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Abstract
This paper incorporates a jump process into a Vector Autoregression model and
applies it to evaluate monetary policy effects in a fixed exchange rate regime. Financial
variables in a country with a fixed exchange rate regime are often present non-normality.
One of the reasons is that pegs with no capital controls are fragile to speculative attacks.
An attack can result in an abrupt increase in either the interest rate or the exchange
rate. Given that the outliers in the data may bias the estimation, we use the jump component to model and separate outliers from the underlying dynamic system. Based on
the case study of Denmark, we compare the model to alternative VAR models and find
that our model provides better in-sample fittings as well as economic interpretations.
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Introduction

In the finance literature, a jump process is known as a stochastic process that has discrete
instead of small continuous movements. Johannes (2004) defined jumps as relatively large
but infrequent spikes. Jumps are mostly modeled by univariate or multivariate time series methods with high frequency data (usually daily or higher frequency data), which is
often referred to as the jump-diffusion model. A jump-diffusion model is a combination
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of a jump and a continuous random move process, which indicates that prices of financial
instruments have large jumps interspersed with small continuous movements. For example, Bates (1996) used stochastic volatility/diffused jump specification to model the option
price of the Deutsche Mark exchange rate. There is also literature that connects jumps
in financial variables with macroeconomic announcements: Andersen et al. (2003) found
that announcement surprises can generate jumps in the US exchange rate. Johannes (2004)
used Bayesian methods and discussed the role of jump models with both statistical and
economic interpretations. Lahaye et al. (2011) tested both jump and co-jump models on
different types of US assets; they found nonfarm payroll and federal target announcements
are the most import news that explains (co-)jumps. Stroud and Johannes (2014) improved
forecasting stock returns by applying a multifactor stochastic volatility model with jumps,
periodic components, and macroeconomics announcements to intraday data.
There is not much literature directly relating jump processes to lower frequency macroeconomic variables. One paper that falls into this category is Posch (2009). The author built
the jump-diffusion process into a continuous DSGE model and found evidence for jumps
in both monthly and quarterly data on industrial production for the US. According to the
paper, jumps in industrial production data are interpreted as discrete changes in factor
productivity, which are also rare events and an exogenous process.
However, jump models are not commonly used in the macroeconomic analysis in a Vector
Autoregression (VAR) framework, such as the monetary policy literature. This is because,
for monetary policy indicators (financial variables like interest rates or exchange rates),
changes over a long horizon (e.g., quarterly) can be viewed as the sum of changes over a
smaller horizon (e.g., daily). The central limit theorem indicates that the series is more
likely to be normally distributed, which makes it less likely to detect a jump. Moreover,
with the development of stochastic volatility models in VAR (e.g., Uhlig (1997), Cogley and
Sargent (2005), and Primiceri (2005)), it is enough to capture the outliers in a country with
relatively more stable observations, especially for clustered jumps.
Despite that, there are some situations where the jump model could be used in macro
data series: (1) Data in emerging countries or countries with fixed exchange rate regimes are
much more volatile, especially for financial variables. This is not uncommon during crisis
periods, speculative attacks, or policy adjustments. Therefore, even though lower frequency
data are obtained from averaging their higher frequency counterparts (e.g., interest rates),
the change is still large. (2) Using a stochastic volatility model may bring better forecasting,
but it weakens the economic interpretation of the model. The cost of obtaining good
model fitting is that large volumes of data information are captured by error components.
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Moreover, the error term in a stochastic volatility model typically has high persistence;
therefore, it is less capable of handling the case of abrupt changes (evidence can be found
in Stroud et al. (2003)). Jump models, on the other hand, only capture instantaneous large
movements. Hence, they avoid assigning too much information to the error term. So, we
can bring our focus back to the autoregression part. (3) Jump process incorporated into
models in the form of a mixture of normal distributions, which is a flexible to capture the
asymmetric property of the outliers and is easy to implement in the MCMC steps.
In practice, jump episodes overlap with crisis periods. However, in this paper we are not
interested in exploring details of financial crises nor the factors that contribute to jumps;
instead, we focus only on general monetary policy effects.
There are other methods that can be used to deal with outliers. In the frequentist view,
outliers can be addressed by adding dummy variables. However, we should first identify
the jump (or structural change) points. Santos et al. (2008) and Hendry and Mizon (2011)
recently developed a new method to identify outliers and structural changes. They split
the full sample in half and separately searched for outliers by adding impulse indicators to
each observation. The Bayesian jump process, however, is built-in within the model and
no searching for time dummies is required. In the Bayesian view, outliers can be addressed
by either using the t-distribution or mixtures (Gelman et al. (2014); Ciccarelli and Rebucci
(2003)). Student’s t-distribution is also known as a “fat tail” distribution. Therefore,
the error term can capture more “rare events” compared to normally distributed errors.
Nonetheless, the t-distribution assumes a symmetric distribution of errors; estimations will
be biased if error distributions are highly asymmetric. The mixture model, on the other
hand, does not have such restrictions. VAR-Jump is basically a mixture model which
combines two Normal distributions (error and error plus jump). The jump process in the
model consists of two parts: jump probability and jump size. Jump probability controls the
frequency of the jump, which brings enough flexibility to the model.
In this paper, we develop a new method to handle outliers by adding a jump process
into a structural vector autoregression model. Moreover, the method can be easily applied
to other types of VAR models as well (regime switching VAR, TVP-VAR, etc.). Section
2 discusses the background of monetary policy in a fixed exchange rate regime. Section
3 introduces the detailed model and estimation methods. Section 4 discusses the prior
selection and Markov Chain Monte Carlo process. Section 5 applies the model to data for
Denmark. Section 6 concludes.
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Vector Autoregression Models and Monetary Policy in a
Fixed Exchange Rate Regime

Vector Autoregression (VAR) models have been widely used in macroeconomics analysis.
Sims (1980) introduced the method and built a new framework based on dynamic systems,
and VAR models have continued to be developed and been widely applied to macroeconomic
analysis since then. Litterman (1986) introduced the Bayesian non-informative prior, which
is known as the “Minnesota Prior”, and improved estimation and forecasting. Sims and Zha
(2006) developed Markov Switching VAR and captured structural changes of the economy.
Cogley and Sargent (2002) and Cogley and Sargent (2005) used Time-Varying Parameter
VAR to analyze US inflation dynamics after World War II. A VAR model is also frequently
adopted in monetary policy research. Most of the VAR literature on monetary policy focuses
on the countries with floating exchange rate, like the United States or the Euro area. In
those countries, central banks control short run interest rates (or money supply) in response
to domestic inflation and GDP growth changes. This paper, however, puts more emphasis
on monetary policies under fixed exchange rate regimes.
For a country with a fixed exchange rate and unrestricted international capital flows,
the monetary policy trilemma indicates that the country will lose its autonomy on monetary
policy and follow its base country’s policy. In other words, monetary policy is exogenously
determined instead of being affected by domestic variables. di Giovanni and Shambaugh
(2008) found evidence that a high foreign interest rate has contractionary effects on domestic
real GDP when the home country is under a fixed exchange rate regime. Shambaugh (2004)
argues that home interest rate has a higher correlation with base country rates given that
the country is pegged.
Compared to floating exchange rate regimes, using VAR to evaluate monetary policy
effects should be less troublesome for countries with a fixed exchange rate arrangement. This
is because when monetary policy is fully endogenous, a simple recursive ordering scheme
in impulse response analysis is not sufficiently capable to identify monetary policy shocks.
The most well-known puzzle is the “Price Puzzle”, which states that a positive monetary
policy shock raises the price level according to estimated impulse response functions. This
is exactly opposite to what we expect to see according to economic theories. To solve the
issue, additional variables or restriction conditions are needed. For exogenous monetary
policy, however, shocks can be identified more easily.
Although identification may not be a primary concern, outliers in observations are still a
problem when feeding pegged country data into a VAR model. Based on historical records,
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countries with a fixed exchange rate regime and free capital flows are always exposed to
speculative attacks. Hence, they either force the central bank to raise the interest rate to
a very high level to defend the attack (in the UIP, it can be interpreted as the expected
depreciation rate of the currency increases), or to let the currency float. Meanwhile, the
magnitude of the change is usually large, and would be more likely to be treated as an
outlier in the data. In an economic sense, the short run interest rate is the key indicator of
monetary policy. However, the interest rate in those episodes does not properly reflect the
systematic monetary policy. Instead, they are a kind of “threat” made by the central bank
to prevent investors from shorting the currency, or the change of expectations on exchange
rate changes.
Besides the interest rate and exchange rate, other variables with higher frequency data
may also contain outliers. For example, Chiu et al. (2017) found strong evidence of outliers
in US industrial production. Cúrdia et al. (2014) argued that it is important to consider
rare large shocks, and they adopted a DSGE model with Student’s t errors to estimate the
US business cycle.
The VAR model would be a highly persistent dynamic system. A sudden large change
will both overestimate the variance–covariance and bias the estimation of autoregressive coefficients. Furthermore, the standard deviation of structure shocks would also be amplified.
Therefore, impulse response functions deduced from the model will be problematic.
Some literature has used VAR to analyze scenarios under fixed exchange rate regimes.
Beier and Storgaard (2006) used over-identified SVAR to evaluate monetary policy in Denmark. However, they skipped the 1993 crisis periods when both interest rate and exchange
rate experienced large changes; Blagov and Funke (2016) used an MS-VAR model to divide the data into two states: high and low credibility peg regimes. They also compared
the impulse responses under different regimes. However, the problem of using two state
Markov Switching VAR is that the number of free parameters to be estimated is more than
doubled. This brings a huge burden to the model estimation when the number of lag is
large. Moreover, a regime that contains outliers still faces the same problem as we discussed
before.

3

Model

In an original Structural VAR model, the error term ut can be written as follows:
ut = B −1 εt
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where εt is the orthogonal (structural) errors and B is the loading matrix, which contains
the structure of the dynamic system. Assuming that the economic structure does not
change, large outliers affect the variable through the structural error. Hence, it is simple
and straightforward to add the jump component onto it.
Consider an SVAR model with a jump component:
Yt = c + Φ1 Yt−1 + φ2 Yt−2 · · · + φp Yt−p + B −1 (εt + Jt

Zt ), where εt ∼ N (0, Σ)

where
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In this paper, we follow Cogley and Sargent (2005), and the structural matrix B is
assumed to be lower triangular. Since the assumption only applies to the just-identified
case, the model can also be extended to be an over-identified SVAR by using the method
proposed by Waggoner and Zha (2003).
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For i = 1 . . . n, Jit ∈ {0, 1} is the scalar jump indicator, defined as Jit = 1 if a jump
occurs at time t for variable i, and Jit = 0 otherwise. We assume that jumps are a priori
independent with P (Jit = 1) = λi for all t. zit is the scalar of jump sizes, which we assume
follows a Normal distribution, zit ∼ N (µzi , σzi ).
Let
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Therefore, the equation becomes:
Yt = ΦXt + B −1 (εt + Jt

Zt ), where εt ∼ N (0, Σ)

The jump sizes Zit follow a Normal distribution so that they are independent across
equations.
The model can be written in compact form:
Y = ΦX + B −1 (ε + J

Z), where ε ∼ N (0, IT ⊗ Σ)

Where
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Once identified the B, we can use it to calculate the impulse response function. Although
it is possible that the structural of the economy may change over–time (Primiceri (2005)),
we only focus on a simple case that the exchange rate is fixed and there is almost no role for
the monetary policy. Structural changes may possibly happen during the “few” abnormal
periods, and it will be absorbed by the jump component.
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Prior and Markov Chain Monte Carlo

For the VAR parameters, we adopt Minnesota-type priors. The basic idea for Minnesota
priors is to shrink the VAR to a random walk process so that it can well address the overfitting problem. Since all variables are converted to be stationary, prior means for the first
lag of the endogenous variables are set as zero.1 Meanwhile, prior means for other variables
are set as zero as well. Variance of the prior V follows Koop and Korobilis (2010).
1

When using levels instead of the first differenced data, the prior mean should be one.
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a1 , a2 , a3 are parameters which control the tightness of the prior.
According to Cogley and Sargent (2005), the non-zero elements of B follow a Normal
distribution such that N (b0 , V0 ), where b0 = 0, V0 = 10 000. The diagonal elements of Σ:
σi follows an inverse-Gamma distribution IG(s0 , ν0 ). We choose a non-informative prior
IG(0.012 /2, 1/2).
The prior of λi follows a Beta distribution Beta(E0 , F0 ). Since there is limited literature
on jump processes on monthly data, setting the priors follows estimated results from Posch
(2009), in which the jump-diffusion model on industrial production series of the US has an
arrival rate of around 4.6 per year based on 1960 to 2008 data. Therefore, I set the prior
distribution parameters for λi in the industrial production equation E0 = 1, F0 = 20, with
a prior mean around 5%. However, since this paper focuses on fixed exchange rate regimes,
a jump in the exchange rate can be interpreted as a successful speculative attack.2 Kraay
(2003) identified successful and failed speculative attacks for 54 industrial and middleincome developing countries over the period 1975–1999. A total of 75 episodes are classified
as successful attacks among 15 768 total observations. Meanwhile, Kraay (2003) also used
upward “spikes” in the interest rate to identify failed attacks, and 54 of the total observations
are identified, 3 which can also be used for calibrating the prior of λ. Based on the frequency
of speculative attacks, we set the prior of jump intensity parameter λ to be around 0.05%
and to follow a distribution of Beta(1, 200). For the CPI equation, since it is less likely to
see a jump in the price level and there is no related literature which we could use to borrow
intuitions, we simply assume the jump probability is very low and adopt the prior of λ on
the price level equation as Beta(1, 20).4
For each i = 1 . . . n, we have the prior for the jump size:
2
2
µzi |σzi
∼ N (m0 , k0−1 σzi
)
2

The jump process captures both directions; however, for a fixed exchange rate regime, it is much more
common to see a huge depreciation of the local currency than the other direction.
3
Some successful attacks may also accompany with jumps in interest rate, but this is not listed in Kraay’s
paper.
4
We also tried different prior setups, and found that this does not affect the results.
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2
σzi
∼ IG(c0 , d0 )
2 follow a Normal-Inverse Gamma distribution: µ , σ 2 |J , Z ∼ N IG(m ,
Therefore, µzi and σzi
i
0
zi zi i

k0 , c0 , d0 ). To make it noninformative, we set the variance of the jump size to ∼ IG(0.012 /2, 1/2)
(Cogley and Sargent (2005)). Since the mean of jump size is conditional on the variance, we
set the prior mean of the jump size m0 and scaling factor k0 to be 0 and 0.01, respectively.5
2 on the
Let λ and µz be the vector of λi and µzi , and Σz be a matrix which has σzi

diagonal elements and 0 on the off-diagonal. The joint posterior distribution for the jump
times, jump sizes, and the parameters is:
p(J, Z, Φ, B, Σ, λ, µz , Σz |Y ) ∝ p(J|λ)p(Z|µz , Σz )p(Φ, B, Σ)p(λ)p(µz , Σz )
Since this distribution is unavailable analytically, we propose a Gibbs sampler to generate
samples from it.
To estimate the model, the Gibbs sampler consists of the following steps:
Step 0. Initialize Φ0 , B 0 , Σ0 , λ0 , µ0z , Σ0z .J 0 , Z 0 .
For each iteration s = 1, . . . , N , repeat the following steps:
Step 1. Draw Φs ∼ p(Φ|Σs−1 , B s−1 , J s−1 , Z s−1 , Y ).
Step 2. Draw B s ∼ p(B|Φs−1 , Σs−1 , J s−1 , Z s−1 , Y ).
Step 3. Draw Σs ∼ p(Σ|Φs−1 , B s−1 , J s−1 , Z s−1 , Y )
Step 4. Draw (λs , µsz , Σsz ) ∼ p(λ, µz , Σz |J s−1 , Z s−1 ).
Step 5. Draw (J s , Z s ) ∼ p(J, Z|Φs , B s−1 , Σs , λs , µsz , Σsz , Y ).
1. Draw the VAR coefficients :
P (Φ|Σ, B, J, Z, Y ) ∝ N (ā, S̄)
where
S̄ = (S0−1 + (BX)0 Σ−1 (BX))−1
ā = S̄(a0 S0 + (BX)0 Σ−1 (BY − J

Z))

2. Draw the identification matrix B:
Let eit = Yit − Φi Xit , we can write the n-variable VAR as follows:
5

Since there is no existing literature for setting the prior of jump size mean, we are trying to make it
have a large variance (flat prior). This is similar to Koop and Korobilis (2010), who use noninformative
conjugate priors on autoregressive parameters.
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Therefore, the second to nth equations can be written in the following system of equations:

(e2t − J2t Z2t )σ2−1 = b21 (−e1t σ2−1 ) + ε2t σ2−1
..
.
(ent − Jnt Znt )σn−1 = bn n−1 (−en−1 t σn−1 ) + · · · + bn1 (−e1t σ2−1 ) + εnt σ2−1
Given the prior for each equation: P (bi ) = N (bi0 , Vi0 ), we can get the posterior distribution: P (bi |Φ, Σ, J, Z, Y ) ∝ N (b̄i , V̄i ), in which
V̄i = (Vi0−1 + Wi0 Wi0 )−1
b̄i = V̄i (Vi0−1 bi0 + Wi0 )wi
The variables wi and Wi refer to the left-hand dependent variable and right-hand independent variables in the system equations, respectively.
3. Draw the variance of each equation:
P (σi2 |Φ, J, Z, Y ) ∝ IG(s̄, ν̄)
let U = B(Y − ΦX)
s̄ = s0 + (U − Ji

Zi )0 (U − Ji

Zi )

ν̄ = ν0 + T
4.Draw the jump probability, and jump size mean and variance for each equation:
P (λi |J, Z) ∝ Beta(Ēi , F̄i )
2
P (µzi , σzi
|J, Z) ∝ N IG(m̄i , k̄i , c̄i , d¯i )
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where
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5. Draw the jump indicators and jump sizes for each time t = 1, . . . , T .
P (Jit |Φ, B, Σ, λ, Y ) ∝ Ber(λi,t )

2
P (Zit |Φ, B, Σ, µz , Σz , J, Y ) ∝ N (µzi,t , σzi,t
)

where
λi,t =

2)
λi N (Uit |µzi , σi2 + σzi
2 ) + (1 − λ )N (U |0, σ 2 )
λi N (Uit |µzi , σi2 + σzi
i
it
i
−2
2
σzi,t
= (σzi
+ Jit σi−2 )−1
−2
2
µzi,t = σzi,t
(σzi,t
µzi + Jit σi−2 uit )

5

Case study of Denmark

Details of the VAR-Jump model are introduced in the previous section. In this section, we
focus on a case study and apply the model to a fixed exchange rate regime country. Since
the model does not include structural change (time varying parameters or regime changes),
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emerging countries are not discussed in this paper.6
Denmark is a country that has adopted a fixed exchange rate regime for decades. Their
Danish krone has been pegged to the Deutsche Mark since the 1980s and switched to peg
to Euro in 1999. Meanwhile, as an advanced country, controls on international capital
flows were almost removed at the end of the 1980s. Therefore, based on an open economy
trilemma, monetary policy in Denmark should be highly exogenous to its domestic economic
conditions. As mentioned in the previous section, given this, identification of monetary
policy shocks in a VAR model should not be a problem.
There is some previous literature on using VAR to evaluate the monetary policy in
Denmark: Kim (2002) used a structural VAR to evaluate monetary policy reactions in
Denmark; however, they focused on the period from 1979 to 1997, for most of which the
exchange rate regime was much less stable. It includes episodes where central-parity changes
served as a policy tool, in which the exchange rate revalues a couple times. Therefore, it
may overestimate the impact of monetary policy. Until 1987, Danmarks Nationalbank (the
central bank of Denmark) stopped the central-parity adjustment and the regime becomes
much more stable. For most of the time, the band within which exchange rate fluctuates
is ± 2.25 %. However, the short run interest rate may not only reflect foreign monetary
policy. It also includes other information such as risk premium and expected currency
depreciation rate. For example, Denmark suffered from speculative attacks during 1992–
1993. During this period, investors started selling Danish krone and the central bank raised
the interest rate to defend the fixed exchange rate system. In December 1992, the CIBOR
(Copenhagen Interbank Offered Rate) increased by more than 5 percentage points relative
to what it was a month prior. This paper focuses only on general monetary policy shocks,
but these abnormal episodes only reflect the change in expectations of currency depreciation
rate. Meanwhile, given that the cost of maintaining a high level of interest rate is likely
high, like most other European countries in the ERM system, Denmark abandoned the fixed
exchange rate regime and widened the band to ± 15 percent in Aug 1993. As can be seen
from Figure 1, the exchange rate immediately depreciated, but it was soon brought back to
the ± 2.25 percent band by the end of the same year. Since 1994, the peg regime is quite
stable and still holds nowadays. A paper mentioned earlier by Beier and Storgaard (2006)
focuses on the most stable period 1994–2005 and intentionally drops the speculative attack
episodes. As the authors mentioned in their paper, these months do not representative for
6

The model can be easily extended to a version of TVP or Markov Switching VAR; therefore, future
studies can include case studies of emerging countries since most of them experienced a transition from peg
to float in the past two decades.
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the“normal” reaction of the central bank, including them into the sample will affects the
impulse responses given that the sizes of the outliers are large.
In this paper, We run both different VAR models with Denmark monthly data since it
is interesting to compare the results. The data set is from 1987m1 to 2013m12. Since the
financial variables are much more likely to observe large changes than other macro variables,
we start from the bivariate VAR with only includes the exchange rate and interest rate.
Nominal Exchange Rate is Krone vs. Euro/Mark. Starting from 1999, Denmark pegged
to the Euro, we hence constructed an artificial Deutsche Mark rate using the euro/krone
exchange rate and the official euro/D-mark conversion rate. The interest rate is used as the
CIBOR rate. We also add the Euro/Germany money market rate as the exogenous variable
since it is less likely to be influenced by domestic variables. To avoid running spurious
regressions, we take the log difference of variables and difference of the interest rate.7
The left panel in Figure 2 plots the jump indicators and weighted expected jump sizes.
Jump probabilities in the left panel are computed by taking the posterior mean of jump
indicators. For the exchange rate series, we can see that the jump components capture well
the temporal floating episodes during the crisis periods. For the interest rate, although the
jumps show some pattern of clustering, they still capture the episodes where the interest
rate changes abruptly, which are mainly caused by the changing of expectations on currency
depreciation rate.
Posterior distributions of jump probability and jump size parameters are plots in Figure
3. We can see the posteriors are well converged. Furthermore, the posterior means of jump
intensity λ ranges from 0.07-0.08, which means that the jumps happens infrequently.
Before getting into the policy analysis, we also conduct some exercises on model comparison. As mentioned in the previous sections, another type of model which addresses the
outliers would be VAR with t-distributed errors. Following Koop (2003), we run a VAR
model by assuming that the structural error εt follows a student-t distribution. Furthermore, given that the stochastic volatility are frequently adopted in VAR literatures, with
also test the data with VAR-SV. The setup follows Cogley and Sargent (2005). In addition
to computing the conditional log likelihood, we use the deviance information criteria (DIC).
DIC is defined as
DIC = −4Eθ|y [log(P (y|θ))] + 2logP (y|θ̂)
where θ̂ is evaluated at the posterior median of θ. Eθ|y is computed by taking the posterior
7
Some literature may not difference the interest rate; however, the interest rate shows the I(1) property in
a finite sample, and it is better not to include both stationary and non-stationary data in the same system.
Even using a non-differenced interest rate in the VAR system, the results generally are not affected.
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mean. According to the results in Table 1, both the likelihood and DIC favors the VARJump model.
To evaluate effects of monetary policy, we compute the impulse response functions. The
impulse response is calculated using the median of the posterior sample; error bands are
chosen as 5% and 95% quantiles of the sample. Results are plotted in Figure 4 to 7.
Besides impulse responses to the domestic monetary policy shocks, we also calculate
the impact of foreign monetary policy shocks to domestic variables. Since all variables
are in difference, we plots the cumulative values for these impulse responses. The original
VAR indicates that in response to the contractionary monetary policy, there is an initial
depredation,8 which is counter-intuitive since a higher interest rate should strengthen the
currency in the foreign market. Furthermore, the currency then follows with a significant
(0.4%) appreciation four months after the shock, which indicates a delayed overshooting.
However, according to the fixed exchange rate regime, the exchange rate is kept within
a narrow band, the effects of monetary policy shock on the exchange rate should neither
be persistent, given that the monetary policy has to follow the base interest rate to bring
the exchange rate back into the band. Furthermore, the impulse response of exchange
rate to domestic monetary policy shock in the VAR-SV model indicates that a significant
appreciation 5 month after the shock, which is not consistent with our expectation. Results
from VAR-t and VAR-Jump models both show that the exchange rate does not respond to
the monetary policy.
The next question is how does the foreign monetary policy spillover differers after controlling for the jumps. According to open economy trilemma, country with a fixed exchange
rate regime will closely follow their based interest rate. By checking the foreign interest rate
shock, we can see responses in the VAR model are much more volatile and the error band
is larger. This is because the outliers bias the estimation and bring greater uncertainty to
the parameters. At the time of foreign rate shock, we can see that domestic interest rate
raises by only 0.3% when the foreign rate raise by 1%. Other models remove the outliers in
the local interest rate, which all lead to a response of about 0.6 %. All models indicate that
the exchange rate generally does not response to the foreign interest rate shock (except for
the 3 period in the VAR model and 5th period in the VAR-t model). With a peg exchange
rate policy, the domestic central bank will tries to stabilize the exchange rate no matter
how the foreign rate moves. By examine foreign monetary policy shocks, controlling the
non-Gaussian error is necessary.
8

Since the exchange rate is defined as Krone vs. Euro/Mark, an increase in E means a depreciation of
the domestic currency.
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Given that macro variables may also affect the financial variables, we then extend the
model with four endogenous variables: CPI, industrial production, interest rate and exchange rate. Ordering of the variables follows Eichenbaum and Evans (1995), with price
level, industrial production, interest rate, and exchange rate.
By running the VAR-jump model, we jump sizes, jump probabilities and posterior parameters are reported in Figure 8 and 9. For the CPI equation, there is only one jump
observed, at November 2007, which is in the early stages of the financial crisis. There are
more outliers for the industrial production series, and the jump component presents a positively skewed pattern, which indicates that the jump model may be more suitable than
a fat-tail model. All posteriors are well converged. Compared to the results of bivariate
VAR-Jump model, jump intensities λ of financial variables generally becomes lower. One of
the explanations is that some of the “jumps” identified in the previous model are explained
by the CPI and industrial production changes.
Table 2 reports the model comparison, although the VAR-t model generates the best
conditional log likelihood, DIC criteria favors the VAR-Jump model. Figure 10 to 13 plot
the impulse responses to domestic and foreign monetary policy shocks. All models indicate
that impacts of an interest rate shock on CPI and industrial production are negative, which
is consistent with common economic intuitions. However, in the classical VAR, CPI and
industrial production respond weakly to the domestic interest rate shock. A 1% increase
of the interest rate lowers the industrial production by around 1% after a year. After
controlling the errors, we can see that the shock has significant impacts on both of the
variables. With a 1% increase in interest rate, CPI and industrial production in the long run
drop by 0.2% and 2%, respectively.9 In terms of responses of the financial variables, VAR-t,
VAR-SV models generate similar results as the corresponding bivariate VARs. However,
for the VAR-Jump model, we can see the exchange rate appreciates significantly in the
first two periods after the domestic monetary policy shock, after then, it dies out.10 This is
consistent we our expectation that positive monetary policy should lead to a appreciation of
the domestic currency, but given that a fixed regime sets a band to exchange rate deviations,
the appreciation should disappear soon.
9

The error band for the VAR model is generally smaller. Although removing outliers may lower the
variance (σ), based on Hamilton (1994), it is also determined by Ψ and B. Therefore, controlling the error
term may not necessarily make the error bands smaller.
10
Althought there is a sightly upward trend, the 95% band still covers the zero.
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6

Conclusion

In this paper, we evaluated the impacts of monetary policy under a fixed exchange rate
regime. A VAR-Jump model is proposed and it works well in capturing outliers. According
to the case study of Denmark, the original VAR model does not provide clear results. This
is because of the outliers, especially in non-policy related interest rate changes, which bring
too much noise into the estimation. Consistent with economic theories, VAR-Jump model
show that both CPI and industrial productions indicate significant drops after a positive
shock to the interest rate. Meanwhile, the exchange rate weakly responds to the shock.
Furthermore, it also beats the alternative VAR models with error controls based on the
DIC model selection rule.
For future studies, jump could be incorporated into regime switching or structure change
frameworks. This would allow us to examine the monetary policy impacts from a more
generalized perspective—in particular, it could be applied to emerging countries that experienced large changes in their domestic variables.
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Figure 1: Denmark Data

Figure 2: Jump probability and weighted expected jump size: bivariate VAR
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Figure 3: Posterior jump parameters: bivariate VAR

18

Figure 4: VAR

Figure 5: VAR-t

Footnote: Values of impulse response functions are calculated using 50 % quantile of the posterior sample.
Error bands are used with 5 % and 95 % quantile.

Figure 7: VAR-Jump

Figure 6: VAR-SV

Footnote: Values of impulse response functions are calculated using 50 % quantile of the posterior sample.
Error bands are used with 5 % and 95 % quantile.
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Figure 8: Jump probability and weighted expected jump size
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Figure 9: Posterior jump parameters
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Figure 10: VAR

Figure 11: VAR-t

Footnote: Values of impulse response functions are calculated using 50 % quantile of the posterior sample.
Error bands are used with 5 % and 95 % quantile.

Figure 13: VAR-Jump

Figure 12: VAR-SV

Footnote: Values of impulse response functions are calculated using 50 % quantile of the posterior sample.
Error bands are used with 5 % and 95 % quantile.
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Table 1: Model comparison: bivariate VAR

conditional log likelihood
DIC

VAR
-201.89
475.19

VAR-t
629.98
-961.01

VAR-SV
557.76
-968.43

VAR-Jump
669.23
-1271.39

Table 2: Model comparison: VAR

conditional log likelihood
DIC

VAR
-761.61
1749.18
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VAR-t
155.30
158.99

VAR-SV
22.97
243.88

VAR-Jump
68.23
60.56
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