocks propagate through fundamentally rational, intertemporally optimizing behavior.

Readers may find similarity between the identified credit supply news shock and the
credit sentiment shock identified in Boeck and Zorner (2024) inspired by Lépez-Salido et al.
(2017). The sentiment shock is based on diagnostic expectations and a regime-dependent
Threshold VAR model. The responses in the optimistic credit regime in their paper kind of
resemble the responses to the news shock here: given a credit sentiment shock, the growth
rate of economic activity rises and credit volume expands. However, there are two major
differences. First, their results are reported in growth rates rather than levels, which suggests

a persistent but not temporary boom in the levels of output and credit volume. Second, the
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interpretation in an optimistic regime in their paper is that the economy remain calm or
strong sentiment to future conditions, while my interpretation does not focus on behavioral
reasons but front-loading actions when expecting future tightenings.

Another concern is whether the observed temporary boom is generated by the central
bank information effect, as in Jarocinski and Karadi (2020), where a rise in interest rates
signals the Fed’s private information about better future conditions, leading markets and the
real economy to respond positively. Baseline results seem to partially support such narrative,
since federal fund rate rises with a delay, and economies react with an expansion. However,
the central bank information effect might not explain the bust periods in the median run.
To address this more formally, in Sensitivity Analyses I again run correlations between two
shocks and results suggest that the identified news shock is not a relabelled shock by the

central bank’s information set but reflects structural expectations of credit tightening.

4.3 Historical Importance

In this section, I present the historical importance of two shocks to bank credit supplies
in the system of 10-variable VAR model. Specifically, I perform the forecast error variance
decomposition (FEVD) and historical decomposition (HD) from two shocks to explain the

their explaining power to variations in the variables of interest.

Forecast Error Variance Decomposition. Forecast Error Variance decomposition mainly
examine the contributions of each shock to the volatility of target variables among different
forecast horizons. News shocks have been proven to be one important driver to output,
e.g., Gortz et al. (2022) and Barsky and Sims (2011) show that TFP news shocks explains
about 40% to 60% of the variation of output. Figure 6 present the variance decomposition
of surprise and news shocks to bank credit supplies. Stacked area represents the median
FEVD contribution of each shock to each variable, from 10,000 posterior MCMC draws.
The confidence bands of each FEVD share can be found in Appendix D. The z axis is the
forecast horizon up to 20 quarters, the same to IRF horizons, and y axis is in percentage
unit.

The decomposition results reveal a clear distinction between the role of credit supply
surprise shocks and news shocks. Across most financial variables, credit supply surprise
shocks dominate at short horizons, while news shocks gradually take over at medium hori-
zons. For example, for bank lending standards and by construction, surprise shock explains
the full variance at impact, and overtime its importance diminishes to about 30% when news
shocks take over and account for nearly half of the FEV at the 20-quarter horizon. Similar

logics can apply to GZ spread, core loans, loan demand index and S&P 500 index, which
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Figure 6: Variance decomposition to credit supply shocks

all present a sizable contribution of news shocks to their median-run variations, compared
to the contribution of surprise shocks. A bigger FEVD share from news shocks also reflect
a forward-looking financial sector that reacts not only to contemporaneous shocks but also
to signals about the likely trajectory of credit supply in the quarters ahead.

Macroeconomic variables, on the other hand, present some interesting features. The
contribution of news shock to real output is already sizable at short horizons, accounting for
around 35% of the variance at impact. As horizon goes up, the contribution first shrinks to
about 20% at 6-quarter horizon, and then continues to slowly grow up later on. The ‘cut’-
point, namely the 6-quarter horizon, matches consistently to the time when bank lending
standard reaches its higher level, i.e., standard is tightened, and the time when real output
turns to negative response, as seen in Figure 5. This suggests that anticipated shifts in future
credit availability - not just unexpected credit tightening - play an immediate and significant
role in shaping real activity. When lending standards become tightened, uncertainty of news
is partially resolved, its contribution to output correspondingly decreases.

Contributions of news shock for other macroeconomic variables present similar patterns.
By contrast, the contribution to consumer sentiment from news shock is mild in median run,
showing that consumers might not be as sensitive to news as a more direct exposure of credit
supply crunches. It is consistent to the insignificant responses in Figure 5 and might reflect
that news shock is too abstract or uncertain for households to fully internalize, leading to a

comparatively smaller role in shaping sentiment variations.
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Historical Decomposition. Historical decomposition mainly check how shocks contribute
historically to each variable. For convenience, Figure 7 presents the stack HD plot of two
shocks to only two major variables, bank lending standards and real output. Other HD
results are listed in Appendix D. Similar to FEVD results, I plot the median share of each
shock to each variable at each time period. I remove the deterministic trends and for I(1)

variables, I plot their growth rates. The x axis presents time, and y axis presents percentages.
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Figure 7: Historical decomposition to credit supply shocks

The historical decomposition for the bank lending standard reveals important dynamics
about the roles of credit supply surprise and news shocks over time. Credit supply surprise
shock appears to dominate the historical fluctuations of the lending standard throughout the

entire sample, which is align with identification strategies. In contrast, credit supply news
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shock contribute more persistently and gradually across episodes, and it has particularly
sizable exposure in the post-GFC years.

As for real output, credit news shocks explain notable portions of fluctuations during key
episodes in three recession periods across the sample. Also, the shocks contribute positively
during periods such as the pre-GFC boom and the early post-COVID recovery. Throughout
the sample, news shock turns out to be a more important driver to real output than surprise

shocks, which presents a different scenario from HD in lending standards.

4.4 Relevance to News Heard

How is the identified credit supply news shock related to actual news heard from agents?
Specifically, I ask two questions: first, what kind of news heard might explain the identified
news shock, and second, how might the news shock predict the future awareness of news
heard? One survey question in Michigan Consumer Survey allows me to link actual news

heard from consumers to news shocks. The survey asks respondents the following question,

“During the last few months, have you heard of any favorable or unfavorable changes in

business conditions?”

If the answer is yes, the follow up question is “What did you hear?”, which provides
several categories of favorable-unfavorable news pairs, e.g., price levels, credit access and
stock performance, etc. Answers are aggregated as the fraction of survey respondents having
heard news in each category. As argued in Barsky and Sims (2012), the term ‘news’ in the
survey does not correspond to news shocks in a rational expectations sense. Rather, the
wording of the survey questions - particularly the phrase “during the last few months” -
indicates that respondents are reporting news about current or very recent macroeconomic
developments. These responses likely reflect perceptions of ongoing economic conditions
rather than genuine forward-looking information or news about the future. Therefore, the
survey-based “news heard” is better interpreted as retrospective or contemporaneous news
exposure, rather than anticipatory signals that drive formal news shocks in the VAR. Such
distinction is important to explain the later-on results. Other than the news heard from
survey, the extracted news shock is obtained as the median structural shocks for each time
period from the posterior 10,000 MCMC replications.

Explaining News Shock. To answer the first question, I perform regressions of median

news shocks on selected categories of news, similar to regressions presented in Barsky and
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Sims (2012), which has the form of

K
News Shock; = a + Z B x News Heard Cateogory,, , +'Z;—1 + €
k=1

where Z; 1 is a set of lagged controls of macroeconomic and financial conditions, and it
includes all variables in the 6-variable VAR model, in which real output and hours worked
are taken the form of growth rate, and lending standard uses the raw CSI series to reflect
changes. The inclusion of these controls will help test if the news shock is exogenous, and
the one-quarter lag of these controls can avoid potential endogeneity issue. I do not include
the lagged news shock in the regression since there is no evidence of autocorrelations from a
simple autocorrelation test. Since Barsky and Sims (2012) does not include controls, T add
in Z; 1 only in the full specification of regression. As variables in both sides of regressions
are time series, I use Newey-West standard errors with the cut parameter as 7%/2. Table 1
presents stepwise regression results.

The regression results suggest that certain categories of subjective news heard by con-
sumers are significantly related to the extracted credit news shocks, and coefficients present
some interesting features. For example, the coefficient on “Unfavorable Tighter Credit” is
negative across specifications and statistically significant in specifications (1), (4) and (5),
suggesting that when more respondents report hearing about tighter credit conditions, it
is associated with a more eased news shock or lending standard. On the other hand, the
coefficient of “Favorable Easier Credit” remains positive across 5 regressions, although only
specification (3) is weakly significant. Such results might look counterintuitive at a first
glance, but this may reflect an important timing discrepancy: once the credit tightening
becomes widely reported, it is already being realized rather than anticipated, thus it is less
likely to have further news of future tightenings. Such result is consistent with the news
shock capturing forward-looking revisions rather than current conditions.

Other than credit news, the most notable coefficient is from “Unfavorable Higher Price”,
which is consistently and significantly associated with positive news shocks across all spec-
ifications. More generally, most favorable news categories show positive coefficients and
unfavorable news categories show negative coefficients, which are consistent with conclu-
sions before and further support the temporary-boom narratives. Specifically, while higher
prices are counted as unfavorable news to consumers in the survey, it can also be a positive
signal of heating economies.

To summarize the findings from coefficients, while the regression does not aim to un-
cover causal relations, the coefficients support previous stories from both directions. For

example, on the one hand, when the news shock hits, it contemporaneously generates re-
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Table 1: Regressions of extracted news shocks

News Heard Category (1) (2) (3) (4) (5)
Favorable Easier Credit 0.064 0.109 0.114* 0.082 0.119
(0.052)  (0.071) (0.068) (0.067) (0.075)
Unfavorable Tighter Credit -0.058*  -0.039  -0.057  -0.065* -0.075*
(0.031)  (0.038) (0.036) (0.033) (0.044)
Favorable Lower Price -0.008 -0.015 -0.028 -0.036 -0.047
(0.031)  (0.033) (0.035) (0.034) (0.043)
Unfavorable Higher Price 0.035** 0.045*** 0.045*** 0.043*** 0.055***
(0.009) (0.015) (0.012) (0.012) (0.017)
Favorable Stock Market 0.085* 0.050 0.054 -0.008
(0.051)  (0.038)  (0.040) (0.048)
Unfavorable Stock Market -0.014 -0.003 -0.0007 -0.018
(0.020)  (0.021) (0.019) (0.028)
Favorable Employment 0.008 0.015 -0.0001
(0.011)  (0.012)  (0.018)
Unfavorable Employment -0.015*  -0.016 -0.037**
(0.009)  (0.009) (0.018)
Favorable Government Elections -0.018 -0.014
(0.016)  (0.014)
Unfavorable Government Elections -0.010 -0.018
(0.010)  (0.012)
Including Z; 4 No No No No Yes
Adjusted R%, % 4.6 7.7 11.3 12.6 21.9
# of Obs 126 126 126 126 126

Note: Newey-West standard errors are in parentheses.
* e+ ¥ indicate significance at 10%, 5% and 1% level.

ports of favorable economic news, supporting the temporary boom narrative. On the other
hand, when agents report hearing unfavorable news about economic conditions, it may co-
incide with periods when information about future policy tightening is actually arriving in
the economy. The former direction verifies the temporary boom narrative, and the latter
direction validates the news shock capturing future credit conditions.

The adjusted R? rises gradually across the stepwise regressions from 4.6% to 12.6%
without controls. Such increase reflects a moderate improvement in explanatory power as
more subjective news variables are introduced. The lagged controls Z;_;, while not reported
here, are all not significant at even 10% level, which greatly suggests the exogeneity of news
shock. The adjusted R?, when including controls, rises to 21.9%, which implies that adding
controls generally improves the model specification.

As a simple robustness check, I include two lags of controls and find robust results. I
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also run similar regressions on the extracted credit supply surprise shock, but unfortunately
find almost no significant relationship between it and the news heard indicators. To conserve
space I do not report here. Such results might be interpreted as the surprise shock capturing
unanticipated, contemporaneous tightening.

Overall, the regression results reveal important patterns in what types of news heard by
consumers explain movements in the extracted credit supply news shock. Most notable news
heard is the news of higher price levels. The news heard about credit access also has non-
trivial explaining power. The fact that many other news categories show little explanatory
power demonstrates that the credit supply news shock captures specific news categories. The
resulting coefficients support the interpretation that the news shock represents genuine ex-
pectations about future credit tightening that precede, rather than coincide with, widespread
public awareness of credit conditions, and they further reinforce the temporary boom results

found before.

Transmission of Credit News. The second question asks how the identified news shock
might predict the future awareness of credit news among consumers. In other words, when do
consumers become aware of credit easing/tightening after the news shock hits? This question
helps to understand the transmission of news shock by which expectations about future credit
conditions eventually become widely recognized and reported by the public. If the news
shock truly captures forward-looking information on credit conditions, one should observe a
predictable pattern when credit-related news becomes ”"heard” by consumers following the
shock. To investigate this transmission, I consider the following regression in the style of

Local Projection form:

Credit News Heard;,, = o + 8, x News Shock;
+ 6 x Credit News Heard;_1 +~'Z;,_1 + €141

where h is the horizon from 0 to 12, accounting for up to 3 years after the shock. The lagged
news heard controls for the persistence of news heard, as argued by Barsky and Sims (2012),
and the lagged Z; | controls the same set of variables in the previous subsection. Figure
8 presents the estimated 3,, shown in black line, and (dashed) red lines present 90% and
95% confidence bands using Newey-West Standard Errors. The left subfigure uses the news
heard on tighter credit, and right subfigure on easier credit.

The results demonstrate a clear sequence that aligns remarkably well with the VAR-
based impulse responses. At initial several horizons, the news shock predicts that consumers

hear more about favorable easier credit news while hearing less about unfavorable tighter
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Figure 8: Regressions on credit news heard

credit news, which is consistent with the temporary boom phase identified in the previous
VAR results. At median horizons around 2 to 6 quarters ahead, the news shock strongly
predicts increased reports of unfavorable tighter credit news heard. The coefficient peaks
around 0.4, and the persistently positive coefficients in the median run corresponds with
the VAR results when the actual lending standards gradually become tightened. After the
peak awareness of tightening, the predictive power gradually fades to zero and becomes
insignificantly negative, which probably reflects that credit conditions stay at a tighter level
or are just eased later on. The regression results on easier credit news heard present a quite
similar flip-sign pattern, in the median run, although they are not as clear as those from
tighter credit news heard.

As a simple robustness check, I include two lags of controls and news heard variables,
yielding robust results. I also replace the news shock with credit supply surprise shock to
re-run the regressions, but find almost no significant results, which might suggest that only
persistent changes of lending standards/credit access induced by the new shock can be clearly
perceived by public.

Overall, these findings present a complete cycle of the perceptions of credit conditions
after the news shock: when the news shock hits, agents first perceive favorable credit news
consistent with the temporary boom narrative, become aware of credit tightening after about
half year to two years, and do not hear more in the long run when credit conditions stay
at a tighter level or are finally eased. While such cycle is shorter than the ones in the VAR
model, it still provides strong external validation that the identified news shock captures

genuine forward-looking information on credit supply conditions.
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4.5 Sensitivity Analyses

In this section, I perform various robustness checks to the baseline 10-variable VAR model
and figures are reported in Appendix C.1. I also perform identical tests to 6-variable model
but for convenience results are not reported. Also for convenience, I do not report results
from surprise shocks unless otherwise stated, but they are robust in general. In several cases,
two IRF results are presented, where for alternative results, dashed red lines correspond to
median responses, and grey shadow area are corresponding 68% confidence bands. More

details of additional variables used in this section are discussed in Appendix A.

Alternative Measures. To ensure that baseline results are robust to alternative mea-
surements of variables used in the baseline model, I re-run the model by replacing certain
variable with its alternative measure.

I start by considering other measures of bank credit supplies, and there are several
candidates. The first one is the original bank lending standard index AB; from which the
CSI index is extracted. I use its cumulative version, similar to baseline, to represent a bank
lending standard level. As argued by Broadbent et al. (2024), adding sufficient variables
and original standard index in the VAR model is an macro-approach to address endogeneity
issues of credit supply measures, while the micro-approach is to run granular regressions as in
Cavallo et al. (2024b). Figure C.1 presents the result, which are generally similar to baseline
versions, except that the shock is less persistent, i.e., the response from lending standard
mean-reverts in the median run. Also, responses from core loans are kind of muted, showing
that the macro-approach might not be as clean and explicit as the micro-approach from
regressions. The second one is the close companion series of CSI in Cavallo et al. (2024b),
namely the aggregate CSI series, and the result is in the red dashed line in Figure C.6, which
is highly robust.

The third one is the GZ spread and Excess Bond Premium (EBP) series from Gilchrist
and Zakrajsek (2012), both of which represent general credit supply conditions. Figure C.2
presents the result compared to the baseline confidence bands, in red and green dashed
lines. It is interesting to see that while Gilchrist and Zakrajsek (2012) argues EBP is more
proper to depict credit supply conditions, using GZ spread mostly generates baseline results,
but EBP does not. Figure C.3 presents the corresponding confidence bands of responses
generated from GZ spread and EBP, where EBP clearly shows less significance and wider
confidence bands, potentially due to that EBP is noisier as a residual measure. However,
both measures from Gilchrist and Zakrajsek (2012) are generally robust to baseline version.

An alternative specification for GZ spread and EBP is to relax the zero at-impact

restriction. Figure C.4 presents the result, which yields several observations. First, when
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relaxing zero at-impact restriction, both GZ spread and EBP react a decrease at impact.
Second, compared to responses from the max share EBP shock, the shock from GZ spread
resembles much more closely, e.g., the temporary boom still holds, and lending standard
rises in a similar manner, while responses from max share EBP shock is more delayed and
dampened, but remains robust.

The max share EBP shock is exactly one shock that is identified by Gortz et al. (2022),
in which results are similar to ones here, except that inflation here rises in the short run. As
argued in Gortz et al. (2022), financial shocks are accompanied with inflation rises while TFP
news shock is more likely to have deflation responses. Such distinction greatly distinguishes
between the credit supply news shock and TFP news shock. One might consider that the
inflation responses might come from different setting and sample periods between Gortz et
al. (2022) and baseline here”, so to further formally address the concern that the identified
news shock overlaps with the TFP news shock, in Section 5 I run correlation between two
shock and conclude that two shocks are quite distinct.

Lastly, I consider the CSI series AB,, instead of its cumulative version, and results
are presented in Figure C.5. Similar to the result using EBP, the median results basically
replicates the baseline version, but just confidence bands are noisier. Overall, four alternative
measures verify that baseline results are not sensitive to other measures of credit supplies.

Alternative measures to other variables are tested one each time and results are pre-
sented in Figure C.6. Specifically, candidates include: non-farm real output (used in Barsky
and Sims (2011)) for real output, PCE price index for inflation and price levels, 100 minus
unemployment rate for employment level, EBP for credit supply and credit risk conditions,
shadow federal fund rate by Wu and Xia (2016) for monetary stances which addresses the
concern of Zero-Lower-Bound periods, core loans for all commercial banks instead of DCC
banks to include U.S. branches of foreign banks, and E5Y used in Barsky and Sims (2012),
another survey question response from Michigan Survey to present long term expectations
of economy®. T do not find alternative measures for S&P 500 index and loan demand index
since they are quite the representative measures and there are no proper alternatives. The

figure implies that baseline results are robust across all alternative measures®.

I replicate the results in Gortz et al. (2022) using their original settings and find that response of
inflation changes with sample periods. For example, using the original 1984:1 to 2017:I generates rough
deflation results, but using either 1992:I to 2019:IV or to 2023:1V gives clear inflation results.

8In the baseline model, I use the Index of Consumer Sentiment, which is a combination between sentiment
of current conditions and expectations of future business conditions. E5Y is one component of Index of
Consumer Sentiment. More details can be found in https://data.sca.isr.umich.edu/survey-info.php.

90ne minor robustness check is adding consumption in the VAR model. The responses of consumption
is highly similar to that of real output, so I do not include it in the baseline version.
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Alternative Identifications. As discussed in Section 2, two other identification methods
are commonly used, namely the one from Barsky and Sims (2011) which use cumulative FEV
in the objective function, and the one from Francis et al. (2014) and Kurmann and Sims
(2021) which use FEV at certain horizon but no zero at-impact restrictions. Figure C.7 and
C.8 present the baseline results from news shock with these two alternative identification
strategies, both of which are quite similar to baseline version. Another concern might come
from the setting in Bayesian VAR and Minnesota prior. To address this, I estimate the base-
line VAR model with a usual frequentist approach, presented in Figure C.9. The confidence
bands are obtained via the bias-corrected bootstrap from Kilian (1998) and results are again

similar to baseline version.

Loan-Specific Shocks. Other than the CSI series, Cavallo et al. (2024b) also provides
credit supply indicators for each major loan category, which include C&I loans, consumer
loans, commercial real estate loans and residential real estate loans. To examine whether
loan-specific shocks generate similar results to baseline, I replace the aggregate shock with
each loan-specific shock. Figure C.10 presents the result. While there are clear heterogeneity
across responses of each shock, the overall dynamics are consistent with the baseline version.
In particular, responses to the shock from commercial credit supplies seem to react more
intensely than others. These findings suggest that the temporary boom effect is robust across
loan-specific credit supply news shocks, confirming that anticipatory credit tightening can
stimulate real economic responses regardless of loan type. This reinforces the interpretation
that forward-looking adjustments in lending behavior are a key channel in driving near-
term macroeconomic dynamics. In the extension Section 5.2, I will discuss more on the

heterogeneous responses from each loan categories.

Comparison with Other Shocks. In order to address the concern that the credit supply
news shock might overlap with some identified shocks in the previous literature, here I
consider correlations with some well-established shocks. First, I consider two macroeconomic
shocks which are TFP news shock from Kurmann and Sims (2021) and Main Business Cycle
(MBC) shock from Angeletos et al. (2020). Second, I consider two monetary shocks, including
the conventional monetary policy shock from Bauer and Swanson (2023) and Central Bank
Information shock from Jarociniski and Karadi (2020). Lastly, I consider two versions of
financial shocks identified by Ottonello and Song (2024). These six shocks represent a general
set of well-established shocks that capture business cycles and dynamics in credit markets.
For the first two groups of shocks, I follow identification strategies in each paper and

replicate shock series in my context. For TFP news shock, I use the version in Kurmann
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and Sims (2021) and target the max-share of FEV to TFP series at 20 quarter horizon'”.
For MBC shock, I use their output-targeting version at 4-quarter in time domain for replica-
tion'!. For monetary policy shock from Bauer and Swanson (2023), T use their high-frequency
surprises mps and adopt typical VAR-IV strategies. For Central Bank Information shock, I
use their proposed sign restrictions on high-frequency surprises to FF4 and S&P 500 index!?.
The shock series from Ottonello and Song (2024) is directly from their published version'®
and I take quarterly summation. Specifically, authors provide a broad and purged version
of financial shocks which are identified via high frequency surprises of earning calls from
financial institutions. More details can be found in specific papers.

The resulting IRF's from replicated shocks (first two groups) are presented in Appendix
C.1 from Figure C.11 to C.14. For each shock, I consider both the full sample (1992:I to
2023:1V) and pre-Covid sample (1992:1 to 2019:IV) in order to examine whether pandemic
periods might generate spurious correlations. For the first two groups of shocks, I simply
replicate them in two samples. For two financial shocks, the broad financial shock is from
1998:1V and the purged version is from 2002:III, and both end up in 2020:II1. T use the
overlapping range from full sample and pre-Covid sample of credit supply news shock to
calculate correlations.

The IRFs from replicated shocks basically mimic the results from previous literature,
and they are generally different from the IRFs to credit supply news shock. For the monetary
policy shock, it clearly performs better and generates more reasonable responses in pre-Covid
sample, probably due to the aggregation of monetary surprises into quarter frequency and
the drastic volatilities during Covid period. It is illustrated in Figure C.13. Central Bank
information shock does not show much differences between two sample ranges.

To further validate the argument that credit supply news shock does not overlap with

previous shocks, Table 2 presents the correlation between credit supply news shock and other

1Duye to a shorter sample range, I choose the 20-quarter horizon other than 40 quarters. One may notice
that the IRF from TFP news shock has some differences from the one in Kurmann and Sims (2021), which
is due to the inclusion of Covid periods. In the Online Appendix of Kénzig and Williamson (2024), authors
discuss more details and compare their technology shocks with previous TFP news shocks. In particular,
their results with longer sample periods are quite similar to results here. I do not consider the version by
Barsky and Sims (2011) since Kurmann and Sims (2021) argue improvements from original strategies in
terms of identification of TFP news shock.

1 As argued in the paper, the business cycle of 6-32 quarters in frequency domain can be best approximated
by 4 quarters in time domain with max-share method on specific variables. I choose the output-targeting
version because my baseline specification does not include variable of unemployment rate.

12The baseline sample range in Jarociriski and Karadi (2020) spans to 2016. For missing values of high-
frequency surprises, I follow Kénzig (2021) to censor them as zero. The baseline VAR estimation in Jarociriski
and Karadi (2020) limits the dynamics of high frequency variables, i.e., high frequency variables are not
affected by their lagged version nor lagged low frequency macroeconomic variables. I adopt a more relaxed
version that corresponds to a standard VAR framework for convenience of replications. As shown in their
online appendix, such relaxed version of estimation yields robust results.

13Shock series are available at https://financialshocks.com/.
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shocks. The way I construct the inference is that I generate 10,000 replications for each shock
fixing the random seed, obtain correlations and find 99% ([0.5, 99.5]% quantile), 95% (]2.5,
97.5]% quantile) and 90% ([5, 95]% quantile) critical values. If value ranges include zero, I
consider it as insignificant at a certain level. For two financial shocks, the replication draws
are only from credit news shock itself.

A clear observation from these correlations is that major macroeconomic and monetary
shocks are mostly not significant even at 10% level. The noticeable correlations are with (1)
MBC shock in full sample, but in pre-Covid sample the correlation largely dampens, meaning
potential spurious correlations induced by pandemic voltalities; (2) monetary policy shock
in full sample, but as mentioned before, the monetary shock is not well identified in the
full sample; (3) two financial shocks. Specifically, the purged financial shock, as argued by
Ottonello and Song (2024), is constructed to correlate negatively with EBP to capture credit
supply conditions.

The mildly significant but low correlation between the credit news shock and purged
financial shock might suggest that bank earnings calls contain both current lending capac-
ity information and forward-looking outlook about future bank-specific credit conditions.
In other words, while Ottonello and Song (2024) generally link high frequency earning call
surprises of banks with credit supply conditions, earning calls themselves usually contain im-
portant outlook information of banks and thus future credit supply conditions. In conclusion,
these results suggest that the credit news shock is quite distinct from those well-established

macroeconomic, monetary and other financial shocks.

Table 2: Comparison with other shocks

Shock Name Relevant Literature Correlation Source
Full Sample Pre-Covid Sample

Macroeconomic Shocks

TFP News Shock Kurmann and Sims (2021) -0.032 -0.124 Author’s replication
Main Business Cycle Shock Angeletos et al. (2020) 0.372* 0.082 Author’s replication
Monetary Shocks

Monetary Policy Shock Bauer and Swanson (2023) -0.381 -0.164 Author’s replication
Central Bank Information Shock Jarociiiski and Karadi (2020) 0.059 0.100 Author’s replication
Financial Shocks

Broad Financial Shock Ottonello and Song (2024) 0.161* 0.192* Original paper’s data
Purged Financial Shock Ottonello and Song (2024) 0.312* 0.309* Original paper’s data

Information Efficiency. The full baseline model consists of 10 variables, which is a
median-scale VAR model. In order to examine whether the model spans over sufficient

information and address potential concerns on fundamental representation of VAR systems,
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I consider a Factor-Augmented VAR (FA-VAR) model. Factors are obtained from a large
information set of macroeconomic and financial variables in the FRED-MD dataset, as in
McCracken and Ng (2016). Since the extracted factors depend on sample range of informa-
tion set, I consider two ranges of information set, where one spans over the fullest available
periods from 1959M1 to 2025M5, and the other one just matches my baseline sample pe-
riod'. Factors are taken quarterly averages to match baseline frequency. I choose the default
7 factors and adjust the VAR model in Section 2 as

m ~64Y B [Y

t =1 t—1

+ Uy

where coefficients are adjusted for larger dimensions. Figure C.15 and C.16 present com-
parison results and they imply that baseline results are robust to a richer information set in

both time ranges, thus information inefficiency is less of a concern for baseline specifications.

Sample Period. While there are several advantages for including Covid periods in the
sample, as discussed in Section 3.1, and to address the concern that Covid sample would
confound baseline results and interpretations, Figure C.17 present the result from a subsam-
ple that ends in 2019:1V, before the start of pandemics. The result for a pre-Covid sample
turns out to be quite similar to baseline sample. The major difference between two samples
is that subsample results are smaller in scale and slightly delayed in responses, specifically
at short-run horizons, but they still remain significant. For example, the at-impact response
from real output drops from 0.5% to 0.2%, while keeping significance. This can be due to
drastic changes during Covid periods. The similarity between pre-Covid and full sample is
consistent to the robustness check in Broadbent et al. (2024).

Alternative Specifications. To examine whether baseline results are not sensitive to
the choice of lag order and forecast horizon, I check alternative lag order p € {4,6,8} and
H € {8,16,40} quarters, presented in Figure C.18 and C.19. Also, to examine the effect
of order of identification, I identify the surprise shock first followed by the news shock, and

results are presented in Figure C.20. These result turn out be very similar to baseline version.

5 Extension Results

In this section, I mainly discuss three extensions from baseline results. In Section 5.1,

I separate core loans into major loan categories to check there are any heterogeneity in

14The second information set spans over 1991M11 to 2023M12. The reason to include two more months
at the beginning is that extracted factors will drop first two months of the information set.
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responses of loans to a credit supply news shock. In Section 5.2, I examine evidence from
Euro area. In Section 5.3, I perform counterfactual policy analyses to check the role of

monetary policies in credit-news-driven cycles.

5.1 Responses from Loan Categories

In this section, I revisit the question proposed in Section 4.2 about drivers of temporary
boom. The baseline results presented earlier show that credit supply news shocks generate a
delayed but notable increase in responses of core loans outstanding. I argued that it reflects
a preemptive borrowing behavior that contributes the temporary boom in output, as bank
loans are a critical credit channel for propagating the real economy. To better understand
the composition of this loan expansion, I decompose core loans into major subcategories
and analyze their individual responses to an aggregate credit news shock. Identifying such
underlying sources of credit expansion helps clarify the mechanism behind the temporary
boom and allows for a more nuanced interpretation of how credit anticipations propagate
through the real economy.

As a starting point, I briefly describe the composition of core loans outstanding from the
balance sheets of banks. From H.8 releases in Federal Reserve Board, core loans outstanding
are composed of three main categories in its term 9: Commercial & Industrial Loans (term
10, C&I), Real Estate Loans (term 11, RE) and Consumer Loans (term 20). While Real
Estate Loans can be further decomposed into Residential (term 12, RRE) and Commercial
(term 15, CRE) Real Estate Loans, their data availability start from June 2004, so I do not
consider these two subcategories in major analyses. On the other hand, aggregate real estate
loans, together with other two main categories, span over the full baseline sample periods.

Figure 9 illustrates how core loans are composed overtime from the availability from 1973
to 2024. Black lines indicate the window of which baseline sample spans over, and shadow
area represent NBER recession periods. It clearly indicates that RE loans consistently make
up the majority share of core loans throughout the baseline sample, often exceeding 50%.
The dominance of real estate lending is particularly evident from the early 2000s onward,
coinciding with the housing boom and continued through the post-GFC recovery period.
In contrast, C&I loans account for roughly one-quarter to one-third of core loans, while
consumer loans represent the smallest share. This composition might suggest that aggregate
credit dynamics observed in response to news shocks are likely to be heavily influenced by
the behavior of real estate lending.

In order to examine responses of different loan categories, 1 replace core loans with
three major loan categories. Also, I replace baseline inflation measured by GDP deflator

with the Consumer Price inflation measured by Consumer Price Index (CPI) to account for
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Figure 9: Composition of core loans outstanding for DCC banks

consumption good prices. Additionally, I include Production Price inflation, measured by
the Production Price Index (PPI) and Home Price inflation, measured by the S&P CoreLogic
Case-Shiller Home Price Index. Figure 10 presents only the results of each loan category for

convenience, and variables from baseline model present robust results compared to before.
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Figure 10: IRF of variables to a credit supply news shock, loan categories

Loan results present quite interesting features. Real estate loans, which are typically
with long-term contracts in nature, increase steadily and persistently after the shock. This
behavior is consistent with the interpretation that firms and households, anticipating tighter
lending standards or higher future borrowing costs, preemptively lock in long-term credit
conditions that are favorable at present. In other words, the credit supply news shock induces
a form of strategic intertemporal borrowing, where agents move forward long-horizon debt
issuance to benefit from relatively favorable terms before the expected tightening takes place.
Such interpretation is further supported by the fact that real estate loans are typically with

fixed term rate.

The response of shorter-term loan categories - namely C&I loans and consumer loans
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- is even more interesting, that both exhibit a decline after the shock. Such heteroge-
neous responses compared to longer-term loans likely reflect the role of uncertainty and
forward-looking caution: even though current lending standards remain favorable, firms and
households may choose to delay or downsize short-term borrowing to avoid rollover risk or
higher refinancing costs, especially when long-term credit is still accessible. Such argument
is supported by the fact that terms for short run loans, unlike real estate loans, are usually
float rates.

Overall, patterns from Figure 10 suggest that the temporary boom observed in earlier
sections is not driven uniformly across all lending categories. Instead, it reflects a shift
in borrowing behavior toward long-term credit instruments, supporting the narrative that
expectations of future constraints induce agents to secure financing with longer maturities,
while short-term lending dynamics remain more cautious. It might also suggest a preference
of loans to borrow when the news shock hits, or a pattern of loan substitution. Responses of
three loan categories, given that longer term loans dominate aggregate core loans, together
contribute to the increases in core loans in baseline results. This asymmetric response across
loan maturities deepens the understanding of how credit anticipations shape both financial

flows and real activity in the short run.

Sensitivity Analyses. I run several simple robustness checks and extensions here. First,
the S&P CoreLogic Case-Shiller Home Price Index, or its real version from Robert Shiller,
is a commonly used index to measure residential real estate prices. While it’s not a perfect
measure for the analyses, as it does not account for CRE prices, such index is still informa-
tive to real estate prices in general. To address this concern, I replace HPI inflation with
the inflation measured by the Commercial Property Price Index (CPPI) from Bank for In-
ternational Settlements (BIS). Figure C.21 presents the result which turns out to be highly
robust.

Second, while the data for CRE and RRE loans spans from 2004:1II1, I further split real
estate loans into CRE and RRE loans. Similar to previous strategies for smaller samples,
I revise the horizon to 12 quarters. Figure C.22 presents the results. Most results are
robust to Figure 10, while the HPI price level is somewhat deflationary in short run. The
decomposition of CRE and RRE loans further implies that RRE loans have a greater increase
than CRE, showing a stronger responses from households than from firms. This behavior
may reflect both greater rate sensitivity in mortgage markets and more acute exposure to
credit access among households compared to commercial borrowers. The pre-Covid sample
check is not stable, probably due to larger dimension of coefficients and smaller sample range.

Third, given that Cavallo et al. (2024b) provide credit supply indicators for each ma-

jor loan categories, it allows me to further ask the question on whether loan responses are
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different from credit tightening news within each loan sector. To answer this question, the
most straightforward approach is just to replace aggregate CSI series with those to each
loan category. Figure C.23 to C.26 present the results, which present further heterogeneous
responses from credit tightening news from each loan category. First, responses of variables
from baseline are again qualitatively consistent to baseline results. Second, real estate credit
tightening news - both commercial and residential - generates consistent patterns of increased
real estate loans and decreased /muted short term loans, which are similar to Figure 10. On
the other hand, credit tightening news from C&I loans triggers significant increases in real
estate borrowing, which further enhances the argument of a strategic shift toward secured,
long-term financing when anticipating commercial credit restrictions. Credit tightening news
from consumer loans shows more limited effects, suggesting greater segmentation in house-
hold lending markets than others. These patterns, while clearly showing heterogeneity,

further reinforce the main findings in this section.

5.2 FEuro-Area Evidence

In this section, I discuss the evidence from European area. Similar to SLOOS survey con-
ducted by U.S. Fed, the European Central Bank (ECB) has been running the Bank Lending
Survey (BLS) from 2003'®, which allows me to run similar methodologies to baseline U.S.

case and examine if the credit supply news shock in Europe shares similar features.

Euro-area Data Source and Estimation. To begin with, the European BLS survey

asks a similar question to U.S. SLOOS survey,

“Quer the past three months, how have your bank’s credit standards as applied to the

approval of loans or credit lines to X changed?”

where the two major groups of loans are those to enterprises and households, and loans to
households can be further split by consumer credit and loans to house purchases. Answers
are categorized in a similar manner to SLOOS survey, that respondent banks can reply
“tightened considerably”, “tightened somewhat”, “remained basically unchanged”, “eased
somewhat” and “eased considerably”. Two indices are constructed based on answers. The
first is net percentage index, which is similar to the net percentage index from SLOOS survey.

The second is diffusion index, which weights answers with “somewhat” and “considerably”

5For more details of Euro-area BLS survey can be found in https://www.ecb.europa.eu/stats/ecb_
surveys/bank_lending_survey/html/index.en.html#about. Specifically, it is conducted in a similar way
to U.S. SLOOS survey. The respondents are senior loan officers from around 150 institutions representing
all Euro-area countries.
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by 0.5 and 1. In the baseline analyses, I use diffusion index to better capture aggregate
changes.

The diffusion indices are constructed to each of three key loan categories in Europe: loans
made to euro-area non-financial corporations (NFC), credit for consumption and lending for
house purchases from households. These three categories are considered as counterparts of
C&lI loans, consumer loans and RRE loans in the U.S. There seems no proper data for CRE
loans. According to user guide of BLS survey, bank-level responses are aggregated in two
steps. First, bank replies are aggregated into national level with an equal weight, and second,
national replies are aggregated using weights of national shares of loans to each category.
Based on these calculations, I further aggregate diffusion indices to a Euro-area diffusion
index, where I use the share of each loan outstanding in total loans in Euro area as weights.
In previous literature, both concurrent weights (e.g., Kurtzman et al. (2020)) and weights
lagging one quarter (e.g., Bassett et al. (2014)) are used, and I use the latter version for
baseline. The former version is presented in Appendix C.2.

One thing to mention for the usage of raw diffusion index is that, similar to the con-
struction of CSI series in the U.S. SLOOS survey, the information of respondent banks in
Europe from BLS survey is confidential, so that I cannot replicate the approach to obtain
orthogonal components from bank-level panel regressions. Previous literature has some con-
tributions on this in Euro area and United Kingdom, e.g. Altavilla et al. (2019) and Will
Banks et al. (2024), but their sample periods are too short to extract news shocks. In the
sensitivity analyses of U.S. case, I have shown that using raw lending standard indices yield
robust results, which justifies the usage of raw indices in the Euro case.

Similar to construction of U.S. variables, I take the cumulative version of Euro-area
diffusion index as a proxy for lending standard level in Europe. As for other variables, due
to a quite small range of sample, I consider a six-variable VAR model, which includes lend-
ing standard, real output, inflation, core loans outstanding, high-yield spread and interest
rate, in line with the baseline setting in Broadbent et al. (2024) and Bassett et al. (2014).
Specifically, inflation is the log-difference (times 100) of GDP deflator, core loans outstand-
ing in the Euro area is defined as the summation of loans to NFCs, consumer credit and
house purchases, high-yield spread is a spread from ICE BofA Euro High Yield Index where
portfolios included have a below investment grade rating. Such selection is consistent with
the Euro-area evidence from Jarociriski and Karadi (2020) who use BBB bond spreads as
counterparts of GZ spreads/EBP in the U.S. Interest rate is constructed by combining both
EONIA and new short-term rates. Details of construction of these variables can be found in
Appendix A.2.

The sample period is from 2005:1 to 2023:1V, where the beginning time is from the

data availability, and the ending time is to match U.S. sample period. Similar to U.S. case,

36



variables are entered with 100 times log-levels, except those stationary or percentage ones.
The lag order is decided by BIC which yields p = 2. I choose a smaller horizon H = 12,
i.e.,, up to 3 years to extract the news shock, simply due to a short sample periods with
only about 76 observations. Replications are from 10,000 MCMC draws. Besides these, the

estimation of VAR model as well as identifications is similar to U.S. case.

Baseline Results. Figure 11 and 12 present responses of variables to a credit supply
surprise shock and news shock. One key observation is that results are quite similar to those
from U.S. case. Specifically, responses from a surprise shock present a clear credit crunch
with an easing in monetary stances, except that inflation remains insignificant, which is
consistent with baseline inflation results. Such results are consistent with literature studying
European credit supply shocks, e.g., Barauskaité et al. (2022) and Altavilla et al. (2019),
who find that a credit tightening surprise will cause decreases in output, price levels, loans
and interest rates, as well as increases in high-yield spread.

On the other hand, following a Euro-area credit supply news shock, responses are gen-
erally similar to those using raw U.S. lending standard index presented in Figure C.1, except
that the tightened lending standard and booming period are more persistent. These results
reveal nuanced dynamics that support the preemptive borrowing hypothesis while highlight-
ing important cross-country differences. Overall, even with raw bank lending indices, Fu-
ropean results provide compelling evidence that credit supply news shocks operate through

similar mechanisms across different national and institutional contexts.
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Figure 11: IRFs of variables to a Euro-area credit supply surprise shock

Sensitivity Analyses. To examine the robustness of Euro-area results, I perform several
simple tests. First, I check the pre-Covid sample, presented in Figure C.27. A noteworthy

observation is that the pre-Covid sample results are even more closed to U.S. case, that a
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Figure 12: IRFs of variables to a Euro-area credit supply news shock

temporary booming feature follows by a bust-period. Responses from lending standard is
also more closed to U.S. case, that it has a quite short persistence. Overall, pre-Covid sample
results turn out to be generally robust.

Second, I examine whether baseline results are robust to alternative measurements. For
lending standard, I use net percentage index to construct the lending standard level, and
results are presented in Figure C.28. Also, I use the concurrent share of loans to aggregate
loan-specific diffusion indices, and results are presented in Figure C.29. Moreover, I replace
several key variables in the VAR model. Specifically, I replace the real output by Industrial
Production, inflation by the one using Harmonized Index of Consumer Prices (HICP), and
interest rate with Euro-area deposit facility rate. Results are presented in Figure C.30. These

results imply that they are not sensitive to alternative measurements in general.

5.3 Counterfactual Monetary Policy Rule

In this section, I revisit the previous discussion on reactions of monetary policies to the
credit supply news shock. The goal of this section is to impose one related question: Should
central bank react to the news shock which triggers a short-run economic expansion? This
section would provide some suggestive answers.

To answer this question, an intuitive approach is to derive proper structural models
and examine reactions from real economies by setting up different monetary policy rules.
However, the methodology introduced from McKay and Wolf (2023) provides a more con-
venient way to obtain counterfactual policy rules empirically. Specifically, given a target
shock, their approach is to first obtain several well-established monetary policy shocks, and
use them to derive IRF's to the target shock under a counterfactual monetary policy rule.

Such approach aims to obtain a set of weights assigned to each monetary policy shock, which

38



has a closed-form solution in their online appendix,

~ ~ ~ ~ -1
5 = — [(Afa + A0 0) (An + A2 )|
X [(AxQx,A + AZQZ,A)/(Awa(s) + AzzA(e))}

where mappings As are target counterfactual monetary policy rules, (s are IRFs from multi-
ple monetary policy shocks, and x, zs are IRFs from the target shock. A side notice for this
approach is that it might not be as informative as counterfactual rules from full structural

models, but it is able to provide insights of economic behavior under different policy rules.

Shock Series and Estimation. I consider four monetary policy shocks obtained in pre-
vious literature, which are used and obtained directly by replication packages of McKay and
Wolf (2023). These four shocks are from Gertler and Karadi (2015), Romer and Romer
(2004), Auroba and Drechsel (2024) and Miranda-Agrippino and Ricco (2021). For Romer
and Romer shock, I use an updated version extended by Miguel Acosta'®. The shock series

span over different sample periods, presented in Table 3.

Table 3: Summary of various monetary policy shocks

Relevant Literature Sample Range Data Source

Gertler and Karadi (2015) 1988:1V - 2012:I1  Replication file by McKay and Wolf (2023)
Romer and Romer (2004) 1969:1 - 2018:IV  Replication file by Miguel Acosta website
Auroba and Drechsel (2024) 1982:1V - 2008:1IT  Replication file by McKay and Wolf (2023)

Miranda-Agrippino and Ricco (2021) 1980:1 - 2014:IV  Replication file by McKay and Wolf (2023)

I choose the estimation sample from 1992:1 to 2019:1V, i.e., the pre-Covid sample with
two reasons. First, for missing values of these shocks, I follow Kénzig (2021) to assign zero.
The S. Boragan and Drechsel (AD, 2024) shocks have limited number of samples concerning
my baseline range, so I choose not to expand the sample to 2023:IV as in my baseline here.
In the later sensitivity analyses, I drop the AD shock to address concerns on too many
censored zero values'”. Second, some of these four shocks, similar to the shock from Bauer
and Swanson (2023) in Sensitivity Analyses, do not perform reasonable results in the full
baseline sample. Specifically, the rise of interest rate leads to rises in output and inflation

when using full baseline sample, while pre-Covid samples show more reasonable outcomes.

6The updated RR shocks are available from the website of Miguel Acosta at https://github.com/
miguel-acosta/RomerRomer2004.

170One might still be concerned on the limited sample periods of some shocks, e.g., the RR and AD shocks.
However, in McKay and Wolf (2023) when their baseline result uses GK shocks, they assign zeros to almost
half of their sample ranges for GK shocks. Therefore, the zeros assigned here in my case should be justified.
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I reproduce impulse responses by closely following approaches in McKay and Wolf
(2023). First for IRFs from credit supply news shock, I take the median shock series from
baseline and put it in the first position in a recursive VAR setting. For IRF's from monetary
policy shocks, T use the same settings mentioned in appendix of McKay and Wolf (2023) that
federal fund rate is placed at the last position, persistent shocks are placed at first position
and transitory shocks are placed second to last before federal fund rate. I do the exact two
groups of shock identifications as in Mckay and Wolf, that the first group contains GK and
RR shocks, and the second group contains AD and MAR shocks, as in their appendix.

The reason to jointly identify monetary policy shocks, as argued in their paper, is to
jointly estimate uncertainties. I choose more shocks than two with the reason that, as
argued by the theoretical part in their paper, more shocks are helpful to approximate target
counterfactual rules, which is verified in my baseline result to be presented later. In the
sensitivity analyses, I follow the standard approach as in McKay and Wolf paper by allowing
only two shocks at each time. To address potential concerns for joint uncertainties, I fix all
other settings when obtaining IRF's to these shocks. Specifically, I fix the sample period and
lag order p = 2 across different shocks. In order to estimate responses under counterfactual
policy rule, I fix the OLS estimate of responses to news shock. Lastly, when calculating

weight s, I use the same horizon h = 100 as in Mckay and Wolf for solutions.

Results from Interest Rate Peg. To answer the question at the beginning, the target
counterfactual policy rule is interest rate peg, i.e., central bank has muted response to
the news shock. Figure 13 presents corresponding results, where black lines are baseline
IRF's from the news shock, green dashed lines are baseline IRFs from OLS estimates at the
posterior mode'® (the ‘baseline’ rule), and red dashed lines are IRFs to the news shock under
rule of interest rate peg. Confidence bands are constructed using 10,000 MCMC replications
as before, where the shadow and light grey area are 68% confidence bands.

The red dashed lines are what McKay and Wolf call the “best approximation” of coun-
terfactual policy rules using available monetary policy shocks. The first observation from
results is that the approximation is interest rate peg performs quite well. The red dash line
for federal fund rate clearly mimics the muted response of policy rate. Such result supports
the theoretical results from McKay and Wolf (2023) and provides better approximations in

their baselines!?.

18McKay and Wolf (2023) fix the OLS estimate at posterior mode for baseline IRFs before constructing
counterfactual rules. An obvious feature from the figure is that OLS lines are closely identical to median
IRFs in baseline, which is from the fact that posterior distributions for VAR coefficients follow normality.

19Tn the online appendix of their paper, authors argue that with only two monetary policy shocks, the rule
of interest rate peg is not spanned well. In my baseline result here, it turns out to be clear that more shocks
indeed provide more accurate approximations. A side note for the joint estimation of MP shocks is that, if
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Figure 13: IRFs of variables to a credit supply news shock under interest rate peg

Turning to responses from real economies to the news shock under interest rate peg, a
pronounced feature from results is that the hike of interest rate in the baseline rule tends
to amplify the bust cycle in the medium run. To see this, first, the lending standard under
baseline rule is tighter in the medium run than under interest rate peg, revealing the effect
of monetary policies to bank decisions. This pro-cyclical response suggests that monetary
policy may inadvertently validate and reinforce the negative credit expectations embedded
in the original news shock.

Second, responses from real economies, e.g., real output and hours, indicate that mon-
etary policies do not affect much on the temporary boom periods, but have substantial
effects in the medium run when economy turns in the bust period. During the initial quar-
ters following the credit news shock, both policy scenarios produce nearly identical real
outcomes, suggesting that the rush-to-borrow behavior and immediate credit market adjust-
ments dominate any interest rate effects. However, as the economy transitions into the bust
phase, meaningful differences emerge. Specifically, without the hike of policy rate, bust re-
actions in the medium run are somewhat dampened, with real output declining less severely
and employment showing more resilience. Inflation, however, does not show much difference

under interest rate peg.

one can fix all other settings, separately obtaining IRFs from each MP shock should not be a concern for
joint uncertainties.
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This delayed but amplifying effect of monetary policy appears to operate through the
interaction between systematic rate increases and banks’ credit allocation decisions. While
borrowers during the boom phase are relatively insensitive to modest rate changes due to
their urgency to secure financing, the cumulative effect of higher rates compounds the natural
credit tightening process, creating deeper contractions than would occur under no interven-
tions of monetary policies. The interest rate peg, by avoiding this pro-cyclical amplification,
allows the natural self-stabilizing forces in credit markets to operate more smoothly. Re-
sults from GZ spread and the last four variables at the end are generally consistent with
those from real economic variables, showing that financial market indicators, consumer sen-
timent, and credit aggregates all exhibit similar patterns of limited immediate sensitivity
but medium-term amplification to bust cycles under activist monetary policy. The only
potentially puzzling response might come from core loans, that without interest rate hikes,
the loan volumes decrease a small amount.

While two policy rules present differences in the median run, the magnitude differences
of these effects are modest and limited. This limited transmission suggests that credit
supply news shocks operate primarily through direct channels that are relatively insensitive
to short-term interest rate adjustments. Several explanations may account for this limited
effectiveness. First for the boom period, the rush-to-borrow behavior induced by credit
tightening news creates interest-rate inelastic demand, as firms and households prioritize
securing financing before anticipated restrictions take effect rather than responding to current
funding costs. Second for the bust period, bank lending decisions during these episodes
appear driven more by risk assessment and expected regulatory constraints than by marginal

funding cost changes of a few basis points.

Sensitivity Analyses. I perform several robustness tests to the baseline result. First, I
exclude the AD shock to address concerns on censored zeros, and results are presented in
Figure C.31. Second, I include two identified monetary policy shocks in Section 5.1, namely
monetary policy shocks from Jarocinski and Karadi (2020) and Bauer and Swanson (2023).
For the former one, I assign zeros to missing values of instruments in order to match the
identical setting here. Results are presented in C.32. Both figures show similar trends to
baseline results.

In Figure C.33 and C.34, T apply the standard approach as in McKay and Wolf (2023),
where GK and RR shocks as well as AD and MAR shocks are used separately. The effect of
interest rate peg is clearly dampened in this case, which again matches the discussion that
mere two shocks may not span well on the space of monetary stances when one considers

interest rate peg.
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Policy Implications. The findings reveal that systematic monetary policy responses dur-
ing credit supply news episodes may modestly amplify rather than stabilize economic fluctu-
ations. The comparison between baseline policy and interest rate peg counterfactuals shows
that federal fund rate increases during the boom phase — though intended to cool overheat-
ing — actually reinforce emerging credit restrictions and amplify subsequent contractions.
This pattern reflects a fundamental timing mismatch: systematic tightening arrives precisely
when credit conditions are already beginning to deteriorate, validating rather than offsetting
negative credit expectations. Banks observing both credit tightening news and Fed rate in-
creases interpret the policy response as official confirmation of worsening conditions, leading
to more restrictive lending standard adjustments than would occur from credit news alone.

These results support a policy approach emphasizing strategic restraint rather than
activist stabilization during credit supply disruptions. Credit supply disruptions require
fundamentally different policy instruments than those effective for demand or inflation man-
agement. The evidence argues for institutional separation between conventional monetary
policies which focus on price stability and aggregate demand management, and macro-
prudential policy designed to address credit supply dynamics directly. This separation
reflects not merely the limited effectiveness of monetary tools during credit episodes, but
more importantly the risk that systematic policy activism may inadvertently amplify the

very fluctuations it aims to stabilize.

6 Conclusion

In this paper, I identify and analyze credit supply news shocks, which are anticipated fu-
ture changes in lending conditions as a novel driver of macroeconomic fluctuations. Using
Bayesian VAR with max-share identification methods on U.S. data from 1992-2023, this
study provides the first explicit empirical characterization of how forward-looking credit
market expectations shape economic dynamics.

The empirical evidence reveals a striking asymmetry between credit supply news and
surprise shocks. While conventional surprise shocks generate immediate contractions in
output, employment, and credit volumes, news shocks in credit supplies produce a median-
run boom-bust cycle. When agents receive credible signals about future credit tightening,
the economy experiences a short-run expansion lasting 6-10 quarters before transitioning
into a contraction as anticipated restrictions materialize. This pattern reflects preemptive
borrowing behavior: borrowers strategically accelerate financing decisions to lock in favorable
terms before realized tightening.

Heterogeneous loan responses strongly support this mechanism, where long-term real

estate loans increase substantially while short-term commercial loans decline, demonstrat-
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ing that agents prioritize securing long-duration financing when expecting future credit con-
straints. Besides, credit supply news shocks account for approximately 20% of output volatil-
ity, and the shocks maintain distinctiveness from those established macroeconomic shocks.
These findings establish credit supply news as an important but previously unrecognized
source of economic fluctuations.

The findings evidence reveals interesting policy implications. The counterfactual anal-
yses argue for institutional separation between conventional monetary policy and macro-
prudential tools designed to address credit supply dynamics directly. Policymakers should
monitor forward-looking indicators of credit supply such as bank guidance and supervisory
tone, rather than relying solely on contemporaneous measures that may lead to misinter-
preting short-run expansions as demand-driven overheating.

Several avenues for future research emerge from these analyses. First, formal theoretical
framworks of structrual models would clarify conditions under which preemptive borrowing
dominates alternative mechanisms. Second, micro-level empricial anlyses using loan-level
data from Dealscan around specific regulatory announcements like Basel III would comple-
ment the aggregate evidence. Finally, high-frequency identification approaches could provide

additional validation of the news shock identification.
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Appendices

A Data Sources and Construction

A.1 U.S. Dataset

In this section, I mainly describe the data sources used in the paper to complement the
discussions in Section 3.1. I divide the description into those in the major (baseline and
extension) models, as well as those variables used for sensitivity analyses. Table A.1 presents

original data series used in baseline models.

Table A.1: Data Series used for major models

Series Name Units Fred Code Frequency Source
Credit Supply Indicator Percent Quarter Cavallo et al. (2024b)
Gross Domestic Product Billion $, SA, CP GDP Quarter Fred
Gross Domestic Product: Implicit Price Deflator Index 2017 = 100, SA GDPDEF Quarter Fred
Producer Price Index by Commodity: All Commodities Index 1982 = 100, NSA PPIACO Month Fred
S&P CoreLogic Case-Shiller Home Price Index Index Jan 2000 = 100, SA CSUSHPISA Month Fred
Nonfarm Business Sector: Hours Worked for All Workers Index 2017 = 100, SA HOANBS Quarter Fred
Population Level Thousands Person, NSA CNP160V Month Fred
GZ Spread Percent Month Gilchrist and Zakrajsek (2012)
Federal Funds Effective Rate Percent, NSA FEDFUNDS Month Fred
Loans and Leases in Bank Credit, DCC Banks Billion $, SA, CP LLBDCBWO027SBOG ‘Week Fred
Other Loans and Leases, DCC Banks Billion $, SA, CP AOLDCBWO027SBOG Week Fred
Commercial and Industrial Loans, DCC Banks Billion $, SA, CP CILDCBWO027SBOG Week Fred
Consumer Loans, DCC Banks Billion $, SA, CP CLSDCBWO027SBOG Week Fred
Real Estate Loans, DCC Banks Billion $, SA, CP RELDCBWO027SBOG Week Fred
Loan Demand Index Percent Quarter Cavallo et al. (2024b)
S&P 500 Index Index Point Month Robert J. Shiller Website
Index of Consumer Sentiment Index point Month Surveys of Consumers, UMichigan
TFP utilization adjusted Index Point Quarter San Francisco Fed

Note: Sample period is from 1992:T to 2023:IV. {(N)SA’ means (not) seasonally adjusted, ‘CP’ means current price, ‘DCC Banks’ means Domestically Chartered Commercial Banks.

Most variables are retrieved from Federal Reserve of St. Louis (Fred hereafter) which are
linked to multiple original sources like BEA and BLS, while some others come from previous
literature, individual calculations, or survey data!. The frequency used in this paper is
quarterly throughout, and those series with higher frequency are taken quarterly averages.
Current-price variables and S&P 500 Index (following the setting of Gortz et al. (2022)) are
deflated by GDP Implicit Price Deflator, and aggregate variables are taken per-capita form
by dividing Population Level (in the Million person unit). Variables are entered in 100 times
log level except those that are in percentage or stationary. Price indices are entered in the
100 times log-difference form. Therefore, the impulse responses are in the unit of percentage

change from zero.

1Up-to-date series of GZ Spread and Excess Bond Premium are available at Favara et al. (2016),
or directly from https://www.federalreserve.gov/econres/notes/feds-notes/ebp_csv.csv. The
S&P 500 Index data is available at https://shillerdata.com/. The Index of Consumer Sentiment
and other related series from UMichigan Survey are available at https://data.sca.isr.umich.edu/.
TFP data is available from https://www.frbsf.org/research-and-insights/data-and-indicators/
total-factor-productivity-tfp/.
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Below I describe the constructed variables. The key target variable, Lending Standard,
is defined as the cumulative version of the Credit Supply Indicator throughout sample period.
The CSI series is obtained from the accessible version of Figure 3 in Cavallo et al. (2024b)?.
Inflation is defined as 100 times log-difference of GDP deflator. Inflation from other price
indices is constructed in similar ways. Nominal Core Loans for Domestically Chartered
Commercial Banks is defined as Loans and Leases in Bank Credit minus All Other Loans
and Leases from H.8 releases of Federal Reserve Board, which then consists of three major
core loan types: Commercial and Industrial Loans, Consumer Loans and Real Estate Loans®.
TFP is the cumulative version of dtfp_util variable in the original dataset divided by 4,
which presents a 100 times log TFP series, matching with other variable transformations.
The effective federal fund rate, after its transformation of quarterly average, is divided by
4 to match quarterly frequency. Other policy rate measures for sensitivity analyses like
one-year bond rate and shadow federal fund rate are transformed in a similar way.

A minor issue for the timing of SLOOS survey is that, normally the releases of SLOOS
results correspond to the changes of lending standard and loan demand in the previous
quarter, where the label of quarters might sometimes present discrepancy in the previous
literature. For example, the Demand Index in Figure 1 of Cavallo et al. (2024b) is exactly one
quarter earlier to the Demand Index in Figure 6 of Kurtzman et al. (2020), implying that the
former one measures changes within the quarter that align with when the economic changes
actually occurred, while the latter one uses survey-date timing that reflects when the survey
outcome was released. While the latter one is published in Fred (SUBLPDMOSXWBNQ for
lending standard and SUBLPDMODXWBNQ for demand), I choose the series in Cavallo et
al. (2024b) to ensure quarter labels match the timing index of other variables that represents
within-quarter measures. To further address the concern that the baseline CSI and Loan
Demand Index might reflect the changes one quarter earlier, and to match the timing in
Kurtzman et al. (2020), I lead and lag two series for one quarter and result is highly robust.

To better illustrate time path of major variables, Figure A.1 presents the time series
of variables in the baseline model, after transformations described above. The red dashed
line is period 2020:1. Shadow areas are NBER recession periods. One can see that dramatic
changes of variables, if any, come mainly since 2020:I1.

Table A.2 presents variables used for sensitivity analyses. Transformations are similar to

20ne may notice a small typo in this Fed Note that the column names should be reversed in the table
corresponding to Figure 3.

3In H.8 releases, bank credit (term 1) consists of two broad categories, namely Securities in bank credit
(term 2) and Loans and leases in bank credit (term 9). The latter one is further decomposed into 4 categories:
Commercial and industrial loans (term 10), Real estate loans (term 11), Consumer loans (term 20) and All
other loans and leases (term 25). Core loans is then defined as term 9 minus term 25, which excludes
securities and other loan and leases.
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Figure A.1: Data Series for baseline model

the description before. There are for sure other alternative candidates to perform sensitivity
analyses. For example, Industrial Production (IP) is another measure for real output, and
Consumer Price Index (CPI) is another measure for inflation. Results are robust when
replacing these alternative measures, but for convenience I do not report here.

While most variables span over the full sample from 1992:1 to 2023:1V, several variables
span over subsample periods: There is no subsample variables in Table A.1, but in Table
A.2, the Aggregate CSI is available from 1996:II to 2023:1V*, and Shadow Federal Fund
Rate is available from 1992:1 to 2023:II. For CSI for specific loans, the one for CRE loans
starts from 1996:11, and the one for consumer loans starts from 1996:1. For Commercial and
Residential Real Estate Loans, they start from June 2004 thus 2004:1I11.

As for the extraction of factors from FRED-MD database, the current version of all
relevant series, as of writing this paper, spans from 1959M1 to 2025M5. The raw data and

codes of factor extraction are available from the note in Fed St. Louis®. There is no explicit

4The main difference between Aggregate CSI and CSI can be found in Cavallo et al. (2024b). Basically it
is the order difference when aggregating series, and authors have verified that two series are mostly identical.

®Details of FRED-MD database can be found in https://www.stlouisfed.org/research/economists/
mccracken/fred-databases. One may also find the quarterly version FRED-QD, which is a quarterly
companion of FRED-MD database. Since I do not find explicit codes to run quarterly data, I skip testing
FRED-QD for now.
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arguments in the provided code to decide number of factors, except that I set kmax = 8,

then 7 factors are extracted.

Table A.2: Data Series used for sensitivity analyses

Series Name Units Fred Code Frequency Source®
Aggregate Credit Supply Indicator and Bank Lending Standard Index Percent Quarter Cavallo et al. (2024b)
Credit Supply Indicator: C&I, Consumer, CRE, RRE Loans Percent Quarter Cavallo et al. (2024b)
Nonfarm Business Sector: Real Value-Added Output for All Workers — Index 2017 = 100, SA OUTNFB Quarter Fred
Personal Consumption Expenditures: Chain-type Price Index Index 2017 = 100, SA PCEPI Month Fred
Comimercial property price index, all properties Index 2010 = 100 Quarter Bank for International Settlements
Unemployment Rate Percent, SA UNRATE Month Fred
Excess Bond premium Percent Month Gilchrist and Zakrajsek (2012)
Business Conditions Expected in 5 Years Percent Month Surveys of Consumers, UMichigan
Shadow Federal Fund Rate Percent Month Wu and Xia (2016)
Loans and Leases in Bank Credit, All Commercial Banks Billion $, SA, CP TOTLL Week Fred
Other Loans and Leases, All Commercial Banks Billion $, SA, CP AOLACBWO027SBOG Week Fred
Commercial Real Estate Loans, DCC Banks Billion $, SA, CP CREDCBWO027SBOG Week Fred
Residential Real Estate Loans, DCC Banks Billion $, SA, CP RREDCBWO027SBOG Week Fred

Note: Sample period is from 1992:I to 2023:IV. (N)SA’ means (not) seasonally adjusted, ‘CP’ means current price, ‘DCC Banks’ means Domestically Chartered Commercial Banks.

A.2 Euro Area Dataset

This section will describe the data sources used for Euro-area evidence, which is quite anal-

ogous to U.S. data sources. Table A.3 presents the sources.

Table A.3: Data Series used for Euro-area evidence

Series Name Units ECB/Fred Code Frequency Source”
Credit standards Overall Enterprise Diffusion Index, ECC Percent BLS.Q.U2.ALL.O.E.Z.B3.ST.S.WDINX Quarter ECB
Credit standards Consumer Credit Diffusion Index, ECC Percent BLS.Q.U2.ALL.Z.H.C.B3.ST.S.WDINX Quarter ECB
Credit standards Loan for House Purchase Diffusion Index, ECC Percent BLS.Q.U2.ALL.Z.H.H.B3.ST.S.WDINX Quarter ECB
Gross domestic product at market prices Euro 20 countries Million €, NSA, CP MNA.Q.N.U2.W2.S1.S1.B.B1GQ._Z. Z. ZEUR.V.N  Quarter ECB
Gross domestic product deflator EFC Index, SA MNA.Q.Y.I9.W2.51.51.B.B1GQ._Z. Z._Z.IX.D.N Quarter ECB
Working-age population Age 15 or older EFC Thousands Person, SA Quarter OECD
ICE BofA Euro High Yield Index Option-Adjusted Spread Percent, NSA BAMLHEOOEHYIOAS Daily Fred
Euro EONIA rate Percent EON.D.EONIA_TO.RATE Daily ECB
Euro short-term rate Percent EST.B.EU000A2X2A25.WT Daily ECB
Loans vis-a-vis euro area NFCs ECC Million €, NSA, CP BSLM.U2.N.A.A20.A.1.U2.2240.Z01.E Month ECB
Credit for consumption ECC Million €, NSA, CP BSLM.U2.N.A.A21.A.1.U2.2250.Z01.E Month ECB

Lending for house purchase ECC Million €, NSA, CP BSLM.U2.N.A.A22.A.1.U 0.Z01.E Month ECB
Note: Sample period is from 2005:1 to 2023:IV. {(N)SA’ means (not) seasonally adjusted, ‘CP’ means current price. ‘ECC’ means Euro changing composition, and ‘EFC’ means Euro 20 fixed composition.

Most data come from European Central Bank (ECB), and most constructions are similar
to those of U.S. dataset with several exceptions. Specifically, the aggregate lending standard
index is constructed as follows. Denote the credit standard diffusion indices for three loan
categories as DIy, where k is each loan category, and denote Lj; as the loan outstanding
for each category. The share of each loan category is then wy, = Ly/ ZZZI L..:. The
aggregate lending standard diffusion index is then DI, = Zszl wyt—1D Ik, i.e., the weighted
summation by the share of loan outstanding in the last quarter and loans outstanding in the

current quarter. The aggregate core loan measurement is just L; = Zszl L.

6Details of Commercial Property Price Index from BIS can be found in https://data.bis.org/topics/
CPP and the series for United States. Up-to-date series for shadow federal fund rate can be found in https:
//sites.google.com/view/jingcynthiawu/shadow-rates.

"Data from ECB are via the ECB data portal https://data.ecb.europa.eu/. The data for working age
population is from the Organisation for Economic Co-operation and Development (OECD) Data Explorer
https://data-explorer.oecd.org/.
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Other than the aggregate lending standard diffusion index, current price variables are
deflated by GDP deflator, and aggregate variables are taken per capita terms by working age
population in million persons. Also, I express GDP and core loans in billion euros to match
U.S. units. Series with higher frequencies are taken quarterly averages. For not-seasonal-
adjusted series, I use X-13ARIMA-SEATS from U.S. Census Bureau.

The European short-term rate combines EONIA and the new short-term rate (STR).
Specifically, the new STR began to be released from October 2, 2019, and the EONIA rate
keeps released until January 2, 2022. After October 2019, the EONIA rate is calculated as
STR rate plus 8.5 basis point. To combine two series, I take EONIA rate until 2019:11T and
minus it with 8.5 basis point, and take STR rate for post-2019:111 periods. After transfor-
mations, I divide it by 4 for quarterly frequency.

The baseline reference area for data series is changing composition of Euro-area countries
that reflects the varying number of countries using euros over time. Alternative reference
area is fixed Euro 20 composition, indicating the current 20 European countries which use
euros. Most series from ECB have both versions of reference area. In terms of variables
used for Euro-area analyses, most of them have the version with changing composition, but
few has fixed Euro 20 composition. For example, the GDP deflator does not have changing
composition version. To keep consistency with U.S. data construction, I still use GDP
deflator in the baseline analyses. An alternative measure for inflation is from harmonized
index of consumer prices (HICP), and I include it in the sensitivity analyses. The population
data is from OECD, as the population data from ECB only has annual version.

To better illustrate series, Figure A.2 presents them after transformations. A clear
difference from U.S. dataset is that the aggregate lending standard index presents more
I(1) features, which is consistent to the fact that such series is not adjusted demand or

macroeconomic conditions.
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Figure A.2: Data Series for Euro area evidence

Table A.4 presents variables used for sensitivity analyses of Euro area results. The
major difference between a “net percentage index” and “diffusion index” is that, the latter
one weight the answers containing “somewhat” and “considerably”. For example, the latter
one treats “somewhat tightened” or “considerably tightened” with weights 0.5 and 1, while
the former treats both as one. In the baseline analyses, I use diffusion index to better capture
aggregate changes of lending standards. Other than this, the construction of aggregate index
with net percentage indices is similar to baseline.

Other variables for sensitivity analyses include the Industrial Production for real output,
GDP deflator for inflation and Euro Deposit Facility Rate for interest rate stances. Industrial
Production excludes construction to match the convention for Industrial Production in the
U.S., and GDP deflator is another commonly used series for price levels other than HICP
index. For alternatives of European short-term rates, there are three major interest rates in
Europe, namely rates of deposit facility, main refinancing operations and marginal lending
facility. I choose the first one as it is the one from which European Governing Council steers

monetary policy stances.

Table A.4: Data Series used for Euro-area sensitivity analyses

Series Name Units ECB/Fred Code Frequency Source

Credit standards Overall Enterprise Net Percentage Index, ECC Percent BLS.Q.U2.ALL.O.E.Z.B3.ST.SWFNET  Quarter ECB
Credit standards Consumer Credit Net Percentage Index, ECC Percent BLS.Q.U2.ALL.Z.H.C.B3.ST.SWFNET  Quarter ECB
Credit standards Loan for House Purchase Net Percentage Index, ECC Percent BLS.Q.U2.ALL.Z.H.H.B3.ST.SSWFNET  Quarter ECB
Industrial production excluding construction EFC Tndex 2021 = 100, SA STS.M.19.Y.PROD.NS0020.4.000 Month ECB

HICP Overall index ECC Index 2015 = 100, SA ICP.M.U2.Y.000000.3.INX Month ECB

Euro Deposit Facility Rate Percent FM.D.U2.EUR.4F.KR.DFR.LEV Daily ECB

Note: Sample period is from 2005:1 to 2023:1V. {(N)SA’ means (not) seasonally adjusted, ‘CP’ means current price. ‘ECC’ means Euro changing composition, and ‘EFC’ means Euro 20 fixed composition.
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B Technical Supplement

B.1 Identification Details

In this section, I provide details of how to implement identification strategies of shocks. I
discuss two cases. The first is how to incorporate zero at-impact restrictions, illustrated by
the implementation of news shock. The second is how to identify shocks conditional on other
shocks, illustrated by the implementation of surprise shock. Other shock identifications are
all based on these two cases. (Two cases in fact are similar) Additionally, I describe how
to jointly identify shocks that come from max-FEV methods and methods using external
instruments.

Consider the setup of VAR model in Section 2. The maximization problem for news

shock can be rewritten as

H
max q; (Z @E(S’)emé@ﬂS}) q;, st. qjq; =1,e;8q; =0
! 1=0

J/

-~

My

where the denominator of €2; ;(H) is ignored since it is independent of g;, and the numerator
follows that e/®;(S)q; is one-dimensional. For the zero at-impact restriction, let N =
null(egg) be the null space of e;-S' where g; € N. Let IN be the orthonormal basis of N®
where columns of IN represent basis vectors, then one can write g; = Nz where z is a
column vector. The original orthonormal restriction to g; is equivalent to z'z = 1, and the

problem is transformed as

max 2 (N'MyN)z, st. 2'z2=1

z

Following Uhlig (2004), the problem is equivalent to find the eigenvector associated with the
largest eigenvalue to N'MpyIN. The vector g; is recovered by g; = N z. The surprise shock

is then conditional on the identified @,.,s. The maximization problem is rewritten as

/ Q/ I Q / /
max qsu'rp (S eieiS> QSurp: S't' qsurpqsu’r‘p = 17 qnewsqSqu - O

qsurp
—_——
Mo

Now the null space is N' = null(q,,.,,) and one can follow similar steps as before. In the

special case when ¢ = 1 and two shocks are ordered first to identify, given the Cholesky

8In Matlab it is convenient to use null function to derive orthonormal basis of certain matrix/null space.
Alternative to a standard QR decomposition, the null function uses a more efficient and stable approach of
SVD decomposition.
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matrix S, the second restriction in news shock is just g;(1) = 0, then it is equivalent to
drop IN and replace My with its lower-right (n — 1) X (n — 1) sub-matrix. The problem for
surprise shock is simplified to maxg,, ., |igsupl=1 Qsurp(1)?2,, 11, which yields gg.-p, = €; and
the second original restriction is slack.

When more shocks are identified, steps are similar, except that shocks to be identified
later are limited to more restricted vector space. For example, consider a shock qx.; to be
identified after k shocks whose vectors in the rotation @ matrix are [qi,...qx|, and it has
its own restrictions A’qy 1 = 0. The null space is then N' = null([q1, ...qx, A]’) and follow
similar steps to before. When all shocks are identified in terms of their vectors in the Q
matrix, one may make up the rest part of @ (which has no structural meanings) by finding
again the null space of shock vectors, and recover the at-impact structural matrix S = S Q.
As the responses to shocks are up to signs, I normalize the news shock (both credit supply
and TFP) that it has positive at-impact effect to real output, and normalize other shocks
to have positive at-impact effect to their own underlying variables, if necessary. If there is
an impact vector identified from other methods (e.g., external instruments), say S; the jth

column of at-impact matrix S, then its corresponding vector in Q matrix is just g; = S -1S;.

B.2 Estimation Details

In this section, I briefly provide details of estimation methods of VAR model and statistical
inference, which basically follows Giannone et al. (2015) but a simpler version. Specifically,
the original paper has 4 hyper-parameters, which, other than A, also include w,d and .
The first two hyper-parameters are used to limit the explanatory power of deterministic
components (initial observations mainly) and to improve the forecasting performance of
Bayesian VARs. The last hyper-parameter relaxes the prior for matrix ¥ from sample
estimations. I do not consider the first two hyper-parameters because major analyses do not
include forecasting tasks, and not the last one to inherit more on sample information.
Consider the VAR framework in Section 2. The VAR model can be written in a condense

way that
Y=X(G+¢€
where y = [yp11,..,yr], Y = vecy),x = [Ly, 1,4, 0 = [1p1, . 07), X = I, ®

T, € = [ept1,....e7), € = vec(e) and B = [C, By, ..., B,|', f = vec(B). Let k =np+ 1.

As mentioned in Section 3.2, the VAR model is estimated in a Bayesian approach with
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Normal-Inverse Wishart prior,
S~ IW (W, d), B|2, ~ N(b, X, ®0Q2)

where d = n + 2 is the degree of freedom for Inverse Wishart distribution, ¥ is a diagonal
matrix with diagonal elements the variance of the residuals of an AR(1) process with a
constant for each variable, i.e., ¥ = diag([6%, ..., 52]).

The moment parameters for 3, namely b, £ are determined by Minnesota prior. For the
prior mean (persistence) of coefficients b, I let it be one if the variable is I(1) and zero if the
variable is I(0), following the setting in Gortz et al. (2022). I(1) variables in the baseline
models include Lending Standard, Real Output, Hours, Core Loans and S&P 500 Index. In

other words, denote v be a function indicating the prior persistence of variables, then

v, ,ifi=jand s=1 o
E[(BS)UIEH] = , U € {0, 1},Z,j =1,..,n,s=1,...,p
0 , Otherwise

The prior mean for the constant vector C' is set to zero. The other parameter €2 is set as

R I RS RS B P P
= ala Ty ety oy Tm T h g rres o T s ey o T ceey o o
g ’a_]?? 7&%722&%7 7220/\_7217 ’pQ&%’ 7p2a_7%

where the first term ensures that the constant vector has flat prior, and subsequent terms
allow for gradual shrinkage of distributions. Now denote the inverse vector version of b as b,

i.e., b = vec(b). The posterior distributions of coefficients are then

SuY ~ IW(S, T —p+d), f|S,Y ~N (B, %, ® (2 + Q—l)*l) .3 = vee(B)
where § = ¥ + &2+ (B—b)Q (B —b),B = (¢'z + Q_l)fl (z'y+Q7'b),é =y — 2B
The likelihood function of the hyper-parameter A is given as
p(AY) o p(Y'[A) - p(A),
n(T—p)
1 ? Fn (T—p+d) T—p n
p(Y|\) = (—) ——~ 2 2 |W| 2 |DLa'wDg + 1|2
T T (3)
I, + D), [as L (B-bY/Q (B - b)] D\I,‘

_T=ptd
2

where Do D), = Q and DyDj = ¥, The hyper-prior of \ is set as a Gamma density
of mode 0.2 and standard deviation 0.4, following the setup of Giannone et al. (2015). The
sampling of A is obtained by the MCMC using a standard Metropolis algorithm. Specifically,
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the initialization is to pick A around its posterior mode, and in round j, the candidate value
of a new \* is drawn from a Gaussian distribution, with mean equal to M~!, the last-round
value, and variance equal to k? - TH, where I H is the inverse Hessian of the negative of the
log-posterior of A the at the mode. k is a scaling parameter and it is chosen to keep the
acceptance rate at around 25%.

,%}. If not accepted,

the round j value will be M = M1, After sampling, given each draw of \, I proceed with

The candidate is accepted with probability @ = min {1

Bayesian VAR estimation described above.

In order to check if the sampling proceeds correctly, I show the sampling distribution
and path in the 6- and 10-variable baseline models. Figure B.1 presents the posterior likeli-
hood density, where lines are theoretical densities, bars are sampling histograms and dashed
lines are posterior mode; Figure B.2 presents the sampling path of A over 10,000 draws used
for inference. Both figures verify that the sampling fits theoretical density and paths are sta-
tionary. (Thus no burn-in period is needed) They are also consistent with one key conclusion

in Giannone et al. (2015) that a larger-scale VAR model tends to pick a smaller A.

p(/\‘\y)

L L I
0.7 0.8 0.9 1

Figure B.1: Density of posterior likelihood of A in baseline models
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Figure B.2: Sampling path of A in baseline models
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C Sensitivity Analyses

This Appendix mainly includes figures in Section 4.5 Sensitivity Analyses and robustness

checks in Section 5.

C.1 Robust Figures for Baseline Results
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Figure C.1: IRFs to a credit supply news shock, bank lending standard index as measure
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Figure C.2: IRF's to a credit supply news shock, GZ spread and EBP as measure
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Figure C.3: IRFs to a credit supply news shock, GZ spread and EBP details (Baseline here
means news shock from GZ spread)
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Figure C.4: IRFs to a credit supply news shock, GZ spread and EBP without zero
impact restrictions (Baseline here means news shock from GZ spread)
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Figure C.5: IRFs to a credit supply news shock, CSI as measure
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Figure C.6: IRF's to a credit supply news shock, alternative other measures
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Figure C.7: IRF's to a credit supply news shock, Barsky strategy
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Figure C.11: IRFs to a TFP news shock, two samples
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Figure C.13: IRFs to a Monetary Policy Shock, two samples
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Figure C.14: IRFs to a Central Bank Information shock, two samples
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Figure C.15: IRFs to a credit supply news shock, FA-VAR
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Figure C.16: IRFs to a credit supply news shock, FA-VAR using sub-info set
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Figure C.17: IRFSs to a credit supply news shock, pre-Covid sample
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Figure C.18: IRFs to a credit supply news shock, lag order changes
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Figure C.20: IRFs to a credit supply news shock, order change
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C.2 Robust Figures for Extension Results
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Figure C.21: IRFs to a credit supply news shock, alternative BIS CPPI index
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Figure C.22: IRFs to a credit supply news shock,
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Figure C.23: IRFs to a credit supply news shock in C&I loans

73



Lending Standard
20

Real Output

‘—smu Loan Types, Consumer Loan Lending Smn(\“ml
15 0.5
210 \ /_
5 0
0
-0.5
0 5 10 15 20 0 5 10 15 20
HPT Inflation C&I Loans
1
0.2
0 o

percent

-0.4
0

percent

-2

-3
5 10 15 20 0 5 10 15 20
Real Estate Loans 03 CPI Inflation

0 5 10 15 20 5 10 15 20
Fedfund Rate
0.15
0.1
005 /\_/’
0
-0.2
0 5 10 15 20 0 5 10 15 20
Index of Consumer Sentiment SP 500
4

percent

0 5 10 15 20

percent

percent

PPI Inflation

5 10 15 20

Consumer Loans

Hours

Figure C.24: IRFs to a credit supply news shock in consumer loans
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Figure C.25: IRFs to a credit supply news shock in CRE loans
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Figure C.27: IRFs to a Euro-area credit supply news shock, pre-Covid sample
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Figure C.28: IRF's to a Euro-area credit supply news shock, net percentage index
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Figure C.29: IRFs to a Euro-area credit supply news shock, concurrent weights
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Figure C.30: IRFs to a Euro-area credit supply news shock, alternative other measures
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D Supplementary Figures

This appendix mainly includes supplementary figures mentioned in the main body. In Ap-

pendix 77, I also show discussions on identifications of a conventional monetary policy shock

using high frequency surprises as external instruments.

D.1 Supplementary Figures for Baseline Results
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