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Abstract
We disentangle credit supply and demand and we then embed this information into a Bayesian
threshold VAR model to investigate the importance of the demand channel and the broad credit channel
in the transmission of unconventional monetary policy on the macroeconomy during financial stress
periods. We find that during such periods, UMP shocks boost aggregate demand for loans, increase
agents' net worth and revitalize credit to firms and households. In addition, counterfactual analysis
suggests that non-standard policy measures aiming at stimulating loan demand and relaxing banks'
balance sheet constraints would provide a significant support to economic activity, prices and the
financial sector.

Keywords: Unconventional monetary policy; Credit channel; Threshold-VAR
JEL codes: C11, C32, E44, E52

1

1. Introduction
The ECB’s non-standard measures have been mainly focused on banks, to improve their funding and liquidity
conditions and to address impairments in the traditional transmission mechanism by increasing the credit demand
and supply, in order to cope with anemic growth and below-target inflation in the euro area. On the demand side, if
the introduction of non-standard measures is interpreted as a signal that policy rates will remain at the zero lower
bound for longer than previously expected, the long-term interest rates would continue to fall in line with the
expectations hypothesis. This would have a positive impact on general financing terms and therefore the demand for
loans. In addition, unconventional monetary policy (UMP) could influence the supply of credit, affecting the capital
and liquidity positions of banks while at the same time, non-standard measures can also affect the creditworthiness
of borrowers and thus the agency cost of lending.
It is unsurprising therefore that policymakers and academics are interested in the mechanisms linking UMP,
provision of credit and the macroeconomy. Indeed, this paper seeks to deal with the following issues. Specifically,
given the necessity of non-standard measures especially during periods of financial instability and crises, we
investigate the impact of UMP on loan demand and supply associated with periods of financial instability. To answer
this, we use a Bayesian threshold VAR (T-VAR) model including a measure of financial stress that is able to separate
effectively high and low financial stress periods. In addition, we link the credit sector with the macroeconomy by
conducting counterfactual experiments to investigate the importance of the loan demand channel and the broad
credit channel (bank lending channel and borrowers' balance sheet) in the transmission of UMP on the
macroeconomy.
Our paper is related to the literature on the role played by the credit channel in the transmission of nonstandard monetary policy. Past studies on the link between non-standard measures and the credit channel include
Bowman et al. (2015) for Japan, Rodnyansky and Darmouni (2017) for the US, Joyce and Spaltro (2014) for the UK.
The main finding is that asset purchase programmes significantly affect bank lending. Similarly, Salachas et al.
(2017), Garcia-Posada and Marchetti (2016), Eser and Schwaab (2016), Darracq-Paries and De Santis (2013) and
Giannone et al. (2012) for the euro area provide evidence of a significant decline in lending rates and an increase in
credit to the private sector in response to the introduction of large scale asset purchase programmes.
2. Data description and Model
2.1 Data description
The dataset covers an extended period including both tranquil and non-tranquil times, spanning from
2003:01 to 2017:12. Our macroeconomic variables consist of the natural logarithms of industrial production (IP),
HICP (Harmonised Index of Consumer Prices) and the Euro Stoxx 50 while EONIA (overnight interbank rate) is used

2

as a proxy for the policy rate. Following Kapetanios et al. (2012) and Baumeister and Benati (2013), we use the yield
spread (ten year Government bond minus the three month Treasury rate) as a measure for the stance of UMP. All
variables were taken from the ECB Statistical Data Warehouse.
.

For the credit variables, we use the dataset provided by the euro-area Bank Lending Survey (BLS). The

BLS is addressed to senior loan officers of a representative sample of euro area banks (comprising around 150
institutions) and contains information on the demand for loans received from firms and households, on the lending
standards that banks apply to customers, as well as on the factors that may lead the banks to alter their lending
standards (factors related to change in borrowers' financial position and factors related to changes in banks net
worth). As Ciccarelli et al. (2013, 2015) point out, this combined information from BLS allow us to disentangle the
effect of the demand for loans (loan demand channel), the bank lending channel (loan supply) and the borrowers'
quality (balance sheet channel). The detailed list of the questions used in our paper is presented in the appendix but
we provide a succinct description in what follows. Regarding the demand for loans, we use two questions which refer
to the examination of how the demand for loans to enterprises or households has changed over the previous period
(past three months). The calculation of the change in demand is conducted by the difference of the banks answering
increase and the banks answering decrease for this period. In terms of loan supply, we calculate the difference of the
banks’ answers regarding tightening and easing of credit standards for enterprises and households. With respect to
the borrowers’ quality, we consider the change in the perception of risk for enterprises and households in terms of
economic situation and outlook, creditworthiness and collateral. Again, the calculation is based on the difference in
the number of banks answering tightening and easing in credit standards. Figure 1 illustrates the three series.
Figure 1: Series for the demand for loans, loan supply and borrowers quality.
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We note a severe collapse in the demand for loans together with a sharp tightening of credit conditions and a strong
deterioration of borrowers' net worth in the post crisis period, from 2008 up to 2014. However, since mid 2014 onwards,
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these trends on both credit demand and supply were reversed possibly due to the adoption of non-standard measures
by the ECB.
Regarding the threshold variable, we construct a measure of financial uncertainty (or financial stress) by
using the Diebold-Yilmaz (2012) methodology. This method allows us to examine the connectedness of a system that
includes ten financial and macroeconomic indicators by testing the material instabilities arising from volatility dynamics
among the selected variables 1. Empirical researches show that during crisis periods volatility dynamics are escalated
(Klößner and Sekkel, 2013; Mumtaz and Theodoridis, 2015 among others). We, therefore anticipate that sharp
increases in the financial uncertainty index should indicate periods with financial turmoil and this measure shall
disentangle tranquil and non-tranquil periods. We plot the financial uncertainty index together with the associated
stress regimes as identified by the model in section 3. Suffice it here to say that our measure of financial stress is a
suitable tool in capturing periods of high and low financial distress in the Eurozone.

2.2 Model setup
Widespread empirical evidence (see for example Peersman and Smets, 2005; Evgenidis and Tsaganos,
2017; Evgenidis et. al., 2019) has been produced that highlights the asymmetries in the effects of monetary policy on
the economy and the fact that financial stress conditions play a role as a nonlinear propagator of monetary policy
shocks. We investigate the impact of UMP on the credit sector and the macroeconomy conditioning on the presence
of high and low financial stress periods by using a T-VAR model composed of an explicit threshold variable which
allows regimes to switch endogenously.

(1)

where

is the matrix of endogenous variables,

are coefficient matrices,

threshold variable that is also endogenous is denoted by

,

are the constant terms; the

is the threshold level while d is the delay

parameter. Based on standard information criteria, the specification that we follow is a two-lag VAR with the threshold
1

The variables used in the construction of the financial uncertainty index are, industrial production, HICP, EONIA rate, money supply (M1), the realized

volatility of the stock market, the spread between the three month EURIBOR rate and one month interbank rate, the spread between the ten year corporate
Eurozone BBB bond rate and ten year German government bond rate, the spread between bank lending and deposit rates, total loans’ growth rate and last, the
growth rate of the ECB's total assets.
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variable delayed by two periods. Practically, the latter implies that the economy is prone to enter the stress regime
within two months after the threshold is reached.
The T-VAR includes all nine variables as described in section 2.1. We estimate our model by adopting a
Bayesian approach. As discussed in Koop (2017), structural analysis is benefited from Bayesian VARs as without
prior information it is hard to obtain precise estimates of so many coefficients and features such as impulse
responses tend to be imprecisely estimated. We use a dummy observation prior as described in Blake and Mumtaz
(2012) while the estimation is performed by using a Gibbs algorithm to obtain the parameters

, where

i=1,2, depending on which regime the economy lies. Details on the prior, the posterior distributions and the
estimation algorithm are provided in the appendix. The main intuition behind it is straightforward. We first sample the
VAR parameters

from a conditional posterior normal distribution. Given a draw of

from a conditional inverse-Wishart distribution. Finally, given the values of
parameter

and

, we then draw

, we sample the threshold

by a using a Metropolis Hastings algorithm within the Gibbs algorithm.

Once the posterior distributions are obtained, we follow Koop et al. (1996) by estimating generalized
impulse responses (GIR). Koop et al. (1996) support that impulse responses in non-linear models such as T-VARs,
are dependent on size, sign and history, which is in contrast to those produced by linear VAR models. Therefore,
they introduce GIR that take into account the possibility of endogenous switches between regimes. Practically, GIR
are calculated as differences between conditional expectations derived by simulating the model under a shock
scenario to the variable of interest and under a no shock scenario. Formally, GIR for a given regime are defined as:
(2)
where

is the vector that contains the responses of variables at horizon k,

the parameters and hyperparameters of the model, and

is the information set that includes

is the shock of interest which in our case is a reduction in

the yield spread. There are two things that worth mentioning regarding GIRs. First, the economy is allowed to freely
switch from stress to non-stress periods or vice versa over the forecasting horizon, depending on the sign and the
size of the shock. For instance, in our case it is highly probable that a large deterioration in the financial conditions
may lead the economy to switch away from its starting non-stress regime. Second, even within a specific regime, the
responses depend on the specific history of the system

) prior to the shock. For example, the core macro

indicators may respond different to UMP shocks when the measure of financial stress fluctuates at very low levels
and when it is marginally below its threshold value, even though both are cases of non-stress periods. The algorithm
for the estimation of GIR is provided in the appendix. Regarding identification, to identify UMP shocks, we use the
sign restrictions scheme proposed by Baumeister and Benati (2013) and Kapetanios et al. (2012) according to which
an expansionary yield spread shock leads to a contemporaneous decrease in the yield spread, a rise in inflation,
output and the stock market index, but leaves the policy rate unchanged.
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3. Empirical findings
The regime classification estimated by the T-VAR model is shown in Figure 2 that depicts the financial
stress index estimated by using Diebold and Yilmaz (2012) method and the associated financial stress regimes. The
figure suggests that the financial stress index was highest in the Eurozone in the aftermath of the 2007 subprime
crisis and in the peak of the European sovereign debt crisis in 2012. Shaded areas identify periods when the financial
stress index exceeds the estimated critical threshold

(regime 2), implying that the eurozone economy is

witnessing financial distress. Note how well the high stress regimes as produced by the model identify the financial
stress episodes in the euro area. In particular, the threshold splits the sample into a high stress (or crisis) regime with
52 observations and a low stress regime with the remaining portion. Such separation is consistent with the fact that
duration of expansions is higher than the duration of recessions and it also ensures that there are enough
observations in each regime to avoid possible biases in our results.
Figure 2. Financial stress regimes and the financial stress index
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Figure 3 presents the responses of the credit variables to a negative 25-basis points shock in the yield spread
associated to low and high financial stress regimes. The responses associated to periods of low stress are depicted
in blue and the responses associated with high stress periods are pictured in light red. The figure reports the median
estimates with the 68% error bands.
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Figure 3: Credit responses to a yield spread compression across high and low stress periods

The figure shows that estimates across financial regimes differ in terms of significance; the responses in the
high stress regime for all three variables are much more pronounced compared to the responses of the low stress
regime that are more mild and insignificant for most of the forecasting horizon. In particular, we note that in the crisis
regime, there is a positive and significant response of loan demand indicating that UMP shocks increase the total
demand for loans during episodes of financial distress. The responses of supply of loans and borrowers quality are
significantly negative in the crisis regime suggesting a loosening in lending standards and an improvement in
borrowers' net worth correspondingly. Taken together, the results highlight the fact that during periods of financial
distress - such as the European sovereign debt crisis between 2010-2012 that is successfully captured by our model
as mentioned above - the implementation of non-standard measures by the ECB boosts aggregate demand for
loans, increases agents' net worth and revitalizes credit to firms and households. Our results are in line with Altavilla
et el. (2016), Boeckx et al. (2017) and Albertazzi et al. (2018) in the eurozone who find that UMP measures led to an
increase in credit to the private sector. Regarding loan demand, recent literature offers mixed evidence. According to
Filardo and Siklos (2018), UMP shocks lead to downward revisions in loan demand due to the information being
interpreted as a pessimistic revision to expectations about the economic health of the economy. On the other hand,
Guth (2018) finds that UMP leads to positive effects, possibly because the policy is interpreted as a signal that policy
rates will remain at the zero lower bound for longer than previously expected, thus boosting loan demand. Our results
suggest that the latter mechanism prevails.
Taking into account the nonlinear nature of our model, the effectiveness of UMP shocks may be different
depending on sign and size of the shock. Figure 4 compares the response of industrial production to small and large
shocks (one and three standard deviation shocks correspondingly) and positive and negative yield spread shocks
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(that is, contractionary and expansionary monetary policy respectively). The blue responses show the impact on IP of
expansionary policy shocks in crisis times while the green responses depict the impact of contractionary monetary
policy shocks in normal times (shaded areas represent the 68% error bands). Inspection of both panels separately
reveals an interesting asymmetry. We observe that contractionary UMP shocks, such as quantitative tightening,
during normal times causes a bigger change in industrial production than expansionary UMP shocks of equal size. In
particular, contractionary policy shocks have more powerful negative effects on economic activity during normal
periods, compared with a rise in economic activity due to expansionary policies during crises. Note that the
comparison between the two figures shows that the drop in economic activity is much bigger in the case of large
shocks. The upshot is that there is no evidence that the effect of unwinding UMP is symmetrical on the way down.
Our finding is in line with recent literature on conventional monetary policy according to which changes in the policy
rate are more effective during economic expansions than during recessions (Tenreyro and Thwaites, 2016;
Barnichon et al. 2017).
Figure 4. IP responses to small vs large and positive vs negative UMP shocks

Next, we use our T-VAR model to perform counterfactual experiments in order to investigate the importance
of loan demand, loan supply and borrowers quality in the transmission of UMP shocks on the macroeconomy during
high stress periods. We build the counterfactuals as hypothetical impulse responses which depict only the direct
impact of UMP shocks on the macroeconomic variables and neutralize the indirect effect through each of the three
credit channels. This is done by constructing a counterfactual sequence of shocks to the credit variables such that
the impulse response of each of these variables to UMP shocks is equal to zero at all horizons. The comparison of
these counterfactual responses with the actual responses estimated in the unrestricted model give us a statistical
measure of the importance of the each of these channels on the transmission of the policy shock. This approach to
constructing counterfactuals is not without criticism and may potentially be subject to the Lucas Critique, i.e. historical
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relationships tend to collapse in the light of changing policies (Lucas 1976). However, as noted in other studies that
use the BLS (Ciccarelli et al., 2013; 2015), the richness of the database allows us to map the credit channel into
concrete observables and moreover, the advantage of estimating a model that correctly separates between crisis and
non-crisis periods and thus captures the true underlying conditions of the economy in each regime (Darracq-Paries
and De Santis, 2013), make our results trustworthy and less sensitive to the critique.
Figure 5: Counterfactuals - shutting down the loan demand channel

Figure 6: Counterfactuals - shutting down the loan supply channel
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Figure 7: Counterfactuals - shutting down the borrowers quality channel

Figures 5, 6, and 7 show the results. The red sold lines represent the median responses of the
macroeconomic and financial variables computed in the unrestricted T-VAR together with the 68% confidence bands
while the dotted lines show the median response from the counterfactual experiment. We observe that shutting down
each credit variable to UMP shocks leads to significant declines of the responses of industrial production and - more
evidently - on inflation, indicating that the broad credit channel and the loan demand channel are critical to the
transmission of UMP shocks on the macroeconomy during crises periods. Note that closing down the borrowers'
quality and the loan supply would have a more persistent effect on IP that the loan demand channel. Furthermore, if
we shut down all channels, the counterfactual impulse responses of the stock market in the first seven to eight
months after the shock are lower in magnitude compared to their counterparts in the unrestricted case while the
effect is not statistically significant thereafter. Note that the broad credit channel (loan supply and borrowers quality)
is quantitatively more important than the loan demand channel in the transmission of the shock to stock markets.
Last, we observe that the counterfactual response of the financial stress indicator to UMP changes is significantly
higher when we shut down all three channels (note that a negative response is beneficial for the economy as it
represents a decrease in the overall level of stress in the financial system), indicating that UMP reduces the level of
financial stress in the economy.
Our findings are robust to various changes in the specification of the benchmark model. In particular, we
replicate the benchmark analysis by adding two alternative indicators of financial stress in the EMU, the CISS
(composite indicator of systemic stress) indicator (see Holo et al., 2012) and the corporate bond spread defined as
the difference between the Merrill Lynch EMU corporate bond index (Euro denominated below investment grade
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corporate debt) and the 10-year benchmark government bond rate for EMU. The latter variable includes a high-risk
security against a low-risk government security and shall indicate stress periods given that credit, liquidity and real
economy shocks would result in sharp increases of the spread. In each specification, both our uncertainty index and
the alternative financial stress measure are included in the vector of endogenous variables but the alternative
indicator is now used as a threshold variable. The results are depicted in the first two rows of Figure 8 (note that red
lines show the responses in stressed periods while blue lines depict the responses during normal times). Neither of
these specifications alter our main results. Specifically, the responses of the three credit variables to a yield spread
cut display a strong asymmetry across financial stress regimes; the responses of loan supply and borrowers quality
fall significantly more during crises periods while the positive response of loan demand is significantly higher in the
crisis regime compared to normal periods.
Next, we estimate two additional versions of the benchmark model. First, we estimate a version of the model
by adopting a stronger restriction by forcing all the variables in the system to respond to UMP shocks with a lag, i.e
an expansionary yield spread shock has a zero impact on all variables contemporaneously. Secondly, we provide
alternative estimations of UMP shocks via sign restrictions. Specifically, we augment the vector of endogenous
variables by adding the ECB's total assets and following Boeckx et al. (2017) we assume that an expansionary
balance sheet shock increases the balance sheet of the central bank, has a zero impact on output and consumer
prices contemporaneously, decreases the yield spread and leaves the policy rate unchanged. The results from both
models are shown in the last two lines of figure 8. Again, responses are similar to the benchmark case with the stress
regime generating a much larger and significant fall in the responses of loan supply and borrowers quality and a
significant rise in loan demand.
Figure 8: Robustness checks
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4. Conclusion
Evidence in this paper highlights the stimulating effects of UMP on the euro area macroeconomy through
the credit channel. In particular, UMP positively affects the demand for loans, allows banks to soften their lending
standards and improves borrowers' net worth during periods of heightened financial stress. Considering the role
played by the credit sector in the transmission mechanism in the euro area we find that the broad credit channel
and the loan demand channel are critical to the transmission of UMP shocks on economic activity, prices and the
stock market during crises periods. Overall, our results give some indications on policymaking actions to be
pursued during periods of heightened financial stress. This paper suggests that non-standard policy measures
aiming at stimulating loan demand and relaxing banks' balance sheet constraints would provide a significant
support to the macroeconomy and the financial sector.
The structural developments in combination with shifts in government and monetary policies may have
altered the dynamics of eurozone macroeconomic and credit variables and their co-movements over the last two
decades. Therefore, investigating how the importance of the credit channel in the monetary transmission
mechanism may have changed changed over time will be developed further in future research.
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Appendix

A. Construction of the Credit Provision dataset – ECB Bank Lending Survey
Note: The Table presents the detailed list of the questions used in this paper retrieved by ECB Bank Lending Survey (refer to
http://sdw.ecb.europa.eu/browse.do?node=9691151). The methodology and the detailed questionnaire is updated in April 2015.
For the purpose of our study, the column “Generated Field” includes the calculations we executed to quantify the Demand for
Loans, Supply of Loans and Borrowers’ Quality.

Question in ECB BLS

Number

Construction

Definition

Generated
Field

Over the past three months (apart from
normal seasonal fluctuations), how has
the demand for loans or credit lines to
enterprises changed at your bank?

Q6

Net percentage of
banks reporting an
increase of the
demand for loans

Difference between the sum of banks
answering “increased considerably”
and “increased somewhat” and the
sum of banks answering “decreased
somewhat” and “decreased
considerably” in percentage of the
total number of banks

Average of
sum
percentages
in Q6 and
Q18

Over the past three months (apart from
normal seasonal fluctuations), how has
the demand for loans to households
changed at your bank?

Q18

Net percentage of
banks reporting an
increase of the
demand for loans

Difference between the sum of banks
answering “increased considerably”
and “increased somewhat” and the
sum of banks answering “decreased
somewhat” and “decreased
considerably” in percentage of the
total number of banks

Over the past three months, how have
your bank’s credit standards as applied
to the approval of loans or credit lines
to enterprises changed?

Q1

Net percentage of
banks reporting a
tightening of credit
standards

Difference between the sum of banks
answering “tightened considerably”
and “tightened somewhat” and the
sum of banks answering “eased
somewhat” and “eased considerably”
in percentage of the total number of
banks.

Over the past three months, how have
your bank’s credit standards as applied
to the approval of loans to households
changed?

Q10

Net percentage of
banks reporting a
tightening of credit
standards

Difference between the sum of banks
answering “tightened considerably”
and “tightened somewhat” and the
sum of banks answering “eased
somewhat” and “eased considerably”
in percentage of the total number of

Demand for Loans

Supply of Loans
Average of
sum
percentages
in Q1 and
Q10
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Question in ECB BLS

Number

Construction

Definition

Generated
Field

Average of
sum
percentages
in Q2,C
Q11,C and
Q10 14,C

banks.

Borrowers' Quality
Over the past three months, how have
the following factors affected your
bank’s credit standards as applied to
the approval of loans or credit lines to
enterprises?
Perception of risk
- General economic situation and
outlook
- Industry or firm-specific situation and
outlook/borrower's creditworthiness
- Risk related to the collateral
demanded

Q2, C

Net percentage of
banks reporting a
tightening of credit
standards

Difference between the sum of banks
answering “tightened considerably”
and “tightened somewhat” and the
sum of banks answering “eased
somewhat” and “eased considerably”
in percentage of the total number of
banks.

Over the past three months, how have
the following factors affected your
bank’s credit standards as applied to
the approval of loans to households for
house purchase?
Perception of risk
- General economic situation and
outlook
- Housing market prospects, including
expected house
price developments
- Borrower’s creditworthiness

Q11, C

Net percentage of
banks reporting a
tightening of credit
standards

Difference between the sum of banks
answering “tightened considerably”
and “tightened somewhat” and the
sum of banks answering “eased
somewhat” and “eased considerably”
in percentage of the total number of
banks.

Over the past three months, how have
the following factors affected your
bank’s credit standards as applied to
the approval of consumer credit and
other lending to households
Perception of risk
- General economic situation and
outlook
- Creditworthiness of consumers
price developments
- Risk on the collateral demanded

Q14, C

Net percentage of
banks reporting a
tightening of credit
standards

Difference between the sum of banks
answering “tightened considerably”
and “tightened somewhat” and the
sum of banks answering “eased
somewhat” and “eased considerably”
in percentage of the total number of
banks.
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Question in ECB BLS

Number

Construction

Definition

Generated
Field

B. Estimation of the T-VAR model
The T-VAR is represented by the following equation:

where

denote the constant terms,

lag polynomial matrices,
known and

is the matrix of n endogenous variables,

and

are

is the threshold variable, d is the time lag which is assumed to be

is the threshold level. The time lag d typically denotes the delay of the threshold variable in

determining the regimes. According to the literature, the threshold variable should be assumed to have a
certain delay in determining the regimes to prevent potential problems of endogeneity between the
identified shock and the regimes. We set the delay parameter equal to two.
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We estimate the T-VAR depicted in (1) by performing a Gibbs algorithm to obtain the parameters
, where i=1,2, depending on which regime the economy lies. We first sample the VAR parameters
from a conditional posterior normal distribution. In addition,

, which is the covariance matrix

of the reduced form errors, is drawn from a conditional inverse-Wishart distribution. Then, we sample the
threshold parameter

by a using a Metropolis Hastings (MH) algorithm within the Gibbs algorithm. In

particular:
The priors are set as follows: We set a dummy prior as discussed in Blake and Mumtaz (2012):

(2)

where
prior,
models, and

,

are the prior means for the coefficients on the first lags in the Minnesota

denote the standard deviation of the OLS residual obtained from individual auto-regressive
controls the overall tightness of the prior distribution around the random walk or white noise.

The latter governs the relative importance of the prior beliefs with respect to the information contained in
the data. For example, if
estimates. We set

, then the prior equals to posterior and the data do not influence the
following Banbura et al. (2010) who suggest that the overall tightness of this

prior should be chosen in relation to the size of the VAR. To give an intuition on the structure of the priors in
equation (2), the first block of dummies imposes prior beliefs on the autoregressive coefficients
corresponding to the endogenous variables of the model. The second block implements the prior on the
error covariance matrix while the third block reflects the intercept which is set to a very small number.
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Since the variables in our Τ-VAR have a unit root, we use the sum-of-coefficients approach to favor unit
roots. We implement this by adding the following dummy observations:

(3)

where

captures the average level of variable

degree of shrinkage. As

and

is the hyperparameter which controls the

goes to zero we approach the case of exact differences, while as

goes to

,

the prior is implemented less tightly. We follow the relative literature by setting a loose prior with τ=10λ.
We use a Gibbs sampling algorithm to approximate the posterior distributions of the model
parameters. According to Uhlig (2005), this approach offers a convenient method to estimate error bands
for impulse responses. The details of the conditional distributions and the estimation algorithm are
described next. The conditional posterior distribution of

follows the normal distribution and is

given by:

while the conditional posterior distribution of

is given by the inverse Wishart distribution:

,

where
in

, and

(5)

,

,
with

denotes the number of rows

being the dummy observations that define the

prior for the left and the right hand side of the TVAR respectively.
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The Gibbs sampler cycles through the following steps. We begin by setting the priors as explained
above. We also set an initial value

for the threshold variable. Here we follow the literature (Blake and

Mumtaz, 2012) by using the mean of the threshold variable. Next, we:
(i) Separate the data into two regimes. The first regime includes all observations such that

. The

second regime includes all observations such that
(ii) Sample the parameters

in each regime for

according to the conditional posterior

distributions (4) and (5).
(iii) Apply a Metropolis Hastings random walk algorithm to sample the threshold value

. This process

goes as follows. We assume that the prior of

follows the normal distribution with

;

we use the mean of the threshold variable as

and the variance of the series as

. Then we draw a

new value of the threshold from the random walk process:

=

. Afterwards, we

compute the acceptance probability:

(6)

where

is the likelihood of the parameters, as the product of the likelihoods in the two

regimes. Accordingly, the log likelihood in each regime is defined as:
(7)

We then draw

. If

accept

else retain

.

(iv)Repeat steps (i) to (iii) 50,000 times, discarding the first 40,000 as burn-in. The last 10,000 iterations are
used to form the empirical distribution of our parameters.
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C. Estimation of GIR
For simplicity, let

contain all the history of the system up to t-1 (

hyperparamaters of the model

) and the parameters and

. GIR for a given regime are defined as:

(8)
where

is the vector that contains the responses of variables at horizon k, and

is the shock of

interest.
The following steps are separately employed for each regime. First (i), given a Gibbs draw, a sequence of
initial values of the actual and contiguous lagged values of the endogenous variables
corresponding to a particular history
of shocks

is chosen,

falling under one of the two regimes. Then (ii), a random sample

is drawn based on the variance-covariance matrix of the residuals of the estimated VAR

model. For each sequence of shocks, (iii) a path of the evolution of endogenous variables is simulated
conditional on

, on the estimated coefficients for both regimes and using the shock process

.

Hence, the model is allowed to change regimes over the forecast horizon. The resulting sequence is
denoted by

. In the next step (iv), conditional on

using the same series of random shocks

, on the estimated coefficients and

, we impose an extra structural shock,

resulting sequence provides another estimate for

on

. The

. Next, (v) steps (ii) to (iv) are

repeated K=500 times. Then, (vi), take the means of the forecasts over K and calculate the difference
between the means such that:

. Having done this, (vii), repeat steps (ii) to (vi)

for all Gibbs draws and all histories. The result of this step is the impulse response functions. Last, (viii),
take the mean of the resulting impulse response functions from all Gibbs draws. The result is the ultimate
GIR of the respective regime in the T-VAR model.
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