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ABSTRACT

Sticky price models associated with firms’ forward-lookimgce-setting behavior play a
central role in macroeconomic modeling and monetary padicglysis. Rudd and Whelan
(2006, however, reject the empirical relevance of forward-ingkbehavior in accounting for
inflation dynamics, based on the results of inflation expixta obtained as forecasts from
a VAR model. This paper shows that their results of rejectibisticky price models with
substantial reliance on forward-looking behavior are ic@nt upon the forecasting models
for expected inflation. In order to investigate this, we eog@ conventional DSGE model as
an alternative forecasting model and find that the modeligdgnflation expectations have
significant explanatory power for inflation dynamics. In éidd, this paper makes the fol-
lowing two points that highlight the importance of forwdabking behavior. First, we show
that sticky price models with forward-looking behavior @@nerate the puzzling negative de-
pendence of changes in inflation on its own lag as document&didd and Whelar§20086.
Second, we find that the DSGE model fails to replicate therobgadynamic cross-correlation
between output gap and inflation, unless it is associateld gth forward- and backward-
looking price-setting behavior.
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1 INTRODUCTION

What is the importance of forward-looking economic agemsnélation dynamics? The macroe-
conomic literature has made a convincing argument thatdadvooking price-setting behavior of
firms plays a significant role in accounting for the dynamicmbation [Gali and Gertle1999),
Sbordong2002 andGali et al. (2005, among others]. The empirical relevance of such behav-
ior has typically been analyzed within the framework of tlyetid new Keynesian Phillips Curve
(NKPC) model, which posits that current inflation is affettey expected inflation, lagged infla-
tion, and real marginal cost.

Employing a similar framework, howeveRudd and Whelarf2006 arrive at diametrically
opposed conclusions. A distinct feature of their empirmaicedure is associated with how the
expected inflation term in the hybrid NKPC is treated. Intisgiecification, inflation expectations
are approximated by the discounted stream of expectedsfual marginal costs, forecasted by an
estimated vector autoregressive (VAR) moti@ased on the model-consistent inflation expecta-
tions, they reject the empirical importance of forwarddmg behavior on inflation dynamics, and
find instead evidence in favor of the backward-looking Rpslcurve.

This paper aims to reconcile the two sets of conflicting tsdoy asking whether the finding
in Rudd and Whelaif2006 is robust across forecasting models of future real mafgiosts. In
addition to the their VAR approach, we consider a new Keyareflynamic Stochastic General
Equilibrium (DSGE) model as the alternative specification fborecasting future real marginal
costs. The analysis allows examination of how particuleedasting models can produce distinct
dynamics of the proxy variable for inflation expectationsjei alters the empirical relevance of
forward-looking behavior.

Our empirical strategy takes the following steps. Firsthdorecasting models are estimated
with quarterly U.S. data on output gap, inflation, and norinterest rate, from 1960:Q1 to
2012:Q4. Notice that, in the models, marginal cost is apprmated by output gap. The choice
of the variable is guided bRudd and Whelai2007), who argue that output gap is likely to be a
better proxy for marginal cost than labor income share ad@yad inGali and Gertlef1999.2 In
order to examine robustness of the result to the choice @ubgiap, we consider various output
gap measures widely used in the existing literature. In arsstep, we estimate the reduced-form
NKPC equations as iRudd and Whela(2006 using the generalized method of moments (GMM;
for the VAR-based tests) or Bayesian methods (for the DS@&dedt tests). Existing work reveals
that the performance of the NKPC depends substantially emptbesence of lagged inflation [for
example,Fuhrer and Moorg¢1995 and Christiano et al(2005, among many others]. Accord-
ingly, in our empirical analysis we examine three variarthie NKPC depending upon the degree
of indexation to past inflation—the purely forward-lookiNgKPC, the hybrid NKPC with partial

1Rudd and Whela2006 also evaluate sticky price models based on realized valifegure real marginal cost
using a GMM estimator. Evaluating sticky price models baseckalized values of future marginal cost tends to entail
an identification problem, which stems from the lack of vatigtrument variables fok-step ahead future marginal
cost whenk is large. AsMavroeidis et al(2014 put, “inflation is notoriously hard to forecast” and “it istd to
find exogenous (i.e., lagged) economic variables that lderestrongly with expected future inflation.” The weak
instrument may become particularly severe for the framkwoRudd and Whela2006), which is associated with
k = 13. For this reason, we focus on evaluating sticky price mola$®ed on output gap as a proxy for real marginal
cost rather than its realized values.

2Rudd and Whelaf2007) show that, in contrast to output gap, labor income sharieajly displays a pattern that
would be considered countercyclical, spiking up duringtpwas U.S. recessions.



indexation, and the hybrid NKPC with full indexation. Filyathe contribution of forward-looking
behavior to inflation dynamics is evaluated in terms of twteda as inRudd and Whelaf2006:
sign and statistical significance of the coefficient on thelet@onsistent inflation expectations,
and measures of goodness of fit.

The main finding is that the importance of forward-lookindgh&eor on inflation hinges crit-
ically upon the forecasting models. VAR forecasts of futtgal marginal costs make almost no
contribution in explaining inflation dynamics, which is cistent with the finding irRudd and
Whelan(2006. Embedding the VAR-predicted forward-looking componienthe reduced-form
NKPC regressions hardly improves the data fit, with decnepsiljusted?? values. In addition, the
sign and statistical significance of the coefficient on thevérd-looking component vary widely
across the degrees of indexation and output gap measurassharp contrast to the VAR-based
results, DSGE forecasts offer significant explanatory pdaseinflation dynamics as they increase
the regressions goodness of fit. The coefficient on the digediwcurrent and expected future out-
put gap has a positive sign, which underscores the role ofdiat-looking behavior in inflation
determination. We find that the DSGE-based results are t@misss the degrees of indexation
and output gap measures.

We further investigate the source of the discrepancy and shat the dynamics of the sum
of the discounted current and future output gap series emagy conditional on the forecasting
models. The primary difference between the VAR- and DSG&ebtaeries stems from the deter-
minant of the forecasts in the models. Structural shockemahd are the dominant factor for the
discounted sum series in the DSGE model, whereas contemgmra output gap, the interest rate,
and inflation jointly play a critical role in determining thMAR-implied series. In particular, our
results indicate that a significant negative dependencliettrrrent interest rate and inflation to-
ward the discounted sum of future output gap in the VAR spetifin substantially determines the
model’s forecasts. In addition, the VAR-predicted disdedrsum of future output gap varies con-
siderably with output gap measures, which can be a potestiale of the dispersed VAR-based
results across different output gap measures.

Having established our empirical framework, we conduct &dditional analyses in assessing
the importance of forward-looking behavior. The analyse&erthe following points:

e Rudd and Whelarf2006 provide supplementary evidence for the rejection of thiriay
NKPC. They document a negative dependence of changes itidnflan its own lag, and
interpret the tendency as “an important feature of infladgnamics that is absent from the
hybrid model.” We demonstrate that the hybrid NKPC, with égs on the presence of
forward-looking behavior, can generate the negative autetation coefficient when it is
associated with more than one lagged inflation term. Oulyaisasuggests that the negative
autocorrelation should not be interpreted as evidencenagaew Keynesian sticky price
models as explanations of inflation.

e We explore how the DSGE model’s ability to generate the datssistent correlation be-
tween output gap and inflation depends upon the degree afatida to lagged inflation.
A simulation exercise reveals that the backward-lookingdliPs curve is unsuccessful in
producing the dynamic correlation pattern observed in @@-é-output gap is correlated
negatively with lagged inflation and positively with futurglation. Abstracting from the
expectation term makes supply-side shocks the primaryrdatant of the cross-correlation,
which yields consistently negative correlations for thekveard-looking Phillips curve. We
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find that the full indexation model, having the forward- aratkward-looking components
with almost equal weight, best matches the dynamic crogglation pattern of the data.
These results indicate that the model is in need of both fatwand backward-looking com-
ponents to generate the data-consistent correlatiorntsteuc

The remainder of this paper is as follows. Sect®describes the small-scale DSGE model
employed in this article. SectioB investigates the importance of forward-looking behavior i
determining inflation dynamics. Sectidndiscusses the implications of alternative specifications
of the Phillips curve in order to examine the robustness ohaain findings. Sectiob concludes.

2 MODEL

We introduce a standard small-scale DSGE model which casnsishouseholds, firms, and the
monetary authority. The production sector consists of #peasentative final goods producer and
a continuum of intermediate goods producers. The final gdod produced by combining a
continuum of intermediate good$’; ; },c(0,1) Using a production function given by

Lo . e’ /(eP-1)
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0

where the parametef is the elasticity of substitution between differentiatembds. The final
goods producer confronts perfect competition in the goodsket and takes the price of final
goodsP, as given. The cost minimization problem of the final goodslpoer yields the demand
curve for an intermediate goods producer:

eP
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wherer denotes steady-state inflation. Followi@glvo (1983 andYun (1996, we assume that
a constant fraction] — ¢, of intermediate goods producers optimally adjust theitgs subject
to the demand curve2). The remaining producers that cannot reset their pricetepthem
mechanically by indexing their prices to a weighted avemigeast inflation and the steady-state
inflation, 7' =~7% |, wherer,_, = 1;_,.2 The aggregate price level evolves according to

5 1—eP 11—k =K 1—eP 1/(1=€?)
P= (1= QR + ¢(x'rar, Py) ®)

whereP, and P, represent the aggregate price level and optimal price stsigbiptermediate goods
producer, respectively.

Intermediate goods are produced using labor,with the production functiory;; = N}; e,
wherea € [0,1]. Log-linearization of the production function integrateder ; deliversy, =
(1 — a)n,. Throughout this paper, lower case letters denote the pge deviation of a variable
from its steady-state value.

3We introduce the notatiof,_; to consider additional lags of inflation in later parts of #ticle.



The monopolistically competitive intermediate goods prcet: setsP, to maximize its profit
which is given by

Z(BC)’“ Atk Et { |:Hl;:1( )1 R(WHS 1) Pt — Py eXp(ef)MCt-‘rk] Y},t+k/Pt+k} 4)
k=0

subject to the demand curv®) (@s above; and M C, denote the marginal utility of consumption
and real marginal cost, respectively, is an exogenous cost component that is not taken into
account in the model and we interpret it as the cost-pushkshidte profit-maximizing condition
and @) jointly yield the hybrid NKPC

T — KTy = 5Et(ﬂ't+1 - FU_Tt) + n(mCt + 6?) (5)

wheren = % and ¢! follows ani.i.d. process withe! ~ N (0, 0¢2). Thei.i.d.
assumption is to maintain parsimony of the model, suitabiettie study of the importance of

firms’ forward-looking behavior. It is worth mentioning thdy assuming transitory cost-push
shocks, estimation results are more likely to overempledabiz role of backward-looking behavior
in accounting for inflation dynamics. This is because botéraBy correlated cost-push shock and
lagged inflation are internal propagation mechanisms desigo match the inflation persistence
in the data. The missing propagation mechanism associatedh&i.i.d. assumption of the shock

process would allocate more weight to lagged inflation ireotd fit the data. In this regard, our
modeling choice for the shock process may result in a coatieevmeasure for the importance of
forward-looking behavior.

Real marginal cost is proportional to the output gapsuch as

o+ -
me; = <—S0 + U) Ui (6)
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The representative household maximizes the intertempalidy function given as
0 Cl o N1+<,0
E Z t+k t+k 7
! B (1 —0 1 + 0

whereC); and NV, denote consumption and the amount of labor, respectivéig. objective of the
household is to maximize the intertemporal utility funatgubject to the budget constraint
B,

PC, + = W,N, + B,_ II 8
1O+ oxp(—od) (1 1 i) Ny + Dy + 1y (8)

whereB,, i;, —v¢, W,, andIl, represent the amount of riskless bond purchased, intextestrisk
premium shock, nominal wage rate, and firm’s profit, respem‘.i vl is interpreted as the demand
shock and is assumed to follows an AR(1) procegs= p,vi ; + ¢/ with €/ ~ N(0, 02,). The
household’s maximization problem yields the IS curve giasn
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wherei; denotes the short-term interest rate set by the FederahRes®ince technology shocks
are abstracted from the model, the output gap is equalitothis papef
We close the model by introducing a monetary policy rule, hick the nominal interest rate
1; responds to its lagged value, the current inflation rate anekot output gap, and a difference in
the output gap:
iy = pir—1 + (1 — p)(axme + ayys) + any Ay, + € (10)

wheree]” denotes a monetary policy shock, which is assumed to followia. process with
em ~ N(0, 02.).

3 EMPIRICAL RESULTS

The hybrid NKPC in §) displays that current inflation is determined by inflatioqpectations,
lagged inflation, and real marginal cost. If the discountdgg, is assumed to be unity, the hybrid
NKPC can be written as

T = 0w + (1 = 0)my + y(me; + €)) (11)

whered = 1/(1 + k) andy = /(1 + k) = n6. This equation nests various versions of NKPCs,
which are distinguishable based upon the values.ofWhenx = 0 andx = 1, Equation 1)
collapses into the forward-looking NKPC and full indexatimodel employed bZhristiano et al.
(2005, respectively. The equation also includes the partiaéxation model appeared Bmets
and Wouterg2007) if x € (0,1). Using the framework oRudd and Whelai2006), this section
evaluates the importance of the forward-looking compoireatcounting for inflation dynamics
across the three different specifications of the Phillipyeu

3.1 Case 1: NKPC (v = 0) Assuming inflation expectations are formulated in a rationa
model-consistent way yields the forward-looking NKPC egsed as

T =7 Z Etht+k + ’}/Ei) (12)
k=0

As a consequence, model-consistentinflation expectadi@defined ag;m, . = > .- | Eymcii.
Equation (2) makes precise that current inflation in forward-lookingdels is mainly determined
by expected future marginal costs. In contrast, currerdtiofh is primarily driven by past marginal
costs in backward-looking models. This fundamental d#ffee between the two modeling ap-
proaches has motivated researchers to test the validibedbrward-looking NKPC usindl@).
Plugging 6) into (12) yields
T =YX 4 el (13)

where XP5¢F = (222 4 o) 3% | EPSCEg, ., and EPS9Fy, . denotes the predicted value of
7+ from the DSGE model conditional on datanformation. The regression equation corre-
sponding to VAR forecasts is given by

T = ’NYXtVAR + ey (14)

4A similar modeling approach is taken Biannoni and Woodfor2003 andDennis(2009.
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wherey = (9*£ 4 o)y and X4 = Y0 B/ g, . EY 485, denotes the expected value
of 7, by a VAR model in period. Following Fuhrer and Moor¢1995, Rotemberg and Wood-
ford (1997, Rudd and Whelarf2006, and many others, we employ a trivariate VAR(2) model
containing inflation, the short-term nominal interest @te output gap.

For each forecasting model, either the DSGE or VAR, we usejtiaeterly U.S. data ranged
from 1960:Q1 to 2012:Q4. The short-term interest rate useseffective Federal Funds rate,
while inflation rate is measured by changes in the GDP defl®egarding the output gap, we
consider four different output gap measures for robustnédgwey are the Congressional Bud-
get Office (CBO)’s output gap series, quadratic detrendeépduduHP-filtered (two-sided) output,
and Christiano-Fitzgeral®003 one-sided) filtered output. Hence, the estimation resaitthe
regression equationdd) and (4) unveil whether the forward-looking model provides a good
approximation of U.S. inflation dynamics regardless of éasting models of the output gap.

Two steps are required to assess the validity of the NKPGt,Hirture output gaps are fore-
casted based on either the DSGE model or the VAR(2) modetierdo compute model-consistent
inflation expectations. Then we estimate the parametenstefast in {4) using the generalized
method of moments (GMM) technique. Notice thatinstead ofvy, is estimated for the VAR-
forecasted regression test, aiRkndd and Whela2006. This is because the DSGE model allows
for the identification of the structural parameters, while VAR model does not.

For the second step of the DSGE-forecasted test3) (t is worthwhile to mention that the
procedure can be simplified by embedding an equation gawgthe evolution ofY P9¢F as

X5 = B XP9E + <—‘f +§ + a) Ui (15)
This allows us to directly estimate the parametdéy calculatingX 5%, Although not presented
here, we find that the posterior estimates for the DSGE madatat sensitive to the inclusion of
(15) in estimating the model. Therefore, we estimate the DSGHelwith an imposition of the
equation to gauge the dynamicsxf 3¢ ©

Figurel displays the actual time series for the four output gap nreadqtop panel), as well as
the DSGE- (middle panel) and VAR-predicted (bottom panegaunted sum of expected future
output gap. The middle panel shows that the DSGE-implieésé&end to comove with the output
gap measures, with no significant dependency on the choicaitput gap. The dynamics of
model-implied forecasts, however, change dramaticallyeurthe VAR model. As the bottom
panel exhibits, the VAR-implied output gap series depentariably on which output gap is used.

SAppendixA provides a detailed description of the data.

5The prominent benefit of augmentints) in the DSGE estimation procedure is that it permits to avoeldiffi-
culty of compounding the infinite number of future output gepns, associated with the DSGE-based test. There are
two GMM-based approaches to estimate the close form salafithe NKPC (2). The first approach is to estimate
the closed form solution using realized values of futurgoatigap and the second is to use forecasts of future output
gap to calculateX;. Then the equationl@) can be estimated using the GMM estimator. In contrast tddtter,
the former has a difficulty in dealing with the infinite numlzdrthe future output gap terms. If realized values of
one to twelve quarter ahead output gaps are used to estilrat@s(in Equation (18) oRudd and Whela(2006), the
GMM estimates are likely to be subject to weak instrumenbfems sincé-quarter ahead output gaps and changes in
(k + 1)-quarter ahead inflation are weakly correlated with the'umsent variables whehiis large. In this regard, the
GMM approach based on VAR forecasts, instead of realizagegalhas some advantages in dealing with the infinite
number of the future output gap terms as well as in avoidingkwestrument problems. The DSGE approach also
allows us to avoid the difficulty of computing the infinite nber of the future output gap terms.
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A comparison of the predicted series to the output gap measereals that the behavior of the
VAR-implied forecasts differs substantially from that b&tactual output gap measures.

In order to rationalize the source of the discrepancy, wealestnate the estimation results on
how X, is predicted in each modeling approach as follows:

€
X DSGE:CHO 185.8 —17.5 —5.9 172 —13.7 177.0 ¢
XxPs@E:Detrended | [ 9106 213 —57 23.9 —17.5 200.6 & 16)
xpseep | = | 9238 138 —40 112 —10.8 2238 | | i
X DSGECF 1788 —11.3 —4.0 109 -84 1704 /) | iy
Utd—l
Ut
XVARCEO 108 59 —74 —15 14 -30 i
XVARDetrended || 114 —80 —79 —1.1 18 —3.3 m a7
XV ARHP 1 36 —-1.7 —-13 —05 —0.2 —0.6 Ui—1
XVARCF 71 —04 —02 —64 02 —0.1 it
Tt—1

As shown in {6), the structural shocks play a key role in determining th€&BSmplied series for
X, regardless of the output gap measures. In particular, derslaocks are the most significant
driver of the DSGE-implied series. Given that the demandaklsoibstantially governs the output
dynamics in the model via the IS curve i9)(this result explains how the DSGE-implied series
closely mimic the corresponding output gap measure. Irrastito the DSGE approach, the VAR-
predictedX,’s are driven solely by the current and lagged values of tlyenkedel variables. The
results in (7) indicate thatX} 4#'s are positively related to the current output gap, whetbag
are negatively related to the interest rate and inflationis Siistematic pattern in the variables
has important implications for the evolution of the VAR-ili&gl X; series. A notable empirical
consequence is that the trajectoryXf 4% exhibits a mirror image of the federal funds rate and
inflation, as displayed in the bottom panel of FigiréNotice that a similar pattern is documented
in Rudd and Whelarf2003. Of course, the DSGE-based forecasts Xgrare also negatively
related to the interest rate and inflation. The estimaticulte in (L6), however, indicate that
demand shocks play a dominant role in determining the egpeftiture output gap, while the
contributions of interest rate and cost-push shocks aaévely minor. The VAR-implied series are
governed not only by the output gap, but also by the intesgstand inflation. In a sharp contrast
to the DSGE-based results, the importance of the contempous interest rate and inflation on
X, is somewhat comparable to that of output gap, as display&d)n

Table 1 reports the estimates for and in the regression equation$3) and (4), respec-
tively.” X4 is used as an instrument for the GMM estimatesjfowhereas the estimation of
employs Bayesian methods with the prior distributiom\ai.001, 0.005).2 The table makes clear

In order to be consistent with the framework Bydd and Whelai2006, we focus on estimating the reduced-
form parametersy and#, instead of all the structural parameters in the DSGE modieke companion appendix
includes details of the distribution of the posterior esties for the DSGE model.

8We use the random walk Metropolis-Hastings (HM) algoritmsimulate 50,000 posterior draws with the first
25,000 used as a burn-in. This procedure is applied to theEIS43ed regressions throughout the article. Our
estimation results based on VAR forecasts remain almostarad by the inclusion of lagged output gap and inflation



that the estimated coefficients are conditional on a spdoifecasting model for expected future
output gap. The results based on the VAR forecasts tenddotrije forward-looking NKPC as
the coefficients of the VAR-based regressions are signedtiveg This result is insensitive to the
measure of output gap. In contrast, the estimates flip sigmtiwe use of the DSGE-implied fore-
casts. Regardless of the output gap measures, the codficieX; are positive and statistically
significant at 5% level, indicating that the forward-looiNNKPC accounts for the dynamics of
inflation.

Another perspective on how the presence of forward-lookitgavior affects a model’s poten-
tial fit to data can be gleaned from a comparison between tii@leend model-consistent inflation
dynamics. The top panel of FiguBeplots actual inflation and the DSGE model-predicted inffatio
associated with various output gap measures. In spite oéthtvely large deviations in the 1970s
and late 1990s, the model-predicted inflation tracks theamasdowns of actual inflation quite
closely. By contrast, the bottom panel of Fig@enakes an explicit comparison between actual
inflation and the predicted inflation emerged from a simptgession using only current output
gap as a regressor. Compared to the DSGE-consistent mediglues, the alternative specifi-
cation underperforms in tracing the actual inflation dyrnamiThe primary difference across the
two groups of model-predicted inflation is the presence oivéwd-looking behavior, so model
fit corresponds to the contribution of model-consistenaiigh expectationsy -, EP¢Fq, 4,
in accounting for inflation dynamics. Our results indicdtattfirms’ forward-looking behavior is
likely to be a significant determinant of inflation.

3.2 Case 2: HYBRID NKPC wITH PARTIAL INDEXATION (k € (0,1)) A series of papers
demonstrates that in new Keynesian models it can be mislgadiset aside lagged inflation [for
example Gali and Gertle1999 andChristiano et al(2009]. In this regard, the NKPC is often
criticized for the lack of ability to generate data-consigtinflation persistence and the delayed
response of inflation to a monetary policy shock. Guided feywiell-established argument, we
further investigate the empirical importance of forwaodiing behavior under the hybrid NKPC.

Following Smets and Woute(2007), the NKPC is modified to include a lagged inflation term
by assuming that a fraction of firms who are unable to optimally adjust their prices, partially
index them to past inflation. The resulting inflation dynasriitthe partial indexation model (i.e.,
k € (0,1)) take a form of

= 0Em 1 + (1 — 0)m_y + y(me; + €F) (18)
wheref = 1/(1 + k) > 1/2. Solving forward (8) iteratively yields
(1 —rkL)m = nz Eimcyr + ned (29)
k=0

whereL is the lag lag operator (i.e;’x; = x,_;) andn = /0. We then estimate

1-46
9 -1 = %XtDSGE + 775? (20)

as additional instruments. The explanatory powek@f} for X} 4% is quite high: adjusted? associated with the
CBO output gap i9.94, while a similar degree aR? is obtained with the other output gap measures.
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and

1—4 0!
g1 = %XthR + nep (21)

to examine whether the stream of current and expected fuadues of the output gap has potential
explanatory power for U.S. inflation dynamics.

Table 2 reports the estimation results for the regression equail) and @1), respectively.
The parametef is estimated to be aboQt53, depending neither on the forecasting methods nor
on the output gap measures. This indicates that both forveaud backward-looking components
are equally important in capturing inflation dynamics. Tkéreates for the slope of the hybrid
NKPC, however, vary widely across the forecasting modalekpected future output gap. The
coefficienty is signed positive and significantly different from zero,emhthe regression is ac-
companied byXP°“F. This finding is insensitive to a specific choice of the outpap measure.
These results show that the hybrid NKPC with partial indiexeassumption is consistent with the
data. On the contrary, the estimates foare statistically insignificant, confirming the evidence
against the hypothesis of rational and model-consistdldtion expectations as documented in
Rudd and Whelaf2006. In sum, our main results from the NKPC carry over to the id/BKPC
with partial indexationX”°“¥ conveys relevant information in understanding inflationalyics,
whereasX” 4 does not.

Ty —

3.3 Cask 3: HYBRID NKPC wITH FuLL INDEXATION (k = 1) The hybrid NKPC proposed
by Fuhrer and Mooré1995 has equal weight on inflation expectations and lagged ioflatA
similar full indexation model is employed lghristiano et al(2005. Whenk = 1 (i.e.,0 = 1/2),
the equation for the model-implied inflation dynamics18)(collapses into

(1—L)m = UZ Eymeyx + ne; (22)

k=0

wheren = /6 = 2. The regression equations emerged fr@®) @re given as

Amy = %XESGE + el (23)
and ~
Am, = FEXXAR + ne? (24)

Notice thatRudd and Whelari2006 employ the setup in24) associated with full instead of
partial indexation model as their baseline specificationofparison betwee2l) and @4) makes
precise the primary advantage of full over partial indextatnodels in exploring the contribution of
the forward-looking component to the dynamics of inflatibnpartial indexation models, current
inflation 7, is governed not only by the forward-looking tetk) but also by its lagged value _,
which makes it hard to isolate the individual effects)of In contrast, full indexation models
imply that changes in inflatiol7, depend only on the forward-looking component as long as the
hybrid NKPC is endowed with the first lagged inflatidn.

%0Once the model is modified to allow for more lags, howevernges in inflation are dependent upon its own lags
as well.



As summarized in Tablg, the coefficient pattern across the modeling approachesnswhat
different from the previous two cases. A notable finding &t the estimates foy are now signed
positive and statistically significant. However, the VARegicted forward-looking component
turns out to have no contribution in fitting the data. As shawtihe second panel (specification 2)
of Table4, the explanatory power ot for changes in inflation is consistently negative, with
the adjusted?? ranged from—0.003 to —0.037 across the output gap measures. These results are
coherent with the finding dRudd and Whela2006 that “expectations of future output gaps do
nothing to improve the equation’s fit.”

When X5¢F is considered, the coefficient is estimated to be positively different fromaer
regardless of the output gap measures. More importangyaohtribution of the forward-looking
component for the model’s fit is reversed, as in the secondldiTable4. IncorporatingX P*¢*
improves the data fit as the DSGE-based forecasts explairt &5ao 6 percent of the variability
of changes in inflation. Despite the relatively low goodrekét, we find that the DSGE-implied
series plays a crucial role for the evolution of inflation &albr® In order to explore the impor-
tance of the forward-looking component in accounting fdlation dynamics more formally, the
next section provides supplementary evidence by simulakercises.

3.4 THE FORWARD-LOOKING COMPONENT ANDDYNAMIC CROSSCORRELATION BETWEEN
THE OUTPUT GAP AND INFLATION Based on the DSGE model presented in Se@idhis sec-
tion conducts a simulation exercise to access how the nsdkllity to generate data-consistent
dynamic correlations between the output gap and inflati@nghs across various degrees of in-
dexationf’s. Sincef governs the weight between forward- and backward-lookielgalvior on
inflation, the exercise is designed to highlight the impoecta of forward-looking price-setting
behavior, conditioning on the DSGE model. To this end, weusate the output and inflation
variables by feeding sequences of all the model shock irtram&into its equilibrium system,
with 0 values from zero to one. The CBO output gap is used for estm&t We then calculate
the dynamic cross-correlations between the model-imiggut and inflation for each value
considered.

The left panel of Figur& displays the actual dynamic cross-correlations betweerotiput
gap measures and inflation. A positive change in the curnatpiud gap is associated with a sub-
sequent gradual increase in inflation, as the cross-ctioeless peaked at about 4 to 6 lags. In
the existing literature, this is often interpreted as en@esupporting the presence of backward-
looking behavior, in which current inflation is determingddurrent and past output gaps.

The right panel of Figur& makes clear that the model-implied dynamic cross-coicgiat
hinge significantly on the degree of indexation. WHeés zero, the dynamic correlation is negative,
indicating that supply-side shocks are the dominant fadédermining the cross-correlation. Our
result suggests that the hybrid NKPC with heavy emphasif©ierackward-looking behavior is
hardly supported by the data.

We find that the NKPCH = 1) is also unlikely to produce the correlation structure lesw
the output gap and inflation observed in the data. The dynaarelation is unrealistically high,
caused by the expectation channel that demand-side shoeii® c In response to a persistent

10A prominent explanation for the relatively poor performarf XS¢F on Ar, is their distinctive frequency
characteristics. While higher frequency components startdor A, XP¥ (or i) displays persistence with
more of the spectral power at low frequencies.

1IAlthough not presented here, we find that the results arest@mioss the output gap measures.
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positive shock on the demand side, firms expect the outputabe positive for several periods.
The expectational effect produces an additional propagatf the shock so that current inflation
rises more than the actual size of the shock because infiatagtermined dominantly by current
and expected future output gaps witda close to oné? The exceptionally high cross-correlations
between the output gap and inflation are likely to be amplibigdhe effect. For example, the
model-implied contemporaneous correlation is aroQrig whereas the values from the data are
around0.1 regardless of output gap measures.

The model best matches the cross-correlations of the daga fvis 0.499, which is in favor
of the specifications ifuhrer and Moor€1995 andChristiano et al(2005. This indicates that
the model is in need of both forward- and backward-lookingiponents to generate the data-
consistent correlation structure.

4 ROBUSTNESS AUGMENTING AN ADDITIONAL INFLATION LAG

In this section we discuss the implications of alternatpecsfications of the Phillips curve in order
to judge the robustness of the main results above. In p&tiowe examine the partial and full
indexation models embedded with an additional lagged iofiderm.

4.1 RRTIAL INDEXATION (k € (0,1)) We assume firms that are unable to optimally adjust
their prices automatically index their prices to the wegghtiverage of the steady-state inflation
rate and two lags of inflation. Accordingly, we replage; = m;,_ With 7;_1 = wim_1 + wammi_o
wherew; + w, = 1 and0 < wy,w, < 1. The resulting Phillips curve can be written as

Ty = 0Eym o 4 011y + Oam_g + y(mey + €) (25)
whered = 1, 0, = £ (2w, — 1), 0, = *‘f%ﬂ:ji) and~ = 7. Notice thatd + 6; + 6, = 1
holds. Solving forwardZb) |terat|vely yields
— (M1 + Aoemi—2) = Xy + nel (26)
where\; = ﬁwl and )\, = 9_w2 By construction, the model collapses to the hybrid NKPC
with partial indexation whew, = 0. We estimate
T — (M1 + Aempo) = nXltDSGE + nel (27)
and
— (M1 + dameo) = 75X AE 4+ ne? (28)
wheren = 7/6.

Table5 reports the estimation results for the regression equair) and 8). Overall, the
modification of the model has virtually no effect on our massults regarding the DSGE-implied
series. The weight on the forward-looking componéhts estimated to be arourid6. These
estimates are somewhat larger than the values reportedctio®8.2, indicating that forward-
looking behavior is given relatively more weight when theligidnal inflation lag is included in

12In contrast, wheR = 0, the expectation channel is shut down and demand shocka pié@yor role in determining
inflation dynamics.
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the Phillips curve. Notice that the significantly positiviimates fory andé jointly ascribe a
significant role in inflation fluctuations to the forward-long price-setting behavior of firms. The
posterior mean estimates far are around).63, which illustrates that the nonoptimizing firms
index their prices to recent inflation more than to older irdla Finally, thex values, reconstructed
from the estimates faf andw, by usingx = % are around.94.

Unlike the model with no additional inflation lag presentedSection3.2, the VAR-based
results are broadly consistent with the DSGE-based couanter The estimates fdt are around
0.6. The estimates for; are ranged aroun@ 67, which is slightly higher than the DSGE-based
results. Interestingly, however, the results on {heoefficients hinge critically upon the output
gap measures. The parameter estimates are positive aisticafly significant under the CBO,
detrended, and CF-filtered output gap measures, whereasdHeient is estimated to be positive
but insignificant when associated with the HP-filtered seri€his finding indicates a potential
vulnerability associated with the VAR-based tests that@ra the importance of the forward-
looking component for inflation dynamics.

4.2 FULL INDEXATION (k =1) Rudd and Whelaf2006 document a negative dependence of
changes in inflation on its own lag. They describe the tenglaa¢an important feature of inflation
dynamics that is absent from the hybrid model,” and regaad & rationale for the rejection of new
Keynesian sticky price models. In this section, we esthldis©iybrid NKPC with full indexation
(x = 1) augmented with an additional lag of inflation, in order teestigate whether the model
can be reconciled with the negative dependence borne ohelyata.

We consider the augmented full indexatian= 1) model given by

Ty = 0Em o 4 01—y + Oami_g + y(mey + €) (29)

whered = 1—|——w 0, = 21“;1 , 0y = +“’1 andy = 7=-. Notice thatd + 6, + 6, = 1 holds. If
w1 = 1, the model coIIapses into the hybrid NKPC with a lag of inflati&cquation 29) can be
derlved from

T — M1 = Et(ﬂt+1 — ﬁ't) + T}(mct + Ei)) (30)

wherem;_| = wym_1 + wem;_o andw; + wo = 1. Iterating G0) forward yields
i — w1 — (1 —wy) o = nX; + ne (31)
Rearranging3l) delivers the dynamics of the first difference of inflatiorf@lfows
Amy = (wy — 1) Amy +nX; + nel (32)
By usingw; = %ﬁ’ the resulting Phillips curve can be written as
Ay = pAm_ 1 +nX; + ned (33)

wherey = —(2‘17‘1), n=3,andX; = > reo Evmeiyi. A notable feature of the Phillips curve in
(33) is that the relative importance between forward- and backviooking behavior is associated
with the sign of the parameter: it is negative if forward-looking behavior is relativelyare
important than backward-looking behavior in price settemd vice versa.

We test whether the first difference of inflation negativedpends on its own lag by estimating

Amy = pAm_q +nXP5CF 4 nel (34)
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and
Amy = pAT_y + 75X AR 4 ned (35)

wheren = 2 andjj = 1.1

Table 6 summarizes the parameter estimates in Equati8dsgnd @5). We find that the
coefficients onX P5“F are statistically different from zero as the 95th percerititervals fory do
not include zero for all the output gap measures. The meamagsis forf are around).6 with
the 95th percentile intervals exceedig. This underscores the importance of forward-looking
behavior on the inflation dynamié$.Consequently, the estimates formre consistently negative
and statistically different from zero.

Figure4 details the finding by plotting the prior and posterior dizitions of;, andn in Equa-
tion (34). Above all, the data seems to be informative in identifyihg both parameters as the
comparison of the prior to posterior distributions revealhe posterior distributions of are
clearly below zero, rejecting the hybrid NKPC that attrdmithe dominant driving force of infla-
tion to backward-looking behavior. The figure also makearcteat the posterior distributions of
n exceed zero, which tells the same story regarding the exapimportance of forward-looking
behavior. Notice that these results are not sensitive todlygut gap measures.

Having established the estimation results, our finding destrates that the hybrid NKPC,
with emphasis on the presence of forward-looking behacem, generate the negative coefficient
when it is associated with more than one lagged inflation tdrnus, the negative autocorrelation
should not be interpreted as evidence against new Keynsgaky price models as explanations
of inflation.

Tuning to the VAR-based results, the estimatesif@and~ are also positive and statistically
significant. The coefficiertt is estimated to be arourids, implying that the reduced form param-
eteru is negative. Despite the highly significant and positivefficient estimates, the explanatory
power of the regressions associated With“#’s is somewhat inferior to that based oi*“*’s.
The last panel (specification 4) of Talleeports the adjustet? for the VAR- and DSGE-based
regressions34) and @5), together with the benchmark in which the forward-lookamgnponent is
omitted (i.e.,» = 0). Compared to the regressions with= 0, augmenting the VAR-predictel,
series systematically decreases the adjuBfedhdicating that the ternX} 4% contributes nothing
in improving the equation’s fit. On a contrary,”*“* improves the performance of the regres-
sion as adjusted?? becomes higher than the benchmark case. This suggestsothatntional
inferences based on VAR approaches can draw erroneousisand on the role of the forward-
looking component for inflation dynamics.

131t is worth mentioning that there is a primary advantage tihesting the regression equatiorf and @5) in
evaluating the relative importance of forward- and backislaoking behaviors. In the existing literature, the riskat
contribution of forward- and backward-looking behaviargrice setting varies widely [for exampl&ali and Gertler
(1999, Sbordong€2002), and Rudd and Whela2Q05 2006)]. Mavroeidis et al(2014 conduct a meta-study based on
the survey of more than 100 existing works on the topic. Ortaeif main finding is that the parametgis difficult to
identify by using the methodologies employed in the exgsliterature. Based on the sign of the paramgténstead of
the magnitude of the forward-looking parameteout test is less likely to suffer from the weak identificatfroblem
in accessing the role of the forward-looking component. fmégative dependence is always observed regardless of
considering the DSGE- and VAR-implieX series as a determinant of inflation.

14To be robust, we extend the lag length up to 4 periods, andiaidour results are not susceptible to the number
of lags. For example, the parameteis estimated to be arourfd67 across output gap measures when the hybrid
NKPC is associated with lags.

13



5 CONCLUSION

Rudd and Whelari2006 posit a particular forecasting model for inflation expé&otas and then
report results conditioning on that choice. Alternativeeftasting models are not examined. This
paper has shown that the results of their regression-base&ldre altered significantly under an
alternative forecasting tool, a DSGE model. On the contir@atpeir conclusion, the DSGE-based
results highlight the empirical importance of forward#awg behavior in understanding inflation
dynamics.

Our simulation exercises show that a plausible degree ofdia- and backward-looking be-
havior is required to explain the observed dynamic cori@idbetween the output gap and infla-
tion. In addition, the puzzling negative dependence of tist diifference in inflation on its own
lag appears when forward-looking behavior is more impartaan backward-looking behavior in
accounting for inflation dynamics. Overall, our analysiggests that sticky price models with
substantial reliance on forward-looking behavior are catilyte with data.
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A DATA

This article uses U.S. quarterly data from 1960:Q1 to 2042:Qetailed data descriptions are as
follows:

Output =log(Real GDB x 100,
Potential Output Jog(Real Potential GDPx 100,
Price Inflation =log(GDP Implicit Price DeflatofGDP Implicit Price Deflatgr—1)) x 400,
Nominal Interest Rate og(Effective Federal Funds Rate

where sources of the original data are:

e Real GDP: Billions of Chained 2009 Dollars, Quarterly, Seeadly Adjusted (Source: Fed-
eral Reserve Economic Data—FRED, Series ID “GDPC1")

e Real Potential GDP: Billions of Chained 2009 Dollars, Qadyt Not Seasonally Adjusted
(Source: Federal Reserve Economic Data—FRED, Series |DPREDI™)

e GDP Implicit Price Deflator: Index 2009=100, Quarterly, Smaally Adjusted (Source: Fed-
eral Reserve Economic Data—FRED, Series ID “GDPDEF”)

e Effective Federal Funds Rate: Quarterly, Not Seasonaliy#tdd (Source: Federal Reserve
Economic Data—FRED, Series ID “FEDFUNDS”)
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B TABLES

X Parameter Prior Posterior
CBO Detrended HP-Filtered CF-Filtered
DSGE o7 N(0.001, 0.005) 0.0053 0.0056 0.0119 0.0097
[0.0035, 0.0071] [0.0040, 0.0072] [0.0085, 0.0157] [0.0068, 0.0125]
VAR ¥ —0.0351 —0.0270 —0.1654 —0.1788
[—0.0490, —0.0212] [—0.0391, —0.0148] [—0.2186, —0.1121] [—0.3456, —0.0121]

Table 1: Regression coefficient estimates for the NKRCG=(0). This table reports the mean and associated [2.5%,
97.5%)] intervals (in brackets). The DSGE-based coefficigstestimated by Bayesian methods with the prior speci-
fications as in the third column. The VAR-based coefficieigt estimated by GMM using X 1%} as an instrument.

The 95th percentile intervals for the GMM estimates are wongd using (asymptotic) Newey-West standard errors.

X Parameter Prior Posterior
CBO Detrended HP-Filtered CF-Filtered
DSGE 0 N(0.001,0.005) 0.0008 0.0009 0.0032 0.0024
[0.0001, 0.0015] [0.0008, 0.0010] [0.0008, 0.0055] [0.0003, 0.0047]
0 B(0.6,0.1) 0.5301 0.5414 0.5224 0.5250
[0.5077, 0.5519] [0.5242, 0.5624] [0.4957, 0.5516] [0.4927, 0.5541]
VAR ¥ 0.0006 0.0005 —0.0033 0.0125
[—0.0011, 0.0023] [—0.0005, 0.0016] [—0.0161, 0.0095] [—0.0007, 0.0257]
0 0.5275 0.5276 0.5382 0.5273
[0.5030, 0.5521] [0.5089, 0.5462] [0.5004, 0.5760] [0.5081, 0.5464]

Table 2: Regression coefficient estimates for the hybrid §K#th partial indexation£ € (0, 1)). This table reports
the mean and associated [2.5%, 97.5%)] intervals (in bragk@he DSGE-based coefficientsandd are estimated
by Bayesian methods with the prior specifications as in tive ¢tolumn. The VAR-based coefficienfsandd are

estimated by GMM usind X V4%, 7,_, } as instruments. The 95th percentile intervals for the GMlihestes are
constructed using (asymptotic) Newey-West standard ®rror
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Xt Parameter Prior Posterior

CBO Detrended HP-Filtered CF-Filtered

DSGE o' N(0.001,0.005) 0.0014 0.0012 0.0042 0.0033
[0.0005, 0.0021] [0.0005, 0.0020] [0.0020, 0.0064] [0.0013, 0.0052]

VAR v 0.0027 0.0021 0.0101 0.0235
[0.0014, 0.0039] [0.0013, 0.0030] [0.0055, 0.0147] [0.0137, 0.0333]

Table 3: Regression coefficient estimates for the hybrid NK#th full indexation ¢ = 1). This table reports the
mean and associated [2.5%, 97.5%)] intervals (in brack&t®. DSGE-based coefficientis estimated by Bayesian
methods with the prior specifications as in the third coluffime VAR-based coefficient is estimated by GMM using
{Xt‘/f}R} as an instrument. The 95th percentile intervals for the GMliheates are constructed using (asymptotic)
Newey-West standard errors.

Specification Output Gap n=20 VAR DSGE
1. Partial indexation: CBO 0.770 0.766 0.774
= Mme—1 + Xy Detrended 0.770 0.766 0.772
HP-filtered 0.770 0.773 0.775
CF-filtered 0.770 0.766 0.773
2. Full indexation: CBO 0 —0.037 0.054
Ame =nXy Detrended 0 —0.031 0.056
HP-filtered 0 —0.025 0.060
CF-filtered 0 —0.003 0.046
3. Partial indexation with an additional inflation lag: CBO 0.787 0.773 0.792
T = Mme—1 + Aeme—2 + nX¢ Detrended 0.787 0.776 0.794
HP-filtered 0.787 0.781 0.794
CF-filtered 0.787 0.782 0.792
4. Full indexation with an additional inflation lag: CBO 0.105 0.062 0.156
Amy = pAmi—1 +nXy Detrended 0.105 0.069 0.160
HP-filtered 0.105 0.088 0.163
CF-filtered 0.105 0.096 0.155

Table 4: Adjusted?? (R?) for various model specifications and output gap measures.
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Xt Parameter Prior Posterior

CBO Detrended HP-Filtered CF-Filtered

DSGE o' N(0.001,0.005) 0.0016 0.0016 0.0045 0.0035
[0.0002, 0.0029] [0.0002, 0.0033] [0.0010, 0.0076] [0.0004, 0.0066]

6 B(0.5,0.1) 0.6014 0.5756 0.5952 0.5947
[0.5523, 0.6592] [0.4640, 0.6660] [0.5414, 0.6437] [0.5407, 0.6507]

w1 B(0.5,0.1) 0.6302 0.6388 0.6322 0.6399
[0.5501, 0.7168] [0.5535, 0.7174] [0.5469, 0.7120] [0.5569, 0.7309]

VAR o 0.0031 0.0021 0.0113 0.0262
[0.0013, 0.0049] [0.0009, 0.0033] [—0.0017, 0.0242] [0.0073, 0.0450]

0 0.5994 0.6035 0.6017 0.6093
[0.5264, 0.6563] [0.5495, 0.6575] [0.5431, 0.6603] [0.5523, 0.6663]

w1 0.6736 0.6768 0.6728 0.6772

[0.5110, 0.8361]

[0.5116, 0.8420]

[0.5090, 0.8366]

[0.4997, 0.8548]

Table 5:[Robustness| Regression coefficient estimates for the hybrid NKPC witttiaeindexation ¢ € (0, 1)). This
table reports the mean and associated [2.5%, 97.5%)] insgimdbrackets). The DSGE-based coefficients, andw,

are estimated by Bayesian methods with the prior specifieatas in the third column. The VAR-based coefficients
7, 0, andw, are estimated by GMM usingXtVf}R, T 1, wt,Q} as instruments. The 95th percentile intervals for the
GMM estimates are constructed using (asymptotic) Newegt\Wandard errors.

X Parameter Prior Posterior
CBO Detrended HP-Filtered CF-Filtered
DSGE 17 N(0.001,0.005) 0.0020 0.0021 0.0052 0.0043
[0.0006, 0.0033] [0.0007, 0.0034] [0.0019, 0.0084] [0.0010, 0.0072]
I N(0,0.5) —0.3279 —0.3254 —0.3163 —0.3159
[—0.4389, —0.2133]  [—0.4309, —0.2218]  [—0.4305, —0.2037] [—0.4261, —0.2047]
0% N(0.001,0.005) 0.0011 0.0012 0.0034 0.0028
[0.0004, 0.0019] [0.0004, 0.0020] [0.0009, 0.0057] [0.0008, 0.0049]
6 B(0.5,0.1) 0.6014 0.5957 0.5942 0.5956
[0.5590, 0.6345] [0.5605, 0.6318] [0.5573, 0.6296] [0.5555, 0.6328]
VAR n 0.0055 0.0044 0.0217 0.0557
[0.0027, 0.0082] [0.0025, 0.0063] [0.0109, 0.0325] [0.0272, 0.0843]
m —0.3278 —0.3286 —0.3304 —0.3334
[-0.5056, —0.1501]  [—0.5006, —0.1567]  [—0.5149, —0.1460] [—0.5497, —0.1171]
ol 0.0033 0.0027 0.0130 0.0334
[0.0017, 0.0049] [0.0016, 0.0037] [0.0068, 0.0192] [0.0146, 0.0523]
0 0.5980 0.5983 0.5990 0.6000

[0.5345, 0.6616] [0.5368, 0.6599] [0.5328, 0.6651] [0.5222, 0.6779]

Table 6:[Robustness] Regression coefficient estimates for the hybrid NKPC withifulexation ¢ = 1). This table
reports the mean and associated [2.5%, 97.5%)] intervatsdickets). The DSGE-based coefficients, ~, andd are
estimated by Bayesian methods with the prior specificati@nia the third column. The VAR-based coefficiefts,

7, andd are estimated by GMM usingX}4®, Am,_1} as instruments. The 95th percentile intervals for the GMM
estimates are constructed using (asymptotic) Newey-Wastlard errors.
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C FIGURES

Actual Output Gap Measures

5 IN ;. — CBO = = =Detrended —=—HP '= = 'CF "‘,‘-. ““““““““““““““

~

1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010
DSGE-predicted Discounted Sum of Expected Future Output Gap (XFSGE)

400 -
200 —
0
—200—
400 —|
| | | | | | | | | |
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010

VAR-predicted Discounted Sum of Expected Future Output Gap (X'VAR)

1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010

Figure 1: Sum of current and expected future output gaps (Top left panel] Actual output gap measuresvijddlie
panel] DSGE-predictedy; series X7°¢F) under the NKPC (i.es = 0), evaluated at the mean of posterior param-
eter estimates Bottom panel] VAR-predictedX; series ) 4%).
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Actual and DSGE-predicted Inflation

Actual
“““““““““““““““““““““ = = = Model:CBO. .- - .. ....... ..
—— Model: quadratic detrended

oo = =0 Model: HPfiltered .
Model: CF-filtered

1965 1970 1975 1980 1985 1990 1995 2000 2005 2010

Actual and Simple Regression—predicted Inflation

1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010

Figure 2: [Top panel] Actual inflation and the DSGE model-predicted inflation legded at the mean of posterior
parameter estimates, associated with various output gagunes. The DSGE model-predicted inflation is obtained
by 71, = 4XP9CE + 4€7. [Bottom panel] Actual inflation and the predicted values of inflation by mple model of
inflation, #; = constantt- 4y, + 4¢%, in which the forward-looking component is absent. Theesgion coefficient is
estimated by GMM usingg:—1, §:—2} as instruments.
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Actual Correlation DSGE-implied Correlation

0.3 o
CBO 0.75 -
o024 e quadratic detrended,
’ = = = HP-filtered
—=— CF-filtered 0.5
0.25 -
0
-0.25 -
_05 -
-0.75 -
T T 1 T T 1
-10 -5 0 5 10 -10 -5 0 5 10

Figure 3: Actual and DSGE-implied dynamic cross-correlatietween the output gap and inflatiaorr (g;, m¢4x)
wherek is integer such that 10 < k& < 10. [Left panel] The actual dynamic cross-correlation between the output
gap and inflation. Four different output gap measures ar@: ke Congressional Budget Office (CBO)’s output gap,
guadratic detrended output, HP-filtered (two-sided), aFRefifered output (one-sided) Rjght panel] The DSGE-
implied dynamic cross-correlation between the two vagalbor various values @f. The CBO output gap is used for
the estimation of the DSGE model.

Prior and Posterior Distributions: p Prior and Posterior Distributions: n

77 500 4 A
: - Prior
6 oA —CBO :
: = = = quadratic detrended ° 400
5 : + = = HPfiltered :
: - CF-filtered
' : 300 -
200
100 +
0 7 i i T T

-0.01  -0.005 0 0.005 0.01

Figure 4: Prior and posterior distributions f@andn from the full indexation model with an additional lagged atitbn
term.
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