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Abstract:
I analyse the relative effects of credit demand and supply shocks on economic fluctuations
using UK data. To tackle the identification problem, I use the unique Bank of England’s credit
conditions survey data that allow me to construct loan supply and demand variables, which I
then combine with standard macroeconomic variables to account for the linkages between the
credit and the business cycles. I carry out this analysis using a structural vector auto-regression
(SVAR) framework where credit supply and demand shocks are identified using a combination
of zeros and sign restrictions, and finally estimate the model using Bayesian methods. I find
that credit demand shocks are as important as credit supply shocks for economic fluctuations.
This result is at odds with the common belief that credit demand shocks are not relevant for
the economy and therefore should not retain policy makers’ attention. The finding is robust to
several alternative specifications, including the inclusion of additional control variables, the use
of alternative definitions and proxies for the credit variables, the estimation of the model with
flat priors, and the assignment of arbitrary weights to the different types of loans. I also find
that the UK economy, when subject to credit supply and demand shocks in a heterogeneous
loan-types setting that includes business, mortgage and consumer loans, is significantly driven
by the mortgage loans market.

Key words: Credit Supply and Demand Shocks, Bayesian VAR, Combination of Zero
and Sign Restrictions, Heterogeneous Loan-types.
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1. Introduction
There exists an extensive literature on credit supply channels that literally overlooks credit demand
channels by assuming that loan demand shocks are not important enough to affect the economy as are
loan supply shocks. However the recent Great Recession has drawn attention to credit demand shocks and
the accompanying deleveraging process as key potential explanations for the sluggish recovery observed in
the US in the aftermath of the crisis.
Accordingly, my main objective is to assess whether credit demand shocks are more or less important
than credit supply shocks for economic fluctuations. In particular, I am interested in answering the
following question: how does the economy respond to unanticipated exogenous changes in loan supply
compared with similar changes in loan demand? I do so by comparing the effects of these exogenous
credit shocks on key macroeconomic variables, namely GDP and prices, in a vector auto-regression (VAR)
setting applied to UK data. Yet a recurrent issue with these VAR frameworks is to ensure that one
appropriately identifies each of the shocks of interest.
Uniquely identifying and disentangling the effects of credit demand and supply shocks is challenging
for two main reasons. First, changes in credit supply and demand reflect the confluence of demand
and supply factors, so that each of these credit shocks simultaneously affects loan demand and supply,
making it more difficult to disentangle their individual effects on credit growth and in fine on economic
activity. For example, bank-specific factors such as changes in banks market shares objectives or risk
taking behaviour, which systematically influence their lending policies and hence loan supply, are also
very likely to affect loan demand as well. This simultaneity issue is generally overlooked1 in the literature
that analyses the effects of credit shocks for economic fluctuations.
Second, the above simultaneity issue in identifying credit supply and demand shocks must be
differentiated from potential endogeneity problems that that also need to be taken into account. Notably,
the same macroeconomic factors that influence loan supply by banks also affect loan demand from
households and firms. For instance, a change in the stance of monetary policy will affect both lending and
borrowing2 . In particular, an increase in the policy rate will directly result not only in lower quantity
and higher price of lending from banks, but also leads to households and firms reducing their borrowings
because of the higher lending rate. In addition, the higher policy rate will have an indirect effect on
consumption and investment spendings as well as production through its influence on expectations. Other
key macroeconomic factors that affect both credit demand and supply include disturbances to aggregate
supply and aggregate demand, each of which may influence the supply and/or the demand for loans.
To overcome these challenges and adequately identify credit demand and supply shocks, I use the
Bank of England’s credit conditions survey (CCS thereafter) data that allow me to construct loan supply
and demand variables in a first step. Then, because loan demand and supply are correlated and affected by
macroeconomic factors, I combine the constructed credit variables with standard macroeconomic variables
to account for the linkages between the credit and the business cycles. I carry out this analysis using a
structural vector auto-regression (SVAR) framework where credit supply and demand shocks are identified
using a combination of zeros and sign restrictions, and finally estimate the model using Bayesian methods.
1A

key exception is Bassett et al. (2014) which I refer to in the related literature below.
is now well understood that monetary policy shocks affect GDP and prices through both credit supply and demand,
thanks to the so-called theory of the credit channel of monetary policy. See Ciccarelli et al. (2015) and references therein
for more details.

2 It
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I mainly find that credit demand shocks are as important as credit supply shocks for economic
fluctuations. For the baseline model in particular, a one standard deviation exogenous loan demand shock
that increases both credit demand and lending rate, leads to an increase in loan supply by banks of about
2% on impact, whereas output increases by approximately 0.35% over the first three quarters. Similarly, a
one standard deviation exogenous loan supply shock that moves credit supply and bank lending variables
in opposite directions, increases demand of credit by almost 4% on impact, but more importantly results
in GDP picking at about 0.35% as for the loan demand shock.
Besides, I also find that the UK economy is significantly driven by the mortgage loans market, when
I analyze the effects of credit shocks on GDP growth and inflation in a heterogeneous loan-types setting
that includes business, mortgage and consumer loans.
My main result is robust to the inclusion of additional variables intended to control for eventual
endogeneity issues, to alternative definitions of credit supply and demand variables, to the use of alternative
priors for the Bayesian estimation, and to the assignment of arbitrary weights to the different types of
loans. Hence, this finding is a suggestive evidence that credit demand shocks also matter for output
growth as do credit supply shocks, and should therefore not be overlooked in the literature or downplayed
by policy makers.
Most of the existing literature has however exclusively focused on the effects of credit supply shocks
for economic fluctuations, considering credit demand shocks economically non-significant enough to be
analyzed, or pointing at identification challenges or data availability on the demand side of the credit
market. These studies include Gilchrist and Zakrajšek (2012), Gambetti and Musso (2017), Jimenéz et al.
(2012), Peek et al. (2003), and Hristov et al. (2012), among others.
Other studies that only identify credit supply shocks, attempt to purge the credit supply variable of
bank-specific and/or macroeconomic factors (e.g. bank risk tolerance, general economic outlook) that
potentially also affect the demand for credit. Works in this direction include Bassett et al. (2014) and
Barnett and Thomas (2014). In particular, Bassett et al. (2014) construct a credit supply indicator
which is not contaminated by bank-specific and macroeconomic factors that can simultaneously affect
the demand for credit. These studies differ from mine since they do not evaluate the relative importance
of credit demand shocks versus credit supply shocks for the economy as I do, but rather focus on the
analysis of the effects of loan supply shocks on the economy.
A closer account to my work, which also combines survey3 and macroeconomic data is Ciccarelli
et al. (2015). Their aim is to test the theory of the credit channel of monetary policy by analyzing the
respective importance of credit supply and demand channels for GDP and prices in an economy subject to
exogenous monetary policy shocks. Unlike them, I am primarily interested in identifying these channels
through loan supply and demand shocks. These exogenous credit shocks would then trigger endogenous
monetary policy responses.
The rest of the paper is organized as follows. Section 2 presents the data and describes the variables
used in the analysis. Section 3 outlines the methodological approach, including the identification strategy,
and the estimation method. Section 4 discusses the main finding and performs a series of robustness tests
that corroborate this result. Moreover, this section presents additional results on the determination of
3 To

conduct their analyses, Ciccarelli et al. (2015) use the Bank Lending Survey conducted by the European Central Bank
for the Euro area, and the Federal Senior Loan Officer Opinion Survey on Bank Lending Practices organized by the
Federal Reserve Bank for the United States.
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the types of loans that drive UK’s economic fluctuations. Finally section 5 summarizes the findings and
proposes directions for future works.

2. Variables’ Constructions and Data Sources
2.1. The Bank of England Credit Conditions Survey
The Bank of England Credit Conditions Survey4 (CCS) is a quarterly survey intended to cover all
lending activities to UK households and firms, conducted by lenders in the UK. It started in the second
quarter of 2007, and consists of three sets of questionnaires that cover the lending activities of UK banks,
building societies and other (non-bank) specialist lenders, in three distinct credit markets: secured loans
to households, unsecured loans to households, and corporate loans. Each of these three questionnaires
has its own sample, based on lenders’ market shares in each of the three credit markets. Lenders with
a market share of 1% or more in the secured, unsecured and corporate lending markets are invited to
complete their respective questionnaires, with the possibility that some lenders may complete all three
questionnaires, while others may just fill in one or two.
To keep a stable sample over time, the selection of participants to the survey is based on average
market shares over the previous twelve months. In general, lenders will be invited to join the sample if
this average market share remains above 1% for two consecutive quarters. Once they have been included,
lenders will continue to be surveyed until this average market share drops below 0.8%. Between 10 and 15
lenders typically complete each of the three questionnaires, with around 30 lenders being involved in the
exercise overall. The survey captures between 75% and 85% of the lending in each of the three markets,
which is substantially higher than the market coverage of similar surveys for the Euro Area (40%) and the
US (60%).
The questions are related to changes in credit trends over the past three months relative to the
previous three months, and the expectations about the changes over the next three months relative to
the latest three months. Hence, the CCS not only provides a forward-looking indicator of credit market
developments, but also enables comparison of the aggregate out-turns with expectations three months
earlier.
The CCS includes two groups of questions: common questions and specific questions. Common
questions to all three questionnaires ask about changes in loan demand and supply, including the factors
that are perceived to have been driving these movements. Besides, as the interest rates that lenders
require on their loans may under- or overstate the true price of credit due to fees and other non-price
terms, each questionnaire also asks about how both price and non-price terms are changing. For instance,
non-price terms include questions on maximum loan-to-value and loan-to-income ratios for the secured
lending questionnaire, questions on credit card limits and minimum monthly repayments for the unsecured
lending questionnaire, and questions on collateral requirements and loan covenants for the corporate
lending questionnaire. Moreover, because lending terms and conditions can be affected by the magnitude
of eventual losses that lenders may experience on their existing loans, each questionnaire asks about the
proportion of loans that are in default. However, as this information is not enough to analyze the impact
4 The

questionnaires, data, and guide for the survey can be found at http://www.bankofengland.co.uk/publications/
Pages/other/monetary/creditconditions.aspx
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of defaults on lenders’ balance sheets, the questionnaires also ask about losses given default.
Specific questions include the use of credit scoring by lenders when processing households credit
applications. For a given set of characteristics, changing credit scoring criteria will affect the degree to
which borrowers have access to credit. As a result, the secured and unsecured lending questionnaires also
ask questions about how both credit scoring criteria and approval rates are changing over time. Besides,
specific questions are also directed to particular markets. For example, the corporate lending questionnaire
asks questions about demand and terms on lending to non-financial firms by size, as well as to other
financial institutions. Finally, the secured and corporate lending questionnaires ask about lenders’ use of
tools such as securitization.
Respondents are asked to provide qualitative answers to the different questions about the changes in
credit conditions, choosing from a series of of five options ranging from ’up a lot’ to ’down a lot’5 . These
answers are then converted into scores that are assigned to each of the lenders based on their responses:
lenders reporting that credit conditions have changed ’a lot’ are assigned twice the score of those who
report that conditions have changed ’a little’. Next, the scores are weighted by the lenders market shares
and aggregated to produce quantitative net percentage balances. A net percentage balance is defined as
the difference between the weighted balance of lenders reporting that lending conditions were higher (i.e.,
’up a lot’ and ’up a little’), and those reporting that lending conditions were lower (i.e., ’down a little’ and
’down a lot’).
Net percentage balances are scaled to lie between −100 and +100. Positive net percentage balances
indicate that on average, lenders reported (or expected) demand (or credit availability) to be higher
than the previous (or current) three-month period; or that the terms and conditions on which credit
was approved became cheaper or looser respectively. For example, a positive net percentage balance in
response to a question on loan demand means that lenders on average had experienced an increase in the
demand for credit, while a negative net percentage balance in response to a question on credit scoring
criteria would mean that lenders on average have tightened access to credit.

2.2. Credit Variables
I use the responses from the CCS in order to construct the credit variables. These survey data are greatly
suitable for my analysis for the following reasons:
(1) First, the survey uses the entire pool of potential borrowers and not only those who are actually
granted loans, so that the data are not subject to sample bias.
(2) Second, the collected information is reliable as the survey is conducted by the Bank of England
which also acts as the supervisory authority that can cross-check the banks’ answers with supervisory
data.
(3) Third, the use of market shares as weighting coefficients in the computation of the net percentage
balances confers a more accurate quantitative dimension to the data compared with arbitrary weights
used in other similar surveys.
For the purpose of this study, I only focus on few questions from the CCS that I describe in Appendix
5 These

five options are precisely ’up a lot’, ’up a little’, ’unchanged’, ’down a little’, ’down a lot’.
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I. In particular, I identify credit demand by using the answers on changes in loan demand. Given this
identification, I construct the credit demand variable by averaging over the changes in business, mortgage,
and consumer loan demands, each of which are weighted by its respective mean share over the sample
period (2007:2 - 2017:3). These average shares are computed using seasonally adjusted and deflated6
sterling lendings data from the Bank of England (BoE henceforth) Money and Credit Statistics, over the
sample period.
The loan supply variable is constructed in a similar way, except that its identification is now based on
changes in credit availability7 from the lenders. Credit availability is defined as the ability and willingness
of banks to provide credit to borrowers.
Finally, for the equilibrium interest rate, I construct a composite rate based on the end-of-period
average bank lending rate for business, mortgage, and consumer loans, using data from the BoE Money
and Credit Statistics. This composite lending rate proxies for the average price of credit, and is used in
conjunction with the earlier constructed variables of the changes in loan supply and demand from the
CCS, to uniquely identify credit supply and demand shocks.

2.3. Macroeconomic Variables
I use standard macroeconomic variables from the monetary VAR literature together with the previously
defined credit variables. These macroeconomic variables include aggregate output, prices, and the monetary
policy rate.
Aggregate output is the seasonally adjusted chained volume measure of GDP that I directly retrieved
from the ONS, whereas prices are the seasonally adjusted implied GDP deflator index also from the ONS.
I use the BoE end-of-period 3-month Sterling mean interbank lending rate as my proxy variable to
control for the stance8 of monetary policy. A more suitable choice for the policy rate would be the Bank
official Rate, but this rate is subject to little variability over my sample period because of the BoE’s
unconventional monetary policy in the aftermath of the recent crisis.
All these data are seasonally adjusted at quarterly frequency. In addition, GDP and prices have been
converted into log-percentage rates to make them consistent with the credit and the policy rate data.

6I

deflate these lending volume data using the GDP deflator before computing the weights.
the robustness analysis section below, I use an alternative definition of credit supply, namely the loan approval rate,
and show that my main result is robust to the use of this alternative variable.
8 This measure of stance is not a measure of exogenous shocks, but of policy actions. In other words, it is endogenous with
respect to the state of the macroeconomy.
7 In
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3. Methodology
3.1. Model Specification
I include both the credit and the macroeconomic variables in a vector auto-regressive (VAR) model which
consists of a system of regression equations where each variable depends on its own lags as well as the
lags of all the other variables in the model, up to some pre-specified maximum lag order, p. The general
unrestricted VAR(p) can be written in reduced-form as:
yt = C + A1 yt−1 + ... + Ap yt−p + t

(1)

where yt is a n-dimensional vector of endogenous variables, that is the n × 1 vector of observed time
series data at each time point t = 1, ..., T with T being the sample size, t ∼ N (0, Σ) an n × 1 vector
of zero mean white noise process, p the lag length, and C, A1 , ..., Ap and Σ are matrices of suitable
dimensions containing the model’s unknown parameters. In particular, C is a n × 1 vector of constant
terms, Ai , i = 1, ..., p is a n × n matrix of auto-regressive coefficients, whereas Σ = E(t t 0 ) is the n × n
covariance matrix of the residuals vector t . These residuals are the reduced-form errors of the VAR, that
is the linearly unpredictable component of yt , given an information set consisting of the lagged values of
all the model’s variables. They have no underlying economic interpretation without further assumptions.
The reduced-form VAR(p) in Equation (1) can be thought of as representing data generated from the
structural VAR(p) model

B0 yt = c + B1 yt−1 + ... + Bp yt−p + ωt

(2)

where c, B1 , ..., Bp are analogously defined as before, whereas the n×n matrix B0 reflects the instantaneous
relations among the model’s variables, and the n × 1 vector of mean zero structural shocks ωt is serially
uncorrelated, with a diagonal covariance matrix Σω of full rank9 , and such that the number of shocks
coincides with the number of variables10 . The model in equation (2) is structural in the sense that
the elements of ωt are mutually uncorrelated, and have clear interpretations in terms of an underlying
economic model. This allows to interpret movements in the data caused by any one element of ωt as being
caused by that shock. The structural shocks can be recovered from the VAR reduced-form representation
of equation (1) once this one has been derived by pre-multiplying both sides of equation (2) by B0−1 ,
resulting in:

B0−1 B0 yt = B0−1 c + B0−1 B1 yt−1 + ... + B0−1 Bp yt−p + B0−1 ωt

(3)

where C = B0−1 c, Ai = B0−1 Bi , i = 1, ..., p, and t = B0−1 ωt . The n × n structural impact multiplier
matrix B0−1 captures the impact effects of each of the structural shocks on each of the model’s variables.
Without loss of generality, I normalize the covariance matrix of the structural errors Σω ≡ E(ωt ωt 0 ) = In
0

such that the reduced-form errors covariance matrix is obtained as E(t t 0 ) = Σ = B0−1 B0−1 .
9 This

rules out the possibility that the model includes equations that are merely identities, rather than being subject to
stochastic errors.
10 This rules out that the data are generated by economic models in which there are fewer than n structural shocks, such as
the standard real business cycle model in which all macroeconomic aggregates are only driven by a technology shock
such that the covariance structure of the data is singular.

6

0

One can think of Σ = B0−1 B0−1 as a system of n(n + 1)/211 non-linear independent equations in
the unknown parameters of B0−1 . Solving for this latter system requires the imposition of additional
identifying restrictions on the elements of B0−1 , that can be motivated by economic theory. Given these
restrictions and the data, the structural shocks ωt = B0 t are said to be identified, and the reduced-form
errors t can be decomposed into the mutually uncorrelated structural shocks ωt . It is worth stressing that
it is not enough for the elements of ωt to be mutually uncorrelated for the model in equation (2) to be
structural, one also needs a clear economic interpretation of these elements. Besides, one should also note
that even if all the elements of ωt are uniquely identified in a statistical sense, they need not be uniquely
identified in the economic sense. The problem of finding suitable economically credible restrictions on
B0−1 or its inverse B0 is known as the identification problem in structural VAR analysis.

3.2. Identification Strategy
My benchmark model for the analysis of the effects of credit supply and demand shocks includes six
variables: GDP, prices, the credit supply and demand variables, the lending rate, and the policy rate.
In order to recover the structural shocks, I need to identify12 each of them uniquely by applying a set
of restrictions to the impact matrix as discussed in the previous section. For that, I impose a combination
of sign and zero restrictions to ensure that the different structural shocks are adequately and uniquely
identified. These restrictions are based on economic theory and timing restrictions.
In particular, the zero restrictions rely on timing assumptions and a Cholesky decomposition of the
reduced-form VAR covariance matrix. More precisely, the Cholesky decomposition orthogonalizes the
reduced-form errors to obtain mutually uncorrelated structural errors. This is typically performed as
follows. One defines a lower-triangular n × n matrix P with positive main diagonal such that P P 0 = Σ.
P is the lower-triangular Cholesky decomposition of Σ. Then it follows immediately from the condition
0

Σ = B0−1 B0−1 that B0−1 = P . This orthogonalization is appropriate as long as the recursive structure
embodied in P can be justified on economic grounds.
The sign restrictions generally involve the use of the QR decomposition of an n × n random matrix
W which elements are i.i.d. N (0, 1). In particular, Rubio-Ramirez et al. (2010) show that if W = QR is
the QR decomposition of W with the diagonal of R normalized to be positive, then the n × n random
matrix Q is orthogonal (i.e., its columns are orthogonal unit vectors such that QQ0 = In ), and is a draw
from the uniform distribution over the space of all n × n orthogonal matrices. Given the reduced-form
parameters and the lower-triangular Cholesky decomposition P , one can then generate a large number
of candidate solutions for B0−1 as P Q where Q is obtained from a random draw for W . Once enough
candidate solutions for B0−1 are obtained, one only retains those solutions which yield a structural impact
matrix that agrees with the imposed sign restrictions.
More practically, for the zero restrictions, I use the following timing restriction. I assume that a credit
shock affects the credit and macro variables on impact and the policy rate with a lag, so that this latter
variable is ordered first just before the credit variable which is shocked. This ordering choice is justified
by the assumption that the Central Bank ’endogenously’ adjusts its policy rate only after observing the
to the symmetry of Σ, there are only n(n + 1)/2 independent equations in n(n + 1)/2 unknown parameters of B0−1 .
now, I opt for a partial identification in the spirit of Bernanke and Blinder (1992) as I am primarily interested
in identifying my shocks of interest, that are the credit demand and supply shocks. Later on, I might turn to a full
identification analysis.

11 Due
12 For
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effects of the credit shock on GDP and prices. Besides, this delayed reaction ensures that the stance of
the monetary policy does not influence the effects of the credit shock on the economy at least on impact,
thus circumventing a potential endogeneity issue.
As for the sign restrictions, in order to uniquely identify each credit shock, I impose, following
economic theory, the restrictions that a credit supply shock moves the loan supply variable and lending
rate in opposite directions13 while a credit demand shock moves them in the same direction. Intuitively,
knowing that credit supply and demand shocks move loan quantities in the same direction and their prices
in opposite directions helps to differentiate shifts due to credit demand shocks from those due to credit
supply shocks. In addition, each credit shock is set to be orthogonal to the monetary policy instrument on
impact to control for the already mentioned possible endogeneity problem while at the same time ensuring
that the credit demand shock is not confused with monetary policy shock. Moreover, I assume that each
credit shock has a positive impact on changes in loan supply and demand, as well as on GDP and prices.
Variables
Loan Supply
Lending Rate
Loan Demand
GDP
Prices
Policy Rate

Credit Supply Shock
+
−
+
+
+
0

Credit Demand Shock
+
+
+
+
+
0

Table 1: Summary of the Baseline Signs and Zeros Restrictions. The signs denote the impact impulse responses of the
baseline variables to credit supply and demand shocks. The identifying assumptions are based on economic theory and
timing restrictions.

3.3. Estimation
After imposing the sign and zero restrictions, I estimate the model using the algorithm proposed by
Arias et al. (2018) in a Bayesian setting. This algorithm14 makes independent draws from a family
of conjugate posterior distributions over the structural parametrization conditional on the sign and
zero restrictions. More precisely, it draws from a conjugate posterior distribution over the orthogonal
reduced-form parametrization and then transforms the draws into the structural parametrization. Arias
et al. (2018) use the normal-inverse-Wishart density for their choice of the family of conjugate distributions
over the reduced-form parameters, and a uniform conjugate density over the set of orthogonal matrices
conditional on the reduced form parameters. They then develop a change of variable theory that help to
determine the induced family of densities over the structural parametrization. This theory shows that
a Uniform-Normal-Inverse-Wishart density over the orthogonal reduced-form parametrization implies a
Normal-Generalized-Normal density over the structural parametrization.
The Bayesian VAR (BVAR henceforth) estimation approach is not only suitable for my small sample
size, but interestingly also deals with the large number of parameters to be estimated. It does so by
incorporating prior information about these unknown parameters in order to produce an estimated model
that is not as highly sensitive to the particular data set used for the estimation.
For the choice of the prior distribution, I follow Giannone et al. (2015) who combine three key priors
13 A

similar identifying restriction assumption is adopted by Gambetti and Musso (2017) and Duchi and Elbourne (2016) in
settings with loan supply shocks only.
14 Detailed description of the algorithm steps can be found in Appendix III.
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commonly used in the literature, that are the Minnesota priors, the sum-of-coefficients priors, and the
dummy-initial-observation priors. This helps reduce estimation uncertainty by shrinking the densily
parameterized unrestricted VAR of Equation (1) towards a parsimonious model, resulting in a more
accurate estimation of impulse response functions (IRFs henceforth). The prior is then formally combined
with the information contained in the data as captured by the likelihood function of the model, to estimate
the posterior probability distribution which is then used for inference. Details of the BVAR estimation’s
steps along with Arias et al. (2018)’s theory and simulation techniques are extensively exposed in Appendix
II.

4. Results
4.1. Main Result
4.1.1. Impulse Response Functions
I start by showing the IRFs of the relative effects of credit demand and supply shocks for GDP and prices
(see Figure 1 below).
(a) Credit demand shock

(b) Credit supply shock

Figure 1: Impulse response functions for the Baseline model. Panel (a) represents the IRFs to a one standard deviation
credit demand shock, whereas panel (b) illustrates the IRFs for a one standard deviation credit supply shock. The solide
curves represent the point-wise posterior medians, and the shaded areas represent the 68% equally tailed point-wise probability
bands. The figure is based on 10,000 independent draws obtained using Arias et al. (2018)’s algorithm.

As illustrated in Figure 1.(a), a one standard deviation exogenous loan demand shock that increases
both credit demand and lending rate, leads to an increase in loan supply by banks of about 2% on impact,
whereas output increases by approximately 0.35% over the first three quarters. Comparatively, Figure
1.(b) shows that a one standard deviation exogenous loan supply shock that moves the credit supply and
the bank lending variables in opposite directions, increases demand of credit by almost 4% on impact, but
more importantly results in GDP picking at about 0.35% as for the positive loan demand shock.
This suggests that credit demand and supply disturbances are both equally important in explaining
output fluctuations. Therefore the common belief that credit demand shocks have marginal effects on the
economy, seems misleading. Besides, on can notice that the effects of both credit shocks on prices are
positive on impact as on should expect, triggering an upward adjustment of the policy rate by the central
bank.

9

4.1.2. Forecast Error Variance Decomposition
In order to corroborate my previous finding, I now report the contributions of the credit shocks to the
forecast error variances (FEVs) of the different endogenous variables of the model, where my interest is in
checking whether both credit shocks have contributed equivalently to output fluctuations. For ease of
exposition, I only show the contributions to the FEVs at horizon 4015 for selected endogenous variables
including output.
As can be seen from Table 1 below, the share of GDP FEV attributable to both shocks is around
12%, which reinforce my previous conclusion that both credit demand and supply shocks have similar
quantitative effects on output fluctuations.
Variables
Loan Supply
Loan Demand
GDP
Prices

Credit Supply Shock
0.0983
[0.0365, 0.1898]
0.2170
[0.0551, 0.4405]
0.1194
[0.0308, 0.3160]
0.0885
[0.0176, 0.2976]

Credit Demand Shock
0.1050
[0.0379, 0.2023]
0.3059
[0.0941, 0.5217]
0.1238
[0.0320, 0.3210]
0.1000
[0.0181, 0.3106]

Table 2: Share of FEVD attributable to credit supply and demand shocks for selected endogenous variables. The columns
report for each considered variable, the posterior median and the 68% equally tailed probability intervals of the FEVD
attributable to credit shocks at horizon 40. The table is based on 10,000 independent draws obtained using Arias et al.
(2018)’s algorithm.

4.2. Robustness Analysis
In this section, I conduct a series of robustness tests to check whether my main finding still holds in
various alternative conditions.

4.2.1. Additional Control Variables
As a first robustness test, I am interested in testing whether my credit supply and demand shocks are
truly exogenous. If they are, there should be no need to control for other structural shocks. For that,
I extend the benchmarch model with three new control variables that are the bank-specific factors,
the borrower-specific factors, and the general economic outlook. The bank-specific factors variable is
constructed by averaging over different potential lending-related factors (such as market share objectives,
competition pressure, and risk appetite) of the changes in credit supply. Similarly, the borrower-specific
variable is obtained by averaging over different possible borrowing-related factors (e.g., capital investment,
inventory finance, and balance sheet restructuring).
Besides, the inclusion of these three additional control variables may help to address potential
endogeneity issues stemming from aggregate supply and demand shocks, among others. Changes in the
general economic outlook (i.e., changes in the outlook for output, income, employment, and inflation)
obviously affect both lending and borrowing activities and therefore may influence investment and
15 The

main result that both credit shocks contribute in a similar way to GDP variations holds for the other horizons as well.
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production. Meanwhile, changes in bank-specific and borrower-specific factors which primarily affect
credit supply and demand respectively, may also affect the other side of the credit market. Importantly,
these later changes are crucial to control for very likely endogenous changes in banks’ credit policies and
borrowers’ demand for loans, respectively.
(a) Credit demand shock

(b) Credit supply shock

Figure 2: Impulse response functions for the model with additional control variables. Panel (a) represents the IRFs to
a one standard deviation credit demand shock, whereas panel (b) illustrates the IRFs for a one standard deviation credit
supply shock. The solide curves represent the point-wise posterior medians, and the shaded areas represent the 68% equally
tailed point-wise probability bands. The figure is based on 10,000 independent draws obtained using Arias et al. (2018)’s
algorithm.

As can be seen from Figure 2 above, our main result is also robust to this extended 9-variable VAR
specification, hence-by suggesting robustness to both the inclusion of control variables and the size of the
VAR. The credit shocks therefore appear to be truly exogenous. In addition, the responses of the three
additional control variables to both credit shocks are as one would expect.

4.2.2. Alternative Definitions of Credit Variables
My second robustness test consists on one hand, in using alternative definitions of the credit variables,
namely the use of loan approval rate by banks in lieu of the credit availability rate used in the baseline,
as a proxy for the credit supply variable. On the other hand, guided by economic theory, I combine the
volume of loans’ growth rate with the lending rate to specify the credit shocks as in the baseline, that is
the credit supply shock moving the lending volume and rate in opposite directions whereas the credit
demand shock moves them in the same direction.
As can be seen from Figure 3 above, my main result is also robust to the use of the loan approval
rate as credit supply variable, which was expected as both loan approval and credit availability rates track
each other closely in the data. More interestingly, as Figure 4 illustrates, my alternative 5-variable VAR
specification of the model with the loan volume growth rate does not also affect my main conclusion.

4.2.3. Use of Alternative Priors
I also estimate my baseline model using non-informative priors, i.e., priors with minimal impact on the
posterior distribution of the parameter. A common choice for non-informative prior is the flat prior which
assigns equal likelihood on all possible values of the parameter. Figure 5 below shows the IRFs for which I
made use of flat priors. As can be noticed, the main result is unaffected by the use of flat priors.
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(a) Credit demand shock

(b) Credit supply shock

Figure 3: Impulse response functions for the model with loan approval rate. Panel (a) represents the IRFs to a one
standard deviation credit demand shock, whereas panel (b) illustrates the IRFs for a one standard deviation credit supply
shock. The solide curves represent the point-wise posterior medians, and the shaded areas represent the 68% equally tailed
point-wise probability bands. The figure is based on 10,000 independent draws obtained using Arias et al. (2018)’s algorithm.

(a) Credit demand shock

(b) Credit supply shock

Figure 4: Impulse response functions for the model with loan volume’s growth rate. Panel (a) represents the IRFs to a one
standard deviation credit demand shock, whereas panel (b) illustrates the IRFs for a one standard deviation credit supply
shock. The solide curves represent the point-wise posterior medians, and the shaded areas represent the 68% equally tailed
point-wise probability bands. The figure is based on 10,000 independent draws obtained using Arias et al. (2018)’s algorithm.

(b) Credit supply shock

(a) Credit demand shock

Figure 5: Impulse response functions for the model with flat priors. Panel (a) represents the IRFs to a one standard
deviation credit demand shock, whereas panel (b) illustrates the IRFs for a one standard deviation credit supply shock. The
solide curves represent the point-wise posterior medians, and the shaded areas represent the 68% equally tailed point-wise
probability bands. The figure is based on 10,000 independent draws obtained using Arias et al. (2018)’s algorithm.
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4.2.4. Use of Alternative Weightings for the Different Loan Types
Interestingly, my baseline result is also robust to arbitrary weighting of the shares of the different types of
loans in the credit market. In particular, the use of equal weights does not affect the main finding that
both credit demand and supply shocks have similar effects on output fluctuations.
(b) Credit supply shock

(a) Credit demand shock

Figure 6: Impulse response functions for the model with alternative weightings. Panel (a) represents the IRFs to a one
standard deviation credit demand shock, whereas panel (b) illustrates the IRFs for a one standard deviation credit supply
shock. The solide curves represent the point-wise posterior medians, and the shaded areas represent the 68% equally tailed
point-wise probability bands. The figure is based on 10,000 independent draws obtained using Arias et al. (2018)’s algorithm.

4.3. Heterogenous Loans: Credit Shocks by Loan Type
This additional analysis attempts to determine which of the three types of loans - business, mortgage and
consumer - mostly drive(s) economic fluctuations. In other words, I am interested in determining in this
heterogenous loan-types economy, through which type(s) of loan, credit supply and demand shocks affect
the economy.
For that, I specify a new model that includes credit supply and demand by loan type, the loan volume
growth rate, the lending interest rate, GDP, prices, and the policy rate. Credit shocks are identified as
in section 4.2.2, using both the loan volume growth rate and the lending interest rate variables. The
imposition of joint signs and zeros restrictions are reminiscent of the identification strategy used in the
baseline framework.
From Figure 7 above, one can see that a credit demand shock in panel (a) affects GDP and prices
through a much stronger impact effect on the mortgage loans market (both demand and supply) and the
demand for consumer loans, whereas the transmission is rather modest through the non-financial business
loans market (eventually owing to the fact that firms usually have access to alternative funding sources or
rely on their retained earnings).
Interestingly, credit supply shocks (Panel (b)) also affect the macroeconomy mostly through the
mortgage loan market, suggesting that the UK economy is significantly driven by variations in mortgage
credit.
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(a) Credit demand shock

(b) Credit supply shock

Figure 7: Impulse response functions for the model with heterogeneous loan-types. Panel (a) represents the IRFs to a one
standard deviation credit demand shock, whereas panel (b) illustrates the IRFs for a one standard deviation credit supply
shock. The solide curves represent the point-wise posterior medians, and the shaded areas represent the 68% equally tailed
point-wise probability bands. The figure is based on 10,000 independent draws obtained using Arias et al. (2018)’s algorithm.

5. Conclusion
Overall, the evaluation of the relative importance of credit demand and supply shocks for the UK economy
suggests that both disturbances are equally important for output fluctuations. This result is obtained by
combining the BoE CCS data with standard monetary macroeconomic variables in a VAR identified by
signs and zeros restrictions along the lines of Arias et al. (2018) and estimated using Bayesian techniques.
It is robust to several alternative specifications, including the extension of the model with additional
control variables, the use of alternative definitions for the credit variables, the estimation of the model
with flat priors, and the assignment of arbitrary weights to the different types of loans, among others.
This appealing finding based on reliable survey data, sharply contrasts with the common belief that
credit demand shocks have marginal effects on the economy and should therefore not retain policy makers’
attention.
Another interesting result, that the UK economy is significantly driven by the mortgage loans market,
is obtained by considering the effects of credit shocks on the economy in a heterogeneous loan-types setting
that includes business, mortgage and consumer loans.
Further investigations of the relative importance of credit demand and supply shocks for economic
fluctuations, could use other identification strategies as the proxy SVAR approach best illustrated by
Mertens and Ravn (2013) and Stock and Watson (2012), where one could construct proxy credit variables
using narrative accounts, which would then be used as instruments to estimate loan demand and supply
shocks.
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Appendices
A. Appendix I. The BoE CCS Questions used to construct the
Credit Variables
Table 3: Credit Supply and Demand Variables

Variable

Survey Question

Variable’s Measure

Credit demand

How has demand for loans of type X
to your bank changed over the last
3 months relative to the previous 3
months?

Difference between the net percentage balance of lenders reporting a
higher demand for loans of type X
and those reporting a lower demand.

Credit supply

How has the availability of loans of
type X at your bank changed over the
last 3 months relative to the previous
3 months?

Difference between the net percentage balance of lenders reporting
a higher availability of loans of
type X and those reporting a lower
availability.

How has each of the following factors
contributed to changes in credit availability: changing economic outlook,
changing borrower’s sector-specific
risks, market share objectives, market pressures from capital markets,
changing appetite for risk, tight
wholesale funding conditions?
Credit Demand Fac- How has each of the following factors
tors contributed to changes in credit
demand: mergers and acquisitions,
capital investment, inventory finance,
balance sheet restructuring, commercial real estate?

Difference between the net percentage balance of lenders reporting a
higher change for each of these factors and those reporting a lower
change.

Credit Supply Factors

Difference between the net percentage balance of lenders reporting a
higher change for each of these factors and those reporting a lower
change.

B. Appendix II. Model’s Details and Estimation
The structural VAR(p) representation in equation (2) can be compactly written for 1 ≤ t ≤ T as
B0 yt = B+ xt + ωt

(4)

0
0
where B+ = [B1 ... Bp c] and x0t = [yt−1
... yt−p
1] for t = 1, ..., T . The dimension of B+ is n × m, where

m = np + 1. The reduced-form implied by equation (1) is then compactly given, for 1 ≤ t ≤ T , by
yt = Axt + t

(5)
0

where A = B0−1 B+ , t = B0−1 ωt , and E(t t 0 ) = Σ = B0−1 B0−1 = (B00 B0 )−1 . The matrices A and Σ are
the reduced-form parameters, while B0 and B+ are the structural parameters.
Definition: Two sets of structural parameters (B0 , B+ ) and (B̃0 , B̃+ ) are observationally equivalent
if and only if B0 = B̃0 Q and B+ = B̃+ Q for some Q ∈ O(n) where O(n) is the set of all n×n orthogonal16
16 A

matrix Q is orthogonal if Q0 Q = QQ0 = In , which is equivalent to Q0 = Q−1 .
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matrices.
To solve the identification problem, I impose both zero and sign restrictions on the structural
parameters of my model as fully explained in section 3.2. Arias et al. (2018)’s theory and simulation
techniques apply to sign and zero restrictions on any differentiable function F (B0 , B+ ) with full row
rank derivative, defined from the structural parameters to the space of r × n matrices that satisfies the
condition F (B0 Q, B+ Q) = F (B0 , B+ )Q, for any Q ∈ O(n).
Let Sj be an sj × r matrix of full row rank with sj ≥ 0, and Zj be a zj × r matrix of full row rank
where 0 ≤ zj ≤ n − j for 1 ≤ j ≤ n. The matrix Sj defines the sign restrictions on the jth structural
shock, whereas the matrix Zj defines the zero restrictions on the jth structural shock for 1 ≤ j ≤ n. In
particular, I assume as Arias et al. (2018) that Sj F (B0 , B+ )ej > 0 and Zj F (B0 , B+ )ej = 0 for 1 ≤ j ≤ n,
where ej is the jth column of In . The necessary condition for identification is that the number of zero
restrictions is greater than or equal to n(n − 1)/2, while the sufficient condition implies that there must
be an ordering of the structural shocks such that there are at least n − j zero restrictions on the jth
structural shock, for 1 ≤ j ≤ n, and at least one sign restriction on the IRFs to each strucutral shock.
Equation (4) can alternatively be written in the following orthogonal reduced-form parametrization
for 1 ≤ t ≤ T :
yt = Axt + h(Σ)0 Qωt

(6)

where A and Σ are the reduced-form parameters defined previously, Q is an orthogonal matrix, and h(Σ)
is the Cholesky decomposition of the covariance matrix Σ satisfying h(Σ)0 h(Σ) = Σ.
Following Arias et al. (2018), I am interested in making draws from the structural parametrization
conditional on the sign and zero restrictions. However it is easier to first draw from the orthogonal
reduced-form parametrization conditional on the sign and zero restrictions, and then transform the draws
into the structural parametrization. In order to transform the orthogonal reduced-form parameters
(A, Σ, Q) into the structural parameters (B0 , B+ ), one can define the following mapping between (B0 , B+ )
and (A, Σ, Q), given equations (4), (6) and the Cholesky decomposition h:
fh (B0 , B+ ) = B0−1 B+ , (B00 B0 )−1 , h((B00 B0 )−1 )B0



where A = B0−1 B+ , Σ = (B00 B0 )−1 , and Q = h((B00 B0 )−1 )B0 by direct computation.
The function fh is invertible, with inverse defined by

fh−1 (A, Σ, Q) = h(Σ)−1 Q, h(Σ)−1 QA
where one can easily show that h(Σ)−1 Q = B0 and h(Σ)−1 QA = B+ . Hence, the function fh−1 allows to
transform draws from the orthogonal reduced-form parametrization into the structural parametrization.
Besides, the last two expressions make clear how the structural parameters depend on the reduced-form
parameters and orthogonal matrices. Given the reduced-form parameters and the Cholesky decomposition
h, one can consider each value of Q ∈ O(n) as a particular choice of structural parameters.
One crucial issue is to understand how to transform densities between the two representations,
conditional on both sign and zero restrictions. Arias et al. (2018) propose adequate change of variables
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formulas17 to handle this issue.
Once the identifying restrictions are imposed, I proceed with the estimation by using the theory and
simulation techniques developed by Arias et al. (2018) for inference. As is now current in Bayesian VAR
(BVAR henceforth) analysis, I will use a family of conjugate18 distributions in my estimation process.
Following Arias et al. (2018) and most of the recent BVAR literature, I will use the Normal-Inverse-Wishart
(NIW henceforth) family of distributions which is conjugate for the reduced-form representation in equation
(5). This family of distributions consists of a normal distributions for the slope parameters contained in
matrix A, and an inverse-Wishart distribution for the covariance matrix Σ.
Hence, a Normal-Inverse-Wishart family of distributions over the reduced-form parameters (A, Σ) is
characterized by the four following parameters: a scalar ν > n and an n × n symmetric and positive definite
matrix Φ that determine the Inverse-Wishart distribution; and an m×n matrix Ψ and an m×m symmetric
and positive definite matrix Ω that characterize the normal distribution. More formally, Σ ∼ IW (ν, Φ)
with ν degrees of freedom and scale matrix Φ, whereas α | Σ ∼ N (Ψ, Σ ⊗ Ω) with α = vec(A).
If the prior distribution over the reduced-form parameters is N IW (ν̄, Φ̄, Ψ̄, Ω̄), then the corresponding posterior distribution, obtained by multiplying the prior density by the likelihood function, is
N IW (ν̃, Φ̃, Ψ̃, Ω̃) with
ν̃ = T + ν̄
Ω̃ = (X 0 X + Ω̄−1 )−1
Ψ̃ = Ω̃(X 0 Y + Ω̄−1 Ψ̄)
Φ̃ = Y 0 Y + Φ̄ + Ψ̄0 Ω̄−1 Ψ̄ − Ψ̃0 Ω̃−1 Ψ̃
where Y = [y1 ... yT ]0 and X = [x1 ... xT ]0 .
For the choice of the prior for the NIW distribution, I follow Giannone et al. (2015) who combine
three of the most commonly used conjugate priors in the literature - the Minnesota, sum-of-coefficients,
and dummy-initial-observation priors - in order to make inferences about the informativeness of BVARs’
prior distributions, and show that this leads to more accurate and economically plausible IRFs . In
particular I chose the following parameter values for my baseline’s prior specification: ν̄ = n, Ω̄ = Im ,
Φ̄ = In , and Ψ̄ = 0m,n .
If π(Q | A, Σ) is a conditional uniform density over O(n), then prior densities of the form
N IW(ν̄,Φ̄,Ψ̄,Ω̄) (A, Σ)π(Q | A, Σ) over the orthogonal reduced-form parametrization will be conjugate.
As Arias et al. (2018), I call it the Uniform-Normal-Inverse-Wishart (UNIW) distribution over the orthogonal reduced-form parametrization, and denote it by U N IW (ν, Φ, Ψ, Ω). This family of distributions is
conjugate as well.
Given the density over the orthogonal reduced-form parametrization U N IW(ν,Φ,Ψ,Ω) (A, Σ, Q) and the
previously defined mapping function fh (B0 , B+ ) = (A, Σ, Q), the density over the structural parametriza-

17 Details

of the change of variables results can be found in section 2.4 of their paper. One of Arias et al. (2018)’s key
contributions has been to propose a generalization of the change of variables theorem (Theorem 3 in the paper) to
settings which combine sign and zero restrictions.
18 A family of distributions is conjugate if the prior distribution being a member of this family implies that the posterior
distribution is also a member of the family.
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tion induced by the UNIW density is
N GN(ν,Φ,Ψ,Ω) (B0 , B+ ) = U N IW(ν,Φ,Ψ,Ω) (fh (B0 , B+ ))vfh (B0 , B+ )
 1

∝| det(B0 ) |ν−n exp − vec(B0 )0 (In ⊗ Φ)vec(B0 )
2

 1
× exp − vec(B+ − ΨB0 )0 (In ⊗ Ω)−1 vec(B+ − ΨB0 )
2

(7)

The corresponding distribution is the family of conjugate distributions Normal-Generalized-Normal denoted
by N GN (ν, Φ, Ψ, Ω), and drawing from this distribution is equivalent to independently drawing (A, Σ, Q)
from a Uniform-Normal-Inverse-Wishart distribution U N IW(ν,Φ,Ψ,Ω) (A, Σ, Q) and then transforming the
draws into the structural parameters (B0 , B+ ) using fh−1 . Besides,
vfh (B0 , B+ ) = 2

n(n+1)
2

| det(B0 ) |−(2n+m+1)

is the volume element19 of fh at (B0 , B+ ), and is essential for drawing from the density over the structural
parametrization when zero restrictions are imposed on top of sign restrictions.
Finally, the independent draws from the Uniform-Normal-Inverse-Wishart posterior distribution that
satisfy the sign and zero restrictions are simulated using an Importance sampler, before being ultimately
transformed into the structural parameters (B0 , B+ ) via the mapping function fh−1 and used for inference.

C. Appendix III. Arias et al. (2018)’s Sign and Zero Restrictions
Algorithm Steps.
Arias et al. (2018)’s algorithm makes independent draws from the Normal-Generalized-Normal posterior
distributions over the structural parametrization conditional on the sign and zero restrictions. It proceeds
as follows:
1. Draw (α, Σ) independently from the N IW (ν, Φ, Ψ, Ω) distribution.
2. For 1 ≤ j ≤ n, draw xj ∈ Rn+1−j−zj independently from a standard normal distribution and set
wj =

xj
kxj k .

3. Define Q = [q1 ... qn ] recursively by qj = Kj wj for any matrix Kj whose columns form an orthonormal

0 0
basis for the null space of the (j −1+zj )×n matrix Mj = q1 ... qj−1 Zj F fh−1 (A, Σ, In )
, where

Zj F fh−1 (A, Σ, In ) is derived from the zero restrictions condition in the structural parametrization,


that is Zj F (B0 , B+ )ej = Zj F fh−1 (A, Σ, Q) ej = Zj F fh−1 (A, Σ, In ) Qej = 0, for 1 ≤ j ≤ n. Q is
orthogonal and Kj is obtained by QR decomposition of an n × n invertible matrix.
4. Set (B0 , B+ ) = fh−1 (A, Σ, Q).
5. (i) If (B0 , B+ ) satisfies the sign restrictions, then set its importance weight to
N GN(ν,Φ,Ψ,Ω) (B0 , B+ )
| det(B0 ) |−(2n+m+1)
∝
N IW(ν,Φ,Ψ,Ω) (A, Σ)v(g◦fh )|Z (B0 , B+ )
v(g◦fh )|Z (B0 , B+ )
19 For

a more formal definition of the volume element and the technical conditions of its use in a setting where zero restrictions
are imposed in addition to sign restrictions, refer to Theorem 3 in section 2.4. of Arias et al. (2018)
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where (A, Σ, Q) = fh (B0 , B+ ) and Z denotes the set of all structural parameters that satisfy the
zero restrictions. v(g◦fh )|Z (B0 , B+ ) is the volume element of g ◦ fh at (B0 , B+ ), with g ◦ fh being the
inverse of the composite function that maps (A, Σ, w1 , ..., wn ) to (A, Σ, Q) in step 3 and (A, Σ, Q)
to (B0 , B+ ) = fh−1 (A, Σ, Q) in step 4.
(ii) Otherwise, set the importance weight to zero.
6. Return to Step 1 until the required number of draws has been obtained.
7. Re-sample with replacement using the importance weights so as to have unweighted and independent
draws.

D. Appendix IV. Further Robustness Exercises.
The Extended Model with Flat Priors
As with the use of alternative priors in the baseline model, my main result is not surprisingly unchanged
when flat priors are used in the estimation the model extended to include the three additional control
variables defined in section 4.2.1.
(a) Credit demand shock

(b) Credit supply shock

Figure 8: Impulse response functions for the extended model with flat priors. Panel (a) represents the IRFs to a one
standard deviation credit demand shock, whereas panel (b) illustrates the IRFs for a one standard deviation credit supply
shock. The solide curves represent the point-wise posterior medians, and the shaded areas represent the 68% equally tailed
point-wise probability bands. The figure is based on 10,000 independent draws obtained using Arias et al. (2018)’s algorithm.

Alternative Definition of the Volume of Loans Growth Rate
In this exercise, I construct an alternative loan volume growth rate by averaging over the loan volume
growth rates of households and firms respectively, using data from the BoE Money and Credit Statistics.
I then include this new variable in the 5-variable VAR specification of the model with the loan volume
growth rate, and find similar results as illustrated in Figure 9 below.
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(a) Credit demand shock

(b) Credit supply shock

Figure 9: Impulse response functions for the model with alternative definition of the loan volume growth rate. Panel
(a) represents the IRFs to a one standard deviation credit demand shock, whereas panel (b) illustrates the IRFs for a one
standard deviation credit supply shock. The solide curves represent the point-wise posterior medians, and the shaded areas
represent the 68% equally tailed point-wise probability bands. The figure is based on 10,000 independent draws obtained
using Arias et al. (2018)’s algorithm.
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