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Abstract of Dissertation

Essays on the Open Economy Trilemma: New Empirical Methods

This dissertation develops new methods to solve problems related to the open economy

trilemma. It consists of three chapters:

Chapter 1 revisits the definition of monetary policy autonomy and develops a

new method to identify autonomy regimes for a set of countries. Compared to the

traditional identification approach, which only focuses on correlations with the base

country interest rate, monetary policy autonomy discussed in this paper is jointly

determined by how the domestic interest rate responds to the foreign monetary policy

as well as its domestic inflation and real GDP. Using a Bayesian Markov Switching

model for the monetary policy function, I estimate policy responses in two regimes,

and obtain measures of monetary policy autonomy in the estimation process. Testing

the method with case studies and simulated data demonstrates the robustness of the

approach under different scenarios. Applying the method to the data of a set of

advanced countries, I find monetary policy autonomy decreases when the exchange

rate is fixed or capital controls are loosened, which is consistent with the open economy

trilemma.

Chapter 2 extends the discussion in chapter 1. When using a Markov switching

model to identify monetary policy autonomy, one question that needs to be addressed

is: Given the limited number of observations, how well does the method actually

work? By changing parameters in the data generating processes, this paper con-

ducts simulation exercises under different scenarios. Results indicate that, in order

to properly identify high and low autonomy, a larger variance in the error term re-

quires greater differences between switching parameters in the two states. In practice,

regime classification therefore can be polluted by large variances. To better identify

the monetary policy autonomy regime, I adopt the regime switching model introduced
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by Kaufmann (2015) and show that incorporating endogenous switching could help

to improve estimations.

Chapter 3 studies monetary policy with a fixed exchange rate regime. Based on

the study of Posch (2007), strong evidence of Jumps has been found in industrial

production series. Instead of focusing on structural general equilibrium models, this

paper incorporates jump process into a Vector Autoregression model and applies it to

evaluate monetary policy effects in a fixed exchange rate regime. As with outliers in

industrial production data, financial variables in a country with a fixed exchange rate

regime also presents 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, the traditional

VAR model indicates that impacts of a monetary policy shock on domestic variables

are weak. After controlling for outliers, it indicates that a contractionary monetary

policy shock has significant negative impacts on both industrial production and CPI.

Meanwhile, its impacts on the exchange rate are also discussed in the paper.
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Introduction

According to the open economy trilemma raised by Obstfeld and Talyor (1997):

a fixed exchange rate forces domestic monetary policy to be heavily determined by

the base country’s policy when no controls are imposed on capital flows. This means

policy maker is facing a trade-off between exchange rate regimes, capital controls, and

the monetary policy autonomy. Nowadays, financial integration makes international

flows easier to move from one country to another, which places greater influence

of foreign interest rates on the domestic economy. Meanwhile, many countries still

intervene in the foreign exchange rate markets so as to stabilize the value of their

currencies, which also nullifies the domestic monetary policy. So, in international

macroeconomics, monetary policy is closely related to the trilemma. There is a recent

debate on the validation of the trilemma raised by Rey (2013), which brings lots

of attention on this field. Exploring details of trilemma therefore helps us better

understand how internal and external factors interact with monetary policy.

This dissertation applies Bayesian time series methods on country level data and

discusses monetary policies under international macroeconomics framework. Bayesian

econometrics has been one of the cutting edge research topics in the macroeconomet-

rics field, which brings in prior information to estimate the model. Hence, it can

improve the estimation efficiency when the sample size is small or alleviate the over-

fitting problem when the number of parameters is large.

The dissertation consists of three chapters, each of them can be a single paper.

The first chapter discusses monetary policy autonomy by developing a new method

to identify it. The second chapter conducts simulations based on the first chapter

and discusses potential problems when applying the method on monetary autonomy,

modified version of the original model is proposed to solve those problems. The

third chapter introduces a new VAR-Jump model to address the issue of outliers and

evaluates monetary policy impacts under a fixed exchange rate regime.
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This dissertation provides a deeper understanding of the trilemma. With Markov

switching models to identify regimes, we can explore more details on monetary policy

autonomy. These include comparing how the monetary policy authority behaviors

under different regimes as well as testing the trilemma. Furthermore, when a country

has a low level of monetary autonomy, the VAR-Jump methodology proposed in the

dissertation removes large noise which otherwise will pollute the overall estimation.

Therefore, it better evaluates the policy impacts on domestic macro variables.

Chapter 1 focuses on identifying and evaluating monetary policy autonomy. As

we know, some large countries like the US conduct monetary policy without respond-

ing to external factors. The trilemma tells us that monetary policy autonomy, free

capital flows, and fixed exchange rate regime can never be achieved simultaneously.

Therefore, foreign policies may have a large impact on domestic monetary policies

for some countries, especially when they have either a managed exchange rate or

non-closed capital accounts.

In most of the trilemma literature, defining monetary policy autonomy is condi-

tional on exchange rate regimes. Shambaugh (2004) and Obstfeld et al. (2005), Klein

and Shambaugh (2015) use cross-country panel regressions to test autonomy under

different exchange rate regimes. Although using exchange rate regime can help to test

monetary autonomy, it does not directly identify the level of autonomy from data.

Therefore, it is hard to explore further details. In a more natural sense, it is better

to focus on the monetary policy itself and apply time series methods to each country.

Instead of running regressions conditional on exchange rate regimes and capital

controls, some literature uses the full sample. Aizenman et al. (2008) construct

a measure of annual monetary policy autonomy index using correlations between

home and foreign interest rates. Although the paper classified autonomy directly

from policy data, using interest rate alone is not enough for identifying monetary

autonomy. Given that interest rates are highly related to global factors and business
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cycle patterns, it might lead to misleading results. Therefore, besides foreign interest

rate, we also need to include additional information when evaluating monetary policy

autonomy. Other literature also discusses monetary policy autonomy: Clarida et

al. (1998) use GMM to estimate forward-looking monetary policy reaction functions

with ex-post data. But they only focus on six countries and they ignore the fact that

monetary policy autonomy may change over time. Kim and Lee (2008) used structural

breaks test on monetary policy independence for some Asia countries. They found

evidence of regime shifting after Asia financial crisis in 1997. Bluedorn and Bowdler

(2010) evaluated the interest pass through using the US monetary policy shocks. They

found strong evidence on the trilemma. However, both paper only focused on interest

rate and no additional information is used in the model. Caceres et al. (2016) and

Han and Wei (2016) controls domestic variables to evaluate monetary policy spillover

from foreign base countries to domestic interest rate, however, domestic indicators

were not used to identify autonomy.

To classify monetary policy autonomy, I revisit the definition of monetary auton-

omy, which is that home country’s policy responds to home country’s variables: real

GDP growth and (or) inflation rate without necessarily following foreign country’s

policy. Since we can always define relatively high and low autonomy within each

country, therefore I apply a two-state Markov Switching model to a monetary pol-

icy reaction equation. Autonomy regime is defined by evaluating whether the local

interest rate responds to domestic variables (real GDP or inflation rate) or the for-

eign interest rate. Although central banks may respond to other factors as well, the

purpose of this paper is not to estimate the exact response function. Instead, we

are more interested in comparing how differently the monetary authority reacts when

monetary policy autonomy changes. Furthermore, the model is also a generalized

approach which could be applied to multiple countries.

Given that the sample size is small since I use annual frequency data in the model,

3



I adopt Bayesian methods to estimate the equation. Meanwhile, the well–known

problem of label switching for regime switching model is address by using Stephen’s

(2000) permutation algorithm.

Before moving to the applications, this chapter has done some simulations and

shown that regime probability could be a good measure of monetary policy auton-

omy. Two cases are discussed: I fit the two-states Markov switching model with

one state and three states data generating process (DGP). For one state DGP, one

of the two regimes captures the DGP while the other regime captures nothing but

noise. For three states DGP, two states regime switching model captures the bipolar

states; meanwhile, regime changes are reflected by the autonomy regime probabilities.

Furthermore, the case studies in Hong Kong and Finland also indicates the method

works well in both cases which the country has one state or more than two states.

To obtain policy implications from the identified monetary policy autonomy regimes,

I apply the method to the method to eighteen countries and obtain the autonomy

regime identifications for these countries, with the time span from 1979 to 2011. In

the next part, I test the trilemma with cross-country evidence by running panel re-

gressions to check conditional correlations between the autonomy measures, exchange

rate regimes and capital control indexes.

In the regressions, I use Shambaugh’s (2004) index as the measure of exchange

regimes and Chinn and Ito index as the capital control measure. Results indicate

that we would more likely to find low autonomy when the exchange rate is fixed or

capital account is more opened. This is consistent with Trilemma. In the paper, more

robustness checks are discussed, with Reinhart and Rogoff exchange rate regime index,

Obstfeld, Shambaugh and Taylor soft peg index. All the results provide evidence that

the trilemma is valid.

The contribution of this paper is that it develops an identification approach which

lets monetary policy autonomy be jointly determined by how the interest rate re-

4



sponds to the foreign monetary policy as well as its domestic inflation and real GDP.

Meanwhile, no additional constraints should be imposed on the exchange rate regimes

nor capital controls.

Chapter 2 extends the discussion of the methodology proposed in Chapter 1.

Chapter 1 proposes a Markov Switching method to identify monetary policy auton-

omy. Since the this is a new method, this goal of this chapter is to answer two

questions: How well does the method actually work? When the existing method does

not work in certain situations, how shall we modify and improve the method?

In the first part of the chapter, I conduct simulations exercises and examine the

method in different situations. In practice, monetary policy may be more complicated

than a simple backward-looking Taylor rule. Hence, the existing independent vari-

ables may not enough to explain all the movements of the dependent variable. This

happens when a country follows a forward instead of backward-looking Taylor rule

monetary policy, or the interest rate is affected by other elements, such as large shifts

in market expectations, one-time policy adjustment by the central bank, or changes

in risk premiums during financial crises. Therefore, the error term plays an impor-

tant role on regime identifications. I conduct Monte Carlo simulations with different

levels of standard error by using Canada data on real GDP and inflation, with the

US interest rate as the base country interest rate. Furthermore, by holding the error

constant and changing the monetary policy reaction parameters, I check how different

on the monetary policy responses to major variables affects the identification. Results

indicate that larger variance on the error term requires greater differences between

switching parameters in two states.

The other problem the method faces is that the sample size is very small, especially

for some of the countries whose currency union episodes are dropped. Simulation

based on a sample size of twenty observations finds that the performance of the model

drops significantly, which indicates that the length of the sample size matters. Other
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simulations based on episode duration and persistence of the priors on transitions

probabilities show that these factors have small impacts on the results.

Based on the simulation exercises, we know that when the error is large, the orig-

inal method may not perform well. Hence, to solve the problem, we need to incorpo-

rate additional information which could help us identify the regimes besides monetary

policy reaction functions. One of the methods is to use endogenous switching model.

For the model in Chapter 1, the transition probability is assumed to be fixed.

However, the regime switching may also be affected by other factors besides the

state-dependent parameters. These factors influence the regime changes through

the channel of affecting regime durations. There are lots of literature on discussing

endogenous regime switching models. Fliaro (1994), Filardo and Gordon (1998) use

a probit-type transition probability equation to model the US business cycle. Kim

and Nelson (1998) use duration dependent Markov switching in the dynamic factor

model to identify business cycle turning points. Kim, Piger Startz (2008) conduct

both estimation and testing of the endogenous Markov regime-switching model and

applied to equity returns of the U.S. stock market data. Hamilton and Owyang (2012)

estimate US state level recession periods using a clustered panel Markov endogenous

switching model. Kaufmann (2015) proposes a data augmentation method to estimate

time-varying transition probability with a multinomial logit function.

In the first chapter, we found evidence that trilemma is valid by checking the

conditional correlations between autonomy and two other elements. Since the purpose

of the method is to identify monetary policy autonomy, I now assume trilemma holds.

Therefore, I can use the exchange rate regime and capital control index to help to

identify the autonomy regimes.

The estimation method follows Kaufmann (2015). Since the logit function of

regime transition probabilities is non-normal, I use an auxiliary mixture to sample

covariates parameters in transition probability equation. The identification method

6



I use is consistent with Chapter 1, which adopts Stephens’ permutation method.

To evaluate the modified model, I run the simulation with data generating pro-

cess the same as the one with exogenous regime switching model. To make it simple,

I assume there is only one independent variable in the transition probability equa-

tion besides the constant term, which is exchange rate regime index. In the Data

Generating Process (GDP), I assume that the high autonomy regime is in a float-

ing exchange rate regime while the low autonomy regime is in a fixed exchange rate

regime. Base on the results, two regimes are better distinguished by comparing with

Figure 2.2 and Figure 2.9 since the autonomy regime probabilities further deviate

from 0.5. Therefore, even with a higher level of standard error and limited differences

between regression equations, we can still properly identify states.

Furthermore, I apply the endogenous model to Denmark data, with Shambaugh

(2004) measure of exchange rate regimes and Chinn and Ito (2005) capital control

index. The estimated time-varying regime transition probabilities indicate that ev-

idence that a fixed exchange rate regime or a removing of capital controls lowers

(highers) the probability of staying in the high (low) autonomy regime. Moreover,

high autonomy regime probabilities also show that the modified model now better

captures the high capital controls period in the late 1980s, as well as the floating

episode in 1993, also ends up with higher probability.

The contribution of this chapter is to comprehensively evaluate the Markov Switch-

ing method on identifying monetary policy autonomy. In addition, it proposes an en-

dogenous regime switching method which helps to improve the existing identification.

Chapter 3 evaluates monetary policy impacts in a fixed exchange rate regime by

adding a jump process into the Vector Autoregression (VAR) model. VAR models

have been widely used in macroeconomics analysis. Sims (1980) first introduced the

method and built a new framework based on dynamic systems. Litterman (1986)

introduced a Minnesota Prior to Bayesian VAR and improved estimation and fore-
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casting. Sims and Zha (2004), Cogley and Sargent (2001 and 2005) and Primiceri

(2005) improved VAR models by incorporating additional features such as structural

changes or heterogeneous errors.

A VAR model is also frequently adopted in monetary policy research. Most of the

VAR literature on monetary policy focuses on the countries with a floating exchange

rate, like the United States or the Euro area. Central banks in these countries control

short run interest rates (or money supply) in response to domestic inflation and

GDP growth changes. 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.

However, estimating a simple VAR model with data in fixed exchange rate regime

countries could be problematic. Based on historical records, 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. 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

8



model will be problematic.

The goal of this chapter is to develop a method to address the issue of outliers so

that we can evaluate the systematic monetary policy effects. To do so, we1 introduce

the jump process into the vector autoregression model. Moreover, the method can

also be easily implemented into other types of VAR models as well.

The jump process has been widely used in the finance literature, which is known as

a stochastic process that has discrete instead of small continuous movements. Many

papers have used jump to model and forecast high-frequency financial series (Bates

(1996), Lahaye, Laurent and Neely (2011) and Stroud and Johannes (2014)). Jumps

are also frequently related to macroeconomic announcements ( Andersen, Bollerslev,

Diebold and Vega (2003) and Johannes (2004)). Yet, There is not much literature

directly relating jump processes to lower frequency macroeconomic variables. One

paper that falls into this category is Posch (2007). 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 UK, US, Germany,

and Euro12.

Normally, it is less likely to see jumps in low-frequency series. This is because

changes over a long horizon (e.g., monthly or 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. However, the major reason for this

chapter to adding a jump process to the VAR model is that in emerging countries

or countries with fixed exchange rate regimes is 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 is obtained from

averaging its higher frequency counterpart (e.g.exchange rate or interest rate), the

change is still large.

1This chapter is based on joint work with Jonathan Stroud
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The chapter studies the case of Denmark, a country which has adopted the fixed

exchange rate regime for more than three decades. Four variables are included in the

VAR: CPI, Industrial Production, Nominal Exchange Rate of Krone vs. Euro/Mark,

and Interest Rate. The model runs monthly data from 1990m1 to 2013m12 and

Bayesian method is used for estimation. The results indicate that the model well

captures the abnormal episodes in both exchange rate and interest rate series during

the early 1990s when speculative attacks happened. Moreover, we also find evidence

of jumps in the industrial production series as well, which is consistent with Posch

(2007).

Based on the impulse response functions, the traditional VAR model indicates that

impacts of a monetary policy shock on domestic variables are weak. After controlling

for outliers, it indicates that a contractionary monetary policy shock has significant

negative impacts on both industrial production and CPI, which is consistent with

the economic intuitions. In terms of the impact of monetary policy shock on the

exchange rate, traditional VAR shows a significantly delayed appreciation and VAR-

Jump model shows a response which is not significantly different to zero. This is

because, after dropping the outliers, the exchange rate should weakly respond to

other shocks since a fixed exchange rate will force it to stay within a narrow band.

Furthermore, the chapter also discusses the case of controlling the foreign base country

interest rate, but the results do not change much.

The contribution of this paper is that it develops a new method to capture outliers

in a VAR framework, which can also be applied to other types of models such as

Markov Switching VAR and Time-Varying Parameter VAR. Furthermore, the paper

finds evidence which monetary policy shocks in a fixed exchange rate regime have

significant impacts on domestic variables.

Concluding Remarks

The open economy trilemma is one of the core theories in international macroe-
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conomics. As the financial integration prevails nowadays, policy makers are facing

new challenges in selecting proper policy tools: capital controls, exchange rate flex-

ibility and monetary policy autonomy. Therefore, it is important to improve our

understanding of the trilemma. To obtain the goal, this dissertation proposes new

empirical methods: the first and second chapters propose exogenous and endoge-

nous Markov regime switching models to identify monetary policy autonomy and

find strong evidence that the trilemma is valid; the third chapter develops a struc-

tural VAR with jumps and provides insights into monetary policy implications when

the exchange rate has low flexibility.

1 Monetary Policy Autonomy: A New Identifica-

tion Method and Cross-Country Evidence

1.1 Introduction

Based on the literature on international macroeconomics (Obstfeld and Taylor (1998),

Obstfeld et al. (2005)), monetary policy autonomy is interpreted as the central bank’s

engagement in responding to domestic economic situations without following another

country’s monetary policy. According to the open economy trilemma, monetary au-

tonomy is not feasible when the exchange rate is fixed unless capital controls are

imposed. For example, during the Bretton Woods system, countries pegged to the

US dollar while the free international capital movement was prohibited. In doing so,

central banks in those countries could focus their policy targets on domestic major

indicators instead of putting efforts into stabilizing their exchange rates.

Existing literature on the trilemma includes topics of the exchange rate regime,

capital controls, and monetary policy autonomy. Reinhart and Rogoff (2004), Sham-

baugh (2004), Levy-Yeyati and Sturzenegger (2005) conduct research on classifying
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de facto exchange rate regimes which are based on what a country actually does in re-

gard to its exchange rate system. To measure capital controls, Chinn and Ito (2005)

use IMF’s Annual Report on Exchange Arrangements and Exchange Restrictions

(AREAER) and build continuous indexes for 182 countries. Klein (2012) develops a

new method to identify capital controls by emphasizing long standing and episodic

controls, which are termed as “Wall” and “Gate” respectively.

It is not an easy task to evaluate the level of monetary policy autonomy and

the existing methods are still problematic. Shambaugh (2004) and Obstfeld et al.

(2005) use cross-country panel regressions to test autonomy under different exchange

rate regimes and levels of capital controls. They argued that when countries fix their

exchange rates or open their capital accounts, their short run interest rates will closely

follow their base country interest rates. Therefore, their monetary policy autonomy

is low. Nonetheless, monetary policy autonomy is evaluated conditional on exchange

rate regimes and capital controls, it is hard to find out its linear relationships with

other variables. Hence, letting time series data itself to tell the story of each country

allows us to explore further details of monetary policy autonomy.

Instead of running regressions conditional on exchange rate regimes and capital

controls, the literature usually uses the full sample. Clarida et al. (1998) use GMM

to estimate forward-looking monetary policy reaction functions with ex-post data.

Among six advanced countries, they found UK, Italy and France’s monetary policies

not only depend on domestic variables, but also are influenced by Germany’s interest

rate. What is missing from their discussion is the fact that monetary policy autonomy

may change over time. Aizenman et al. (2008) construct a measure of annual mon-

etary policy autonomy index using correlations between home and foreign interest

rates. Although the paper classified autonomy directly from policy data, using inter-

est rate alone is not enough for identifying monetary autonomy. Given that interest

rates are highly related to global factors and business cycle patterns, it might lead to

12



misleading results. For example, when using the method to check Canada-US interest

rate, we will find the correlation coefficient is very high because both countries have

a very similar business cycle. However, Canada has enough autonomy since their

monetary policy an inflation targeting rule. Further evidence can be found in Klein

and Shambaugh (2010): the response of home interest rate to base interest rate is still

relatively strong among advanced countries even for floating episodes. This is because

economic integrations are deeper among those countries so that the correlation coef-

ficient between local and base interest rate would also be higher. Therefore, besides

foreign interest rate, we also need to include additional information when evaluating

monetary policy autonomy.

In addition, many other papers also examine monetary policy autonomy issues.

For example, Klein and Shambaugh (2013) adopt a Taylor-Rule type model and tested

how countries respond to their domestic targets under different scenarios. They in-

vestigated both advanced economies and emerging markets, and found that monetary

policy responds to both domestic inflation and real GDP under a floating exchange

rate regime. However, their analysis is still limited by exchange rate regimes. Kim and

Lee (2008) test for structural breaks on monetary policy independence using a group

of Asian countries. They find evidence for a regime change after the Asian financial

crisis in 1997. Bluedorn and Bowdler (2010) evaluate the interest pass-through using

the US monetary policy shocks, and find strong evidence for the trilemma. However,

both paper only focused on interest rate and no additional information is used in the

model. Recent work by Caceres, Carrière-Swallow and Gruss (2016) discuss monetary

policy autonomy using different methods with a set of flexible exchange rate coun-

tries. Han and Wei (2016) include a country’s surprises in growth and inflation rate

and the Taylor rule to examine international transmissions of monetary policy shocks

from advanced economies to emerging market economies. However, both of the pa-

pers focus on examining the spillover of base country interest rate to the domestic
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interest rate. Although controlled for in their models, domestic indicators were not

used to identify autonomy.

In summary, researches on monetary policy autonomy can be categorized into two

main strands: Either defines monetary policy autonomy episodes using exchange rate

regimes and capital controls, or studies relationships between domestic and foreign

interests when evaluating the level of autonomy. The contribution of this paper is

that it develops an identification approach which lets monetary policy autonomy be

jointly determined by how the interest rate responds to the foreign monetary policy

as well as its domestic inflation and real GDP. Meanwhile, no additional constraints

should be imposed on the exchange rate regimes nor capital controls.

This paper adopts a Markov Switching model with annual data for 18 countries

from 1979 to 2011. The method identifies high and low autonomy periods for each

country. Since the dimension of parameter space is high relative to the length of the

dataset, Bayesian methods with additional information on priors are used for estima-

tion. To address label switching problems, which are mainly caused by the noniden-

tifiability of the components under symmetric priors, I follow Stephens (2000) and

use relabeling algorithm to permute posterior samples. Lastly, I develop a scheme

to identify two states based on the definition of monetary policy autonomy. Over-

all, the method developed in this paper allows for a joint determination of regime

classification from both foreign monetary policy and domestic indicators. This could

also allow us to compare how differently the monetary authority behaves when the

level of autonomy changes. Furthermore, the estimated probability of being in high

autonomy regime can be used as a measure of the relative degree of monetary policy

autonomy.

To check the robustness of the method, I first test the monetary autonomy using

Hong Kong and Finland. The method is able to generate sensible results. Further-

more, I conduct simulation exercises when the data generating process has only one
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state as well as more than two states. Results using simulated data demonstrate that

two states model can still capture the process well.

Rey (2013) argues that a country will lose monetary policy autonomy if there

are no controls on capital flows, regardless of its exchange rate regime. She believes

that the trilemma should be instead interpreted as a dilemma. Her argument led

to a debate on the validation of the trilemma theory in the recent literature. By

running panel regressions of obtained autonomy measures over a set of advanced

countries, this paper finds evidence that monetary policy autonomy decreases when

the exchange rate is fixed or capital control is loosened. Such findings suggest that,

although capital controls have strong effects on monetary policy autonomy, the effects

of exchange rate regimes should not be dismissed.

Section 2 discusses the full methodology. Section 3 describes the sample countries

and data. Detailed Bayesian estimations are introduced in section 4. Section 5

tests the model with case study and simulation exercises. Cross-country evidence is

discussed in Section 6. Section 7 concludes.

1.2 Methodology

As discussed in section 1, using the base country interest rate alone is not enough

to identify monetary policy autonomy. Domestic real GDP growth and the inflation

rate are the two main monetary policy targets; it is important to test how the short

run interest rate reacts to those variables as well.

1.2.1 Model Setup

According to the classical Taylor rule, the home interest rate responds to both con-

temporaneous GDP gap and inflation gap:

it = a+ β(yt − y∗t ) + γ(πt − π∗t ) (1.1)
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it is domestic interest rate, yt is the log of Real GDP, y∗t is potential GDP, πt is

the inflation rate, π∗t is inflation rate target. a stands for constant.

Following Klein and Shambaugh (2013)’s setup, I assume that inflation target is

constant and potential GDP grows with a constant rate2; take the first difference on

equation (1) and we could obtain the following monetary policy rule (if the central

bank does not react to its exchange rate):

4it = a+ β4yt + γ4πt (1.2)

This means local short run interest rate depends on contemporaneous local real GDP

and inflation. Normally, β and γ should be positive since the monetary policy should

be counter cyclical.

According to Shambaugh (2004), uncovered interest rate can be written as:

it = ibt + %4eet + ρt + τt (1.3)

which means the home interest rate is determined by the base interest rate (ibt),

the expected percentage change of the exchange rate (%4eet ), a risk premium (ρt),

and taxes on capital inflows (τt). By taking the first difference on both sides of the

equation (3), we obtain:

4it = a+ α4ibt + ηt (1.4)

Therefore, the error term ηt contains the change of eet , ρt, τt as well as other

unobserved components.

When home country’s currency pegs to the base country, expectations on the first

2Although the potential GDP growth may change over time, the magnitude of such change is
generally much smaller than the real GDP growth rate, especially for annual data. Since the data
length is short for each country, to make it simple, I just assume the potential GDP growth rate is
constant
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difference of the exchange rate will be zero if the peg is credible. Holding that the

risk premium and capital controls do not change, η will be 0 and α will be close to

1. This means home interest rate is totally determined by the foreign rate and there

is no monetary policy autonomy at all. Otherwise, factors such as capital controls or

exchange rate expectation changes will weaken the linkage between home and base

country monetary policies. As a consequence, α will be lower.

In equation (2), it is not clear that how the base country policy rate correlates with

the local rate. Meanwhile, equation (4) does not tell us how the local rate is affected

by domestic indicators. Therefore, combining these two equations into one help us

understand monetary policy autonomy better and see which factors are influencing

the exchange rate. The core equation in this paper follows:

4it = µ+ α4ibt + β4yt−1 + γ4πt−1 + εt, where εt ∼ N(0, σ2) (1.5)

µ is the constant. With annual frequency series, one lag of the domestic variables

is used. This is because that information may not be available when the policy

is implemented. The other reason is that using contemporaneous values of GDP

and inflation may cause endogeneity issues3. Following the definition of monetary

policy autonomy, autonomy basically refers to domestic monetary policy autonomy.

Therefore, it is defined as the ability to adjust policy in response to domestic shocks.

Intuitively, based on equation (5), if a country has independent monetary policy, α

would be low; at the same time, β and γ should be jointly significant greater than

zero since the monetary authority can now react to their domestic economy.

The major reason for using annual data in the model is that when modeling with

higher frequency data, it is necessary to control for variable dynamics since policy may

start to respond to domestic variables after more than one period. Therefore, more

3contemporaneous inflation rate and real GDP will pollute the estimation since the higher interest
rate may lower the current inflation and real GDP. Using lagged value could alleviate the problem.
To be parsimonious and generalized, it’s enough to use one period lag in annual frequency data
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lags should be included into the equation (5) so as to model the monetary policy.

However, in this paper, I am trying to develop a generalized method to identify

monetary autonomy. Interest rate with higher frequency data is much more volatile,

even two countries which have similar monetary policy stands in the same year, their

interest rates dynamics in the same month or quarter within that year might be

different. Therefore, it is unrealistic to force the same lag structure across countries,

and it would also be hard to evaluate monetary policy response when pooling the

results into cross countries framework. Furthermore, estimation of Markov switching

models may heavily be influenced by outliers, using lower frequency data may alleviate

such problem since outliers would be smoothed by taking the average values of higher

frequency data over the year.

1.2.2 Two-State Regime Switching VS. Alternatives

There are different types of models that can be used to interpret monetary policy

autonomy based on the core equation (5). The easiest method is to run a single

regression on (5). However, it assumes that the policy reaction function does not

change. Such setup would generate misleading results if monetary policy autonomy

evolves overtime. To capture the details of time varying policy responses, we can

either use time-varying parameters model or rolling window estimation. Although

some countries may have a smooth process of regime changes in practice, two state-

regime switching model can always give a clear identification of autonomy and non-

autonomy states. More importantly, there are two main reasons that using the time-

varying parameter model is problematic in practice: First, the magnitude of policy

responses to the three variables (Foreign interest rate, real GDP, Inflation rate) is

different. Therefore, it is difficult to setup a weight for each of the variables and

create an index for autonomy. Second, even if the index is created, different countries

may have different thresholds for identifying high and low autonomy, and it is hard
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to find a benchmark to pin down these thresholds. Meanwhile, without identifying

a binary variable, the continuous measure would be misleading if the true level of

monetary autonomy is nonlinear.

Based on the previous discussions, I use a two state Markov Switching model

to extend the equation (5) in this paper. The model captures evolutions of the

parameters and does not require to find a benchmark of monetary policy autonomy

for each country. To make sure the regime switching is driven by domestic and foreign

independent variables, I assume that the variance and constant term do not switch

by states. The state dependent equation follows:

4it = µ+ α(St)4ibt + β(St)4yt−1 + γ(St)4πt−1 + εt, where εt ∼ N(0, σ2) (1.6)

In the model, St = 1 or 2. When St = 1, the state is noted as the regime with

relatively high autonomy. Vice versa for St = 2.

Although the monetary policy reaction function is derived from Taylor rule, the

purpose of the paper is not to estimate the exact response function 4. Instead, we are

more interested in seeing how differently the monetary authority reacts under high

and low autonomy regimes. Moreover, in order to generalize the approach and apply

it to cross-country data, it is better to keep everything as simple as possible. Hence,

neither interest rate smoothing nor forward-looking Taylor rule is considered in this

paper. Feeding the data into a two-state Markov switching model, we would expect

to see that home monetary policy responds to base country policy in one state; while

in the other state, the policy responds to the domestic economy.

In practice, the true data generating process might not follow a two-regime pat-

tern: either a one state or a multiple states model is possible. However, a two-state

4Otherwise, to obtain the precise policy reaction process, we should use higher frequency data
and forward-looking variables
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model can bring us clear results since it will always force the switching regression

to pick up two bipolar regimes while the middle regimes are captured by the regime

probabilities. For countries with only one state, we expect probabilities of staying in

one of the two regimes are always high; meanwhile, the other regime has low prob-

abilities since it is driven by noise. The case of Hong Kong falls into such category.

Admittedly, using a Markov switching model with more than two states may better

capture the data generating process. However, it simultaneously increases the num-

ber of parameters to estimate and decreases the degree of freedom. When the data

generating process has more than two states, the middle regime will be absorbed by

these two regimes. For example, according to Klein and Shambaugh (2013), monetary

policy autonomy between floating and soft peg episodes may be similar. Therefore, it

is reasonable that soft peg episodes be classified into high autonomy state. According

to our method, the difference will be reflected by the estimated regime probabilities.

For more detailed testing of the method, case studies and simulation exercises are

conducted in section 5.

1.2.3 Identifying Autonomy Regimes

The method automatically separates the sample observations into two parts based on

multiple switching variables. However, once we have obtained the estimates of two

regimes, we need to identify which one is the high/low autonomy regime5. Further-

more, given the fact that there are three switching parameters, we can not guarantee

α is low, β and γ are high in one regime while the opposite in the other regime for each

dataset. Admittedly, the best way to identify regimes is to use α, β and γ simulta-

neously. However, it is hard to find a linear (or non–linear) combination of them and

pin down an identification threshold based on either economic intuitions or empirical

5For Bayesian estimation, we also need to identify the state for each MCMC draw, a detailed
method is discussed in section 4.4. This section describes the identification scheme after we obtained
the adjusted poster distributions.
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evidence. Hence, we need set up some rules which grant the three parameters with

different priorities in identifying monetary autonomy states.

According to the definition, monetary policy autonomy is that home country ad-

justs interest rate to respond domestic economy changes, domestic variables should be

more important than the foreign variables in identification. As mentioned in section

1, financial globalization or similar business cycle will lead to high correlation coeffi-

cients among short run interest rates. However, the country may still have monetary

autonomy even the foreign interest rate regression parameter α is high. Back to the

example of Canada, if we use α as our primary identification indicator, we may draw

the conclusion that Canada always stays in low autonomy regime. This happens to

other data series like the UK as well, which is not true since we know these countries

always have their own monetary policy. At the same time, since β in that state is

also significantly higher than the one in the other state, following the definition of

monetary policy autonomy, we can classify it as high autonomy regime. Therefore,

when identifying autonomy regimes, higher priority is granted to the policy response

to GDP growth than the foreign interest rate.

However,γ is given the least priority in the rule since using γ for identification may

cause problems. This is because backward-looking Taylor rule is used in equation (5),

but some countries are actually targeting expected inflation rate (Inflation Targeting).

Therefore, the inflation will be kept constant at the target level but interest rate may

move in response to incipient shocks. As a consequence, the responding parameter

on inflation rate would be zero. However, the response to forward-looking variables

will be reflected on β since high growth rate of real GDP will raise the inflation

expectations. Therefore, using β is to identify regimes would be a better choice.

The identification scheme focuses on the“significant” estimates. If the value is not

significant, it is equivalent to say the interest rate does not respond to the variable.

Meanwhile, if the estimator is not greater than zero, it is counter-intuitive and so
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that using the parameter for identification is inappropriate. If none of the all three

parameters (α, β and γ) in a regime is significant and greater than zero, once cannot

separate estimates from noise. This may happen when monetary policy autonomy

does not change much over time. Therefore, the true policy reaction process is cap-

tured by the other regime. Countries like Hong Kong could be an example of this

case (See detailed discussion in section 5).

Therefore, the detailed rule follows the order:

1. If β in one state is significant and greater than zero, but not in the other state,

then such state is defined as high autonomy state. If β in both states are significantly

greater than zero, compare the posterior mode of βs. The one with a larger value is

defined as high autonomy state.

2. If none of βs in two states is significant and greater than zero, then use α for

identification. Steps are similar to using β to identify regimes, the only difference is

that we define it as the low autonomy regime when the α is significantly larger.

3. Otherwise, autonomy classification is determined by γ. Steps are the same as

using β to identify regimes, define the state as high autonomy regime when the γ is

significantly larger.

4. When none of the switching parameters are significant, calculate the probability

of posterior draws of β in one state greater than the other. If the probability is greater

than 0.5, label it as high autonomy regime.

To evaluate the significance, I use the highest probability interval (HPDI) calcu-

lated from posterior distributions at 90% level. Therefore, a parameter is defined to

be significant if the lower bond of 90% HPDI does not cover than 0.

Once regimes are identified, we could simultaneously obtain a series of regime

probabilities. The time series consists of continues numbers between 0 and 1, which

reflects the evolution of monetary policy autonomy. Therefore, we could use it to

explore the relationship among the trilemma variables by collecting the series for each
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individual country. Details of the cross-country evidence are discussed in Section 66.

There are situations where the rule might not work. Since sample size of the data

is relatively small, the estimation may be polluted by the outliers. This happens when

the short run interest rate changes in crisis periods or policy adjustment episodes are

significantly different from the true data generating process. It would end up with

either multimodality in the posterior samples or one of the two regimes is driven by

outliers. One way to address this issue is to incorporate additional information so as

to better identify regime switchings (for example, use endogenous Markov Switching

model). However, in this paper, I just focus on the simple version of the model.

Therefore, when selecting the sample, I try to avoid of selecting countries/samples

which contain large outliers. Furthermore, selecting Bayesian priors with reasonable

regions could also reduce the effects of outliers. Details of prior selections are discussed

in section 4.

1.3 Data and Sample Countries

In practice, emerging and developing countries may not follow the Taylor rule when

conducting their monetary policy. According to Reinhart et al. (2004), non-OECD

countries monetary policies are even procyclical. Hence, estimation results might

be problematic when using non-advanced country data. The other concern is that

most emerging markets, as mentioned in the previous section, suffered from abrupt

changes in interest rate or inflation rate; those large outliers would cause problems in

estimation. Based on these facts, this paper focuses only on advanced countries.

The interest rate in this paper is used with OECD short run interest rate (which

is generally the averages of daily three-month money market rates) and IFS money

6Instead of comparing the level of autonomy between each country, this paper only focuses on
autonomy within each individual country. In autonomy regimes, the response parameters (β and
γ) in different countries may vary a lot since they depend on the volatility of domestic variables.
Therefore, it’s hard to tell which country has a higher level of autonomy
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market rate7. Real GDP and inflation are from WDI dataset8. The base country

selection follows the codification in Shambaugh (2004). Detailed interest rate data

source and base country which is indicated in Appendix C.

Given the fact that there is much noise in 1970s data, the time span of the data

is selected from 1979 to 2011 and make sure that each country has at least 20 obser-

vation. Among those countries, the currency union is a special fixed exchange rate

regime, in which all member countries use the same currency and none of them have

monetary policy autonomy or even their own independent central bank. Using the

estimation method on currency union data would provide misleading results. There-

fore, I dropped all the episodes for Eurozone countries (1999-2011). Moreover, by

dropping the countries with no more than 20 observations, 18 countries are included

in my sample: Australia, Belgium, Canada, Denmark, Finland, France, Germany,

Hong Kong, Iceland, Ireland, Italy, Japan, Norway, New Zealand, Spain, Sweden,

Switzerland, United Kingdom9.

In this paper, Shambaugh (2004) classification10 is used as the primary measure

of exchange rate regimes. Chinn and Ito (2005) capital openness index is used for

measuring the level of capital controls. I listed the frequency of exchange rate regimes

and capital controls. From Table 111, we can see 366 out of 477 episodes are non peg.

Meanwhile, among the non peg episodes, around half of them are soft peg12. Basically,

7OECD data is not long enough, IFS data is used. For the US interest rate, federal funds rate is
used.

8For inflation rate data in Germany and UK, WDI starts from the 1990s, I use OECD data
instead

9For Japan, inflation changes are large during 1980 to 1981, I start the sample from 1982. For
Hong Kong, I use the data from the monthly average of the 3-month HIBOR rate as the domestic
short run interest rate. Since the currency board regime is very unstable in the 1980s, the series
starts from 1990.

10This is a binary variable, peg is defined when monthly official exchange rate change within 2%
band over the year. Single year peg is defined as non peg episode.

11Since capital control is a continues variable ranges from -1.86 to 2.44, to summarize the episodes,
I break the measure into a binary variable by setting the mean of two extreme value as the threshold.
Original measure is still used in regressions.

12Obstfeld, Shambaugh and Talyor (2010) proposed a middle exchange rate regime which they
call it “soft peg”. Soft peg is defined as exchange rates fluctuate within 5% band while they identify
“peg” as being in 2% band.
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adopted samples are enough to cover different types of exchange rate regimes. For

the capital control index, more than 80% of the episodes have low capital controls

since financial integration is common among advanced countries.

Following Shambaugh (2004), the base country is selected as the foreign country

which the domestic currency pegs to. For nonpeg countries, the base is selected

according to the historical importance or the nearby dominance country. If it is

still not clear, the US is treated as the base. Detailed based countries are listed in

Appendix C.

1.4 Estimation

1.4.1 Why Bayesian?

Adopting a Bayesian or a Frequentist method for estimation has been a long time

debate. However, given that I have a very limited size dataset for each country,

Bayesian estimation should dominate Maximum Likelihood Estimation (MLE). For

high dimensional and nonlinear model, there will be multiple peaks and some of them

are impossible and uninteresting. If one of those peaks is very narrow, as we know, it

will be picked by the MLE because it gives the largest likelihood. This would be more

problematic if there are single or multiple outliers when the sample size is relatively

small. Bayesian method, however, allows us to either setup a prior with reasonable

regions or incorporate additional information into the prior. As a consequence, it will

shrink the posterior distribution towards a proper interval. Moreover, it’s also not

necessary to search for initial values in order to obtain the MLE global maximum.

1.4.2 Bayesian Estimation

Bayesian estimation is implemented by using MCMC to simulated the following pos-

terior distribution:
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p(θ, σ, P, S|Y ) ∝ p(θ, σ, P, S)p(Y |θ, σ, P, S)

∝ p(θ, σ, P )p(S|θ, σ, P )p(Y |θ, σ, P, S)

∝ p(θ, σ, P )ΠT
t=1{p(st|st−1, θ, σ, P )p(yt|st, θ, σ, P )}

Where θ = (α1, β1, γ1, α2, β2, γ2, µ). σ is the standard deviation. P is the regime

transition probability and P = (P1, P2). Pi stands for the transition probability

of switching from state i to state i. S is the time dependent state variable which

S = (S1, S2 . . . ST ). In this two state model, S is a binary index.

Following Kim and Nelson (1999), I use standard conjugate priors: θ follows

a Multivariate Normal distribution, σ2 follows an Inverse Gamma distribution and

regime transition probability P follows a Beta distribution:

θ ∼ N(θ0,Σ0)

σ2 ∼ IG(c0/2, d0/2)

Pi ∼ Beta(ai, bi) where i = 1, 2

Where θ0,Σ0, c0, d0, ai, bi are the parameters which capture probability densities

of the prior distributions. Based on these parameters, we can obtain the posterior

distributions through calculations. Detailed posterior distributions and Gibb Sampler

steps are discussed in Appendix A.

1.4.3 Prior

When choosing a prior, it is better to avoid that posterior results being dominated by

the priors. However, posting a flat prior on each free parameter may generate results

no better than MLE.
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Since we are not sure about how does one regime differ from the other, we post

the same prior distributions for the same parameters in each state. For the prior of

θ, I set the vector of means θ0 = 0 and the variance-covariance matrix Σ0 = I (I

is identity matrix), which takes the natural stance of the sign of the variable. More

important is that we know home interest rate’s coefficients on the foreign interest

rate, inflation, and real GDP won’t be too large in absolute value. For example, the

estimates would be uninteresting if α is greater than 2. This is because we know

that the even for strictly peg, α should be around 1. According to Taylor (1993), the

parameter in Taylor rule is suggested to be around 0.5, which we should also expect

β and γ won’t be a large value as well. Hence, N(0, 1) provide us a prior that 95%

of the value in θ should fall between -1.96 and 1.96, which is a reasonable region.

For transition probabilities, it might not be good to post a flat prior. When

the time series observations are limited, applying noninformative prior on transition

matrix will generate fluctuated regime probabilities. This is because that with smaller

sample size, error term has large effects on estimation. However, we are dividing the

full periods into two different states, each state presents the monetary policy stands

of the central bank. It is less likely that the duration of any one of the two stands

always lasts for only one or two years. Therefore, I assume both of the regimes should

be persistent.

In practice, it can be hard to find any empirical data about duration of monetary

policy autonomy; I use the values of exchange rate regime transition probability

conducted by Klein and Shambaugh (2008) as my reference. According to their study

on industrial countries, the probability of being peg given previous year is peg and

staying float given previous is float are 82.87% and 86.72% respectively. Although

these are not the probabilities of monetary policy autonomy, the purpose of adopting

this prior is to make the state to be more persistent. Furthermore, the persistence

of exchange rate regime and monetary policy autonomy won’t differ too much since
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both of them are closely related to the central bank’s monetary policy. Hence, I

set the prior for both regime transition probabilities to be Beta(9, 1.5). This prior

has a mean around 0.86, which falls in the middle of the two exchange rate regime

probabilities. Meanwhile, we are less confident about the exact value of the transition

probability, it safe to make the variance larger once the mean is set. This distribution

has a standard deviation around 0.10, of which 95% of the distribution covers most

part of the interval between 0.6 and 1.013.

For the standard deviation σ, I chose the flat prior where σ2 follows IG(0.001, 0.001),

which is commonly used as a non-informative prior.

1.4.4 Label Switching

When running the Markov Chain Monte Carlo (MCMC) for Markov switching mod-

els, we obtain the estimators for each state in each draw. However, the likelihood is

invariant no matter how we relabel the states. As a consequence, without identify-

ing regimes for each draw, the posterior distribution will be highly symmetric and

presents multimodality. This will lead to misleading results, of which is known as

label switching problem. In this paper, for example, within each MCMC draw, I

obtain two pairs of α, β and γ which are 6 values in total. However, we don’t know

which pair of the estimation is for high autonomy state. Meanwhile, we can’t use the

identification scheme described in section 2 since it is only one draw and statistical

significance cannot be used. Therefore, we need to use other methods to address the

issue.

The easiest and most commonly used solution to label switching problems is to

impose an identifiability constraint within each draw. To implement the constraint,

we can either permute the switching parameters between two states or simply drop the

draw in the MCMC algorithm. One example is that in Hamilton and Owyang (2012),

13I also tried to use a diffused prior (Beta(0.5, 0.5)), although regime probabilities of some countries
become less smooth, results obtained from panel regressions do not change much
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they modeled the regional recessions in the US by assuming the mean of employment

growth rate has two switching states. Identification constraint they imposed is that

recession regimes must have lower means. If the constraint is violated, they redraw

the sample until the condition is satisfied.

However, such method may not perform well especially when they are multiple

switching variables in the model. As a result, the posterior samples will be heavily

driven by variables within the identification constraint. This contradicts to our initial

definition of autonomy: regime classification should be jointly determined by three

parameters instead of only one of them. Admittedly, it is possible to mix all three

variables into the constraint, but it hard to find a linear combination as well as a

threshold value based on economic intuition.

In this paper, I follow Stephens’ (2000) algorithm of relabeling to permute the

posterior samples. After defining a loss function, the goal of the algorithm is to

minimize the value of loss function by permuting the posterior sample draws. The

loss function is defined as the Kullback-Leibler divergence from the true distribution

on regime classification to the distribution on regime classification of permuted sample

data. Compared to the identifiability constraint, this method provides a more natural

way to address the label switching problem. What’s more important is that we do

not need to post any additional constraints within each MCMC. However, a greater

computational burden is required.

The original algorithm introduced by Stephens is designed for the mixture model.

To apply the method to regime switching models, I revised it by replacing the clas-

sification probability pij with the smoothed probability of observation i in regime j,

which is calculated from Hamilton filter. Detailed algorithm is listed in Appendix B.
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1.5 Testing the Method

In this paper, monetary policy autonomy is assumed to be in two states: either

high or low. However, as discussed in Section 2, the true data generating process

(DGP) might be either one state or more than two states. This section tests whether

the two-state Markov switching model is capable of providing reasonable results and

interpretations in these scenarios. In this section, both case studies and simulation

exercises are discussed.

For the case studies, Hong Kong is used as an example of one state (no switching)

situation since Hong Kong has kept the fixed exchange rate regime for over three

decades. Meanwhile, Finland has experienced different monetary policy arrangements

over time, it would be a good case study for a data generating process with more than

two states.

In the simulation exercises. I feed the inflation rate and real GDP with Canada

data and base interest rate with US data14. Differenced home interest rate is generated

from the given DGP.

Parameters for α, β and γ are borrowed from Klein and Shambaugh (2013)’s panel

regressions on peg, soft peg and floating episodes. Furthermore, I set σ = 0.3 so as

to add some noise into the simulated data15. µ is set to equal to -0.5.

The purpose of the simulation is to illustrate a general picture that how does the

method performs when fitting the data with other than 2 states. I thereby assume

states are known when generating the simulated data16. To make it simple and

straightforward, I assume all states are absorbing states.

14I also tried other countries data as independent variables, results do not change much
15Since the purpose of the simulation exercise is to give a general idea how the two-state model

deals with one state or three states data, I set the variance of the error term to be small
16For standard simulation tests in econometrics, I assume states are randomly generated from

Markov Chain given a transition probability matrix
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1.5.1 One Sate

1.5.1.1 Case Study of Hong Kong

One straightforward way to test the approach is to apply it to a country which we

know what happens. Hong Kong could be a perfect case study for one state data

generating process. Hong Kong adopted currency board monetary system since 1983.

Until now, their currency, Hong Kong dollar, are still pegging to US dollar with a

fixed exchange rate. As we know, the currency board system can by no means provide

any monetary policy autonomy to the country. Thus, we are almost sure, α should

be close to 1 while β and γ always be close to zero for Hong Kong. I feed Hong Kong

data to the regime switching model and test how it performs. As mentioned in the

previous section, the data starts from 1990. That is because Hong Kong was in the

exploring stage of implementing fixed exchange rate regime. Hong Kong Monetary

Authority was inadequately intervening the exchange rate until it implemented a

series of financial reforms to manage interbank liquidity at the end of the 1980s.

Therefore, interest rate data in the 1980s is very volatile.

Estimation results are reported in Table 2, the right graph in Figure 1 is the

histogram of sampled parameters. The orange one is the prior distribution while

the black one is the posterior distribution. Based on the results, we can see that

posterior distributions of 3 switching parameters in state 1 are flat. Meanwhile, their

90% HPDIs cover 0 so that they are not significantly greater than 0. As mentioned

in section 2, if none of the three switching variables in the same state is significantly

greater than zeros, such state is driven by the noise. And that is why these posterior

distributions are similar as the priors. For state 2, 90% posterior HPDIs of both β

and γ still cover 0. Therefore, we can not use β nor γ to identify states. However, α

in state 2 is significantly greater than 0, both mean and mode have a value of 0.88.

Based on the identification scheme, state 2 should be labeled as a low autonomy
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regime. Furthermore, we can also compare the value of switching parameters in two

states using the probability of draws. Over 80 % of the MCMC draws has α1 less

than α2, while it’s hard to tell the difference of β and γ between two states.

I also conduct Ljung-Box Q-test to test for autocorrelations on the residuals17. It

tests the correlations up to N-1 orders (N is the sample size). The P-value equals

to 0.53 and we can not reject the hypothesis that there is no autocorrelations in

the residuals, which indicates the model fits the data well. Since the autonomy is a

relative measure, once we are sure that state 2 has lower autonomy, the other state

could be treated as the counterpart. By checking the regime probabilities in the

left graph of Figure 1, we can also see that Hong Kong has almost zero probability

of being in high autonomy regime from 1990 to 2011. This is consistent with our

expectation: a fixed exchange rate regime with no controls on capital flows will end

up with no monetary policy autonomy as well.

1.5.1.2 One State Simulation Exercises

In the following simulation exercises, I simulate dependent variable and estimate the

model for 100 times. The statistics (mean, model and 90% interval) listed in Table

3-5 are the average of the 100 estimates.

Based on the results of Hong Kong, we know the method works well when the

country has no monetary policy autonomy over the whole sample. In that case, α

should be close to 1 and β and γ close to 0. However, it is less clear to tell what α, β

and γ should be as a high autonomy state. Hence, this simulation exercise sets up the

parameters under the assumption of one state DGP, to make it consistent with the

case of Hong Kong, I use regression parameters obtained from Klein and Shambaugh

(2013)’s emerging countries’ floating subsample.

Simulated results are reported in Table 3 and Figure 2. Detailed data generating

17Residuals are calculated by taking the mean of posterior sample
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process is listed below the Table 3. The results indicate that the monetary policy

response is totally driven by state 1 and estimated parameters in that state converge

to the true parameters. For state 2, we can see it captures almost no information.

The probability of high autonomy state, which measures the relative autonomy, is also

reasonable since it indicates autonomy is close to 1 all the time. Therefore, results

are similar to that obtained from the case study of Hong Kong except the regimes

are flipped.

According to both the simulation exercises and case study of Hong Kong, with a

two-state Markov switching model, one of the two regimes reproduces the true process

while the other one presents nothing but noise. At the same time, the autonomy

measure is still valid since regime probabilities indicate that the country generally

stays in one regime. Overall, when there is only one state, the method works well.

For comparison, I also applied the method to two states DGP for comparison.

Assuming that the first half of the sample is in fixed exchange rate regime while the

rest sample has a floating regime, we can check whether the method works when

putting two bipolar states together. Results are listed in Table 4 and Figure 3. As

expected, we can see parameters are well captured by the estimations. The regime

probabilities also correctly capture the regime switching process from high autonomy

to low autonomy.

1.5.2 More Than Two Sates

1.5.2.1 Case Study of Finland

We know monetary policies may change over time for some countries and their policy

regimes may have more than two states. In this subsection, I use Finland as an

example. To summarize and better understand the evolution of monetary policy

process, I use a Time-Varying Parameter (TVP) model, which assumes parameters

are time-dependent. In this case, quarterly frequency data is used. Meanwhile, I
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assume the constant is also changing over time. The setup follows equation (5) as

well as Obstfeld (2014), 4 lags are selected:

4it = µt + αt4ibt +
4∑
p=1

βpt4yt−p +
4∑
p=1

γpt4πt−p + εt

Meanwhile, each of these time varying parameters follows an individual random

walk process, and the model is estimated by the Kalman filter (see Kim and Nelson

(1999)). Figure 4 lists evolutions of the parameters. We can see that monetary policy

changes a lot over time. It actively responds to the domestic GDP during 1980 to

1985 and to the inflation during 1980 to 1981. After 1985, the financial deregulation

in Finland loosen the capital controls and the policy rate becomes less responsive

to domestic indicators. During 1993 to 1996 inflation targeting episodes, there is

no strong evidence that Finland’s monetary policy reacts to domestic indicators.

Although we can see a clear pattern that α is greatly increased since the 1990s, it

is hard to tell more details on the level of autonomy from α since it also fluctuates

frequently over time and sometimes it has a value which is much higher than 1.

By applying the Markov switching model to the annual data of Finland, In Figure

5, we can see that the high autonomy regime captures the pre-deregulation episodes

in the early 1980s. In this state, β is higher and α is lower than their counterpart in

the other state. Estimations for Finland are reported in Table 6. Meanwhile, regime

switching model does not classify the 1993-1996 inflation targeting episodes as high

autonomy regime. These results are consistent with what we have obtained from the

TVP model. Hence, we can see the 2 state regime switching model well captures the

structure change of monetary policy.

1.5.2.2 Three States Simulation Exercises

According to the simulation exercises in section 5.1, we can see the method performs

well when the DGP has two states. However, what if there are middle regimes? With-
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out loss of generality, I assume there are three states in the DGP. When generating

dependent series, I use Klein and Shambaugh (2013) advanced country regression

parameters obtained from float, soft peg and peg episodes.

Mean estimated results are listed in Table 5. In the DGP, I assume that autonomy

moves from high to low over time. Moreover, we can see monetary policy has similar

reactions between floating and soft peg episodes. Compared to the true values, esti-

mated results indicate that the model is picking up two polar regimes and the middle

regime is absorbed. However, regime probabilities indicate that there is a middle level

between high and low autonomy regimes during the 1990s, which is exactly when the

middle regime steps in. Furthermore, the graph also tells us that the middle regime

is similar to high autonomy regime according to the level of autonomy probabilities,

which is consistent with our DGP setup. Hence, the simulation exercises indicate that

even there are more than two states, the method can still give us reasonable results.

1.6 Cross Country Evidence

1.6.1 Individual Country Estimates

Estimations of the parameters for 18 countries are listed in Table 6-9. In the tables,

state 1 is denoted as the high autonomy regime. Parameters which are significantly

different and greater than zero (as defined in the previous section, 90% Highest Prob-

ability Density Interval does not cover 0) are labeled in bold. P values of Ljung-Box

test (Q-test) are also listed in each table. We can see most of the countries do not

reject the hypothesis of non-autocorrelation errors at 10% level except Finland and

Sweden. So, overall, the model fits the data well18. In terms of α, most of the coun-

tries show that they are significantly higher in low autonomy state than the other.

This indicates that base country interest rate is still an essential factor which influ-

18Since the results of some countries show that the autonomy may only have one state. A more
rigorous way to test for two–state regime model versus one–state model is to calculate the Bayes
factor for model comparison, which could be conducted in future studies
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ences the domestic monetary policy. For the countries such as Australia, Belgium,

Denmark, Finland, France, Ireland, Italy, Japan, Norway, Sweden, Switzerland and

Hong Kong, using interest rate alone is enough to identify relatively high and low

monetary autonomy regimes.

Meanwhile, over one–third of the sample countries has a significant positive β. As

we discussed in section 2.3, we may need information other than the foreign interest

rate to identify regimes since for countries which deeply integrated to the global

financial market or share similar business cycle with the base country. Countries like

Germany, Canada, New Zealand and the United Kingdom fall into such category

given that both α and β in one regime are significantly greater that the values in

another regime. Moreover, we can see that most of the countries in the sample do

not have a γ which is significantly greater than zero. It indicates that using γ may

not be enough to identify regimes, which validates the rule described in section 2.3

that gives γ the least priority in the identification scheme.

I also generate the smoothed probabilities of being in the high autonomy state,

which are used as the measure of autonomy. Values are plotted in Figure 7. According

to the graph, we can see no country in the sample has the regime probability lies

around 0.5 for all periods. This means the method works well in distinguishing

two regimes. For example, the case of Australia, During 1990-1991 and 1995-1996,

Australia follows a soft peg to US dollar. As indicated in the autonomy measure,

the probability drops in those periods. In most of the other periods, they have high

autonomy given the local rate significantly reacts to local real GDP. In Appendix C,

I made some further interpretations of the results for each country.

To summarize the monetary policy response from 18 individual countries, I run
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regressions based on the following equation:

4iit =a+ b14ibit + b24yit−1 + b34πit−1 + b4autonomyit + b5autonomyit ∗ 4ibit

+ b6autonomyit ∗ 4yit−1 + b7autonomyit ∗ 4πit−1

(1.7)

In the equation, autonomy stands for the probability of being a high autonomy

regime, which takes a value between 0 and 1. This estimated equation summarizes

how the level of autonomy influences the central bank reactions to different variables.

By controlling country fixed effects, Table 10 indicates that both base interest rate

and lagged real GDP significantly affects the local interest rate. In regression (6),

which I pool all the independent variables in equation (7), we can see b5 is negative

while b6 is positive. This indicates that when the level of autonomy becomes higher,

base country interest rates will have fewer impacts on local rates. Meanwhile, higher

autonomy is accompanied by stronger policy responses to the domestic GDP. These

results are intuitive: greater autonomy brings monetary policy targets back from

foreign to domestic variables.However, neither lagged inflation rate nor its interact

term shows significance in the regressions, it may be the reason that some advanced

countries follow an inflation targeting policy rule instead of a backward-looking rule.

Overall, the results are consistent with our identification scheme.

1.6.2 Trilemma Regressions

So far, there is no uniform standard to directly check the level of monetary policy

autonomy. However, based on the trilemma theory, monetary policy autonomy is

closely related to the exchange rate regime and capital controls. Hence, these indexes

can help us to test the method.

With the measure of autonomy obtained from section 6.1, I run cross-country panel

regressions and check the conditional correlations of the autonomy on the exchange
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rate regime and capital controls.

The core part of testing follows the equation:

autonomyit = a+ b1pegit + b2kaopenit + b3pegit ∗ kaopenit (1.8)

where autonomy is the probability of being a high autonomy regime, peg is the

peg index and kaopen is the measure of capital controls. We expect both b1 and b2

to be negative if trilemma holds. Since the purpose of this section is to check the

conditional correlation between autonomy, exchange rate regime and capital control,

the primary concern is the sign and significance of the parameters. Therefore, it is

not necessary to use the Bayesian method given that selecting the prior for the panel

fixed effects model will become a new problem.

The paper examines the equation (8) with both the country fixed and random

effects panel regressions19. With robust errors (clustered by country) listed in the

parentheses, the result in Table 11 and 12 indicates that both the peg and the opened

capital account are negatively correlated with autonomy. Although the coefficients for

peg are not significant in some of the fixed effects regressions, the signs of estimated

parameters are still consistent with the trilemma theory.

For example, the first column of Table 11 shows that pegging the currency to a

base country will lower the probability of being in high autonomy regimes (or rise the

probability of being in low autonomy regimes) by 13%. For column 2, the parameter

on kaopen means that increasing the index by 1 will significantly lower the autonomy

probability by 4%, holding the peg index constant. These results are consistent

with the trilemma: monetary policy autonomy decreases when the exchange rate

becomes less flexible or capital controls are removed. The interaction term in column

(3) indicates that more open capital account will amplify the effects of exchange

rate regimes, thus lowering autonomy. These findings are also consistent with the

19If not specified, penal regressions in this section is run with the country fixed effects model
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trilemma.

Since measuring autonomy with continuous numbers may not capture the nonlin-

earity of the autonomy level, similar regressions with binary variables are conducted20.

The threshold for generating the autonomy dummy is set as 0.5. Therefore, variable

autonomy is labeled as 1 if it’s greater than 0.5. In Table 13, I obtained similar

results. Even though some of the coefficients are not significant in 10% level, all the

signs follow the intuition of trilemma. In column (1), the probit model indicates that

the Z-score of the dependent variable will drop by 1.19 if the country pegs.

Aizenman et al. (2008) introduced a measure of monetary policy autonomy based

on the correlation between domestic and foreign interest rates. For comparing, I

investigate the same regressions with the fixed effects model and obtain the results

in Table 14. As we discussed in section 2, using the interest rate alone to identify

monetary policy autonomy may cause problems. Similar to the previous regressions,

capital controls significantly increase the level of monetary policy autonomy. However,

the results also indicate that the peg is positively correlated with monetary policy

autonomy, which contradicts the trilemma theory. Since their measure of autonomy

is solely based on interest rates, countries with more opened capital account would

be more likely to have higher correlations between home and foreign interest rate.

Therefore, effects of the exchange rate regime on monetary autonomy would become

weaker.

According to the previous results, I find both the exchange rate regime and capital

controls affect our measure of autonomy. Since Shambaugh’s peg index is binary and

there is no middle regime. Then, we may ask the question: How does a soft peg

regime affect the level of autonomy? Table 15 lists results of regressions on a soft

peg dummy. Since the purpose of running these regressions is to check the role of a

soft peg in determining monetary autonomy, peg episodes are dropped. As a result,

20Since there is no fixed effects for panel probit model, the random effects model is adopted
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none of the estimations on soft pegs present significance. Although their signs are

consistent with the results obtained from peg dummies, the estimated values are

much closer to zero. I also pool peg and soft peg dummies in the same equation.

Regression parameters are listed in Table 16. Compared to the results in Table 11,

coefficients on pegs become significant in the first two columns. Meanwhile, autonomy

is still negatively responding to the peg and the open capital account. Effects of the

soft peg on autonomy also remain insignificant. Therefore, switching from a floating

exchange rate regime to a soft peg regime does not change monetary policy autonomy

much.

Until now, we have found that trilemma holds in the set of countries with using

Shambaugh’s exchange rate regime classification. To check the robustness, I use a

different exchange rate regime indexes, which is developed by Reinhart and Rogoff

(2004). Compared to using official exchange rates, they used black market exchange

rates to classify the exchange rate regime. In their fine classification, they categorized

regimes into 14 levels. To better compare the results, I convert the Reinhart and

Rogoff (RR) classification into a binary variable (Exchange rate regime categories

stronger than crawling peg is classified as peg).

In Table 17, we can find negative coefficients on both the fixed exchange rate

and the opened capital account. Compared to the results in Table 11, the estimated

parameters are generally smaller. For example, the effect of choosing peg is about

4% smaller than that with using Shambaugh (2004) index. This may be the reason

that parallel market exchange rate data they used to codify exchange rate regimes

already includes the information of capital controls. Hence the effects of exchange

rate regimes on monetary autonomy will be dampened.

For the interaction term of the fourth regression in Table 11, 12, 13 15 16 and 17,

none of the regressions present negatively significant results, which are consistent with

the previous literature (Obstfeld et al. (2005)). It possibly because the individual
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effects of both the peg and capital controls are significantly large, hence distorts the

effects of the interaction term.

Argued by Rey (2013), the trilemma is not valid since there will be no monetary

policy autonomy when the capital control is not posted. In her paper, she proposed a

transmission mechanism that monetary policy in the center country affects the lever-

age of global banks. Hence it fuels up the domestic credits through international

credit flows. All panel regressions indicate that monetary policy autonomy is signif-

icantly negatively correlated to open capital account, which is consistent with Rey’s

results. However, previous results in this paper also show evidence that exchange

rate regime matters too. In Rey (2013), the author only focuses on an economy with

a floating exchange rate regime and the fixed exchange rate regime is not directly

discussed in the empirical analysis. According to the previous regressions, we found

that moving from a floating to a fixed exchange rate regime lower the probability

of being in high autonomy regimes. Hence, this paper does not deny effects of the

global financial cycle on local policy, but we can never ignore the role exchange rate

regimes, and the open economy trilemma is still valid.

1.6.2.1 Extending Sample Size: Including Currency Union Episodes

Since over one-third of the countries in my sample has only 20 observations after

dropping the currency union episodes. In time series view, shorter sample data will

make the method harder to distinguish switching states. Since there is no policy

rate nor monetary policy autonomy at all for a country within the currency union, I

therefore simulate the 1999-2011 Eurozone periods with the following data generating

process:

4it = 4ibt (1.9)

Where I use the Euro rate as the base rate of 6 Euro countries. This is because
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the policy rate should be exactly the same as the base rate no matter what the

domestic inflation or GDP is. This also means that currency union episodes have no

autonomy. The goal of this section is not to test whether currency union is in low

autonomy regime, instead, I want to use it to better identify the autonomy regimes

of pre-CU episodes (1979-1999). By including the simulated data into the sample, it

can act as a benchmark of a low autonomy regime when running the regime switching

model. Hence, it would help the model to better identify regime changes given that

dropping the currency union episodes may lead to inefficiency of the estimation.

Admittedly, using Markov switching regressions on a mixture of real and simu-

lated data may bias the estimations for the later one. Hence, the level of autonomy

obtained from regime probabilities may not exactly equal to 0 during the currency

union episodes. To control for the bias, I use a binary index for the autonomy level.

To keep consistency, the dummy threshold is selected as 0.5. Figure 8 plots the up-

dated level of autonomy. We can see all currency union episodes are labeled as 0.

Compared to the previous results, patterns of structural changes in autonomy become

more obvious, especially for Belgium, France, and Spain.

Regression results are listed in Table 18. For comparison, currency union episodes

are dropped in panel regressions. Now, we find both peg and capital account openness

significantly lowers the autonomy. Meanwhile, although the interaction terms in

column (3) and (4) are not significant, it gives us a negative sign. This indicates that

given a certain level of capital controls, fixing the exchange rate lowers the autonomy.

Furthermore, to check the robustness of the results obtained from simulated data,

I also use the market interest rate for Euro Zone episodes to run regime switching

models. Although the rate is affected by risk premiums, it will not much deviate from

the euro rate. Results for regime identifications are plotted in Figure 9. Although a

couple of episodes are now classified into low autonomy regimes, the overall results

are very similar to the ones obtained from using simulated rates. According to Table
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19, panel regressions on the trilemma variables are also consistent with the previous

results.

1.7 Conclusion

Compared to previous studies on the open economy trilemma, this paper develops a

new approach to identify monetary policy autonomy. By adopting regime switching

directly on a monetary policy response function, I let foreign and domestic variables

jointly determine the autonomy. According to the cross country evidence, the method

validates the trilemma: floating exchange rate regimes as well as capital controls both

increase the monetary autonomy.

In further research, we can make different assumptions of the model. For example,

allow heteroskedasticity in the error term, which may dampen the effects of noise on

parameters. If possible, develop statistic/econometric methods to address outliers in

the data so that more countries could be included in the sample. In terms of the

monetary policy reaction function, we can use forward-looking Taylor rule instead

of backward-looking one. Either forecasting data or ex-post data can be used in

the estimation; however, because of the endogeneity, the later one may require us to

conduct instrumental variables estimation within switching process.
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Table 1.1: Summary of exchange rate regimes and capital controls

Peg Non Peg
Soft Peg Float

109 197 171
477 episodes in total

Low Capital Control High Capital Control
373 87

460 episodes in total (17 missing data)

Numbers in the table are the frequency of the episodes

Figure 1.1: Probability of high monetary autonomy regimes and histogram of prior
and posterior distributions: Hong Kong
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Table 1.2: Case study of Hong Kong: estimated parameters

Estimated Parameters
Mean Mode 90% Interval

α1 0.03 0.09 [-1.60 1.65]
β1 -0.01 0.02 [-1.58 1.59]
γ1 -0.02 -0.05 [-1.65 1.58]
α2 0.88 0.88 [0.78 1.00]
β2 0.03 0.02 [-0.02 0.08]
γ2 0.01 0.01 [-0.07 0.09]
P1 0.85 0.93 [0.69 1.00]
P2 0.95 0.98 [0.98 1.00]
µ -0.16 -0.17 [-0.43 0.09]
σ 0.41 0.38 [0.29 0.53]

Percentage of Draws
α1 < α2 β1 < β2 γ1 < γ2

Probability: 0.80 0.52 0.51
Ljung-Box Q-test

P-value: 0.53

Note: Dependent variable is home country interest rate. α, β, γ are the responses to the base
country interest rate, real GDP and inflation rate, respectively. µ is the constant, P is the transition
probability and σ is the variance. Bold numbers are the parameters which are significant and greater
than 0
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Table 1.3: Simulation exercise: one state

One State
Mean Mode 90% Interval

α1 0.10 0.10 [0.05 0.16]
β1 0.27 0.27 [0.23 0.32]
γ1 -0.22 -0.22 [-0.29 -0.16]
α2 0.02 0.09 [-1.54 1.52]
β2 0.05 0.25 [-1.50 1.50]
γ2 -0.03 -0.18 [-1.54 1.53]
P1 0.94 0.98 [0.87 1.00]
P2 0.83 0.92 [0.66 1.00]
µ -0.50 -0.50 [-0.65 -0.35]
σ 0.29 0.28 [0.22 0.36]

1979-2011: 4it = −0.5 + 0.104ibt + 0.274yt−1 − 0.224πt−1 + εt, where εt ∼ N(0, 0.32)

Figure 1.2: Averaged smoothed probabilities of high autonomy regime (one state
simulation)
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Table 1.4: Simulation exercise: two states

Two States
Mean Mode 90% Interval

α1 0.10 0.10 [0.03 0.17]
β1 0.27 0.27 [0.21 0.32]
γ1 -0.22 -0.22 [-0.29 -0.15]
α2 0.72 0.72 [0.62 0.81]
β2 0.14 0.14 [0.07 0.20]
γ2 0.01 0.02 [-0.18 0.21]
P1 0.88 0.91 [0.77 0.98]
P2 0.89 0.94 [0.79 1.00]
µ -0.50 -0.50 [-0.67 -0.34]
σ 0.30 0.29 [0.23 0.37]

1979-1994: 4it = −0.5 + 0.104ibt + 0.274yt−1 − 0.224πt−1 + εt, where εt ∼ N(0, 0.32)
1995-2011: 4it = −0.5 + 0.724ibt + 0.144yt−1 + 0.024πt−1 + εt, where εt ∼ N(0, 0.32)

Figure 1.3: Averaged smoothed probabilities of high autonomy regime (two states
simulations)
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Figure 1.4: Time varying parameters: example of Finland

Figure 1.5: Probability of high monetary autonomy regime and histogram of prior
and posterior distributions: Finland
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Table 1.5: Simulation exercise: three states

Three States
Mean Mode 90% Interval

α1 0.56 0.56 [0.48 0.64]
β1 0.16 0.17 [0.10 0.23]
γ1 0.11 0.11 [0.02 0.19]
α2 0.95 0.95 [0.82 1.07]
β2 0.00 0.00 [-0.10 0.10]
γ2 0.00 0.02 [-0.24 0.24]
P1 0.83 0.87 [0.71 0.98]
P2 0.83 0.88 [0.69 0.99]
µ -0.54 -0.54 [-0.74 -0.34]
σ 0.32 0.30 [0.23 0.40]

1979-1990: 4it = −0.5 + 0.544ibt + 0.154yt−1 + 0.124πt−1 + εt, where εt ∼ N(0, 0.32)
1991-1999: 4it = −0.5 + 0.784ibt + 0.144yt−1 + 0.094πt−1 + εt, where εt ∼ N(0, 0.32)
2000-2011: 4it = −0.5 + 0.944ibt − 0.044yt−1 + 0.104πt−1 + εt, where εt ∼ N(0, 0.32)

Figure 1.6: Averaged smoothed probabilities of high autonomy regime (there sates
simulations)
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Table 1.6: Estimated parameters

Australia
Mean Mode 90% Interval Mean Mode 90% Interval

α1 0.07 0.05 [-0.37 0.51] α2 1.02 0.08 [0.48 1.56]
β1 0.37 0.41 [0.03 0.71] β2 0.05 0.07 [-0.28 0.39]
γ1 -0.41 -0.38 [-0.76 -0.10] γ2 0.03 0.05 [-0.42 0.52]
P1 0.71 0.73 [0.52 0.90] P2 0.71 0.72 [0.53 0.88]
µ -0.83 -0.91 [-1.75 0.05] σ 1.29 1.16 [0.84 1.69]

P-value of Q-Statistics: 0.16
Belgium

Mean Mode 90% Interval Mean Mode 90% Interval
α1 0.39 0.53 [-1.01 1.63] α2 1.05 1.05 [0.75 1.35]
β1 -0.10 -0.15 [-1.29 1.21] β2 -0.23 -0.23 [-0.52 0.05]
γ1 0.01 0.20 [-1.35 1.25] γ2 -0.11 -0.10 [-0.39 0.17]
P1 0.77 0.80 [0.58 0.99] P2 0.86 0.96 [0.69 1.00]
µ 0.22 0.22 [-0.41 0.89] σ 0.72 0.72 [0.40 1.01]

P-value of Q-Statistics: 0.36
Canada

Mean Mode 90% Interval Mean Mode 90% Interval
α1 0.93 0.95 [0.64 1.18] α2 0.60 0.66 [-0.68 1.74]
β1 0.18 0.16 [0.00 0.35] β2 0.13 0.18 [-0.88 0.90]
γ1 -0.01 -0.00 [-0.29 0.27] γ2 0.04 0.04 [-1.17 1.41]
P1 0.83 0.96 [0.66 1.00] P2 0.70 0.68 [0.48 0.97]
µ -0.44 -0.44 [-0.98 0.12] σ 1.03 0.98 [0.76 1.29]

P-value of Q-Statistics: 0.13
Denmark

Mean Mode 90% Interval Mean Mode 90% Interval
α1 -0.68 -0.64 [-1.10 -0.21] α2 1.00 1.04 [0.71 1.28]
β1 0.11 0.01 [-0.69 0.77] β2 0.15 0.11 [-0.04 0.33]
γ1 0.10 0.06 [-0.86 1.07] γ2 0.30 0.33 [-0.08 0.64]
P1 0.68 0.66 [0.45 0.91] P2 0.87 0.94 [0.75 1.00]
µ -0.45 -0.44 [-0.92 0.01] σ 1.08 1.04 [0.76 1.35]

P-value of Q-Statistics: 0.20
Finland

Mean Mode 90% Interval Mean Mode 90% Interval
α1 -0.20 -0.21 [-0.84 0.44] α2 0.84 0.85 [0.22 1.50]
β1 0.39 0.42 [-0.05 0.83] β2 0.06 0.03 [-0.20 0.31]
γ1 -0.35 -0.10 [-1.10 0.37] γ2 0.46 0.68 [-0.27 1.10]
P1 0.78 0.83 [0.60 0.96] P2 0.84 0.90 [0.69 0.99]
µ -0.59 -0.52 [-1.43 0.31] σ 1.46 1.28 [0.90 2.07]

P-value of Q-Statistics: 0.05
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Table 1.7: Estimated parameters

France
Mean Mode 90% Interval Mean Mode 90% Interval

α1 0.45 0.39 [-0.76 1.70] α2 0.57 0.53 [0.17 0.95]
β1 0.06 0.11 [-0.95 1.03] β2 0.12 0.10 [-0.29 0.53]
γ1 0.07 -0.11 [-1.05 1.33] γ2 0.28 0.28 [-0.24 0.80]
P1 0.74 0.74 [0.53 0.97] P2 0.84 0.92 [0.68 1.00]
µ -0.37 -0.35 [-1.21 0.49] σ 1.02 0.97 [0.67 1.38]

P-value of Q-Statistics: 0.25
Germany

Mean Mode 90% Interval Mean Mode 90% Interval
α1 0.64 0.66 [0.53 0.76] α2 -0.86 -1.22 [-2.08 0.48]
β1 0.60 0.59 [0.44 0.75] β2 -0.05 -0.05 [-0.54 0.47]
γ1 0.28 0.30 [0.07 0.50] γ2 -0.90 -1.28 [-2.14 0.30]
P1 0.89 0.93 [0.80 0.99] P2 0.81 0.88 [0.65 0.98]
µ -0.98 -0.95 [-1.37 -0.59] σ 0.53 0.44 [0.29 0.81]

P-value of Q-Statistics: 0.31
Iceland

Mean Mode 90% Interval Mean Mode 90% Interval
α1 0.60 0.87 [-0.49 1.58] α2 0.51 1.64 [-1.07 2.26]
β1 0.44 0.47 [0.25 0.64] β2 0.21 0.27 [-0.77 0.95]
γ1 -0.04 -0.03 [-0.36 0.28] γ2 0.13 0.31 [-0.88 0.74]
P1 0.81 0.91 [0.64 0.99] P2 0.71 0.73 [0.51 0.95]
µ -1.00 -1.07 [-1.76 -0.19] σ 1.37 1.41 [0.66 1.99]

P-value of Q-Statistics: 0.99
Ireland

Mean Mode 90% Interval Mean Mode 90% Interval
α1 0.01 -0.06 [-1.64 1.61] α2 0.94 0.94 [0.88 0.99]
β1 0.00 0.02 [-1.68 1.60] β2 0.00 -0.01 [-0.04 0.03]
γ1 -0.01 -0.03 [-1.63 1.65] γ2 0.04 0.04 [0.01 0.07]
P1 0.85 0.93 [0.71 1.00] P2 0.95 0.98 [0.89 1.00]
µ 0.05 0.04 [-0.12 0.23] σ 0.25 0.23 [0.18 0.33]

P-value of Q-Statistics: 0.78
Italy

Mean Mode 90% Interval Mean Mode 90% Interval
α1 0.10 0.07 [-0.79 1.05] α2 0.65 0.75 [0.10 1.15]
β1 0.70 1.07 [-0.24 1.47] β2 0.01 -0.07 [-0.41 0.50]
γ1 0.04 0.15 [-0.83 0.94] γ2 0.26 0.22 [-0.05 0.57]
P1 0.73 0.75 [0.54 0.93] P2 0.82 0.85 [0.67 0.98]
µ -0.61 -0.72 [-1.55 0.45] σ 1.18 0.74 [0.49 1.84]

P-value of Q-Statistics: 0.77
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Table 1.8: Estimated parameters

Japan
Mean Mode 90% Interval Mean Mode 90% Interval

α1 -0.04 -0.04 [-0.16 0.08] α2 0.80 0.78 [0.33 1.28]
β1 0.16 0.17 [0.05 0.28] β2 -0.16 -0.16 [-0.29 -0.01]
γ1 0.42 0.42 [0.19 0.65] γ2 0.30 0.29 [-0.06 0.64]
P1 0.80 0.83 [0.67 0.93] P2 0.70 0.73 [0.50 0.88]
µ -0.29 -0.29 [-0.62 0.04] σ 0.53 0.48 [0.36 0.68]

P-value of Q-Statistics: 0.82
New Zealand

Mean Mode 90% Interval Mean Mode 90% Interval
α1 0.62 0.80 [0.10 1.10] α2 0.30 0.19 [-0.82 1.36]
β1 0.34 0.38 [0.01 0.66] β2 0.43 0.34 [-0.32 1.44]
γ1 -0.29 -0.40 [-0.66 0.05] γ2 -0.37 -0.04 [-1.56 0.54]
P1 0.81 0.88 [0.63 0.98] P2 0.65 0.65 [0.44 0.88]
µ -0.93 -0.84 [-1.94 -0.01] σ 1.67 1.60 [1.17 2.15]

P-value of Q-Statistics: 0.32
Norway

Mean Mode 90% Interval Mean Mode 90% Interval
α1 0.04 0.06 [-0.47 0.56] α2 0.95 1.03 [0.05 1.87]
β1 0.26 0.27 [-0.06 0.57] β2 0.05 0.09 [-0.51 0.66]
γ1 0.11 0.09 [-0.27 0.49] γ2 0.17 0.05 [-0.57 1.06]
P1 0.75 0.70 [0.56 0.98] P2 0.78 0.74 [0.50 0.91]
µ -0.55 -0.51 [-1.34 0.23] σ 1.53 1.41 [1.10 1.92]

P-value of Q-Statistics: 0.52
Spain

Mean Mode 90% Interval Mean Mode 90% Interval
α1 -0.28 -0.43 [-1.21 0.65] α2 0.31 0.20 [-0.68 1.40]
β1 0.22 0.25 [-0.44 0.92] β2 0.02 -0.10 [-0.83 0.88]
γ1 1.33 1.35 [0.49 2.21] γ2 0.02 0.08 [-1.03 1.09]
P1 0.75 0.79 [0.56 0.96] P2 0.71 0.74 [0.52 0.92]
µ -0.17 -0.21 [-1.47 1.10] σ 2.40 2.09 [1.48 3.30]

P-value of Q-Statistics: 0.98
Sweden

Mean Mode 90% Interval Mean Mode 90% Interval
α1 0.38 0.28 [-0.60 1.42] α2 0.79 0.68 [0.22 1.41]
β1 0.12 0.24 [-0.52 0.73] β2 0.05 0.09 [-0.24 0.32]
γ1 0.00 0.24 [-0.77 0.70] γ2 -0.06 -0.07 [-0.46 0.35]
P1 0.65 0.64 [0.43 0.87] P2 0.77 0.76 [0.61 0.99]
µ -0.28 -0.22 [-0.99 0.40] σ 1.45 1.41 [1.06 1.87]

P-value of Q-Statistics: 0.03
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Table 1.9: Estimated parameters

Switzerland
Mean Mode 90% Interval Mean Mode 90% Interval

α1 0.41 0.40 [0.26 0.55] α2 1.28 1.28 [1.13 1.43]
β1 0.01 0.00 [-0.15 0.18] β2 0.05 0.05 [-0.11 0.19]
γ1 -0.20 -0.16 [-0.52 0.08] γ2 0.01 0.00 [-0.16 0.18]
P1 0.64 0.67 [0.44 0.83] P2 0.67 0.69 [0.49 0.85]
µ -0.14 -0.16 [-0.41 0.12] σ 0.47 0.43 [0.33 0.62]

P-value of Q-Statistics: 0.65
United Kingdom

Mean Mode 90% Interval Mean Mode 90% Interval
α1 0.72 0.76 [0.38 1.11] α2 0.40 0.66 [-0.75 1.45]
β1 0.25 0.22 [0.00 0.51] β2 0.19 0.14 [-0.40 0.84]
γ1 -0.20 -0.23 [-0.52 0.11] γ2 -0.15 -0.28 [-1.14 0.92]
P1 0.79 0.78 [0.63 0.99] P2 0.66 0.63 [0.44 0.91]
µ -0.81 -0.83 [-1.43 -0.16] σ 1.33 1.27 [0.99 1.66]

P-value of Q-Statistics: 0.61
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Table 1.10: Monetary policy response with the level of autonomy

(1) (2) (3) (4) (5) (6)
4ibt 0.57*** 1.02*** 0.57*** 0.58*** 0.58*** 1.06***

(0.06) (0.10) (0.07) (0.07) (0.07) (0.10)

4yt−1 0.24*** 0.23*** 0.06 0.23*** 0.03 -0.04
(0.05) (0.06) (0.05) (0.05) (0.04) (0.04)

4πt−1 -0.02 -0.01 -0.02 0.10 0.14 0.13
(0.06) (0.06) (0.06) (0.09) (0.09) (0.08)

autonomy 1.85** 1.51* 1.03 1.77** 0.81 0.16
(0.78) (0.72) (0.63) (0.75) (0.55) (0.54)

autonomy *4ibt -0.82*** -0.91***
(0.27) (0.26)

autonomy * 4yt−1 0.37*** 0.42*** 0.55***
(0.09) (0.09) (0.08)

autonomy * 4πt−1 -0.24 -0.31 -0.27
(0.23) (0.23) (0.21)

constant -1.63*** -1.47*** -1.25*** -1.58*** -1.12*** -0.81***
(0.42) (0.40) (0.33) (0.39) (0.28) (0.28)

R2 0.39 0.45 0.41 0.40 0.42 0.49
N 477 477 477 477 477 477
Robust standard errors (clustered by country) in parentheses

Dependent variable is first difference of local interest rate
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.11: Trilemma regressions

(1) (2) (3) (4)
peg -0.13 -0.11 -0.10 -0.14*

(0.08) (0.07) (0.06) (0.07)

kaopen -0.04*** -0.05***
(0.01) (0.02)

peg*kaopen -0.02 0.02*
(0.02) (0.01)

constant 0.51*** 0.58*** 0.51*** 0.59***
(0.02) (0.03) (0.02) (0.04)

R2 0.03 0.06 0.04 0.07
N 477 460 460 460

Robust standard errors (clustered by country) in parentheses

Dependent variables are high autonomy regime probabilities
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 1.12: Trilemma regressions (random effects)

(1) (2) (3) (4)
peg -0.18** -0.16** -0.14** -0.18***

(0.07) (0.07) (0.06) (0.06)

kaopen -0.03** -0.04**
(0.02) (0.02)

peg*kaopen -0.02 0.01
(0.02) (0.01)

constant 0.51*** 0.55*** 0.51*** 0.56***
(0.05) (0.06) (0.05) (0.06)

N 477.00 460.00 460.00 460.00

Robust standard errors (clustered by country) in parentheses

Dependent variables are high autonomy regime dummies
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.13: Trilemma regressions (binary index)

(1) (2) (3) (4)
peg -1.19** -1.04* -0.80 -0.96

(0.59) (0.58) (0.64) (0.60)

kaopen -0.23 -0.22*
(0.14) (0.12)

peg*kaopen -0.27 -0.06
(0.26) (0.19)

constant 0.08 0.38 0.09 0.37
(0.43) (0.50) (0.43) (0.48)

R2

N 477 460 460 460

Robust standard errors (clustered by country) in parentheses

Dependent variables are high autonomy regime dummies
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 1.14: Trilemma regressions: Aizenman, Chinn and Ito monetary independence
index

(1) (2) (3) (4)
peg -0.00 0.11** 0.02 0.07

(0.04) (0.04) (0.03) (0.04)

peg*kaopen -0.08*** -0.04*
(0.01) (0.02)

kaopen -0.05*** -0.04*
(0.02) (0.02)

constant 0.35*** 0.36*** 0.43*** 0.41***
(0.01) (0.01) (0.02) (0.03)

R2 0.00 0.05 0.07 0.08
N 477 460 460 460

Robust standard errors (clustered by country) in parentheses

Dependent variable is Aizenman, Chinn and Ito’s Index on

monetary policy autonomy
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.15: Trilemma regressions with softpeg

(1) (2) (3) (4)
softpeg -0.04 -0.04 0.00 -0.05

(0.03) (0.03) (0.03) (0.05)

kaopen -0.05*** -0.05*
(0.01) (0.02)

softpeg*kaopen -0.03** 0.01
(0.01) (0.02)

constant 0.60*** 0.68*** 0.61*** 0.69***
(0.02) (0.03) (0.02) (0.05)

R2 0.01 0.04 0.02 0.04
N 368 351 351 351

Robust standard errors (clustered by country) in parentheses

Dependent variables are high autonomy regime probabilities

Peg episodes are dropped
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.16: Trilemma regressions with peg and softpeg

(1) (2) (3) (4)
peg -0.15* -0.14* -0.11 -0.14*

(0.08) (0.07) (0.07) (0.07)

softpeg -0.03 -0.04 0.02
(0.03) (0.03) (0.03)

kaopen -0.04** -0.04**
(0.01) (0.02)

peg*kaopen -0.02 0.01
(0.02) (0.02)

softpeg*kaopen -0.04** -0.02
(0.01) (0.02)

constant 0.53*** 0.60*** 0.53*** 0.58***
(0.03) (0.04) (0.03) (0.04)

R2 0.03 0.07 0.06 0.07
N 477 460 460 460

Standard errors (clustered by country) in parentheses

Dependent variables are high autonomy regime probabilities
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.17: Trilemma regressions with Reinhart and Rogoff peg

(1) (2) (3) (4)
rrpeg -0.09* -0.02 -0.06 -0.07

(0.05) (0.04) (0.05) (0.06)

kaopen -0.04*** -0.05***
(0.02) (0.02)

rrpeg*kaopen -0.01 0.03
(0.01) (0.02)

constant 0.49*** 0.56*** 0.50*** 0.56***
(0.01) (0.03) (0.01) (0.03)

R2 0.01 0.04 0.01 0.04
N 466 449 449 449

Robust standard errors (clustered by country) in parentheses

Dependent variables are high autonomy regime probabilities
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 1.18: Trilemma regressions: autonomy regimes based on extended sample (sim-
ulated interest rate in Currency Union)

(1) (2) (3) (4)
peg -1.69*** -1.29** -1.66*** -1.64***

(0.39) (0.52) (0.32) (0.48)

kaopen -0.36** -0.36***
(0.14) (0.11)

peg*kaopen -0.35 -0.02
(0.32) (0.31)

constant 0.44 0.47 0.98** 0.97**
(0.31) (0.31) (0.38) (0.36)

N 477 460 460 460

Robust standard errors (clustered by country) in parentheses

Dependent variables are high autonomy regime dummies
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.19: Trilemma regressions: autonomy regimes based on extended sample (mar-
ket interest rate in Currency Union)

(1) (2) (3) (4)
peg -2.01*** -1.43** -2.01*** -1.72***

(0.64) (0.72) (0.58) (0.67)

kaopen -0.36*** -0.34***
(0.12) (0.11)

pegkaopen -0.59* -0.35
(0.35) (0.35)

constant 0.59 0.68 0.92* 0.94*
(0.51) (0.52) (0.49) (0.49)

N 477 460 460 460

Robust standard errors (clustered by country) in parentheses

Dependent variables are high autonomy regime dummies
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure 1.8: Autonomy levels for countries (simulated interest rate in Currency Union)

Figure 1.9: Autonomy levels for countries (market interest rate in Currency Union)
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2 Markov Regime Switching Approach on Mone-

tary Policy Autonomy: Simulation and Modifi-

cation

2.1 Introduction

Monetary policy autonomy is interpreted as the central bank’s engagement in respond-

ing to domestic economic situations without following another country’s monetary

policy (Obstfeld and Taylor (1998); Obstfeld et al. (2005)). Traditional methods

that identify monetary policy autonomy either use a correlation between domestic

and foreign short run interest rate (Aizenman, Chinn, and Ito (2008)) or impose

constraints on samples based on exchange rate regime and capital controls (Sham-

baugh (2004); Klein and Shambaugh (2015)). Chapter 1 proposes a Markov Switching

method to identify monetary policy autonomy. Based on a Taylor rule type monetary

policy reaction function, the method assumes that the domestic interest rate responds

strongly to domestic variables and weakly to the foreign interest rate in the high au-

tonomy regime, and vice-versa for the low autonomy regime. Using a two-state regime

switching model automatically divides the observations into two states without defin-

ing a benchmark for monetary autonomy in each country. More importantly, that this

method develops an identification approach that lets monetary policy autonomy be

jointly determined by how the interest rate responds to the foreign monetary policy

as well as domestic inflation and real GDP. Meanwhile, no additional constraints are

needed to be imposed on the full sample.

Since this is a new method, a question needing to be addressed is: How well

does the method actually work? In this paper, I conduct simulations and examine

the method in different situations. In a statistical sense, larger overall disturbances
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increase the standard errors for estimated parameters; therefore, it is more likely that

the confidence interval for a parameter in one state also covers the same parameter in

the other state. Hence, it makes it harder for the model to identify these two states.

Given that the error component plays an important role in the model, we need to

check how much it affects the results, and this will help us better understand how well

the method performs. In addition, this paper also examines how other factors such as

switching parameters, sample length, regime duration, etc. affect the identification.

Another interesting question is whether, when the existing switching parameters

in the equation are not capable enough to identify autonomy regimes, we can modify

the methodology so as to address this problem? In this paper, I propose a version of an

endogenous switching model that introduces additional information to help identify

regimes. In previous literature, Fliaro (1994) and Filardo and Gordon (1998) used

a probit-type transition probability equation to model the US business cycle. They

find many of the economic variables that determine the time-varying probabilities help

to predict turning points. Kim and Nelson (1998) use duration dependent Markov

switching in a dynamic factor model to identify business cycle turning points. Kim,

Piger, and Startz (2008) conduct both the estimation and testing of an endogenous

Markov regime-switching model and apply it to equity returns of US stock market

data. Hamilton and Owyang (2012) estimate US state level recession periods using

a clustered panel Markov endogenous switching model. Kaufmann (2015) uses a

data augmentation method to estimate time-varying transition probability with a

multinomial logit model. The author tested the Phillips curve for the Euro area and

found evidence that loan growth affects state transition distribution.

In Chapter 1, discussions on cross-country evidence indicate that the trilemma is

still valid. Obviously, we can not use the trilemma variables to run regime switching

models and then turn around to test the validity of the trilemma. However, since the

goal of the endogenous switching technique proposed in this chapter is no longer to

64



test the trilemma, instead, is to improve the regime identification. We can, therefore,

use the answer obtained in Chapter 1 to help identify autonomy.

Following Kaufmann (2015), I adopt the data augmentation procedures proposed

in Fruhwirth–Schnatter and Fruhwirth (2010) and use a mixture of normal distri-

butions to approximate the logistic distribution. Results obtained from simulation

and case study both indicate that the endogenous model improves the identification

ability of the model, at the cost of lowering the degrees of freedom and increasing the

computational burden.

Section 2 conducts both simple and standard simulations. Section 3 introduces

the endogenous switching model and applies it to simulation exercises and the case

study of Denmark. Section 4 concludes.

2.2 Simulation

Chapter 1 uses a simple Taylor rule type equation to capture monetary policy reac-

tions under relatively high and low monetary autonomy regimes.

The original method follows the equation:

4it = µ+ α(St)4ibt + β(St)4yt−1 + γ(St)4πt−1 + εt, where εt ∼ N(0, σ2) (2.1)

it is the home short run interest rate, ibt is the base country interest rate, yt is

log real GDP, πt is the inflation rate, µ is a constant, St is a binary state variable

that indicates high and lower regimes. The intuition is that if a country has an in-

dependent monetary policy, α would be low; at the same time, β and γ should be

jointly significantly greater than zero since the monetary authority can now react to

their domestic economy. Running the model can automatically generate two reac-

tion functions, which can be defined as relatively high and low autonomy regimes
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respectively.

2.2.1 Simple Simulations

In practice, monetary policy could be more complicated, and the existing independent

variables may not enough to explain all the movements of the dependent variable.

For example, a country may follow a forward instead of backward-looking Taylor

rule monetary policy; in this case, the explanatory power of the model would be

weak. Furthermore, the interest rate may also be affected by other elements; these

factors include large shifts in market expectations, one-time policy adjustment by

the central bank, or changes in risk premiums during financial crises. In summary,

processes which are unable to be explained by the switching regression are collected

by the error term. Specifically, when the sample size is relatively small, the error

term may strongly affect the identification of monetary autonomy. Therefore, it is

necessary to conduct simulations and examine how well the model performs under

large variances in the error term. That is, can the methodology still correctly identify

regimes as the error term grows?

In the simulation, I feed Canadian21 annual data of real GDP and inflation ,

along with US money market interest rate into the data generating process (DGP).

In practice, all policy reaction parameters are different by regimes; however, it would

be hard to test the method if we assume all three parameters (α, β and γ) are different

in the simulation. Since β plays an essential role in identifying regimes for most of

the countries discussed in Chapter 1, I start by assuming that regimes are driven

only by one regressor (β) and examine how the size of the error term affects regime

classifications.

Since the method primarily focuses on examining the evolution of regime proba-

21Data from other countries were also tested, without affecting overall results. In terms of allowing
for high corrections among foreign and domestic variables in Canada, a robust test using Australian
data is discussed later in this section.
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bilities, to make is simple, I assume in this section that regimes are known. Hence, it

will be obvious to see how well the estimated results from the model reveal the true

states by checking the probability of autonomous regimes. The simulation exercise

consists of 100 simulations with the first half of the sample set to be in the high

autonomy state. Regime probabilities are calculated by taking the average of all 100

posterior means.

Starting with the simplest case, where there is only one time switching (absorbing

states), the DGP is:

1978− 1994 : 4it = −0.5 + 0.14ibt + 0.54yt−1 + 0.14πt−1 + εt, where εt ∼ N(0, σ2)

1995− 2011 : 4it = −0.5 + 0.14ibt + 0.14yt−1 + 0.14πt−1 + εt, where εt ∼ N(0, σ2)

(2.2)

The first equation captures the high autonomy regime and the second captures the

low autonomy regime. The only difference between the two regimes is the βs, which is

the policy response to real GDP growth. Based on Taylor (1993), the monetary policy

responses to domestic GDP is around 0.5. In the first chapter, among 18 countries,

the mode of standard errors obtained from the Markov Switching model ranges from

0.23 to 2.09, with a mean equal to 1. Since there is only one parameter driving

the regime switching, I start by testing the model with a smaller sized error term.

According to Figure 1, we can see that the regime probability for high autonomy is

approximately equal to 0.8 between 1978 and 1994 and drops to 0.2 from 1995 on

(since there are only two states, the regime probability of being in a low autonomy

regime is one minus the probability of being in a high autonomy regime). Meanwhile,

the 84% and 16% quantile distributions (one standard deviation) are plotted with

dash lines22. Therefore, β1 = 0.5 and β2 = 0.1 are good enough to identify two states

22This is common in Bayesian literature, since posterior distributions may be skewed and 95%
error band may sometimes be misleading.
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with a standard deviation σ equal to 0.5. However, in practice, the variance of the

error term is larger. I amplify the disturbance term by increasing the standard error

from 0.5 to 1, which is the average of 16 estimated parameters obtained from Chapter

1. The results are plotted in Figure 2. As expected, we can see regime classification

between high and low autonomy now becomes less clear, with the probability level

equal to 0.7 and 0.3 for the periods 1978–1994 and 1995–2011, respectively. However,

we can still see the pattern of regime switching.

In the previous exercises, we assume that the regime switching is only driven by

the difference of βs. Based on the results in Chapter 1, α is another important variable

that has significant differences between regimes within most of the countries. Hence,

I also simulate the case where regime switching is driven by the policy responses to

foreign monetary policy (α) alone. Based on Klein and Shambaugh (2015), I mimic

the situation of a fixed versus floating exchange rate regime and set αs equal to 0.7

and 0.3 respectively. Figures 3 and 4 show the estimated regime probabilities with

different sizes of error terms. In Figure 3, we can still identify regime switching since

the probability of being in a high autonomy regime drops from a level of 0.7 to 0.3.

However, when the standard error is set as 1, the regime probabilities lie around 0.5,

which indicates that the model now cannot distinguish the two states.

In an extreme case in which the country adopts a hard peg to a base country

currency in one state and does not respond to foreign monetary policy at all in the

other state, the αs will be close to 1 and 0. In Figure 5, I obtain better results in

the identification by setting the αs equal to 0.9 and 0.1. The standard error is held

unchanged at 1. In this simulation, the absolute difference between αs is larger than

the βs; this is because the percentage change of real GDP growth is generally larger

than the percentage change in foreign interest rate. Meanwhile, it also indicates that

using the base country rate alone will often not be enough to identify regimes.

As we discussed in Chapter 1, the proposed method emphasizes using more than
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one variable to identify regimes. Therefore, I conduct a similar simulation by let-

ting regime switching be driven by both α and β, assuming that we have α1 = 0.3,

α2 = 0.7, β1 = 0.5, and β2 = 0.1. Figure 6 reports the results. With two variables

simultaneously driving the regime switching, we can see that regimes are better iden-

tified compared to any of the previous cases. Hence, when the standard deviation of

the error term is greater than 1, we may need either a larger difference on existing

switching parameters or incorporation of more driving forces of switching.

So far, the simulations assume that the regime of monetary policy autonomy

switches only once. In practice, however, it may switch back and forth multiple times

(see Klein and Shambaugh (2008) as well as some countries in Chapter 1). Therefore,

it is worthwhile to test how the model performs in such a scenario. I assume that

there are three switchings during the period of 1978 to 2011, and that they take place

in the years 1986, 1995, and 2003 (so that each episode has 8–9 observations). The

regime difference is driven by β alone, with β1 = 0.5 and β2 = 0.1; σ is set equal to 1.

The results are listed in Figure 7. Compared to Figure 2 (all parameters are the same

except for the length of each episode), although the low autonomy regime probability

increases a little from 0.3 to 0.4, the model can still identify the two regimes well,

and the switching points are clear.

One potential problem for the simulation exercise is that Canadian data (real GDP

and inflation rate) is adopted as independent variables in the DGP. Since Canada has

a business cycle that is similar to the US one, these variables can be highly correlated

with the base country (the US) interest rate. As a consequence, the monetary policy

response function in peg and float episodes will behave similarly. Therefore this sets

a higher bar for the model to identify the two regimes. To ensure a robust test, I

used the data of Australia, since Australia and the US do not have the same business

cycle, therefore correlations between local and the US interest rate should be much

lower. In this simulation, the DGP follows (2) and σ is set as 1. Regime probabilities
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are plotted in Figure 8. As expected, the high autonomy regime probability drops

immediately in the year 1995, which is consistent with the DGP. Also, the regimes

are better identified compared to the ones plotted in Figure 2, which uses Canadian

data. However, the difference is not large.

2.2.2 Standard Simulations

Until now, the simulation exercises have been based on the assumption that regime

switching is predetermined. But, in a standard simulation, regime switchings should

be stochastic. In this section, regimes are generated by a Markov process. I start

by testing the case where transition probabilities are set equal to 0.9 (so that both

regimes are highly persistent). Table 1 lists the posterior mean and 90% Highest Prob-

ability Density Interval (HPDI) of the estimated parameters, which are calculated by

averaging the 100 simulations. Furthermore, different levels of σs are examined. Sim-

ilar to the previous simulation exercises, we can see that point estimates (mean) of

DGP parameters are the closest to the true values when σ = 0.3. Meanwhile, we can

also find that increased variance increases the 90% interval. In the case where σ = 1,

the deviation of the point estimation of β1 gets larger and its 90% HPDI almost in-

cludes 0. Hence, the results are consistent with those in the previous section: a larger

standard error lowers the identification ability of the model.

The model puts a strong prior (a Beta distribution which is Beta(9,1.5)) on the

transition probability by assuming that regimes are persistent. Considering the pos-

sibility that regime persistence can be lower in practice, I examine how the model

with high persistent priors on regime transition probabilities performs when the true

transition probabilities are low (0.5). In Table 2, with σ = 0.3, this indicates that

point estimates are still close to the ones with high persistent transition probabilities

(0.9) in Table 1. Although HPDIs for parameters in regime 1 become larger, adopting

high persistence priors does not bias the estimation much.
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In addition, the model uses annual frequency data. In Chapter 1, currency union

episodes are dropped. Hence, each country that is in the Euro Zone only has 20

observations. In this case, the estimation will be much less efficient. To examine how

a smaller sample size affects the results, I simulate the dependent variable by using

the last 20 observations of the data series. The results are listed in Table 3. With

σ = 0.3, I find that 90% intervals become larger than those obtained from estimating

with the full sample. Moreover, deviations between the point estimates and true

values also become larger. Therefore, cutting the sample to 20 observations lowers

the accuracy of the estimation. One solution is to extend the sample, and this is

discussed in more detail in Section 6.3 of Chapter 1.

2.3 Modification: Endogenous Switching Model

Based on the simulation exercises in previous sections, I find that the size of the

standard error plays an essential role in identifying monetary policy autonomy. Per-

formance of the model goes down as this increases. To address the issue, we need

additional information to help us identify the regimes. One method is to use an

endogenous switching model; this method removes the assumption that regime tran-

sition probabilities are fixed.

In practice, regime switchings may also be affected by other factors through the

channel of regime duration; models having such characteristics fall into the category

of endogenous Markov switching models.

This paper adopts Kaufman’s (2015) method. Compared to the exogenous switch-

ing model, the transition probability Pt is now time varying and a logit function of

covariate Zt:
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P (St = i|St−1 = j, Zt, η) =
exp(Ztη

z
ji + ηji)

exp(Ztηzj1 + ηj1) + exp(Ztηzj2 + ηj2)
where i, j = 1 or 2

(2.3)

ηij is the constant and ηzij are the parameters for covariate Zt, which include

the additional information on identifying monetary policy autonomy. In the first

chapter, we found evidence that the trilemma is valid by checking the conditional

correlations between autonomy and two other elements. Since the purpose of the

method is to identify monetary policy autonomy, I assume that the trilemma holds.23

Therefore, the exchange rate regime and capital control index can be used to help

identify monetary policy autonomy regimes. Intuitively, a more flexible exchange

rate and stronger capital controls means that a high autonomy regime will be more

persistent, therefore affecting regime switchings.

The estimation method follows Kaufmann (2015). Since the logit function of

regime transition probabilities is non-Normal, I use an auxiliary mixture to sample

covariate parameters in the transition probability equation; detailed steps of MCMC

(Gibbs Sampler) are listed in Appendix D. The solution for the label switching issue I

use is the same as in Chapter 1, which adopts Stephens’ permutation method. Priors

for ηz and η follow Kaufman (2015), for whom ηz follows a multivariate normal of

N(0, 25·I), and η follows the sample type of distribution of N([-1,1], I). I stands for

the unit diagonal matrix24.

To evaluate the modified model, I run the simulation with the data generating

process described in (2), with a standard error equal to 1. For simplicity, I assume

23I make this assumption since the goal of this section is to give a simple and straightforward
example that applies the endogenous model to monetary policy autonomy. Other factors such as
foreign reserves may also affect regime switching; in that case, we do not necessarily have to assume
that the trilemma holds.

24Another way to choose a prior for parameters in the logit function is to use the estimates obtained
from panel regressions in Chapter 1. However, some conversion and normalization are needed and
it could be conducted by future studies
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there is only one covariate variable in the transition probability equation besides the

constant term in the logit function, which is the exchange rate regime index. To keep

consistency, I assume that the first half of the sample (1978–1994) is in a floating

exchange rate regime while the second half is in a fixed exchange rate regime.

The probability for high autonomy regimes is plotted in Figure 9. We can see that

the probability of being in a high autonomy regime equals 0.8 in the floating exchange

rate regime, and it drops immediately to 0.1 in the year 1995. The two regimes

are better distinguished compared to the results in Figure 2, which are obtained

from the original model. Therefore, even facing a larger standard error, we can

still identify states without requiring additional differences between the switching

regression parameters.

One robust test for the method is to introduce additional noise and check how

the model performs. To conduct the placebo test, I add a random variable into the

covariates, and it follows a Bernoulli distribution with a probability equals to 0.5.

Based on the simulation exercise, Figure 10 indicates that the method performs well

since we can still see the clear pattern of regime switching which is similar to the one

obtained in Figure 9.

In practice, either Shambaugh (2004) or Reinhart and Rogoff (2004) can be used

as the measure of exchange rate regimes. For capital controls, I use the Chinn and Ito

(2005) index. Denmark is a country that has adopted a fixed exchange rate regime for

over three decades. Their Danish krone has been pegged to the Deutsche Mark since

the mid-1980s and switched to peg to Euro in 1999. During the 1992–1993 ERM

crisis, Denmark suffered from speculative attacks and temporarily abandoned the

fixed exchange rate regime in 1993. By the end of the 1990s, Denmark had removed

all capital controls so as to eliminate barriers to trade according to the agreement

among countries within the European Union.

Figures 11 and 12 compare the high autonomy regime probabilities of Denmark
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obtained from an exogenous and an endogenous switching model respectively.25 Ac-

cording to the results, both models identify the episodes in the early 1980s and the

year 1993 as high autonomy regimes. However, I find that additional information (ex-

change rate regime and capital controls) is also reflected by the regime probabilities

in Figure 12. According to the trilemma, we believe that floating exchange rate or

capital controls will bring more monetary autonomy. The modified model now better

captures the high capital control episodes in the late 1980s. Meanwhile, the floating

episode in 1993 also shows higher probability, and peg episodes have probabilities of

being in high autonomy regimes that are very close to zero. Figures 13 and 14 plot the

transition probability of staying in high and low autonomy regimes. The blue lines

are the fixed transition probabilities obtained from the exogenous regime switching

model. According to the results, we can see that the covariates have greater impacts

on the low autonomy regime. However, we can still see the pattern in both figures in

which a fixed exchange rate regime or a removing of capital controls lowers (raises)

the probability of staying in the high (low) autonomy regime. Therefore, the results

are consistent with our expectations.

The main costs of adopting an endogenous model are the degrees of freedom

and computational burden. Priors on transition probabilities may also have large

impacts on results, especially for small sample sizes. One further caveat of using an

endogenous switching model is that we need the covariates to be changing over time;

otherwise, it does not offer any help in improving the identification.

2.4 Conclusion

This chapter conducts simulation exercises and finds evidence that the error term af-

fects monetary policy autonomy identification when using a Markov switching frame-

work. Better identification of regimes always requires larger differences between state-

25Consistent with Chapter 1, I use Shambaugh’s index for exchange rate regime in this chapter.
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dependent parameters. I also find that the length of the sample period matters, but

that episode duration and persistence of the priors on transition probabilities has

little impact on the results. Meanwhile, the paper shows that endogenous Markov

switching models can alleviate the problem of facing a large error term. In future

studies, other modified versions of the regime switching model could be used, such

as a hierarchical model or a model with a jump process. Furthermore, covariates

should not be limited to exchange rate regimes and the capital control index. In-

stead, other variables such as foreign reserves or duration of the regime could be used

in the endogenous switching model.
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Figure 2.1: Regime driven only by β
(smaller σ)

1978-1994: 4it = −0.5 + 0.14ibt + 0.54yt−1 +
0.14πt−1 + εt, where εt ∼ N(0, 0.52)

1995-2011: 4it = −0.5 + 0.14ibt + 0.14yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 0.52)

Figure 2.2: Regime driven only by β
1978-1994: 4it = −0.5 + 0.14ibt + 0.54yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 12)

1995-2011: 4it = −0.5 + 0.14ibt + 0.14yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 12)

Figure 2.3: Regime driven only by α
1978-1994: 4it = −0.5 + 0.34ibt + 0.14yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 0.52)

1995-2011: 4it = −0.5 + 0.74ibt + 0.14yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 0.52)

Figure 2.4: Regime driven by both α and
β

1978-1994: 4it = −0.5 + 0.34ibt + 0.14yt−1 +
0.14πt−1 + εt, where εt ∼ N(0, 12)

1995-2011: 4it = −0.5 + 0.74ibt + 0.14yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 12)
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Figure 2.5: Regime driven only by α
1978-1994: 4it = −0.5 + 0.14ibt + 0.14yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 12)

1995-2011: 4it = −0.5 + 0.94ibt + 0.14yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 12)

Figure 2.6: Regime driven by both α and
β

1978-1994: 4it = −0.5 + 0.34ibt + 0.54yt−1 +
0.14πt−1 + εt, where εt ∼ N(0, 12)

1995-2011: 4it = −0.5 + 0.74ibt + 0.14yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 12)

Figure 2.7: Simulation with multiple
regime switchings

1978-1986: 4it = −0.5 + 0.14ibt + 0.54yt−1 +
0.14πt−1 + εt, where εt ∼ N(0, 12)

1987-1995: 4it = −0.5 + 0.14ibt + 0.14yt−1 +
0.14πt−1 + εt, where εt ∼ N(0, 12)

1996-2003: 4it = −0.5 + 0.14ibt + 0.54yt−1 +
0.14πt−1 + εt, where εt ∼ N(0, 12)

2004-2011: 4it = −0.5 + 0.14ibt + 0.14yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 12)

Figure 2.8: Simulation with Australian
data

1978-1994: 4it = −0.5 + 0.14ibt + 0.54yt−1 +
0.14πt−1 + εt, where εt ∼ N(0, 12)

1995-2011: 4it = −0.5 + 0.14ibt + 0.14yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 12)
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Figure 2.9: Endogenous switching
1978-1994: 4it = −0.5 + 0.14ibt + 0.54yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 12)

1995-2011: 4it = −0.5 + 0.14ibt + 0.14yt−1 +

0.14πt−1 + εt, where εt ∼ N(0, 12)

Figure 2.10: Endogenous switching
(Placebo test)

Figure 2.11: Autonomy regime probabili-
ties

Figure 2.12: Autonomy regime probabili-
ties (endogenous switching)

78



Figure 2.13: Prob. of maintaining high au-
tonomy regime

Figure 2.14: Prob. of maintaining low au-
tonomy regime
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Table 2.1: Standard simulations

True Value Mean (σ=0.3) Mean (σ=0.5) Mean (σ=1)
α1 0.1 0.12 [-0.00 0.25] 0.12 [-0.11 0.34] 0.14 [-0.25 0.56]
β1 0.5 0.48 [0.38 0.58] 0.44 [0.25 0.63] 0.41 [0.10 0.73]
γ1 0.1 0.11 [ -0.07 0.29] 0.14 [-0.18 0.45] 0.12 [-0.41 0.64]
α2 0.1 0.10 [-0.22 0.41] 0.11 [-0.26 0.48] 0.10 [-0.41 0.63]
β2 0.1 0.11 [-0.14 0.33] 0.12 [-0.16 0.38] 0.15 [-0.23 0.53]
γ2 0.1 0.09 [-0.25 0.42] 0.09 [-0.35 0.55] 0.12 [-0.54 0.79]
P1 0.9 0.87 [0.76 0.97] 0.83 [0.69 0.97] 0.77 [0.59 0.96]
P2 0.9 0.85 [0.73 0.98] 0.82 [0.68 0.98] 0.79 [0.58 0.96]
µ -0.5 -0.48 [ -0.66 -0.29] -0.46 [-0.77 -0.14] -0.38 [ -0.93 0.17]

Table 2.2: Simulation with less persistent regimes

True Value Mean (σ=0.3)
α1 0.1 0.11 [-0.1004 0.3210]
β1 0.5 0.44 [ 0.2535 0.6074]
γ1 0.1 0.08 [-0.1948 0.3574]
α2 0.1 0.11 [-0.1100 0.3303]
β2 0.1 0.12 [-0.0506 0.3016]
γ2 0.1 0.11 [ -0.1468 0.3675]
P1 0.5 0.71 [0.5295 0.8908]
P2 0.5 0.71 [0.5334 0.8960]
µ -0.5 -0.45 [-0.7178 -0.1923]

Table 2.3: Simulation with 20 observations

True Value Mean (σ=0.3)
α1 0.1 0.12 [-0.1532 0.4008]
β1 0.5 0.46 [0.2537 0.6568]
γ1 0.1 0.08 [-0.1847 0.3543]
α2 0.1 0.10 [-0.5219 0.6963]
β2 0.1 0.12 [-0.4062 0.6033]
γ2 0.1 0.05 [ -0.6360 0.7434]
P1 0.9 0.87 [0.7524 0.9883]
P2 0.9 0.85 [0.7084 0.9882]
µ -0.5 -0.51 [ -0.8003 -0.2180]
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3 Structural Vector Autoregressions with Jumps:

Evaluating Monetary Policy Effects in a Fixed

Exchange Rate Regime

3.1 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 fre-

quency data), which is often referred to as the jump-diffusion model. A jump-diffusion

model is a combination of a jump and a continuous random move process, which in-

dicates 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, Bollerslev, Diebold and Vega (2003) found that announce-

ment 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 mod-

els 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 Jo-

hannes (2014) improved forecasting stock returns by applying a multifactor stochastic

volatility model with jumps, periodic components, and macroeconomics announce-

ments to intraday data.

There is not much literature directly relating jump processes to lower frequency
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macroeconomic variables. One paper that falls into this category is Posch (2007).

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 UK, US, Germany, and Euro12. 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 un-

common 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 interpre-

tation of the model. The cost of obtaining good model fitting is that large volumes

of data information are captured by error components. 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, Muller, and
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Polson (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) It is easy for a jump

process to model outliers and separate them from the underlying process of economic

dynamics, since jumps can be interpreted as a component added on to structural

error terms in a VAR system. Therefore, it is straightforward to obtain the impulse

response function after correcting outliers.

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. Hendry, Johansen, and Santos (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.
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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 VAR models and explains the

intuition of incorporating jump processes into them. Section 3 introduces the detailed

model and estimation methods. Section 4 applies the model to data for Denmark.

For comparison, results of US data are discussed in Section 5. Section 6 concludes.

3.2 Vector Autoregression Models and Monetary Policy in a

Fixed Exchange Rate Regime

Vector Autoregression (VAR) models have been widely used in macroeconomics anal-

ysis. 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 esti-

mation and forecasting. Sims and Zha (2004) developed Markov Switching VAR and

captured structural changes of the economy. Cogley and Sargent (2001 and 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 ex-

change 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
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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, 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
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changes.

Besides the interest rate and exchange rate, other variables with higher frequency

data may also contain outliers. For example, Chiu, Mumtaz, and Pinter (2015) found

strong evidence of outliers in US industrial production. Curdia, Del Negro, and

Greenwald (2013) 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 (2014) 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.

3.3 Model

In an original Structural VAR model, the error term ut can be written as follows:

ut = B−1εt
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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+ Φ1Yt−1 + φ2Yt−2 · · ·+ φpYt−p +B−1(εt + Jt � Zt), where εt ∼ N(0,Σ)

where

Yt =


Y1t
...

Ynt

 Jt =


J1t
...

Jnt

 Zt =


Z1t

...

Znt

 εt =


ε1t
...

εnt


Σ is a diagonal matrix:

Σ =



σ2
1 0 · · · 0

0 σ2
2

. . . 0

...
. . . . . .

...

0 · · · 0 σ2
n


In this paper, we follow Cogley and Sargent (2003), 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 Zha and Waggoner (2003).

B =



1 0 · · · 0

b21 1
. . . 0

...
. . . . . .

...

bn1 · · · bn n−1 1


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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

Xt =



1

Yt−1
...

Yt−p


Φ = [c φ1 φ2 . . . φp]

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

Y =


y1
...

yT

 X =


x1
...

xT

 J =


j1
...

jT

 Z =


z1
...

zT

 ε =


ε1
...

εT


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To calculate the impulse response function, following Hamilton (1992), let

F =



Φ1 Φ2 · · · Φp−1 Φp

In 0 · · · 0 0

...
...

...
...

...

0 0 · · · In 0


When the engenvalues of F all lie inside the unit circle, Yt can be written as:

Yt = c+B−1(εt+Jt�Zt)+Ψ1B
−1(εt−1+Jt−1�Zt−1)+Ψ2B

−1(εt−2+Jt−2�Zt−2)+ · · ·

Ψj = F j
11, where F j is the jth power of matrix F . Since the jump components

are the outliers, the impulse response functions are evaluated based on structure

disturbance ε:

∂Yt+s
∂εjt

= Ψs(B
−1)jσj

where (B−1)j denotes the j th column of the matrix B−1. The other way to

calculate the impulse response is to include both jump and structural error terms in

the equation. In this case, the impulse response function would be time-varying.26

However, this paper only focuses on general effects of the policy shock and assumes

that the economic structure does not change (the economy sticks to a fixed exchange

rate regime all the time); jumps are treated as outliers and are not included in the

impulse response functions.

26See Primiceri (2005): the author assumes that the structural shocks are captured by a stochastic
volatility component, and calculates impulse responses at a different time.
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3.4 Prior

For the VAR parameters, we adopt Minnesota-type priors. The basic idea for Min-

nesota priors is to shrink the VAR to a random walk process so that it can well

address the over-fitting problem. Since all variables are converted to be stationary,

prior means for the first lag of the endogenous variables are set as zero.27 Meanwhile,

prior means for other variables are set as zero as well. Variance of the prior V follows

Koop and Korobilis (2009).

V i,j =



a1
p2
, for coefficients on its own lag p

a2γi
p2γj

, for coefficients on other variables (i 6= j) at lag p

a3γi for coefficients on exogenous variables

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).

Following Cogley and Sargent (2005), we choose a non-informative prior which follows

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

27When using levels instead of the first differenced data, the prior mean should be one.
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as a successful speculative attack.28 Kraay (2001) identified successful and failed

speculative attacks for 54 industrial and middle-income developing countries over the

period 1975–1999. A total of 75 episodes are classified as successful attacks among

15 768 total observations. Meanwhile, Kraay (2001) also used upward “spikes” in the

interest rate to identify failed attacks, and 54 of the total observations are identified,

29 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, 200).30

For each i = 1 . . . n, we have the prior for the jump size:

µzi|σ2
zi ∼ N(m0, k

−1
0 σ2

zi)

σ2
zi ∼ IG(c0, d0)

Therefore, µzi and σ2
zi follow a Normal-Inverse Gamma distribution: µzi, σ

2
zi|Ji, Zi ∼

NIG(m0,

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.31

Let λ and µz be the vector of λi and µzi, and Σz be a matrix which has σ2
zi on the

28The 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.

29Some successful attacks may also accompany with jumps in interest rate, but this is not listed
in Kraay’s paper.

30We also tried different prior setups, and found that this does not affect the results.
31Since 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 (2009), who use
noninformative conjugate priors on autoregressive parameters.
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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.

3.5 Markov Chain Monte Carlo

The Gibbs sampler consists of the following steps:

Step 0. Initialize Φ0, B0,Σ0, λ0, µ0
z,Σ

0
z.J

0, Z0.

For each iteration s = 1, . . . , N , repeat the following steps:

Step 1. Draw Φs ∼ p(Φ|Σs−1, Bs−1, Js−1, Zs−1, Y ).

Step 2. Draw Bs ∼ p(B|Φs−1,Σs−1, Js−1, Zs−1, Y ).

Step 3. Draw Σs ∼ p(Σ|Φs−1, Bs−1, Js−1, Zs−1, Y )

Step 4. Draw (λs, µsz,Σ
s
z) ∼ p(λ, µz,Σz|Js−1, Zs−1).

Step 5. Draw (Js, Zs) ∼ p(J, Z|Φs, Bs−1,Σs, λs, µsz,Σ
s
z, Y ).

1. Draw the VAR coefficients :

P (Φ|Σ, B, J, Z, Y ) ∝ N(ā, S̄)

where

S̄ = (S−10 + (BX)′Σ−1(BX))−1

ā = S̄(a0S0 + (BX)′Σ−1(BY − J � Z))

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


e1t
...

bn1e1t + bn2e2t + . . . ent

 =


ε1t + J1tZ1t

...

εnt + JntZnt


Therefore, the second to nth equations can be written in the following system of

equations:

(e2t − J2tZ2t)σ
−1
2 = b21(−e1tσ−12 ) + ε2tσ

−1
2

...

(ent − JntZnt)σ−1n = bn n−1(−en−1 tσ−1n ) + · · ·+ bn1(−e1tσ−12 ) + εntσ
−1
2

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 = (V −1i0 +W ′
iW

′
i )
−1

b̄i = V̄i(V
−1
i0 bi0 +W ′

i )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 (σ2
i |Φ, J, Z, Y ) ∝ IG(s̄, ν̄)

let U = B(Y − ΦX)

s̄ = s0 + (U − Ji � Zi)′(U − Ji � Zi)
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ν̄ = ν0 + T

4.Draw the jump probability, and jump size mean and variance for each equation:

P (λi|J, Z) ∝ Beta(Ēi, F̄i)

P (µzi, σ
2
zi|J, Z) ∝ NIG(m̄i, k̄i, c̄i, d̄i)

where

Ēi = E0 +
T∑
τ=1

Jiτ

F̄i = F0 + T −
T∑
τ=1

Jiτ

k̄i = k0 +
T∑
τ=1

Jiτ

m̄i = k̄−1(m0k0 + Ji � Zi)

c̄i = c0 + (Ji � Zi)′(Ji � Zi) +m′0k0m0 − m̄′ik̄im̄i

d̄i = d0 +
T∑
τ=1

Jiτ

5. Draw the jump indicators and jump sizes for each time t = 1, . . . , T .

P (Jit|Φ, B,Σ, λ, Y ) ∝ Ber(λi,t)

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

where

94



λi,t =
λiN(Uit|µzi, σ2

i + σ2
zi)

λiN(Uit|µzi, σ2
i + σ2

zi) + (1− λi)N(Uit|0, σ2
i )

σ2
zi,t = (σ−2zi + Jitσ

−2
i )−1

µzi,t = σ2
zi,t(σ

−2
zi,tµzi + Jitσ

−2
i uit)

3.6 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), emerging countries are not discussed in this paper.32

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

32The 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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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 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.

Furthermore, it is possible that there are jumps in industrial production series

(Posch (2007)); failing to control for the abnormal episodes in each equation may

bias the estimation as well as the interpretation of monetary policy impacts.

In this paper, We run both original VAR and VAR-Jump models with Denmark
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monthly data since it is interesting to compare the results. The data set is from

1990m1 to 2013m12 given that there are a couple of central-parity adjustment episodes

before 1987 and capital controls in Denmark were strong in the 1980s. Four variables

are included in the VAR: CPI, Industrial Production, Nominal Exchange Rate of

Krone vs. Euro/Mark, and Interest Rate. Starting from 1999, Denmark pegged

to the Euro. Therefore, we constructed an artificial Deutsche Mark rate using the

euro/krone exchange rate and the official euro/D-mark conversion rate. To avoid

running spurious regressions, we take the log difference of variables and difference of

the interest rate.33 Ordering of the variables follows Eichenbaum and Evans (1995),

with price level, industrial production, interest rate, and exchange rate. 13 lags is

used in our models.

The left panel in Figure 2 plots the orthogonal residuals for all equations. The red

series are the residuals after separating the jump parts according to the VAR-Jump

model. The blue series are the residuals obtained from the original VAR model. The

estimated jump components are plotted on the right panels. We can see the error

series for the Jump model is less volatile than the residual obtained from the original

model. For the CPI equation, there is only one jump observed, at November 2007,

which is in the early stages of the financial crisis. Hence, the structural errors from the

two models are similar. There are more outliers for the industrial production series,

which is consistent with the finding in Posch (2007). Meanwhile, the jump component

in the industrial production series presents a strong positive asymmetric pattern,

which indicates that the jump model is more suitable than the fat-tail model. 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

33Some 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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rate changes abruptly, which are mainly caused by the changing of expectations on

currency depreciation rate.

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 16% and 84% quantiles of the sample.34 Since the CPI, industrial

production, and exchange rate are in log difference, we use the cumulative value for

those impulse responses. Both models indicate that impacts of an interest rate shock

on CPI and industrial production are negative, which follows economic intuitions.

However, in Figure 3, CPI and industrial production respond weakly to the interest

rate shock. In the original VAR model, a 1% increase of interest rate lowers the

industrial production by around 1% after a year. After controlling the outliers, 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 4 %, respectively.35 For the exchange rate, the original VAR model

indicates that in response to the contractionary monetary policy, there is an initial

depredation,36 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. According to the

fixed exchange rate regime, the exchange rate is kept within a narrow band, and it

should not respond to any other shocks. In the VAR-Jump model, the exchange rate

appreciates immediately after the monetary policy shock and the response dies out

in a month. Since Denmark’s interest rate closely follows the German/Euro interest

rate, Figure 4 indicates that the overall impact is not significant once the speculative

attack episodes are taken away, which is consistent with the case of a fixed exchange

34See Primiceri (2005).
35The error band for the VAR-Jump model is generally larger. Although removing outliers may

lower the variance (σ), based on Hamilton (1994), it is also determined by Ψ and B. Therefore,
VAR-Jump may not necessarily make the error bands smaller.

36Since 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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rate regime.

In a more general case, we should also include foreign base interest rate in the

model since it determines the local interest rate when the exchange rate is fixed.

Hence, we also run the model by including the first difference of the German/Euro

short run interest rate as the exogenous variable. Assuming that there are no jumps

in exogenous variables, Figures 5 and 6 compare the impulse responses of a 1% do-

mestic interest rate shock. After including the foreign rate, we can see price response

now becomes more significant in the original VAR. However, there is not much dif-

ference in the industrial production and exchange rate responses. Compared to the

case without the foreign variable, the VAR-Jump model generates similar results: sig-

nificantly negative impacts on both the CPI and industrial productions. Meanwhile,

the exchange rate appreciates immediately and then returns to zero in a month. In

terms of the posterior mean, domestic monetary policy shocks have smaller impacts

on industrial production, which is reasonable since the results in Figure 4 are obtained

from a shock to both domestic and foreign monetary policy. One notable thing about

the results is that error bands for the impulse responses become narrower; this is

because without the foreign rate, the domestic interest rate variable includes both

endogenous and exogenous information, so that modeling with a fully endogenous

system may misinterpret the process and increase the uncertainty of the estimation.

In summary, the VAR-Jump model reveals the underlying process: the contrac-

tionary monetary policy lowers the price level and output, while it has weak impacts

on the exchange rate.

3.7 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
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clear results. This is because of the outliers, especially in non-policy related interest

rate changes, which bring too much noise into the estimation. With our newly devel-

oped method, we separate the outliers by estimating them with a jump process. As

a consequence, our findings show that both CPI and industrial productions indicate

significant drops after a positive shock to the interest rate. Meanwhile, we also find

that the exchange rate weakly responds to the shock.

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. Moreover, model

comparisons between VAR-Jump and other types of model can be conducted, such

as the VAR-t error model, or a model that replaces the outliers with a missing value.
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Figure 3.1: Denmark Data

Figure 3.2: Series of orthogonal residuals and jump components (Posterior Mean)
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Figure 3.3: SVAR Figure 3.4: SVAR-Jump

Footnote: Values of impulse response functions are calculated using 50 % quantile of the posterior
sample. Error bands are used with 16 % and 84 % quantile.

Figure 3.5: SVAR (with foreign rate) Figure 3.6: SVAR-Jump (with foreign
rate)

Footnote: Values of impulse response functions are calculated using 50 % quantile of the posterior
sample. Error bands are used with 16 % and 84 % quantile.
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Appendix A Bayesian Conjugate and Gibbs Sam-

pler

I assume θ follows Multivariate Normal distribution while σ2 follows Inverse Gamma

distribution, where

θ ∼ N(θ0,Σ0)

σ2 ∼ IG(c0/2, d0/2)

since it is a conjugate prior, we can get the posterior prior distribution easily:

θ ∼ N(θ∗,Σ∗)

σ2 ∼ IG(c∗/2, d∗/2)

where

θ∗ = Σ∗(θ0Σ
−1
0 + σ−2X

′
Y )

Σ∗ = (Σ−10 + σ−2X
′
X)−1

c∗ = c0 + T

d∗ = d0 + (Y −Xθ)′(Y −Xθ)

Y is a (T × 1) vector of the dependent variable 4it. X is a (T × 7) matrix where

explanatory variables ( 4ibt , 4yt−1, 4πt−1,) are in the first three columns if St = 1,

and in the second three columns if St = 2. The 7th column is the column with 1s.

For the transition probability P = (P1, P2), I assume it follows Beta distribution:

Pi ∼ Beta(ai, bi) where i = 1, 2
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Since this is also conjugate prior, the posterior distribution would be:

Pi ∼ Beta(a∗i , b
∗
i )

where a∗i = (number of times that St−1 = i, St = i)+ai, b
∗
i = (number of times that St−1 =

i, St 6= i) + ai.

We can also obtain the transition matrix Q:

Q =

 P1 1− P2

1− P1 P2


Once the priors are selected, Gibbs Sampler is conducted with the following steps:

1. Set initial values for parameters: (θ0, σ0, S0, P 0).

2. Draw θi ∼ p(θ, |y, Si−1, P i−1, σi−1), which follows multivariate normal distribu-

tion. i is the ith draw of MCMC.

3. Draw σi ∼ p(σ|y, Si−1, P i−1)) where σ2 follows inverse gamma distribution.

4. Draw Si ∼ p(S|y, θi, σiP i−1). P is the smoothed probability of being state St.

This is obtained from Forward-Backward algorithm (Hamilton filter). Initial values of

P (S1|S0) are set equal to the calculated ergodic probabilities according to Hamilton

(1992). Once the smoothed probability p(S) is obtained, draw a random number from

uniform distribution 0 to 1, set St = 1 if the generated number no greater than the

probability, otherwise St = 2 .

5. Draw P i ∼ p(P |y, θi, σi, Si).P follows beta distribution.

6. Repeat step 1 by setting i = i+ 1.

Consequently, I draw 20 000 times of MCMC and throw away first 2 000 samples.

By adopting the Stephens algorithm, I relabel the draws and obtain the posterior

samples. Then, mean, mode and 90% highest posterior density could be calculated.
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Appendix B Stephens Relabeling Algorithm

Assume there are N observations and 2 states. The unrelabeled contains M draws.

Notations follow section 4.2. θ37 is the switching parameter space which contains

same parameters in two states, λt is the permute function that either permute the

label (order of parameters within θ) or not in the tth draw of the sample. Assume

qij to be the probability of observation i fall in the state j. i=1,2...,N and j=1 or 2.

pij(θ, µ, σ, P ) is the filtered probability calculated from forward-backward algorithm

(Hamilton filter) given parameters are known. For simplicity, assume Θ = (µ, σ, P ).

The goal of the algorithm is to pick up a series of λt which makes qij approximate to

pij(θ,Θ). Since pij will change if we permute the switching parameters, the algorithm

has two steps:

Step 1: Once set up an initial value for permutation function λt, choose qij to

minimize:

M∑
t=1

N∑
i=1

2∑
j=1

pij(λt(θ
t),Θt)log[

pij(λt(θ
t),Θt)

qij
]

From the first order condition, we can obtain the expression of qij where:

qij =
1

M

M∑
t=1

pij(λt(θ
t))

Step 2:

Once, obtained qij, for each draw t=1,2,...,M, we choose λt to minimize the

Kullback-Leibler diverge:

N∑
i=1

2∑
j=1

pij(λt(θ
t),Θt)log[

pij(λt(θ
t),Θt)

qij
]

Then, repeat Step 1 until the matrix (qij) reaches to a fixed point.

37For simplicity, assume θ = (α1, β1, γ1, α2, β2, γ2). Compared to previous notation, µ is not in θ
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Appendix C Interpretations of Individual Coun-

try Results

This appendix is complementary to section 1.6.1. It interprets individual country

results obtained from each Markov switching estimation. Since I’m adopting a gener-

alized rule for each country, we do not expect the method works well for each single

country. Nonetheless, as long as most of the countries have reasonable results, the

method would be valid.

Australia: OECD data, 1979-2011, United States base

During 1990-1991 and 1995-1996, Australia follows a soft peg to US dollar. As

indicated in the autonomy measure, the probability drops in those periods. In most

of the other periods, they have high autonomy given the local rate significantly reacts

to local real GDP.

Belgium: OECD data, 1979-1998, Germany base

Belgium pegs to Germany since 1983, the exchange rate fluctuation raised in 1993

because the country abandoned the fixed exchange rate during (European Exchange

Rate Mechanism) ERM crisis. In Figure 1.7, we can see some weak evidence that

autonomy is higher during those time. In Figure 1.8, with the extended sample, the

pattern of regime switching becomes more clear.

Canada: OECD data, 1979-2011, United States base

Canadian dollar has a floating exchange rate with respect to the US dollar. Canada

also has their own monetary policy and we can see the high autonomy level over time

with significance on β1. Since the US and Canada have similar growth pattern, their

interest rate correlation α is also high.

Denmark: IFS data, 1979-2011, Germany base

Denmark pegs to Germany since 1983, at the end of 1995, the exchange rate

floated temporarily, those are captured by the autonomy probabilities in Figure 8.
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From Table 1.6, we can see state 2 is only driven by the base rate.

Finland: IFS data, 1979-1998, Germany base

Finland had financial liberalization in the mid-1980s. After that, international

capital flows lowered the autonomy of the country. Details are discussed in section

1.5.2.

France: OECD data,1979-1998, Germany base

In most of the time, French exchange rate closely follows Deutsche Mark except

it floated in the early 1980s. In original sample, the relative difference between the

early 1980s and other periods are not large. Therefore, it indicates that France has

low autonomy for all episodes. In the extended sample, the model classifies the early

1980s into high autonomy state, which is consistent with what we expect to see.

Germany: OECD data 1979-1998, United States base

Germany is the leading country in Europe and it stopped to peg to the US dollar

since mid-1970s. The result shows Germany maintains high autonomy in most periods

except 1993 to 1995. 1993 to 1995 are actually the crisis period and the low autonomy

regime seems to be driven by the outliers.

Iceland: OECD data, 1991-2011, Germany base

Iceland abandoned the fixed exchange rate regime after the collapse of the Bretton

Woods System. They occasionally fall into soft peg category after 1985. β in state 1 is

significantly higher than the other which means Iceland has relatively high autonomy

since 1991.

Ireland: IFS data,1979-1998, Germany base

Ireland joined the European Monetary System since 1979. The Central Bank of

Ireland then conducted monetary policy with an adjustable exchange rate peg until

Ireland joined the Economic and Monetary Union in 1999. Therefore, we see low

autonomy over the sample periods and the base rate significantly influences the local

rate.
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Italy: IFS data, 1979-1998, Germany base

The results show that Italy has high autonomy in the early 1980s and 1992, 1994-

1995. During those periods, monetary policy weakly responds to real GDP while the

other state presents strong responses to the base rate.

Japan: IFS data, 1982-2011, United States base

Japan is a special case in the sample. Since the early 2000s, Bank of Japan

adopted the quantitative easing policy and interest rate have been hit to the zero

lower bound, which means the interest rate changes little. However, the model still

gives clear results: Japan has monetary policy autonomy in most of the period,

although some episodes have relatively low autonomy. During those low autonomy

episodes have high correlation on the base interest rate, which may be driven by the

global financial cycle.

New Zealand: OECD data, 1979-2011, Australia base

The results for New Zealand indicates the country has autonomy is most of the

episodes, given β is significantly higher in state 1. During the late 1980s, the auton-

omy probability drops. It is likely to be driven by outliers since New Zealand was

conducting policy reform.

Norway: IFS/OECD data, 1979-2011, Germany base In most of the time, Norway

has relatively floating exchange rate. During 1991 to 2000 (except 1993 ERM crisis),

the exchange rate is relatively fixed. We can see the autonomy is lower during those

episodes. After that, Norway implemented inflation targeting and floating exchange

rate, which autonomy level raised again.

Spain: OECD data, 1979-1998, Germany base Spain has high monetary policy

autonomy in the 1980s and adopted implicit exchange rate target in 1987 before the

peseta joined the ERM. Therefore, we find the autonomy dropped in the late 1980s.

Before that, Spain actively responds to its inflation rate. In the extended sample, we

can tell the regime changes obviously.
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Sweden: IFS data (T-bill), 1979-2011, Germany base

Sweden has relatively low autonomy over time since the influence from the base

country is large.

Switzerland: OECD data, 1979-2011, Germany base

States in Switzerland are identified by α. Since the level of monetary policy

autonomy for the country oscillates over time, it’s hard to provide economic intuitions

for most of the period. However, after the financial crisis in 2008, the autonomy raises

when the value of Switzerland Franc changes a lot. This is because the central bank

did not try to stabilize the exchange rate during that period where we can see the

autonomy goes up simultaneously.

United Kingdom: OECD data, 1979-2011, Germany base

The UK has monetary policy autonomy in most of the time, Table 1.9 and Figure

1.7 show consistent results. During those periods, the government responds to local

real GDP. Meanwhile, the effects from the base country rate to the local rate are still

large, and α is significantly high in state 1.

Appendix D Gibbs Sampler (Endogenous Regime

Switching)

1. Set initial values for parameters: (θ0, σ0, S0, η0). θ is the vector of switching

parameters α, β and γ.

2. Draw θi ∼ p(θ, |y, z, Si−1, σi−1), which follows multivariate Normal distribution.

i is the ith draw of MCMC.

3. Draw σi ∼ p(σ|y, z, Si−1) where σ2 follows inverse Gamma distribution.

4. Draw Si ∼ p(S|y, z, θi−1, σi−1). S is drawn from the time-varying transition

probability P i−1
t . Initial values of P (S1|S0) are set equal to the calculated ergodic

probabilities according to Hamilton (1992). Once the smoothed probability p(S) is
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obtained, draw a random number from uniform distribution 0 to 1; set St = 1 if the

generated number no greater than the probability, otherwise St = 2 .

5. Draw ηi ∼ p(η|y, z, θi−1, σi−1, Si−1) using data augmentation (see details in

Kaufman (2015)), and calculate the time-varying transition probability P i
t , which is

obtained from Forward–Backward algorithm (Hamilton filter).

6. Repeat step 1 by setting i = i+ 1.

Consequently, I draw 40 000 times of MCMC and throw away the first 22 000

samples. By adopting the Stephens algorithm, I relabel the draws and obtain the

posterior samples. Then, mean, mode and 90% highest posterior density can be

calculated.
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