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1.INTRODUCTION

n environment of free capital movement underaninfla-

tion targeting regime demands the monetaryauthority

adopt exchange rate flexibility. Together with inflation
commitments, said regime requires appropriate knowledge of
the magnitude and time with which exchange rate (ER) move-
ments are transmitted to domestic prices, i. e., the exchange
rate pass-through (ERPT). Properly understanding ERPT re-
quires determining whether it exhibits sign or magnitude
asymmetries. Abstracting this type of nonlinearities can result
in the estimation of pass-through levels different from those
actually occurring.

Thisarticleanalyzes ERPTto pricesin Costa Ricafrom March
2006 to April 2017 and tests the hypothesis that it presents asym-
metries. We estimate structural distributed lag models that
encompass symmetric and asymmetric data generating pro-
cess in line with Kilian and Vigfusson (2011), employing data
exclusively for the exchange rate flexibility period.

The importance of knowing the magnitude of the ERPT to
prices lies in the predictive capacity of such changes and the
time it takes the economy to transmit them to domestic prices.
Besides determining the magnitude and lag with which they
appear, it is important to establish the presence of sign and
magnitude asymmetries in said phenomenon. Positive asym-
metry means domestic prices react more to domestic curren-
cy depreciations, while negative asymmetry would imply a
stronger response to appreciations. On the other hand, if the
ERPTshows magnitude asymmetries, the response of domestic
prices to ER shocks would depend on the size of such shocks.

The amount of ERPT can be related to manyfactors, including
an economy’slevel of openness, the organizational structure of
importsectors, the level and volatility of inflation, the level of
flexibilityin the exchange rateregime, etc. The exchange rate
regime in Costa Rica varied significantly towards the end of
2006 when the fixed rate regime (crawling peg exchange rate)
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wasreplaced byincreasingly more flexible regimes. In light of
the fact that the aforementioned factors upon which the mag-
nitude of the ERPT could depend are not fixed over time, it is
reasonable to propose ahypothesisthat there are asymmetries
in said phenomenon.

Although the ERPTin Costa Ricahasbeen studied previous-
ly, in most cases the models employed have assumed that the
magnitude of the ERPTis constant over time. Moreover, the data
samples employed always include observations from two very
different exchange rate regimes. Hence, quantifying and ver-
ifying the presence of asymmetries only using data extracted
from the exchange rate flexibility period (last 11 years) is rele-
vantgiven thatit could provide estimates for the phenomenon
moreinlinewith the current economic situation. Furthermore,
before 2006, when the period of exchange rate flexibility be-
gan, the exchange rateregime in force (crawling peg) fostered
very few episodes of nominal appreciation, meaning the data
were not optimal for studying sign asymmetries in the ERPT.
Since the end of 2006 there has been a larger degree of free-
dom in exchange rate movements, there is arelatively greater
number of appreciation periods and, therefore, more data for
studying asymmetries.

The paper is organized as follows: after this introduction,
Section 2 describesthe mostimportant background literature
and the evolution of methodologies employed in its analysis.
Section 3 details the conceptual framework of the methodolog-
ical approximating used for testing the proposed hypothesis.
Next, Section 4 examines methodological aspects, the data
and the econometric approach used. Section 5 presents the
main results and, finally, Section 6 lists the most important
conclusions.
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2. BACKGROUND

Empirical literature on the ERPT generally presents more ev-
idence of symmetry for industrialized countries (see Taylor,
2000; Goldfangand Werlang, 2000; Choudhriand Hakamura,
2001;and Engel, 2002), while for emerging economies the lin-
earityassumption does not seem appropriate [see Winkelried
(2003), Wang and Guo (2016) and Mendoza (2012)].

Among recent studies that make flexible the linearity as-
sumption, Przystupa and Wrébel (2011) analyze the case of
Poland. The authors observe that pass-through varies accord-
ing to the stage of the business cycle, identifying it as smaller
during contractionary periodsand larger during expansions.
Moreover, for ER fluctuations below a certain magnitude (2%),
the pass-through differs from the other observations. They
also find that the ERPTis greater during periods of low volatil-
ity (understood as a standard deviation of the daily variation
below 4.32%).

Pérez and Vega (2016), meanwhile, find evidence for sign
asymmetry in the ERPT of Peru. The authors also provide evi-
dence of a different behavior for each exchange rate regime
in the period studied.

Lariau, El Said and Takebe (2016) review evidence for the
cases of Angolaand Nigeria. They find that the ERPT is higher
over the long term for the less diversified more import-depen-
dent economy (Angola). Theyalso demonstrate that dedollar-
ization in Angola led to a decline in the ERPT. Furthermore,
over the short term the ERPT is not statistically different from
zero,whichaccordingto the authorsreveals distortions caused
by protectionism afforded to certain industries. For Nigeria,
theyshow that the food and drinks component of the CPIis not
affected by changes on the ERgiven the large share of domestic
production in that index grouping. The research reflects the
importance of countries’ domestic consumption structure for
determiningthe ERPT. Angolaand Nigeriaare similar countries
withregard to their dependence on crude oil exportsand they
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alsoimplement similaractions to offset possible price shocksin
that commodity; despite this, the results reveal different ERPTs.

The Banco Central de Costa Rica has made significant re-
search efforts toimprove understanding of the ERPT. Such en-
deavorsspan from the fledgling estimations of Le6n, Morera,
and Ramos (2001) and Leén, Laverde, and Duran (2002), up to
more recent paperssuch asthose of Rodriguez (2009), Esquivel
and Gémez (2010) and Orane (2016). Most of those studies em-
ploy the implicit assumption of linearity in the ERPT, estimat-
ing it with VAR models. The exception is Esquivel and Gémez
(2010), who address the matter using an alternative method-
ology (LSTVAR) that considers the possibility of some variables
inducingsign or magnitude asymmetries in the pass-through.
The authors find that the lagged variation of oil prices is the
variable mostlikely toinduce asymmetries. Nevertheless, they
conclude that thereislittle evidence of statistically significant
sign or magnitude asymmetries.

Meanwhile, Esquivel and Gémez (2010) use a data sample
between January 1991 and June 2009. In Costa Rica, the fixed
exchange rate regime (crawling peg) was substituted in Octo-
ber 2006 by aflexible regime (exchange rate band), which was
subsequentlyreplaced byamanaged float regime in February
2015. In view of this, there are at least three events to justify
and make important a new study on the ERPT and its possible
asymmetries.

First, the observations used in Esquivel and Gémez (2010)
combine some (the majority) extracted from the period of
fixed ERwith others from the flexible phase. It should be taken
intoaccountthatthe crawling pegregime implied a systematic
bias towards positive variationsin the nominal ER (colones per
usdollar). Only 15% of the observations used in that studyare
not affected by said bias. At present, the abundance of obser-
vations for the period after adoption of the flexible ER regime
allows for considering estimations of the pass-through and sta-
tistical tests forasymmetrythat use asample with observations
exclusively from the flexible regime.
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Second, there is alarge body of documented evidence that
the series of variation of the cP1in Costa Rica underwent a
structural change during 2009. Itis possible thatsaid structur-
alchange hasinfluenced the magnitude and characteristics of
the ERPT. The datasetused in the paper of 2010 evidently does
not allow for capturing said phenomenon.

Finally, to provide additional robustness to the test for asym-
metries in the ERPT, it is wise to apply alternative estimation
methodologies. Atraditional approach for measuring asymme-
tries uses censored VARmodels. Applied to the topic of ERPT, the
aforementioned method would imply estimating a VAR model
where ERvariations with anegative sign are censored from the
sample and another where positive variations are censored.
Subsequently, the impulse response (IR) functions of both
modelswould be comparedin orderto conclude whether they
are statistically different or not.

Itiswell documented in the literature on static models that
censoring explanatory variables causes ordinary least square
estimators to be biased, as described in Rigobon and Stoker
(2009) or Greene (2003).

Although the bias observed in those procedures is clear
when the data generating process (DGP) is symmetric, asymp-
totic bias continues even when the DGP is asymmetric. Just as
stated by Kilian and Vigfusson (2011), onlywhen the bGPissuch
that it does not exercise an impact on the dependent variable
when the explanatory variable decreases can one guarantee
that the censored linear model is not biased. In their study,
those authorsdemonstrate that censored VAR models generate
asymptotic biases and propose a structural model to prevent
them. Their model encompasses symmetric and asymmetric
datagenerating processesasspecial cases. Combined with the
proposal of Lee, Ni and Ratti (1995), in which shocks should
be rescaled by a volatility measure before performing an esti-
mation of the pass-through, it is not only possible to diagnose
the presence of sign and magnitude asymmetries, but also to
determine whether the pass-through is smaller in periods of
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high volatility. Alvarez and Esquivel (2016) apply this method
to assess the presence of asymmetries in the pass-through of
commodity prices to domestic prices in Costa Rica.

In the original work of Kilian and Vigfusson (2011), the au-
thors estimate the impact of energy price shocks on economic
growth, proposing two statistical tests for applying to the hy-
pothesis of symmetry in the response of growth. One of them
is conducted on regression coefficients and is a variation of
that proposed by Mork (1989) but with higher statistical pow-
er. The other is applied directly to the IR functions. The lat-
ter is based on the fact that, as postulated in Koop, Pesaran
and Potter (1996), in nonlinear VAR models the magnitude of
shocks can influence the dynamic response of the variables.
Moreover, under this same context, the dynamic response of
avariable can exhibit asymmetries even if the coefficients do
not exhibit departures from symmetry.

Inaddition to this problem, traditional empirical literature
on censored VAR models also has the disadvantage ofignoring
that, by being nonlinear models, IR functions depend on the
history of observations [see Koop, Pesaran, and Potter (1996),
and Gallant, Rossi, and Tauchen (1993)]. IR functions in this
type of models require a Monte Carlo simulation in order to
include possible data histories and different sizes of shocks.

3. CONCEPTUAL FRAMEWORK

Kilian and Vigfusson (2011) show that when the DGP is not sym-
metricit cannotberepresented asabivariate vAR model for x;’
and y,. ADGP where only positive shocks to x, have an impact
on y, can be denoted with the following system:

X, =a,+px,_, e,

+
Y, =a, +YX, +€2t.

The contemporaneous effect on y, of a positive shock to x,
inSystem 1lis given by y. Theimpactinthe subsequent period
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would be py, and then p*y, and so on successively thereafter.
Thus, estimation of coefficients y and p of Model 1 would be
unbiased. By using a censored VAR model such as Model 2, es-
timation of p would be asymptotically biased despite the fact
that the estimation of ¥ would be unbiased. Thiswould be re-
flected in the IR function.

+ _ +
X =a +p’xt—1 +€lt’

_ +
yt =4 + 7xt—1 + €9+

The problem with System 2 is that it is not a true represen-
tation of the DGP. Use of a full structural model would avoid
that drawback. Kilian and Vigfusson (2011) propose the fol-
lowing model:

X, =X Ayt Tty

- 5= Bix + Boxy + Bayy -+ 6y

System 3isastructural model where, unlike Model 2, nega-
tive shocksto x, can affect the future path of y, if such shocks
eventually lead to positive shocks in the future path of x,.

System 4 is the reduced form of 3. The IR functions of astruc-
turalmodelsuchas 3 cannotbeidentified from a Cholesky de-
composition of the variance-covariance matrixand itsreduced
version because such acomposition does notdiscriminate be-
tween positive and negative shocks. Hence, applying Choles-
kyin 4 to Var[e]t,ugt] is not appropriate given that u,, should
only reflect positive shocks.

X, = a1 X, 4 +Clzy171 +.. .+6”,

9 =By + Boyy et Uy,

where u,, = B€,, +€,,.
Additional technical details on the conceptual proposal
and tests for the absence of asymptotic bias in Model 3 can be
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consultedin the paperreferred to (Kilianand Vigfusson, 2011).
The pointssummarized here motivate the use of the methodol-
ogy proposed by those authors to verify the presence of asym-
metries in the exchange rate pass-through.

4. METHODOLOGY

4.1 Estimation of Impulse Response Functions
in Asymmetric Structural Models

We proposeastructural modelwhere the endogenousvariables
in an equation system are used to allow exchange rate shocks
tohaveavaried impact on pricesinan economydepending on
whether the currencyis appreciating or depreciating.

Inaninitialapproach usingabivariate model, the structure
would be written as follows:

X, =X, tayy,_; t...+€,,

B _ + +
Y= B+ Boxy + By +e 6y,
where

o ¥, isthelevel orvariation of the ERin period ¢.

o ), isthelevel orvariation of the CPIin period ¢.

x,, si x, >0
o x/ = ) .
10, six<0

In contrasttoacensored VAR, inwhich the endogenousvari-
ablescorrespondto x and y,, inthe proposed Model 5 negative
shocks to x, can affect the future path of y, if they eventually
lead to positive shocks in the future path of x,. The authors
of the reference study demonstrate that the estimators of this
model are asymptotically unbiased, unlike those obtained
using censored VAR models, regardless of whether the DGP is
symmetric or not.

According to different studies (see Gallant, Rossi, and
Tauchen, 1993; and Koop, Pesaran, and Potter, 1996), in
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nonlinear modelssuch as 5, the dynamicresponse of y, could
be magnified or reduced by the accumulated effect of previous
shocks. Hence, IR functions should be estimated as an average
of the impulse responses generated based on a data set that is
both diverse and representative of initial conditions. We esti-
mate IR functions following the sequence of steps shown below:

I) Random selection of a history (€2, ) composed of consec-
utive p values of x, and y,.!

2) Given €, simulate two-time paths for H data after the
last observation available for x and y. That s, for x we gen-

*
erate [xt+17 Xigre+ t+H] and H 1+1’x1+2’ z+II] while fory

we generate [yl+l’yl+2’ ’yH-H and ytﬂ ’yt+2’ ’yt+H:| For
the first paths of de xand y,as well as the second of y, sto-

chasticdisturbances [elt,eml,. o€l ] and [egt s€op41re - s €opipr ]
are randomly selected from their respective marginal
empirical distributions. Furthermore, for the second
sequence of x, the value (&) isassigned to the first com-
ponent of the sequence of disturbances, (¢, =8 ), while
the rest of the sequence is randomly extracted from its
marginal empirical distribution.

3) Random sequences of ¢, and ¢,, can be treated asinde-
pendent given that theyare obtained from the marginal
distribution generated by estimated structural Model 5.

4) We proceed to obtain the difference between two paths
ofyfort=I,2,..., H defining each difference as yf, where
i=1,2,.., H.

5) Steps 2and 4 are repeated (n,m ) times.

6) Steps 1to 5 are repeated 1to 5 (nhm) times. We, there-
fore, obtain a number n,,, *n,,, for different series y’
that are then averaged.

' p corresponds to the number of lags used for each model esti-

mated.
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The result obtained from steps 2 to 5 is the response of yto
ashock of size 8, overahorizon of H periodsand conditional
on Q.. Following the same nomenclature of Kilian and Vig-
fusson (2011), we can define this response as Iy (5,H,Qi). Re-
peating the exercise for all possible histories and averaging
the responses, we obtain the response of y unconditional on
Q,, thatis, Iy (5,H).

Tomore clearly differentiate the proposal of Kilian and Vig-
fusson (2011) regardingthe traditional way of obtaining the IR
functions, we define the response of y conditional on the histor-
ical paths of xand y(thatis x, , =y, ; =0 for¢=1, 2,...) as follows:

q 1,(5,H.0),

Relaxing the assumptionof x, ; =y, , =0 and allowing a his-
tory (€,) for x and y, besides inducing a shock of magnitude
6 inthe +th observation of disturbance term ¢, we can alter-
natively define the response:

I; (6,H,Ql) = E{th | Qi’ﬁu = 5’[€1z+>/‘:|h ’|:62l+j :'h } -

j j=0

_E{ynh | Qz"|:€1t+j I;O ’[6 20+ ]j:o } )

As mentioned previously, by averaging 7 for all possible
histories, we obtain the unconditional response in Q,, which
corresponds to I; (6,H). The impulse response normally ob-
tained in theliterature correspondsto I; (5, H,Q). ThisIrRdoes
notallow future shock dynamics (atleastin disturbances) and
does not condition history. In linear systems, this type of con-
figuration for the calculations does not present any drawbacks.
However, they do present them when computing IR in nonlin-
earsystems: The response maynot converge to zero even when
the DGP is stationary (see Koop, Pesaran, and Potter, 1996).
Moreover, Potter (2000) opts for considering future shocks as
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random rather than fixing them at zero when estimating non-
linear IRs. Finally, due to the lack of realism in conditioning
an IR estimation at zero, this is not very useful.

In reduced-form VAR equations the errors are correlated.
Based on thiswe use amethod for orthogonalizing the impuls-
es. The usual approach is to employ an inverse Cholesky fac-
torization of the variance-covariance matrix of the estimation
residuals. Astructural modelsuch as 5 usedin thisresearch be-
comes more attractive for estimating IR functions given thatin
Iy (5,H,Qi) and Iy (5,H) calculations, an exchange rate shock
(x,) is orthogonal to other shocks.

Kilianand Vigfusson (2011) show that, for small shocks, the
difference between the IR estimated considering possible his-
tories as well as the behavior of errors [I; (5,H[)i, and that es-
timated without considering those two items I) (6,H,Q)}, 1s
substantial. Nonetheless, this difference declines as the size of
the shock increases, i. e., the authors demonstrate that

B limlly(né,H):I;(B,HQ).

n—>0 n

For exchange rate shocks of a sufficientlylarge magnitude,
wewould expectthat theimportance of Q, and the randomness
of €, decrease untilreachingthe pointat which the IR estimat-
ed using the traditional VAR approachisa good approximation
to correct estimation. This is, therefore, the explanation of
how the traditional VAR method can generate estimations for
the response of domestic prices to exchange rate shocks that
are very different from those correctly estimated through a
nonlinear specification.

Thisinverse relationship between the size of shocksand the
estimated response of domestic pricesisimportant given that,
forserieswhere the variation (in this case of the exchangerate)
exhibits a small standard deviation, the advantage of using
Iy (n5,H), interms of reducing asymptotic biasin IR function
measurement, is greater.
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4.2 Symmetry Tests

Despite solving the problem of asymptotic biaswith respect to
acensured VAR, structural model 5is asymptotically inefficient
compared toaVARwhen the DGPis symmetric. Hence, efficient
ERPT estimation requires a prior statistical test to evaluate the
hypothesis of symmetry in the DGP.

Those defined below as tests of symmetryin parameters as-
sess the equality of the magnitude of coefficients associated
with appreciations and depreciations.

Kilian and Vigfusson (2011) show that these testsare useful
for reduced-form models to identify asymmetries in parame-
terresponses. Nonetheless, theyare not useful foridentifying
asymmetriesin the IR functions of asymmetric structural mod-
els. This is due to the fact that they could obtain parameters
associated with appreciations and depreciations that are not
statistically different, while the IRs are indeed so. The latter
because IR functions can be a nonlinear function of both the
slope parameters and the variance of the innovations.

Inlight of this problem, Eldstein and Kilian (2007) suggest
an alternative approximation based on the IR functions ob-
tained according to the method explained in Section 4.1 to
test the symmetry hypothesis. We refer to this second group
of tests as tests of symmetryin the IRs.

4.2.1 Tests of Symmetry in Parameters

Tests for symmetry in parameters, or slope-based symmetry
tests, are attractive given their simplicity and because they do
notrequire the computation of IR functions. According to this
method, after estimating the regression of ), on its own lags
aswellas those on %, and x, , we test the equality of the coeffi-
cients by means of Wald test statistics that, under the null hy-
pothesis of symmetry, have distribution Ji* [see Mork (1989)].

Kilian and Vigfusson (2011) show that this approximation
doesnotexploitall therestrictions implied by the null hypoth-
esis of symmetry. They demonstrate that, by working with a
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reduced model, Mork (1989) omits the equality restriction of
the contemporaneoustermsof x,” and x,. Theauthors, there-
fore, propose, in terms of Model 5, working with the null hy-
pothesis

Hy: B, = p, =0.

The same authors argue that this hypothesis has higher sta-
tistical power than that of Mork (1989). They test this hypoth-
esisinamodelsuchasb, and by means of parameter exclusion
Wald tests seek to determine whether the fit of the model im-
proves with the inclusion of regressors x/", x,,...,x_,.

4.2.2 Tests of Symmetry in IR Functions

The proposal of Kilian and Vigfusson (2011), adapted for test-
ing sign symmetryin IR functions for prices in the presence of
exchange rate shocksto 4 over different horizons can be sum-
marized in the following steps:

1) Estimate structural Model 5.

2) Calculate 1R % periods ahead (in this case it was per-
formed with a horizon of 24 periods) for both positive
and negative shocks. That is, calculate I;(&h) and
I (=8,h).

3) Constructa Wald test of the joint null hypothesis of sym-
metry in positive and negative IRs up to a horizon of A
periodsin the future. The statistic, therefore, takes the

h
* . * . 2
form: W=Y"[1,(8.i)+1;(-5.,i)| =0.
=0
4) Estimate the variance-covariance matrix of the vector
sum of response coefficients by bootstrap simulation.

The Wstatistic, therefore, hasdistribution Ji;,, giventheas-
ymptotic normality of the parameter estimators of the model.
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4.3 Data

The database employed in the estimations corresponds to se-
ries published by the Banco Central de Costa Rica on its offi-
cial online data portal.” Basic exchange rate data sets have a
daily frequency, but a monthly series was constructed by tak-
ing the average between the purchase and sale references on
every business day each month. Meanwhile, the series for the
cpIare originally monthly.

As controlsin the estimations, we included indicators on out-
putgapandinterestrate differentials. The base information for
the output gapistheseasonallyadjusted series of the monthly
economicactivityindex (IMAE). We applied a Hodrick-Prescott
filter to thiswith smoothing parameter 4 =23.000 inline with
Seguraand Vasquez (2011).

Finally, the series for interest rate differentials considers
the United States Treasury federal funds effective rate® and
the monetary policy rate of the Banco Central de Costa Rica.
The sample period spans from January 2006 to March 2017.

5. RESULTS

5.1 Evaluation of Stationary Properties

The stationary properties of the series employed are deter-
mined in order to define the type of econometric method with
which to perform the prior analysis. The results of the unit
root tests applied are displayed in Table 1. It can be seen that
bothunder the Dickey-Fuller (DF) test and that of Phillips-Per-
ron (PP), itis not possible to reject the null hypothesis of a unit
root for all the series at levels, except for the IMAE gap. In the
case of the first difference, the null hypothesis ofa unitroot is

2 <https:/ /www.bccr.fi.cr /seccion-indicadores-economicos /in-
dicadores-econ%C3%B3micos>.
¥ <https:/ /fred.stlouisfed.org/series /FEDFUNDS>.
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P VALUES IN UNIT ROOT TESTS (H;: X, HAS UNIT ROOT)

Variable
Interest
Type rate
Variable in:  of test Specification cpl  ER  differential IMAE gap
Levels ADF  Const 099 027  0.72 0.00
Const and trend 0.99 0.55 0.91 0.00
PP Const 0.98 0.31 0.47 0.00
Const and trend 1.00 0.60 0.77 0.00
First ADF  Const 0.00 0.00 0.00 0.00
difference Constand trend ~ 0.00 0.00  0.00 0.00
PP Const 0.00 0.00 0.00 0.00
Const and trend 0.00 0.00 0.00 0.00

Source: Authors’ calculations.

rejected for all the series. Based on these results, all the vari-
ables in the estimations were used in first differences, except
the IMAE gap, which was kept at levels.

5.2 Lag Order

We proceeded to determine the mostappropriate lag order for
estimating Model 5in two ways. Firstly, based on VAR model lag
selection criteria and secondly using goodness-of-fit criteria
forthe equation of ), (price equationintheapplication of this
paper) in asymmetric structural Model 5. The selection was
made for three different model specifications: one bivariate
model (consisting of the first difference of the cpr and the ex-
changerate); two models of three variables constructed based
on the bivariate model adding the IMAE gap and interest rate
differential, respectively. Table 2 displays the results for those
models under five different criteria.
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OPTIMAL NUMBER OF LAGS ACCORDING TO DIFFERENT CRITERIA

Model
Bivariate + interest  Bivariate +
Specification Criteria  Bivariate  rale differentials IMAE gap
LR 5 1 3
FPE 1 1 1
VAR AIC 1 1 1
SC 1 1 1
HQ 1 1 1
Asymmetric prices AIC 5 5 5
equation SC 1 1 1

Note: LR stands for likelihood ratio, FPE to final prediction error, AIC to
Akaike information criterion, SC to Shwarz’s criterion, and HQ to that of
Hannan-Quinn.

Source: Authors’ calculations.

In general, the specification thatincludes onlyonelagtends
to dominate both in the criteria for the VAR model and for the
equation of ), inthe asymmetric structural model, regardless
of whether the modelisbivariate orincorporatesinterest rate
differentials or the IMAE gap. It should be emphasized, how-
ever, thatbased on the A1c, the model with five lags dominates
allthe casesfor the equation of ), in the asymmetric structur-
al model.

The results presented here are useful for assessing the evi-
dence on asymmetric effects shown in the following section,
where tests of symmetryin parameters and in IR functions for
models with up to 12 lags are revealed. Furthermore, the IR
functions presented below for measuring the exchange rate
pass-through correspond precisely to the specifications with
lag order selection based on the evidence in Table 2.
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P VALUE IN TEST OF PARAMETER SYMMETRY
(H,: SYMMETRIC PASS-THROUGH)

Type of model
Trivariate with interest Trivariate with
Lags Bivariate rate differentials IMAE gap

0.29 0.43 0.19
2 0.64 0.85 0.46
3 0.48 0.71 0.44
4 0.71 0.87 0.58
5 0.55 0.61 0.38
6 0.58 0.56 0.41
7 0.33 0.28 0.39
3 0.24 0.25 0.23
9 0.07 0.13 0.15
10 0.07 0.11 0.10
11 0.10 0.20 0.08
12 0.11 0.32 0.07

Note: Cases with the rejection of the H at 10% are highlighted in bold.
Source: Authors’ calculations.

5.3 Symmetry Tests

5.3.1 Test of Symmetry in Parameters

Theresults of the test of symmetryin the parameters, explained
inSection4.2.1,are shownin Table 3. As mentioned previous-
ly, they include the models that consider from 1 up to 12lags.
As can be seen, for models identified as having better good-
ness-of-fit (with 1 and 5lags) there is not sufficient evidence to
reject the null hypothesis of symmetric pass-through either
in the bivariate case or trivariate ones. Nonetheless, it is in-
teresting to see that the inclusién of additional lags (above 9)
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tends to increase the evidence against the hypothesis of sym-
metry, at least for the bivariate and trivariate models that in-
clude IMAE gap.

5.3.2 Test of Symmetry in Impulse Response Functions

The results from applying the test of symmetry on IR func-
tions, the methodology for which was described in Section
4.2, canbe seenin Table 4. The results were obtained by simu-
lating 40,000 forecasts of structural Model 5 withahorizon of
up to 24 months.* It is worth remembering that the variables
involved are, alternatively, the first difference of the cpr and
the first difference of the nominal ER (bivariate case), add-
ing IMAE gap and interest rate differentials for the models de-
nominated trivariate. In view of the fact that the nonlinearity
of IR functions may appear on any horizon, the table contains
p values for each forecasting horizon from 1 up to 24 months.
In general, the results do not lead to very different conclu-
sionsthan those obtained from the tests of symmetryin param-
eters. For the models with better goodness-of-fit (those that
include 1 and 5 lags), the evidence against the symmetry hy-
pothesisisscarceinallmodelsand forall horizons. Table 4 also
displays the results for the model with most evidence against
the symmetry hypothesis (the version that includes up to 12
lags). In this case, and at 10% significance, the bivariate mod-
el at horizons of between four and six months, and the trivar-
iate model with interest rate differentials for horizons above
ten months, exhibit some evidence in favor of the alternative
hypothesis of an asymmetric response in domestic prices to
exchange rate shocks. Nevertheless, it should be emphasized
that goodness-of-fit criteria do not favor this specification.
The fact that the greatest evidence of asymmetric pass-
through is found when the model estimated includes 12 lags
(trivariate model with interest rates differentials) might be be-
cause the estimations do not take intoaccount seasonal factors.

* See procedure explained in Section 4.1.
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Nonetheless, visual examination of the correlograms, as well
as simple tests in which the variables analyzed are regressed
in fictitious seasonal variables, do not suggest the presence of
thistype of effects (see Figure A.1 and Table A.1in the Annex).

5.4 Quantification of Exchange Rate
Pass-through to Prices

Inthissection, we quantify the ERPT estimated using structur-
al Model 5. For each model (bivariate and the two model vari-
ations with three endogenous) IR function estimations were
performed following the procedure described in Section 4.1,
fixing n,,, =n,, =200, i. e., averaging 40,000 estimations at
eachhorizon from 1 up to 24 months. The magnitude of these
functions is shown as a proportion of the size of the original
shock. Moreover, those corresponding to negative exchange
rate shocks are shown multiplied by -1 to allow their magni-
tude to be easily compared with those corresponding to pos-
itive shocks. The confidence bands shown are empirical and
correspond to percentiles 5 and 95 of the distribution of the
40,000 forecast simulations performed for each horizon and
for each model specification.

They also display IR functions for four different sizes of ER
shock (1, 2, 4 and 10 standard deviations), in order to analyze
whether sign asymmetry could be associated to the size of the
shocks, a matter that would not be evident in the tables pre-
sented in the previous section.

Figure 1 displays the IR functions obtained from the bi-
variate model that includes only one lag. The first point that
should be mentioned is that the proportional magnitude of
the pass-through during positive shocks (appreciations) ends
up being between 22% and 35%), which is consistent with the
most recent estimations based on linear methods.> However,

% See Orane (2016).
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the pass-throughin negative shocksis estimated tobe around
15% for small shocks and close to 0% for larger shocks.

Meanwhile, with respect to matters of asymmetry, it can be
seen that, forthe case of small shocks (one standard deviation),
the evidenceis consistent with thatshownin Table 4 in the sense
thatthe dynamicresponse of pricesis notstatistically different
in positive or negative ER shocks. Furthermore, inaccordance
with thesize of the shock confidence bands for the estimations
cease to overlap. Thus, for mid-sized and large shocks the re-
sponse of prices does appear statistically different.

Figure 2 shows the IRfunctions obtained when the addition-
alvariableisincorporated into the model, specificallyinterest
rate differentials. In terms of the proportional magnitude of
thelong-term pass-through we estimate, there isnot much dif-
ference from the bivariate case. The pass-through is between
20% and 30% in depreciations, and between 0% (large shocks)
and 15% (small shocks) in the case of appreciations.

Justasin the bivariate case, when the ERshock is small (one
standard deviation), there is no significant difference in the
dynamic response of domestic prices. Nonetheless, for larger
shocks (four and ten standard deviations) the spaces between
the confidence bands move apart during positive and negative
shocks, indicating sign asymmetry in the response.

One pattern that can be extracted from the IR functionsin
Figure 1 and Figure 2 is that when ER shocks are small, the re-
sponse of domestic pricesis no differentin the presence of ap-
preciations or depreciations. However, when the shocks are
mid-sized and large, the response during appreciations tends
to decrease in proportional magnitude, eventually differing
from the response during depreciations. One possible expla-
nation for this behavioris that economic agents may interpret
large appreciationsastemporary phenomenathat donot merit
price adjustments. This could be caused by the historical trend
(which has reverted during recent years) of inflation in Costa
Ricabeinghigherthaninthe country’s main trading partners.
The aforementioned meant the public became accustomed to
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IMPULSE RESPONSE FUNCTIONS OF PRICES TO EXCHANGE RATE
BY SHOCK SIZE
Bivariate model with a lag
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IMPULSE RESPONSE FUNCTIONS OF PRICES TO EXCHANGE RATE
BY SHOCK SIZE
Trivariate model (rates differential) with a lag
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increases in the nominal ER, and episodes of appreciations,
particularly very large ones, tend to be seen as exceptions to
the trend and therefore temporary.

Figures A.2 and A.3 in the Annex display the IR functions
for the case of bivariate and trivariate models (with interest
rate differentials) with five lags. Except for being necessary a
horizon of over 18 months to illustrate convergence, the dy-
namic response pattern is similar to that observed in the fig-
ures mentioned here.

One item that can be extracted from the estimations per-
formed, but that is not easily appreciable in Figure 1 or Fig-
ure 2, is that the magnitude of the pass-through is a growing
function of the shocks when they are depreciations, but a de-
creasing function if they are appreciations. Thisisillustrated
in Figure 3 corresponding to estimations using the trivariate
model thatincludesinterest rate differentials (the trend isthe
same in the case of the bivariate model). Note that for positive
exchange rate shocks (upper panel of the figure) the dynamic
response of domestic prices is larger than for smaller shocks.
On the other hand, for negative shocks (lower panel of the
figure), the smaller the shock, the larger the proportional re-
sponse (in absolute value).®

Asmentioned, this phenomenon could be explained by eco-
nomic agents’ expectations being rooted in considering epi-
sodes of appreciation in the domestic currency as unusual. If
this were the case, negative exchange rate shocks, especially
thelargest ones, would be considered temporaryand, possibly
due toitemssuch as menu costs, would not generate downward
adjustments in prices in domestic currency.

6 Asshown, IR functions appear multiplied by -1 in the presence

of appreciations.

26 Monetaria, January-June, 2018



IMPULSE RESPONSE FUNCTIONS OF PRICES TO EXCHANGE RATE
BY SHOCK SIZE
Trivariate model (rates differential) with a lag
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6. CONCLUSIONS

In general, the magnitude of exchange rate pass-through to
pricesis calculated to be between 20% and 35% in the case of
depreciations. This estimation is similar in size to the most
recent ones obtained by the Banco Central de Costa Rica em-
ploying linear methods. Nevertheless, those linear methods
assume sign symmetryin the estimation. In this paper, we cal-
culate that in the case of appreciations the magnitude of the
pass-through is between 0% and 15 percent.

The dynamic response of the cpI to exchange rate
shocks exhibits evidence of sign asymmetry only
when the shocks are mid-sized or large.

For more common unexpected appreciations or deprecia-
tions (of one standard deviation), tests for asymmetry in pa-
rameters and in IR functions do not find sufficient evidence to
reject the hypothesis of symmetry. Meanwhile, the empirical
confidence bands for IR functions indicate that when the size
of the appreciation or depreciation is mid-sized or large (four
or more standard deviations), the response of domestic pric-
esisgreater (in absolute value) during adepreciation. Hence,
it is not correct to assume a response of similar magnitude in
domestic prices to appreciations than to deprecations when
these are relatively large.

The size of the shock influences the proportional
magnitude of the pass-through

When it comes to unexpected depreciations in the domestic
currency, those of greatest magnitude are transmitted to a
larger extent than smaller ones. Moreover, during unexpect-
ed appreciations, the largest ones are transmitted less to do-
mestic prices.
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The evidence found in this research indicates that consid-
ering a constant pass-through regardless of the direction or
magnitude of exchange rate shocks possibly leads to errone-
ous estimates for the impact of exchange rate variations on
domestic prices.

ANNEX

CORRELOGRAM AND PARTIAL CORRELOGRAM
OF LOGARITHMIC FIRST DIFFERENCE OF THE CPI

Sample: 2006M1-2017M4
Observations: 13

Autocorrelation Partial correlation AC PAC  Q statistic Prob.

1 0.493 0493 33.504 0.000
! 2 0.300 0.076 46.029 0.000

3 0312 0.183 59.655 0.000
4 0.174 -0.071 63.926 0.000
5 0332 0312 79.605 0.000
6 0.316 0.020 93.880 0.000
7 0.167 -0.045 97.929 0.000
8 0.116 0.094 99.882 0.000
9 0.102 0.057 101.41 0.000
10 0.147 0.054 104.59 0.000
11 0.277 0.184 116.01 0.000
12 0.230 -0.014 123.95 0.000
13 0.172 0.050 128.45 0.000
14 0.180 0.026 133.40 0.000
0.156 0.044 137.16 0.000
16 0.174 -0.041 141.86 0.000
17 0.198 0.027 147.98 0.000
18 0.252 0.151 158.02 0.000
19 0.164 —0.058 162.33 0.000
20 0.074 -0.084 163.21 0.000
21 0.065 -0.056 163.89  0.000
22 0.023 -0.051 163.97 0.000
23 0.088 0.029 165.26 0.000
24 0.155 0.076 169.27 0.000

—
(€28

Source: Author’s calculations.
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STATIONARITY TEST WITH DICHOTOMOUS VARIABLES

Dependent variable: DLOGIPC
Method: least squares
Sample (adjusted): 2006M2-2017M4

Included observations: 135, after adjustments

Standard
Variable Coefficient error Statistical probability t — Probability
C 0.5911 0.1250 4.7305 0.0000
DUMCE 0.6718 0.0818 8.2114 0.0000
(@SEAS(2) -0.2532 0.1718 -1.4732 0.1433
@SEAS(3) -0.6152 0.1718 -3.5801 0.0005
(@SEAS(4) -0.3096 0.1718 -1.8018 0.0740
@SEAS(5) -0.1398 0.1756 -0.7959 0.4276
@SEAS(6) -0.3344 0.1756 -1.9041 0.0592
@SEAS(7) -0.1404 0.1756 -0.7994 0.4256
(@SEAS(8) -0.2920 0.1756 -1.6627 0.0989
@SEAS(9) -0.7188 0.1756 -4.0935 0.0001
@SEAS(10) -0.6174 0.1756 -3.5159 0.0006
@SEAS(11) -0.2678 0.1756 -1.5249 0.1299
@SEAS(12) -0.1626 0.1755 -0.9267 0.3559
¢ 0-4498 Mdes:e(r)lfdt:net variable 0.4377
Adjusted R? Standard deviation
0.3956  of the dependent 0.5293

variable

Standarq error of the 04115 Akaike criteria 1.1532
regression

Residual sum of squares 20.6554 Schwarz criteria 1.4329
Log likelihood —64.8302 Harllnar.l—Quinn 1.9669

criteria
Statistical measure of F 8.3102 Durb.ianatson 1.3304

statistic
Probability (statistical 0.0000

measure of F)

Source: Authors’ calculations.
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IMPULSE RESPONSE FUNCTIONS OF PRICES TO EXCHANGE RATE
BY SHOCK SIZE
Bivariate model with five lag
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IMPULSE RESPONSE FUNCTIONS

OF PRICES TO EXCHANGE RATE

BY SHOCK SIZE
Trivariate model (rates differential) with five lags
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