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1 Introdu
tionAggregate real ex
hange rates are among the most s
rutinized of e
onomi
 variables be
ausetheir persisten
e and volatility are mu
h higher than what e
onomists believe is 
onsistent with aplausible degree of pri
e rigidity. The time-dependent pri
ing model o�ers a 
onvenient theoreti
alframework linking pri
e sti
kiness and real ex
hange rate behavior. Chari, Kehoe, and M
Grattan(2002, CKM) show that to generate the observed persisten
e of CPI-based aggregate real ex
hangerates, pri
es need to be exogenously �xed for at least one year. This degree of pri
e-sti
kiness,however, appears implausible based on re
ent eviden
e of Bils and Klenow (2004) who �nd amedian duration between pri
e 
hanges of only 4.3 months in U.S. mi
ro-data.An emerging literature using international mi
ro-data �nds the half-life of deviations from theLaw of One Pri
e (LOP) for the median good in the neighborhood of 18 months, 
onsiderablylower than the 
onsensus 3-5 year half-lives of aggregate real ex
hange rates (Cru
ini and Shintani(2008)). This eviden
e suggests that studies using pri
es of individual goods, rather than pri
eindi
es, is a more promising approa
h for evaluating time-dependent pri
ing models and under-standing short-run international relative pri
e dynami
s. An important 
ontribution along thisline is Kehoe and Midrigan (2007) who allow di�erent pri
e sti
kiness a
ross individual goods andshow that the persisten
e in LOP deviations is equal to `the Calvo parameter,' the probability ofpri
e non-adjustment at the good level. Their empiri
al analysis using real ex
hange rates of 66individual goods shows that the frequen
y of no pri
e adjustment is higher for goods that alsoexhibit more persisten
e deviations from the LOP, as suggested by the theoreti
al model. How-ever, the persisten
e puzzle is still not resolved in the sense that the observed frequen
ies of mi
ropri
e 
hanges are too high to repli
ate the persisten
e of real ex
hange rate for most goods in the
ross-se
tion. In addition, the model does not mat
h the time series variability of LOP deviationsobserved in the mi
ro-data. These theoreti
al and empiri
al results are important and point to theneed to break the tight 
orresponden
e between the frequen
y of pri
e adjustment and the LOPpersisten
e parameter 
hara
terizing the standard Calvo-type sti
ky pri
e model.In this paper, we break this tight link by extending the Kehoe-Midrigan model to allow forinformation sti
kiness. That is, in addition to the standard Calvo pri
ing, we assume only a fra
tionof �rms update their information set ea
h month, with the fra
tion possibly di�ering a
ross �rms.Thus pri
e dynami
s be
ome a 
onvolution of pri
e adjustment timing and information updating. Inthe ma
roe
onomi
 literature, Mankiw and Reis (2002) show that a model of information sti
kiness,2



or inattentiveness, is 
apable of explaining the observed slow response of aggregate in
ation tomonetary sho
ks mu
h better than sti
ky pri
es alone. When the information sti
kiness augmentsthe Calvo-type sti
ky pri
e me
hanism, less frequent information updating leads to higher pri
epersisten
e, at a given frequen
y of pri
e adjustment (Dupor, Kitamura, and Tsuruga (2008, DKT)).With plausible assumptions on the money growth pro
esses of two 
ountries in the internationalsetting, a similar e�e
t takes pla
e to in
rease both the persisten
e and volatility of real ex
hangerates.In addition to the generalization of the sti
ky pri
e model to allow for the information sti
kiness,our analysis di�ers from Kehoe and Midrigan (2007) in several aspe
ts. First, our empiri
al anal-ysis is based on an international retail pri
e survey whi
h re
ords lo
al 
urren
y pri
es for highlydisaggregated individual goods and servi
es spanning most of the CPI basket. Using this surveywe expand the number of produ
ts from 66 produ
ts used in Kehoe and Midrigan (2007) to 165.Another advantage of this data is that the survey is 
ondu
ted by a single agen
y, the E
onomistIntelligen
e Unit, so we 
an expe
t a reasonable uniformity in the quality of the produ
ts amonginternational 
ities. An important limitation of our data is its annual frequen
y and relative shorttime-span, from 1990 to 2005. As in the 
ase of Cru
ini and Shintani (2008), the diÆ
ulty ofestimating persisten
e with short time-series is mitigated by utilizing the dynami
 panel feature ofthe data.Se
ond, our theoreti
al model allows for the presen
e of multiple 
ities in ea
h 
ountry and forlong-run pri
e deviations between the 
ross-border 
ity pairs to di�er by good and 
ity pair. Forea
h good, we use the panel of 52 U.S.-Canadian 
ity pairs to estimate a dynami
 panel model andto 
ompute the volatility under the error 
omponents model framework.Third, we also examine the e�e
t of the ex
lusion of sales on the performan
e of sti
ky pri
emodels in explaining real ex
hange rate dynami
s. Re
ently, Nakamura and Steinsson (2007) 
laimthat the eviden
e of the fast pri
e adjustment obtained by Bils and Klenow (2004) may be stronglyin
uen
ed by the presen
e of sales, or other temporary pri
e redu
tions. Nakamura and Steinsson(2007) de�ne the regular pri
e 
hange by ex
luding sales from the observed pri
e 
hange, and reportthat the median frequen
y of regular pri
e 
hanges in
reases to the range of 8 to 11 months. Sin
epri
es are sti
kier based on this alternative de�nition of pri
e 
hange, it elevates the Calvo model'sability to a

ount for important features of the data. We evaluate the performan
e of the modelusing both of these de�nitions of pri
e adjustment frequen
y.The main 
on
lusions of Kehoe and Midrigan (2007) are robust to the 
hange in the data. We3




on�rm that the both persisten
e and volatility are mu
h higher than the predi
tion of a standardCalvo-type sti
ky pri
e model even if we use (i) more disaggregated retail pri
e data, (ii) panel data
onsisting of multiple 
ities in the U.S. and Canada, and (iii) adjust the frequen
y of pri
e 
hangesfor temporary sales.However, unlike the standard Calvo model, our extended model with information sti
kiness 
anfully a

ount for both persisten
e and volatility. The model fares well when the average durationbetween information updates is 14 to 17 months if sales are not removed and 9 to 12 months if salesare removed. The ability of our model in fully repli
ating the observed persisten
e and volatility
ontrasts to another possible extension of the Calvo model allowing for pri
ing 
omplementarities.Kehoe and Midrigan (2007) show that su
h an extension only leads to a modest improvement inexplaining the persisten
e and little improvement in explaining the varian
e. Our key �nding isthat the dispersion of average duration between information updates a
ross goods is 
omparableto the average duration between pri
e 
hanges. While the existing mi
ro eviden
e on informationsti
kiness is quite limited relative to that on pri
e sti
kiness, our estimates of the information delayparameter seem 
onsistent with the available survey eviden
e on the frequen
y with whi
h �rms
ondu
t major information updates. Given the 
ost of information 
olle
tion and pro
essing forpri
ing de
isions, we view information sti
kiness story as realisti
 as the traditional menu 
oststory.1This paper is organized as follows: Se
tion 2 presents our model as a generalization of Kehoe andMidrigan's model. In Se
tion 3 we examine the model impli
ations for the time series properties ofthe good-level real ex
hange rates. Se
tion 4 des
ribes our data and how we use it to evaluate themodel. We also 
ompare the ben
hmark sti
ky pri
e model and our extended model. The studyends with a dis
ussion of future resear
h in Se
tion 5 .2 The modelTrade is over a 
ontinuum of goods between two 
ountries with multiple 
ities lo
ated in ea
h
ountry. Under monopolisti
 
ompetition, �rms set pri
es in lo
al 
urren
y to satisfy demand fora parti
ular good in a parti
ular 
ity. A representative agent in ea
h 
ountry 
hooses 
onsumptionover an in�nite horizon subje
t to a 
ash-in-advan
e (CIA) 
onstraint. In what follows, the U.S.and Canada represent the home and foreign 
ountry, respe
tively, and the unit of time is one month.1Examples in
ludes Sims (2003), Woodford (2003) and Mankiw and Reis (2006).4



The lowest level of aggregation is the brand, z of a parti
ular good. U.S. brands of ea
h goodare indexed z 2 [0; 1=2℄ while those in Canada are indexed z 2 (1=2; 1℄. Integrating over brands,we have the CES indi
es for 
onsumption of good j in a U.S. 
ity l and a Canadian 
ity l�; givenby 
t(j; l) = �Z 10 
t(j; l; z) ��1� dz� ���1 (1)and 
�t (j; l�) = �Z 10 
�t (j; l�; z) ��1� dz� ���1 ; (2)where 
t(j; l; z) is 
onsumption of a brand z of good j in U.S. 
ity denoted l and 
�t (j; l�; z) is theanalog 
onsumption of that brand for a Canadian 
ity, l�.CES aggregation a
ross 
ities l 2 [0; 1℄ and l� 2 [0; 1℄, gives national 
onsumption of good jwithin the U.S. 
t(j) = �Z 
t(j; l) ��1� dl� ���1 ; (3)and Canada, 
�t (j) = �Z 
�t (j; l�) ��1� dl�� ���1 ; (4)respe
tively.CES aggregation a
ross goods in ea
h 
ountry gives aggregate 
onsumption in the U.S., 
t,
t = �Z 
t(j) ��1� dj� ���1 (5)and Canada, 
�t , 
�t = �Z 
�t (j) ��1� dj� ���1 . (6)2.1 HouseholdsAs in Kehoe and Midrigan (2007) 
omplete markets for state-
ontingent money 
laims exist. Agentsde
ide how many one-period nominal bonds to hold in ea
h state of the world in period t+1. U.S.households hold Bt+1 while Canadians hold B�t+1 (both denominated in the U.S. dollars).2 Thepri
e of a bond issued at date t, maturing at date t + 1 is denoted by Qt;t+1. Also, Qt;t+h is thenominal sto
hasti
 dis
ount fa
tor by whi
h all �rms, regardless of their 
ountry of origin, dis
ountpro�ts earned in period t+ h ba
k to the present period t.2As Kehoe and Midrigan (2007) argue, it does not matter if foreign (Canadian) 
onsumers hold 
omplete andstate-
ontingent one-period nominal bonds denominated in the foreign 
urren
y (Canadian dollars). It would besimply a redundant assumption under state-
ontingent bond markets.5



Households in the ea
h 
ountry maximize the dis
ounted sum of U(
t; nt) = ln 
t ��nt (� > 0)subje
t to an intertemporal budget 
onstraint and a CIA 
onstraint. The maximization problemfor U.S. households is:E0 1Xt=0 �tU(
t; nt); (7)s.t. Mt + E t (Qt;t+1Bt+1) = Rt�1Wt�1nt�1 +Bt + (Mt�1 � Pt�1
t�1) + Tt +�t; (8)Mt � Pt
t; (9)where � is the dis
ount fa
tor of the household satisfying 0 < � < 1 and E t(�) denotes the expe
-tation operator 
onditional on the information available in period t.The left hand side of the intertemporal budget 
onstraint (8) represents the nominal value oftotal wealth of the household brought into the beginning of period t+1. It 
onsists of 
ash holdingMt and bond holdings Bt+1. As shown in the right hand of (8), the household re
eives nominallabor in
ome Wt�1nt�1 in period t � 1 whi
h earns gross nominal interest Rt�1 per unit of laborin
ome until period t in terms of U.S. 
urren
y.3 Households 
arry nominal bonds in amount Btand 
ash holding remaining after 
onsumption expenditures (Mt�1 � Pt�1
t�1) into period t; Pt isthe aggregate pri
e index de�ned below. Finally, Tt and �t are nominal lump sum transfers fromthe U.S. government and nominal pro�ts of �rms operating in the U.S., respe
tively.4The equation (9) is the CIA 
onstraint. The aggregate pri
e Pt is given by Pt = [R Pt(j)1��dj℄ 11�� ,where Pt(j) is the aggregate pri
e index for good j; it is a CES aggregate over 
ity-spe
i�
 pri
esfor that good: Pt(j) = [R Pt(j; l)1��dl℄ 11�� . The pri
e index for good j in a parti
ular 
ity l used inthis aggregation is given by Pt(j; l) = �Z Pt(j; l; z)1��dz� 11�� :Households in Canada solve the analogous optimization problem ex
ept we must 
onvert theirU.S. dollar bond holdings into Canadian dollars at the spot nominal ex
hange rate, St. Thus theCanadian-dollar intertemporal budget 
onstraint isM�t + E t(Qt;t+1B�t+1)St = St�1Rt�1St W �t�1n�t�1 + B�tSt + (M�t�1 � P �t�1
�t�1) + T �t +��t :
3We assume that the government pays interest rate Rt(= 1=EtQt;t+1) on labor in
ome in period t. This assumptionallows households' intratemporal optimality 
ondition to be undistorted.4We assume that government's lump sum transfers and �rms' pro�ts in a 
ountry go to households in that 
ountry.6



The �rst order 
onditions of households in both 
ountries are as follows:WtPt = �
t (10)W �tP �t = �
�t (11)E tQt;t+1 = �E t "�
t+1
t ��1 PtPt+1# (12)E tQt;t+1 = �E t "�
�t+1
�t ��1 StP �tSt+1P �t+1# (13)Mt = Pt
t (14)M�t = P �t 
�t : (15)The equations (10) and (11) represent intratemporal substitution between labor and 
onsumptionwhile (12) and (13) represent intertemporal 
onsumption 
hoi
es a
ross adja
ent months. The in-tertemporal 
onditions, (12) and (13), are slightly di�erent be
ause Canadians buy state-
ontingentone-period nominal bonds denominated in the U.S. dollars. The CIA 
onstraints always bind asshown in equations (14) and (15).The nominal wage rate in a 
ountry is proportional to the sto
k of money held by householdsin that 
ountry. Combining the intratemporal 
onditions (10) and (11) with the CIA 
onstraintswe have: Wt = �Mt; (16)W �t = �M�t : (17)The aggregate real ex
hange rate is determined by 
ombining the home and foreign intertem-poral 
onditions: qt = StP �tPt = � 
t
�t ; (18)where � = q0
�0=
0.5The nominal ex
hange rate is determined by 
ombining (18) with the CIA 
onstraints (14) and(15): St = �MtM�t : (19)5See Appendix A. 7



2.2 FirmsThe output of brand z of good j in the U.S. is equal to the number of hours allo
ated to thata
tivity: yt(j; z) = nt(j; z) . (20)Goods are perishable, so the 
onsumption of ea
h good a
ross all 
ities equals output of that goodin the 
urrent period: Z 
t(j; l; z)dl + Z (1 + �(j; l�))
�t (j; l�; z)dl� = yt(j; z): (21)We allow for long-run deviations from the LOP a
ross borders through �(j; l�), an i
eberg trans-portation 
ost in exporting good j from the U.S. to a Canadian 
ity indexed by l�. A �rm mustship (1 + �(j; l�)) units of good j to 
ity l� for one unit of that good to arrive at the destination.An analogous market 
learing 
ondition holds for ea
h of the Canadian goods:Z (1 + �(j; l))
t(j; l; z)dl + Z 
�t (j; l�; z)dl� = y�t (j; z): (22)2.3 Pri
e adjustment and information updatingThis se
tion begins by reviewing Calvo pri
ing used by Kehoe and Midrigan (2007) and thenpresents our extension to allow for information updating as in Mankiw and Reis (2002). Theequilibrium is brie
y des
ribed in ea
h setting.2.3.1 Calvo pri
ingWe model the nominal pri
e rigidities as in Calvo (1983) and Yun (1996): ea
h month a fra
tion of�rms 1� �j are randomly drawn and allowed to reset their pri
es. As suggested by the subs
ript,the frequen
y of pri
e 
hanges varies a

ording to the type of good j and is assumed to be the samein both 
ountries, good-by-good.All U.S. �rms that sell their good j in 
ity l 
hoose the same optimal pri
e when they adjustpri
es in period t. The pri
e PH;t(j; l) solves the following maximization problem:maxPH;t(j;l)E t 1Xh=0�hjQt;t+h[PH;t(j; l) �Wt+h℄�� PH;t(j; l)Pt+h(j; l)��� �Pt+h(j; l)Pt+h(j) ��� �Pt+h(j)Pt+h ��� 
t+h; (23)
8



for all 
ities l 2 [0; 1℄. Here, we used the three demand fun
tions as 
onstraints:
t(j) = �Pt(j)Pt ��� 
t
t(j; l) = �Pt(j; l)Pt(j) ��� 
t(j)
t(j; l; z) = �Pt(j; l; z)Pt(j; l) ��� 
t(j; l):The optimality 
ondition for PH;t(j; l) isE t 1Xh=0�hjQt;t+h�PH;t(j; l)Pt+h ��� 
t+h= �� � 1E t 1Xh=0 �hjQt;t+h� Wt+hPH;t(j; l)��PH;t(j; l)Pt+h ��� 
t+h: (24)Similarly, all Canadian �rms that export and sell their good j in 
ity l 
hoose the same optimalpri
e PF;t(j; l) when they adjust pri
es. The pri
e PF;t(j; l) for these �rms solves the maximizationproblem: maxPF;t(j;l)E t 1Xh=0�hjQt;t+h[PF;t(j; l) � (1 + �(j; l))St+hW �t+h℄�� PF;t(j; l)Pt+h(j; l)��� �Pt+h(j; l)Pt+h(j) ��� �Pt+h(j)Pt+h ��� 
t+h; (25)for all 
ities l 2 [0; 1℄. The optimality 
ondition is of the form similar to (24):E t 1Xh=0�hjQt;t+h�PF;t(j; l)Pt+h ��� 
t+h= �� � 1E t 1Xh=0�hjQt;t+h�(1 + �(j; l))St+hW �t+hPF;t(j; l) ��PF;t(j; l)Pt+h ��� 
t+h: (26)2.3.2 Calvo pri
ing with infrequent information updatingWe now add information sti
kiness following Mankiw and Reis (2002) to the model. Consider �rmsfa
ing two nominal rigidities. First, ea
h �rm has a 
onstant probability of pri
e resetting 1 � �jas before. Se
ond, with probability of 1� !j, a �rm re
eives an information update in the 
urrentmonth. The fra
tion of �rms that fail to get updates, !j, use the information available from themost re
ent update. For tra
tability, we assume that the two probabilities are independent ea
hother.DKT develop this 
ombined sti
kiness stru
ture to explain persistent in
ation dynami
s aswe spe
i�ed above. In DKT, infrequent pri
e 
hanges arise due to the Calvo assumption of pri
e9




hanges. However, when �rms 
ompute their optimal reset pri
es, a fra
tion of �rms use the newestinformation set and the remaining �rms use the stale information set to determine pri
es. FollowingDKT, we employ this stru
ture and refer to it as \dual sti
kiness" pri
ing.All U.S. �rms that sell their good j in 
ity l 
hoose di�erent pri
es a

ording to the vintageof their information set. When �rms are allowed to adjust pri
es, those with the same vintageof information 
hoose the same pri
e. Let P kH;t(j; l) be the optimal reset pri
e set by U.S. �rms
onditional on information of vintage k, its age in months. The pri
e P kH;t(j; l) for these �rms solvesmaxP kH;t(j;l)E t�k 1Xh=0�hjQt;t+h[P kH;t(j; l) �Wt+h℄� P kH;t(j; l)Pt+h(j; l)!�� �Pt+h(j; l)Pt+h(j) ��� �Pt+h(j)Pt+h ��� 
t+h; (27)for k = 0; 1; 2; � � � and for all 
ities l 2 [0; 1℄. Note the only di�eren
e between this problem andthe standard Calvo problem is that the expe
tation is taken with respe
t to information of vintagek and pri
es that reset are indexed both by the time period they are reset and the vintage of theinformation used at the point they are reset, P kH;t(j; l).The optimality 
ondition for P kH;t(j; l) isE t�k 1Xh=0�hjQt;t+h P kH;t(j; l)Pt+h !�� 
t+h= �� � 1E t�k 1Xh=0�hjQt;t+h Wt+hP kH;t(j; l)! P kH;t(j; l)Pt+h !�� 
t+h; (28)for k = 0; 1; 2; � � � . Canadian �rms that sell their good j by exporting to 
ity l also 
hoose pri
esbased on their information set that they last updated. They 
hoose pri
es so as to solve themaximization problem:maxP kF;t(j;l)E t�k 1Xh=0�hjQt;t+h[P kF;t(j; l)� (1 + �(j; l))St+hW �t+h℄� P kF;t(j; l)Pt+h(j; l)!�� �Pt+h(j; l)Pt+h(j) ��� �Pt+h(j)Pt+h ��� 
t+h; (29)for k = 0; 1; 2; � � � . The optimality 
ondition is similar to (28):E t�k 1Xh=0�hjQt;t+h P kF;t(j; l)Pt+h !�� 
t+h= �� � 1E t�k 1Xh=0�hjQt;t+h (1 + �(j; l))St+hW �t+hP kF;t(j; l) ! P kF;t(j; l)Pt+h !�� 
t+h; (30)for k = 0; 1; 2; � � � . 10



2.3.3 EquilibriumThe monetary authority in ea
h 
ountry sets the growth rate of the money sto
k su
h that it followsan AR(1): ln�t = � ln�t�1 + "t; (31)ln��t = � ln��t�1 + "�t ; (32)where "t and "�t are mean-zero i.i.d sho
k and �t =Mt=Mt�1 and ��t =M�t =M�t�1. The steady state(log) money growth rates is set to zero and the 
ommon persisten
e parameter satis�es � 2 [0; 1).Total transfers from the government in the ea
h 
ountry equal domesti
 money inje
tions minusthe lump sum tax from the government paying interest. For the U.S., we have Tt = Mt �Mt�1 �(Rt�1 � 1)Wt�1nt�1. The total transfer in Canada is of the same form up to 
urren
y 
onversions:T �t =M�t �M�t�1 � (St�1Rt�1St � 1)W �t�1n�t�1.The pro�ts of U.S. �rms a

rue ex
lusively to U.S. households. In other words, �t = Rj R 12z=0�t(j; z)dzdj,where �t(j; z) is the pro�t of a U.S. �rm. Similarly, the pro�ts of Canadian �rms a

rue ex
lusivelyto Canadian households: ��t = Rj R 1z= 12 ��t (j; z)dzdj, where ��t (j; z) is the pro�t of a Canadian �rm.Re
all, market 
learing 
onditions for good markets were given by (21) and (22). The labormarket 
learing 
onditions are nt = Zj Z 12z=0 nt(j; z)dzdj;n�t = Zj Z 1z= 12 n�t (j; z)dzdj:Last, but not least, the bond market 
lears at ea
h date: Bt +B�t = 0 for all t.An equilibrium of the Calvo pri
ing e
onomy is a 
olle
tion of allo
ations and pri
es:� f
t(j; l; z)gj;l;z , Mt, Bt+1, nt for U.S. households;� f
�t (j; l�; z)gj;l;z, M�t , B�t+1, n�t for Canadian households;� fPt(j; l; z); P �t (j; l�; z); nt(j; z); yt(j; z)gj;l;z2[0;1=2℄ for U.S. �rms;� fPt(j; l; z); P �t (j; l�; z); n�t (j; z); y�t (j; z)gj;l�;z2(1=2;1℄ for Canadian �rms;� Nominal wages and bond pri
es satisfy the following 
onditions:1. Households' allo
ations solve their maximization problem;11



2. Pri
es and allo
ations of �rms solve their maximization problem (23) and (25);3. All markets 
lear;4. The money supply pro
ess and transfers satisfy the spe
i�
ations above.An equilibrium of the dual sti
kiness pri
ing e
onomy is not mu
h di�erent from the de�nition ofthe equilibrium of the Calvo pri
ing e
onomy. Pri
es and allo
ations of �rms solve the maximizationproblems (27) and (29) instead of (23) and (25).3 Model predi
tions for LOP deviationsWe now dis
uss impli
ations of Kehoe-Midrigan model under Calvo pri
ing and dual sti
kinesspri
ing for the persisten
e and volatility of deviations from the LOP.3.1 Calvo pri
ingLog-linearization of (24) around the steady state yields the (log) optimal pri
e for U.S. �rms thatreset pri
es in period t: P̂H;t(j; l) = (1� �j�) 1Xh=0(�j�)hE tM̂t+h; (33)where P̂H;t(j; l) and M̂t are the log-deviation of PH;t(j; l) andMt from the steady state, respe
tively.Here, we use the proportionality of nominal wages to money supply (i.e., (16)) to repla
e the log-deviation of Wt with M̂t (i.e., Ŵt = M̂t). Thus, the �rms that adjust pri
es in period t 
hoose theirpri
e to equalize it to the weighted average of the 
urrent and future path of nominal marginal
osts.Analogously, we 
an derive the log-deviation of optimal pri
e for Canadian �rms from (26):P̂F;t(j; l) = (1� �j�) 1Xh=0(�j�)hE t(Ŝt+h + M̂�t+h):Substituting out the equilibrium nominal ex
hange rate, using (19), gives usP̂F;t(j; l) = (1� �j�) 1Xh=0(�j�)hE tM̂t+h: (34)Thus, P̂F;t(j; l) = P̂H;t(j; l), under our spe
i�
 preferen
e assumption and the log-deviation of pri
eindex for P̂t(j; l) under Calvo pri
ing be
omesP̂t(j; l) = �jP̂t�1(j; l) + (1� �j)P̂H;t(j; l):12



It is 
onvenient to normalize P̂H;t(j; l) (and P̂t(j; l)) by M̂t to assure stationarity. The deviationreset pri
es from their steady-state relative to the movement in the nominal money supply isp̂H;t(j; l) = (1� �j�) 1Xh=0(�j�)hE t (M̂t+h � M̂t) = � �j��1� �j��� �̂t; (35)where p̂H;t(j; l) = P̂H;t(j; l)� M̂t and �̂t = M̂t � M̂t�1. As it turns out p̂F;t(j; l) = P̂F;t(j; l)� M̂t =p̂H;t(j; l) so the short-run dynami
s of the optimal pri
es are the same for home and foreign �rmsselling the same good at the same lo
ation in spite of the transportation 
osts whi
h drive a wedgebetween the pri
es in the long-run.The same normalization for the pri
e deviation for good j in 
ity l yieldsp̂t(j; l) = �j p̂t�1(j; l) � �j�̂t + (1� �j) � �j��1� �j��� �̂t; (36)where p̂t(j; l) = P̂t(j; l) � M̂t.The analogous expression for the Canadian pri
e index for good j and 
ity l� isp̂�t (j; l�) = �j p̂�t�1(j; l�)� �j�̂�t + (1� �j) � �j��1� �j��� �̂�t ; (37)and the log bilateral real ex
hange rate for good j a
ross 
ities l and l� is q̂t(j; l; l�) = ln qt(j; l; l�)�ln q(j; l; l�), where qt(j; l; l�) is given byqt(j; l; l�) = StP �t (j; l�)Pt(j; l) ; (38)and q(j; l; l�) is its steady state value.The next proposition 
hara
terizes the short-run good-level real ex
hange rate dynami
s underCalvo pri
ing with a slight generalization of Kehoe and Midrigan (2007).Proposition 1. Under the preferen
e assumption U(
; n) = ln 
 � �n, the CIA 
onstraints, theassumption of money growth (31) and (32) and good-spe
i�
 Calvo pri
ing, the good-level realex
hange rate between any 
ities l and l� follows an AR(2) pro
ess of the form:q̂t(j; l; l�) = (�j + �)q̂t�1(j; l; l�)� �j�q̂t�2(j; l; l�) + �j�t; (39)where q̂t(j; l; l�) = Ŝt+ P̂ �t (j; l�)� P̂t(j; l), �j = �j� (1��j) �j��1��j�� , and �t(= "t�"�t ) is i.i.d.(0; �2�).Proof. From (18) and (19), q̂t(j; l; l�) = p̂�t (j; l�) � p̂t(j; l). Subtra
ting (36) from (37) yieldsq̂t(j; l; l�) = �j q̂t�1(j; l; l�) + �j(�̂t � �̂�t ). Be
ause �̂t � �̂�t follow an AR(1) from (31) and (32),we obtain (39) and proved Proposition 1. 13



Proposition 1 of Kehoe and Midrigan (2007) is a spe
ial 
ase of the one above: when moneygrowth rates follow an i.i.d. pro
ess (� = 0) equation (39) redu
es to an AR(1) model with its
oeÆ
ient �j and �j = �j as Kehoe and Midrigan (2007) prove.3.1.1 Persisten
eTurning to impli
ations for persisten
e of the good-level real ex
hange rates we employ the sum ofautoregressive 
oeÆ
ients (SAR) as the persisten
e metri
. This is often the 
ase in applied workwhen moving beyond the AR(1) model (e.g., Andrews and Chen (1994) and Clark (2006)) be
ausethe SAR has a one-to-one relationship to the 
umulative long-run impulse response to a sho
k. Wedenote the SAR by �j.Under Proposition 1, the SAR measure of persisten
e is �j = �j + �(1 � �j); it simpli�esto �j = �j when � = 0. Obviously, SAR is stri
tly in
reasing in � regardless of the degree ofpri
e sti
kiness under �j 2 [0; 1). The left panel of Fig.1 shows the e�e
t of in
reasing � on thepersisten
e for the two goods: a good with relatively slow pri
e adjustment (�j = 0:95) and a goodwith relatively fast pri
e adjustment (�j = 0:5).The right panel of Fig.1 plots the SAR against �j . The �gure 
ompares the model's impli
ationsfor � = 0, as 
alibrated by Kehoe and Midrigan (2007) and � = 0:83, the monthly analog to theCKM 
alibration.6 The impa
t of introdu
ing persisten
e in money growth rates on the SAR is
lear. When � = 0, the model predi
ts that the SAR equals �j, so the two lie on the 45 degreeline in the �gure. On the other hand, when � > 0, the model predi
ts a mu
h 
atter line. Thus, ahigh persisten
e of the money growth rates in
reases the persisten
e of LOP deviations, regardlessof the frequen
y of pri
e adjustment, but the quantitative impa
t is greatest when the frequen
yof pri
e adjustment is highest.To see the intuition behind the persistent dynami
s it is instru
tive to express the 
urrent LOPdeviation as a fun
tion of its lagged self and the 
hange in the nominal ex
hange rate:q̂t(j; l; l�) = �j q̂t�1(j; l; l�) + �j�Ŝt; (40)where �Ŝt = �̂t � �̂�t from (19). When � = 0 as in Kehoe and Midrigan (2007), �Ŝt is an i.i.dsho
k and the good-level real ex
hange rate follows AR(1) with persisten
e parameter, �j . When6The CKM estimate of the autoregressive 
oeÆ
ient is 0.68 using quarterly U.S. data for M1 growth. Wetransform this quarterly persisten
e of M1 growth into the monthly persisten
e by solving Cov(M̂t � M̂t�3; M̂t�3 �M̂t�6)=V ar(M̂t � ^Mt�3) = 0:68 for �. We obtained the resulting monthly persisten
e of M1 money growth of 0.83.14



international money growth di�erential is positively auto
orrelated (� > 0) so is the 
hange in thenominal ex
hange rate, whi
h 
ontributes to in
reased persisten
e in the real ex
hange rate.3.1.2 VolatilityThroughout, real ex
hange rate volatility will be measured relative to the standard deviation ofthe 
hange in the nominal ex
hange rate: �j = std(qt(j; l; l�))=std(�St). When � = 0, the modelpredi
ts the normalized standard deviation to be �j = �1(�j) = �j=q1� �2j and a good with larger�j will exhibit more variability. When � > 0, the normalized standard deviation is predi
ted to beof the form �j = �2(�j ; �; �) and may be obtained using the varian
e formula of an AR(2) pro
essalong with std(�St) = std(�t)=p1� �2. Importantly, the volatility fun
tion depends not just on�j , but also on � and �.An impli
ation of this is that in
reased persisten
e in money growth, while helpful in resolvingthe persisten
e puzzle, may a
tually make the volatility puzzle worse be
ause �j = �2(�j ; �; �)turns out not to be monotoni
 in �. Even more disturbing is that the shape of the relationship with� depends on the frequen
y of pri
e adjustment, whi
h we know di�ers a
ross goods. The pra
ti
althrust of this is: 
hanges in money growth persisten
e will have di�erential impa
ts a
ross goods.The left panel of Fig.2 plots the normalized standard deviations �j = �2(�j ; �; �) against �.7For a good with relatively infrequent pri
e 
hanges (�j = 0:95), volatility of the real ex
hangerate rises over most of the range of money growth persisten
e, before falling sharply as moneygrowth approa
hes a random walk. In 
ontrast, for a good with relatively frequent pri
e 
hanges(�j = 0:5), the volatility of the relative pri
e is de
lining in the money growth rate throughout.The right panel of Fig.2 shows the ambiguous impa
t of introdu
ing a positive � on the volatilityfrom another dimension. The normalized standard deviation is smaller for � = 0:83 than for � = 0when pri
e adjustment is fast. When the pri
e adjustment is slow, we have a larger normalizedstandard deviation for � = 0:83 than for � = 0.3.2 Calvo pri
ing with infrequent information updatingLet P̂ kH;t(j; l) be the log deviation of P kH;t(j; l) from the steady state. Log-linearizing (28) aroundthe steady state yieldsP̂ kH;t(j; l) = (1� �j�) 1Xh=0(�j�)hE t�kM̂t+h; for k = 0; 1; 2; � � � :7We set the dis
ount fa
tor � to 0.99. 15



The law of iterated expe
tations impliesP̂ kH;t(j; l) = E t�k P̂H;t(j; l):Here, we use P̂ 0H;t(j; l) = P̂H;t(j; l) be
ause of the equivalen
e between (24) and (28) when k = 0.Consider the weighted average of newly set pri
es that U.S. �rms 
hoose when they adjust pri
esin period t; these �rms 
hoose E t�k P̂H;t(j; l) a

ording to their information they last updated.Canadian �rms 
hoose E t�k P̂F;t(j; l). As before P̂F;t(j; l) = P̂H;t(j; l). Therefore, P̂ kF;t(j; l) =P̂ kH;t(j; l) for k > 0, due to the law of iterated expe
tations.De�ning X̂t(j; l) as the weighted average for the newly set pri
es for good j in 
ity l of the U.S.,based upon di�erent information vintages, we obtainX̂t(j; l) = (1� !j) 1Xk=0!kj E t�k P̂H;t(j; l); (41)whi
h is similar in mathemati
al formulation to the pri
e index in Mankiw and Reis (2002, p.1300).Now, using the de�nition P̂H;t(j; l) = �P̂H;t(j; l) + P̂H;t�1(j; l), (41) 
an be rewritten asX̂t(j; l) = (1� !j)P̂H;t(j; l) + !j(1� !j) 1Xk=0!kj E t�k�1�P̂H;t(j; l)+ !j(1� !j) 1Xk=0!kj E t�k�1 P̂H;t�1(j; l):The se
ond line of the equation is !jX̂t�1(j; l) from (41). Hen
e,X̂t(j; l) = !jX̂t�1(j; l) + (1� !j)P̂H;t(j; l) + !j(1� !j) 1Xk=0!kj E t�k�1�P̂H;t(j; l):To render the variable stationary, de�ne x̂t(j; l) = X̂t(j; l) � M̂t. Then,x̂t(j; l) = !jx̂t�1(j; l)� !j�̂t + (1� !j)p̂H;t(j; l)+!j(1� !j) 1Xk=0!kj E t�k�1 [�p̂H;t(j; l) + �̂t℄: (42)Appendix B shows that we 
an derive the 
losed form solution to x̂t(j; l):x̂t(j; l) = !jx̂t�1(j; l) + aj�̂t + bj1� !j�L�̂t�1; (43)where aj = �j���!j1��j�� , bj = !j�(1��j�)(1�!j)1��j�� , and L is the lag operator.The pri
e index for good j in 
ity l is a Calvo-weighted-average of �xed and reset pri
es. Thelatter being our weighted average of pri
e resets given di�erent vintages of information:P̂t(j; l) = �jP̂t�1(j; l) + (1� �j)X̂t(j; l):16



Again, normalizing by M̂t, givesp̂t(j; l) = �j p̂t�1(j; l) � �j�̂t + (1� �j)x̂t(j; l) (44)and Canadian versions of these expressions are:x̂�t (j; l�) = !jx̂�t�1(j; l�) + aj�̂�t + bj1� !j�L�̂�t�1;p̂�t (j; l�) = �j p̂�t�1(j; l) � �j�̂�t + (1� �j)x̂�t (j; l�):The next proposition establishes the ri
h short-run dynami
s of the good-level real ex
hangerate emerging from the extended model.Proposition 2. Under the preferen
e assumption U(
; n) = ln 
 � �n, the CIA 
onstraints, theassumption of money growth (31) and (32), along with good-spe
i�
 Calvo pri
ing and good-spe
i�
Mankiw-Reis information updating, the good-level real ex
hange rate between any 
ities l and l�follows an ARMA(4,2) pro
ess of the form:q̂t(j; l; l�) = 4Xr=1 �j;rq̂t�r(j; l; l�) + 2Xr=0 �j;r�t�r (45)where �j;1 = ~�j;1 + �; ~�j;1 = �j + !j + !j��j;2 = ~�j;2 � ~�j;1�; ~�j;2 = �[�j!j + (�+ !j)!j�℄�j;3 = ~�j;3 � ~�j;2�; ~�j;3 = �j!2j��j;4 = �~�j;3��j;0 = �j � (1� �j)aj�j;1 = ��j(!j + !j�) + (1� �j)(!j�aj � bj)�j;2 = �j!2j�:Proof. See Appendix C.When !j = 0 this proposition redu
es to Proposition 1.8 Below, we dis
uss that both thepersisten
e and volatility of good-level real ex
hange rates predi
ted by the dual sti
kiness pri
ing
an be quite high. Moreover, this is true even if the pri
e adjustment is relatively fast, whi
h isessential in mat
hing the 
ross-se
tional eviden
e whi
h 
ontains goods with frequent pri
e 
hangesand, yet, high persisten
e and variability in their LOP deviations.8In parti
ular, we obtain �j;1 = �j +�, �j;2 = ��j�, and �j;3 = �j;4 = 0 for the AR parameters and �j;0 = �j and�j;1 = �j;2 = 0 for the MA parameters. 17



3.2.1 Persisten
eAppendix C shows that the SAR in this generalized 
ase is given by�j = 4Xr=1 �j;r = 1� (1� �j)(1� !j)(1� !j�)(1 � �):Clearly, the slower the speed of information updating adjustment is (!j ! 1), the larger the SARbe
omes.For a general ARMA pro
ess without parameter restri
tions, it is not 
onventional to use theSAR as a measure of persisten
e, be
ause of the presen
e of MA terms. However, if our model is
orre
tly spe
i�ed, we 
an show that both the long-run impa
t of 
umulative impulse response ofa unit monetary sho
k on real ex
hange rates and the SAR are stri
tly in
reasing fun
tion of �j ,!j, and �. Furthermore, using the SAR is also 
onvenient in 
omputation and for the purpose ofmaking 
omparison with simpler models introdu
ed in the previous subse
tion. For these reasons,we 
ontinue to fo
us on the SAR as an approximate measure of persisten
e under the assumptionthat the pro
ess (45) is 
orre
tly spe
i�ed.The extended model works well in generating the persisten
e of a good-level real ex
hange rate.The left panel of Fig.3 shows the SAR among di�erent !j's. The persisten
e is in
reasing in !jand is very high regardless of the infrequen
y of pri
e 
hanges.9 The right panel of Fig.3 plots thepersisten
e against �j. This panel 
ompares 
ases of two extreme values of !j : One is the 
ase inwhi
h �rms produ
ing good j updates their information every month. (i.e., !j = 0.) The other isthe 
ase in whi
h �rms, on average, update information every 50 months (i.e., !j = 0:98). For theformer 
ase, the obtained SAR 
orresponds to the upper straight line in the right panel of Fig.1sin
e we set � = 0:83 in the 
omputation. In the latter 
ase, the persisten
e measure is very 
loseto one whether pri
es are sti
ky or 
exible.3.2.2 VolatilityHaving improved the potential of the model in a

ounting for persisten
e of real ex
hange rates,we ask if it helps along the dimension that was more ambiguous in the baseline model, variability.We 
al
ulate the new normalized standard deviation �j = �3(!j ; �j ; �; �), using the fa
t that thegood-level real ex
hange rates now follow the ARMA(4,2) pro
ess a

ording to Proposition 2. Theleft panel of Fig.4 plots the normalized standard deviations against !j. It shows that the volatility9Even if !j = 0, q̂t(j; l; l�) has been already somewhat persistent, be
ause of the AR(1) money growth.18



grows exponentially as !j in
reases. The right panel of Fig.4 shows the e�e
t of in
reasing �jon the normalized standard deviations under the two extreme 
ases: !j = 0 and 0:98. It showsthat real ex
hange rate volatility be
omes substantially greater when the information adjustment isslower. Thus, the introdu
tion of information sti
kiness enhan
es the real ex
hange rate volatilityto a large extent.The question we pose next is what lengths of information delays do we need to mat
h keyproperties of the mi
ro-data, 
onditional on the model. The key properties are the persisten
e andvolatility of good-level real ex
hange rates along with the frequen
y of pri
e 
hanges observed forthose same goods.4 Empiri
al results4.1 DataThe sour
e of our retail pri
es is the Worldwide Cost of Living Survey 
ompiled by the E
onomistIntelligen
e Unit (EIU). It is an extensive annual survey of international retail pri
es that wasoriginally designed to help managers to determine 
ompensation levels of their employees residingin di�erent 
ities of the world. The 
overage of goods and servi
es is broad enough to overlapsigni�
antly with what appears in a typi
al urban 
onsumption basket (see Rogers (2007), for moredetail on the 
omparison between EIU data and the CPI data from national statisti
al agen
ies).A notable advantage of the EIU data is the fa
t that all the individual good pri
es are listed inabsolute terms with the survey 
ondu
ted by a single agen
y in a 
onsistent manner over time.Be
ause of this 
onvenient panel data format, a number of re
ent studies on international pri
edynami
s have used this data, in
luding Cru
ini and Telmer (2007), Cru
ini and Shintani (2008),Engel and Rogers (2004), Parsley and Wei (2007) and Rogers (2007).For a limited number of 
ountries, the EIU data 
ontains observations from multiple 
ities. Inour empiri
al analysis, we fo
us on U.S.-Canadian 
ity pairs sin
e the assumption of the 
ommonprobability of pri
e adjustment for ea
h good seems to be a reasonable approximation between thetwo neighboring 
ountries.10 After removing missing observations to 
onstru
t a balan
ed panel forthe period from 1990 to 2005, 3 of the 16 available U.S. 
ities available in the survey are dropped,while all 4 Canadian 
ities remain. This results in a total of 52 unique 
ity pairs. The 
ities and10Alternatively, one may use the average of pri
e 
hange frequen
ies between the two 
ountries, an approa
hemployed in Kehoe and Midrigan (2007), when data from both 
ountries are available.19




ategories of goods in
luded in the analysis are shown in Fig. 5 and Table A1, respe
tively.For ea
h good j, the log of qt(j; l; l�) for ea
h year t (= 1; :::; 16) is 
omputed using the pri
elevel in a U.S. 
ity l (= 1; :::; 13) expressed in U.S. dollars (Pt(j; l)), the pri
e level in a Canadian
ity l� (= 1; :::; 4) expressed in Canadian dollars (P �t (j; l�)), and the spot U.S.{Canadian dollarex
hange rate (St), all from the EIU data. Sin
e the resulting log real ex
hange rates represent thelog deviations of the pri
e in a Canadian 
ity relative to that of a U.S. 
ity both expressed in a
ommon 
urren
y, a negative value for the pair of Toronto and New York, for example, implies thatthe good is more expensive in New York than in Toronto at year t. Fig.6 plots the log of qt(j; l; l�),pooling all goods and all 
ity pairs from two sele
ted years, 1990 and 2005.Next, for the pri
e sti
kiness parameter, �j, we utilize the frequen
y of pri
e 
hanges, fj andtransform it with �j = 1�fj for good j. Sin
e the EIU data is annual, it is not useful for 
onstru
tingmonthly frequen
y of pri
e 
hanges. For this part of our analysis, we rely on existing studies basedon monthly mi
ro-data from the BLS (Bureau of Labor Statisti
s). Bils and Klenow (2004) used theBLS Commodities and Servi
es Substitution Rate Table for 1995-1997 whi
h 
ontains the averagefrequen
ies of pri
e 
hanges of individual goods and servi
es used in 
onstru
tion of the U.S. CPI.We took the monthly average frequen
y of pri
e 
hanges, fj, from Table A1 of their paper andmat
hed them with the 165 goods in the EIU sample. Sin
e we require persisten
e and frequen
yadjustment parameters good-by-good to evaluate the model, we use only these 165 mat
hed pairsin our analysis. We assume that the frequen
y of pri
e 
hanges applies to the entire sample periodof 1990-2005 in our EIU data set.11 In addition, we assume a 
ommon frequen
y of pri
e 
hangebetween the U.S. and Canadian 
ities, good-by-good.Nakamura and Steinsson (2007) re
ently revisited Bils and Klenow's analysis using more detailedand updated BLS data. Using the CPI Resear
h Database 
reated by the BLS, they re-estimatedthe frequen
ies of pri
e 
hange after removing temporary pri
e 
hanges asso
iated with sales. Theyfound that the median duration between regular pri
e 
hanges was 8 - 11 months depending on thetreatment of substitutions, 
onsiderably higher than the 4.3 months for the median good, foundby Bils and Klenow (2004). In what follows, we also 
he
k the impa
t on our results of usingthe Nakamura and Steinsson's (2007) data on the frequen
y of pri
e 
hanges from the period of11In some 
ountries whi
h experien
ed a stru
tural shift in in
ation, an assumption of 
onstant frequen
y of pri
e
hanges over years may not be satis�ed. For example, Ahlin and Shintani (2007) use Mexi
an pri
e data on 44 goodsand report that the average monthly frequen
y of pri
e 
hanges was 28% in 1994 and as large as 50% in 1995. Weexpe
t that this issue is less serious in our 
ase sin
e both U.S. and Canada had a stable in
ation during the periodunder 
onsideration. 20



1998-2005.For the nominal ex
hange rate 
hanges required for the theoreti
al volatility 
al
ulation, weuse monthly 
hanges in the log of the end-of-month U.S.-Canadian dollar spot rates. While bothpri
e sti
kiness parameter (frequen
y of pri
e 
hanges) and nominal ex
hange rates are availablein monthly series, real ex
hange rates are only observed annually. The small number of timeseries observation at the annual frequen
y is the major limitation of the EIU data. In the nextsubse
tion, we brie
y dis
uss how to re
on
ile the mixed frequen
ies of observation in the dynami
panel estimation and des
ribe the pro
edure to estimate the time series models.4.2 EstimationTable 1 shows how monthly ARMA pro
esses predi
ted by the model are transformed into theones whi
h have non-zero 
oeÆ
ients for multiples of 12 month lags and �nite MA terms. The �rstrow of the table shows the easiest transformation. In Calvo pri
ing with � = 0, the equation (39)dire
tly implies that q̂t(j; l; l�) = �j q̂t�1(j; l; l�) + �j�t:By repeated substitutions, we getq̂t(j; l; l�) = �12j q̂t�12(j; l; l�) + �j�j(L)�twhere �j(L) = P11r=0 �rjLr. In this equation, the AR term is the 12th lag (in months) and theorder of the MA term is 11. This ARMA(12,11) is equivalent to an AR(1) sampled annually sin
e�j�j(L)�t and q̂t�12(j; l; l�) are not 
orrelated.Su
h a transformation is not ne
essarily possible with a general ARMA pro
ess in
luding AR(2)and ARMA(4,2) pro
esses. However, thanks to a spe
ial dynami
 feature of the theoreti
al model,it is possible that we 
an make the AR parameters non-zero only if the lags are multiples of 12and the MA parameters �nite under our extended models (39) and (45). Appendix D provides thedetailed derivations of these more elaborate transformations.Previously, l and l� were used for the U.S. and Canadian 
ities, respe
tively. Here, they arerepla
ed by a new single index i (= 1; :::; 52) ea
h representing a 
ity pair spanning a nationalborder. In addition, the sampling frequen
y for the model was assumed to be monthly. With someabuse of notation, our new time subs
ript now represents the time in annual frequen
y. Namely,if the true data pro
ess is generated for ea
h month t� = 1; :::; T �, we now only observe the series21



annually at the months of t = 12 � t� = 1; :::; T (= T �=12). With this newly introdu
ed index, wede�ne qjit as the log of the real ex
hange rate for good j between the 
ity pair i at year t:qjit = ln qt(j; l; l�):Thus, the former log deviation from the steady state bqt(j; l; l�) 
an be rewritten as qjit � qji , whereqji is the long-run value whi
h the Appendix E derives:qji = ln q(j; l; l�) = ln [1 + �1��(1 + �(j; l�))1��℄ 11��[1 + �1��(1 + �(j; l))1�� ℄ 11�� :Intuitively, the relative pri
e of a good in the long-run is higher in the destination market withthe higher shipping 
ost from the sour
e. Thus if 
ity l� is, say, farther from the sour
e of thegood than 
ity l, qji is positive. These heterogeneous long-run deviations justify the presen
e of theindividual e�e
t (the time invariant 
ity pair-spe
i�
 e�e
t) in the panel estimation.Based on the annual transformation shown in Table 1, all the dynami
s of the real ex
hangerate for good j 
an be written asqjit = mXr=1�j;rqji;t�r + �ji + ujt + vjit;where �ji is the time invariant unobserved 
ity pair-spe
i�
 e�e
t whi
h allows long-run pri
e dif-feren
e between two 
ities, ujt is the 
ommon time e�e
t whi
h represents the ex
hange rate sho
ksand vjit is a good-spe
i�
 residual term.This model format nests all the models under 
onsideration: (i) Calvo pri
ing with � = 0 impliesm = 1; (ii) Calvo pri
ing with � 6= 0 implies m = 2; and (iii) dual sti
kiness pri
ing implies m = 4.For the individual spe
i�
 e�e
t �ji , we 
an easily see its relationship to the long-run mean andthe persisten
e from qji = �ji =(1 � �j) where �j = Pmr=1�j;r. For the 
ommon time e�e
t ujt ,Calvo pri
ing with � 6= 0 predi
ts a serial 
orrelation of order one, while dual sti
kiness pri
ingpredi
ts a serial 
orrelation of order three. However, in a short panel asymptoti
 with �nite T , the
ommon time e�e
ts 
an be treated as unknown parameters to be estimated with time dummies.In addition, sin
e our main interest is to estimate the persisten
e expressed in terms of the SAR,�j , it is 
onvenient to rewrite the model into the augmented Di
key-Fuller (ADF) form. Thus, thenested model is given byqjit = �jqji;t�1 + m�1Xr=1 
j;r�qji;t�r + u>j eDt + �ji + vjit;22



where �qji;t�r = qji;t�r � qji;t�r�1, 
j;r = Pms=r+1�j;s for r = 1; :::; k � 1, uj = (ujm+1; :::; ujT )> is ave
tor of 
onstants, eDt is a (T �m)� 1 time dummy ve
tor with one in the t-th position and zerootherwise.To estimate this short dynami
 panel model, we employ the generalized method of moments(GMM) estimator in the �rst di�eren
ed form for the purpose of eliminating the individual e�e
t�ji . We follow Arellano and Bond (1991) in the 
hoi
e of instruments and initial weighting matrix.In parti
ular, the moment 
ondition is given byE "qjis �qjit � �j�qji;t�1 � m�1Xr=1 
j;r�2qji;t�r � Æ>j Dt!# = 0for s = 1; :::; t�m�1 and t = m+2; :::; T , where �2qji;t�r = �qji;t�r��qji;t�r�1 Æj = (�ujm+2; :::;�ujT )>is a ve
tor of 
onstants, Dt is a (T �m� 1)� 1 time dummy ve
tor with one in the t-th positionand zero otherwise. The total number of parameters to be estimated is T � 1 with the number ofmoment 
onditions given by (T �m)(T �m � 1)=2.12 This GMM estimator for �j is 
onsistentunder large N �xed T asymptoti
s.4.3 Persisten
eIn this subse
tion, we evaluate the Kehoe-Midrigan model and its extension in explaining theobserved persisten
e of the real ex
hange rate for ea
h good j. Following the theoreti
al analysis,our empiri
al persisten
e measure is the SAR �j.We �rst revisit the original Kehoe-Midrigan model with an assumption of an i.i.d. moneygrowth (� = 0). In this 
ase, the theory predi
ts an AR(1) model and thus �j is simply an AR(1)
oeÆ
ient. A GMM estimation of �j yields a median of 0.56 using annual U.S.-Canadian 
ity pairsdata.13 In terms of monthly frequen
y, our value 
orresponds to 0:561=12 = 0:95, whi
h is slightlyless than 0.98, the median value obtained by Kehoe and Midrigan (2007) based on bilateral realex
hange rates of 66 goods between the U.S. and four European 
ountries, Austria, Belgium, Fran
eand Spain.The �rst panel in Fig.7 plots the estimated persisten
e measure �j against the infrequen
y ofthe pri
e adjustment in the annual frequen
y �12j = (1� fj)12 
omputed based on fj from Bils and12For the model to be (over-) identi�ed, at least T = 4 is required for m = 1, T = 6 is required for m = 2, andT = 9 is required for m = 4. Sin
e T = 16 is available in our sample, the number of over-identifying restri
tions is51, 76, and 90, respe
tively, for m = 1; 2, and 4.13This value lies between the medians for OECD 
ity pairs (0.65) and LDC 
ity pairs (0.51) obtained by Cru
iniand Shintani (2008) based on the same data sour
e. 23



Klenow's (2004) table. A 
ross-se
tional regression of �j on �12j yielded a signi�
antly positive slope
oeÆ
ient estimate of 0.30 (with a standard error of 0.08) whi
h is 
onsistent with the theoreti
alpredi
tion at least in dire
tion: more pri
e sti
kiness implies higher persisten
e. However, 160 out of165 goods lie above the 45 degree line (�j = �12j ) in the s
atter plot with the regression slope beingsigni�
antly less than unity. If the model performan
e is evaluated by 
omputing the ratio of thepredi
ted persisten
e (on the 45 degree line) to the observed persisten
e for ea
h good, the model
an explain merely a 6 per
ent of the total persisten
e for the median good. This 
on�rms Kehoeand Midrigan's 
laim that a simple model of pri
e sti
kiness alone is quantitatively insuÆ
ient toreprodu
e the observed persisten
e in good-level real ex
hange rates.We next 
onsider the e�e
t of introdu
ing serially 
orrelated money growth (� = 0:83). On thewhole, the persisten
e estimate �j remains almost un
hanged with a median value of 0.57 basedon the AR(2) model. The regression slope shown in the se
ond panel of Fig.7 is 0.35 and is againsigni�
antly positive. Re
all that for a given �j, �j is a monotoni
ally in
reasing fun
tion of � (seethe left panel of Fig.1). In annual frequen
y, the predi
ted SAR from Table 1 is given by�j = 1� (1� �12)(1� �12j ) = �12j + �12 � �12j �12and the e�e
t of in
reasing � 
an be seen in the median value of the ratio of predi
tion and dataprovided in the upper panel of Table 2. In terms of the median, the theoreti
al persisten
e be
omesthe observed persisten
e when � is around 0.95. However, this value is mu
h higher than � = 0:83,the referen
e value based on CKM. Indeed, when � = 0:83 is used, only 31 per
ent of the persisten
e
an be explained by the model (the number is provided as the �rst entry of the lower panel). Thisfa
t of an insuÆ
ient persisten
e of the money growth in explaining the persisten
e of real ex
hangerates 
an be also seen from the s
atter plot. Re
all that, from the right panel of Fig.1, in
reasing� shifts the theoreti
al line upward with a 
atter slope. A similar theoreti
al predi
tion line with� = 0:83, expressed in the annual frequen
y basis, is also drawn in the se
ond panel of Fig.7.14Compared to the 45 degree line in the �rst panel of the same �gure (� = 0), the predi
ted linenow be
omes 
atter but is still mu
h steeper than the regression line. Indeed, about 95 per
entof data points are still above the � = 0:83 line. Thus, persisten
e in money growth helps a bit,but the model with Calvo pri
ing remains largely unsu

essful in explaining the persisten
e with areasonable 
hoi
e of money growth pro
ess.Third, we now look at the role of information delay in explaining �j . To simplify the argument,14The inter
ept of the theoreti
al line is �12 = 0:8312 = 0:11.24



here we assume the information delay parameter to be 
ommon a
ross all the goods (namely, !j = !for all j). The persisten
e estimates based on the AR(4) model be
ome somewhat lower with amedian value of 0.51, but still are mu
h higher than the level predi
ted by the standard Calvopri
ing without information delay (whi
h 
orresponds to the ! = 0 line shown in the lower panel ofFig.7). Re
all that from the left panel of Fig.3, for a �xed value of �j and �(= 0:83), �j is stri
tlyin
reasing in !. This pattern is preserved in the SAR expressed in annual frequen
y (See AppendixD.): �j = 1� (1� �12)(1� �12j )(1� !12)(1 � (!�)12):Based on this relationship, median of the ratio of theoreti
al value to observed value, provided inthe lower panel of Table 2, in
reases with ! and rea
hes one at ! = 0:93 whi
h 
orresponds to14 months of average duration between information updates. Therefore, at least in terms of themedian, dual sti
kiness pri
ing with a reasonable money growth pro
ess is 
apable of repli
atingthe observed persisten
e. In the lower panel of Fig.7, the shaded triangle area shows the rangebetween the line without information delay (! = 0) and the line with an enormous informationdelay (! = 0:98 whi
h 
orresponds to the 50 month average duration of information updates). Theregression line is lo
ated almost in the middle of the triangle with a slope of 0.56 whi
h lies stri
tlybetween the slopes of the upper and lower bound predi
tion lines.We now turn to the results based on fj from Nakamura and Steinsson's (2007) data. Fig.8shows the s
atter plots of the pairs of (�j ; �12j ) for (i) Calvo pri
ing with � = 0; (ii) Calvo pri
ingwith � > 0; and (iii) dual sti
kiness pri
ing, respe
tively.For many goods, the removal of sales results in the lower value of fj. Less frequent pri
e 
hangesin
rease the value of �12j = (1� fj)12, and most of the data points in the s
atter plot shift towardright.15 For all the models, the predi
ted persisten
e will be higher for the larger values of �12j ,and thus ex
luding the sales from frequen
y of pri
e 
hanges works in favor of the Kehoe-Midriganmodel's predi
tion about real ex
hange rate persisten
e. The proportion of the data points lie belowthe theoreti
al predi
tion line in
reased from 3 per
ent to 16 per
ent for Calvo pri
ing with � = 0,and from 5 per
ent to 24 per
ent for Calvo pri
ing with � = 0:83. For all the 
ase, regression slopesshown in the s
atter plots are again signi�
ant and positive, and the regression �t in terms of the
oeÆ
ient of determination be
omes uniformly better.16 However, be
ause of the rightward shift,15Note that �j for ea
h good j for ea
h AR model remains un
hanged between Figs.7 and 8. In addition, be
ausethe sample periods di�er between the two data sets, this rightward shift may not be true for some goods.16Regression 
oeÆ
ients are 0.36, 0.31, and 0.43 for ea
h panel, respe
tively. CoeÆ
ients of determination in
rease25



more data points in the last panel of the �gure fall outside the shaded triangle region representingthe theoreti
al predi
tions of dual sti
kiness pri
ing.We see improvement in the ratio of predi
ted to the observed persisten
e provided in Table 3.As shown in the �rst entry of the upper panel of Table 3, even the 
ase with � = 0 
an a

ountfor 48 per
ent of the observed persisten
e, in 
omparison to 6 per
ent based on Bils and Klenow'sfj. The ratio in
reases as � in
reases, but be
ause of the higher initial ratio, it be
omes one ataround � = 0:92 a value lower than previously sele
ted value of � = 0:95. This newly sele
ted �,however, is again higher than the CKM's referen
e value of � = 0:83. Sin
e the ratio is 66 per
entat � = 0:83, there is still a room for the information delay stru
ture to �ll the gap between thetheoreti
al and observed value. The lower panel of Table 3 shows the e�e
t of in
reasing ! on thepredi
tion ratio based on Nakamura and Steinsson's data. The table shows that the 100 per
entof the persisten
e 
an be explained at about ! = 0:90 whi
h 
orresponds to 9.5 months of averageduration between information updates. This length of months suggests that the role of informationsti
kiness remains important even when Bils and Klenow estimates are repla
ed with Nakamuraand Steinsson estimates.4.4 VolatilityThe se
ond puzzle brought up in Kehoe and Midrigan's (2007) study is the observation of toomu
h volatility in good-level real ex
hange rates whi
h 
an neither be explained by a simple sti
kypri
e model nor a model with pri
ing 
omplementarities. In this subse
tion, we evaluate the roleof information sti
kiness in terms of explaining the observed volatility.The performan
e of the model is evaluated by the ratio of the `theoreti
al' normalized standarddeviation to the `observed' normalized standard deviation. The pro
edure of 
omputing ea
h stan-dard deviation is as follows. First, to 
ompute `theoreti
al' normalized standard deviation, notethat the standard deviation of real ex
hange rates predi
ted by the theory has the same impli
a-tion to both annually sampled data and monthly sampled data. Therefore, unlike the measure ofpersisten
e that required transformation shown in Table 1, using annual data requires no further
ompli
ation. For ea
h good, the theoreti
al normalized standard deviation �j 
an be dire
tlyobtained by substituting �j = 1� fj into the formula dis
ussed in Se
tion 3.Se
ond, to 
ompute the `observed' normalized standard deviation, note that using a pooledsample varian
e as a volatility measure is not appropriate sin
e it in
ludes the varian
e 
omponentfrom 8 to 26 per
ent, 10 to 17 per
ent, and 12 to 15 per
ent, respe
tively.26



due to the dispersion of long-run real ex
hange rate qji among 
ity pairs in our panel data. Inaddition, the theory predi
ts volatility 
aused by the nominal ex
hange rate 
u
tuation whi
h is
ommon to all the produ
ts, but is not designed to in
orporate the idiosyn
rati
 varian
e 
omponentsu
h as the one due to time-varying 
ity spe
i�
 sho
ks. For this reason, we 
ondu
t a varian
ede
omposition based on a standard two-way error 
omponents model and fo
us on the extra
tedvarian
e 
omponent due to a time spe
i�
 sho
k. This de
omposition seems to be a reasonable
hoi
e in our study be
ause it is 
onsistent with the idea of using time dummies in the dynami
 panelestimation to in
orporate the 
ommon time spe
i�
 sho
ks in our previous analysis of persisten
e.We thus use the observed standard deviation of time spe
i�
 
omponent normalized by the samplestandard deviation of monthly nominal ex
hange rate growth.We start with looking at the results presented in Table 4 based on Bils and Klenow's data. Theupper panel of the table shows the median of the ratio of the theoreti
al to observed normalizedstandard deviation. The original Kehoe-Midrigan setting with � = 0 
an explain only 13 per
ent ofthe variation in the data. Thus, the eviden
e of ex
ess volatility dis
overed by Kehoe and Midrigan(2007) is also 
on�rmed in our panel data of the U.S.-Canadian 
ity pairs. Can we explain thisobserved volatility with an introdu
tion of serially 
orrelated money growth? Unfortunately, unlikethe persisten
e, the predi
ted volatility is not a monotoni
ally in
reasing fun
tion of �. Examplespresented in the left panel of Fig.2 show that the volatility de
reases monotoni
ally for goods withsmall �j = 1� fj and in
reases only in some range of � for goods with a larger �j . As a result ofthe 
ombination of the two e�e
ts for many goods, none of the median ratio presented in the upperpanel of Table 4 is above one and maximum value is only 15 per
ent at � = 0:52.In 
ontrast to the e�e
t of �, the left panel of Fig.4 shows that the volatility in
reases monoton-i
ally with ! in dual sti
kiness pri
ing for any given values of �j and �. The lower panel of Table4 presents the ratio of standard deviations based on dual sti
kiness pri
ing with various !'s whenthe CKM's referen
e value of � = 0:83 is used for the money growth pro
ess. With an introdu
tionof the information delay, the volatility 
an now be fully explained at ! = 0:94 whi
h implies 17months of average duration between information updates. As shown in the previous se
tion, theobserved persisten
e 
an be reprodu
ed if any value of � is allowed without introdu
ing informationsti
kiness. For the volatility, however, the observation 
an be repli
ated only under dual sti
kinesspri
ing. In this sense, the information delay plays an essential role in explaining volatility.We now turn to Nakamura and Steinsson's data with the e�e
t of sales removed from fj. Themedian of the ratio of the predi
ted to observed standard deviation for ea
h pri
ing is shown in27



Table 5. The performan
e of the Kehoe-Midrigan model, in terms of explaining volatility, 
learlyimproves over the results in Table 4 based on Bils and Klenow's data. Sin
e the removal of salesresults in the lower values of fj, using Nakamura and Steinsson's data in
reases the theoreti
alvolatility level whi
h is in
reasing in �j = 1�fj. For example, when � = 0, the ratio in
reases from13 to 23 per
ent. However, the degree of in
reased theoreti
al volatility is still insuÆ
ient to fullyexplain the observed volatility under the model without information delay. As shown in the upperpanel of Table 5, the maximum ratio is only 43 per
ent under the model without information delayat � = 0:80. Therefore, the role of sti
ky information is again 
ru
ial in explaining the volatilityof the good-level real ex
hange rates, even if we use Nakamura and Steinsson's data. The lowerpanel of Table 5 shows that the model with information delay 
an explain 100 per
ent of observedvolatility when ! = 0:92 whi
h implies 12 months of average duration between information updates.In 
omparison to the result from Bils and Klenow's data, the redu
tion of ! re
e
ts the fa
t thata larger 
omponent in the varian
e is already explained by the redu
tion of pri
e 
hange frequen
yalone in Nakamura and Steinsson's data.4.5 Good-spe
i�
 information updatingIn the previous subse
tions, we have shown that an introdu
tion of information sti
kiness intoCalvo pri
ing 
an fully explain the median persisten
e and volatility by sear
hing for the 
ommoninformation delay, namely !j = ! for all goods, j. In this subse
tion, we will brie
y evaluatethe obtained values of 
ommon information delay by 
omparing existing empiri
al ma
ro studieson sti
ky information. Then, we relax our assumption of 
ommon information delay and 
onsidergood-spe
i�
 information delays whi
h a

ount for the individual persisten
e or volatility. This
onsideration allows us to infer the di�eren
es of information delays a
ross goods. We will thenassess our results by 
omparing mi
ro studies on pri
e reviews in the U.S.To evaluate 
ommon ! estimates, we �rst 
ompare them with previous studies' estimates oninformation sti
kiness based on the aggregate in
ation. Using the aggregate data on in
ation over1960:Q1 - 2007:Q2, DKT �nd that information delay, on average, is 7.1 months with 95 per
ent
on�den
e intervals between 5.0 and 16.1 months. Knotek (2006) introdu
es information sti
kinessinto the �xed menu 
ost model and �nds the average duration between information updates to be20.4 months over 1983:Q1 - 2005:Q4.17 Thus, all of our 
ommon ! estimates (14 and 17 months17Among many empiri
al studies on the pure sti
ky information model, Andr�es, L�opez-Salido, and Nelson (2005)estimate the average information duration to be 20 months and Kahn and Zhu (2006) �nd that the point estimates28



from Bils and Klenow's data and 9.5 and 12 months from Nakamura and Steinsson's data) are inline with previous estimates based on aggregate in
ation.We now turn to a good spe
i�
 ! by relaxing the assumption of 
ommon ! among goods. So far,our 
ommon values of ! was obtained to mat
h the persisten
e and volatility for the median good.On the other hand, we 
an also obtain a good spe
i�
 ! whi
h mat
hes the individual persisten
eor volatility for ea
h good using the following pro
edure.First, for ea
h good j(= 1; 2; :::; 165), we obtain good spe
i�
 information delays from thepersisten
e using min!j2[0;1)[�̂j � �(!j j�j; �)℄2;where �̂j denotes the SAR estimate of the AR(4) model and �(!j j�j ; �) is the theoreti
al SAR givenby 1 � (1 � �12)(1 � �12j )(1 � !12j )(1 � (!j�)12) evaluated at � = 0:83 from CKM and �j = 1 � fjfrom the frequen
y of pri
e 
hanges 
al
ulated by either Bils and Klenow (2004) or Nakamura andSteinsson (2007).Se
ond, we obtain good spe
i�
 information delays from the volatility usingmin!j2[0;1)[�̂j � �(!j j�j; �; �)℄2;where �̂j is the extra
ted standard deviation 
omponent of qjit due to time spe
i�
 sho
ks normalizedby the standard deviation of �Ŝt, while �(!j j�j ; �; �) is the predi
ted normalized standard deviationfrom the model under dual sti
kiness pri
ing.18 We take � = 0:83, � = 0:99 and �j = 1 � fj fromeither Bils and Klenow (2004) or Nakamura and Steinsson (2007).We now look at the distribution of good-spe
i�
 average durations of information updates1=(1 � !j) based on the frequen
y of pri
e 
hanges from Bils and Klenow (2004). The upper andlower panels of Fig.9 show the relative histogram of information delays implied by the persisten
eand volatility, respe
tively.The two kernel density estimates shown in the same �gure, on the whole, suggest similaritybetween the two distributions. The median of the durations implied by persisten
e is 12.9 monthswhile that of the durations implied by volatility is 16.6 months.19 These values are 
lose to theof average duration range between 9 and 23 months.18That is, �(!j j�j ; �; �) is the normalized standard deviation �3(!j ; �j ; �; �) evaluated at the �xed values of �j , �and �19From the distribution implied by persisten
e after removing outliers, we obtain the standard deviation of 13.6,the skewness of 2.0, and the kurtosis of 5.7. On the other hand, we obtain the standard deviation of 15.6, the skewnessof 1.5, and the kurtosis of 3.4 from the distribution implied by volatility.29



average durations under the 
ommon ! assumption (14 months from persisten
e and 17 monthfrom volatility).With the frequen
y of pri
e 
hanges from Bils and Klenow (2004), we 
ompute a fra
tion ofgoods in whi
h persisten
e or volatility 
an be explained without information sti
kiness. Thefra
tion is 11.5 per
ent from persisten
e mat
hing while it is 6.1 per
ent from volatility mat
hing.This 
omputation implies that most goods need to have a positive good spe
i�
 !j to fully explaingood-level real ex
hange rate dynami
s.Next, we turn to Fig.10 whi
h uses Nakamura and Steinsson's (2007) data on the frequen
y ofpri
e 
hanges. On
e again, the kernel density estimates suggest similarity of the two distributions.The median duration between information updates implied by persisten
e is 8.2 months whilethat implied by volatility is 11.9 months.20 The fra
tion of goods that 
an mat
h persisten
e orvolatility without information sti
kiness has in
reased to 33.3 per
ent from persisten
e and 21.8per
ent from volatility, due to the ex
lusion of sales. However, approximately more than two-thirdsof goods still need to have a positive !j. Thus, the information sti
kiness remain important inexplaining persisten
e and volatility with Nakamura and Steinsson's (2007) data.Finally, we ask whether our results are, on the whole, 
onsistent with eviden
e frommi
ro studieson pri
es. Unfortunately, no mi
ro studies provide dire
tly 
omparable distribution of informationdelay among goods. However, survey results on pri
e reviews done by �rms may serve for ourpurpose. Fabiani, Druant, Hernando, Kwapil, Laudau, Loupias, Martins, Matha, Sabbatini, Stahl,and Stokman (2005) argue that the frequen
y of pri
e reviews rather than pri
e 
hanges \
ouldbe related to the arrival of information." A

ording to Fabiani et. al. (2005), when additionalinformation on the state of the e
onomy infrequently arrives, it is sensible for �rms to review pri
esinfrequently. In this sense, we 
an exploit survey results for pri
e reviews.Blinder, Canetti, Lebow, and Rudd (1998) surveyed U.S. �rms about pri
e setting behavior inthe beginning of 1990s and their results for pri
e reviews allow us to assess our distributions ofaverage arrival of information. They ask a 
ustomary time interval (e.g.,daily, weekly, monthly,quarterly, and yearly) between pri
e reviews for surveyed �rms' most important produ
t. Table 6
ompares our distributions of durations of information updates with Blinder et. al. (1998) surveyresults. Overall, our distributions of duration between information updates seem to mat
h the20Des
riptive statisti
s are as follows. From the distribution implied by persisten
e, we obtain the standard devia-tion of 10.8, the skewness of 2.3, and the kurtosis of 9.1. From the distribution implied by volatility, the 
orrespondingstatisti
s are 16.1, 1.9, and 4.7, respe
tively. 30



distribution of pri
e reviews well. In parti
ular, our results are 
lose to their survey results whenthe frequen
y of pri
e 
hanges is taken from Nakamura and Steinsson (2007).5 Con
lusionUsing highly disaggregated pri
e data from U.S. and Canadian 
ities, we have 
on�rmed Kehoeand Midrigan's main �nding that the standard Calvo-type sti
ky pri
e model fails to explain thepersisten
e and volatility of good-level real ex
hange rates. We found that this puzzling but stimu-lating result remains robust to a 
hange from Bils and Klenow's data to Nakamura and Steinsson'sdata on the frequen
y of pri
e 
hanges. The robustness of their �nding suggests that the modelneeds to be modi�ed.We o�er a possible solution to this puzzle by extending the Kehoe-Midrigan su
h that onlya fra
tion of �rms have the up-to-date information when resetting pri
es. Due to the infrequentarrival of information, real ex
hange rates be
ome more persistent and tra
k the volatile nominalex
hange rate even if pri
e adjustment is relatively fast. Our model 
an explain both persisten
eand volatility within a reasonable range of average duration of information updates.We have limited our attention to the impli
ations of our model under many simplifying assump-tions. Therefore, there are many promising avenues for future resear
h. For example, what wouldhappen to the predi
tion of our model if pri
ing 
omplementarities are in
luded? What would bethe impa
t on good-level real ex
hange rate dynami
s if the non-traded inputs in produ
ing a goodare in
luded in the model?21 We believe that answering these questions would help us furtherunderstand the dynami
s of pri
e adjustment within and a
ross 
ountries.A The real ex
hange rateFrom the intertemporal 
onditions (12) and (13), we obtain P �t+1
�t+1Pt+1
t+1St+1 = P �t 
�tPt
t St in ea
h event inperiod t+1. Be
ause qt is de�ned as StP �tPt , it immediately follows that qt+1 
�t+1
t+1 = qt 
�t
t = qt�1 
�t�1
t�1 =� � � = q0 
�0
0 = �.
21See Cru
ini, Telmer, and Za
hariadis (2005) for this line of resear
h.31



B The 
losed form solution to x̂t(j; l)To derive the 
losed form solution to x̂t(j; l), we use the 
losed form solution to p̂H;t(j; l), given �̂tfollows AR(1). It has been already derived from (35) under an AR �̂t:p̂H;t(j; l) = � �j��1� �j��� �̂t;whi
h implies E t�k�1 [�p̂H;t(j; l)℄ = � �j��1� �j��� E t�k�1(�̂t � �̂t�1)= � �j��1� �j��� (�k+1�̂t�k�1 � �k�̂t�k�1):Using this result, we 
an express x̂t(j; l) as x̂t�1(j; l) and f�̂t�kg1k=0:x̂t(j; l) = !jx̂t�1(j; l) � !j�t + (1� !j) � �j��1� �j��� �̂t+ !j(1� !j) 1Xk=0!kj �� �j��1� �j��� (�k+1�̂t�k�1 � �k�̂t�k�1) + �k+1�̂t�k�1� :Using a lag operator L, we 
an obtainx̂t(j; l) = !jx̂t�1(j; l) � !j�̂t + (1� !j) �j��1� �j���̂t+ !j(1� !j) 1Xk=0!kj �kLk �� �j��1� �j��� [�� 1℄ + �� �̂t�1:UsingP1k=0 !kj �kLk = (1� !j�L)�1 and arranging terms yields the 
losed form solution to x̂t(j; l)given by (43).C The proof of proposition 2To prove Proposition 2, we use the �rst order di�eren
e equation for p̂t(j; l) and �̂t and anARMA(1,1) stru
ture for x̂t(j; l). We havep̂t(j; l) = �j p̂t�1(j; l)� �j�̂t + (1� �j)x̂t(j; l)�̂t = ��̂t�1 + "tx̂t(j; l) = !jx̂t�1(j; l) + aj�̂t + bj1� !j�L�̂t�1from (44), (31), and (43), respe
tively. We 
an rewrite the �rst and the third equations as follows:p̂t(j; l) = � �j1� �jL�̂t + 1� �j1� �jLx̂t(j; l)x̂t(j; l) = aj1� !jL�̂t + bj(1� !jL)(1� !j�L) �̂t�1:32



We eliminate x̂t(j; l) from these equations to get(1� �jL)(1 � !jL)(1� !j�L)p̂t(j; l) =(1� �j)aj(1� !j�L)�̂t + (1� �j)bj�̂t�1� �j(1� !jL)(1� !j�L)�̂t:Arranging terms of the right hand side of the equation yields(1� �jL)(1� !jL)(1� !j�L)p̂t(j; l) =� [�j � (1� �j)aj ℄ �̂t+ [�j(!j + !j�)� (1� �j)(!j�aj � bj)℄�̂t�1� �j!2j��̂t�2:Using the de�nition of �j;0, �j;1 and �j;2 de�ned in Proposition 2, we get(1� �jL)(1� !jL)(1 � !j�L)p̂t(j; l) = ��j;0�̂t � �j;1�̂t�1 � �j;2�̂t�2:The left hand of the equation 
an be extended so that(1� ~�j;1L� ~�j;2L2 � ~�j;3L3)p̂t(j; l) = ��j;0�̂t � �j;1�̂t�1 � �j;2�̂t�2:Sin
e the money growth rate follows an AR(1), �̂t = (1� �L)�1"t. Then,(1� �L)(1� ~�j;1L� ~�j;2L2 � ~�j;3L3)p̂t(j; l) = ��j;0"t � �j;1"t�1 � �j;2"t�2:Arranging terms the left hand of the equation gives �j;1, �j;2, �j;3, and �j;4:p̂t(j; l) = 4Xr=1 �j;rp̂t(j; l) � 2Xr=0 �j;r"t�r:Analogously, we 
an derive the pri
e index for good j of 
ity l�:p̂�t (j; l�) = 4Xr=1 �j;rp̂�t (j; l�)� 2Xr=0 �j;r"�t�r:Be
ause q̂t(j; l; l�) = p̂�t (j; l�)� p̂t(j; l), we obtain (45).Finally, note that the 
oeÆ
ient of p̂t(j; l) is(1� �L)(1� ~�j;1L� ~�j;2L2 � ~�j;3L3) = (1� �L)(1 � �jL)(1� !jL)(1� !j�L):It implies that the SARP4r=1 �j;r is equal to 1� (1� �)(1��j)(1�!j)(1�!j�). Be
ause the AR
oeÆ
ients are the same between the same type of good j, it proves Proposition 2.
33



D The Detailed Derivation of Transformation from Monthly toAnnual Spe
i�
ationThis appendix shows how we transform a monthly spe
i�
ation into the one whi
h has non-zero AR
oeÆ
ients for multiples of 12 month lags and �nite MA terms with the remaining AR 
oeÆ
ientsequal to zero. Table 1 summarizes the obtained results before and after transformations. Thetransformations lead us to estimate the model via the annual data.We have already shown the transformation results of Calvo pri
ing with � = 0 in the main text.In what follows, we will show the derivation of Calvo pri
ing with � > 0 and dual sti
kiness pri
ing.Calvo pri
ing (� > 0) First, we 
an rewrite the �rst order di�eren
e equation (40) asq̂t(j; l; l�) = �12j q̂t�1(j; l; l�) + �j�j(L)Ŝt = �j�j(L)1� �12j L12�Ŝt; (A1)Se
ond, sin
e �Ŝt = �̂t � �̂�t , it immediately follows that�Ŝt = ��Ŝt�1 + �t = R(L)1� �12L12 �t; (A2)where R(L) =P11r=0 �rLr. Substituting (A2) into (A1) yields:q̂t(j; l; l�) = (�12j + �12)q̂t�12(j; l; l�)� �12j �12q̂t�24(j; l; l�) + �j�j(L)R(L)�t; (A3)whi
h produ
es an ARMA(24,22).22 The AR parameters are non-zero only if the lags are multiplesof 12. Moreover, the length of the MA terms is now �nite and of order 22 in this spe
i�
 ARMApro
ess. Intuitively, this transformation is made possible be
ause q̂t(j; l; l�) is the �rst order dif-feren
e equation and the driving for
e �Ŝt follows an AR(1) pro
ess. Remarkably, this monthlyARMA(24,22) be
omes ARMA(2,1) in terms of annually sampled data.Dual sti
kiness pri
ing A similar transformation is possible in dual sti
kiness pri
ing. Thenext proposition summarizes the transformation result.Proposition A1. In dual sti
kiness pri
ing with �, �j, and !j 2 (0; 1), the ARMA(4,2) pro
ess
hara
terized by (45) has an equivalent expression of the following ARMA(48,46) pro
ess:q̂t(j; l; l�) = 4Xr=1�j;rq̂t�12r(j; l; l�) + �j(L)�t; (A4)22It is be
ause both �j(L) and R(L) have the power of L of 11 in maximum.34



where �j;1 = ~�j;1 + �12; ~�j;1 = �12j + !12j + (!j�)12�j;2 = ~�j;2 � ~�j;1�12; ~�j;2 = �[�12j !12j + (�12j + !12j )!12j �12℄�j;3 = ~�j;3 � ~�j;2�12; ~�j;3 = �12j !24j �12�j;4 = �~�j;3�12�j(L) = ((1� !12j L12)(1 � (!12j �)12L12)�j�j(L)R(L)�(1� �j)�j(L)
j(L)R(L) �(1� (!j�)12L12)aj + bjL(1 + 
Rj (L))�)
j(L) = 11Xr=0 !rjLr; 
Rj (L) = 11Xr=1(!j�)rLr:Proof. To 
onsider the transformation under dual sti
kiness pri
ing, note that (43) 
an be rewrittenas x̂t(j; l) = !jx̂t�1(j; l) + aj�̂t + bjL1� !j�L�̂t;using a lag operator L. This equation has an in�nite MA term be
ause the third term of the righthand side has (1� !j�L)�1�̂t. We �rst work on this term.The in�nite MA form (1� !j�L)�1�̂t is(1� !j�L)�1�̂t = �̂t + 11Xr=1(!j�)r�̂t�r+(!j�)12�̂t�12 + (!j�)12 11Xr=1(!j�)r�̂t�r�12+(!j�)24�̂t�24 + (!j�)24 11Xr=1(!j�)r�̂t�r�24 + � � � :Colle
ting terms by 
olumns yields(1� !j�L)�1�̂t = (1 + (!j�)12L12 + (!j�)24L24 + � � � )�̂t+(1 + (!j�)12L12 + (!j�)24L24 + � � � ) 11Xr=1(!j�)r�̂t�r= 11� (!j�)12L12 �̂t + 11� (!j�)12L12 11Xr=1(!j�)rLr�̂t= 1 + 
Rj (L)1� (!j�)12L12 �̂t;where 
Rj (L) =P11r=1(!j�)rLr. 35



Using this result, we obtain the �rst order di�eren
e equation for x̂t(j; l):x̂t(j; l) = !jx̂t�1(j; l) + "aj + bjL(1 + 
Rj (L))1� (!j�)12L12 # �̂t:Equivalently, by repeated substitutions,x̂t(j; l) = !12j x̂t�12(j; l) + "aj + bjL(1 + 
Rj (L))1� (!j�)12L12 #
j(L)�̂t; (A5)where 
j(L) =P11r=0 !rjLr.Similarly, the equation for the good j pri
e index is the �rst order di�eren
e equation given by(44). It implies p̂t(j; l) = �12j p̂t�12(j; l)� �j�j(L)�̂t + (1� �j)�j(L)x̂t(j; l): (A6)Substituting (A5) into (A6) yieldsp̂t(j; l) = � �j�j(L)1� �12j L12 �̂t+ (1� �j)�j(L)
j(L) h(1� (!j�)12L12)aj + bjL(1 + 
Rj (L))i(1 � �12j L12)(1� !12j L12)(1 � (!j�)12L12) �̂t: (A7)Analogously, we 
an obtain a similar equation for p̂�t (j; l�). Then, noting that q̂t(j; l; l�) = p̂�t (j; l�)�p̂t(j; l) and �Ŝt = �̂t � �̂�t , we 
an obtain the following equation for the good-level real ex
hangerate: q̂t(j; l; l�) = �j�j(L)1� �12j L12�Ŝt� (1� �j)�j(L)
j(L) h(1� (!j�)12L12)aj + bjL(1 + 
Rj (L))i(1� �12j L12)(1� !12j L12)(1 � (!j�)12L12) �ŜtArranging the terms and using �Ŝt = (1� �12L12)�1R(L)�t, we obtain(1� �12j L12)(1� !12j L12)(1 � (!j�)12L12)q̂t(j; l; l�)=((1� !12L12)(1� (!j�)12L12)�j�j(L)R(L)� (1� �j)�j(L)
j(L)R(L) �(1� (!j�)12L12)aj + bjL(1 + 
Rj (L))�) �t1� �12L12 :The terms inside the 
urly bra
ket gives �j(L). Moreover, the �rst line of the terms has non-zero
oeÆ
ient for L46, be
ause (1 � !12L12)(1 � (!j�)12L12) have a non-zero 
oeÆ
ient for L24 and36



�j(L)R(L) have a non-zero 
oeÆ
ient for L22. Sin
e the se
ond line of the terms inside the 
urlybra
kets have L45, the maximum power for L is 46.By multiplying both sides of the equation by (1� �12L12) we obtain from (A2) to get(1� �12L12)(1 � ~�j;1L12 � ~�j;2L24 � ~�j;3L36)q̂t(j; l; l�) = �j(L)�t;whi
h gives us �j;1, �j;2, �j;3 and �j;4.The impli
ations of Proposition A1 are as follows. First, the number of AR parameters arelimited to four and these four parameters are the 
oeÆ
ients on lags of 12, 24, 36, and 48 months.Thus, the autoregressive part of the model has a form of autoregression on the past values of thereal ex
hange rates at annual frequen
ies. Se
ond, if the AR part has the restri
tion des
ribedabove and if the maximum order of MA 
oeÆ
ients is 46, dual sti
kiness pri
ing with �, �j , and!j 2 (0; 1) 
an be written only with this representation. Third, this ARMA(48,46) pro
ess be
omesARMA(4,3) in terms of annually sampled data. Finally, under the representation, we 
an also showthat the SAR is given by�j = 4Xr=1�j;r = 1� (1� �12)(1� �12j )(1� !12j )(1 � (!j�)12); (A8)whi
h is in
reasing in �j, !j and �.E The long-run value of a good-level real ex
hange rateThis appendix shows the long-run value of qt(j; l; l�). In what follows, we use variables withouttime subs
ript to denote the steady state value.Consider the steady state value of the pri
e of good j in 
ity l. In the steady state, U.S. �rmsset pri
es su
h that PH(j; l) = �� � 1W = � �� � 1M:Here, we used (16). Canadian �rms 
hoose pri
es su
h thatPF (j; l) = �� � 1(1 + �(j; l))SW � = � �� � 1�(1 + �(j; l))M:be
ause of (17) and (19). Therefore, the pri
e of good j in 
ity l isP (j; l) = �2 �� � 1 [1 + �1��(1 + �(j; l))1�� ℄ 11��M: (A9)37



By similar argument, we 
an derive P �(j; l�) as follows:P �(j; l�) = �2 �� � 1 [��(1��) + (1 + �(j; l))1�� ℄ 11��M�: (A10)Given the good-level real ex
hange rate for good j of a 
ity pair between l and l� is given byq(j; l; l�) = SP (j; l)=P (j; l�), the equations (19), (A9), and (A10) implyq(j; l; l�) = [1 + �1��(1 + �(j; l�))1��℄ 11��[1 + �1��(1 + �(j; l))1�� ℄ 11�� : (A11)Thus, the long-run value of a good-level of real ex
hange rate depends on the 
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Figure 1: Persisten
e without information delay: fun
tion of money growth parameter(�) and Calvoparameter (�j)
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tion of money growth parameter(�) and Calvoparameter(�j)
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Figure 3: Persisten
e with information delay: fun
tion of information sti
kiness parameter(!j) andCalvo parameter(�j)
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kiness parameter(!j) andCalvo parameter(�j)
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Figure 5: The 
ross-border 
ity pairs in the U.S. and Canada
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Figure 6: Empiri
al distribution of LOP deviations in 1990 and 2005
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Figure 7: Real ex
hange rate persisten
e and pri
e sti
kiness: Bils and Klenow (2004)
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Figure 8: Real ex
hange rate persisten
e and pri
e sti
kiness: Nakamura and Steinsson (2007)
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Figure 9: Empiri
al distribution of good-spe
i�
 information delays 1=(1 � !j): Bils and Klenow(2004)
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NOTES: The upper panel shows the relative histogram of average information delay 1=(1� !j) where !j 2 [0; 1) forea
h good j is obtained by minimizing the distan
e between the observed SAR and theoreti
al predi
tion from dualsti
kiness pri
ing using �j = 1�fj from Bils and Klenow (2004) and � = 0:83. The smoothed lines are kernel densityestimates. The lower panel shows the distribution when ea
h !j is obtained by minimizing the distan
e between theobserved volatility and theoreti
al predi
tion using �j = 1� fj , � = 0:83 and � = 0:99.47



Figure 10: Empiri
al distribution of good-spe
i�
 information delays 1=(1 � !j): Nakamura andSteinsson (2007)
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NOTES: See the notes of Fig.9. Nakamura and Steinsson's (2007) frequen
y of pri
e 
hanges, in stead of Bils andKlenow's (2004), is used for �j = 1� fj in the 
omputation of the theoreti
al value.
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Table 1: Summary of transformations from monthly to annual spe
i�
ationMonthly spe
i�
ation Annual spe
i�
ationCalvo (�=0) q̂t(j; l; l�) = �j q̂t�1(j; l; l�)� �j�t q̂t(j; l; l�) = �12j q̂t�12(j; l; l�)� �j�j(L)�tCalvo (� > 0) q̂t(j; l; l�) = (�j + �)q̂t�1(j; l; l�) q̂t(j; l; l�) = (�12j + �12)q̂t�12(j; l; l�)��j�q̂t�2(j; l; l�)� �j�t ��12j �12q̂t�24(j; l; l�)� �j�j(L)R(L)�tDual sti
kiness q̂t(j; l; l�) =P4r=1 �j;r q̂t�r(j; l; l�) q̂t(j; l; l�) =P4r=1�j;r q̂t�12r(j; l; l�)+P2r=0 �j;r�t�r +�j(L)�tNOTES: The left panel shows the original monthly ARMA pro
esses whi
h are in the main text. The right panelshows 
orresponding 
onversions su
h that autoregressive 
oeÆ
ients are non-zero only if the lags are multiples of12 and that moving average terms are �nite. These 
onversions allow us to estimate the original monthly ARMApro
ess with annually sampled data. The autoregressive parameters �j;r and moving average polynomials, �j(L),R(L) and �j(L) are given in Appendix D.
Table 2: Proportions of explained persisten
e of good-level real ex
hange rates: Bils and Klenow(2004) Calvo pri
ing with various �� 0 0.3 0.5 0.7 0.9 0.95 0.98 0.946Theory/Data 0.059 0.058 0.058 0.088 0.634 1.043 1.425 1.000Dual sti
kiness pri
ing with � = 0.83! 0 0.3 0.5 0.7 0.9 0.95 0.98 0.930Theory/Data 0.306 0.323 0.323 0.350 0.792 1.209 1.529 1.000NOTES: Numbers are median ratios of the theoreti
al persisten
e, predi
ted by Bils and Klenow (2004), to observedpersisten
e measured by SAR estimated from real ex
hange rate data. Theoreti
al persisten
e for the upper panel isthe SAR for various � when Calvo pri
ing is used. Theoreti
al persisten
e for the lower panel is the SAR for various
ommon ! with � = 0:83 when dual sti
kiness pri
ing is used. Median SAR estimates for AR(1), AR(2) and AR(4)models are 0.563, 0.568, and 0.508, respe
tively. The last 
olumn of ea
h panel shows the value of � and !, givingthe median ratio 
losest to one. 49



Table 3: Proportions of explained persisten
e of good-level real ex
hange rates: Nakamura andSteinsson (2007) Calvo pri
ing with various �� 0 0.3 0.5 0.7 0.9 0.95 0.98 0.923Theory/Data 0.484 0.505 0.506 0.549 0.922 1.226 1.522 1.000Dual sti
kiness pri
ing with � = 0.83! 0 0.3 0.5 0.7 0.9 0.95 0.98 0.895Theory/Data 0.664 0.659 0.660 0.681 1.015 1.329 1.619 1.000NOTES: See the notes of Table 2. Nakamura and Steinsson's (2007) data, instead of Bils and Klenow's (2004), isused for the 
omputation of the theoreti
al value.
Table 4: Proportions of explained volatility of good-level real ex
hange rates: Bils and Klenow(2004) Calvo pri
ing with various �� 0 0.3 0.5 0.7 0.9 0.95 0.98 0.521Theory/Data 0.130 0.143 0.153 0.148 0.096 0.064 0.036 0.153Dual sti
kiness pri
ing with � = 0.83! 0 0.3 0.5 0.7 0.9 0.95 0.98 0.940Theory/Data 0.125 0.149 0.181 0.276 0.691 1.129 1.950 1.000NOTES: Numbers are median ratios of the theoreti
al volatility, predi
ted by Bils and Klenow (2004), to observedvolatility measured by normalized standard deviation of real ex
hange rate data. Theoreti
al volatility for the upperpanel is the normalized standard deviation for various � when Calvo pri
ing is used. Theoreti
al volatility for thelower panel is the normalized standard deviation for various 
ommon ! with � = 0:83 when dual sti
kiness pri
ing isused. The normalized sample standard deviation of real ex
hange rate is the extra
ted standard deviation 
omponentdue to time spe
i�
 sho
ks in the two-way error 
omponent model. The last 
olumn of ea
h panel shows the value of� and !, giving the median ratio 
losest to one.
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Table 5: Proportions of explained volatility of good-level real ex
hange rates: Nakamura andSteinsson (2007) Calvo pri
ing with various �� 0 0.3 0.5 0.7 0.9 0.95 0.99 0.801Theory/Data 0.234 0.298 0.351 0.403 0.398 0.312 0.212 0.426Dual sti
kiness pri
ing with � = 0.83! 0 0.3 0.5 0.7 0.9 0.95 0.98 0.916Theory/Data 0.423 0.449 0.478 0.562 0.882 1.311 2.082 1.000NOTES: See the notes of Table 4. Nakamura and Steinsson's (2007) data, instead of Bils and Klenow's (2004), isused for the 
omputation of the theoreti
al value.
Table 6: Intervals between information updateone month 1.01-5.99 6-11.99 12 monthsor less months months or aboveBlinder et. al.'s (1998)survey data 25.6 13.2 16.5 44.5Bils and Klenow Persisten
e 11.5 8.5 26.7 53.3Volatility 6.1 4.2 18.2 71.5Nakamura Persisten
e 33.3 12.7 18.2 35.8and Steinsson Volatility 21.8 13.9 14.5 49.7NOTES: The numbers in the �rst row represent the distribution, in per
entages, of the frequen
y of pri
e reviewsreported in Blinder, Canetti, Lebow, and Rudd (1998, Table 4.7 in p. 90). The se
ond and third rows show thedistribution of information delay implied by the observed persisten
e and volatility of real ex
hange rates based onBils and Klenow's (2004) data on the frequen
y of pri
e 
hanges. The fourth and �fth rows show the distribution ofinformation delay when Nakamura and Steinsson's (2007) data on the frequen
y of regular pri
e 
hanges is used.
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Table A1: Frequen
y of pri
e 
hanges and information updates by 
ategoryPri
e Information Pri
e InformationELI Category name Bils & implied by Nakamura & implied by # ofKlenow Per. Vol. Steinsson Per. Vol. goodsFA Cereals and 
ereals produ
ts 26.5 11.1 4.9 11.5 100.0 6.9 7FB Bakery produ
ts 25.7 5.5 4.4 9.8 8.7 6.8 1FC Beef and veal 47.2 12.2 4.8 25.5 13.8 5.5 8FD Pork 47.9 10.2 3.8 23.2 12.3 4.4 6FF Poultry 39.4 53.0 2.7 16.6 53.6 3.1 2FG Fish and seafood 42.4 8.7 10.6 20.4 9.7 15.2 1FH Eggs 61.8 7.5 6.5 47.6 7.5 6.8 1FJ Dairy and related produ
ts 33.7 6.7 4.4 24.9 7.2 5.3 4FK Fresh fruits 36.4 7.5 5.6 16.6 17.3 6.9 8FL Fresh vegetables 62.4 24.4 3.4 40.8 25.6 3.6 6FM Pro
essed fruits and vegetables 24.9 5.2 4.1 10.5 7.7 6.0 6FN Jui
es and nonal
oholi
 drinks 35.6 6.1 2.4 13.1 8.2 2.9 4FP Beverage in
l. 
o�ee and tea 21.1 8.8 7.3 8.9 18.1 13.2 11FR Sugar and sweets 22.9 4.8 7.0 9.9 7.1 12.7 2FS Fats and oils 29.5 14.5 6.1 18.1 16.0 6.7 8FV Food away from home 9.0 3.6 12.9 5.0 5.9 88.5 3FW Al
oholi
 beverages at home 19.3 6.1 6.8 10.6 7.5 10.0 7FX Al
oholi
 beverages away from home 6.4 2.4 14.1 5.0 3.0 25.1 1HB Lodging away from home 38.1 11.2 4.9 41.7 11.2 4.8 2HF Gas and ele
tri
ity 43.4 3.6 5.3 38.1 3.6 5.4 1HK Applian
es 19.0 2.7 3.6 3.6 15.0 25.6 2HL Other equipment and furnishings 16.1 10.2 6.6 2.8 100.0 100.0 1HN Housekeeping supplies 19.2 9.1 3.2 9.4 60.0 5.7 8HP Household operations 6.5 6.7 38.6 4.3 10.8 100.0 1AA Men's apparel 26.0 3.1 7.5 4.5 11.3 100.0 5AB Boy's apparel 25.9 2.4 11.5 4.3 6.9 100.0 1AC Women's apparel 45.0 6.3 6.8 2.5 100.0 100.0 6AE Footwear 28.0 4.8 7.1 3.5 60.0 100.0 2AF Infants' and toddlers' apparel 36.3 7.6 7.8 3.5 100.0 100.0 2TA New and used motor vehi
les 39.1 7.5 5.7 31.3 7.6 6.0 7TB Motor fuel 78.9 11.3 6.3 88.6 11.3 6.2 1TD Motor vehi
le maintenan
e and repair 11.6 6.7 6.1 10.7 7.1 6.4 2TE Motor vehi
le insuran
e 15.5 3.2 11.8 8.2 4.6 27.7 1TG Publi
 transportation 5.0 4.3 19.8 4.4 4.9 31.2 3MB Nonpres
ription drugs and medi
al supplies 13.7 5.8 14.8 7.9 8.7 42.6 2RA Video and audio 22.0 10.3 10.2 9.4 55.7 24.8 2RD Photography 8.6 9.6 16.2 8.8 12.0 30.5 2RF Re
reation servi
es 8.8 6.7 13.3 9.0 6.6 12.9 1RG Re
reational reading materials 12.4 15.1 34.5 5.4 100.0 100.0 3GA Toba

o and smoking produ
ts 21.6 4.3 1.3 23.2 4.3 1.3 4GB Personal 
are produ
ts 11.1 4.7 10.8 3.9 14.7 100.0 10GC Personal 
are servi
es 4.1 78.7 100.0 3.1 100.0 100.0 2GD Mis
ellaneous personal servi
es 5.1 13.8 100.0 3.0 100.0 100.0 8NOTES: ELI in the �rst 
olumn stands for the entry level item in the CPI. EIU pri
e series for good and servi
e used inthe analysis are mat
hed to BLS's ELI 
odes. The third 
olumn shows the median value of average monthly frequen
ies ofpri
e 
hanges from Bils and Klenow (2004), among the goods in
luded in ea
h 
ategory. The fourth and �fth 
olumns showthe median value of the estimated average monthly frequen
ies of information updates implied by the persisten
e (Per.) andvolatility (Vol.) of good-level real ex
hange rates, when Bils and Klenow (2004) is used to 
ompute the theoreti
al predi
tion.The sixth 
olumn is the median of the frequen
ies of regular pri
e 
hanges from Nakamura and Steinsson (2007). The seventhand eighth 
olumns show the median of frequen
ies of information updates when Nakamura and Steinsson's (2007) data is used.The last 
olumn shows the total numbers of goods and servi
es in
luded in ea
h 
ategory of ELI 
odes.52


