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Abstract

A common approach to evaluate dynamic stochastic general equilibrium (DSGE) models
is to compare the impulse responses functions from the DSGE model to impulse responses ob-
tained from identified vector autoregressions (VARS). This paper uses Monte Carlo techniques
to address the question: Are impulse responses of prices to a UIP shock a useful tool to eval-
uate DSGE models with incomplete exchange rate pass-through? The data generating process
is a small open economy DSGE model. The results suggest that (i) the estimates obtained from
a VAR estimated in first differences exhibit a systematic downward bias, even when the VAR
is specified with a large number of lags; (ii) by contrast, estimates derived from a low order
vector equilibrium correction model are fairly accurate; but (iii) standard cointegration tests
have low power to detect the cointegration relations implied by the DSGE model.
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1 INTRODUCTION

A common approach to evaluate dynamic stochastic general equilibrium (DSGE) models is to
compare impulse responses functions from the DSGE model to impulse responses obtained from
identified vector autoregressions (VARs). The VAR responses, which rely only on a minimum
set of theoretical restrictions, are interpreted as ‘stylised facts’ that empirically relevant DSGE
models should reproduce. Prominent examples are Rotemberg & Woodford (1997) and Christiano
et al. (2005) who estimate the parameters of their DSGE models by minimising a measure of
distance between the impulse responses to a monetary policy shock generated by an identified
VAR and the responses to the monetary policy shock in the DSGE model. Choudhri et al. (2005)
and Farugee (2006) employ the same strategy to estimate ‘new open economy macroeconomics’
(NOEM) models with incomplete exchange rate pass-through, defining exchange rate pass-through
as the impulse responses of a set of prices (import prices, export prices, producer prices, consumer
prices) to a shock to the uncovered interest rate parity (UIP) condition.

Recently, several papers have examined the reliability of the structural VAR approach using
Monte Carlo simulations. The basic idea in this literature is to generate artificial data from a DSGE
model, construct impulse responses from a VAR estimated on the artificial data and ask whether
the VAR recovers the DSGE model’s responses. A maintained assumption is that the identification
scheme used to identify the structural shocks in the VAR is consistent with the theoretical model.
Chari et al. (2005), Erceqg et al. (2005) and Christiano et al. (2006) assess the ability of a structural
VAR to recover the impulse responses to a technology shock in an RBC model. Their conclusions
are not unanimous, however. Chari et al. (2005) conclude that a very large number of lags is needed
for the VAR to well approximate their log-linearised RBC model. Erceg et al. (2005) find that,
while the VAR responses have the same sign and shape as the true responses, quantitatively, the bias
in the estimated responses could be considerable. Christiano et al. (2006) reach a more optimistic
conclusion. They find that the VAR does a good job in recovering the responses from the RBC
model, particularly if the technology shock is identified using short-run restrictions. Kapetanios
et al. (2005) estimate a five variable VAR on data generated from a small open economy model
and derive impulse responses to productivity, monetary policy, foreign demand, fiscal and risk
premium shocks. Their results suggest that the ability of the VAR to reproduce the theoretical
shock responses varies across shocks. In particular, a high lag-order is required for the VAR to
recover the responses to a risk premium shock and a domestic fiscal shock.

My paper extends this literature to assess the reliability of the structural VAR approach to
estimating exchange rate pass-through. The motivating question is: Are impulse responses of prices
to a UIP shock a useful tool to evaluate and estimate DSGE models with incomplete exchange rate
pass-through? To address this question | generate a large number of artificial datasets from a small
open economy DSGE model, estimate a VAR on the artificial data and compare the responses of
prices to a UIP shock in the VAR and the DSGE model. The DSGE model that serves as the data
generating process resembles the model considered by Choudhri et al. (2005), and incorporates
many of the mechanisms for generating imperfect pass-through that have been proposed in the
NOEM literature, including local currency price stickiness and distribution costs.

The specification of the DSGE model implies that the nominal exchange rate and nominal
prices are non-stationary unit root processes, but that relative prices and the real exchange rate are



stationary. Given that exchange rate pass-through is usually defined in terms of levels of prices
and the nominal exchange rate, a conjecture is that the magnitude of the bias in the estimated VAR
responses will depend on whether the correct cointegration rank has been imposed during estima-
tion. To test this conjecture | compare the performance of two different VAR specifications: a pure
first-differenced VAR and a VAR that includes the cointegration relations implied by the DSGE
model. The first-differenced specification is by far the most common in the structural VAR litera-
ture on exchange rate pass-throdghs a second exercise, | investigate whether an econometrician
would be able to infer the true cointegration rank and identify the cointegration relations using the
maximum likelihood framework of Johansen (1988). My findings can be summarised as follows:
the estimates of exchange rate pass-through obtained from a VAR estimated in first differences are
biased downwards. This is true even when the VAR is specified with a large number of lags. The
bias is attributable to the fact that the finite-order VAR in first differences is not a good approx-
imation to the infinite order VAR implied by the DSGE model. By contrast, a low order vector
equilibrium correction model (VEQCM) that includes the cointegration relations implied by the
DSGE model is a good approximation to the data generating process. However, the results from
the cointegration analysis raise doubts about whether, in practice, an econometrician would able to
infer the cointegration properties implied by the DSGE model.

The paper is organised as follows. Section 2 lays out the DSGE model that serves as the data
generating process in the Monte Carlo exercise. Section 3 discusses the mapping from the DSGE
model to a VAR, and the results of the simulation experiments are presented in section 4. Section
5 concludes the paper.

2 THE MODEL ECONOMY

This section presents the small open economy DSGE model that is used as the data generating
process in the simulation experiments.

2.1 Firms

The production structure is the same as considered by Choudhri et al. (2005). The home economy
produces two goods: a non-tradable final consumption good and a tradable intermediate good.
Firms in both sectors use domestic labour and a basket of domestic and imported intermediate
goods as inputs. The assumption that imports do not enter directly in the consumption basket
of households is consistent with the notion that all goods in the consumer price index contain a
significant non-traded component. It follows that the direct effect of import prices on consumer
prices will be muted, and this acts to limit the degree of exchange rate pass-through to consumer
prices. The assumption that imported goods are used as inputs in the production of domestic goods
implies a direct link between import prices and the production costs of domestic firms. The latter is
potentially an important transmission channel for exchange rate changes in a small open economy
(see e.g., McCallum, 2000).

1see e.g., McCarthy (2000), Hahn (2003), Choudhri et al. (2005), and Farugee (2006).



2.1.1 Final goods firms

Technology and factor demand There is a continuum of firms indexed by [0, 1] that produces
differentiated non-tradable final consumption goods. The market for final goods is characterised by
monopolistic competition. The consumption good is produced using the following Cobb-Douglas
technology

Ci(c) = QO *H (9 *,
whereGC is final good output at timg @ € [0, 1] is the weight on intermediate goods, dfdis a
constant elasticity of substitution (CES) aggregate of differentiated labour inputs
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whereBy, > 1 is the elasticity of substitution between labour typ@sis a composite intermediate
good
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wherea € [0,1] is a parameter related to the degree of home bias in preferences>addenotes
the elasticity of substitution between domestic and imported go@dsand Q" are quantity in-
dices of differentiated domestic and foreign intermediate goods indexed ;1] andm € [0, 1]
respectively?
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where6! > 1 and8 > 1 are the elasticities of substitution between varieties of domestic and
intermediate goods in the domestic market. The CES preference specification implies that the
elasticities of substitution are equal to the elasticities of demand for individual goods. Following
e.g., Smets & Wouters (2003) and Adolfson et al. (2005), the demand elasticities are assumed to
be time-varying.

Price setting The aggregate consumption index is defined as

6
}W

G = [/Olctm)%rldc 5)

wherefy is the time-varying elasticity of substitution between individual goods. The corresponding
ideal price index is

1
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2The corresponding price indices and demand functions are given in table 1.




The demand for a single variety of the consumption good is

Clo) = <Pt;if )>e€ct 7)

Nominal price stickiness is modelled using the quadratic adjustment cost framework of Rotemberg
(1982)2 Building on Price (1992) and Ireland (2001), | assume that there are costs associated with
changing the inflation rate relative to past observed inflation. Specifically, adjustment costs are
given by:

2
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wherertt is the steady-state gross inflation rate.
Since all firms in the economy are owned by households, future profits are valued according to
the households’ stochastic discount fadder | (to be defined below). Firms set prices to maximise
the expected discounted value of future profits subject to adjustment costs, that is they maximise

REi(€))
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subject to (8), wher&’ denotes nominal marginal costs. Note that the aggregate inflation dynamics
implied by this model are similar to the inflation dynamics implied by the Calvo (1983) model

when firms index non-optimised prices to lagged inflation. More precisely, the inflation equation
can be written as a forward-looking equation in the first difference of inflation, similar to the Calvo
model with full dynamic indexation considered by Christiano et al. (2005). If prices were flexible

(i.e.. = 0) firms would set the prices according to the familiar mark-up rule:
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2.1.2 Intermediate goods firms

Technology and factor demand There is a continuum of intermediate goods firms indexed by
i € [0,1] operating in a monopolistically competitive market. Intermediate goods are produced with
the following technology

Ye(i) = Z () YHY (1), (11)

whereZ (i) are units of the composite intermediate good used in the production of vedktie
domestic intermediate good,

1 1
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3The list of NOEM papers which model price stickiness by assuming quadratic costs of price adjustment includes
Bergin (2006), Corsetti et al. (2005), Laxton & Pesenti (2003), and Hunt & Rebucci (2005).



wherezf andz™ are quantity indices of differentiated domestic and foreign intermediate goods,
that is,

y
6
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Price setting As pointed out by Obstfeld & Rogoff (2000), there are more possibilities for mod-
elling nominal rigidities in an open-economy setting than in a closed-economy setting. One issue
is whether international goods markets should be characterised as being integrated or segmented.
Another issue is that, with nominal price stickiness, the choice of price-setting currency will mat-
ter. In the following international goods markets are assumed to be segmented due to for example,
transportation costs or formal or informal trade barriers. Intermediate goods firms thus have the
option to set different prices in the domestic and foreign markets.

Domestic market The demand facing firmin the domestic market is

. —e/
Ytd(i>=<'°i,fy'>> % (15)

whereY = Qf +Z9 is the total demand for domestic intermediate goods from domestic final goods
firms and intermediate goods firms. Firiprice setting problem in the domestic market is
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whereg) | denote marginal costs, and the form of adjustment cqsisi) is
2
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wherert? is the gross inflation rate in the steady-state.

Foreign market In the Obstfeld & Rogoff (1995) Redux model, international goods markets
are integrated, and the law of one price holds continuously. Moreover, because prices are set in the
currency of the producer (so-called producer currency pricing, PCP), exchange rate pass-through
to import prices is immediate and complete. Betts & Devereux (1996) extended the Redux to allow
for market segmentation and to allow a share of prices to be sticky in the currency of the buyer (so-
called local currency pricing, LCP). Local currency pricing implies that import prices will respond
only gradually in response to exchange rate changes, a feature consistent with the findings of a
large empirical literature on exchange rate pass-thrdugihthis paper | follow Choudhri et al.
(2005) and assume a proportianof domestic intermediate goods firms engages in PCP, and a

4See Campa & Goldberg (2005) for a recent study.



proportion 1—- w engages in LCP. Both PCP and LCP firms have the option to price discriminate
between foreign and domestic markets.

Corsetti & Dedola (2005) extended the basic NOEM framework by assuming that the distrib-
ution of traded goods requires the input of local, non-traded goods and services. In this paper, |
follow Choudhri et al. (2005) and assume that the distribution of one unit of the domestic traded
good to foreign firms requires the input &f units of foreign labour. The distribution sector is
perfectly competitive. LeF? IO(i) andﬁi‘ I(i) be the (wholesale) prices set by a representative PCP
firm and LCP firm respectively. The Leontief production technology and the zero profit condition
in the distribution sector implies that the (retail) prices paid by foreign firms for aitgpenestic
good satisfy

PRI P) f

= —+0W (18)
S S
R = B+ (19)

wheres§ is the nominal exchange rate aW;f is the foreign wage level. The existence of a distri-
bution sector thus implies that there will be a wedge between the wholesale and the retail price of
imports in the foreign economy.

The aggregate export price index (in domestic currency) is

Pr= [w(RP)" ¥+ (- m)(sR) %] T (20)

wherePP andPX are the export price indices obtained by aggregating over PCP firms and LCP
firms, respectively, an€ > 1 denotes the elasticity of substitution between domestic intermediate
goods in the foreign economy.

A representative PCP firm sé®"(i) to maximise

E IiDt,m (PLE () — &) YR () (1- Y7, (i))] (21)
subject to demarfd Y —
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and adjustment costs B - ,
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whereTPis the steady state inflation rate.
The wedge between prices at the wholesale and retail levels implies that the price elasticity of
demand as perceived by the exporter will be a function of the exchange rate. To see this note that

5In this paperw is treated as an exogenous parameter. Several recent papers have examined the optimal choice
of invoicing currency in the context of NOEM models (e.g., Devereux et al., 2004; Bacchetta & van Wincoop, 2005;
Goldberg & Tille, 2005). The choice is found to depend on several factors, including the exporting firm's market share
in the foreign market, the degree of substitutability between foreign and domestic goods and relative monetary stability.
6See table 1 for definitions of the sectoral price and quantity indices.



in the absence of price stickiness (i.e @if= 0) the optimal export price is
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In the absence of distribution cost (= 0), the export price in domestic currency is independent
of the exchange rate, and the price-setting rule collapses to the standard mark-up rule. Moreover,
if the elasticities of demand are the same across countriesG;f.a,e%') the firm sets identical
prices to the home and foreign markets. The existence of distribution costs creates a motive for
price discrimination across markets. Moreover, distribution costs cause the optimal mark-up to
vary positively with the level of the exchange rate. This can be seen more clearly by rewriting (24)

as ‘
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In the face of an exchange rate depreciation, the exporter will find it optimal to absorb part of
the exchange rate movement in her mark-up. From the point of view of the importing country,
exchange rate pass-through to import prices at the docks is incomplete even in the absence of
nominal rigidities.

A representative LCP firm se?ﬁd(i) to maximise

mae [liot,m (SaP ()~ 8 ) R4 (D) (1—Yt*'+|<i>)] (26)
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subject to demand,
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and adjustment costs
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where is the steady-state inflation rate. In the absence of adjustment costs (e= ) the

optimal price is ,

O & . O . f
15 g1
Thus when prices are flexible, LCP and PCP firms set the same price. The choice of price-setting
currency only matters in a situation where nominal prices are rigid.

Finally, aggregate export demand is assumed to be given by

PX
Y= ( tf‘) ¥ (30)
t

P =

(29)

wherea s is (approximately) the share of home goods andhe elasticity of substitution between
home and foreign goods in the composite index of intermediate goods in the foreign ec@ﬁomy,
is the foreign price level, an\df denotes aggregate demand for domestic intermediate goods in the
foreign economy.



2.1.3 Foreign firms

Foreign intermediate goods firms are treated symmetrically. The distribution of one unit of the
imported good to domestic firms requires the inpudafnits of domestic labour. A subsat;

of firms engages in PCP, and a subset; engages in LCP. The zero profit condition in the
distribution sector implies that the prices paid by domestic firms for anypeported good will

be

SP™m) = SP™(m)+ W (31)
PM(m) = P (m)+ oW, (32)

whereW is the domestic wage rate. The aggregate import price index (in domestic currency) is

1
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whereP["? andP[" are the price indices obtained by aggregating over PCP firms and LCP firms,
respectivel;Z
Let Dt AeH|

LCP firm setsP{"'(m) to maximise
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denote the stochastic discount factor of foreign households. A representative foreign

subject to demand
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whereY,™ = Q"+ Z", and adjustment costs are
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If @ =0, the first-order condition simplifies to

5
g (37)
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The foreign firm’s optimal mark-up is a function of the exchange rate. Conditional on wages and
foreign prices, exchange rate pass-through to domestic currency import prices at the wholesale
level is incomplete, even if prices are perfectly flexible.

A representative foreign PCP firm s&3"(m) to maximise

[;Dm.( Thm) — & ) YIPm) (21— iR (m) (38)

"See table 1 for definitions of the sectoral price and quantity indices.



subject to demand
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whereTt"P is the steady-state inflation rate.

2.2 Households

The economy is inhabited by a continuum of symmetric, infinitely lived households indexed by

j € ]0,1] that derive utility from leisure and consumption of the final good. Households get income
from selling labour services, from holding one-period domestic and foreign bonds, and they receive
the real profits from domestic firms. The adjustment costs incurred by domestic firms are also
rebated to households. Each household is a monopoly supplier of a differentiated labour service
and sets the wage rate subject to labour demand

H(]) = (W) h (41)

and quadratic costs of wage adjustment. The specification of adjustment costs follows Laxton &
Pesenti (2003). The adjustment costs are measured in terms of the total wage bill and are given by:

. . 2

wherert is the steady-state (gross) growth rate of nominal wages.

The return on the foreign bond is given b},Rtf, whereFetf is the gross nominal interest rate
on foreign bonds, ankl; is a premium on foreign bond holdings. The premium is assumed to be a
function of the economy’s real net foreign assets position

f
Kt:exp<—L|JSB;t +ut>, (43)

t

where Btf is the aggregate holding of nominal foreign bonds in the economy,uaigla time-
varying ‘risk premium’ shock. The risk premium shock is assumed to follow an AR(1) process

Inu = pulnug—1 + &yt (44)

where 0< py < 1, andgy; is a white noise process. The specification of the risk premium implies
that if the domestic economy is a net borrowa k 0), it has to pay a premium on the foreign
interest rate. This assumption ensures that net foreign assets are stétionary.

8As discussed by Bergin (2006) the mean-zero disturbancetgecan be interpreted as a proxy for a time-varying
risk premium omitted by linearisation, or as capturing the stochastic bias in exchange rate expectations in a noise trader
model.

9See Schmitt-Grohe & Uribe (2003) for a discussion of alternative ways to ensure stationary net foreign assets
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Householdj’s periodt + | budget constraint is

B (j) | S B, (i)
Re+ Kt R[fJrI
= (1Y ()Wt ()Het (§) + Bua—a(i) + S4By (1) + M
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(45)

whereR;, is the (gross) nominal interest rate on domestic boBds/ j) and Btf+,(j) are house-

hold j's holdings of nominal domestic and foreign bonds, and the varidhleincludes all profits
accruing to domestic households and the revenue from nominal adjustment that is rebated to house-
holds.

The household chooses a seque{u@aH (1),Beai(j), Btf-i-l (1), W4 (j)}I
© Cu(j)— ZCt+|—1> Ht1++lx
E | I _ Nt
‘2, (”( 17 14

subject to the budget constraint (45). The paraméter|0,1) reflects the assumption of habit
formation in consumption, angl € (0,) is the inverse of the Frisch elasticity of labour supply
(i.e., the elasticity of labour supply with respect to real wages for a constant marginal utility of
wealth). The parametey > O is a scale parameter aid= (0, 1] is the subjective discount factor.
The stochastic discount factDx . is defined as

o to maximise

G-(G1 Ff

Degy = Bl =t o=t Tt
et =P Gt — C1 P,

(47)

2.3 Monetary authorities

The central bank sets short-term interest rates according to the following simple feedback rule

R = prR-1+ (1—pR) (R+ pr (1% — 1)), (48)

whereRis the steady-state level of the nominal interest rate, and the paramegt @ 1 measures
the degree of interest rate smoothing.
2.4 Market clearing

The market clearing conditions for the domestic labour market and the intermediate goods market
are
He = HY +HE +H" (49)

Yo=Yy (50)

in a small open economy. In the standard small open economy model with incomplete international asset markets,
equilibrium dynamics have a random walk component. That is, transitory shocks have permanent effects on wealth and
consumption.

11



whereH™ = &Y. Only foreign bonds are assumed to be traded internationally, and hence the
domestic bond is in zero net supply at the domestic level Bie=- 0). Net foreign assets evolve
according to

f
fz‘f =SB+ P By (51)
t

2.5 Mark-up shocks

The model derived above only has one shock; the risk premium or UIP shokfkhe purpose is

to estimate the DSGE model by matching impulse responses to a UIP shock, there is no need to
introduce additional shocks. In fact, one of the advantages of the impulse response matching ap-
proach is that allows the researcher to leave most of the exogenous shocks unspecified. However, if
the dimension of the VAR is greater than the number of shocks, a VAR fitted to data generated from
the DSGE model will have a singular variance-covariance matrix. This is the stochastic singularity
problem discussed by e.g., Ingram et al. (1994). One strategy for dealing with this problem is to
add shocks until the number of shocks is at least as great as the number of variables in the VAR.
This is the approach taken in this paper. More precisely, introduce four mark-ups shocks. The
elasticities of substitution between varieties of goods are characterised by the following processes

INBf = (1—pc)INB°+pcIn®f 4 + &cy (52)
N8B! = (1—p,)IN6Y+pyInB | +¢&y; (53)
N6 = (1—px)IN0 +pxInO 1 + &xt (54)
Ine" = (1—p,)IN0"+pmIN6" 1 +Ems (55)

where 0< p, < 1 and theg;; are independent white noise processes{c,y,x,m}. The motivation

for adding this particular set of shocks is that the mark-up shocks have a direct effect on the price
setting equations in the structural model and hence, on the variables included in the VAR. This
turned out to be important to avoid a (near) singular variance-covariance matrix. However, | do
not attach a strong structural interpretation to the mark-up shocks. An alternative would be to
add serially correlated errors to the observation equations in the state space representation. Such
‘measurement errors’ could be interpreted as capturing the effects of structural shocks that are
omitted from the model or other forms of misspecification of the DSGE model.

2.6 Calibration

In the calibration one period is taken to be one quarter. The calibration is guided by the following
principles: First, the parameters should be within the range suggested by the literature. Second, the
model should loosely match the standard deviations and first-order autocorrelations of UK prices
and exchange rates over the period 1980-2003.

Table 2 lists the values of the parameters in the baseline calibration of the model. The subjective
discount factor is set t0.03792° to yield a steady-state annualised real interest rate of 3%
habit persistence parameté) (s set to 085, which is close to the value chosen by Kapetanios
et al. (2005) for the UK. There appears to be little consensus in the literature about the appropriate
value for the inverse of the Frisch elasticity of labour demagg)d Choudhri et al. (2005) choose

12



an initial value of 05 for this parameter, but later allow it to vary between zero and infinity. In the
baseline calibration in this paper, the inverse Frisch elasticity is setwdi8h is the same value
used in Hunt & Rebucci (2005) in a version of the IMF's Global Economy Model. The weight on
leisure in the utility function1f) is chosen to yield a steady-state level of labour supply equal to
unity (H = 1).

Based on the data for revenue shares of intermediate goods reported in Choudhri et al. (2005),
the Cobb-Douglas shares of intermediate goods in the production functions for final goods and
intermediate goodsg, ¢) are set to 812 and 077 respectively. The share of domestic interme-
diate goods in the aggregate intermediate g@gdq set to 085, and the elasticity of substitution
between domestic and foreign intermediate go®)i$s(1.5. The range considered by the literature
for the latter is quite large. Groen & Matsumoto (2004) use the value 1.5 in their calibrated model
of the UK economy. The distribution cost paramet&®{) are set to 0.4, slightly higher than the
0.3 used by Hunt & Rebucci (2005).

The steady-state values of the elasticities of substitution between varieties of goods sold in
domestic markets are set to 6. This implies a steady-state mark-up of 20% for final goods and
domestic intermediate goods. Again these numbers are comparable to what has been used in models
of the UK economy. Benigno & Thoenissen (2003) assume that the substitution elasticity between
traded goods is 6.5, and Kapetanios et al. (2005) set the elasticity of substitution between varieties
of domestic goods sold in domestic markets to 5. The elasticity of substitution between types of
labour services is also set to 6, in line with the values in Hunt & Rebucci (2005) and Benigno &
Thoenissen (2003). Finally, the elasticity of substitution between varieties of foreign goods sold in
foreign markets is set to 15. This is based on the argument in Kapetanios et al. (2005) that domestic
firms face more competitive demand conditions in foreign markets.

The annual domestic inflation target is 2%. The parameters in the monetary policy rule are
taken from Kapetanios et al. (2005). The weight on interest rate smoothing in the monetary policy
rule (pr) is 0.65 and the weight on inflatiorpf) is 1.8.

The adjustment costs parameters associated with changing the rates of change in prices and
wages @, @y, ¢, @, Py) are set to 400.

The share of PCP firms in the foreign econony ) is set to 04 while the share of PCP
firms in exports @) is 0.6. Data on invoicing currency in UK trade from the years 1999 to 2002
show that the share of UK imports and exports that are invoiced in sterling is around 40% and
50% respectively® To get short-run pass-through to import prices more in line with the empirical
estimates | had to use a somewhat higher value for the share of PCP firms in the foreign economy
than what is suggested by the data on invoicing currency. Admittedly, this is not entirely satisfying.

The steady-state levels of foreign outpytand real wagesv; are normalised to unity. The
implicit inflation target in the foreign economyty) is identical to the domestic inflation target
This implies that the rate of exchange rate depreciation is zero in the steady-state. Moreover,
assuming that domestic and foreign households have the same subjective discount rates, the steady-
state interest rates will be the same. This is consistent with a zero risk premigi)and zero
net foreign assetB¢ = 0) in the steady-state. The elasticity of substitution between foreign and
domestic goods in the foreign econonw ) is set to 15, the same as in the domestic economy.

10These numbers can be found on http://customs.hmrc.gov.uk/
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The sensitivity of the risk premium to net foreign assets is set@@.0During the calibration
process | found that setting this parameter too low caused the model to become non-invertible
(see section 3). The parameters in the processes for the risk premium and the demand elasticities
were chosen to make the standard deviation and autocorrelation of the inflation rates and exchange
rate depreciation roughly match those in the data. Table 3 reports the standard deviations and the
first-order autocorrelations from the model and UK data 1980g1-2003qg4.

2.7 Model solution and properties

The model is solved using Dynare, which is a collection of Matlab routines for solving non-linear
rational expectations models (see Juillard, 2005). As a first step Dynare computes a first-order
approximation (in logs) to the equilibrium conditions around a deterministic steady-state. The
equilibrium conditions of the model are listed in appendix A.3.

2.8 Is the model empirically relevant?

As a check on the calibration | examined whether the DSGE model is empirically relevant in
the sense that the estimation of a VAR on artificial data generated from the DSGE model yields
comparable results to those obtained when estimating a VAR on actual UK data using the same
sample size, the same set of variables and the same identification scheme.

The estimated VAR includes the following variables: UK import prices of manufact&f@s (
export prices of manufactureB)), producer prices of manufactureR’), consumer pricesFf),
and a nominal effective exchange raf) ! An increase in the exchange r&ecorresponds to a
depreciation of sterling. The data are quarterly, covering the period 1980Q1-2003Q4, and all the
price series are seasonally adjusted and measured in domestic currency. Variable definitions and
sources are provided in appendix B.

In line with common practice in the literature the variables are differenced prior to estimation.
The exchange rate shock is identified by placing the exchange rate first in a recursive ordering.
Under this identification scheme exchange rate shocks have a contemporaneous effect on the price
indices, but shocks to the price equations affect the exchange rate with at least a one-period lag.
This assumption could be justified by the existence of time lags in the publication of official statis-
tics such as producer price and consumer price indices (see Choudhri et al.t2006. that, if
interest is only in the exchange rate shock, the ordering of the variables placed before or after the
exchange rate is irrelevant.

Figure 1 plots the accumulated impulse responses of import prices, export prices, producer
prices and consumer prices to a one standard deviation shock to the exchange rate. The responses
are normalised by the accumulated response of the exchange rate. Exchange rate pass-through to
import prices is 36% within the first quarter, increasing to 54% within one year and stabilising at

11This is the same set of variables as considered by Farugee (2006), with the exception that he also includes wages in
the VAR. | have confirmed that the pass-through estimates reported in this section are robust to the inclusion of wages
in the model.

12The assumption that the exchange rate does not react within period to shocks to the price equations is controversial,
however. As emphasised by Sarno & Thornton (2004), if foreign exchange markets are efficient, the exchange rate will
by definition jump in response to news about fundamentals. The only way to achieve this using a recursive identification
scheme is to order the exchange rate last.
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around 67% after two years. The immediate response of export prices is somewhat lower; pass-
through is 19% after one quarter, 47% after one year and increasing to 59% in the long run. The
response of producer prices is smaller and more gradual; pass-through is 15% within one year and
increases to 27% after five years. Long-run pass-through to consumer prices about 7% after three
years. These estimates are broadly in line with the estimates reported for the UK in other structural
VAR studies such as McCarthy (2000) ahd

As a next step, | conducted the following simulation experiment:. Using the log-linearised
solution to the DSGE model as the data generating process, | simulated 5000 synthetic datasets
of lengthT = 100 fory, = {AInS,AInP{",AInPf,AInFY,AInP}. For each synthetic dataset |
estimated a VAR(4) and computed the impulse responses to an exchange rate shock using the same
recursive identification as abov& Figure 2 plots the pointwise mean of the normalised responses
to an exchange rate shock. Exchange rate pass-through to import prices is 45% in the first quarter
and stabilises at 75% after about 12 quarters. Pass-through to export prices is lower; 32% in the
first quarter and 40% in the long-run. Short-run pass-through to producer and consumer prices is
close to zero. After twenty periods pass-through is 22% and 9% respectively. All these estimates
are all broadly similar to the estimates obtained using actual UK data.

3 MAPPING FROM THE DSGE MODEL TO A VAR

Adopting the notation in FeaBmdez-Villaverde et al. (2005) the log-linear transition equations com-
puted by Dynare can be expressed in state space form as

X+1 = Ax+Bw (56)
Vi = C)Q + DWt

wherew; is anmx 1 vector of structural shocks satisfyiigw] = 0, E [wyw;] = | andE [wew_j] =

0 for j #£ 0, % is ann x 1 vector of state variables, agdis ak x 1 vector of variables observed by
the econometrician. The eigenvaluesiadre all strictly less than one in modulus, hence the model
is stationary. In what follows | will focus on the case wheres square (i.e = k) andD~* exists.
The impulse responses from the structural shagk® y; are given by the moving average (MA)
representation

y=dLw = djLiw (57)
2’
wheredy = D andd; = CAI-1B for j > 1.

3.1 Invertibility

An infinite order VAR is defined by

V=Y Ajyi_j+Gv, (58)
J;JJ

13This identification scheme is not consistent with the DSGE model. However, the point of this exercise is to show
that if | use a similar sample size and the same identification scheme | get results that are not too dissimilar from what
was found using actual UK data. In the Monte Carlo experiments in section 4 | use an identification scheme which is
compatible with the DSGE model.
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whereE [v] =0, E [wivf] =1, E [vtvi—j] = 0 for j # 0. The orthogonalisation of the VAR innova-
tions is void of economic content and does not impose any restrictions on the model. The covari-
ance matrix of the VAR innovationg = Gv; is E [Gv;v{G'] = GG = Z,,. The MA representation
of (58) is

Yo = c(L)vt (59)

wherec(L) = 37 ¢l = (1 - 35, AlLl) G,

A potential source of discrepancies between the VAR impulse responses and the responses
from the log-linearised solution to the DSGE model is that the MA representation (57) is non-
invertible. By construction, the MA representation associated with the infinite order VAR (58) is
fundamental in the sense that the innovatiansan be expressed as a linear combination of current
and past observations af However, there exists an infinite number of other non-fundamental MA
representations that are observationally equivalent to (59), but that cannot be recovered from the
infinite order VAR. These MA representations are non-invertible, meaning that they cannot be
inverted to yield an infinite order VAR. In general, we cannot rule out the possibility that a DSGE
model has a non-invertible MA representation for a given set of observidbgsat is, we cannot
rule out the possibility that some of the roots of the characteristic equation associated with (57) are
inside the unit circle. If this is the case, the impulse responses derived from an infinite order VAR
will be misleading, as the structural shocks cannot be recovered from the innovations of the VAR.
Whether the MA components of a model are invertible or non-invertible will in general depend on
which variables are included in the VAR.

Ferraindez-Villaverde et al. (2005) show that wHiis square an® ! exists, a necessary and
sufficient condition for invertibility is that the eigenvalues/&f- BD~1C are strictly less than one
in modulus. If this condition is satisfied thgnhas an infinite order VAR representation given by

Y=Y C(A- BD!C)!BD 'y, ;4 Dw, (60)
=1

The rate at which the autoregressive coefficients converge to zero is determined by the largest
eigenvalue oA—BDIC. If this eigenvalue is close to unity a low order VAR is likely to be a poor
approximation to the infinite order VAR. If one or more of the eigenvalugs-eBD1C are exactly

equal to one in modulus, the model is still invertible, utoes not have a VAR representation.
Ferrandez-Villaverde et al. (2005) refer to this as a ‘benign borderline case’. Often, roots on the
unit circle indicate that the variables in the VAR have been overdifferenced (see Watson, 1994).

3.2 Identification

If the model is invertible, the impulse responses from the infinite order VAR (58) @xth= Dw;
correspond to the impulse responses to the structural shocks in (57). In practice, h@visver,
unknown, and the econometrician is faced with an identification problem. As discussed above,

14 ippi & Reichlin (1994) and Ferandez-Villaverde et al. (2005) provide examples of economic models with non-
invertible MA components.

15Two special cases are worth noting. First, as can be seen from (56), if all the variaklesrénobserved by the
econometrician (implying thah = C andB = D), the process foy; will be a VAR(1). Second, if all the endogenous
state variables are observable and includeg and the exogenous state variables follow a VAR(1) thdras a VAR(2)
representation (see e.g., Kapetanios et al., 2005; Ravenna, 2005).

16



in the pass-through literature identification has typically been achieved by séttng;,, where

I'tr is the lower triangular Choleski factor of the estimated variance-covariance matrix of the VAR
residualsiu. However, this identification scheme is not consistent with the DSGE model set out
in section 2, henc& = Iy, will yield biased estimates of the model’s impulse respor8es.
prerequisite for estimating DSGE models by matching impulse responses, is that the identification
restrictions imposed on the VAR are compatible with the theoretical model. In the simulation
experiments in this paper | apply an identification scheme suggested by Del Negro & Schorfheide
(2004). Using a QR decomposition bf the impact responses gfto the structural shocks; can

be decomposed into

oW
wherel /. is lower triangular an@* satisfies(Q*)'Q* = 1. The VAR is identified by setting =
I Q*. With this identification scheme, the impact responses computed from the VAR will differ
from D only to the extent thal, differs from I, (that is, only to the extent that the estimated
variance-covariance matri, differs from DD’). Thus, in the absence of misspecification of the
VAR, the identification scheme succeeds in recovering the true impact responses.

<ayt> —D=T;Q" (61)
DSGE

4 SIMULATION EXPERIMENTS

This section presents the results of the simulation experiments. | consider two different VARS:
a VAR in first differences of nominal prices and the exchange rate, and a VAR in relative prices
and the first difference of consumer prices. The latter is equivalent to a VEqQCM that includes the
cointegration relations implied by the DSGE model as regressors. As a second exercise, | examine
whether an econometrician who uses standard techniques for determining cointegration rank and
for testing restrictions on the cointegration relations will be able to infer the cointegration properties
of the DSGE model.

4.1 Monte Carlo design

I generatevl = 5000 datasets of lengtiis= 1100 andl' = 1200 using the state space representation
of the log-linearised DSGE model as the data generating préteBsich sample is initialised
using the steady-state values of the variables. To limit the influence of the initial conditions, |
discard the first 1000 observations in each replication and [Eayd.00 andTl = 200 observations
for estimation of the VAR. The simulations are performed in Matlab, and the built-in function
randn.m is used to generate the pseudo-random normal errors. | use the same random numbers in
all experiments. This is achieved by fixing the seed for the random number generator.

For each dataset | estimate a VAR and compute the accumulated responses of prices to a UIP
shock. The UIP shock is identified using the Del Negro & Schorfheide (2004) identification scheme
discussed in the previous section.

16Canova & Pina (2005) show that when the DSGE model does not imply a recursive ordering of the variables, the
VAR responses to a monetary policy shock identified with a recursive identification scheme can be very misleading.

17To examine the sensitivity of the results to the number of Monte Carlo replications | conducted preliminary exper-
iments usingVl = {1000200Q...,10000 and found that the pointwise mean and standard deviations of the impulse
responses obtained witi = 5000 andVl = 10000 are essentially indistinguishable.
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The selection of lag-order is an important preliminary step in VAR analyses. | report results for
four different methods of lag-order selection: The Akaike information criterion (AIC), the Hannan-
Quinn criterion (HQ), the Schwarz criterion (SC), and the sequential likelihood-ratio test (LR) (see
Lutkepohl, 1991 for a discussion). The LR test is implemented using the small sample correction
suggested in Sims (1980) and a 5% significance level for the individual tests. In addition to results
obtained for the different lag selection criteria, | report results for a fixed lag lehgthd and
L = 4 for the VAR in first differenced, = 3andL = 5 for the VEqCM and the VAR in levels).

Litkepohl (1990) shows that, as long as the lag-order goes to infinity with the sample size,
orthogonalised impulse response functions computed from a finite order VAR are consistent and
asymptotically normal, even if the true order of the process is infinite. In this sense, any discrep-
ancies between the impulse responses from the VAR and the log linearised DSGE model can be
attributed to a small sample bias. It is nevertheless instructive to decompose the overall differ-
ence between the DSGE model’'s impulse responses and the VAR impulse responses into (i) bias
arising from approximating an infinite order VAR with a finite order VAR, and (ii) small sample
estimation bias for a given lag-order. The first source of bias, which Chari et al. (2005) label the
‘specification error’, is given by the difference between the DSGE model’s responses and those
obtained from the population version of the finite order VAR for a given lag-order. The coefficients
in the population version of a finite order VAR can be interpreted as the probability limits of the
OLS estimators or, what the OLS estimates would converge to if the number of observations went
to infinity while keeping the lag-order fixed (Christiano et al., 2006). Bedez-Villaverde et al.

(2005) provide formulas for these coefficients as functions of the ma#id € andD in the state

space representation (56). Hence, the magnitude of the specification error can be assessed without
resorting to simulation exercisé®. For a given lag-order the bias arising from the specification
error persists even in large samples. Regarding the small sample estimation bias, VAR impulse
responses are non-linear functions of the autoregressive coefficients and the covariance matrix of
the VAR residuals. It is well known that OLS estimates of the autoregressive coefficients in VARs
are biased downward in small samples.

4.2 VAR in first differences

The first model | consider is a VAR in first differences of nominal prices and the exchange rate:
Ayy = AlAY 1 +PAY o+ ...+ ApAyt_p + & (62)

where
Ay, = {AInP{" AInP;,AInPY, AInPS,AINS}.

With this vector of observables, the matdx— BD~1C has four roots equal to one, while the
remaining roots are all smaller than one in modulus. This implies that the model is invertible, but
technically, it does not have a VAR representation.

Table 4 reports the distribution of the lag-orders chosen by the different lag-order selection
criteria for sample sizef = 100 andT = 200. The maximum lag length is set to five. As expected

18] am grateful to Jdss Ferndez-Villaverde for sharing the Matlab prograsvar.m which calculates the coeffi-
cients of the population version VAR.
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the SC is the most conservative and selects the lowest average lag-order. For saniple $@

the SC chooses lag-order one in 71.5% of the replications. By contrast, the AIC and the HQ select
a lag-order of two in 90% of the replications. With a sample siZ€ ef 200, the average lag-order
selected increases for all criteria. The SC picks a lag-order of two in 98% of the datasets, the AIC
and the HQ select a lag-order of two in 89% and 100% of the replications respectively. For both
sample sizes, the LR test selects a somewhat higher lag-order than the information criteria.

Figure 3 plots the outcome of the simulation experiment Wits 100 and a fixed lag length
L = 2. The solid lines represent the pointwise mean of the accumulated impulse responses, and
the shaded areas correspond to the pointwise mean plus/mBtusirhes the pointwise standard
deviations. The starred lines correspond to a 95% interval for the pointwise responses, calculated
by reading off the 2.5 and 97.5 percentiles of the ordered responses at each horizon. Finally, the
circled lines depict the impulse responses from the DSGE model. Figure 4 plots the accumulated
responses normalised on the exchange rate response.

Looking at the normalised responses we see that the VAR estimates of exchange rate pass-
through are biased downwards. Whereas in the DSGE model exchange rate pass-through is nearly
complete after twenty quarters, the mean of the VAR estimates of long-run pass-through is 72% for
import prices, 35% for export prices, 15% for consumer prices and 20% for producer prices. From
the bottom panel of figure 3 it is evident that the downward bias to some extent reflects that the
exchange rate behaves almost like a random walk in the VAR, whereas there is significant reversion
in the exchange rate towards the original level following a UIP shock in the DSGE model. The bias
in the nominal exchange rate response is transmitted to import prices. By contrast, the estimated
VAR responses of consumer and producer prices are smaller than the true responses. This suggests
that the downward bias in the VAR estimates of pass-through to these prices would remain even if
the VAR had accurately captured the exchange rate response. Figures 5 and 6 plot the outcome of
an experiment with. = 2 andT = 200. The biases in the impulse responses remain in the larger
sample, the main effect of adding observations is to lower the standard deviations of the simulated
responses.

Figures 7 and 8 decompose the overall bias into small sample bias and bias arising from approx-
imating an infinite order VAR with a VAR(2). The latter is measured as the difference between the
true impulse responses (circled lines) and the responses from the population version of a VAR(2)
(solid line). It is evident that the dominant source of bias is the specification error. For a given
lag-order this bias persists in large samples. The small sample bias is measured as the difference
between the responses from the population VAR(2) and the mean responses from the Monte Carlo
experiments fol = 100 (dotted line) and@ = 200 (crossed line). The impulse responses of the ex-
change rate and import prices are biased downward in small samples. For these variables, the small
sample bias and the specification error bias are of opposite signs. Hence, the effect of adding more
observations is to increase the overall bias in the impulse responses. For consumer and producer
prices, the opposite is true. For these variables the small sample bias reinforces the downward bias
induced by the specification error.

Next, | examine how many lags are needed for the VAR to be able to recover the true impulse
responses. Figures 9 and 10 show the impulse responses from the DSGE model (circled lines), to-
gether with the responses from the population version of the VAR for lag-okder§2, 4,10, 20}.
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As expected, increasing the number of lags reduces the biases. However, even with as many as
twenty lags, the VAR does not accurately capture the responses of prices to a UIP shock. More-
over, as we have seen, standard lag-order selection criteria do not detect the need for longer lags.

Erceg et al. (2005) suggest measuring the bias in the impulse responses by the average absolute
per cent difference between the mean response and the theoretical response for each variable, that
is

1 H rVAR I-DSGE

HE| s

whererPSCE andrY#R are the DSGE model's responses and the mean across datasets of the VAR
responses of variableto a UIP shock at horizoi respectively. Tables 5 and 6 report the biases
for H = 10 andH = 20 for different lag-order criteria and sample siZes-= 100 andT = 200,
The results confirm that adding observations increases the bias in the responses of exchange rates
and import prices, but reduces the biases the responses of consumer and producer prices. At both
horizons and for both sample sizes the average bias is minimisaed=fof. The average bias is
largest when the lag-order is chosen to minimise the SC.

As a final point, note that a reduction in bias from estimating a higher order VAR may come
at the cost of higher variance. Using VARs estimated by leading practitioners as data generating
processes, Ivanov & Kilian (2005) find that underestimation of the true lag-order is beneficial in
very small samples because the bias induced by choosing a low lag-order is more than offset by a
reduction in variance. If the primary purpose of the VAR analysis is to construct accurate impulse
responses, the authors recommend using the SC for sample sizes up to 120 quarters and the HQ
for larger sample sizes. However, Ilvanov & Kilian (2005) do not explore the case where the data
generating process is an infinite order VAR in which case the trade-offs between bias and variance
are likely to be different.

biag! =

(63

4.3 VEQCM

The fact that the monetary policy rule is specified in terms of inflation and not the price level
induces a common stochastic trend in the nominal variables in the log-linearised DSGE'fnodel.
Hence, while nominal prices and the exchange rate contain a unit root, the real exchange rate and
relative prices are stationary. Estimating a VAR in first differences implies a loss of information,
and in this sense it is not surprising that a VAR that omits the cointegration relations does a poor
job in recovering the responses of the levels of prices and the exchange rate. Here | examine
whether | obtain a better approximation of the DSGE model by estimating a VEqCM that includes
the cointegration relations implied by the theoretical model. That is, | consider the system

e = OBVt 1+ ATAY 1+ AV 2+ ... FALAY p+ & (64)

19The foreign price level is stationary around a deterministic trend.
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with
INnP™, —InPF
NP, —InP®
InR.; —InPt,
INS_1+InP", —InP°

B/thl =

Estimating (64) is (almost) the same as estimating a VAR in the real exchange rate, relative prices
and consumer price inflatié® that is,

ytT = AIytT—l +A£ytT—2 +ot A;l;ytT—p-q-l + 8;r (65)

where
() = {aInPE,In (BT/RE) In (RY/PE). In (RY/PE) ,In (SR /PF) |

When the observation vectory’§ all the roots of the matriXd — BD~'C are smaller than one in
modulus. Hence, the model is invertible, ayichas a VAR representation. Including the cointe-
gration relations thus removes the unit roots in the MA components that appear in the VARMA
representation for the first differences. This is a common finding in the literature (see e.qg., Del
Negro et al., 2005).

Table 7 reports the distribution of the lag-orders chosen by different selection criteria for
T =100 andT = 200. The maximum lag length is six. The SC selects a lag length of two for
both sample sizes. On average, the AIC chooses a higher lag-order: for samle=siZg0 the
AIC choosed. = 2 in 47.4% of the datasets arid= 3 in 46.2% of the datasets. | have conducted
simulation experiments for each of the selection criteria separately, but in the presentation of the
results | will focus on the cade= 3. Figures 11 and 12 plot the outcome of the simulation exper-
iment withT = 100. The VAR approximation to the DSGE model is good even with a moderate
number of lags. This is confirmed in figures 13 and 14 which plot the responses computed from
the population version of the VAR for lag-orddrs= {2,3,20}. There is some bias in the impulse
responses foc = 2, but forL = 3 the estimated responses are close to the true responses.

Figures 15 and 16 plot the impulse responses from the population version of the VEqQCM(3)
together with the true responses and the mean responses from a VEqCM(3) estimated on sample
sizesT = 100 andT = 200. In this case the small sample estimation bias is the dominant source of
bias in the responses. For all prices except import prices the estimate of exchange rate pass-through
is biased upwards, implying that for a given lag-order, adding observations does not reduce the bias.
This is confirmed in tables 8 and 9 which report the average biases over the first ten and twenty
guarters respectively, for different lag-order criteria and sample $ize400 andT = 200.

To summarise, provided the cointegration relations implied by the model are included as addi-
tional regressors, the state space representation of the log-linearised DSGE models can be approx-
imated with a low order VAR. This raises the question of whether in practice the econometrician
would be able to infer the cointegration rank and identify the cointegration relations using standard
techniques.

20The only difference is that an extra lag offfhis included in the latter from the inclusion Afin Ptc_,_ =In PtC_L —
InP¢ .
t—L—1
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4.4 Cointegration analysis

This section asks the question: Will an econometrician armed with standard techniques be able to
infer the correct cointegration rank and identify the cointegration relations implied by the theory?

The experiment is constructed as follows. | generate synthetic 5000 datasets of Teagti$
andT = 200 from the DSGE model. Series for the levels of the variables are obtained by cumulat-
ing the series for the first differencésFor a given synthetic dataset | estimate an unrestricted VAR
in levels of the variables and determine the cointegration rank using the trace test for cointegration
(see Johansen, 1988). Next, | test the restrictions on the cointegration space implied by the DSGE
model using the standard LR test for known cointegration vectors (see Johansen, 1995, chap. 7).

The VAR is fitted with an unrestricted constant term and a restricted drift term. The spec-
ification of the deterministic terms is consistent with the data generating process. To see this,
note that the monetary policy rule and the positive inflation target imply that nominal prices will
have both a deterministic trend and a stochastic trend. Both trends are cancelled in the cointe-
grating relations which implies that relative prices are stationary around a constant mean. That is,
INP™—InPE ~ 1(0),InPX—InP° ~ 1(0), and InPY —InP¢ ~ 1(0). Since the inflation target in the
foreign economy is assumed to be the same as the domestic inflation target, the process for the
foreign price level contains the same deterministic trend as the domestic price level, and there is no
linear trend in the nominal exchange rate. However, since the foreign price level is not included in
the VAR, the fourth cointegration relation will be stationary around a deterministic trend. That is,
INS —InPf+0.00% ~ 1(0).

Table 10 reports the distribution of lag-orders chosen by the different selection criteria when
the maximum lag length is set to six. The average lag-order selected is two or three for both sample
sizes, with SC being the most conservative criterion.

The trace test is derived under the assumption that the errors are serially uncorrelated and
normally distributed with mean zero. Good practice dictates that these assumptions be checked
before testing for cointegration. Table 11 reports the rejection frequencies across 5000 datasets
for the single-equation and vector tests for non-normality in the residuals described in Doornik &
Hansen (1994). The rejection frequencies are close to the nominal 5% level for both sample sizes
and across different lag-order criteria. Table 12 reports the rejection frequencies for tests of no
autocorrelation up to order five in the residuals. The test is-thapproximation to the Lagrange
Multiplier (LM) test for autocorrelation described in Doornik (1996). For sampleBizel00 and
lag lengthL = 3 the rejection frequencies for the single-equation tests are around 10%. The vector
test rejects the null hypothesis in 23% of the datasets. Similar rejection frequencies are obtained
for the AIC and the sequential LR tests. However, when a conservative criterion like the SC or HQ
is used, the rejection frequencies are much higher. When the lag-order is chosen to minimise the
SC, the vector test rejects the null of no autocorrelation in 59.1% of the datasets. For all criteria
except the SC, the rejection frequencies are lower in the larger s@mpl200. Below I report
the outcome of the cointegration tests for all the lag-order selection criteria. In practice, however,
researchers often supplement the information criteria with tests for residual autocorrelation, and

21The initial values of the (log) levels of the variables are set to zero. Since the levels series are unit root processes
and thus have infinite memory, dropping observations at the beginning of the sample does not reduce the dependence on
the initial values.
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when there is a contradiction, overrule the lag-order selected by the former. This suggests that less
weight should be placed on the results obtained for the SC or HQ.

Table 13 shows the frequencies of preferred cointegration rank for different sample sizes and
for different methods of lag-order selection. The non-standard 5% critical values for the trace test
are taken from MacKinnon et al. (1999). The numbers in parentheses correspond to the frequencies
of preferred rank when the test statistic is adjusted using the small sample correction suggested by
Reinsel & Ahn (1988). Wheil = 100 andL = 3 the correct cointegration rank is selected in only
2.7% of the datasets. In 17.5% of the datasets the trace test suggests that the rank is zero, in which
case a model in first differences is appropriate. Using the small sample adjusted test statistics,
the trace test chooses the correct rank in only 0.3% of the datasets. In 61.2% of the datasets the
trace test would lead us to conclude that the variables are not cointegrated. The results are more
encouraging when a sample sizeTof= 200 is used. However, fdr = 3 the trace test still picks
the true cointegration rank in only 31% of the replications.

When the lag-order is endogenous, the correct rank is chosen most frequently when the lag-
order is determined using the SC. Hoe= 100 the correct rank is chosen in 20% of the datasets.
With a sample size of = 200 the corresponding number is 53%. For the purpose of choosing the
correct cointegration rank, it appears that a low lag-order is beneficial.

As a second exercise, | examine how often the restrictions on the cointegration vector implied
by the DSGE model are rejected when using the standard LR test for known cointegration vec-
tors. Table 14 reports the rejection frequencies for the individual and joint tests of the following
hypotheses

INP™—InPE ~ 1(0),InP*—InPE ~ 1(0),InPY —InP° ~ 1(0) and In§ — InPF 4-0.00% ~ 1(0)

The tests are conditional on the maintained hypothesis that the cointegration ramk=si Eor

T = 100 andL = 3, the rejection frequencies for the individual hypotheses are 20% when using
a nominal test size of 5%. The rejection frequency for the joint hypothesis is 88%. These results
raise doubts about whether, in practice, the econometrician will be able to identify the cointegration
relations implied by the DSGE model.

Again it is instructive to see whether the results are driven by the specification error or by small
sample estimation bias. In particular, it is of interest to see whether the frequent rejections of the
autocorrelation tests are due to the omission of MA terms or due to the fact that the autocorrelation
tests are oversized in small samples. To assess this | redo the above Monte Carlo experiments,
this time using the population version of a VEqQCM(5) and a VEqQCM(3) as the data generating
processes. Table 15 reports the distribution of chosen lag-lengths and table 16 reports the outcome
of the trace test in this case. The results are similar to the results obtained when the log-linearised
solution to the DSGE model is used as the data generating process. This finding suggests that the
poor performance of the test is not due to approximating an infinite order VAR with a low order
VAR, but is due to small sample problems. Interestingly, the same seems to hold for the auto-
correlation test. When the data generating process is a VEqQCM(3) and the estimated is a VAR(3)
in levels of the data, the rejection frequencies of the autocorrelation tests are 10% for the single-
equation tests and 23% for the vector test (see table 17) which suggests that the autocorrelation
test is oversized in small samples. This is consistent with the Monte Carlo evidence presented in
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Briggemann et al. (2004). Table 18 illustrates a well known result in the literature (see e.g. Gre-
denhoff & Jacobson, 2001), namely that the LR tests for restrictions on the cointegration space are
oversized in small samples.

5 CONCLUDING REMARKS

This paper has examined the ability of a structural VAR to recover the dynamic responses of a set of
prices to a risk premium shock. The main results can be summarised as follows: The estimates of
exchange rate pass-through obtained from a first-differenced VAR are systematically biased down-
wards. The bias in the estimated responses can largely be attributed to the fact that a low order
VAR is not a good approximation to the infinite order VAR implied by the DSGE model. More-
over, small sample estimation bias sometimes acts to offset the bias arising from the approximation
error. When the cointegration relations implied by the DSGE model are included in the VAR, even
a VAR with a modest number of lags is able to recover the true impulse responses. However, an
econometrician using standard tests for cointegration rank and for testing restrictions on the cointe-
gration space would in general not be able to infer the correct rank or identify the true cointegration
relations.
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A EQUILIBRIUM CONDITIONS DSGE MODEL

A.1 Non-linear model
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A.2 Steady-state model

Assuming that® = 1t' it follows that exchange rate depreciation is zero in the steady gtate {) and that
R=kR. Ifthe discount factor is the same in both countries we liive i /B = R, which implies thak = 1
and zero net foreign assets in the steady-stdte-(0). Moreover, in the steady-sta@® = p™P=p™, p™ =

p"P= pMandpX! = p*P = p*. HenceY™ = YMP = YMandY* = Y*P =YX, The steady-state levels of foreign
demand and foreign wages are normalised to ugfty(w’ = 1). The following system of equations defines
the steady-state levels©fQ,Q%,Q™,Y, Y, YX Y™ 7,74, 7™ H HE HY H™,s, p¥, p%, p?, p™, p™, p*, p*, w, §°

anddv.
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A.3 Log-linearised model

Letting variables with a hat denote percentage deviations from the deterministic steady sta¥e f.e.,
InX — InX) the log-linearised equilibrium conditions can be written
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B VARIABLE DEFINITIONS AND SOURCES

PY PPI: All manufacturing excl. duty (SA). Source: Office of National Statistics (ONS) [PVNQ)]

e Nominal effective exchange rate index (qtr ave). Source: Bank of England Monetary &
Financial Statistics Interactive Database (BoE IADB) [XUQAGBG]

PS¢ RPIX: Retail price index excl mortgage interest payments (linked back to 3 7Syurce:
ONS [CHMK]

P* Deflator exports of manufactures SITC 5-8 (SA). Source: ONS [BPAN/BOXS]

P™ Deflator imports of manufactures SITC 5-8 (SA). Source: ONS [BQBD/BPIS]

22ps no offical seasonally adjusted RPIX exists this series was seasonally adjusted using the X12 method as imple-
mented in EVIEWS.
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Table 2: Baseline calibration

Parameter Value
Share of intermediate goods production of final go@gls 0.42
Share of intermediate goods production of intermediate g@pds 0.77
Elasticity of substitution varieties of domestic intermediate goods domestic n@irket 6
Elasticity of substitution varieties of domestic intermediate goods foreign m@fket 15
Elasticity of substitution varieties of domestic final gods 6
Elasticity of substitution varieties of imported intermediate godtls 6
Elasticity of substitution differentiated labour servi@s 6
Share of domestic intermediate goods production of domestic goods 0.85
Share of domestic intermediate goods production of goods in foreign ecomemy 0.064
Elasticity of substitution domestic and foreign goods domestic economy 15
Elasticity of substitution between domestic and foreign goods foreign econgmy 15
Habit persistence parameter 0.85
Inverse of Frisch elasticity of labour suppty 3
Weight on labour in utility functiom 0.570
Discount factof3 1.037025
Inflation targetr® 1.005
Units of labour required to distribute one unit of imported intermediate good 0.4
Units of labour required to distribute one unit of imported intermediate good foreign ecobpomy.4
Adjustment cost parameter domestic final goods priges 400
Adjustment cost parameter domestic intermediate goods fpices 400
Adjustment cost parameter export priggs 400
Adjustment cost parameter import priagg 400
Adjustment cost parameter wag@g 400
Proportion of PCP firms domestic economy 0.6
Proportion of PCP firms foreign econoroy 04
Sensitivity of premium on foreign bond holdings w.r.t. net foreign asgets 0.02
Coefficient on lagged interest rates in interest rate pgle 0.65
Coefficient on inflation in interest rate rue; 18
AR coefficient in process fo, pey 0.3
AR coefficient in process fd{, pex 0.75
AR coefficient in process fddf, pge 0.5
AR coefficient in process fd{", pgm 0.5
AR coefficient in process for risk premium shook 0.9
Standard deviation shock 6, €gv ¢ 0.2
Standard deviation shock 8, €gx ¢ 0.35
Standard deviation shock 6, €gc ¢ 0.2
Standard deviation shock ", ggm 0.35
Standard deviation risk premium shog 0.005
Foreign inflation targetts 1.005
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Table 3: Second order moments: Model and UK data 1980Q1-2003Q4

Standard deviation Data  Model
AInS 0.031 0.035
Alnp™ 0.017 0.019
AlnPX 0.013 0.018
AInP’ 0.004 0.006
AlInP® 0.003 0.006

First-order autocorrelation Data  Model

AIns 021 -0.07
Alnpm 0.36 0.29
AlnPX 0.29 0.30
AInP/ 0.76  0.86
AlnP? 0.79 081

Table 4: Distribution of chosen lag length for different lag-order selection criteria. VAR in first differences.
In per cent.

T =100
L=1 L=2 L=3 L=4 L=5
LR 000 6734 1186 1150 930
AIC 016 905 672 178 078
HQ 882 9116 002 000 000
SC 7152 2848 000 000 000

T =200
L=1 L=2 L=3 L=4 L=5
LR 0.00 4308 1934 2028 1730
AIC 000 8942 832 192 034
HQ 0.00 10000 000 000 Q00
SC 244 9756 000 000 000

Table 5: Absolute value of per cent difference between pointwise mean of estimated accumulated responses
and DSGE model’s responses over first ten quarters.

T =100

INnP™ InPX InP¢ InP’ InS
LR 5.6 8.8 256 241 306
AlC 6.0 107 297 248 346
HQ 6.6 112 304 251 368
SC 110 119 333 248 429
L=2 62 115 303 252 362
L=4 6.0 54 255 222 217

T =200

INnP™ InP* InP® InP’ In§
LR 8.9 102 243 209 348
AlIC 103 134 271 235 424
HQ 105 141 277 241 438
SC 107 140 277 241 439
L=2 105 141 277 241 438
L=4 80 84 220 187 294
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Table 6: Absolute value of per cent difference between pointwise mean of estimated responses and DSGE
model’s responses over first twenty quarters.

T =100

INnP™ InPX InP¢ InP’ InS
LR 394 66 387 294 811
AIC 426 1.7 400 305 886
HQ 445 80 402 305 922
SC 543 91 386 267 1006
L=2 436 81 405 310 913
L=4 330 51 354 269 638

T =200

INnP™ InPX InP¢ InPF InS
LR 459 73 347 254 889
AlIC 510 95 381 285 1014
HQ 517 99 387 291 1036
SC 521 99 386 290 1038
L=2 517 99 387 291 1036
L=4 425 63 332 230 800

Table 7: Distribution of chosen lag length for different lag-order selection criteria. VAR in relative prices
and first differences of consumer prices. In per cent.

T =100
L=1 L=2 L=3 L=4 L=5 L=6
LR 00 271 499 73 7.1 85
AIC 0.0 474 462 37 14 12
HQ 00 953 47 0.0 0.0 0.0
SC 00 1000 00 0.0 0.0 0.0

T =200
L=1 L=2 L=3 L=4 L=5 L=6
LR 00 04 807 70 55 6.4
AIC 0.0 34 950 16 0.1 0.0
HQ 0.0 621 379 00 0.0 0.0
SC 00 997 03 0.0 0.0 0.0

40



Table 8: Absolute value of per cent difference between pointwise mean of estimated accumulated responses
from VEQCM and DSGE model’s responses over first ten quarters.

T =100

INnP™ InP* InP® InP In§
LR 217 263 277 220 250
AlIC 192 242 252 193 227
HQ 159 224 224 162 199
SC 155 222 220 159 196
L=3 207 249 262 206 238
L=5 279 319 332 278 308

T =200

InP™ InPX InP¢ InP’ InS
LR 7.7 126 161 114 87
AIC 7.0 120 155 108 81
HQ 4.8 123 143 91 7.0
SC 3.0 127 134 78 6.1
L=3 70 119 155 108 81
L=5 098 145 176 133 108

Table 9: Absolute value of per cent difference between pointwise mean of estimated accumulated responses
from VEQM and DSGE model’s responses over first twenty quarters.

T =100

INnP™ InPX InP¢ InPY InS
LR 200 256 273 238 202
AIC 177 228 245 210 178
HQ 153 189 209 174 149
SC 151 185 205 170 147
L=3 184 246 259 225 193
L=5 267 325 339 305 274

T =200

INnP™ InPX InP¢ InP’ InS
LR 8.4 107 142 104 92
AIC 8.3 9.8 132 95 91
HQ 6.2 7.3 111 73 9.3
SC 4.9 7.5 9.6 57 9.7
L=3 84 9.8 132 95 91
L=5 85 135 170 133 93

41



Table 10: Distribution of chosen lag length for different lag-order selection criteria. 5% significance level
in individual LR tests. Variables in (log) levels. In per cent.

T =100
L=1 L=2 L=3 L=4 L=5 L=6
LR 00 138 554 89 94 124
AIC 0.0 277 593 63 31 3.6
HQ 00 865 134 00 0.0 0.0
SC 0.0 999 01 0.0 0.0 0.0

T =200
L=1 L=2 L=3 L=4 L=5 L=6
LR 00 0.0 781 82 6.4 7.2
AIC 0.0 01 976 22 01 0.0
HQ 0.0 142 858 00 0.0 0.0
SC 00 905 95 0.0 0.0 0.0

Table 11: Rejection frequencies for single-equation and vector tests for non-normality for different lag-order
selection criteria. 5% significance level

T =100
INnP™ InP* InP® InP" InS Vector test
LR 5.0 51 4.8 48 50 52
AIC 52 50 49 48 52 52
HQ 4.7 49 55 48 49 54
SC 4.8 5.0 51 48 51 54
L=3 51 49 49 4.6 4.6 50
L=5 54 48 51 55 54 52
T =200
INP™ InP* InP® InP In§ Vector test
LR 52 49 53 49 53 56
AIC 5.0 49 54 51 52 55
HQ 54 49 55 50 53 55
SC 5.0 51 49 54 53 57
L=3 50 50 55 52 52 55
L=5 51 49 51 53 54 6.0
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Table 12: Rejection frequencies for single-equation and vector tests for residual autocorrelation. 5% signif-
icance level.

Table 13: Frequencies of chosen cointegration rank using Johansen'’s trace test for different lag-order selec-
tion criteria. Numbers in parenteheses denote the preferred rank when using a small sample correction to

the trace test

T =100
INP™ InPX InP¢ InP InS§ Vector test
LR 102 95 130 116 94 195
AIC 9.5 90 166 117 89 225
HQ 105 145 465 210 88 500
SC 115 169 555 241 91 591
L=3 110 96 105 114 103 232
L=5 128 120 118 137 124 326
T =200
INP™ InPX InP¢ InP In§ Vector test
LR 5.9 4.8 71 6.2 55 55
AIC 7.1 56 84 71 6.6 9.7
HQ 7.4 83 205 123 67 221
SC 111 337 895 532 76 896
L=3 74 58 86 7.3 6.8 107
L=5 61 53 7.1 6.9 6.1 8.6

T =100
r=0 r=1 r=2 r=3 r=4 r=5
LR 10.7(517) 314(286) 336(118) 17.6(6.1) 55(15) 1.2(0.4)
AIC 10.8(422) 284(261) 302(169) 211(113) 82(3.2) 1.3(0.5)
HQ 25(8.1) 8.4 (14.5) 286(365) 39.7(309) 17.6(8.7) 3.3(1.3)
SC 0.0 (0.6) 3.8(122) 29.0(412) 438(348) 19.8(9.8) 3.6 (1.5)
L=3 175(612) 413(29.7) 280(7.2) 10.0(1.6) 2.7(0.3) 0.5(0.0)
L=5 137(844) 401(139) 322(17) 105(0.2) 25(0.0) 0.5(0.0)
T =200
r=0 r_l r=2 r=3 r=4 r=
LR 0.3(2.1) .9(11.0) 19.0(295) 435(384) 281(163) 5.2(2.6)
AIC 0.1(0.5) .1(6.9) 16.2(28.7) 455(418) 305(19.1) 5.7(3.0)
HQ 0.0 (0.5) .9(6.3) 144 (254) 424(394) 336(234) 7.6(5.0)
SC 0.0(0.1) .3(1.0) 24 (4.2) 256 (31.0) 532(487) 184(151)
L=3 01(0.5) 0(6.8) 16.1(285) 455(420) 306(19.2) 5.7(3.0)
L=5 15(123) 11 9(329) 320(327) 37.2(169) 147 (4.3) 26(0.1)
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Table 14: Rejection frequencies for LR tests of restrictions on cointegration space conditional on r=4 for dif-
ferent lag-order selection criteria. 5% significance level. Numbers in parentheses are rejection frequencies
based on only the datasets for which the correct cointegration rank is chosen.

T =100
IN(PM/RS) ~1(0) _In(R/PF) ~1(0) Tn(RY/R%) ~1(0) In(S/FF)+0.008 ~1(0) _ Joint
LR 279 248 244 265 816 (94.6)
AIC 29.1 242 239 273 792 (91.7)
HQ 388 294 284 358 833(92.1)
SC 41.2 303 296 381 842 (910)
L=3 224 202 197 211 734 (815)
L=5 268 259 257 263 881 (94.4)
T =200
n(PM/PF) ~1(0) In(P*/PF) ~1(0) In(Pty/Pt") ~1(0) In(S/PFf)+0.00% ~ 1(0) Joint
LR 194 135 154 154 406 (45.7)
AIC 18.2 134 147 145 37.2(432)
HQ 20.0 151 164 166 403 (49.0)
SC 29.3 255 250 260 605 (64.5)
L=3 182 132 145 143 367 (42.8)
L=5 220 143 167 179 480 (57.9)

Table 15: Distribution of chosen lag length for different lag-order selection criteria. Data generated from
VAR(5) [VAR(3)]. 5% significance level in individual LR tests. Variables in (log) levels. In per cent

T =100

L=1 L=2 L=3 L=4 L=5 L=6
LR 00[0.0] 141[363 544[328 90[8.6] 107[100] 118[123|
AIC 00[0.0] 275[618 595[295 6639 30[20] 33[2.8]
HQ 00[0.0] 87.8[984] 122[15 00[0.0] 00[0.0]  0.0][0.0
SC 00[0.0] 999[1000] 0.1[0.0] 00[0.0] 00[0.0] 0.0[0.0]

T =200

L=1 L=2 L=3 L=4 L=5 L=6
LR 00[0.0] 00[6.9 792[753 7158 7053  6.7[6.7]
AIC 00[00] 01[245  97.7[743] 21[11] 01[00]  0.0[0.0]
HQ 00[0.0] 161[930] 839[7.0] 00[0.0 00[0.0  0.0][0.0]
SC 00[0.0] 920[1000] 80[0.0] 00[0.0] 00[0.0] 0.0[0.0]
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Table 16: Frequencies of chosen cointegration rank using Johansen'’s trace test for different lag-order selec-
tion criteria. 5% significance level. Data generated from VAR(5) [VAR(3)].

T =100
r=0 r=1 r=2 r=3 r=4 r=5
LR 115[0.6] 332[145 316(39.7] 175[336] 5.3[9.9 0.8 [1.6]
AIC 115[0.4] 30.6[10.7] 286[380] 205[36.1 7.6[128] 1.2 [2.0]
HQ 2.1[0.3 8.7 6.8 29.0[350] 398[402] 181[154] 25[2.3
SC 0.0[0.3] 3.5[6.7] 296349 440[403] 199[155 29][2.3
L=3 189[25 421[231] 27.2[419] 9.5[257 1.9[5.9 0.3[0.1]
L=5 146[52] 416[30.1] 318[40.3] 9.7[194] 2.01[4.4] 0.2 ]0.6]
T =200
r=0 r=1 r=2 r=3 r=4 r=>5
LR 0.2 [0.0] 5.1[0.3] 25.1[6.8] 448([52.3] 218371 3.0[3.5
AIC 0.0[0.0] 3.1[0.0] 22.6 [3.3] 46.6 [485] 245[435 3.2[4.7
HQ 0.0[0.0] 2.9][0.0] 20.0[1.4] 42.8[37.2] 29.9[545 4.3[6.9
SC 0.0[0.0] 0.31]0.0] 2.5]0.3] 27.3[27.6] 575[628 12419.2]
L=3 00]0.0 3.1]0.0] 22514.1] 46.7 [54.0] 245[386] 3.1[3.3
L=5 15]0.0] 16.2[1.7] 37.1[226] 332[520] 102[215 1.7[2.3

Table 17: Rejection frequencies for single-equation and vector tests for residual autocorrelation for different
lag-order selection criteria. Data generated by VAR(5) [VAR(3)]. 5% significance level.

T =100
InPM™ InPX InP¢ InP’ InS Vector test
LR 101[9.2] 9.8[95 131[256] 116[123] 9.7[9.7] 185[186]
AIC 9381  89[83 165[390] 125[128 86[82 217[22§
HQ 9791 14491 482[662] 223[145 7.8[85 50.2[383]
SC  102[9.1] 166[9.1] 569[67.6] 255[144] 81[84] 584[391]
L=3 105[110] 87[9.5] 9.8[100 113[133] 101[109] 233[236]
L=5 123[130] 121([132] 124[132] 127[144] 120(125 330[328§]
T =200
InP™ InPX InPE InP’ InS Vector test
LR 54[49] 4748 67[110 63[6.2] 5351 51[4.6
AlIC 5952 48[49] 85[27.7] 7.1[66 59[56 88[1L7
HQ  63[5.8 85[5.4 226[922] 132[7.9] 58(7.1] 221[512
SC  109[56] 363[5.6] 909([989] 558(8.3 68(7.2] 90.2[582
L=3 6157 50[57 87[61 7268 61[59  9.7[7.9
L=5 55[60] 57[56] 51[54 62[6.6 60[6.1] 7.3[74]
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Table 18: Rejection frequencies for LR tests of restrictions on cointegration space conditional on r=4 for
different lag-order selection criteria. 5% significance level. Data generated by VAR(5) [VAR(3)].

T =100
In(R™/P%) ~1(0) In(RY/FY) ~1(0) In(R//RY) ~1(0) In(S/P%)+0.008 ~1(0)  Joint
R 29.0 [344] 233223 232[253) 26.9 [355] 813 [74.6]
AlC 29.7 [337] 23.0[205] 224238 27.418.2] 79.1[69.7]
HQ 389 [338] 280[189) 27.0 [235] 35.9 [35.5] 832 [67.1]
sC 17.1[339] 30.0[189) 8.4[234 26.5 [35.6] 58.4 [66.8]
L=3 231[29.3) 187 [183] 187 [20.1] 21.9[29.9) 737 [65.9)
L=5 281 [34.9] 24.9 [25.2] 25.1 [26.1] 27.6 [35.9) 87.8 [85.1]
T =200
In(R™/P) ~1(0) In(R/PS) ~1(0) In(R//FY) ~1(0) In(S/PS)+0.008~1(0)  Joint
R 145 [16.4] 122118 126 [12.6] 142[16.| 35.1[28.6]
AlC 14.3 [18.0] 117 [12.6] 123(14.2] 13.8[18.0] 31.8[28.1]
HQ 17.5 [24.0] 14.0 [16.2] 14.6 [20.9] 16.4 [24.3] 36.1 [34.0)
sC 314 [245] 25.8[16.5] 26.4 218 27.7 [24.9) 60.7 [34.6]
L=3 144 (153 115[10.9] 122 [11.4] 137 [15.3] 314252
L=5 154 [17.5] 12.4[13.0] 133[133] 15.0[18.1] 409 [35.3]
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Figure 1: Normalised impulse responses to exchange rate shock. UK data. In per cent
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Figure 2: Normalised responses to exchange rate shock. Mean of 5000 datasets from DSGE model using
recursive identification scheme.=¥ 100. In per cent
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Figure 3: Responses to a one standard deviation UIP shock. In per ceatldo, L = 2.
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Figure 4: Responses to UIP shock normalised on exchange rate response. In per eet®0IL = 2.
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Figure 5: Accumulated responses to one standard deviation UIP shock. In per cer20T L = 2.
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Figure 6: Responses to UIP shock normalised on exchange rate response. In per ¢e2@0IL = 2.
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Figure 9: Accumulated responses to one standard deviation UIP shock in population version of VAR for
different lag-orders. In per cent.
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Figure 10: Normalised impulse responses to one standard deviation UIP shock in population version of VAR
for different lag-orders. In per cent.
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Figure 11: Accumulated responses to one standard deviation UIP shock. In per cent. VEGEMOL =
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Figure 13: Accumulated responses to one standard deviation UIP shock from population version of VEqQCM
for different lag-orders. In per cent.
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Figure 14: Normalised responses to one standard deviation UIP shock from population version of VEQCM
for different lag-orders. In per cent.
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Figure 15: Accumulated responses to one standard deviation UIP shock from population version VEqCM(3)
and mean responses from VEqCM(3) fo=TL00and T = 200 In per cent.
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Figure 16: Normalised responses to one standard deviation UIP shock from population version VEqQCM(3)
and mean responses from VEqCM(3) fo=TL00and T = 200 In per cent.



