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ABSTRACT

Structural vector autoregressions are of great importance in applied macroeconometric

work. The main difficulty associated with structural analysis is to identify unique shocks of

interest. In a conventional approach this is done via zero or sign restrictions. Heteroskedas-

ticity is proposed for use in identification. Under certain assumptions when volatility of

shocks changes over time, unique shocks can be obtained. Then formal testing of the restric-

tions and impulse response analysis can be performed. In this thesis I show how identification

via heteroskedasticity can be used in different contexts. In the first chapter I analyze the

dynamics of trade balances in response to macroeconomic shocks. I show that identifying

restrictions, which are known in the literature, are rejected for two out of seven countries.

Partially identified models fail to provide enough information to fully identify shocks. The

second chapter, coauthored with my supervisor, demonstrates how one can benefit from iden-

tification via heteroskedasticity when sign restrictions are used. The approach is illustrated

with a model of the crude oil market. It is shown that shocks identified via previously known

sign restrictions are in line with the properties of the data. Use of tighter restrictions uncov-

ers that the approach can be discriminative. The third chapter reconsiders the conflicting

results in the debate on the effects of technology shocks on hours worked. Using six ways of

identifying technology shocks, I find that not all of them are supported by the data. There is

no clear-cut evidence in favor of positive reaction of hours to technology shocks. However, it

is plausible for real wage and disentangled investment-specific and neutral technology shocks,

even though conventional identification of the latter shocks is rejected.
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Introduction

Structural vector autoregressions (VAR) are of great importance in applied macroeconomet-

ric work. The main difficulty arising in the analysis is the identification of the structural

shocks of interest. To obtain unique and economically interpretable shocks, one can usually

use some theory describing the relationships of interest. Then exclusion of certain instanta-

neous or long-run effects on the variables, or in other words assuming zero effects helps to

identify the shocks. Another way of identifying structural shocks of interest is based on sign

restrictions, when one admits the whole range of shocks that are in line with the prespecified

positive or negative effects.

These ways of identification have a common undesirable feature, namely there is no place

for the data to speak up against the restrictions. The zero restrictions just identify shocks

and are not testable. The sign restrictions exclude the reaction that is not in line with the

assumed effects. However, recent proposals have been made to use heteroskedasticity to

extract additional identifying information. When the volatility of shocks changes over time,

the sample size can be partitioned according to the changes and under certain assumptions,

unique shocks are obtained. These shocks are statistically identified, yet they may not be

interpretable economically. Formal testing of the restrictions and impulse response analysis

reveals if the economically meaningful shocks are in line with the properties of the data.

In the thesis I use the Markov switching (MS) mechanism to model and determine the

changes in the volatility regimes of shocks endogenously from the data. The expectation

maximization algorithm and maximum likelihood is used to estimate the models.

The thesis consists of three chapters that are separate research papers in structural time

series econometrics. It is shown how identification via heteroskedasticity can be used in the

context of zero and sign restrictions. The methodology is illustrated with several well known

examples in the literature.

In the first chapter I analyze the dynamics of trade balances in response to macroeco-

nomic shocks in the structural vector autoregressive framework. I use Markov switching

vector autoregression models with volatility changes in the residuals, in combination with
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conventional procedure to identify structural shocks. Quarterly data on relative output, real

exchange rates and trade balances are analyzed. The identifying restrictions are rejected for

two out of seven countries. The rejection comes from the scheme imposed to identify nom-

inal shocks. Partially identified models fail to provide enough information to fully identify

shocks. Impulse response analysis is conducted for the countries for which the structural

shocks can be identified. I find nominal shocks to have permanent positive effects on trade

balances. Volatility analysis shows that countries are different in terms of the volatility

structure. Therefore, when one is dealing with a group of countries the identification scheme

may not be suitable for all of them.

The second chapter was written in collaboration with Professor Helmut Lütkepohl, my

thesis supervisor. My contribution to the paper is computational. I was in charge of the

empirical part of the paper, namely estimation of the models, testing of the restrictions and

impulse response analysis. The chapter focuses on the sign restricted structural VAR and

shows how one can use identification via heteroskedasticity in the context of sign restrictions.

Although in an ideal setting the sign restrictions specify shocks of interest, sign restrictions

may be invalidated by measurement errors, data adjustments or omitted variables. So far

there are no techniques for validating the shocks identified via such restrictions. The ap-

proach is illustrated by considering a small model for the market of crude oil. It is shown

that shocks identified via sign restrictions are in line with the properties of the data. The

restrictions used in the example are weak and it may be difficult to argue against them.

Using similar but tighter restrictions, it is shown that the approach can be discriminative.

In the third chapter I reconsider the conflicting results in the debate connected to the

effects of technology shocks on hours worked. Given the considerable dissatisfaction with the

just-identifying long-run restrictions, I analyze whether the restrictions used in the literature

are consistent with the properties of the data. In the chapter, changes in volatility of shocks,

as well as non-linearities in the intercept term are modeled with the Markov switching

mechanism. Using six ways of identifying technology shock, I find that not all of them are

consistent with the data. Identification of permanent technology shocks, non-permanent

technology shocks and permanent real wage shocks is supported by the data. Furthermore,

permanent TFP shocks and permanent technology shocks after controlling for capital tax

have less support from the data. Finally, disentangling investment specific and neutral

technology shocks is not supported by the data, however, a neutral technology shock can be

identified in the system. There is not strong evidence in favor of positive reaction of hours to

different technology shocks. But it is plausible for real wage shocks and an investment-specific

– neutral technology shocks tandem. The latter result is achieved even though conventional

vi

Netšunajev, Aleksei (2013), Structural Vector Autoregressions with Markov Switching: Identification via Heteroskedasticity 
European University Institute

 
DOI: 10.2870/73498



identification of the shocks is rejected by the data.

The identification via heteroskedasticity is a useful tool that one should not neglect in a

structural VAR analysis. Combining it with the conventional approach, one can either bring

convincing arguments in favour of the identified shocks or conclude that the identification

scheme is not supported by the data.
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Chapter 1

Trade Balance Dynamics in Response

to Macroeconomic Shocks:

Conventional Identification versus

Identification via Heteroskedasticity

Aleksei Netšunajev

1.1 Introduction

The world economy has become increasingly integrated in recent years. The rising volume of

international trade in goods as a result of contemporary organization of production schemes,

when the production of single elements of a final commodity is diffused among countries is

a well known phenomenon. Trade in services has also become increasingly important during

the last couple of decades. All this suggests that international trade flows are subject to a

range of macroeconomic shocks. Hence, understanding the reaction to shocks is essential from

a number of different perspectives, including domestic and international policy coordination.

In this paper I focus on trade balance adjustment that could be directly interpreted as, for

instance, reaction to monetary or fiscal policy changes. The theoretical and empirical model

from Prasad (1999) is used as a benchmark in the current analysis. Prasad considers relative

output, real exchange rate and trade balance of the G7 1 countries in the structural vector

1The following ISO notation is used for the countries: Canada - CA, Italy - IT, United Kingdom - GB,
Germany - DE, Unites States - US, Japan - JP, France - FR

1
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autoregressive (SVAR) framework to analyze the dynamics of trade balance in response to

macroeconomic shocks. The econometric analysis is conducted separately for each country

allowing the author to provide countrywide quantitative estimates of the effects. In the

conventional structural VAR analysis as used by Prasad (1999) the major issue is to identify

structural shocks.

Prasad (1999) uses a strategy proposed by Blanchard and Quah (1989), where the empir-

ical model is identified by imposing a set of long-run restrictions derived from a theoretical

model. The restrictions are just-identifying and, hence, cannot be checked against the data

by statistical tests. The restrictions proposed by Prasad (1999) may be subject to criticism

on the following grounds. Firstly, they come from a stylized IS-LM model which may not be

the best approximation of the data generation process. Hence, it is relevant to question if

one should carry over the features of the models to the SVAR. Secondly, the economic im-

plications of the restrictions might be controversial, as will be discussed later. In the recent

literature statistical properties of the data have been used to extract additional identifying

information.

In SVAR analysis identification via heteroskedasticity has been proposed and used by

Rigobon (2003), Rigobon and Sack (2003), and Lanne and Lütkepohl (2008). The underlying

assumption of those papers is that there are exogenously generated changes in the volatility

of the shocks. Furthermore, one could extract the information about the volatility regimes

from the data and partition the sample accordingly. Then the identification of the shocks is

based on the assumption that the effects of shocks are the same regardless of the volatility

regime in which they occur. In other words, the impulse responses are invariant throughout

the sample period whereas the volatility of the shocks changes.

Lanne and Lütkepohl (2010), Lanne, Lütkepohl and Maciejowska (2010) and later Her-

wartz and Lütkepohl (2011) consider Markov switching vector error correction (VECM)

models and show how residual heteroskedasticity could be used for identification purposes.

As pointed out by Lanne et al. (2010) analysis based solely on statistical information could

produce economically meaningless and unattractive results. That means, shocks and impulse

responses may provide little information on the underlying economic processes. Hence, com-

bining conventional and statistical identifying information could be useful and give more

evidence in favor of a particular identification procedure which would shed more light on the

nature of economic processes.

The present paper adapts the common approach of Lanne et al. (2010) and Herwartz

and Lütkepohl (2011) and applies it to the trade balance analysis. I model the conditional

heteroskedasticity of the residuals assuming Markov switching structure. Going for Markov

2
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switching heteroskedasticity models has two purposes in the present study. Firstly, using

specific covariance matrix parameterization I can formally test for the validity of possible

restrictions and let the data speak, either in favor of or against the imposed identification

structure. Secondly, it allows me to capture unobserved volatility regimes (states) of the con-

sidered empirical models and detect different behavior of the economic indicators conditional

to the regimes.

Estimated state probabilities and variances of the variables usually have interesting eco-

nomic interpretations. One would typically associate state probabilities with specific events

in the economies and pin down the reaction of the variables to regime shifts via estimated

variances. Thus the paper contributes to the literature in the following ways. Firstly, recent

econometric and identification methodology is applied to the structural VAR case. The study

of Prasad (1999) is reconsidered and the issue of identification of the shocks is addressed,

giving the data the possibility to speak up against the imposed identifying restrictions.

Secondly, the results from the MS models show how G7 countries’ trade balance and

other aggregate variables behave in different volatility periods, allowing one to see which

indicators are most vulnerable to economic fluctuations. Impulse responses shed light on the

response of the trade balance to shocks and transmission mechanisms of the shocks.

The paper is structured as follows. In Section 1.2 the theoretical model and a SVAR with

conventional identification procedure used by Prasad (1999) is shortly discussed. In Section

1.3 the MS extension of the econometric model that allows for statistical identification of

the shocks is presented. Description of the data and detailed empirical analysis follows in

Section 1.4. Conclusions are provided in the last section. All computations and estimations

are done in Matlab.

1.2 Theoretical model and conventional SVAR Model

This section briefly presents the theoretical model that illustrates the main channels through

which different types of macroeconomic shocks influence the dynamics of the trade balance.

The model is adapted from Prasad (1999) and it is a stochastic version of the Mundell-

Fleming model that incorporates sluggish price adjustment. With the exception of the

interest rate and the trade balance, the variables in the model are in logarithms and, except

for the trade balance, are expressed as deviations of domestic levels from foreign levels of

the corresponding variables. The model reads:

ydt = dt + η(st − pt)− σ(it − Et[pt+1 − pt]) (1.1)

3
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pt = (1− θ)Et−1p
e
t + θpet , 0 < θ ≤ 1 (1.2)

ms
t − pt = yt − λit (1.3)

it = Et[st+1 − st] (1.4)

In the model ydt denotes output demand, dt is a demand shock, st is the nominal exchange

rate, pt is the aggregate price level, it is the nominal interest rate, pet is equilibrium flexible

price level, ms
t is money supply. Equation (1.1) is an open economy IS equation, equation

(1.2) captures sluggish adjustment of the price level to its flexible price equilibrium, where

θ is the speed of adjustment, equation (1.3) is an LM equation and (1.4) is an interest rate

parity condition. Remember that in the national income accounting identity, GDP is the sum

of domestic demand and net export of goods and nonfactor services. It is therefore sufficient

to specify the determinants of the trade balance since, given total output, this accounting

identity then pins down total domestic demand. The two main determinants of the trade

balance are assumed to be relative output and the real exchange rate. The equation for the

home country’s trade balance then reads:

tbt = ξqt − βyt (1.5)

where ξ and β denote elasticities of the trade balance with respect to real exchange rate

qt and relative output yt. This specification implies that, if business cycles were perfectly

synchronized between the home and foreign countries, the composition of domestic output

would depend solely on the level of the real exchange rate.

The stochastic processes that drive the relative supply of output, the relative real de-

mand shock, and relative money supply are as follows (the associated shocks are supply,

demand, and nominal shock). The first and the last stochastic processes are assumed to be

random walks while the demand shock is allowed to have a permanent as well as a transitory

component:

yst = yst−1 + zt

dt = dt−1 − γδt−1 + δt

mt = mt−1 + vt

The innovations zt, δt, vt are assumed to be serially and mutually uncorrelated. The

flexible-price rational expectations solution to the model is:

yet = yst (1.6)

4
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qet =
yst − dt
η

+
σγδt

η(η + σ)
(1.7)

where yet and qet are the equilibrium output and real exchange rate. Trade balance then could

be rewritten as:

tbet = yst

(
ξ

η
− β

)
+
ξ

η

(
σγδt
η + σ

− dt
)

(1.8)

Equations (1.6) - (1.8) represent the rational expectations solution to the model. These

equations imply that the level of output is not affected by either nominal or demand shocks

and nominal shock does not influence the level of the real exchange rate. These are the three

restrictions that were used to identify the econometric model. The restriction on the level

of output might be controversial, as it may well be that the demand shock shifts output

to a new level. Recalling the fact that the data in Prasad (1999) was in first differences,

the theoretical restrictions translate into the so-called long run restrictions as in Blanchard

and Quah (1989). One could also see that in the model the level of trade balance is not

influenced by nominal shocks. The last implication may be questionable, therefore it is left

unused for the identification purposes.

The model indicates that the effects of supply shocks and nominal shocks on the trade

balance in the short run are ambiguous and depend on the elasticities of the trade balance

w.r.t. relative output and the real exchange rate. On the other hand, permanent demand

shocks, which result in an appreciation of the real exchange rate simultaneously with a tran-

sitory increase in relative output, produce an unambiguous negative trade balance response.

Due to permanent (random walk) components of the shocks, the model implies that rela-

tive output, real exchange rate and trade balance are non-stationary in levels but stationary

in first differences. Since the dynamics are determined by different shocks, the variables are

not cointegrated. These implications will be further tested against the data.

The econometric methodology used to estimate the data is as follows. Consider a standard

K dimensional reduced form VAR(p) model as in Lütkepohl (2005):

yt = v + A1yt−1 + ...+ Apyt−p + ut (1.9)

were yt = (y1t, ..., yKt)
′ is a K × 1 dimensional vector of observations, v is the intercept term,

Ai are K ×K coefficient matrices for i = 1, ..., p and ut is a K × 1 dimensional error term

that has mean zero and positive definite covariance matrix ut ∼ (0,Σu).

In the standard SVAR approach based on (1.9) a transformation of the reduced form

residuals ut is used to obtain the structural shocks denoted by εt. A transformation ma-

trix B is chosen such that εt = B−1ut ∼ (0, IK), i.e. structural shocks are assumed to be

5
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orthogonal with variances normalized to unity. Therefore Σu = BB′. To obtain identified,

unique structural shocks, one should impose restrictions on the B matrix. Zero restrictions

are usually used. A zero restriction on B implies that a certain shock does not have an

instantaneous effect on one of the variables. The long-run restrictions could be imposed us-

ing methodology discussed by Blanchard and Quah (1989). They consider the accumulated

effect of shocks to the system, which is summarized by the total impact matrix:

Ξ∞ = (IK − A1 − ...− Ap)
−1B

and they identify the structural innovations by placing zero restrictions on this matrix. For

Ξ∞ to exist, it must be that the [IK − A1 − ...− Ap] matrix is invertible, that is, the VAR

process is stationary. Prasad (1999) uses this approach for the 3-dimensional (K = 3) system.

Given the dimensionality one needs to impose K(K − 1)/2 = 3 restrictions on the total

impact matrix. The restrictions on the long-run matrix can be transformed into restrictions

on the B matrix in the way shown by Lütkepohl (2005). The restrictions are justified by the

theoretical model discussed above, i.e. nominal and demand shocks have no effects on the

level of output and that nominal shocks do not have a permanent effect on the level of the

real exchange rate. Ordering the variables as (RelativeOutputt, RealExchangeRatet, TBt)
′

and associating supply, demand and nominal shocks with structural innovations (ε1t, ε2t, ε3t)
′

respectively, the total impact matrix has three zero restrictions: Ξ∞ =

 ∗ 0 0

∗ ∗ 0

∗ ∗ ∗

. The

unrestricted elements are denoted by asterisks. Notice, that these zero restrictions are just

identifying and, hence, cannot be tested with statistical methods.

1.3 MS-VAR model with changing volatility

It is a well established fact that economic time series exhibit changes in their behavior

throughout nearly any horizon of observations. These changes could represent such events in

the economy as financial crises (Jeanne and Masson, 2000) or policy changes (Hamilton, 1989,

1994). Therefore, dynamics of economic indicators in different time periods have recently

been of increased research interest. The Markov switching (MS) models for analyzing changes

in the time series were first discussed by Hamilton (1989). Parameters of the considered

autoregression were viewed as the outcome of a discrete-state Markov process. A general

econometric framework for multiple time series when the data generation process is subject to

6
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regime shifts has been constructed by Krolzig (1997) as a generalization and continuation of

work by Hamilton (1988, 1989, 1994). A stable vector autoregression is analyzed, conditional

on the regime, and the regime generating process is assumed to follow a Markov chain.

The regime switching or Markov switching (MS) models were found to be applicable and

outperforming traditional models in business cycle, fiscal and monetary analysis and in the

analysis of financial data. Thus, regime switching models work well in many situations where

multiple time series models have traditionally been used.

The way to proceed in allowing for MS in the multivariate structural VAR model is to

consider the MS-VAR with heteroskedasticity, i.e different volatility regimes, a MSH-VAR in

Krolzig (1997) notation. The main reasons for doing this in the current study is to account

for potential heteroskedasticity and extract additional identifying information from the data.

To allow for the regime change, one should think of ut from (1.9) being dependent on the

discrete Markov process st with states 1, ...,M . The probabilistic model could be described

as:

pij = Pr(st = j|st−1 = i), i, j = 1, ...,M

where pijs are the transition probabilities from state i to j. In addition to that the conditional

distribution of ut given st is assumed to be normal:

ut|st ∼ N(0,Σm)

The distributional assumption is used for setting up the likelihood function in the estimation

procedure. The normality assumption is not crucial for the identification of shocks. The

conditional likelihood function is:

f(yt|st = m,Yt−1) = (2π)−K/2 det(Σm)−1/2 exp(−0.5u′tΣ
−1
m ut),m = 1...M.

where matrix Yt−1 represents the history of observations up to time t. The main feature of

the model is that Σm depends on the individual state. The identification of shocks is based

on the assumption that they are orthogonal across states with variances changing across

states. Remember that the B matrix is the matrix of instantaneous effects, hence state

invariant instantaneous effects are assumed.

The assumption on the effects of structural shocks does not go beyond what is typically

assumed in a conventional SVAR analysis. Orthogonality of the shocks across the sample is

a standard assumption in the literature (Lütkepohl, 2005; Lanne et al., 2010).

If there are just two states with positive definite covariance matrices Σ1 and Σ2, a re-
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sult of matrix algebra establishes that there exists a K ×K matrix B such that Σ1 = BB′

and Σ2 = BΛ2B
′, where Λ2 = diag(λ1, ..., λK) is a diagonal matrix with positive diagonal

elements (Lanne et al., 2010).

It turns out that the decomposition of the state dependent covariance matrices is crucial

for the identification procedure. Lanne et al. (2010) and Herwartz and Lütkepohl (2011) show

how the decomposition of covariance matrices helps to test the identification restrictions on

the B matrix. Consider the two state system. Decomposition Σ1 = BB′ and Σ2 = BΛ2B
′

gives a total of K(K + 1) equations which can be solved uniquely for the K2 elements of B

and the K diagonal elements of Λ2, if the diagonal elements of Λ2 are all distinct. Therefore

B is uniquely identified (up to sign changes and interchange of columns). Thus restrictions

imposed on B become over-identifying and testable. The diagonal elements of the matrix

Λ2 have a nice interpretation and could be thought of as relative variances of the structural

shocks in State 2 versus State 1. Sign reversal of B is not a problem. As shown by Lanne

et al. (2010) the matrix is still identified if all elements in any of the columns are multiplied

by −1. This means to consider negative shocks instead of positive ones (or vice versa).

If there are more than two volatility states, the corresponding covariance matrix decom-

position:

Σ1 = BB′,Σi = BΛiB
′, i = 2, ...,M

with diagonal Λi may have problems with uniqueness and existence. B is unique up to sign re-

versal in its columns if for each pair of equal diagonal elements in, say Λ2 = diag(λ21, ..., λ2K)

there is a corresponding pair of distinct diagonal elements in other Λi = diag(λi1, ..., λiK),

i = 3, ...,M . For instance, if λ2k = λ2l then it should be that λik 6= λil for some i = 3, ...,M .

(Lanne et al., 2010). Assumption that the decomposition exists is restrictive. Therefore if

there are more than two states, the invariance of the instantaneous effects of shocks across

states could be tested by a likelihood ratio test where under the null Σ1, ...,ΣM have the de-

composition discussed above. As shown by Lanne et al. (2010) the corresponding likelihood

ratio test has an asymptotic χ2 distribution with

0.5MK(K + 1)−K2 − (M − 1)K

degrees of freedom. If M = 2, the number of degrees of freedom is zero.

Under the stated assumptions maximum likelihood (ML) estimation is the most suit-

able method of estimation. If normality of the conditional distribution does not hold, the

estimates are pseudo ML. The estimation procedure is based on the EM algorithm as in

Hamilton (1994) and Krolzig (1997) and non-linear optimization of the log likelihood as in
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Lanne et al. (2010) and Herwartz and Lütkepohl (2011). Understandingly such a procedure

is computationally demanding and the results may depend on the starting values. To reduce

the possibility that the optimizer ends up in a local optimum the algorithm is repeated for

a whole range of starting values and the estimates that correspond to the highest likelihood

are chosen.

1.4 Application to International Trade

1.4.1 The data

The data collected for the current study is different from that used in Prasad (1999). The

main reason for that is the willingness to broaden the time horizon and hence have more

data to analyze rather than simply check and replicate the existing results. Nevertheless,

the new datasets are constructed in a way that allows the capture of the same effects as

in the benchmark paper. The data, apart from real exchange rates, originates from the

IMF International Financial Statistics database. The source for the real exchange rate time

series is the Bank for International Settlements (narrow indices). To construct the datasets

I use quarterly data on GDP which is seasonally adjusted, exports of goods and services

and imports of goods and services. Monthly real exchange rates were averaged to construct

quarterly series.

For each G7 country I construct an index of relative demand by taking a trade-weighted

average of GDP in the other G7 countries. In order to derive relative output the log of

this index is subtracted from the log of domestic output. I use the same weights as in the

benchmark paper, they can be seen in Table 1.1. They represent the proportion of the total

trade for each country accounted for by the other G7 countries. These weights are further

normalized so that for each G7 country the sum of the weights of the other six countries in

the sample is 100. The trade balance is measured as the difference between exports of goods

Table 1.1: Trade weights for the G7 countries

Canada France Germany Italy Japan U.K. U.S.
83.8 66.9 56.7 68.9 57.6 64.6 63.5

and services and imports of goods and services. The trade balance is expressed as a ratio of

total output in order to control for scale effects which is standard practice in the literature.

All variables except for the trade balance are used in logs. The following notation for the
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variables is used throughout the paper Y - relative output (log), RER - real exchange rate

(log), TB - trade balance.

The data was collected for each G7 country from 1964:Q1 through 2009:Q4. The two

exceptions with respect to the time horizon are Germany and France. The French dataset

starts from 1970:Q1 and the German one from 1978:Q3 due to the availability of import and

export data in the International Financial Statistics database.

To see if the data preserves certain features previously reported in the literature I compute

correlations of trade balance (EX-IM) and GDP of the countries (see Table 1.2). It is evident

that trade balance is positively correlated with GDP for CA, IT, JP and FR. For the other

countries I find negative correlations. Findings for all countries apart from GB and DE are

consistent with Mendoza (1995). However it should be noted, firstly, that Mendoza (1995)

applies a Hodrick-Prescott filter to the data which I don’t do; secondly, I get a positive

correlation for DE if I consider a time period only until 1990 as the author did.

1.4.2 Model selection and statistical analysis

In this section I deal with the model selection process and discuss such issues as stationarity

of the series, lag order, number of states and statistical analysis of the restrictions. I consider

first differenced VAR models for all countries as a suitable choice for the following reasons.

First, there is strong evidence of unit roots in nearly all series with only some evidence of

cointegration for one country - Japan. This will be discussed later. Second, it allows me to

focus on a homogeneous sample. And third, this is in line with both the theoretical model

described above and the benchmark paper. ADF tests for models with nonzero mean and

trend were conducted to check for stationarity of the series. Test statistics are presented

in Table 1.3. Presence of the unit root could not be rejected at 1% level for all series and

all countries apart from the trade balance of Japan. To check for further evidence in favor

of first differencing variables I conducted a series of cointegration tests. Neither Johansen’s

trace test (Johansen, 1991) nor Saikkonen and Lütkepohl’s test for cointegration (Saikkonen

and Lütkepohl, 2000) provide evidence for cointegration relations in the data for any of

the countries except for Japan. In the latter case, one could not reject the cointegration

rank rk = 1 at 10% level. These results are a slight problem, as the unit root test results for

Japanese trade balances implies that the data exhibits different behavior than the theoretical

model. Also existing cointegration relation requires error correction specification for the

Japanese data. For those reasons I drop Japan from the subsequent analysis.

Furthermore in order to determine the lag order for each country I use Akaike Infor-

mation Criterion (AIC) and Hannan-Quinn Criterion (HQ) values for VAR models without
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Markov switching. Based on AIC, lag order 1 is chosen for CA, IT, GB, DE; lag order 2

for US and lag order 4 for FR data. HQ criteria generally supports the selected lag order.

It should be said that the benchmark paper uses likelihood ratio tests to determine the lag

order. This results in the optimal lags being 8-12. In the current study however, I stick to

the lags selected by AIC for two reasons. Firstly, there are few if any significant coefficients

left in the subsequent lags and secondly, the optimization algorithm is sensitive to over-

parametrization of the model. Equipped with the results I estimate VAR models for each

country. Resulting residuals are shown in Figure 1.1. One can clearly see that the volatility

of the residuals changes across time for each country. This speaks in favor of the necessity

to model heteroskedasticity.

Choosing the number of volatility states is crucial for the analysis. Standard LR tests

are not suitable for the purpose due to the fact that the usual regularity conditions are not

fulfilled under the null hypothesis and some parameters are unidentified, hence the asymp-

totic null distribution of the likelihood ratio test statistic is not the χ2 one. Although some

special tests have been proposed in the literature they are computationally very demanding

and complicated. An alternative way to choose the number of states is based on the multiple-

regime representation of the MS-VAR(m, p) process and determines the state dimension m

by means of complexity-penalized likelihood criteria, such as AIC, HQ or Swarz Criterion

(SC). The criteria have a general form

C(θ) = −2 logLT (θ) + CT × dim(θ)

where CT is a constant that for AIC is equal to 2 and for SC is log T . Psaradakis and

Spagnolo (2003) examined the performance of the three procedures for selecting the number

of regimes. The authors conclude that AIC is generally successful in choosing the correct

state dimension, whereas HQ and SC have a tendency to underestimate the number of states.

In order to select the number of states and to test for the identification restrictions I es-

timate two and three state restricted, partially restricted and unrestricted models with state

invariant B for each of the countries. I also estimate three state model without assumptions

on B and use the results to test for the validity of state invariant instantaneous effects. AIC

and SC values for two and three state models with time invariant B and with/without long

run (BQ) restrictions are computed for each country and reported in Table 1.4.

Although there is no general agreement in the literature whether it is sufficient to use

the information criteria to select number of states, it is instructive to compare models on

those grounds as, for example, in Herwartz and Lütkepohl (2011). It is quite clear that AIC
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favors three state models for all countries with an exception of DE, whereas SC favors three

states only for IT.

This should not be a surprise as, in general, AIC chooses models with a high number

of estimated parameters. If one looks at the estimated state probabilities for three state

models, then, unfortunately, for the majority of the countries one of the states would be

associated with relatively few periods. Hence, the estimates could be unreliable due to the

small number of observations associated with one of the states. Another argument for the

two state models in the current analysis could be based on the standardized residuals. Those

are computed as

Σ̂
−1/2
t|t−1ût,

where ût = yt − ν̂ − Â1yt−1 − · · · − Âpyt−p and

Σ̂t|t−1 =
M∑

m=1

P̂r(st = m|Yt−1)Σ̂m.

Here Σ̂t|t−1 denotes the estimated residual covariance matrix conditional on the information

up to time t − 1, that is, conditional on Yt−1 = (Yt−1, . . . , Y1). The residuals for the two

state models are shown in Figure 1.2. If we compare those with the VAR residuals, then the

standardized ones are much more homogeneous. Therefore the MS structure with two states

captures the turbulences of volatility well enough. Consequently, in what follows I continue

with the two state models.

The next question to address is whether the estimated B is locally unique. Even though

the two state covariance matrix decomposition is unique (up to sign changes and rotation of

columns) the estimation precision could be poor due to the features of the data. One should

therefore take a closer look at the estimated λij parameters. The estimates and standard

errors are presented in Table 1.5. Note that for restricted models no ordering of the elements

in Λ2 is imposed, while for the unrestricted model the elements go from smallest to largest.

The estimates of λijs are all different, but they may not be significantly different due

to high standard errors (especially for CA, DE and US). Some words on the estimation of

standard errors should be said. I have used the outer product estimate of the information

matrix as in Hamilton (1994). Covariance matrix of the parameters is then the inverse of

the information matrix, while standard errors are obtained by taking square roots of the

diagonal elements of the covariance matrix.

Remembering that estimated parameters are asymptotically normally distributed, Wald

and LR tests will suit for the purpose of testing the equality of the λijs. The Wald test uses
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estimates of the covariance matrices. The number of estimated parameters relative to the

sample size and duration of the states is quite large and therefore, the covariance matrix

could be poorly estimated. High standard errors constitute the evidence of that. Therefore

Wald tests may only by of limited use whereas conducting LR tests could be beneficial.

The LR test depends on the highly nonlinear likelihood optimization subject to constraints.

Nevertheless, LR tests are preferable in the context. For uniqueness of the B in a two state

model it suffices to test whether λ2i = λ2j for all combinations of i and j.

The corresponding Wald and LR test statistics are shown in Table 1.6. On the one

hand, Wald tests clearly fail to reject equality of λijs for all countries apart from IT. For

GB and FR two pairwise equalities are rejected. The results for the other countries reflect

relatively high standard errors. On the other hand, looking at the LR statistics one could find

strong evidence in favor of structural decomposition. For CA, IT and DE all null hypotheses

of pairwise equality of λijs are rejected at most at 7% significance level. This should be

interpreted as evidence for the existence of decomposition for these datasets. For GB and

FR two and one pairwise equalities could not be rejected respectively.

The rejection of equality comes from the estimation precision and should not be inter-

preted as evidence against the decomposition. As to US data, pairwise equalities could not

be rejected at common significance level, the smallest p value is 0.261. This may be due to

the features of the data, the Markov switching model may not be the best approximation

of the data generation process for the dataset. The first state is represented only by a few

observations (as it becomes clear from Figure 1.7), while the estimated number of parameters

is high. Therefore the estimates of the B may be poor in that case.

Based on LR tests there is strong evidence for the identified and unique B for all countries

apart from the US. This gives good grounds to look at the LR tests for different restrictions

reported in Table 1.7. Considering two state model, the restrictions imposed by Prasad

(1999) are not in line with the data for two of the analyzed countries.

The long run restrictions are rejected at 1% level for CA (note that the result is indepen-

dent of the number of states). As to IT, GB, US and FR the restrictions for the two state

case could not be rejected at least at 8% level, thus the data speaks quite strongly in favor of

those. For DE restrictions are rejected at a low level for both two and three state models, but

the data objects to the restrictions less in the three state model. The data for CA and DE

did not support the restrictions and in the data for JP cointegration was present. Thus, the

chosen structural model may not be the best one to apply to those countries’ data. Looking

at the information criteria, SC favors long run restrictions for GB, US and FR, whereas AIC

always chooses models with neither assumptions on the B matrix nor long run restrictions.
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Therefore SC values are consistent with the LR test results.

In order to analyze the reasons for the rejection of the restrictions, I estimate partially

identified models for CA and DE. The estimated models are those with the identified demand

shock ξ1,2 = 0, combination of the restrictions ξ1,2 = 0, ξ2,3 = 0 and ξ1,2 = 0, ξ1,3 = 0 and the

identified nominal shock ξ1,3 = 0, ξ2,3 = 0. As becomes clear, the data does not object to the

identification of the demand shock, but the identification of the nominal shock is problematic.

For CA the model with maximum two restrictions ξ1,2 = 0, ξ2,3 = 0 is supported, while for

DE only ξ1,2 = 0 could not be rejected at a common significance level. This means that the

relations in the equations (1.6) and (1.7) may not be valid for all countries. In other words,

the demand shocks are identified for CA and DE , but the other two may not have clear

economic interpretation. This issue will be reconsidered in the impulse response analysis

section.

Summing up, independently of the number of states the long run restrictions were rejected

for CA and DE. However the model where only demand shocks are identified for those

countries was supported by the data. On the other hand, sufficient support for the long run

restrictions in the two state case was found for IT, GB, US and FR.

1.4.3 Volatility Structure and Impulse Response Analysis

Some joint features of the volatility structure could be seen among the countries. Estimated

covariance matrices for the datasets are reported in Table 1.8, smoothed state probabilities

are presented in Figures 1.3 - 1.8. Trade balance of the European countries and CA has the

lowest variance in any of the volatility states, followed by RER. Relative output is the most

volatile variable for these countries. Low volatility of trade balance could be an indicator of

a very similar and interconnected trade structure among the countries. This would not be a

surprise for the European Union countries who have been members of a customs union since

1958, but the data from Canada also speaks in favor of trade volatility structure similarity

to EU countries.

On the other hand the US have an exactly reversed feature. Trade balance is the variable

with the highest variance in the high volatility states. Although relative output of the US

is also highly volatile in the state that was previously associated with economic recessions,

it is not as volatile as the trade balance. It could be partly due to the fact that the US is

the largest economy in the sample and reaction to changed economic and trade conditions is

different if compared to relatively ’small’ EU countries. The US economy is also known to be

highly sensitive to the prices of raw material (mainly crude oil), that form a substantial part

in traded goods. Another feature to note for the US is that RER is the variable with the

14

Netšunajev, Aleksei (2013), Structural Vector Autoregressions with Markov Switching: Identification via Heteroskedasticity 
European University Institute

 
DOI: 10.2870/73498



lowest variance across volatility states. On the contrary in the EU + CA group of countries

RER has higher variance than trade balance in high volatility states (DE is an exception).

Thus the trade structure of US differs from that of the European countries. Estimated

state probabilities also show that the reaction of the real economies to the recent economic

downturn is different. In all of the countries Y experienced a period of high volatility. In CA

and US it was also the RER that fluctuated considerably, while in the EU countries this was

not the case. US is a unique economy where TB becomes volatile in periods of downturn.

In the previous subsections it became clear that restrictions for some of the G7 countries

are rejected, thus full impulse response (IR) analysis is limited to the countries where the

identification scheme is supported by the data. For CA and DE I present the impulse

responses for the models with maximum identification supported by the data. For CA it

is identified demand shock and ξ2,3 = 0 while for DE it is only identified demand shock.

Equipped with the impulse responses I will try to identify the other two shocks for these

countries. I also include US in the current analysis, but one should be cautious with it, as

the B matrix may be poorly estimated.

Since the VARs were estimated in first differences, the impulse responses to the struc-

tural shocks are accumulated in order to show the level responses. The IRs we estimated in

a classical way (Lütkepohl, 2005) using 1000 wild bootstrap replications to construct 68%

confidence intervals. Confidence intervals we constructed, conditional on the estimated state

probabilities and Λ2 matrix as discussed in Herwartz and Lütkepohl (2011). Impulse re-

sponses are presented in Figures 1.9 - 1.12, where the reaction of TB to the identified supply,

demand and nominal shocks is shown.

Over the long run, the trade balance response to a positive supply shock is positive for

US. If I consider the reaction to a negative shock for US, the result would be in line with

Prasad (1999). The response could be both positive and negative for the other countries,

as confidence intervals around the responses are above and below zero, thus it is difficult to

conclude what the exact reaction would be.

Demand shock (for instance, a domestic fiscal expansion) has negative effects for IT, US

and FR but positive for GB. Unfortunately, with confidence intervals above and below zero

for IT, GB and US it is difficult to pin down the exact effect. As to FR, the reaction of TB to

positive demand shock is marginally negative. In the benchmark paper, Prasad (1999) finds

minor negative impact of the demand shock on TB for FR, hence the results are consistent

with previous findings. The shock would tend to increase output and cause an exchange

rate appreciation, negatively affecting the trade balance through both the exchange rate and

relative output channels.
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A nominal shock has two opposing effects on trade balance. It tends to both increase

output and cause an exchange rate depreciation in the short run, thus only impulse responses

reveal which of the effects dominate. It must be that nominal shock is transmitted to trade

balance through depreciation of RER in all countries, as the shock leads to improvement of

the TB. The theoretical model implies that nominal shocks (a relative monetary easing in the

home country for instance) has no long run effect on trade balance. Looking at the impulse

responses one can see that this is not the case. A nominal shock has a permanent positive

effect on trade balance for all countries. This is consistent with the earlier findings by Prasad

(1999) and Baldwin (1990) and is an indication of persistent exchange rate effects on trade

dynamics. Therefore it would be improper to use this theoretical identifying information, as

the data would speak up against it.

The IR for CA and DE are shown in Figures 1.13 and 1.14 respectively. As discussed by

Prasad (1999) the reaction of TB to the shocks does not have clear expected signs, therefore

labeling the first and third shocks may be difficult. In fact the reaction of the variables

to shocks does not uncover the underlying economic mechanism in the current case. The

reaction of Canadian TB to the 1st and 3d shocks is inconclusive due to large confidence

intervals around the responses. However Y reacts positively to the first shock. For DE the

reaction of TB to the first and the last shocks is significantly positive.

1.5 Conclusions

In the present paper I analyze the dynamics of the trade balance of G7 countries in re-

sponse to macroeconomic shocks in the structural VAR framework. I use recent econometric

methodology to exploit the volatility of the residuals of the structural VAR model to al-

low data to speak for or against identification restrictions implied by the theory. Volatility

changes are modeled by a Markov process.

The quarterly data on relative output, real exchange rates and trade balances is obtained

and analyzed for each G7 country. Due to the presence of cointegration I had to drop JP

from the analysis. Similar data is used in the literature, where identification is achieved by

theoretical restrictions. I argue that a theory-based approach may not be relevant for all of

the countries. I find theoretical restrictions to be incompatible with the data for two out

of seven countries. This result comes from the rejection of the identification scheme of the

nominal shocks for Canada and Germany. The restrictions are supported for IT, GB, US and

FR data, however estimation precision of the US model may be poor. Estimated Markov-

switching VARs allow the association of high volatility periods with well-known economic
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downturns (first and second oil crises, recessions in the 90s, recent financial crisis). Volatility

analysis shows that during downturns trade balance is much more volatile in the US, than

in the EU countries and CA. On the contrary real exchange rate fluctuates more in the EU

and Canada, than in the US.

Impulse response analysis reveals that there is significant positive effect of nominal shocks

on the trade balance for the countries where the identification is supported by the data. That

finding is known in the literature but it contradicts the implications of the theoretical model

discussed in this paper. The marginal negative effect of demand shock on TB in FR and

positive effect of supply shock on TB in US are consistent with the previous findings. It

would be improper to draw the conclusions on the other effects due to wide confidence

intervals. The partially identified models for CA and DE fail to provide enough information

to identify shocks fully.
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Table 1.2: Correlation of trade balance and GDP
Country Corr(TB,GDP )

CA 0.4000
IT 0.5795
GB -0.8323
DE -0.1282

DE (until 1990) 0.7453
US -0.8928
JP 0.6298
FR 0.3641

Table 1.3: ADF tests for stationarity

Country Y RER TB

CA -1.3307 -2.6235 -2.3775
IT -2.9792 -2.2245 -3.0500
GB -3.7903 -3.0141 -3.3554
DE -2.4067 -2.7012 -2.1999
US -2.0802 -2.2950 -2.3742
JP -1.7913 -2.2361 -4.2054
FR -2.7476 -2.9239 -1.7864

Critical values are
1% 5% 10%

-3.96 -3.41 -3.13
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Table 1.4: Comparison of MS models
Country Model logLT AIC SC

CA

2 states, unrestricted 1591.223 -3130.445 -3047.719
2 states, identified demand shock (ξ1,2 = 0) 1590.862 -3131.725 -3061.218
2 states, identified demand shock and ξ2,3 = 0 1590.116 -3132.233 -3055.871
2 states, identified demand shock and ξ1,3 = 0 1586.811 -3125.622 -3049.259
2 states, identified nominal shock (ξ1,3 = 0 and ξ2,3 = 0) 1584.484 -3120.969 -3053.282
2 states, long run restrictions 1580.277 -3114.553 -3041.372
3 states, unrestricted 1616.709 -3161.418 -3046.302
3 states, state invariant B 1598.016 -3130.031 -3025.032
3 states, long run restrictions, invariant B 1591.510 -3123.021 -3027.566

IT

2 states, unrestricted 1497.101 -2942.201 -2859.475
2 states, long run restrictions 1495.019 -2944.038 -2870.857
3 states, unrestricted 1520.835 -2969.670 -2854.554
3 states, state invariant B 1514.757 -2963.516 -2858.515
3 states, long run restrictions, invariant B 1514.555 -2969.111 -2873.657

GB

2 states, unrestricted 1394.782 -2737.565 -2654.837
2 states, long run restrictions 1389.092 -2732.185 -2659.003
3 states, unrestricted 1411.775 -2751.551 -2636.434
3 states, state invariant B 1408.035 -2750.071 -2645.072
3 states, long run restrictions, invariant B 1398.052 -2736.104 -2640.650

DE

2 states, unrestricted 1083.318 -2114.636 -2041.309
2 states, identified demand shock (ξ1,2 = 0) 1082.256 -2114.513 -2044.006
2 states, identified demand shock and ξ2,3 = 0 1067.811 -2087.621 -2019.934
2 states, identified demand shock and ξ1,3 = 0 1064.476 -2080.952 -2013.265
2 states, identified nominal shock (ξ1,3 = 0 and ξ2,3 = 0) 1066.886 -2085.772 -2018.085
2 states, long run restrictions 1063.913 -2081.826 -2016.873
3 states, unrestricted 1089.645 -2107.291 -2005.229
3 states, state invariant B 1087.028 -2108.056 -2014.986
3 states, long run restrictions, invariant B 1079.469 -2098.913 -2014.330

US

2 states, unrestricted 1678.181 -3286.362 -3175.197
2 states, long run restrictions 1676.116 -3288.232 -3186.595
3 states, unrestricted 1699.887 -3309.775 -3166.135
3 states, state invariant B 1694.771 -3305.543 -3172.145
3 states, long run restrictions, invariant B 1687.572 -3297.144 -3173.274

FR

2 states, unrestricted 1456.807 -2807.614 -2646.313
2 states, long run restrictions 1453.489 -2806.979 -2654.808
3 states, unrestricted 1484.611 -2843.221 -2650.513
3 states, state invariant B 1476.734 -2833.469 -2650.864
3 states, long run restrictions, invariant B 1469.689 -2825.378 -2651.904

Note: in bold the minimum value of the criterion for the particular country are denoted
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Table 1.6: Tests for equality of λij-s for the models

Country H0 Wald p-value LR p-value

CA
λ21 = λ22 0.0093 0.9230 21.238 4.05× 10−6

λ22 = λ23 0.0017 0.9673 3.462 0.062
λ21 = λ23 0.0031 0.9555 21.236 4.06× 10−6

IT
λ21 = λ22 11.859 5.7× 10−4 28.568 9.04× 10−8

λ22 = λ23 7.524 0.006 14.699 1.26× 10−4

λ21 = λ23 2.962 0.085 3.451 0.062

GB
λ21 = λ22 0.508 0.475 0.591 0.442
λ22 = λ23 3.164 0.075 1.499 0.221
λ21 = λ23 4.356 0.037 6.635 0.010

DE
λ21 = λ22 0.007 0.9292 36.662 1.40× 10−9

λ21 = λ23 0.076 0.7816 31.181 2.35× 10−8

λ22 = λ23 0.077 0.7816 36.664 1.4× 10−9

US
λ21 = λ22 0.052 0.8186 0.384 0.535
λ21 = λ23 0.012 0.9109 0.232 0.630
λ22 = λ23 0.067 0.7949 1.261 0.261

FR
λ21 = λ22 7.386 0.006 44.272 2.80× 10−11

λ22 = λ23 6.906 0.008 30.008 4.30× 10−8

λ21 = λ23 0.345 0.556 0.495 0.481
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Table 1.7: Likelihood ratio tests for MS models
Country MS states H0 H1 LR p-value

CA
2 states BQ restrictions state invariant B 21.892 6.8× 10−5

2 states ξ1,2 = 0 state invariant B 0.722 0.395
2 states ξ1,2 = 0, ξ2,3 = 0 state invariant B 2.214 0.331
2 states ξ1,2 = 0, ξ1,3 = 0 state invariant B 8.824 0.012
2 states ξ1,3 = 0, ξ2,3 = 0 state invariant B 13.478 0.001
3 states state invariant B unrestricted 37.386 3.8× 10−8

3 states BQ restrictions state invariant B 13.012 0.005

IT
2 states BQ restrictions state invariant B 4.164 0.244
3 states state invariant B unrestricted 12.156 0.007
3 states BQ restrictions state invariant B 0.404 0.939

GB
2 states BQ restrictions state invariant B 11.380 0.098
3 states state invariant B unrestricted 8.254 0.041
3 states BQ restrictions state invariant B 19.966 1.7× 10−4

DE
2 states BQ restrictions state invariant B 38.811 1.9× 10−8

2 states ξ1,2 = 0 state invariant B 2.124 0.145
2 states ξ1,2 = 0, ξ2,3 = 0 state invariant B 31.014 1.8× 10−7

2 states ξ1,2 = 0, ξ1,3 = 0 state invariant B 37.684 6.5× 10−9

2 states ξ1,3 = 0, ξ2,3 = 0 state invariant B 32.864 7.3× 10−8

3 states state invariant B unrestricted 5.234 0.155
3 states BQ restrictions state invariant B 15.118 0.002

US
2 states BQ restrictions state invariant B 4.130 0.247
3 states state invariant B unrestricted 10.232 0.017
3 states BQ restrictions state invariant B 14.398 0.002

FR
2 states BQ restrictions state invariant B 6.636 0.085
3 states state invariant B unrestricted 15.754 0.003
3 states BQ restrictions state invariant B 14.090 0.002
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Table 1.8: Estimated covariance matrices for the models
Country Σ1 × 10−4 Σ2 × 10−4

CA

 5.18
2.81 2.48
0.12 0.02 0.47

  18.19
12.98 10.59
0.95 0.01 0.8


IT

 26.05
6.41 8.72
0.62 −0.06 1.38

  10.43
2.21 0.85
0.29 0.05 0.30


GB

 3.98
2.08 2.70
0.18 0.11 0.38

  28.58
14.61 16.15
1.00 0.68 0.99


DE

 46.43
−5.41 0.84
−10.05 0.00 8.58

  17.36
5.50 2.36
0.89 0.28 0.47


US

 25.44
−0.16 0.67
2.97 0.87 28.96

  4.82
−0.02 0.07
0.20 0.06 2.22


FR

 20.28
7.77 5.86
0.32 0.36 0.32

  11.01
2.97 0.91
0.04 −0.01 0.12
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Figure 1.1: Residuals of the VAR models
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Figure 1.2: Standardized residuals of the 2 state MS-VAR models with state invariant B
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Figure 1.3: Smoothed state probabilities for CA
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Figure 1.4: Smoothed state probabilities for IT
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Figure 1.5: Smoothed state probabilities for GB
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Figure 1.6: Smoothed state probabilities for DE
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Figure 1.7: Smoothed state probabilities for US
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Figure 1.8: Smoothed state probabilities for FR
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Figure 1.9: Impulse responses of TB to shocks: IT
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Figure 1.10: Impulse responses of TB to shocks: GB

0 5 10 15 20
−1.5

−1

−0.5

0

0.5

1

x 10
−3 Supply shock

0 5 10 15 20
−1

−0.5

0

0.5

1

1.5

2
x 10

−3 Demand shock

0 5 10 15 20
3

3.5

4

4.5

5

5.5

6

6.5

7
x 10

−3 Nominal shock

Figure 1.11: Impulse responses of TB to shocks: US
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Figure 1.12: Impulse responses of TB to shocks: FR
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Figure 1.13: Impulse responses to shocks: CA

Figure 1.14: Impulse responses to shocks: DE
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Chapter 2

Disentangling Demand and Supply

Shocks in the Crude Oil Market: How

to Check Sign Restrictions in

Structural VARs

Helmut Lütkepohl1, Aleksei Netšunajev

2.1 Introduction

Identifying the shocks of interest is a major problem in structural vector autoregressive

(SVAR) analysis. Often just-identifying restrictions are imposed, for example on the in-

stantaneous effects of the shocks as in Sims (1980) and Amisano and Giannini (1997) or on

the long-run effects as in Blanchard and Quah (1989) and King, Plosser, Stock and Watson

(1991) (see Lütkepohl, 2005, for a textbook exposition). Typically the restrictions imposed

are thereby just-identifying and, hence, cannot be checked against the data by statistical

tests. There is some dissatisfaction with these types of equality restrictions because there is

often no agreement on them. Reasons may be that different underlying economic models im-

ply alternative sets of restrictions or that they may not imply sufficiently precise restrictions

to uniquely identify all shocks of interest.

1We thank Lutz Kilian, Helmut Herwartz and participants of the EC2 Conference in Florence in December
2011 as well as seminars at the University of Venice, the University of Zurich and the Deutsche Bundesbank
for comments on an earlier version of this paper. The research for this paper was carried out in part while
the first author was a Bundesbank Professor.
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Therefore, identification by inequality or sign restrictions for the effects of shocks on

certain variables is proposed by a number of authors (Faust, 1998; Canova and De Nicoló,

2002; Uhlig, 2005). In the latter article shocks are identified by specifying the sign of their

effect on certain variables on impact and possibly in some of the following periods. All shocks

that are in line with the sign restrictions are considered admissible. Since it appears to be

easier to agree on such softer restrictions, this approach is seen as an attractive alternative to

identification via more classical exclusion restrictions and consequently it has been applied

by a number of researchers (Mountford and Uhlig, 2009; Lippi and Nobili, 2011; Peersman

and Straub, 2009; Canova and Pappa, 2007).

In some literature, dynamic stochastic general equilibrium (DSGE) models are used to

check the signs of responses to shocks of interest and the corresponding sign restrictions are

used to characterize the shocks. These then imposed on a SVAR model for the identification

of the shocks (Canova, 2002; Dedola and Neri, 2007; Pappa, 2009). DSGE models are highly

stylized models of an economy and as such not necessarily a good description of the data.

Therefore it makes sense to assume that they cannot give a precise picture of the reactions

to shocks in actual economic systems but may be able to suggest at least a direction of

the responses of the variables to shocks. Using these directions or signs of the responses in

a VAR model which is specified so as to fit the data well, it is hoped to provide a better

understanding of the effects of shocks in practice.

Unfortunately, using sign restrictions for identifying structural shocks has some draw-

backs as well. First of all, they typically do not identify the shocks uniquely but allow for a

range of admissible shocks that are all in line with the sign restrictions. Therefore the range

of possible responses may also be large and hence, sign restrictions may deliver only a rather

diffuse picture of the reactions of variables to a shock of interest. Secondly, identification

via sign restrictions does not provide a possibility to check the validity of the restrictions

because only those shocks that satisfy the prespecified sign restrictions are considered. Thus,

any analysis based upon them is conditional on the sign restrictions being correct. In other

words, the data have no possibility to speak up against the restrictions. This criticism has

been raised against conventional just-identifying restrictions as well, of course, but it is no

less valid in the context of sign restrictions. One may argue that the problem is less severe in

the context of sign restrictions because they are much weaker restrictions than equality re-

strictions. Even if the sign restrictions are derived from generally accepted economic models,

there is a potential gap between the empirical and the theoretical models that may invali-

date the sign restrictions in the empirical model. Reasons may be that the variables used in

the empirical model do not correspond exactly to those considered in the theoretical model,

32

Netšunajev, Aleksei (2013), Structural Vector Autoregressions with Markov Switching: Identification via Heteroskedasticity 
European University Institute

 
DOI: 10.2870/73498



for instance, due to measurement errors, trend and/or seasonal adjustment or using data

with an observation frequency that does not correspond to that of the theoretical model.

In addition, the economic model describes the relations within a set of variables and may

lack other effects that may, however, be important in practice. For example, the theoretical

model may be one for a closed economy whereas foreign effects may not be negligible in the

actual system and the available data. In other words, there may be an omitted variables

problem that could affect the empirical model.

In this study a proposal is made as to how to let the data speak about the validity

of identifying restrictions in general and sign restrictions in particular. The idea is to use

changes in volatility to support the identification of shocks. In SVAR analysis identification

via heteroskedasticity is proposed and used by Rigobon (2003), Rigobon and Sack (2003),

and Lanne and Lütkepohl (2008) among others. These authors essentially assume that there

are exogenously generated changes in the volatility of the shocks and partition the sample

period accordingly. They then base the identification of the shocks on the assumption that

the effects of shocks are the same regardless of the volatility regime in which they occur. In

other words, they assume that the impulse responses are invariant throughout the sample

period whereas the volatility of the shocks may change. Additional, statistical identifying

restrictions thereby become available, which can be used to check restrictions that are just-

identifying in the conventional approach. We will use the approach proposed by Lanne,

Lütkepohl and Maciejowska (2010) and model the changes in volatility endogenously by

means of a Markov regime switching (MS) mechanism. A related proposal, based on dif-

ferent models for conditional heteroskedasticity, is used by Normandin and Phaneuf (2004),

Bouakez and Normandin (2010) and others for identifying shocks.

In the present study it will be shown how changes in volatility can provide additional

identifying information that can be used for checking the validity of sign restrictions. Of

course, this approach requires that there are changes in volatility during the sample period

and cannot be used if volatility is time-invariant. If volatility varies sufficiently this device

can generate a full set of unique shocks that are in line with the data. These shocks may

not have an economic interpretation. If none satisfy the sign restrictions it means that

there is no shock that is acceptable to the data and satisfies the sign restrictions at the

same time. For example, if there are sign restrictions characterising a shock as a technology

shock and none of the shocks acceptable to the data satisfies those restrictions, one may

conclude that a technology shock cannot be isolated in the system under consideration.

Using the shocks identified by changes in volatility may result in unique shocks and not in

a range of feasible shocks and, hence, it may also provide more precise impulse responses.
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In any case, the additional identification information obtained from heteroskedasticity or

conditional heteroskedasticity can be helpful for checking the validity of the sign restrictions

in the empirical model. Consequently, the two drawbacks of sign restrictions mentioned

earlier, that is, lack of precise impulse responses and the inability to reject the restrictions,

can be addressed if there are changes in volatility.

One may argue that the typical approach for sign restricted SVARs uses Bayesian meth-

ods for estimation that are based on independently, identically distributed (i.i.d.) residuals.

Hence, changes in volatility are excluded and our model framework does not nest the typical

model assumed under sign restrictions. Although such arguments are valid, it may be worth

noting that sign restrictions can be used in conjunction with classical estimation methods

(see Moon and Schorfheide (2009) and Moon, Schorfheide, Granziera and Lee (2009) for a

discussion of the frequentist approach to inference in such models). In that framework they

can be justified under assumptions more general than i.i.d. for the errors. Moreover, even

though Bayesian methods require stringent assumptions regarding the error distribution of

the VAR model, in applied work they will typically be approximately satisfied at best. Our

approach also provides a statistical check of some of these assumptions.

In this study we use a classical approach for inference. In other words, we use likelihood

based methods to avoid any distortions by imposing priors on the parameters, although

Bayesian methods are more common in conjunction with sign restrictions. However, our

main arguments do not depend on the method for estimation. They could be equally well

placed in a Bayesian framework.

To illustrate the approach, a study by Kilian and Murphy (2011) will be reconsidered.

These authors analyze a system with the following three variables:

• ∆prodt - percent change in global crude oil production,

• qt - log detrended index of real economic activity,

• pt - log of real price of oil.

They specify an oil supply shock, an aggregate demand shock and an oil-market specific

demand shock purely by sign restrictions. They point out that sign restrictions are not

enough to get a precise picture of the effects of such shocks and they propose to add further

information to pin down the effects more precisely. The example they use is particularly

suitable for our purposes because changes in volatility of oil production and the price of

oil are diagnosed in the related literature (see Baumeister and Peersman (2010)). In our

framework, these volatility changes can be used to address the question whether the system
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is suitable for isolating the three shocks of interest and also to obtain more information which

can help to narrow down the effects of the shocks.

The study is organised as follows. The model setup and some technical details of our

inference procedures are given in Section 2.2. The empirical study illustrating the method

for checking the sign restrictions is presented in Section 2.3 and conclusions are provided in

Section 2.4.

2.2 The Model Setup and Inference

The reduced form of our model is a K-dimensional VAR(p),

Yt = ν + A1Yt−1 + · · ·+ ApYt−p + Ut, (2.1)

where ν is a constant term, the Ajs (j = 1, . . . , p) are (K ×K) coefficient matrices and Ut

is a zero-mean error term.

In a conventional SVAR model the structural shocks are obtained from the reduced form

residuals by a linear transformation, εt = B−1Ut or Bεt = Ut, where B is such that εt has

identity covariance matrix, that is, εt ∼ (0, IK), and the reduced form residual covariance

matrix is decomposed as E(UtU
′
t) = ΣU = BB′.

Following Lanne et al. (2010), in our setup the distribution of the reduced form error

term Ut is assumed to depend on a discrete Markov process st (t = 0,±1,±2, . . . ) with states

1, . . . ,M and transition probabilities

pij = Pr(st = j|st−1 = i), i, j = 1, . . . ,M.

The conditional distribution of Ut given st is assumed to be normal,

Ut|st ∼ N (0,Σst). (2.2)

Our model allows for Markov switching in the residual covariances only and not in other pa-

rameters of the model. Although there are finitely many states and in practice the number

of different states will be small, the model can capture smooth transitions from one state to

another. This is because a particular state does not necessarily come up with probability

one but the system may be in-between states, that is, in a given period the actual volatility

may be described by a mixture of different states, each state being weighted by a certain

probability. Thus, in this sense our model is similar to a multivariate GARCH or stochastic
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volatility model and can capture similar changes in volatility. We do not allow other param-

eters than the residual covariance to be state-dependent. We thereby impose more regularity

on our models than in the MS-SVAR models considered by Rubio-Ramirez, Waggoner and

Zha (2005), Sims and Zha (2006) and Sims, Waggoner and Zha (2008) or in SVAR models

with time-varying coefficients (Cogley and Sargent, 2005; Primiceri, 2005; Baumeister and

Peersman, 2010). In the latter paper, a system similar to our example system analyzed in

Section 2.3 is considered in the framework of a time-varying coefficient SVAR model. We

will return to their results in the empirical section.

In the following sections we will use the abbreviation MS(M)-VAR(p) model for a VAR

model with p lags and M Markov states. We emphasise that we use this notation for sim-

plicity although all VAR coefficients apart from the residual covariances are state-invariant.

This fact is not reflected in our notation. For example, Krolzig (1997) uses the notation

MSH-VAR for our model type.

The fact that the covariances Σst can vary across states is used in our framework for

identifying structural shocks that are consistent with the statistical properties of the data.

For example, if there are just two states (M = 2), then there exists a decomposition Σ1 =

BB′ and Σ2 = BΛ2B
′, where Λ2 = diag(λ21, . . . , λ2K) is a diagonal matrix with positive

diagonal elements. If the λ2is are all distinct, this decomposition is unique apart from

changes in the sign and permutations of the columns of B and corresponding changes in

the ordering of the λ2is (Lanne et al. (2010)). Thus, for a given ordering of the λ2k, if

the structural shocks are orthogonal, have the same instantaneous effects across states and

are normalized such that they have unit conditional variance in the first state, then they

are uniquely determined by the transformation εt = B−1Ut. Therefore, any additional

restrictions from economics become over-identifying and can be checked against the data.

For instance, exclusion restrictions can be checked with formal statistical tests. Moreover, if

a set of sign restrictions is postulated for the system to be suitable for the desired analysis,

the impulse responses corresponding to the shocks identified via the MS structure must

satisfy the prespecified sign restrictions that characterize the economic shocks of interest.

Alternatively, if the shocks do not satisfy the sign restrictions, these restrictions are not

compatible with the statistical properties of the data. The reasons could be those mentioned

in the introduction, that is, omitted variables, measurement errors, aggregation problems or

distortions due to data transformations. If, however, the impulse responses satisfy the sign

restrictions, labels may be attached to the shocks accordingly.

It may be worth emphasising that the requirement of having distinct λ2is is crucial for

exact identification of all shocks. The λ2is can be interpreted as variances in State 2 relative
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to those in State 1. Thus, distinct λ2is imply that the volatility changes are not homogenous

across all variables. Moreover, one of the λ2is may, of course, be 1, that is, one of the

shocks may have the same variance in both states, as long as there is enough heterogeneity

in the volatility of the other shocks. Furthermore, even if some of the λ2is are identical,

it may still be possible to identify those shocks with distinct relative variances in State 2.

Of course, in that situation it may not be possible to arrive at clear conclusions regarding

the validity of the sign restrictions. An important advantage of our approach is that the

crucial identification restrictions (distinct λ2is) can be checked with statistical tests rather

than having to assume it.

If there are more than two volatility states, the corresponding covariance matrix decom-

position

Σ1 = BB′, Σi = BΛiB
′, i = 2, . . . ,M, (2.3)

with diagonal Λi matrices is restrictive. Lanne et al. (2010) discuss a likelihood ratio (LR)

test for these restrictions. Denoting the diagonal elements of Λj by λj1, . . . , λjK , uniqueness

of B up to sign and permutation of the shocks is ensured for more than two states if for any

subscripts k, l ∈ {1, . . . , K}, k 6= l, there is a j ∈ {2, . . . ,M} such that λjk 6= λjl (Lanne et al.

2010, Proposition 1). Although this condition for exact (local) identification is apparently

more complicated than in the two state case, it is also potentially more likely to be satisfied

if there are more than two states and, hence, more heterogeneity in the volatility. Also in

this case all shocks may be identified even if one of them has homogenous volatility across

all states. Again, the identification condition can be checked by statistical tests. If it is

satisfied, the resulting shocks are unique and need to satisfy any valid sign restrictions. In

turn, any restrictions that the shocks do not satisfy, are not compatible with the data.

Our identification techniques are the same as those used in the literature on identifica-

tion via heteroskedasticity (see, in particular, Lanne and Lütkepohl (2008)). While in that

literature heteroskedasticity is used, we consider conditional heteroskedasticity. In our ap-

proach changes in volatility are determined endogenously from the data. In principle, the

periods associated with a particular volatility state can be spread irregularly throughout the

sample. Thus, the volatility states are more flexible than in the standard approach based on

heteroskedasticity.

Since we assume normality of the residuals conditional on the states, the likelihood func-

tion can be set up and the model can be estimated by maximum likelihood (ML). The

likelihood function is given in Lanne et al. (2010) and a detailed discussion of the related

estimation problems can be found in Herwartz and Lütkepohl (2011). They also present the

details of an EM algorithm for optimizing the likelihood and point out that there are many
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local maxima. In fact, the numerical problems are challenging, in particular when a large

number of different Markov states are allowed for. The procedure is a quasi ML procedure

if the normality assumption in (2.2) does not hold. The normality assumption is not essen-

tial for the asymptotic properties of the estimates but is used for setting up the likelihood

function.

Herwartz and Lütkepohl (2011) discuss a fixed design wild bootstrap procedure for con-

structing confidence intervals for impulse responses in the presently considered model class.

They propose to construct bootstrap samples conditional on the ML estimates so that for

our model setup they are constructed as

Y ∗t = ν̂ + Â1Yt−1 + · · ·+ ÂpYt−p + U∗t , (2.4)

where U∗t = ηtÛt and ηt is a random variable with values 1 and −1, each with probability 0.5.

Thereby potential heteroskedasticity and the pattern of contemporaneous dependence of the

data is preserved. We bootstrap parameter estimates θ∗ of θ = vec[ν,A1, . . . , Ap] and B∗ of

B, conditionally on the initially estimated transition probabilities and Λm, m = 2, . . . ,M ,

to alleviate the computational burden as in Herwartz and Lütkepohl (2011). Notice that

computing the bootstrap impulse responses still requires nonlinear optimization of the log-

likelihood and, hence, is computationally demanding. We use the ML estimates as starting

values in the bootstrap replications. In our empirical analysis we consider 68% standard

percentile confidence intervals based on 1000 replications. The confidence level is in line

with much of the related literature.

2.3 Empirical Analysis

2.3.1 Previous identification restrictions

Kilian and Murphy (2011) are primarily interested in the effects of demand and supply shocks

in the crude oil market on the real price of oil. They argue that the exclusion restrictions used

by Kilian (2009) for identifying the shocks could be questioned. In the latter article Kilian

identifies the shocks by assuming that oil-market specific demand shocks (εoil−d
t ) do not have

an instantaneous effect on oil production and real activity and aggregate demand shocks

(εaggr−d
t ) have no immediate impact on oil production. In other words, B is lower-triangular
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such that  U∆prod
t

U q
t

Up
t

 =

 b11 0 0

b21 b22 0

b31 b32 b33


 εoil−s

t

εaggr−d
t

εoil−d
t

 . (2.5)

Kilian and Murphy (2011) point out that a zero short-run oil supply elasticity of aggregate

demand may not be realistic and the same is true for the short-run effect of an oil-market

specific demand shock on real activity. Therefore Kilian and Murphy (2011) propose the

use of sign restrictions that do not fix these effects at zero. More precisely, they impose the

sign restrictions given in Table 2.1 for the impact effects. They also point out that these

restrictions do not identify the shocks uniquely but result in a rather large set of admissible

shocks and correspondingly imprecise impulse responses. They narrow down the range of

admissible shocks by imposing bounds on the oil supply elasticity. In our approach we can

get additional information from the data, as demonstrated in the following pages.

Concerns regarding the exclusion restrictions imposed by Kilian (2009) are also expressed

by Baumeister and Peersman (2010) who consider a similar system of variables. They use

sign restrictions in the framework of a time-varying coefficient VAR model that allows for

time-varying coefficients in addition to heteroskedasticity in the residuals. They find that

during our sample period there was a rise in oil price volatility while at the same time the

volatility of oil production declined. Hence, it seems plausible to use our approach and utilize

the changes in the volatility of the shocks for identification.

2.3.2 The data and the VAR model

We use monthly data from 1973m2 - 2006m12, as in Kilian (2009). An updated dataset is

used by Kilian and Murphy (2011). These authors use a VAR(24) model. However, model

selection criteria favour smaller VAR orders. We base our analysis on a VAR(3) model that

is selected by the more generous AIC. Notice that we have to use a nonlinear optimization

algorithm for maximizing the likelihood function. Such algorithms run into problems for

heavily parameterized models. Admittedly, standard residual tests indicate some remaining

autocorrelation in the residuals of the VAR(3) model. The same is true for the VAR(24)

model, however, and we have checked that qualitatively similar impulse responses result from

both models in a conventional analysis.

In Figure 2.1 the residuals of both the VAR(24) and the VAR(3) models are plotted.

While the two sets of residuals naturally look a bit differently, they both show that the

residuals of oil production are much more volatile in the first part of the sample while the
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oil price residuals are substantially more volatile in the later sample period from the middle

of the 1980s onwards. The figure thus confirms the observation made by Baumeister and

Peersman (2010).

2.3.3 The number of MS states

In Table 2.2 some statistics are presented for a range of different models. In particular,

models with different numbers of states and restrictions on the impact effects matrix B are

compared. Considering only unrestricted VAR(3) models, the MS(3)-VAR(3) is favoured by

SC while AIC prefers a 4-state model. It is worth pointing out that models with MS are

much preferred to the VAR(3) model without allowance for changes in volatility. Of course,

this result is not surprising given the residual graphs in Figure 2.1. For the MS(3) models

the SC and AIC values are further reduced by imposing the restriction of a state-invariant

impact effects matrix B and lower-triangularity of this matrix. The SC value also declines

when these restrictions are imposed and only MS(4) models are compared while the same

is not true for AIC which is minimized for the least restricted model. Thus, based on the

model selection criteria models with state invariant and recursive impact effects have some

support although they are generally not favored.

In deciding on the number of MS states, it may be worth looking at the smoothed state

probabilities for the sample period. They are shown in Figure 2.2 where a state-invariant

B matrix is imposed for the MS(3) and MS(4) models. The corresponding state covariance

matrices are given in Table 2.3. Looking at the state probabilities of the MS(2)-VAR(3)

model first, it can be seen that the first part of the sample is mainly associated with State

2 while State 1 dominates the second part of the sample. In Table 2.3 it can be seen that

the volatility of oil production is relatively high in State 2 whereas the volatility of the oil

price is much higher in State 1 than in State 2. This “puzzle” is further investigated by

Baumeister and Peersman (2010), as mentioned earlier. For the purposes of our study the

important point is that volatility changes occur during the sample period.

Looking at the smoothed probabilities of the MS(3) model in Figure 2.2 it becomes

clear that the first two states are similar to those of the MS(2) model while the third state

apparently captures some special periods. From Table 2.3 it becomes clear that the third

state is characterized by very high volatility both in oil production and the real price of

oil. Thus, it captures special states of particularly high volatility in the crude oil market.

Many of the State 3 periods can be associated with specific events which were important for

the crude oil market as listed in Barsky and Kilian (2004). For instance, there are peaks

associated with the October War and oil embargo from October 1973 through early 1974, the
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Iranian Revolution between October 1978 and February 1979, the outbreak of the Iran-Iraq

war in September 1980, the invasion of Kuwait in August 1990, and the important OPEC

meeting in March 1999. Thus, the three-state model is not only favoured by SC but also

makes good sense when looking at the developments in the crude oil market.

The situation is somewhat different for the four state model. The first and second states

are associated with similar periods as in the MS(3) model, as seen in Figure 2.2 and also the

associated covariance matrices in Table 2.3 are similar. Thus, the first state is once again

associated with periods of low volatility in oil production while the second state captures

periods with higher volatility in the price of oil. In the third and fourth states, the volatility

of oil production is again very high while the volatility of the price of oil is very large in

State 3 only. Unfortunately, State 3 is only associated with relatively few periods. Hence,

the model is difficult to estimate and the estimates are unreliable. Overall, from a statistical

point of view as well as considerations of events in the crude oil market, the model is more

problematic than a MS(3) model and, hence, we favor the MS(3)-VAR(3) model in the

following.

In Figure 2.3 the standardized residuals of the MS(3)-VAR(3) model are presented. They

are determined as

Σ̂
−1/2
t|t−1ût,

where ût = yt − ν̂ − Â1yt−1 − · · · − Âpyt−p and

Σ̂t|t−1 =
M∑

m=1

P̂r(st = m|Yt−1)Σ̂m.

Here Σ̂t|t−1 denotes the estimated residual covariance matrix conditional on information up

to time t − 1, that is, conditional on Yt−1 = (Yt−1, . . . , Y1). Clearly, the volatility of the

standardized residuals in Figure 2.3 is more regular than in Figure 2.1. In other words, the

MS structure captures the changes in volatility well. Hence, we will focus the analysis on the

MS(3)-VAR(3) model in the following, which is also plausible from a subject matter point

of view.

2.3.4 Statistical analysis of MS(3)-VAR(3) model

Because we are interested in using the MS structure for identification purposes, a main

question of interest is whether a state-invariant initial effects matrix B is compatible with

the data and whether the associated relative variances are sufficiently different to obtain a

41

Netšunajev, Aleksei (2013), Structural Vector Autoregressions with Markov Switching: Identification via Heteroskedasticity 
European University Institute

 
DOI: 10.2870/73498



statistical identification of the shocks. In Table 2.2 we already see that both AIC and SC

support a state-invariant B matrix for the MS(3) model. In Table 2.4 the likelihood ratio

test from Lanne et al. (2010) for the null hypothesis of a state-invariant B is presented. Its

p-value is 0.63 and hence exceeds conventional significance levels substantially. Thus, the

LR test also supports a state-invariant initial effects matrix.

The estimated λijs of the MS(3)-VAR(3) model with state-invariant B are shown in Table

2.5 together with estimated standard errors. The standard errors indicate that estimation

precision is quite reasonable and hence, we can hope for sufficient heterogeneity to get

identification. Statistical tests of the relevant hypotheses are presented in Table 2.6. Recall

that B is locally identified (identified apart from changes in sign and permutation of its

columns) if for each pair of subscripts (i, j) there is a Λm matrix for which the corresponding

diagonal elements are different, that is, λmi 6= λmj for some m ∈ {2, . . . ,M}. For our three-

dimensional system we thus have to check three pairs of subscripts. The corresponding Wald

and LR test results are shown in Table 2.6. The Wald tests are attractive in the present

context because they are very easy to compute from the estimates of the model with state-

invariant B. On the other hand, they are known to be unreliable for highly nonlinear null

hypotheses. Two of the three null hypotheses are clearly rejected by the Wald tests at a 5%

significance level while the third one is rejected at a 10% level.

We also computed LR tests which were computationally more demanding. They require

an additional likelihood optimization under the null hypothesis, which is a challenging task

for the present model class being considered with the risk of ending up in some local optimum.

Note that the LR tests are computed for models where the diagonal elements of Λ2 are

sorted in increasing order. The LR test values result in very small p-values and strongly

support identification of B. Thus, we conclude that the data is in line with identified shocks.

These shocks are the only ones in our framework that are time-invariant with the same

impact effects across states. Note that time-invariant shocks and impulse responses are

also assumed by Kilian (2009) and Kilian and Murphy (2011), but not by Baumeister and

Peersman (2010), who allow for time-varying coefficients. We emphasise that our identifying

restrictions so far are based on data driven procedures and the data are not objecting to

them in the framework of the MS(3)-VAR(3) model.

Of course, our identification is a statistical one and there is still a question of whether it

is consistent with economically meaningful shocks, in particular with the shocks considered

by Kilian (2009) and Kilian and Murphy (2011). The question of whether our statistically

identified shocks are in line with the sign identified shocks considered by Kilian and Murphy

(2011) will be considered when we look at impulse responses in the next subsection. In the
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present context however, we can perform a statistical test of the exclusion restrictions used

by Kilian (2009), which are given in Equation (2.5). Having identifying information for the

shocks from other sources, allows us to apply simple LR tests because Kilian’s recursive

identification scheme becomes over-identifying in the context of our model, as explained in

Section 2.2. The AIC and SC values for models with state-invariant, lower-triangular B

matrix in Table 2.2 and the corresponding LR tests for a MS(3)-VAR(3) model presented in

Table 2.4 all support a lower-triangular B. In particular, the LR tests in Table 2.4 have very

large p-values and hence, do not reject lower-triangularity of B. This holds for both a test

against an unrestricted MS(3) model and against a MS(3) model with state-invariant B.

Further support for a lower-triangular B is presented in Table 2.5, where the estimated

λijs of the model with a lower-triangular B matrix are given. They are very close to those

of the corresponding model with unrestricted B. Note that the columns of B can no longer

be permuted when the matrix is triangular. Thus, the ordering of the λijs is the one corre-

sponding to the lower-triangular B matrix. It results in λ2js in decreasing order and hence,

we order the λ2js for the model with unrestricted, state-invariant B accordingly. Apparently,

from a statistical point of view, the assumption of a lower-triangular initial effects matrix is

not restrictive. In the next section we will explore whether the sign restrictions used in the

related literature are also in line with our statistically identified shocks. An impulse response

analysis will be performed for that purpose.

2.3.5 Impulse response analysis

Given that we have identified shocks, we can also compute impulse responses from our MS(3)-

VAR(3) model with state-invariant initial effects matrix B. These are displayed in Figure

2.4 together with 68% bootstrap confidence intervals. The scaling of the impulse responses

is determined by B, which in turn is scaled such that the residuals in State 1 have identity

covariance matrix. To some extent this is arbitrary because the numbering of the states is

arbitrary. The scaling is also quite different from that used by Kilian (2009). We emphasise

that our normalization of the shocks in the first state affects only the scaling but not the

shape and the sign of the impulse responses.

A priori we do not know which economically interpretable shocks are represented by the

statistically identified shocks. However, the fact that our ordering of the shocks is in line with

a lower-triangular, recursive identification scheme indicates that they may be labeled as in

(2.5), that is, the first shock may be viewed as an oil supply shock, the second as an aggregate

demand shock and the third as an oil-market specific demand shock. With this labeling in

mind, they can be seen to be in line with the sign restrictions given in Table 2.1. Only
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the oil-market specific demand shock could be viewed as potentially problematic because its

initial effect on output tends to be positive. Zero is at the lower end of the 68% confidence

interval. Because the confidence level could be regarded as pretty low, our analysis provides

little basis for questioning the sign restrictions. Using a slightly larger confidence level would

result in intervals with negative values for the initial response of output. In other words, the

data does not object to the sign restrictions, that is, the system as set up here and the data

used are consistent with the sign restrictions adopted by Kilian and Murphy (2011).

Notice that the impulse responses of oil production are cumulated responses of ∆prodt.

They fall outside the respective 68% bootstrap confidence bands. That feature is also ob-

served in other studies and is not uncommon in the SVAR literature. It may be due to the

skewness and bias of the distribution of the impulse response estimates.

The fact that our method does not exclude any of the restrictions imposed in the previous

studies may be seen as a weakness, indicating a lack of power of our procedure. In defence

of our method we note that the restrictions in Table 2.1 are indeed not very tight. In the

literature using sign restrictions it is uncommon to restrict the impact effects only. Assuming

that the sign restrictions hold for some quarters after the shock has occurred would be a

more common set of restrictions in the related literature. If we consider such restrictions for

illustrative purposes, it turns out that our shocks do not satisfy them. For example, if we

stick with the 68% confidence intervals around the impulse responses and consider this as the

possible range of impulse responses supported by the data, there is no shock that raises oil

production, reduces real activity and increases the price of oil for four quarters after hitting

the system. Thus, in our framework the data does not support the existence of an oil-market

specific demand shock satisfying much more stringent conditions. This result illustrates that

our procedure does have some discriminatory power. The restrictions used by Kilian and

Murphy (2011) are apparently very weak and hence, difficult to reject by the data, although

more stringent restrictions can be rejected. Of course, imposing weak restrictions and still

being able to draw conclusions from the analysis is an advantage of the Kilian-Murphy study

and our analysis gives further support to their results.

Kilian and Murphy (2011) show that if only the sign restrictions from Table 2.1 are

used, some elasticities become unreasonably large. Therefore, they search for other types of

information that can be used to obtain more reasonable responses. As mentioned earlier,

they also impose restrictions on the oil supply elasticity. In the context of our approach we

can use the statistical identification restrictions and obtain the impulse responses with 68%

confidence intervals in Figure 2.4. In some cases they are not very precise but can be further

restricted by imposing statistically valid restrictions such as lower-triangularity of B. The
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corresponding impulse responses are depicted in Figure 2.5. Overall they are not much more

precise than those from the unrestricted model in Figure 2.4, apart from the impact effects

of aggregate demand and oil-market specific demand shocks that are now restricted to zero.

One may of course argue that the main gains in precision relative to the impulse responses

shown in Kilian and Murphy (2011) and Kilian (2009) come from the smaller VAR lag order.

Recall that these authors use lag order p = 24 while we use p = 3. Indeed our smaller order

results in smoother impulse responses. They are qualitatively similar to those from Kilian

(2009), however. To show this, we present the impulse responses of a conventional, recursively

identified VAR(24) in Figure 2.6 and the corresponding quantities from a VAR(3) in Figure

2.7. The confidence intervals shown in these figures are obtained from a standard percentile

procedure. The ones in Figure 2.6 look very similar to the corresponding ones in Figure 3

of Kilian (2009). Notice that Kilian reports one- and two-standard error bounds that are

naturally symmetric around the impulse responses while we use (potentially asymmetric)

68% bounds for ease of comparison with our previous results.

The overall conclusion from our study is that using the statistical information more fully

allows for more precise inference on the effects of structural shocks in a SVAR analysis.

It provides additional identifying information that can complement the information from

economic theory and allows to check restrictions that cannot be checked against the data

in a conventional analysis with exclusion or sign restrictions. It also has the advantage of

providing information on the overall compatibility of the model and the data used with

the theoretical considerations of economists. In other words, it can provide information on

the compatibility of the data despite potential deviations from an ideal model world due to

omitted variables, measurement errors or other data problems.

2.4 Conclusions

We argue that restrictions derived from some economic model may not be valid in a corre-

sponding empirical model. Reasons may be that the economic model is a simplification of

reality that explicitly ignores important effects in the real economy. For example, there may

be an omitted variables problem if only those variables that are described in the theoreti-

cal model are included in the empirical model. Moreover, the empirical variables may not

correspond precisely to the variables underlying the economic model due to measurement

errors, data adjustments such as trend or seasonal adjustments or because the theoretical

variables are not measurable. In a conventional SVAR analysis one would still impose the

restrictions suggested by economic reasoning. If the restrictions just-identify the shocks it
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may go unnoticed that the empirical model does not reflect the actual relationships between

the variables involved. Similarly, if only sign restrictions are used to identify the shocks, in

a conventional analysis the data have no basis to speak up against the model. Therefore,

there are proposals to use statistical properties such as heteroskedasticity to complement

economic restrictions and check restrictions that are just-identifying in a conventional SVAR

framework. In this study we propose to use similar devices for checking sign restrictions.

More precisely, we propose to model changes in the volatility of the shocks by a MS

mechanism and we show how this device can be used to check sign restrictions in addition

to exclusion restrictions on the impact and long-run effects of the shocks. If the volatility

structure is rich enough it may provide identified shocks which should correspond to the

economic shocks if the empirical model is in line with the economic model. In this case,

the statistically identified shocks have to satisfy, for example, the sign restrictions or other

restrictions derived from economic considerations.

For illustrative purposes we use a small, three-dimensional model of the market for crude

oil consisting of the change in oil production, the price of oil and an index of economic activity.

For this model, oil supply and demand shocks, as well as an aggregate demand shock, are

specified with sign restrictions for the corresponding impulse responses, on the one hand, and

changes in the volatility of the residuals are observed on the other. The changes in volatility

are used to obtain identified shocks. It turns out that these shocks satisfy a previously

used weak set of sign restrictions but not a slightly stricter set of such restrictions. Our

analysis allows us not only to check previously used sign restrictions but it also enables us to

impose further exclusion restrictions that may help obtain more precise estimated impulse

responses. More generally, the study demonstrates how identifying restrictions in general

and sign restrictions in particular can be checked in our framework.
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Table 2.1: Sign Restrictions for Impact Responses from Kilian and Murphy (2009)

oil supply shock aggregate demand shock oil-market specific demand shock
oil production − + +
real activity − + −
oil price + + +

Table 2.2: Comparison of MS-VAR(3) Models for Yt = (∆prodt, qt, pt)
′

Model logLT AIC SC
VAR(3) without MS -4271.47 8614.94 8758.99
MS(2), unrestricted -4106.82 8301.64 8477.71
MS(2), B lower-triangular -4108.85 8299.70 8463.76
MS(3), unrestricted -4048.84 8205.68 8421.76
MS(3), state-invariant B -4049.70 8201.40 8405.47
MS(3), state-invariant, lower-triangular B -4050.13 8196.27 8388.34
MS(4), unrestricted -4013.32 8158.64 8422.73
MS(4), state-invariant B -4030.42 8180.85 8420.93
MS(4), state-invariant, lower-triangular B -4038.40 8190.81 8418.89

Note: LT – likelihood function, AIC = −2 logLT + 2×no of free parameters, SC = −2 logLT + log T×no of

free parameters.
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Table 2.3: Estimated State Covariance Matrices of MS(m)-VAR(3) Models with State-
Invariant B, m = 2, 3, 4, for Yt = (∆prodt, qt, pt)

′

m = 2 m = 3 m = 4

Σ1

 155.59
2.02 12.38
−9.43 2.36 58.29

  99.38
0.96 10.51
−0.86 1.09 42.84

  90.92
1.33 9.89
−0.98 0.49 40.27



Σ2

 912.86
18.49 35.38
−0.56 0.56 2.94

  533.95
9.39 33.86
5.07 0.64 2.45

  368.56
6.42 23.89
−0.60 1.06 1.52



Σ3

 2499.03
65.38 37.42
16.46 5.31 190.49

  947.64
17.89 39.83
−5.97 2.03 222.26



Σ4

 2365.54
47.36 57.70
−3.55 2.49 9.59



Table 2.4: LR Tests of Restrictions for MS(3)-VAR(3) Models for Yt = (∆prodt, qt, pt)
′

H0 H1 LR df p-value
state-invariant B unrestricted MS(3)-VAR(3) 1.72 3 0.63
state-invariant, lower-triangular B state-invariant B 0.86 3 0.84
state-invariant, lower-triangular B unrestricted MS(3)-VAR(3) 2.58 6 0.86

Note: LR = 2(logLT − logLr
T ), where Lr

T denotes the maximum likelihood under H0 and LT denotes the

maximum likelihood for the model under H1.
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Table 2.5: Estimates of Structural Parameters of MS(3)-VAR(3) Models for Yt =
(∆prodt, qt, pt)

′ with State-invariant B

unrestricted B lower-triangular B
parameter estimate std.dev. estimate std.dev.
λ21 5.384 0.933 5.429 0.944
λ22 3.210 0.485 3.220 0.489
λ23 0.056 0.009 0.057 0.009
λ31 25.235 6.938 25.097 7.107
λ32 3.387 1.242 3.481 1.258
λ33 4.441 1.018 4.382 1.011

Note: Standard errors are obtained from the inverse of the outer product of numerical first order derivatives.

Table 2.6: Tests for Equality of λijs for MS(3)-VAR(3) Model with State-invariant B

H0 Wald statistic p-value LR statistic p-value
λ21 = λ22, λ31 = λ32 7.99 0.02 20.39 3.7× 10−5

λ21 = λ23, λ31 = λ33 7.87 0.02 21.04 2.7× 10−5

λ22 = λ23, λ32 = λ33 5.16 0.07 27.15 1.3× 10−6
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Figure 2.1: Residuals of VAR(24) and VAR(3) models.
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Figure 2.2: Smoothed state probabilities of unrestricted MS(m)-VAR(3) models for m =
2, 3, 4.
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Figure 2.3: Standardized residuals of MS(3)-VAR(3) model with state-invariant B.
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55

Netšunajev, Aleksei (2013), Structural Vector Autoregressions with Markov Switching: Identification via Heteroskedasticity 
European University Institute

 
DOI: 10.2870/73498



0 5 10 15 20

−40

−20

0

P
ro

d

Oil supply shock

0 5 10 15 20

−4

−2

0

2

q

0 5 10 15 20
−2

0

2

p

0 5 10 15 20
−10

0

10
Aggregate demand shock

0 5 10 15 20
0

5

10

15

0 5 10 15 20
−5

0

5

0 5 10 15 20
−10

0

10
Oil−market specific demand shock

0 5 10 15 20

0

2

4

0 5 10 15 20
0

10

20
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Figure 2.6: Impulse responses with 68% confidence bounds of a recursively identified
VAR(24) model.
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model.
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Chapter 3

Reaction to Technology Shocks in

Markov-switching Structural VARs:

Identification via Heteroskedasticity

Aleksei Netšunajev 1

3.1 Introduction

A standard real business cycle model implies that hours worked per capita rise after a permanent

shock to technology. This prediction is at the centre of the literature that assesses whether it is

consistent with the data. The general conclusion reached is that it is not. Not surprisingly, the

result has attracted a lot of attention as technology shocks are a significant source of fluctuations

in productivity and employment.

In the literature, one can find a variety of methods used to study reaction of hours worked

to technology shocks, but the most common is based on structural vector autoregressive (SVAR)

models. In a seminal paper, Gali (1999) identifies the technology shocks or, to put it differently,

permanent productivity shocks, using long-run restrictions and he finds that hours worked fall after

a positive technology shock. Several papers consider similar systems as in Gali (1999) and try to

assess the validity of the identifying restrictions. A similar identification is used in Gali, Lopez-

Salido and Valles (2003), Christiano, Eichenbaum and Vigfusson (2003), Francis and Ramey (2005),

and Francis and Ramey (2009). The study by Francis and Ramey (2005) questions whether the

shocks that are identified as in Gali (1999) can be classified as technology shocks. Using different

1My thanks to Professor Helmut Lütkepohl, participants in the seminar at the Bank of Estonia and the
European University Institute, as well as an anonymous referee for useful comments on an earlier version of
the paper and Professor Valery Ramey for providing the data.
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identifying assumptions, they find that all but one specification produced the result similar to Gali

(1999). In other words, Francis and Ramey (2005) show that permanent real wage and permanent

productivity shocks, after controlling for capital tax rate, produce a negative reaction of hours

worked.

Christiano et al. (2003) find that treating per capita hours worked as a difference stationary

process yields the result that hours worked fall after the technology shock; if, on the contrary,

hours worked are assumed to be a stationary process, the result is the opposite: hours worked rise

after the technology shock. Fernald (2007) and Francis and Ramey (2009) argue that there are low

frequency movements in hours per capita that may distort the results of the SVAR in Christiano

et al. (2003). After either detrending the data (Fernald, 2007) or applying a filter to the data

(Francis and Ramey, 2009), the response of hours worked to a neutral technology shock becomes

negative.

Fisher (2002) proposes to disentangle investment-specific and neutral technology shocks. Sim-

ilarly, Canova, Lopez-Salido and Michelacci (2010) consider the effects of neutral and investment-

specific technology shocks on hours. Both studies show that hours worked fall in response to neutral

shocks and increase in response to investment-specific shocks. Chang and Hong (2006) propose to

identify the permanent total factor productivity (TFP) shocks in a way that is similar to Gali

(1999). They show that the reaction of hours worked to a permanent TFP shock is positive.

It should be noted that the studies listed above may share some common shortcomings. Firstly,

the underlying assumptions just-identify the macroeconomic shocks and leave no place for the data

to speak out against restrictions. The problem of just-identified shocks is discussed, among others,

by Lanne and Lütkepohl (2008), Lanne, Lütkepohl and Maciejowska (2010), and Herwartz and

Lütkepohl (2011). Second, studies of technology shocks (Gali, 1999; Francis and Ramey, 2005;

Christiano et al., 2003; Canova et al., 2010; Chang and Hong, 2006) ignore relevant features of the

data, namely heteroskedasticity. The presence of time-varying volatility is extensively discussed

and documented by Kim and Nelson (1999), McConnell and Perez-Quiros (2000), Blanchard and

Simon (2001), Stock and Watson (2003), so it should be taken into account.

It is useful to consider heteroskedasticity as it allows additional identifying information to be

extracted from the data (Rigobon (2003)). In the present context this is important given the mixed

evidence on the reaction of hours on technology shocks. Modeling heteroskedasticity can be used

as a way of validating the restrictions that are just-identifying in a conventional SVAR analysis

and for checking how different identification methods comply with the properties of the data.

Thus, the aim of the current paper is to reconsider the reaction of hours worked to technology

shocks and to relax some of the assumptions common in this literature. For this purpose, I estimate

a series of Markov-switching (MS) models that allow the changes in volatility and intercept to be

captured, provide a framework to test for the validity of the identifying restrictions, and assess

the labeling of identified shocks as technology shocks. The model used in the paper is a modified
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version of the model used by Lanne et al. (2010) and Herwartz and Lütkepohl (2011).

The rest of the paper is organized as follows. I provide additional motivations for the paper,

while different identification schemes of technology shocks and the data are discussed in Section

3.2. In Section 3.3 the structural MS-VAR model deployed in the current analysis is described.

Section 3.4 provides the empirical analysis. The last section concludes the analysis.

3.2 Identification of shocks

Consider a standard K-dimensional reduced form VAR with p lags:

Yt = ν +A1Yt−1 + · · ·+ApYt−p + Ut, (3.1)

where ν is a constant intercept term, the Ajs (j = 1, . . . , p) are (K ×K) coefficient matrices and

Ut is a zero-mean error term.

In a conventional SVAR model, the structural shocks are usually obtained from the reduced

form residuals by a linear transformation, εt = B−1Ut or Bεt = Ut, where B is such that εt has

identity covariance matrix, that is, εt ∼ (0, IK), and the reduced form residual covariance matrix

is decomposed as E(UtU
′
t) = ΣU = BB′. To obtain unique structural shocks, one needs to place

K(K − 1)/2 restrictions. For this reason the B matrix is often assumed to be lower triangular.

Thus the B is the matrix of instantaneous effects of the unique structural shocks.

In the related technology shock literature, a bivariate system is usually considered in the spirit

of Gali (1999). Using long-run restrictions, one identifies two kinds of shocks: technology shocks

and non-technology shocks. The shocks are identified in the following system, which is a moving

average representation of a VAR:[
∆xt

∆nt

]
=

[
C11(L) C12(L)

C21(L) C22(L)

][
εzt
εmt

]
(3.2)

where xt denotes the log of labour productivity, nt denotes the log of labour input, εzt is the

technology shock and εmt is the non-technology shock, Cij(L) is a polynomial in the lag operator

and ∆ is the difference operator.

In the present paper I follow the strategy proposed by Blanchard and Quah (1989) and place

the restrictions on the total impact matrix Ξ∞ = (IK − A1 − ... − Ap)
−1B, which is identical to

restricting the system in (3.2). It should be noted that the restrictions on Ξ∞ can be transformed

to the restrictions on B as shown in Lütkepohl (2005).

The most common identifying assumption restricts C12(1) = 0, implying that only technology

shocks have long-run effects on labour productivity (Gali, 1999). The non-technology shocks could

thus be interpreted as demand shocks (Gali, 1999).
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Another way of identifying technology shocks in the bivariate system is proposed by Francis

and Ramey (2005). They argue that technology shocks should not have a long-run effect on hours

or, in other words, they exclude permanent technology shocks. This restriction is implemented

by constraining C21(1) = 0 above. Francis and Ramey (2005) argue that the resulting residuals

in the productivity equation may contain other shocks in addition to the productivity shock. For

instance, these could be monetary shocks that have no long-run effect on hours. Therefore, this

identification is different from the original one in Gali (1999) and may be problematic.

Francis and Ramey (2005) consider an alternative long-run restriction involving real wages

using a theoretical result, i.e. that only a technology shock should have a permanent effect on real

wages. Thus, an alternative way to identify the technology shock is to substitute real wages for

productivity and to impose C12(1) = 0.

Francis and Ramey (2005) discuss the notion that permanent changes in capital income taxation

can also have permanent effects on productivity. To control for this, they include current and four

lags of the level of capital tax rates as exogenous variables in the VAR. On the contrary, I add

the capital income tax series to the system above and untangle the technology shocks and capital

income tax shocks using the long-run restrictions provided in Francis and Ramey (2005). Both

technology shocks and capital income tax shocks can affect labour productivity in the long run,

while a non-technology shock cannot. Furthermore, permanent shifts in technology should not

affect the long-run labour supply, while a capital income tax shock can have permanent effects on

labour. Note that the described system would not be identified in the conventional SVAR, while

the restrictions are testable in the MS-VAR framework.

Following Chang and Hong (2006), one can identify the permanent TFP shocks for the aggregate

economy. This is done by substituting a TFP measure for productivity and imposing C12(1) = 0.

Furthermore, augmenting the bivariate system with the real price of investment, one can dis-

entangle investment-specific technology shocks and neutral technology shocks. Solely investment-

specific technology shocks affect the price of investment in the long run, while both investment-

specific and neutral shocks affect labour productivity in the long run. The identification corresponds

to a lower-triangular Ξ∞ matrix for the ordering of variables price of investment, productivity and

hours.

Table 3.1 summarizes the variations of technology shocks used in the subsequent analysis.

Notation for the variables is as follows: xt log of labour productivity, nt log of per capita hours

worked, wt log of real wage, TFPt measure of total factor productivity, τt measure of capital tax,

it log of real price of investment.

I use quarterly data from 1947:Q1 through 2010:Q4 to estimate the models for permanent

technology and non-permanent technology shocks. The data is obtained from the Bureau of Labor

Statistics. Standard ADF tests for both productivity and hours indicate the presence of a unit

root. Christiano et al. (2003) argue that hours per capita cannot logically have a unit root as it is
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Table 3.1: Models used to study technology shocks
Used by Data Restrictions

Model 1 Gali (1999) yt = [∆xt,∆nt]
′ C12(1) = 0

Model 2 Francis and Ramey (2005) yt = [∆xt,∆nt]
′ C21(1) = 0

Model 3 Francis and Ramey (2005) yt = [∆wt,∆nt]
′ C12(1) = 0

Model 4 Chang and Hong (2006) yt = [∆TFPt,∆nt]
′ C12(1) = 0

Model 5 Francis and Ramey (2005) yt = [∆xt,∆nt, τt]
′ C12(1) = C21(1) = 0

Model 6 Canova et al. (2010) yt = [∆it,∆xt,∆nt]
′ C(1) lower triangular

a bounded process. However, hours series have low frequency movements that should be taken into

account (Fernald, 2007; Francis and Ramey, 2009). In the present paper I use hours series in first

differences, as it is consistent with the technology shock literature. I use the data kindly provided

by Professor Valery Ramey to estimate models for permanent real wage shocks and technology

shocks after controlling for capital income tax. The data runs from 1947:Q1 through 2003:Q1

for the real wage model and through 1997:Q4 for capital income tax model. Furthermore, I use

publicly available data from Chang and Hong (2006) and Canova et al. (2010) for permanent TFP

(yearly data) and investment-specific technology shock models. All variables except the tax rate

are entered in logarithms. Lag order four is selected for all the datasets to remain consistent with

the previous studies. One exception is the permanent TFP data where lag order two, as suggested

by the Akaike information criterion (AIC), has been chosen.

3.3 The Model

3.3.1 Markov Switching SVAR

Identification via heteroskedasticity initially appeared with Rigobon (2003). In SVAR analysis,

it is proposed and used by Rigobon and Sack (2003) and Lanne and Lütkepohl (2008), among

others. These authors show that if there are exogenously generated changes in the volatility of the

shocks, the structural parameters could be effectively recovered from the reduced form model. This

identification is based on the assumptions that the system is stable over time (the effects of shocks

are the same regardless of the volatility regime) and that the structural shocks are orthogonal.

These assumptions are usually implicit in the conventional structural VAR analysis, and hence

are no more restrictive than usual. In particular, they are also common to the technology shock

literature.

In the present paper I consider conditional heteroskedasticity, which allows for changes in the

volatility to be determined from the data. I use the approach proposed by Lanne et al. (2010) and

model the changes in volatility and intercept by a Markov regime-switching (MS) mechanism. It

should be noted that the approach does not label shocks economically but is rather a tool to test
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whether economic restrictions that are just-identifying in the conventional SVAR are consistent

with the data. Specifically, I consider a modified version of the model by Lanne et al. (2010).

Consider the VAR(p):

Yt = νst +A1Yt−1 + · · ·+ApYt−p + Ut, (3.3)

I assume that the time dependent intercept νst as well as the distribution of the reduced form

error term Ut depend on a discrete Markov process st (t = 0,±1,±2, . . . ) with states 1, . . . ,M and

transition probabilities

pij = Pr(st = j|st−1 = i), i, j = 1, . . . ,M.

The conditional distribution of Ut given st is assumed to be normal,

Ut|st ∼ N(0,Σst). (3.4)

In addition to the state dependent covariance matrices, I also allow the intercept term νst to

be dependent on the Markov process. Models with similar features, changes in covariances and

intercept, are used in the empirical business cycle literature as, for example, in Hamilton (1989)

and Krolzig (1997). Fernald (2007), using data similar to the data I use, tests for structural breaks

in the productivity growth series and finds them to be likely. Potential breaks in the intercept of

the hours series are also discussed by Canova et al. (2010). Therefore, the model deployed in the

subsequent analysis must also capture potential non-regularities in the intercept. In the following

I will stick to the notation similar to Krolzig (1997). MSIH(M)-VAR(p) will denote models with

changes in the intercept and volatility where M denotes the number of Markov states and p the

lag length.

The changes in the volatility of the residuals are used in this framework to test whether the

identified shocks are in line with the properties of the data. For instance, if there are two volatility

states (M = 2), then a decomposition of the covariance matrices Σ1 = BB′ and Σ2 = BΛ2B
′ exists,

where Λ2 = diag(λ21, . . . , λ2K) is a diagonal matrix with positive diagonal entries. The Λ2 matrix

is thus the matrix of relative variances. Suppose λ2is are all distinct. Then the decomposition is

unique up to changes in the sign and permutations of the columns of B and corresponding changes

in the ordering of the weighting matrix Λ2 (Lanne et al., 2010).

Thus, under the assumptions of orthogonality and state invariant instantaneous effects, the

structural shocks are uniquely determined by the transformation εt = B−1Ut. Consequently, any

further restrictions induced by theoretical models become over-identifying and testable. Under the

normality assumption, the likelihood ratio test is suitable for the purpose. Degrees of freedom of

the asymptotic χ2 distribution of the test statistic coincide with the number or restrictions being

tested.
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If there are more than two volatility states, the corresponding covariance matrix decomposition

Σ1 = BB′, Σi = BΛiB
′, i = 2, . . . ,M, (3.5)

with diagonal Λi matrices is restrictive. An assumption that the decomposition exists imposes

restrictions on the covariance matrices which can be tested. Hence, if there are three or more

states with covariance matrices Σ1, ...,ΣM , the invariance of the initial effects of the shocks across

states can be checked by a likelihood ratio test. According to the null hypothesis being tested, the

covariance matrices have representations as in (3.5). The degrees of freedom for the asymptotic χ2

is 0.5MK(K + 1) −K2 −K(M − 1). In other words, the number of elements in B and diagonal

elements of M − 1 Λi, i = 2...M matrices are substracted from the number of distinct elements in

the M covariance matrices (Lanne et al., 2010).

It is worth pointing out that the requirement of having distinct relative variances is necessary

for an exact identification of all shocks. The B is (locally) unique, if for each pair of equal diagonal

elements, say, in Λ2 = diag(λ21, ..., λ2K), there is a corresponding pair of distinct diagonal elements

in one of the other Λi = diag(λi1, ..., λiK) (Lanne et al., 2010). For instance, if λ2k = λ2l then

λik 6= λil for i = 3, ...,M must exist. An important advantage of the approach adopted in this

paper is that the equality of λmis can be checked with both Wald and likelihood ratio tests. Wald

tests do not require the full optimization of the model under the alternative that is advantageous

in the current setup. However, it may happen that the standard errors of the Λms are poorly

estimated. In this situation, LR tests may be useful. Further discussion of tests for two and three

state MS models can be found in Lanne et al. (2010) and Herwartz and Lütkepohl (2011).

Since I assume the normality of the residuals conditional on the states, the likelihood function

can be set up and the model is estimated by maximum likelihood (ML). The concentrated likelihood

function and detailed discussion of the related estimation problems can be found in Herwartz and

Lütkepohl (2011). In the present paper the expectation maximization (EM) algorithm of Herwartz

and Lütkepohl (2011) is adopted and updated to allow for changes in the intercept. The likelihood

function is nonlinear, therefore numerical optimization is used. For estimation purposes, I bound

diagonal elements of Λi, i = 2, ...,M matrices away from zero. The optimization runs for a set of

starting values to reduce the possibility of getting stuck in a local optimum.

3.3.2 Bootstrapping confidence bands

In the MS models, bootstrapping confidence bands for impulse responses may be problematic; there-

fore, discussion of the procedure deployed in the present paper is useful. Herwartz and Lütkepohl

(2011) propose a fixed design wild bootstrap for constructing confidence intervals for impulse re-

sponses. They suggest constructing bootstrap samples conditional on estimated state probabilities

and the ML estimates. For the current model, I take into account the changes in the intercepts
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when constructing the bootstrapped series. One of the ways to do this is to use a weighted average

of the intercept for each t, with the weights being the estimated state probabilities. Thus for the

current model, the bootstrapped series can be represented as:

Y ∗t = µt + Â1Yt−1 + · · ·+ ÂpYt−p + U∗t , (3.6)

where µt = (ξ̂tν̂st)
′ and ξ̂t = [ξ̂1t, ..., ξ̂Mt] is a 1×M vector of estimated state probabilities for period

t, ν̂st is a M ×K matrix of estimated state dependent intercepts, U∗t = ηtÛt and ηt is a random

variable that has Rademacher distribution (takes values 1 and −1 with probability 0.5).

Note that I do not bootstrap a history of the hidden regimes but rather take it as given following

Herwartz and Lütkepohl (2011). I bootstrap parameter estimates θ∗ of θ = vec[νst , A1, . . . , Ap] and

B∗ of B, conditional on the initially estimated transition probabilities. Therefore the weights for

the intercept in the bootstrap loop do not change.

It should be noted that Herwartz and Lütkepohl (2011) also condition on the estimated Λi,

i = 2, . . . ,M , matrices. I relax this assumption and estimate the weighting matrices in the bootstrap

step. In order to eliminate any potential interchanges of columns of the B matrix one needs to

impose an ordering of the diagonal elements of Λi, i = 2, ...,M , for unrestricted models. However, no

additional ordering of the relative variances (diagonal elements of Λi) is required if just-identifying

restrictions on the B or Ξ∞ are imposed.

Apart from this, in each iteration of the bootstrap, I check if signs of the diagonal elements

of the B∗ are consistent with the signs of the diagonal elements of the initial estimate B̂. This

is done to avoid interchanges in signs of the B and to reduce confidence bands as discussed by

Lütkepohl (2012). In general, to fix the sign, one should choose elements in the B̂ with the lowest

standard errors and carry over the signs to the bootstrap loop. For instance, I fix the elements

on the main diagonal of the B to be positive for productivity-hours data. Then at each bootstrap

step, if an element on the main diagonal of the B∗ is negative, the relevant column of the B∗ is

multiplied by −1. Note that this procedure is simply a device for reducing confidence bands for

impulse responses.

It should be emphasized that computing the bootstrapped impulse responses in this way requires

a nonlinear optimization of the log likelihood as in the maximization step of the EM algorithm

and is computationally demanding. I use ML estimates of θ̂ as starting values in each bootstrap

replication. In the empirical analysis, I consider 90% confidence intervals based on 1000 replications.
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3.4 Empirical analysis

3.4.1 Statistical Analysis

For the purpose of validating restrictions, MS models with two and three states are estimated.

In the current section I will focus primarily on the analysis of two state models. As will become

clear further down, the main arguments regarding the identification will be valid independent of

the number of states. Where any differences are detected, they will be discussed. Detailed results

for three state models are available as an appendix upon request.

In Table 3.2, the range of estimated two state models together with the corresponding values

of the log likelihood, the Akaike Information Criterion (AIC) and the Schwarz Criterion (SC),

are presented. In the current study, models with different restrictions for each of the datasets are

compared. According to the information criteria, the models with MS are preferred to the standard

VAR models. As can be seen the values of the AIC and SC are reduced when the identifying

restrictions are imposed. For the investmen-specific technology shock model, the SC favors the

most restrictive model, whereas the AIC supports a set of restrictions that identify non-technology

shock, leaving investment-specific and neutral technology shocks unidentified.

Table 3.2: Comparison of MSIH(2) Models
Model Restrictions LogLt AIC SC

Model 1
VAR without MS 1696.55 -3351.10 -3277.06
Unrestricted 1729.88 -3403.76 -3305.49
C12(1) = 0 1729.42 -3404.85 -3310.09

Model 2 C21(1) = 0 1728.31 -3402.61 -3307.86

Model 3
VAR without MS 1442.10 -2842.20 -2770.55
Unrestricted 1489.28 -2922.55 -2827.53
C12(1) = 0 1488.94 -2923.88 -2832.25

Model 4
VAR without MS 239.17 -452.34 -428.29
Unrestricted 258.84 -477.69 -440.68
C12(1) = 0 258.32 -478.64 -443.48

Model 5
VAR without MS 1969.01 -3848.02 -3698.70
Unrestricted 2026.71 -3941.42 -3756.96
C12(1) = C21(1) = 0 2025.08 -3942.16 -3762.98

Model 6

VAR without MS -523.23 1136.46 1280.89
Unrestricted -492.99 1097.98 1276.16
C12(1) = 0 -494.30 1098.60 1273.91
C13(1) = C23(1) = 0 -493.85 1095.72 1268.83
C(1) lower tr. -497.04 1100.08 1268.71

Note: LT – likelihood function, AIC = −2 logLT + 2×no of free parameters, SC = −2 logLT + log T×no of

free parameters.

In addition to the model selection criteria, it is useful to look at the smoothed state probabilities.
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Figure 3.1: Smoothed state probabilities of MSIH(2) models
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These are shown in Figure 3.1 for the two state models. The corresponding state covariance matrices

for two state models are given in Table 3.3. The figures show that volatility changes are present

during the sample period. From Table 3.3 it becomes clear that the States 1 and 2 of the MSIH(2)

models can be interpreted as high and low volatility states, respectively. The variances of all of the

variables are significantly lower in State 2 relative to State 1.

Periods of high volatility can be associated with the periods of economic downturns in the

sample period for Models 1 and 2 (Figure 3.1 (a)). The estimated state probabilities reveal the

great moderation phenomena that started at the beginning of the 80s and lasted until the late

90s. A similar picture can be seen in Figure 3.1 (c), where a measure of TFP is substituted for

productivity. Estimated smoothed probabilities of the other datasets may not have a clear economic

interpretation. For instance, both 3 variable models have a long duration of the low volatility state

with a high volatility state being in place at the beginning and in the middle of the samples.
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Table 3.3: Estimated State Covariance Matrices of MSIH(2) Models
Model Σ1 × 10−3 Σ2 × 10−3

Models 1 and 2

[
0.124
0.017 0.093

] [
0.033
−0.007 0.026

]
Model 3

[
0.264
−0.063 0.107

] [
0.045
−0.008 0.030

]
Model 4

[
0.212
0.085 0.501

] [
0.016
−0.001 0.023

]
Model 5

 0.114
0.006 0.122
0.029 0.128 0.539

  0.067
0.001 0.042
0.001 0.011 0.049


Model 6

 996.3
−202.3 827.1

522.3 287.1 1323.1

  573.0
−36.8 158.4

7.3 −7.5 247.5



I intend to use the MS structure for identification purposes; therefore, the main question of

interest is whether assumptions needed for local identification are satisfied. Recall from Section 3.3

that to obtain a statistical identification of the shocks for a two state model, it is enough to check

whether the associated relative variances of unrestricted models are sufficiently different from each

other. The estimates of λ2is together with the estimated standard errors for a range of MSIH(2)

models are shown in Table 3.4. The standard errors indicate that the estimation precision is quite

good for the two variable models and reasonable for the three variable models. Hence, I anticipate

that the estimates are statistically different.

Table 3.4: Estimates of structural parameters of unrestricted MSIH(2) Models

Data λ̂21 std.dev λ̂22 std.dev λ̂23 std.dev
Models 1 and 2 0.181 0.060 0.396 0.099
Model 3 0.169 0.038 0.309 0.081
Model 4 0.025 0.032 0.122 0.213
Model 5 0.090 0.074 0.437 0.373 0.589 0.943
Model 6 0.138 0.068 0.244 0.162 1.021 0.573

Note: Standard errors are obtained from the inverse of the outer product of numerical first order derivatives.

Recall that B is locally identified in the two state model (apart from changes in the sign and

permutation of its columns) if each pair of the diagonal elements of the Λ2 matrix is distinct. For the

two-dimensional system I thus have to check the equality of one pair of the diagonal elements λ21

and λ22. For the three variable systems, three pairwise equalities must be checked. In the related

literature Wald and likelihood ratio (LR) tests are used in the context (Lanne et al., 2010; Herwartz

and Lütkepohl, 2011). Given that some of the standard errors of the Λ2 elements shown in Table

3.4 are relatively high, the Wald test may perform poorly. Therefore I use computationally more
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demanding LR tests. The results are presented in Table 3.5. For the two variable models, the null

hypotheses are rejected by the tests at a 5% significance level. For the three variable models the

situation is somewhat different. For the capital tax augmented data, one pairwise equality cannot

be rejected at a high level with p = 0.418. The remaining tests produce p values at around 0.2.

Recall that there are only two restrictions to test using this data, and therefore the very high p

value is not a big problem. Test results for the last specification are better, with the highest p

value being 0.189 and the others below 10%. The results for the three variable models may be

caused by an imprecisely estimated Λ2 rather than by the true equality of its diagonal elements,

as the required covariance matrix decomposition always exists for two states. The relatively short

duration of the second state may have influenced the estimation precision of Λ2.

Hence, based on the LR tests, there is strong evidence in favour of a unique B for the two

variable models, as well as enough evidence for three variable models. This means that I have

achieved a statistical identification of the two state models. The shocks obtained are unique but

they are not labeled economically. With this identification in hand the economic restrictions on

Ξ∞ become overidentifying. The main question is whether the data supports the economically

meaningful technology shocks identified by Gali (1999), Francis and Ramey (2005), Chang and

Hong (2006) and Canova et al. (2010).

Table 3.5: Test for Equality of λijs for unrestricted MSIH(2) Models
Data H0 : λ21 = λ22 H0 : λ22 = λ23 H0 : λ21 = λ23

LR p LR p LR p
Models 1 and 2 6.275 0.012
Model 3 4.221 0.039
Model 4 5.955 0.014
Model 5 1.625 0.202 1.623 0.203 0.656 0.418
Model 6 1.720 0.189 2.810 0.093 12.267 0.001

Note: LR = 2(logLT − logLr
T ), where Lr

T denotes the maximum likelihood under H0 and LT denotes the

maximum likelihood for the model under H1. Here under H1 are unrestricted MSIH(2) Models

The usual LR tests are applicable to perform testing of the restrictions. A small Monte Carlo

experiment shows, that the probability to reject a true null hypothesis is 7%, showing the test

has reasonable power. The outcomes of the LR tests are shown in Table 3.6. The LR test for the

datasets support the lower-triangular Ξ∞ matrix at a 5% level for all the models, with the exception

of investment-specific technology data. One can reject the identification scheme of investment-

specific and neutral technology shocks at a 5% level. To understand the sources of the rejection,

additional models with identified neutral and non-technology shocks are estimated. The separate

identification of these two shocks is supported by the data. Therefore imposing both restrictions

simultaneously leads to the rejection of the lower triangular Ξ∞ matrix. The non-permanent

technology shock identified in Francis and Ramey (2005) also seems to have less support from the
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data with p = 0.07. Clearly, the remaining ways of identifying technology shocks are consistent

with the properties of the data.

Table 3.6: LR Tests of Restrictions for MSIH(2) Models
Model Restriction under H0 DF LR p-value

Model 1 C12(1) = 0 1 0.92 0.337

Model 2 C21(1) = 0 1 3.14 0.07

Model 3 C12(1) = 0 1 0.67 0.41

Model 4 C12(1) = 0 1 1.05 0.30

Model 5 C12(1) = C21(1) = 0 2 3.26 0.19

Model 6
C12(1) = 0 1 2.26 0.13
C13(1) = C23(1) = 0 2 1.74 0.42
C(1) lower tr. 3 8.10 0.04

Note: LR = 2(logLT − logLr
T ), where Lr

T denotes the maximum likelihood under H0 and LT denotes the

maximum likelihood for the model under H1. Here under H1 are unrestricted MSIH(2) Models

The following differences in the testing outcomes should be mentioned for the three state models.

State invariant instantaneous responses are not supported for Models 4, 5, and 6. For Model 4,

the restriction is rejected at a 5% level in favour of the fully unrestricted three state model. The

identifying restrictions are strongly rejected for both three variable models. However, this result

is driven by the rejection of the state invariant B for Model 5 and Model 6. For Model 5, the

identifying restriction itself cannot be rejected at a 5% level for the alternative of state invariant B.

The identification of investment-specific technology shocks for Model 6 is rejected at a high level,

while the identification of neutral technology shocks is not.

Table 3.7: Estimates of structural parameters of restricted MSIH(2) Models

Data λ̂21 std.dev λ̂22 std.dev λ̂23 std.dev
Model 1 0.381 0.098 0.189 0.044
Model 2 0.357 0.088 0.208 0.045
Model 3 0.179 0.038 0.301 0.085
Model 4 9.726 17.14 64.81 63.86
Model 5 3.043 1.601 11.59 4.580 1.562 0.911

Note: Standard errors are obtained from the inverse of the outer product of numerical first order derivatives.

In Table 3.7 the relative variances of the structural shocks for the restricted models are pre-

sented. Model 6 is omitted as the joint identification of investment-specific and neutral technology

shocks is not supported by the data. Note that for restricted Models 1, 2, and 3 State 1 is the high

volatility state (λ̂2js < 1), but for Models 4 and 5 State 1 is the low volatility state (λ̂2js > 1).

The relative variances associated with technology shocks are λ̂21s for all models. If λ21 > λ22, then

the volatility of the shock associated with λ21 is higher than the volatility of the shock associated
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with λ22. The technology shocks as in Gali (1999) and Francis and Ramey (2005) are more volatile

in the low volatility states than the non-technology shocks. As the low volatility state can be asso-

ciated with good times in the economy, it is reasonable that non-technology shocks (say, demand

shocks) exhibit low volatility. There is more variation in the technology shocks, as technological

development is an ongoing process. Plausibly, the technological innovations are implemented in

good times when more resources are available, hence giving rise to adjustments in productivity

rather than employment. Moreover, productivity is more volatile than hours in both states (see

Table 3.3).

The TFP shocks exhibit a lower increase in variance in the high volatility state than non-TFP

shocks. Hence, when the economy is in turbulent times, the work force - rather than TFP - reacts.

In the high volatility state the technology shocks, after controlling for capital tax, have higher

volatility than capital tax shocks but lower then non-technology shocks. The work force exhibits

more pressure in bad times relative to technology, supporting the result for the TFP shocks.

The outcome of the testing can be briefly summarized as follows: (1) the identification of

permanent technology shocks as in Gali (1999), non-permanent technology shocks, and permanent

real wage shocks as in Francis and Ramey (2005) is supported for the models with two and three

Markov states; (2) permanent TFP shocks as in Chang and Hong (2006) and permanent technology

shocks after controlling for capital tax (Francis and Ramey, 2005) are supported in two state models;

(3) disentangling investment-specific and neutral technology shocks as in Fisher (2002) and Canova

et al. (2010) is not supported by the data independent of the number of states. However, a neutral

technology shock can be identified in the system. With these results, impulse response analysis is

performed.

3.4.2 Impulse Response Analysis

Given that the majority of the identification schemes were supported by the data, the impulse

response (IR) analysis may be performed for the supported identification. The impulse responses

for the variables that enter in first differences are accumulated. Some of the impulse responses

fall outside the respective 90% bootstrap confidence bands. This feature has also been observed in

some other studies and is not uncommon in the VAR literature. In the current study it might be

due to a complex optimization step in the bootstrap cycle.

In Figure 3.2, the responses to the technology shock identified as in Gali (1999) are shown.

The responses are consistent with the previous findings in the literature (Gali, 1999; Christiano

et al., 2003; Francis and Ramey, 2005): productivity improves significantly, while hours are negative

on impact; they then rise but remain negative. It should be noted that the upper confidence band

starting from around 4-th quarter is above 0. This feature is also common to the results in the

related literature.

In Figure 3.3, the responses to non-permanent technology and real wage shock identified in
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Figure 3.2: Responses to a positive technology shock, Model 1
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Francis and Ramey (2005) are shown. The dynamics is similar to the permanent technology shock:

productivity (real wages) increase while hours worked drop on impact. The lowest bound of the 90%

confidence interval for the response of hours to wage shock is actually above zero at horizon five and

later. In other words, the response of hours is positive at that particular confidence level. However,

the lower bound is so close to zero that for a wider confidence interval the response would become

insignificant. Figure 3.3(c) shows the reaction of productivity and hours to technology shocks after

controlling for capital tax. The responses do not change much with respect to Figure 3.3(a). The

response of productivity is positive on impact and of hours worked remains insignificant. Hence,

there is no full proof evidence in favour of positive and significant reaction of hours to these types

of technology shocks.

Figure 3.4 shows the impulse responses to the TFP shock as in Chang and Hong (2006). On

impact, the TFP is positive and hours negative. Then both start rising. Hours do not become

positive in the horizon of six years; moreover, the reaction is insignificant on nearly all the response

horizon. This contrasts findings in Chang and Hong (2006). This should not be surprising, given

that the lower confidence band is only slightly above zero in this study (Chang and Hong (2006),

Figure 1).

The last specification considered disentangled neutral and investment-specific technology shocks.

Recall that full identification was not supported by the data, but an identified neutral technology

shock was supported for two and three state models. Therefore it may be useful to study the

impulse responses of the system with an identified neutral technology shock and try to identify the

investment-specific technology shocks. The responses are shown in Figure 3.5. The investment-

specific technology shock is identified as the only shock that positively and significantly increases
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Figure 3.3: Responses to shocks identified as in Francis and Ramey (2005)
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(a) Response to non-permanent technology
shock, Model 2
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(b) Response to real wage shock, Model 3
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(c) Responses to a positive technology shock
after controlling for capital tax, Model 5
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Figure 3.4: Responses to a positive TFP shock, Model 4
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the real price of investment on impact. Unfortunately, the confidence bands for the impulse re-

sponses are quite wide for the model. One can see that within the limit the response of hours

worked is positive, but that it is insignificant for both types of technology shocks.

Given the variety of studied impulse responses, there is no strong clear-cut evidence in favor of

a positive and significant reaction of hours to different technology shocks, although it is plausible

for some models.

3.5 Conclusions

In the present paper I reconsider the effect of technology shocks on productivity and hours worked.

I use Markov switching VAR instead of a standard VAR and assume that the intercept and variance-

covariance matrices change over time. The reason for doing this is that proposals have been made

to use heteroskedasticity in order to complement and test just-identifying economic restrictions.

Identification via heteroskedasticity is particularly useful in the current analysis as there are several

ways to identify technology shocks discussed in the literature.

Different identification schemes with long-run restrictions are used by Gali (1999), Francis and

Ramey (2005), Chang and Hong (2006), Fisher (2002) and Canova et al. (2010). The studies listed

above propose studying permanent and non-permanent technology shocks, permanent real wage

shocks, permanent TFP shocks as well as to disentangle investment-specific and neutral technology

shocks. In the conventional framework potentially competing restrictions are just-identified and

hence not testable. In contrast, the present setup of the econometric model allows for the extraction
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Figure 3.5: Responses to an investment-specific and neutral technology shocks, Model 6
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of additional information from the data and to test just-identifying long-run restrictions.

The results of the testing procedure show that the identification of permanent technology shocks

as in Gali (1999), non-permanent technology shocks and permanent real wage shocks as in Francis

and Ramey (2005) is supported by the data. Furthermore, permanent TFP shocks as in Chang

and Hong (2006) and permanent technology shocks after controlling for capital tax (Francis and

Ramey (2005)) are supported in two state models. Finally, disentangling investment-specific and

neutral technology shocks as in Fisher (2002) and Canova et al. (2010) is not supported by the

data independent of the number of states. However, a neutral technology shock can be identified

in the system.

In conclusion, given the variety of impulse responses studied, there is no strong evidence in

favor of a positive reaction of hours to technology shocks. A positive and significant reaction is

plausible only for a real wage shocks and investment-specific – neutral technology shocks tandem.

The latter result is achieved even though the original identification by Fisher (2002) and Canova

et al. (2010) is rejected by the data. However, a better way of computing impulse responses would

be useful for more precise inference.
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Appendix

Table 3.8: Comparison of MSIH(3) Models
Data MSIH(3) Model LogLt AIC SC

Model 1
Unrestricted 1747.46 -3420.92 -3290.48
State inv.B 1746.87 -3421.75 -3295.41
C12(1) = 0 1745.06 -3420.12 -3297.29

Model 2 C21(1) = 0 1744.81 -3419.63 -3296.79

Model 3
Unrestricted 1497.49 -2920.98 -2794.75
State inv.B 1497.43 -2922.87 -2800.69
C12(1) = 0 1497.25 -2924.50 -2805.72

Model 4
Unrestricted 268.39 -478.78 -425.13
State inv.B 265.54 -475.09 -425.13
C12(1) = 0 264.61 -475.23 -427.06

Model 5
Unrestricted 2057.41 -3976.82 -3747.87
State inv.B 2050.01 -3968.01 -3750.65
C12(1) = C21(1) = 0 2047.19 -3966.38 -3754.02

Model 6
Unrestricted -443.27 1024.54 1245.99
State inv.B -455.69 1043.39 1253.38
C12(1) = 0 -456.27 1042.54 1249.72
C13(1) = C23(1) = 0 -465.95 1059.91 1263.90
C(1) lower tr. -482.12 1090.24 1290.70

Note: LT – likelihood function, AIC = −2 logLT + 2×no of free parameters, SC = −2 logLT + log T×no of

free parameters.
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Table 3.9: LR Tests of Restrictions for MSIH(3) Models
Data H0 H1 DF LR p-value

Model 1

St.inv. B Unrestr. 1 1.18 0.27
C12(1) = 0 St.inv. B 1 3.62 0.05
C12(1) = 0 Unrestr. 2 4.80 0.09
C21(1) = 0 St.inv. B 1 4.12 0.04

Model 2 C21(1) = 0 Unrestr. 2 5.30 0.07

Model 3
St.inv. B Unrestr. 1 0.10 0.74
C12(1) = 0 St.inv. B 1 0.36 0.54
C12(1) = 0 Unrestr. 2 0.47 0.79

Model 4
St.inv. B Unrestr. 1 5.68 0.01
C12(1) = 0 St.inv. B 1 1.83 0.17
C12(1) = 0 Unrestr. 2 7.53 0.02

Model 5
St.inv. B Unrestr. 3 14.82 0.008
C12(1) = C21(1) = 0 St.inv. B 2 5.60 0.06
C12(1) = C21(1) = 0 Unrestr. 5 20.42 0.001

Model 6

St.inv. B Unrestr. 3 24.84 0.00
C12(1) = 0 St.inv. B 1 1.16 0.28
C13(1) = C23(1) = 0 St.inv. B 2 20.52 0.00
C(1) lower tr. St.inv. B 3 52.87 0.00
C(1) lower tr. Unrestr. 6 77.71 0.00
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