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Abstract

Does theory aid inflation forecasting? To date, the evidence suggests that there is no
systematic advantage of theory-based models of inflation dynamics over their astructural
counterparts. This study reconsiders the issue by developing a ‘“semi-structural”
forecasting procedure comprised of two key ingredients. First, a prediction for the
cyclical component of inflation is obtained employing the concept of “fundamental
inflation”. The latter is computed from a canonical two-country monetary model, either
via estimation of the reduced-form parameters of the New Keynesian Phillips Curve by
the generalized methods of moments, or via calibration of its structural parameters. The
computation of fundamental inflation requires multistep forecasts for the model-implied
cyclical inflation drivers, which we generate via respective auxiliary vector
autoregressions. Second, a driftless random walk prediction is employed for the trend
component of inflation, on which theory has little to say. Using quarterly data for both
the United States and the Euro Area for the period 1970-2010, and rolling window re-
estimation to accommodate gradual structural change, we find that such semi-structural
inflation forecasts outperform conventional univariate forecasts at all examined horizons.
Our results thus suggest that theory can indeed play an important role in forecasting
inflation, when appropriately combined with relevant data-driven features.
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1 Introduction

“Without resort to theory ... conclusions relevant to the guidance of policies cannot be drawn.”
Koopmans (1947: p. 167).

The central task of this study is to assess whether theory-based models of inflation can
outperform astructural models in a forecasting evaluation exercise. Given its policy
importance, there already exists a substantial literature on inflation dynamics and the
associated forecasting problem. One major strand of the literature is broadly agnostic
about the underlying macroeconomic model that generates the inflation path,” whereas an
alternative strand adopts a structural approach, with explicit links to macroeconomic
models with microeconomic foundations.® A major contribution of the structural
approach has been the derivation of an aggregate inflation equation, the so-called New
Keynesian Phillips Curve (NKPC), stressing the link between the optimal re-setting of
prices by monopolistically competitive firms under price adjustment frictions and
expected future real marginal costs.” This microfounded approach to inflation dynamics
has become widely employed in empirical applications.

Following Gali and Gertler (1999), it is now common to estimate the NKPC using the
generalized method of moments (GMM) proposed by Hansen (1982) to operationalize
the expectational terms under the rational expectations hypothesis. This approach,
labelled as “generalized instrumental variables” by Mavroeidis et al. (2013), falls within
the class of limited-information econometric methods to study the NKPC. While popular,
this approach has also become notorious for the identification and estimation problems it
poses.® An alternative class of econometric methods to analyse the NKPC is full-
information system estimation, often in a dynamic stochastic general equilibrium (DSGE)
context, exploiting cross-equation and cross-coefficient restrictions from theory. It uses
frequentist or Bayesian maximum likelihood (ML) techniques, along the lines of Ireland
(2004 a), Lindé (2005) and Smets and Wouters (2007).° While such theory-based
medium-scale models have become widespread in conducting policy analysis, to date
they have been less useful as a forecasting tool, due to their general inability to
convincingly outperform empirically based models, especially with regard to predicting
inflation (see, e.g., Adolfson et al., 2007, Wickens, 2014).%

® See, e.g., the time-series analysis techniques proposed by Engle and Granger (1987), Liitkepohl (1987),
Harvey (1989) and Johansen (1996). For a completely agnostic approach — known as Singular Spectrum
Analysis (SSA) — centred on the learning from pure data structures (without any a priori economic theory
modelling), see, e.g., Golyandina et al. (2001), Hassani et al. (2009) and Patterson et al. (2010).

® See, e.g., Gali and Gertler (1999), Ireland (2004 a), Lindé (2005), Adolfson et al. (2007), Smets and
Wouters (2007), Del Negro et al. (2014).

" Unlike its predecessor, the traditional Phillips (1958) curve, the NKPC implies that inflation is essentially
a forward-looking process, determined by expectations about future real marginal costs.

® For a detailed survey of these issues see Mavroeidis et al. (2013).

° These different econometric methods, limited-information vs. full-information system estimation,
sometimes reach contradictory conclusions (e.g., the findings of Smets and Wouters, 2007, relative to those
of Gali and Gertler, 1999). For further details, see King and Watson (2012).

1% Based on a review of the recent literature, Wickens (2014) finds that “forecasts from DSGE models are
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A comprehensive overview of inflation modelling and forecasting has been provided by
Stock and Watson (2008), who distinguish between a number of approaches depending
first on whether the a single equation or several equations are employed. The gains that
have sometimes been identified in the literature from using multivariate rather than
univariate inflation forecasting models have proved to be modest and unsystematic. For
example, based on a pseudo-out-of-sample evaluation of inflation forecasts for the United
States (US), Stock and Watson (2008) concluded that “empirical results are gloomy and
indicate that Phillips curve forecasts (broadly interpreted as forecasts using an activity
variable) are better than other multivariate forecasts, but their performance is episodic,
sometimes better than and sometimes worse than a good (not naive) univariate
benchmark™ (abstract). Atkeson and Ohanian (2001) reported that since 1984 the
backward-looking Phillips curve forecasts for US inflation were inferior to a naive
forecast of 12-month inflation by its average rate over the previous 12 months.

In this study, we contribute to the NKPC literature on inflation determination and
forecasting along the lines of the generalized instrumental variables approach. We
consider a variant of the NKPC that follows from a conventional two-country open-
economy model with home bias, Calvo (1983) price-setting and non-separable utility
preferences for consumption and money. We assess the predictive performance of the
model-implied fundamental inflation concept, which arises when stationary solutions are
imposed on the NKPC expectational difference equation. Differently from the closed-
economy benchmark of Gali and Gertler (1999), our measure of fundamental inflation
incorporates (i) a terms-of-trade channel*! and (ii) a real balance effects channel.*? These
two channels complement the standard aggregate demand channel of policy transmission,
making the dynamics of the model more complicated but more realistic.

The main contribution of this paper is to re-evaluate the predictive accuracy of the NKPC
by employing a new variety of a “semi-structural” inflation forecasting procedure. While
the semi-structural procedure we develop resembles the approach taken in Rumler and
Valderrama (2010), Kichian et al. (2010), Mihailov et al. (2011 b) and Posch and Rumler
(2012) in the sense that we use the NKPC as the theory-implied model of inflation
dynamics, it differs in our computation of fundamental inflation. These papers combine
the NKPC (the structural model) with a time-series model, where the driving process for
real marginal cost is agnostic, often assumed and estimated (independently or in a
system) as an autoregressive process. In this paper, real marginal cost is constructed
differently, with a heavy reliance on theory, as a linear combination of four model-
implied observable time series and four structural parameters. This novel proxy for real
marginal cost is then exploited to obtain a corresponding measure of fundamental

not more accurate than either time series models or official forecasts, but neither are they any worse”
(abstract, p. 171). He concludes that “DSGE models should not be tested through their forecasting ability”
(ibid.). For an alternative view see Del Negro et al. (2014).

" This terms of trade channel is also present in the studies of Gali and Monacelli (2005), Leith and Malley
(2007), Rumler (2007) and Mihailov et al. (2011 a, b) — but for a small open economy.

'2 This real balance effects channel is also present in the theoretical open-economy models of Benigno and
Benigno (2008) and Woodford (2009) — but without exploration of the forecasting implications for
inflation.
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inflation, via an auxiliary VAR. The resulting forecast for the cyclical component of
inflation, combined with a random walk forecast for the trend, generates the forecast for
actual inflation. In this sense, while our forecasting approach can be perceived as semi-
structural, there is a stronger reliance on theory in the cyclical component modelling
relative to the earlier semi-structural studies.

The predictive accuracy of our approach is evaluated by means of the Theil U-statistic,
and its statistical significance across a particular forecasting model and the driftless
random walk benchmark using the modified Diebold-Mariano (1995) t-statistic of Harvey
et al. (1997). We employ quarterly time series for the Euro Area and the US for 1970:1-
2010:4, and we assess the pseudo-out-of-sample forecasting performance of the NKPC
against purely astructural — or agnostic — statistical univariate inflation models. Following
much of the forecasting literature, we recursively re-estimate the NKPC and a
corresponding auxiliary VAR in fixed-length (as well as augmenting-length) rolling
windows and then assess predictive accuracy in two forecasting evaluation periods,
1991:1-2010:4 and 2000:1-2010:4. This rolling-window approach is among the most
efficient econometric methods to address gradual (and possibly unknown) structural
change, as argued in Bauwens et al. (forthcoming), and as implemented in many inflation
forecasting studies (see, e.g., Kascha and Ravazzolo, 2010). Relying on the concept of
fundamental inflation, the key question we address is to what extent the NKPC can be
useful in forecasting inflation at policy-relevant horizons.

As previously discussed, in the context of forecasting inflation, the evidence to date
suggests that there is no systematic advantage of theory-based models over their
astructural counterparts. However, this study robustly finds the opposite. We document
that our semi-structural inflation forecasts outperform by a large margin — at all examined
horizons (ranging from 1 quarter to 3 years) — the astructural forecasts in both US and EA
data over the two forecasting evaluation periods. Furthermore, we show that the empirical
proxies and the forecasting procedures employed matter too. We find that while the
benchmark canonical closed-economy NKPC is reliable in forecasting inflation at 1, 2
and 3 year-periods ahead, the open-economy NKPC with real balance effects performs
much better in forecasting inflation at shorter time intervals (i.e., one quarter ahead).
Overall, the conclusions from this analysis are significantly more positive than the
existing literature regarding the ability of the NKPC to accurately forecast inflation.

The paper is organized as follows. The next section expands on the theoretical
justification of the concept of fundamental inflation. Section 3 discusses our empirical
implementation in relation to the literature, and Section 4 reports and interprets our
predictive evaluation results for the NKPC and univariate inflation models. The final
section briefly concludes. The Appendix contains a full description of the variables we
employ, with relevant sources and definitions.™

3 Additional results and discussion with extensive graphical illustrations are available in an online
appendix entitled Supplementary Material.
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2 Theoretical Framework

In this section, we briefly outline the NKPC used in this paper and the resulting concept
of fundamental inflation.

2.1 Fundamental Inflation in Open Economies

Let gy ¢ = Py, — Py, define the domestic-output price inflation rate of the H(ome)
country in period t and mc, its average real marginal cost, where the “hat” denotes
percent deviation from the implied steady state.* In a canonical two-country monetary
molc5|el with Calvo (1983) price adjustment, the open economy (OE) NKPC can be written
as:

Tt = Voltmaa T 7 Etlﬁ-H,HlJ_'_ﬂ‘qﬁmCt’ 1)
where

Vo=p iy = POP A, = (1_ﬁ0)(1; M=)y g+ ofi-00- )]

The Calvo parameter 0 <@ <1 measures the degree of price stickiness and 0< S <1 is

the time discount factor, which both along with @ determine the real marginal cost
elasticity of inflation (known also as the slope of the NKPC) 4, >0. In this hybrid

version, it is assumed that a fraction 0 < <1 of firms in the economy are backward-
looking and set prices in a suboptimal fashion based on the recent history of aggregate
price behaviour.'® In the absence of rule-of-thumb price-setters w=0, the backward-
looking inflation component disappears, y, = 0, and the hybrid NKPC reverts to the pure

NKPC with ¢ =6, 2, =0 andy, = 3.

In the canonical two-country New Keynesian model with home bias and non-separable
utility preferences for consumption and money on which we focus on here, it can be
shown that real marginal cost depends on output y;, consumption ¢, real money balances
i, and the terms of trade $;:*

mCt=w9t+Oét—th+a§t? (2)

where @ >0 is the output elasticity of mc, ¢ > 0 is the coefficient of relative risk aversion
(CRRA) or the inverse of the elasticity of intertemporal substitution in consumption,

“ In what follows, all variables are written in terms of log-deviations from their zero-inflation, symmetric
steady state values. See Ascari (2004) and the subsequent literature allowing for non-zero (or trend)
inflation.

1> See McKnight and Mihailov (2012) for further details.

16 See, for example, Chadha et al. (1992) and Gali and Gertler (1999). A hybrid NKPC equation of identical
form could arise from alternative assumptions, e.g., a price indexation rule, as in Smets and Wouters
(2007), among others.

17 See McKnight and Mihailov (2012) for further details.
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x =0 is the degree of nonseparability between real money balances and real
consumption and 0 < a < 1 is the degree of trade openness. In the popular closed-
economy (CE) version of the NKPC (i.e., with a = 0), the literature commonly ignores
money from the analysis by setting y = 0. However, there are strong intuitive reasons to
consider real balance effects in the analysis. As stressed by Woodford (2003), if money is
considered to provide transaction services then the benefits of this service should be
related to the individual’s volume of transactions. Empirical estimates suggest that such
effects, while small in the US and the EA data, do exist.'® Moreover, it has been
established empirically that including money in a VAR or DSGE model helps predict
inflation, even if it does not have any other particular value.*® Policymakers, particularly
at the ECB, have been using monetary aggregates in their modelling and forecasting of
the macroeconomy.?’

The stationary bounded solution to (1) is given by the present-value representation,
implying a corresponding fundamental inflation measure:*

. . A 1Y or . . .
Ty = Oty T ’ Z(gj E, [wyus +0C s — M+ ast+s]' (3)
27f s=0 2

The roots of (3) are:

1- f1-4 1+ [1-4
5= N g ang 5, = =TT oy

2

2y 2y

Following the generalized instrumental variable approach of Gali and Gertler (1999), we
use equation (1), but — differently from them — with the unobservable mc, replaced by

equation (2). The reduced-form parameters of equation (3) are estimated using GMM or,
alternatively, its structural parameters are calibrated (in particular, to avoid, or
complement, weak estimation). Inflation forecasts are then generated from the NKPC
where a reduced-form VAR in the theory-implied (or “microfounded”) variables is used
as an auxiliary tool to incorporate forecasts of the forcing variable into the NKPC:

18 See, e.g., Woodford (2003) and Ireland (2004b) using US data, Andrés et al. (2006) using Euro-zone
data, and Kremer et al. (2003) using German data.

19 See, e.g., Leeper and Roush (2003), who go beyond the consensus in the early “cashless” New Keynesian
literature to argue that, empirically, whether money enters a model and how it enters matters for inferences
about policy impacts. They show that the way in which money is modelled significantly changes the size of
output and inflation effects, and the degree of inflation inertia after a policy shock.

2 See, e.g., ECB (2003).

! The concept of “fundamental inflation” was introduced by Gali and Gertler (1999), by analogy with the
concept of “fundamental stock prices” in Campbell and Shiller (1987). Applying the principle of expanding
stable roots backward while expanding unstable roots forward, the stationary bounded solution of the
expectational second-order difference equation representing the NKPC, equation (1), can be obtained. See
Section SM1 of the Supplementary Material for a derivation.
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A ¢
Tyt = lﬂ-Ht 1+
Vs

[ J E[ZD}A/HS + OCAHS - Zmus + a§t+s | It]a (4)

s=0

where the relevant information set is denoted 1, = {7, ,, Zyy _1y-ees 20, 2 g0enef s 2, IS @ VECTOX

of variables other than domestic-output price inflation observed at t, and where we have
expressed the unobservable real marginal cost in terms of four observable theoretically-
derived determinants and four corresponding structural parameters as in equation (2).

In addition, since a similar solution to (4) exists for the F(oreign) country, we can obtain
a measure of fundamental relative inflation:??

7%H,t _7%;; :51(7%H,t—1_7%;,t—1)+ ;CM iﬂsEt[(éns _Ct*s) ] md¢ Zﬁ E [( t+s ) ] (6)

2V § s=0 0,7+ 0
where

Kogy = Koy + Kry6c > 01Ky =K,5+ K1,6, > 0k, = A, > 0,6, = {0'_1[2(1—05)—1]}71 >0;

Key = A{@[20— @) -1+ o} > 0y, = 22,01+ 21~ 2 )w6]> O, = 2(1+a)—1 >0;

and * superscript indicates F(oreign) variables. Equation (6) is used to generate forecasts
for inflation based on a corresponding 3-variate VAR and offers a robustness check.

In what follows, we will compare the results we obtain under the OE NKPC given by
equations (1) and (2) against the conventional “cashless” CE NKPC when « =0 and
x =0 as originally studied by Gali and Gertler (1999).

2.2 GMM Estimation or Calibration of the NKPC Equation

Our empirical work essentially consists of measuring the concept of fundamental
inflation that arises as a stationary rational expectations solution to the NKPC equation,
and subsequently forecasts actual inflation via the use of auxiliary reduced-form VARS in
the relevant, theory-implied variables. Initially, we estimate by GMM all reduced-form
parameters of the NKPC. However, a potential weakness of using GMM estimation is
that it suffers from a number of problems, ranging from identification to sensitivity of
estimates, and a multiplicity of possible estimating specifications with results that may be
close or vary considerably (see, e.g., Mavroeidis et al., 2013). Consequently, the second
approach to our theory-based forecasting of inflation embodies the “theoretical extreme”
where all structural parameters in the NKPC equation are calibrated. These estimated or
calibrated coefficients from the NKPC equation are then used to generate the forecasts

%2 To derive equation (6), we have eliminated relative output, 9, — 9; = f(8,, ¢ — &), and the terms of
trade, §, = g(¥, — y¢, m; —m,), after imposing market clearing in the canonical two-country monetary
model. See McKnight and Mihailov (2012) for further details.
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for actual inflation by multiplying the corresponding rows in the companion form matrix
of the nVAR(p) systems, as is described in the next subsection.

The GMM estimation was performed in a recursive, fixed-length (or augmenting-length),
subsample window, as explained below in more detail. In preliminary checks, involving
detrended or demeaned variables consistent with the NKPC literature, we estimated in the
full sample and in two subsamples (roughly, split by half, 1970:1-1990:4 and 1991:1-
2010:4) 12 versions of the reduced-form hybrid and pure OE and CE NKPCs. We also
tried to estimate alternative subsets of the structural parameters in the corresponding
specifications of the NKPC. We then selected the best performing equations, in terms of
statistical significance and economic interpretability of the key coefficients, and high
values of the p-value of the Hansen (1982) test for over-identifying restrictions, checking
the validity of the GMM instruments used. Following common practice, we employed as
instruments 4 or 6 lags of the variables entering the particular NKPC specification (3 or 5
lags for inflation, or the inflation differential, in the hybrid NKPC specifications) and 4 or
6 lags of an index of commodity prices or crude oil prices, both taken from the Hamburg
Institute of International Economics (HWWI). Adding an “external” instrument such as
commodity prices or oil prices improves the statistical fit of the GMM estimation and
constitutes the conventional approach in GMM estimation of NKPC equations. The
specifications of the NKPC we finally used in the forecasting comparisons correspond to
our best preliminary GMM estimation results, those with 6 lags and commodity prices as
an additional instrument.?

2.3 Generating Forecasts from Fundamental Inflation

Evaluating empirically the expression defining fundamental inflation in a particular
model requires multiperiod forecasts of the forcing variable(s).?* Based on the idea of
Campbell and Shiller (1987), Gali and Gertler (1999) propose to generate these
multiperiod forecasts for the driving variable from a bivariate VAR containing inflation
and, in their case, the real unit labour cost (RULC) measure of marginal cost. Note that
for any general nVAR(p) system multiperiod forecasts of the data vector z are given by

Z,,n = A"z, Where Ais the companion form matrix of the nVAR(p) system. Such a
companion form representation for the general case can be written as:

Z; A1 Az Ap Zi 4 U,

Z,_ I 0 0. | z._ u,._
t-1 _ n .n :n t-2 + t-1 (7)
Zi_(p) 0, 0, I, 0,]2z, Ui_(p-1)
(npx1) (np x np) (npx1) (npx1)

2 Al such extensively documented preliminary and additional results are available upon request.
% See also Rumler and Valderrama (2010).
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or, equivalently,
Zt = Aztfl +Ut’

with A for i=1,...p, (number of lags in the VAR) being an nxn matrix, I, the identity

matrix of dimension n (number of endogenous variables in the VAR), 0, the zero matrix
of dimension n, and

Z, A A - Ap U,
Z, | 0 ... 0 u,_
ZtE t.l ,AE n .n ] n ,UtE t:l
zt—( p-1) On On I n On ut*(Pfl)

In the case of a bivariate VAR(p), Zt:[mq,mq_l,...,mct_pﬂ,nH’t,nHlt_l...,nH’t_pHI.

Applying the summation formula to (3), and noting that in our implementation vector z
collects deviations from steady-state value and therefore is written with a “hat” below,
fundamental inflation can then be calculated as

A 1 )"
Ty t 617y -1 +(ﬁ]e{(| _5_ j Z, (8
2/t 2

where e, is a selection vector which selects the forecast of marginal cost.

We next employ this concept to generate forecasts of fundamental inflation, which
requires only a small additional step. Leading expression (8) by one period and making

use of the fact that the one-period-ahead forecast of Z, is Ztm = AZ,, we can express the
next-period fundamental inflation using only current variables:

. . 0 1 ) o
Ty et = Oy + % € |_5_2 AZ, . 9)

Iterating this inflation forecast forward, we can construct an h-step ahead forecast of
inflation based on fundamental inflation. The result is the following general forecasting
equation:

2 i=1

-1
A n A ' 1 3 i1 pi>
7 thit =8 Ay, +{#]el£l ry J 251 "A'Z,. (10)
2Vt

This expression is used to generate the inflation forecasts from both the CE and OE
versions of the NKPC. As for the inflation forecast in terms of the EA-US cross-country

10
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differential, the definition of the vector z now is different, since the forcing variables are
represented by the linear combination of consumption and real money balance
differentials, corresponding to equations (5) and (6).

3 Data and Univariate Inflation Forecasting Models

3.1 Data
We use quarterly data for the US and the Euro Area (EA) for the period 1970:1 to 2010:4,
with two forecasting evaluation periods: 1990:1-2010:4 and 2000:1-2010:4. Appendix 1

provides details of the data sources and mnemonics.

Our inflation measure is based on the GDP deflator (in annualized % terms):*®

where P, is the quarterly GDP-deflator price index and i< {H : F} in the open economy

model, i.e., i € {EA,US} in our data. As in Stock-Watson (2007), let

denote the h-period (average) inflation (at annual rate), so that inr?nh‘t is the forecast of

=, given the information set at t.

In accordance with the theoretical framework of Section 2, in terms of percent deviations
around a steady state, all time series used in our forecasting procedure are decomposed
into a Hodrick-Prescott (1997) trend and cycle. The cyclical component approximates the
deviations from the steady state values, as commonly done in applications of New
Keynesian theory. Since the latter theory predicts a return to the (local) steady state after
(small) disturbances, we use it to generate forecasts for the cyclical component of
inflation based on the respective concepts of fundamental inflation. We further add back
a random walk forecast of the trend to the theory-based and VAR-implemented cycle
forecast, to obtain the resulting semi-structural forecast for actual inflation.*®

% Such a proxy holds for both the CE and OE NKPC versions. Moreover, it is also commonly employed in
univariate inflation forecasting: see, e.g., Stock and Watson (2007).

% While there is no theoretical reason to obtain corresponding forecasts from log-differenced (and
demeaned) variables, it is common practice in astructural time series analysis. We have, therefore, also

11
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We assess the predictive performance of the NKPC equations against a number of

astructural models of inflation. Following Stock and Watson (2007), we report iterated (I
or 7., ) as well as direct (denoted by D or z,,,) multistep forecasts for the latter

statistical models, both using a fixed-length rolling subsample window (referred to, for
brevity, as “rolling” forecasts) and a recursively re-estimated augmenting subsample
window (“recursive” forecasts).27 Parallel “rolling” and “recursive” iterated forecasts
were generated, for comparative reasons, for our theory-implied NKPC equations, but in
what follows we only report the more accurate “rolling” (iterated) forecasts.

3.2 Univariate Forecasting Models

As has become standard, we consider a number of autoregressive (AR) and moving
average (MA) univariate inflation models, commonly employed in forecasting.

Implementing the approach in Stock and Watson (2007), the h-step ahead direct
AR(AIC) forecast is computed using the following specification:

D.,h

Titen — Wiy = :UiD’h + aiD'h(L)A”i,t +Vil,3tYh ) (11)

where 4>" is a constant, «"(L) is a polynomial in the lag operator L and v;" is the h

-step ahead error term; the lag length is selected by the Akaike Information Criterion
(AIC). Note that, according to the US data used by Stock and Watson (2007), this AR
specification imposes a unit root. After examining the stationarity properties of our US
and EA inflation data, we indeed found evidence of a unit root in the individual series
within the full sample. No evidence of a unit root was found in the inflation differential
series. Thus, in this case we generate univariate forecasts employing the usual direct
AR(AIC) specification (without imposing a unit root),

ﬂi,DtTh = :UiD’h + aiD'h(L)”',t + ViI,Dt'h : (12)

The iterated forecasts, to be distinguished by replacing the “D(irect)” superscript above
by the “I(treated)” superscript corresponding to specifications (11) and (12), can be

written for the one-period ahead case by setting h=1 in the respective equations above.
Then, each of these forecasts at horizon h=1 can further be iterated forward, to obtain

obtained such forecasts (available upon request), but the results are inferior to the results reported here,
mostly due to the nonstationarity of the inflation and RULC measures in both the US and EA data. To
render these key variables that enter the NKPC estimation stationary, we have experimented with linear,
quadratic and cubic detrending as well as with Baxter-King (1999) fixed-length symmetric and Christiano-
Fitzgerald (2003) full-length asymmetric bandpass filtering. Only Hodrick-Prescott (HP) filtering resulted
in transformed data, that is, cyclical components, which were stationary over the whole sample.

2" For definitions and further detail on direct and iterated forecasts, see Marcellino et al. (2006) and Section
SM3 of the Supplementary Material.
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recursively the iterated AR forecasts at horizons ~7=2, ..., 12 quarters.?

MA models have commonly been suggested to benchmark the inflation forecasts and we
include a few simple models from that class. In addition to the usual MA(1), with
imposing a unit root for EA and US inflation but without imposing it for the EA-US
inflation differential, we add the very successful in predicting US inflation IMA(1,1)
Nelson-Schwert (1977) model originally estimated with monthly data (NS, hereafter),

Az, =(1-0.892L),,,

and corresponding — after temporal aggregation — to the following quarterly fixed-
parameter IMA(1,2) model:?®

A, =(1-0.487L-0.158 ;.. (13)

Atkeson and Ohanian (2001, AO) propose a simple model that has performed well at
horizons of one and two years using US data. It is essentially a random walk forecast
designed for the horizon of 4 quarters, with Stock and Watson (2007) extending the AO
forecast to other horizons. The AO forecast is:

1
ﬂir,]t+h|t = ﬂ:’;t = Z(”i,t Tt Tt ﬂi,t%)' (14)

Thus, the AO model forecasts the average four-quarter ahead inflation to be the same as
the average latest four-quarter observed inflation.

Finally, the simplest and conventional benchmark in forecasting is the random walk
without drift, which just predicts the same inflation for any quarter at any horizon as that
observed in the most recent quarter:

Titone = T

4 Specifications and Results

A tabular summary of all models we employed that provide the basis for the comparative
evaluation of their inflation forecasting performance is presented in Table 1.

[Table 1 about here]

We begin with the forecasts relying on two alternative fundamental inflation measures:
real unit labour cost (RULC) versus theoretically-defined (average) real marginal cost

%8 See Section SM3 of the Supplementary Material and Marcellino et al. (2006).

% See Stock and Watson (2007). Following the latter authors, we also include two other fixed-parameter
MA models, denoted further as MA(.25) and MA(.65), since these MA models have tended to also generate
good forecasts of US inflation.
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(RMCOE) from a single-country, domestic-economy perspective, that is, those arising
from the CE NKPC and OE NKPC. We then analyse the forecasting accuracy in terms of
cross-regional (EA-US) inflation differentials.

We report accuracy statistics for the pseudo-out-of-sample forecasts. Specifically, the
Theil U-statistic, defined as the ratio of the root mean squared forecast error (MSFE) of
any theory-based or univariate model of inflation dynamics relative to that of the driftless
random walk benchmark, for horizons of 1, 4, 8 and 12 quarters ahead; and the
significance levels for the modified Diebold-Mariano (1995) test (MDM) proposed by
Harvey et al. (1997) to correct for small sample bias, for the statistical significance of the
difference between pairs of forecasts relative to the random walk.*

4.1 Predictive Performance of the Theory-Based Models

The results regarding the pseudo-out-of-sample forecasting accuracy of the theory-based
inflation models are summarized in Table 2 and Table 3. Table 2 reports the Theil U-
statistic for the HP cyclical component of inflation, whereas Table 3 reports the Theil U-
statistic for actual inflation (HP trend plus HP cycle). Panel 1 of these tables reports our
findings for the US, and Panel 2 for the EA. Both panels measure the accuracy of
inflation forecasts based on fundamental inflation, with the latter obtained via a 2VAR(4)
auxiliary model following GMM estimation “(e)” of the reduced-form parameters or
calibration “(c)” of the structural parameters of the hybrid NKPC using the RULC or
RMCOE proxy.

[Table 2 and Table 3 about here]

The HP cyclical component inflation forecasts in Table 2 arise from the direct theoretical
specification of the NKPC. In Table 3, the (semi-structural) inflation forecasts are for
actual inflation, as they embody a random walk forecast for the HP trend. Comparing the
respective Theil U ratios in Tables 2 and 3, it is easily seen that the forecast accuracy of
the actual inflation forecast is systematically better than that for its cyclical component
only. For this reason, our attention in the summary analysis of our predictive accuracy
results that immediately follows is devoted exclusively to the actual inflation forecasts.

Table 3 reports two forecasting evaluation periods, namely, 1991:1-2010:4 and 2000:1-
2010:4. Note that we have not excluded from the forecasting exercise either the European
exchange-rate mechanism (ERM) crisis of 1992-1993, or the recent global financial
crisis. The period in-between these turbulence episodes roughly coincides with the “Great
Moderation”. Even without isolating the abnormal crisis years, our results are
significantly more positive than previous studies. We have kept these crises years in part
with the goal to ensure a relatively long rolling-window (of roughly 2 and 3 decades,
respectively, for the two forecasting evaluation periods) for the GMM re-estimation of
the NKPC and the subsequent OLS re-estimation of the reduced-form VARs used to infer

% The null hypothesis of this test is that the compared models are not statistically distinguishable in terms
of their predictive accuracy.
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fundamental inflation.

We highlight the key conclusions from our study next. As was mentioned, the forecasts
are generated from a fixed-length rolling window.3! The best-performing model by each
horizon/column in the panels is indicated by bold font. We begin by summing up the
results for the US in Panel 1 of Table 3:%

)} All theory-based forecasts obtained using alternative measures of fundamental
inflation systematically and significantly outperform the driftless random walk
benchmark at all horizons and in both forecasting evaluation periods.®® 3*

i) Among the four varieties of the theory-based model, the calibrated-hybrid OE
NKPC convincingly generates the most accurate inflation forecasts, at all
horizons and in both forecasting evaluation periods.

iii) Yet, all four theory-based models have the same predictive power at the
longest horizon of 3 years, and very much so at 2 years.

Iv) Notably, the open-economy forecasts dominate the respective closed-economy
forecasts in the short-run horizons of 1 quarter and 1 year.® Apart from the
theoretical underpinnings we focused on earlier, we could explain this finding
with an empirical reasoning too: while only the first two lags of RULC are
significantly correlated with GDP deflator inflation in the full sample, the first
six lags of RMCOE manifest significant and much higher positive correlation
with the same inflation measure in the US data.*

V) The two forecasting procedures based on the (re-)estimated reduced-form
parameters of the NKPC (denoted by “e”) perform very reliably, although
slightly worse than the alternative procedures based on calibration of the
structural parameters of the NKPC and (re-)estimation left only for the VARs
(denoted by “c”).

Vi) The analogous four predictive exercises based on the pure instead of the
hybrid NKPC fare much worse, consistent with the existing literature, and are
not reported.

Panel 2 of Table 3 summarizes the findings for our actual inflation forecasts in the EA
region.>” Again, all theory-based forecasts systematically and significantly outperform

%1 See the notes to Tables 2 and 3 for details.

%2 For the cyclical component only, see panel 1 of Table 2.

% For a visual illustration of the fit of the most accurate forecasts within this set, namely CE NKPC(e) and
OE NKPC(c), see Figures 1, 2, 3 and 4 in Section SM5 of the Supplementary Material.

% A single exception of statistically indistinguishable forecasting accuracy relates to the CE NKPC(e)
procedure at horizon of 1 quarter in the second forecasting evaluation period.

* This is especially the case at the 1 quarter horizon and for the OE NKPC(c) version.

% See Figures 13 and 14 in Section SM5 of the Supplementary Material.

%" For the cyclical component of inflation only, see panel 2 of Table 2.
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the random walk forecasts at all horizons and in both forecasting evaluation periods.*®
However, in the EA data the most accurate inflation forecasts arise from the estimated
reduced-form parameters of the CE NKPC specification with the RULC proxy. This
forecasting procedure now results in the lowest Theil U ratios almost systematically.*
Yet, the calibrated OE NKPC with the RMCOE proxy and the (re-)estimated auxiliary
VAR comes out as the second-best performing model, which is approximately as good as
the leader-model in four out of the eight forecast horizons in the panel, and beats the
latter always at horizon of 1 quarter. Notably, the estimated counterpart of the OE NKPC
forecast comes out the best at horizon of 2 years in the second forecasting period, and
nearly so too in the first.*> The procedures involving (re-)estimation of the reduced-form
parameters of the NKPC perform even more reliably overall in the EA data relative to the
US data.

Panels 3A and 3B of Table 3 report the results for our actual inflation differential
forecasts.”" Note that these forecasts are generated using 3VAR(4) specifications in real
consumption, real money balances and domestic-output price inflation differentials, as
suggested by equation (6). We also report in Panel 4 of Table 3 the corresponding
forecasts of the inflation differential implied by the single-country perspective forecasts
using either RULC or RMCOE measures. All theory-based forecasts in cross-country
differentials outperform systematically and significantly the analogous forecasts in
differentials produced by the driftless random walk benchmark at all horizons and in both
forecasting evaluation periods, with no exception. The best performing procedure is the
RMCOE proxy with the pure NKPC winning in five out the eight horizons in the panel
and manifesting (almost or statistically) identical forecast accuracy at the remaining three
horizons to that of the leading model. In terms of cross-country differentials here, the
forecasts based on (re-)estimated reduced-form parameters — and not on calibrated
structural parameters — generate more accurate predictions for both the pure and the
hybrid NKPCs. Across all forecast horizons, the cross-country differential forecasts tend
to dominate slightly over the parallel forecasts from a single-country perspective in terms
of the magnitude of the prevailing comparative Theil U-statistic. Importantly, when
compared to the corresponding forecasts of the cross-country inflation differential
obtained indirectly, via the single-country perspective forecasts for EA and US inflation
using either RULC or RMCOE measures, the direct forecasts of this differential
demonstrate another impressive dimension of superiority. That is, the indirect forecasts
via the single-country perspective fail to beat the random walk forecasts overall, with few
exceptions of a marginal outcome (see the Theil U ratios and the MDM statistics
significance levels in Panel 4 of Table 3). This particular finding highlights another
advantage of the theory-informed forecasts of the inflation differential based on explicit

% For an illustration of the most accurate forecasts within the EA set, see figures 5, 6, 7 and 8 in Section
SM5 of the Supplementary Material.

% For an empirical explanation similar to that in the US case, see Figures 15 and 16 in Section SM5 of the
Supplementary Material.

0 As in the US data, all four theory-based models have the same predictive power at the longest horizon of
3 years, and now 2 years and 1 year, with more dispersion of the forecasts only at the immediate horizon of
1 quarter.

* For the cyclical component of the inflation differential only, see panels 3A and 3B of Table 2.
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modelling of real marginal cost.*?

4.2 Predictive Performance of the Univariate Inflation Models

We next compare the forecasting accuracy of the theory-based models against the most
common univariate inflation models found in the literature. Table 4 lists the Theil U-
statistic for 12 univariate models, where the AR models imply a unit root in the US and
EA inflation data (similarly to Stock and Watson’s, 2007, results for an earlier US
sample). The same four prediction horizons and two forecasting subsample periods that
were considered with regard to the theory-based forecasts are reported in the table.*’

[Table 4 about here]
Panel 1 of Table 4 summarizes our findings for the US inflation data.

) The random walk emerges as the only specification that considerably
outperforms the rest of the astructural inflation models at horizons of 1 and 2
years in each forecasting evaluation period. This finding is in contrast to the
results of Stock and Watson (2007), based on a rolling re-estimation window
of 40 quarters (and augmenting from this minimum in the case of their
recursive forecasts). The difference obviously arises from the different length
of the rolling window: 10 years in their case, and roughly double this size in
ours.

i) Broadly consistent with the findings of Stock and Watson (2007), we find:

(@) The fixed-coefficient NS and MA(.65) models both display the best
predictive accuracy at the shortest horizon of 1 quarter in both forecasting
periods.

(b) The AR(4) direct rolling forecast dominates the others at the longest
horizon of 3 years in the second forecasting evaluation period (but is
worse than many in the first period).

(ili)  Yet in contrast to Stock and Watson (2007), in our case the AR forecasts are
(slightly) better than the random walk forecast only at a horizon of 1 quarter,
while the AO forecast performs worse at all four horizons.

In stark contrast to the studies of Atkeson and Ohanian (2001) and Stock and Watson
(2007, 2008) using US data, the above results suggest that inflation forecasts based on the
concept of fundamental inflation arising from NKPC equations outperform the
corresponding univariate forecasts at all horizons and in both forecasting evaluation

*2 For a graphical illustration of these findings relating to the forecasts of the EA-US inflation differential,
direct versus indirect, see Figures 9, 10, 11 and 12 in Section SM5 of the Supplementary Material.

** More precisely, we have worked with all the univariate models presented in Stock and Watson (2007)
except for their unobserved component stochastic volatility model, which as reported in their results, did
not perform well in terms of forecasting accuracy.
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periods.*!

Panel 2 of Table 4 summarizes our findings for the EA inflation data. By inspection, the
only similarity to the US univariate forecasts is in the second forecasting evaluation
period, where the random walk forecast remains the most accurate inflation predictor at
all horizons except at 1 quarter. Now, in the first forecasting period, the random walk
forecast is outperformed by all alternative univariate models at all horizons (with few
exceptions). The MA(1) recursive forecast wins out at all horizons in the EA data over
the first forecasting period, followed by the fixed-parameter (and, hence, not pseudo-out-
of-sample, since not re-estimated) MA(.65) and NS forecasts. The AO forecast improves
as the horizon extends, becoming better than the random walk forecast beyond 1 quarter.

Despite the differences in the performance of the univariate models, we still find that all
inflation forecasts based on the NKPC convincingly outperform all corresponding
univariate forecasts at all horizons and in both forecasting evaluation periods.

[Table 5 about here]

The results reported in Panel 1A of Table 5 relate to the univariate forecasts for the
inflation differential EA-US where the AR specifications impose a unit root, as in
equation (11) and consistent with the Stock-Watson (2007) original specification for the
US inflation data. Panel 1B of Table 5 reports the analogous findings when the AR
specifications do not impose a unit root, as in equation (12), and consistent with our
stationarity tests for the EA-US inflation differential over the full sample. Overall, the
forecasting accuracy in Panel 1A improves at most horizons and for both prediction
periods relative to the separate EA and US univariate inflation forecasts. Nonetheless, the
Theil U-statistic reveals a substantially inferior forecasting accuracy of the univariate
inflation differential forecasts relative to the respective theory-based differential forecasts
over all horizons, with no exception.

Panel 2 of Table 5 lists the ratios of EA-to-US root mean squared forecast errors by
model and horizon. These ratios are all less than 1 over the second prediction period and
also, with minimal exceptions, over the first period too beyond the horizon of 1 quarter.
Such a comparison implies that the same univariate statistical model for inflation used in
both the US and the EA always predicted out-of-sample relatively better in the EA case,
except at horizon of 1 quarter in the first forecasting evaluation period.*

Before we conclude, our univariate inflation forecast accuracy analysis highlights some
additional interesting findings. In particular, when inflation tends to be low and stable
over prolonged time spans, the driftless random walk forecast at horizons beyond the

“ Note as well that the cited studies employ theoretical models of inflation dynamics without
microfoundations and forward-looking behaviour and, therefore, unrelated to the NKPC.

*® The results also show which among the univariate models have performed best overall when applied to
forecast EA inflation relative to US inflation out-of-sample. These are, generally at all four horizons, the
iterated recursive AR(AIC) and the AO models over the first forecasting evaluation period, and the random
walk and AO models over the second period.
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immediate short run of 1 quarter manifests the highest predictive accuracy relative to the
considered usual univatiate alternatives. This is clearly seen in the US data, where
inflation has been low and stable during the Great Moderation, and so the random walk
forecast wins out convincingly at horizons of 1, 2 and 3 years in both forecasting
evaluation periods. In the EA data, the random walk is the worst forecasting model in the
first prediction period (i.e. during the turbulent years of the ERM crisis and in the lead-up
to monetary union). However, the random walk forecast restores its supremacy in the
second forecasting period, when convergence to low-mean and low-volatility inflation
had been achieved in the EMU. Panel 2 of Table 5 provides a final clear perspective on
this finding: in the second forecasting evaluation period, where inflation is low and stable
in both the EA and the US, all univariate forecasts of inflation (and not just the random
walk) predict inflation better in the EA relative to the US; however, in the first
forecasting evaluation period, it is the random walk that predicts better in the US at all
horizons, and this is true as well for all univariate inflation models at horizon of 1 quarter
and sometimes at longer horizons (yet in no systematic pattern).

5 Concluding Comments

In this paper we have considered the predictive accuracy of fundamental inflation
concepts arising in canonical closed and open-economy versions of the NKPC. A
measure of fundamental inflation derived for each of these theory-based models was then
used to forecast the HP cyclical component of inflation. To obtain a corresponding
forecast relevant for policymakers and to enable comparisons with a number of
frequently used univariate inflation models, we also added to the forecast for the cyclical
component a HP trend component (assumed to be a random walk), thereby generating a
semi-structural actual inflation forecast. The central question this study addressed was
whether these theory-implied semi-structural forecasts could deliver systematic
advantages in forecasting inflation (at a number of policy-relevant horizons) over the
alternative univariate statistical specifications widely employed in the literature.

We began by evaluating the forecasting performance at horizons of 1, 4, 8 and 12
quarters for the different versions of the NKPC. Using a model-based proxy for the
unobservable real marginal cost, the predictive accuracy for the open-economy NKPC
dominated all alternatives in the US data, and was not far in the EA data from the
forecasts obtained for the closed-economy NKPC employing a conventional real unit
labor cost proxy for real marginal cost. For both canonical versions of the NKPC, our
semi-structural inflation forecasts based on the concept of fundamental inflation
outperformed the driftless random walk benchmark in a convincing and statistically
significant way and at all horizons. Moreover, our inflation forecasts dominated at all
horizons the agnostic forecasts generated by univariate AR(p) or MA(qg) inflation
specifications in both the US and EA data and in terms of their cross-country differential.

In stark contrast to the gloomy consensus of the existing literature concerning the ability
of theory-implied models of inflation dynamics to outperform naive statistical models, we
found, overwhelmingly, a stronger predictive performance of NKPC forecasts based on
the concept of fundamental inflation (relative to the univariate statistical forecasts). This
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positive result was achieved by adopting a microfounded semi-structural approach that
vindicated theory as preceding measurement, and — indeed — forecasting, in the case of
inflation.

We refrained in this study from including forecasts generated by the underlying closed-
or open-economy NK DSGE models estimated as a full-information system by Bayesian
maximum likelihood methods. As mentioned in the Introduction, there are well-known
trade-offs between the limited information in single-equation estimation versus the
possible misspecification of the rest of the model in (DSGE) system estimation. While
this avenue is of relevance and interest, we leave if for future work.
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Table 1: Models of Inflation Used in Our Forecasting Accuracy Comparisons

I. Theory-Implied NKPC Models of the Cyclical Component
of Inflation (denoted by “ThM” below)

Indication of where our results are reported,
as “T(able); P(anel) — Model Version(s):”

(ThM1A) 72, = 171 + 71 Bt g + 4,MC + v
where (ThM1Ai) mc, = RULC, (CE NKPC)

or (ThM1Aii) mc, = RMCOE;, (OE NKPC),

with RMCOE, =@y, + oc, — ym, + 05, i={H,F} and
V; isazero-mean i.i.d. error when the NKPC is estimated

T2&3; P1, P2 — CE NKPC(e), CE NKPC(c),

OE NKPC(e) and OE NKPC(c): hybrid
NKPC, single-country perspective, 2VAR(4)
forecasting; GMM estimation (e) of RF
parameters or calibration (c) of structural
parameters, CE or OE proxy for real
marginal cost

(ThM1B) %, , = SE A, + AMC, +V4
where, again, (ThM1Bi) mc, = RULC,
or (ThM1Bii) mc, = RMCOE,

Not reported, worse forecasting accuracy:
pure NKPC, all other features as above

(ThM2A)
7%H,t _ﬁ-F,t =7 7%H,t—l _7%F,t—1)+7/f Et(ﬁ-H,Hl _7%F,t+1)

+ ch¢(ct -G )_ Kmd¢(mt —my )"‘ Vit

T2&3; P3A — OE NKPC(e) and OE
NKPC(c): hybrid NKPC, EA-US cross-
country differentials, 3VAR(4) forecasting,
all other features as above

(ThM2B)

Ty — ey = ﬂEt(”H,wl _”F,Hl)

+ Ky (Ct - Ct )_ Kind (mt - mt )+ Vit

T2&3; P3B — OE NKPC(e) and OE
NKPC(c) pure NKPC, all other features as
above

I1. Statistical Univariate Models of Inflation
(denoted by “UvM” below)

(UvM1) Tivh = iy Vi

T2&3; P1, P2, P3A, P3B, T4; P1, P2; T5;
P1A, P1B, P2 —driftless RW, benchmark

— h h h
(UWM2) 70 o — 70 = 14 + O (L)Aﬂ'i,t Vi
where ,uih is a constant, L the lag operator, A the first-

difference operator, aih(L) a polynomial in L, and vir"t is
the h-step ahead error term

T4;P1,P2; T5; P1A, P2 — AR(p) with unit
root, as in Stock-Watson (2007)

(UM3) 7., = 14"+ (L), + V) for EA-US

T4; P1B — AR(p) without unit root, as
standard, for the EA-US inflation differential

(UvM4) 734 = %(ﬁi,t T T +7[i,t73)

T4;P1,P2: T5; P1A, P1B, P2 — AQ, asin
Stock-Watson (2007)

(UVMB) A7z;, = (L= GV, or without A for EA-US

T4;P1, P2: T5; P1A, P2 — MA(1), as in
Stock-Watson (2007)

(UVM6) Az, =(1-0.892L)v;, with monthly data, implying
Az, =(1-0.487L—0.158L2 J,  with quarterly data,
or without A for EA-US

T4:P1,P2; T5; P1A, P2 — IMA(2,1) <=>
NS, quarterly aggregation of the NS fixed-
parameter IMA(1,1) model with monthly
data, as in Stock-Watson (2007)

(UVM7A) Ar; = (1—0.25L)vi’t or without A for EA-US
(UVM7B) Ar; = (1_0'65L)Vi,t or without A for EA-US

T4;P1,P2; T5; P1A, P2 — MA(.25) or
MA(.65) <=> fixed-parameter MA(1) with

Gya =0.25 or Gya =0.65
Watson (2007)

, as in Stock-

Note: For further details on the models in the LHS column, see the discussion in the respective subsections
of the main text. For the corresponding estimation results, see the mentioned tables in the RHS column.
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Table 2: Theory-Implied Pseudo-out-of-sample Forecasts for the Hodrick-Prescott
Cyclical Component of US, EA, and EA-US Inflation Differential, Theil U-statistic

Forecasting

evaluation p-d 1991:1-2010:4 2000:1-2010:4

Forecast

horizon, gs 1 4 8 12 1 4 8 12

Panel 1: (ThM1Ai,ii) — Hybrid NKPC-Based 2VAR(4)-Implemented Forecasts for US Inflation
CE NKPC(e) 0.96 0.81 0.73 0.74 (0.99) 0.76 0.74 0.76
CE NKPC(c) 0.84 0.69 0.71 0.74 0.85 0.66 0.73 0.76
OE NKPC(e) 0.91 0.92 0.81 0.75 (1.01) 0.90 0.84 0.77
OE NKPC(c) 0.77 0.66 0.70 0.74 0.76 0.63 0.72 0.76

Panel 2 (ThM1A.i,ii) — Hybrid NKPC-Based 2VAR(4)-Implemented Forecasts for EA Inflation
CE NKPC(e) 0.77 0.67 0.61 0.68 0.73 0.72 0.62 0.73
CE NKPC(c) 0.82 0.67 0.62 0.69 0.83 0.72 0.63 0.73
OE NKPC(e) 1.03* 0.70 0.63 0.69 1.38 0.69 0.63 0.73

*

OE NKPC(c) 0.77 0.67 0.62 0.69 0.76 0.72 0.63 0.73

Panel 3A (ThM2A)- Hybrid NKPC-Based 3VAR(4)-Implemented Forecasts for EA-US Inflation
OE NKPC(e) 0.88 0.72 0.65 0.69 0.87 0.85 0.75 0.76
OE NKPC(c) 0.80 0.85 0.65 0.70 0.81 0.95** 0.67 0.65

Panel 3B (ThM2B) — Pure NKPC-Based 3VAR(4)-Implemented Forecasts for EA-US Inflation
OE NKPC(e) 0.76 0.73 0.64 0.69 0.73 0.75 0.60 0.65
OE NKPC(c) 0.75 0.82 0.64 0.69 0.76 0.91 0.66 0.66

Note: Each panel shows in brackets the underlying model, as per Table 1. All reported forecasts are based
on a fixed rolling window (with length of 77 effective quarters for the longer/earlier forecasting evaluation
period and 113 effective quarters for the shorter/later one); CE NKPC denotes the specification where
RULC is the proxy for the forcing variable; OE NKPC denotes the specifications where respective model-
implied forcing variables replace RULC. (e): all reduced-form parameters estimated via GMM; (c): all
structural parameters calibrated according to Table 2 of McKnight and Mihailov (2012): 5 =0.99;

0=0.75; 0=0.16; @ =0.47; »=0.02; «=0.15; except @ =0.265 as in Gali and Gertler (1999)
and King and Watson (2012). Following Gali and Gertler (1999) and King and Watson (2012) all forecasts
of the forcing variable(s) are generated by a reduced-form 2VAR(4) in panels A and B and by a reduced-
form 3VAR(4) in panels 3A and 3B, as indicated. The initial (effective) estimation period is 1971:4-1990:4
in the first forecasting evaluation period and 1971:4-1999:4 in the second one. The first observation in the
full sample is lost in differencing the price level to obtain inflation, and the subsequent six observations are
lost in creating the lagged GMM instruments. Our forecasts are all pseudo out-of-sample forecasts, and the
multi-step forecasts are iterated (not direct). In each cell, the Theil U-statistic is reported, defined as the
root mean squared forecast error (MSFE) of the respective theory-implied forecast, based on the respective
notion of fundamental inflation, relative to the root MSFE of the driftless random walk (RW) forecast as a
benchmark, or “common denominator” in the Theil U ratios; the modified Diebold-Mariano (MDM) t-
statistic corrects for small sample bias and tests the null of no significant difference in the forecast accuracy
of two compared non-nested models. As the MDM t-stat confirmed statistically significant forecast
accuracy at all conventional levels (*** 1%, ** 5%, and * 10%), it is not indicated explicitly unless: (i) the
Theil U ratio is placed in brackets (then the MDM t-stat does not confirm statistically significant difference
in forecast accuracy, even at the 10% level); or (ii) the Theil U ratio is superscripted by the usual star
notation (then it shows significant difference only at the level specified by the stars). Entries in bold fonts
mark the best-performing model by forecast horizon in each of the three panels.
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Table 3: Semi-structural Pseudo-out-of-sample Forecasts for US, EA, and EA-US
Inflation Differential (Obtained as the Sum of Its Hodrick-Prescott Trend Component
RW Forecast and Its Cyclical Component Theory-Implied Forecast), Theil U-statistic

Forecasting

evaluation 1991:1-2010:4 2000:1-2010:4
period
Forecast
horizon, 1 4 8 12 1 4 8 12
quarters

Panel 1 (ThM1Ai,ii+RWtrend) — Hybrid NKPC-Based 2VAR(4)-Implemented Forecasts for US Inflation

CE NKPC(e) 0.92 0.77 0.62 0.57 (1.00) 0.74 0.62 0.56
CE NKPC(c) 0.82 0.66 0.61 0.57 0.83 0.64 0.62 0.60
OE NKPC(e) 0.84 0.88 0.69 0.58 0.93 0.88 0.72 0.57
OE NKPC(c) 0.73 0.63 0.59 0.57 0.72 0.61 0.61 0.56
Panel 2 (ThM1Ai,ii+RWtrend) — Hybrid NKPC-Based 2VAR(4)-Implemented Forecasts for EA Inflation
CE NKPC(e) 0.75 0.60 0.51 0.48 0.75 0.68 0.55 0.58
CE NKPC(c) 0.77 0.60 0.52 0.48 0.81 0.68 0.55 0.58
OE NKPC(e) 0.83 0.63 0.52 0.48 1.19 0.65 0.55 0.58
OE NKPC(c) 0.70 0.61 0.52 0.48 0.71 0.67 0.55 0.59

Panel 3A (ThM2A+RWtrend) — Hybrid NKPC-Based 3VAR(4)-Implemented Forecasts
for EA-US Inflation

OE NKPC(e) 0.81 0.69 0.60 0.59 0.82 0.78 0.68 0.62
OE NKPC(c) 0.79 0.81 0.60 0.60 0.81 0.87 0.61 0.53
Panel 3B (ThM2B+RWtrend) — Pure NKPC-Based 3VAR(4)-Implemented Forecasts for EA-US Inflation
OE NKPC(e) 0.78 0.70 0.59 0.60 0.74 0.69 0.55 0.53
OE NKPC(c) 0.77 0.78 0.59 0.60 0.80 0.84 0.60 0.53

Panel 4 (ThM1Ai,ii+RWtrend) — Hybrid NKPC-Based 2VAR(4)-Implemented Forecasts for EA-US
Inflation Obtained from a Single-Country Perspective (as in Panels 1 and 2) and Then Combined

CE NKPC(e) 1.03 0.99 0.98 0.97 (1.00) 1.02 (0.99) 0.98*
CE NKPC(c) 1.32 1.26 127 1.20 1.01 (1.00) 0.98 0.98
OE NKPC(e) 1.02 0.98 0.97 0.97 1.06 (1.01) 0.98 0.98%*
OE NKPC(c) 1.01 | 0.99% | 0098 0.97 1.01 (1.00) 0.98 0.98

Note: Same as the note to Table 3. The additional Panel 4 provides comparison of the predictive accuracy
for the EA-US inflation differential with respect to Panel 3A: the EA-US inflation differential forecasts in
Panel 4 are obtained again from the hybrid NKPC but, differently from Panel 3A, are now generated from a
single-country perspective independently for the US inflation and the EA inflation, as in Panels 1 and 2
(respectively), and then the resulting individual country forecasts are combined to form a corresponding
forecast for the EA-US inflation differential.
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Table 4: Statistical Univariate Pseudo-out-of-sample Forecasts for US and EA Inflation,
Theil U-statistic

Forecasting

evaluation p-d 1991:1-2010:4 2000:1-2010:4
Forecast
horizon, gs 1 4 8 12 1 4 8 12

Panel 1 — Univariate Forecasts of US Inflation

AR(AIC) D rec 0.95 1.19 1.26 1.40 0.98 1.20 1.13 1.10

AR(AIC) I rec 0.95 1.22 1.26 1.40 0.98 1.24 1.11 1.09

AO 1.23 1.10 1.20 1.27 1.30 111 1.14 1.20
AR(4) D rec 0.95 1.19 1.23 1.35 0.98 1.21 1.09 1.06
MA(1) rec 0.91 1.13 1.20 1.27 0.91 1.14 1.11 1.17

AR(AIC) D roll 0.97 1.19 1.34 1.57 0.96 1.18 1.08 0.97
AR(AIC) I roll 0.97 1.19 1.33 1.57 0.96 1.21 1.03 1.00

AR(4) D roll 0.95 117 134 159 0.99 1.23 1.06 0.89
MA(L) roll 0.90 1.08 121 1.29 0.90 113 1.10 116
MA(2) NS 0.88 1.06 118 1.24 0.89 1.08 116 118

MA(.25) fixed | 0.93 117 1.25 132 0.92 1.19 116 1.20

MA(.65) fixed 0.88 1.06 1.18 1.24 0.89 1.08 1.15 1.18
Panel 2 — Univariate Forecasts of EA Inflation
AR(AIC) D rec 0.90 0.97 0.96 0.76 0.97 1.04 1.72 1.79
AR(AIC) I rec 0.90 0.98 0.97 0.73 0.97 1.06 1.75 1.82

AO 1.08 0.97 0.95 0.63 1.10 1.06 1.83 1.94
AR(4) D rec 0.91 0.97 0.95 0.75 0.97 1.06 1.69 1.76
MA(L) rec 0.81 0.92 0.93 0.59 0.84 1.04 178 1.85

AR(AIC) D roll 0.86 1.03 1.08 0.94 0.96 1.09 1.81 1.64
AR(AIC) I roll 0.86 1.00 1.03 0.89 0.96 1.15 1.86 2.06

AR(4) D roll 0.88 1.03 1.08 0.95 0.96 1.09 1.78 1.73
MA(1) roll 0.83 0.95 0.95 0.62 0.84 1.04 1.78 1.91
MA(2) NS 0.84 0.95 0.93 0.59 0.86 1.06 1.78 1.76

MA(.25) fixed 0.89 1.00 1.01 0.67 0.93 1.15 1.92 2.15
MA(.65) fixed 0.81 0.94 0.93 0.59 0.83 1.04 1.78 1.82

Note: D: direct forecast; I: iterated forecast; roll: fixed rolling window (83 quarters for the longer/earlier
forecasting period and 119 quarters for the shorter/later one); rec: augmenting recursive window
(expanding from the initial 83 quarters for the first forecasting period and from the initial 119 quarters for
the second one); AO: Atkeson-Ohanian (2001) forecast; NS: Nelson-Schwert (1977) forecast. The fixed-
parameter MA(.25) and MA(.65) models do not generate pseudo-out-of-sample forecasts, since their
parameters are not re-estimated in recursive or rolling samples. Entries in bold fonts mark, again, the best-
performing model by each of the three panels (if it is not the driftless RW benchmark, or “common
denominator” in the Theil U ratios) at the respective forecasting evaluation periods and forecast horizons.
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Table 5: Statistical Univariate Pseudo-out-of-sample Forecasts for the EA-US Inflation
Differential, Theil U-statistic (Panels 1A and 1B), and EA Inflation Forecast / US
Inflation Forecast, Relative Root MSFEs (Panel 2)

Forecasting
evaluation 1991:1-2010:4 2000:1-2010:4
period
Forecast
horizon, 1 4 8 12 1 4 8 12
quarters
Panel 1A — Univariate Forecasts of EA-US Inflation, Unit Root Specifications as in Table 4, Theil U
AR(AIC) D rec 0.87 1.00 0.96 0.98 0.92 1.11 0.78 0.84
AR(AIC) I rec 0.87 1.00 0.96 1.00 0.92 1.07 0.70 0.78
AO 1.00 1.00 0.96 1.00 0.99 0.99 0.65 0.67
AR(4) D rec 0.84 1.00 0.97 1.02 0.86 1.00 0.71 0.85
MA(1) rec 0.81 0.96 0.90 0.90 0.80 1.03 0.67 0.61
AR(AIC) D roll 0.80 0.99 0.97 1.07 0.92 1.11 0.81 0.88
AR(AIC) I roll 0.80 1.00 0.93 1.02 0.92 1.09 0.77 0.89
AR(4) D roll 0.81 1.01 0.99 1.11 0.86 1.01 0.75 0.87
MA(1) roll 0.81 0.96 0.94 0.99 0.80 1.01 0.64 0.62
NS fixed 0.84 0.96 0.91 0.92 0.84 1.01 0.64 0.62
MA(.25) fixed 0.89 1.08 1.04 1.08 0.91 1.11 0.68 0.69
MA(.65) fixed 0.80 0.96 0.92 0.94 0.80 1.00 0.63 0.63
Panel 1B — Univariate Forecasts of EA-US Inflation, Specifications without a Unit Root, Theil U
AR(AIC) D rec 0.95 1.53 1.55 1.67 0.90 1.36 0.96 0.53
AR(AIC) I rec 0.95 1.39 1.45 1.58 0.90 1.28 0.93 0.53
AR(4) D rec 0.93 1.44 1.47 1.58 0.90 1.36 0.96 0.53
MA(1) rec 1.02 1.26 1.22 1.24 1.02 1.34 0.93 0.78
AR(AIC) D roll 0.89 1.39 1.39 1.60 0.91 1.30 0.95 0.49
AR(AIC) I roll 0.89 1.30 1.35 1.43 0.91 1.32 1.02 0.70
AR(4) D roll 0.86 1.25 1.29 1.46 0.89 1.32 0.95 0.52
MA(1) roll 0.90 0.95 0.70 0.64 0.90 1.15 0.78 0.46
NS fixed 1.35 1.82 1.35 1.30 1.29 2.12 1.55 1.53
MA(.25) fixed 0.92 1.04 0.97 0.97 0.92 1.12 0.75 0.51
MA(.65) fixed 1.34 1.58 1.16 1.10 131 191 1.35 1.25
Panel 2 — Ratio of Root MSFEs of the Separate Univariate Forecasts for US and EA Inflation in Table 4
RW 1.10 1.05 1.25 1.61 0.87 0.66 0.46 0.41
AR(AIC) D rec 1.10 0.91 0.87 0.77 0.88 0.67 0.70 0.55
AR(AIC) I rec 1.10 0.90 0.84 0.78 0.88 0.77 0.71 0.66
AO 1.00 0.93 0.99 0.84 0.73 0.65 0.73 0.61
AR(4) D rec 1.15 0.91 0.89 0.79 0.95 0.70 0.70 0.55
MA(1) rec 1.13 0.91 1.02 0.91 0.90 0.69 0.79 0.69
AR(AIC) D roll 1.10 0.99 0.99 0.99 0.87 0.66 0.68 0.47
AR(AIC) I roll 1.10 1.00 0.96 0.93 0.87 0.78 0.72 0.66
AR(4) D roll 1.09 0.99 1.00 0.99 0.91 0.70 0.73 0.57
MA(1) roll 1.13 0.91 1.02 0.91 0.90 0.69 0.79 0.69
NS fixed 1.02 0.97 0.91 0.88 0.82 0.78 0.75 0.72
MA(.25) fixed 1.04 0.89 0.90 0.88 0.83 0.66 0.77 0.99
MA(.65) fixed 1.01 0.96 0.90 0.88 0.82 0.78 0.74 0.72

Note: Same as the note to Table 4.
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Appendix:
Data Sources and Definitions
This appendix provides details on the data sources and definitions. For replication

purposes, an additional zip file archive available upon request contains our data set, codes
and the respective input and output files.

1 United States

Data Source: FRED (Federal Reserve Economic Data), Economic Research Division,
Federal Reserve Bank of St. Louis; http://research.stlouisfed.org/fred2/.

All data are quarterly, seasonally adjusted, with the exception of USM1.

USGDPD: Implicit Gross Domestic Product Price Deflator, Line 1 in Table 1.1.9.
Implicit Price Deflators for Gross Domestic Product [Index numbers, 2005=100],
Seasonally adjusted; Bureau of Economic Analysis; Last Revised on: July 27, 2012;

USM1: M1INS at FRED, M1 Money Stock, Billions of US Dollars; Frequency: Monthly,
Not Seasonally Adjusted (quarterly data obtained for this study by taking the third
month’s end-of-period value each quarter, and then seasonally adjusted for consistency
with the remaining raw data using the Census-X12 procedure); Source: Board of
Governors of the Federal Reserve System;

USM1R = USM1/USGDPD;

USMD: Implicit Import Price Deflator, Line 18 in Table 1.1.9. Implicit Price Deflators
for Gross Domestic Product, same measure, adjustment and source as for USGDPD;

USRGDP: Real Gross Domestic Product, Line 1 in Table 1.1.6. Real Gross Domestic
Product, Chained Dollars [Billions of chained (2005) dollars], Seasonally adjusted at
annual rates, Bureau of Economic Analysis; Last Revised on: July 27, 2012;

USRPCE: Personal Consumption Expenditures, Line 2 in Table 1.1.6. Real Gross
Domestic Product, same measure, adjustment and source as for USRGDP;

USULC: ULCNFB_ 20120606 at FRED: Nonfarm Business Sector: Unit Labor Cost:
Source: US Department of Labor: Bureau of Labor Statistics; Release: Productivity and
Costs; Units: Index, 2005=100;

USRULC = USULC /USGDPD;

USXD: Implicit Export Price Deflator, Line 15 in Table 1.1.9. Implicit Price Deflators
for Gross Domestic Product, same measure, adjustment and source as for USGDPD.
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2 Euro Area

Data Source: 11th update to the database underlying the Area Wide Model (AWM), see
Fagan, Henry and Mestre (2001) at http://www.ech.europa.eu/.

The units of the series follow Eurostat or ECB conventions, that is: real GDP and its
components are in millions of ECU/euro corrected with reference year 1995; nominal
series are in millions of ECU/euro corrected; and deflators are set to 1.0 in 1995.

Mnemonics and Definitions — all variables released at quarterly frequency and as
seasonally adjusted at the data source:

EAMTD: MTD in the AWM: Imports of Goods and Services Deflator;
EAPCR: PCR in the AWM: Private Consumption (Real);

EARULC = EAULC/EAYED;

EATOT = EAMTD / EAXTD;

EAULC: ULC in the AWM: Unit Labour Costs (= WIN / YER);
EAWIN: WIN in the AWM: Compensation to Employees (Nominal);
EAXTD: XTD in the AWM: Imports of Goods and Services Deflator;
EAYED: YED in the AWM: GDP Deflator;

EAYER: YER in the AWM: GDP (Real).

Data Source: FRED (Federal Reserve Economic Data), Economic Research Division,
Federal Reserve Bank of St. Louis; http://research.stlouisfed.org/fred2/.

EAM1: MYAGM1EZQ196N at FRED: M1 for Euro Area, Euros; Frequency: Quarterly,
Not Seasonally Adjusted (seasonally adjusted for consistency with the remaining raw
data employed in the present study using the Census-X12 procedure); Source:
International Monetary Fund;
EAMI1R = EAM1/EAYED.

3 Additional Instruments Used in the NKPC GMM Estimation

HWWI_ALLCOMMODS: Commodity price index (reported in the results here);
HWWI_CRUDEOIL: Crude oil price index (not reported in the results here).

Data Source: Hamburg Institute of International Economics (HWWI); http://hwwi-
rohindex.de/.

27


http://www.ecb.europa.eu/
http://research.stlouisfed.org/fred2/
http://hwwi-rohindex.de/
http://hwwi-rohindex.de/

The Predictive Performance of Fundamental Inflation Concepts

References

Adolfson, Malin, Jesper Lindé and Mattias Villani (2007), Forecasting Performance of an
Open Economy DSGE Model for the Euro Area, Econometric Reviews 26, 289-328.

Andrés, Javier, Lopez-Salido, J. David, Vallés, Javier (2006), Money in an Estimated
Business Cycle Model of the Euro Area, Economic Journal 116, 457-477.

Ascari, Guido (2004), Staggered Prices and Trend Inflation: Some Nuisances, Review of
Economic Dynamics 7, 642-667.

Atkeson, Andrew and Lee E. Ohanian (2001), Are Phillips Curves Useful for Forecasting
Inflation? Federal Reserve Bank of Minneapolis, Quarterly Review 25(2), 2-11.

Bauwens, Luc, Gary Koop, Dimitris Korobilis and Jeroen V.K. Rombouts (forthcoming),
The Contribution of Structural Break Models to Forecasting Macroeconomic Series,
Journal of Applied Econometrics.

Baxter, Marianne and Robert G. King (1999), “Measuring Business Cycles: Approximate
Band-Pass Filters for Economic Time Series,” Review of Economics and Statistics 81,
575-593.

Benigno, Gianluca and Pierpaolo Benigno (2008), Exchange Rate Determination under
Interest Rate Rules, Journal of International Money and Finance 27, 971-993.

Campbell, John Y. and Robert J. Shiller (1987), Cointegration and Tests of Present Value
Models, Journal of Political Economy 95, 1062-1088.

Calvo, Guillermo (1983), Staggered Prices in a Utility Maximizing Framework, Journal
of Monetary Economics 12, 383-398.

Chadha, Bankim, Paul R. Masson and Guy Meredith (1992), Models of Inflation and the
Costs of Disinflation, IMF Staff Papers 39, 395-431.

Christiano, Lawrence J. and Terry J. Fitzgerald (2003), The Band Pass Filter,
International Economic Review 44, 435-465.

Del Negro, Marco, Marc P. Giannoni and Frank Schorfheide (2014), Inflation in the
Great Recession and New Keynesian Models, NBER Working Paper No. 20055 (April).

Dickey, David A. and Wayne A. Fuller (1979), Distribution of the Estimators for
Autoregressive Time Series with a Unit Root, Journal of the American Statistical
Association 74, 427-431.

Diebold, Francis X. and Roberto S. Mariano (1995), Comparing Predictive Accuracy,
Journal of Business & Economic Statistics 13, 253-263.

28



McKnight, Mihailov, Patterson and Rumler (May 2014)

Elliot, Graham, Thomas J. Rothenberg, and James H. Stock (1996), Efficient Tests for an
Autoregressive Unit Root, Econometrica 64, 813-836.

Engle, Robert F. and Clive W.J. Granger (1987), “Co-integration and Error Correction:
Representation, Estimation, and Testing, Econometrica 55, 251-276.

European Central Bank (2003), The Outcome of the ECB’s Evaluation of Its Monetary
Policy Strategy, ECB Monthly Bulletin, June, 79-90.

Fagan, Gabriel, Jérdme Henry, and Ricardo Mestre (2001), An Area-wide Model (AWM)
for the Euro Area, ECB Working Paper No. 42 (January).

Gali, Jordi (2008), Monetary Policy, Inflation and the Business Cycle: An Introduction to
the New Keynesian Framework, Princeton, NJ: Princeton University Press.

Gali, Jordi and Mark Gertler (1999), Inflation Dynamics: A Structural Econometric
Approach, Journal of Monetary Economics 44, 195-222.

Gali, Jordi and Tommaso Monacelli (2005), Monetary Policy and Exchange Rate
Volatility in a Small Open Economy, Review of Economic Studies 72, 707-734.

Golyandina, Nina E., Vladimir V. Nekrutkin and Anatoly A. Zhigljavsky (2001),
Analysis of Time Series Structure: SSA and Related Techniques, Chapman & Hall / CRS:
Boca Raton.

Goodfriend, Marvin, and Robert G. King (1997), The New Neoclassical Synthesis and
the Role of Monetary Policy, NBER Macroeconomics Annual 12: 231-283.

Hansen, Lars Peter (1982), Large Sample Properties of Generalized Method of Moments
Estimators, Econometrica 50, 1029-1054.

Harvey, Andrew (1989), Forecasting, Structural Time Series Models and the Kalman
Filter, Cambridge: Cambridge University Press.

Harvey, David, Stephen Leybourne, and Paul Newbold (1997), Testing the Equality of
Prediction Mean Squared Errors, International Journal of Forecasting 13, 281-291.

Hassani, Hossein, Saeed Heravi and Anatoly A. Zhigljavsky (2009), Forecasting
European Industrial Production with Singular Spectrum Analysis,”International Journal
of Forecasting 25, 103-118.

Hendry, David F. (1995), Dynamic Econometrics, Oxford: Oxford University Press.

Hodrick, Robert J. and Edward. C. Prescott (1997), “Postwar Business U.S. Cycles: An
Empirical Investigation,” Journal of Money, Credit and Banking 29, 1-16.

29



The Predictive Performance of Fundamental Inflation Concepts

Ireland, Peter N. (2004 a), A Method for Taking Models to Data, Journal of Economic
Dynamics and Control 28, 1205-1226.

Ireland, Peter N. (2004 b), Money’s Role in the Monetary Business Cycle, Journal of
Money, Credit and Banking 36, 969-983.

Johansen, Sgren (1996), Likelihood-Based Inference in Cointegrated Vector Auto-
Regressive Models, Oxford: Oxford University Press.

Kascha, Christian and Francesco Ravazzolo (2010), Combining Inflation Density
Forecasts, Journal of Forecasting 29, 231-250.

Kichian, Maral, Fabio Rumler and Paul Corrigan (2010), Semi-Structural Models for
Inflation Forecasting, Bank of Canada Working Paper 2010-34.

King, Robert G. and Mark W. Watson (2012), Inflation and Unit Labor Costs, Journal of
Money, Credit and Banking 44, 111-149.

Koopmans, Tjalling (1947), Measurement without Theory, Review of Economic Statistics
29 (3), 161-172.

Kremer, Jana, Giovanni Lombardo and Thomas Werner (2003). Money in a New-
Keynesian Model Estimated with German Data, Discussion Paper Series 1: Studies of the
Economic Research Centre No. 15/2003, Deutsche Bundesbank.

Kurmann, André (2005), Quantifying the Uncertainty about the Fit of a New Keynesian
Pricing Model, Journal of Monetary Economics 52, 1119-1134.

Kurozumi, Takushi (2006), Determinacy and Expectational Stability of Equilibrium in a
Monetary Sticky-Price Model with Taylor Rules, Journal of Monetary Economics 53,
827-846.

Kwiatkowski, Denis, Peter C.B. Phillips, Peter Schmidt and Yongcheol Shin (1992),
“Testing the Null Hypothesis of Stationarity Against the Alternative of a Unit Root,”
Journal of Econometrics 54, 159-178.

Leeper, Eric M. and Jennifer E. Roush, (2003), Putting “M” Back in Monetary Policy,
Journal of Money, Credit and Banking 35 (6, Part 2: Recent Developments in Monetary
Economics), 1217-1256.

Leith, Campbell and Jim Malley (2007), Estimated Open Economy New Keynesian
Phillips Curves for the G7, Open Economies Review 18, 405-426.

Lindé, Jesper (2005), Estimating New-Keynesian Phillips Curves: A Full Information
Maximum Likelihood Approach, Journal of Monetary Economics 52, 1135-1149.

30



McKnight, Mihailov, Patterson and Rumler (May 2014)

Litkepohl, Helmut (1987), Forecasting Aggregated Vector ARMA Processes, Springer-
Verlag.

Marcellino, Massimiliano, James H. Stock and Mark W. Watson (2006), A Comparison
of Direct and Iterated Multistep AR Methods for Forecasting Macroeocnomic Time
Series, Journal of Econometrics 135, 499-526.

Mavroeidis, Sophocles, Mikkel Plagborg-Moller and James H. Stock (2013), Empirical
Evidence on Inflation Expectations in the New Keynesian Phillips Curve, working paper
(28 November).

McKnight, Stephen and Alexander Mihailov (2012), Do Real Balance Effects Invalidate
the Taylor Principle in Closed and Open Economies? Centro de Estudios Econémicos, El
Colegio de México, Documento de trabajo X-2012.

Mihailov, Alexander, Fabio Rumler and Johann Scharler (2011 a), The Small Open-
Economy New Keynesian Phillips Curve: Empirical Evidence and Implied Inflation
Dynamics, Open Economies Review 22, 317-337.

Mihailov, Alexander, Fabio Rumler and Johann Scharler (2011 b), Inflation Dynamics in
the New EU Member States: How Relevant Are External Factors? Review of
International Economics 19, 65-76.

Nelson, Charles R. and G. William Schwert (1977), Short-Term Interest Rates as
Predictors of Inflation: On Testing the Hypothesis that the Real Rate of Interest is
Constant, American Economic Review 67, 478-486.

Patterson, Kerry D., Hossein Hassani, Saeed Heravi and Anatoly A. Zhigljavsky (2010),
Multivariate Singular Spectrum Analysis for Forecasting Revisions to Real-time Data,
Journal of Applied Statistics 38, 2183-2211.

Phillips, A. William (1958), The Relation Between Unemployment and the Rate of
Change of Money Wage Rates in the United Kingdom, 1861-1957, Economica 25: 283-
299.

Posch, Johanna and Fabio Rumler (2012), Semi-Structural Forecasting of UK Inflation
Based on the Hybrid New Keynesian Phillips Curve, working paper.

Rotemberg, Julio J. (1982), Sticky Prices in the United States, Journal of Political
Economy 90 (6), 1187-1211.

Rumler, Fabio (2007), Estimates of the Open Economy New Keynesian Phillips Curve
for Euro Area Countries, Open Economies Review 18, 427-451.

Rumler, Fabio and Maria T. Valderrama (2010), Comparing the New Keynesian Phillips

31



The Predictive Performance of Fundamental Inflation Concepts

Curve with Time Series Models to Forecast Inflation, North American Journal of
Economics and Finance 21, 126-144.

Said, Said E. and David A. Dickey (1984), Testing for Unit Roots in Autoregressive
Moving-Average Models with Unknown Order, Biometrika 71, 599-607.

Sargent, Thomas J. (1979), Macroeconomic Theory, Academic Press.

Smets, Frank and Rafael Wouters (2007), Shocks and Frictions in US Business Cycles: A
Bayesian DSGE Approach, American Economic Review 97, 586-606.

Stock, James H., and Mark W. Watson (2007), Why Has U.S. Inflation Become Harder
to Forecast? Journal of Money, Credit, and Banking 39, 3-34.

Stock, James H., and Mark W. Watson (2008), Phillips Curve Inflation Forecasts, NBER
Working Paper No. 14322.

Woodford, Michael (2003), Interest Rates and Prices: Foundations of a Theory of
Monetary Policy, Princeton, NJ, and Oxford: Princeton University Press.

Woodford, Michael (2009), Globalization and Monetary Control, in J. Gali and M.

Gertler (eds.), International Dimensions of Monetary Policy, Chicago, IL: University of
Chicago Press, 2009.

32



McKnight, Mihailov, Patterson and Rumler (May 2014)

Supplementary Material

[AVAILABLE ONLINE — NOT FOR PRINT PUBLICATION]

SM1 Technical Appendix

This appendix provides further technical details of the theory-based NKPC inflation
equations outlined in Section 2 of the paper.

SM1.1 Solution to the Pure NKPC as an Expectational First-Order
Difference Equation

Rewrite (1) with @ =0 and, hence, y, =0 and y, = 3, as
ﬂEtl_ﬁ-H,HlJ_ﬁ.H,t = _ﬂ“mct'

Use the lead (forward shift) operator, L™,

L_lEt[ﬁ-H,t]_%ﬁ-H,t :_%rﬁcﬂ (L_l—%jleﬂ :_%mct’

multiply through by L,
1, ). A 1 ). A
(1_ELjﬁH’t = —E LmCt, (1_ELjﬁH’t = —Emct_l.

Since 0< g <1, following Sargent (1979, p. 173), the equation needs to be solved
forward:

A 1 — A . A N s o
= (L)mctfl, Ty = _E|:_Z,B Etmct—1+s}

Ht = 7 5 —
ﬁl_(ﬁ'—) ' s=1

R : ﬂ, 0 R R _ 0 ﬁs R

Tyt = _ZﬂSEImCt—:HS’ Ty = lz_Etht—hs’
ﬂ s=1 s=1 ﬂ

A _ - A .0 A _ - o

Ty = ﬁ'Zﬁs EMC,_y,s, Typ = ﬂZﬁSEthHS,

s=1 s=1
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which is the NKPC present-value representation of (H) inflation, equation (3) in the main
text in the case of w=0, that is, in the case of the pure NKPC, and with equation (2)
used as a theory-implied proxy for the unobservable real marginal cost.

SM1.2 Solution to the Hybrid NKPC as an Expectational Second-
Order Difference Equation
Rewrite (1) as

Vs Et[f[H,wl]_f[H,t + Vo Fhp = _ﬂ’¢rﬁct'

Use the lag (backward shift) operator, L, and the lead (forward shift) operator, L™,

A A
CEf, -2 a, + oL, =—tme, Lot tloLls,, =,
f f f Vi o Vi f

multiply through by L,
A A
Bl = B, |-t Le s, =,
Vs Vs Vs Vs Vs

As is standard, the lag polynomial can next be factored as

LN AL (@1-6,L)Y1-6,L)=1-(5,+ 6, )L +6,5,12
Vs Vs

so that

5,+6,=~>1and 6,5,= 12 21,

Vi Vs

The case of distinct roots is relevant, since 0,0, #1, and it is also likely that one of the
roots is smaller than 1 while the other greater than 1 in absolute value. Assuming
0,<1<6,, as in Gali and Gertler (1999), based on their estimates for the reduced-form
parameters of the NKPC y, and y, , we can further write

N L (1—51L)[1—i Lj,
Vs Vs 0,
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where o6, and 9, satisfy their sum and product equations above. Hence,

L-5LM1-8L)R,, = A i, ..
Vi
which can be written as
. . A\ A
(A, -6L#, J1-5,'L)= ~ e
f

Since 6, >1 and so &," <1, following Sargent (1979, p. 194), we expand the unstable

root forward (and the stable root backward, which we do not do here to arrive at the
equivalent expression for the NKPC in the main text), we obtain:

which is the NKPC present-value representation of (H) inflation, equation (1) in the main
text in the case of 0<w <1, that is, in the case of the hybrid NKPC, and with equation
(2) used as a theory-implied proxy for the unobservable real marginal cost.
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SM2 Model-Based and Empirical Measures of Real Marginal Cost

The central feature of the NKPC is the link between inflation and real marginal cost
(RMC), which is most frequently proxied in applied work by real unit labor costs
(RULC), see King and Watson (2012). The Gali and Gertler (1999, GG) measure of log-
RULC is:

e Eln(COMPNFBxHOANBS} (SM.1)

IPDNBS x OUTNFB
where the mnemonics corresponds to the FRED database, the source of the US data:

COMPNFB is nominal compensation per hour in the non-farm business sector (i.e., the
hourly nominal average wage rate), index (2005=100);

HOANBS is total hours worked by all persons in the non-farm business sector, index
(2005=100);

IPDNBS is the implicit price deflator of the non-farm business sector, index
(2005=100);

OUTNEFB is the real output of the non-farm business sector, index (2005=100).

That is, in a more general macro-notation, (SM.1) can be re-written as:

€6 = |n e Eln(WXNj
PxY

=InNW +InN-InP—=InY =(w—-p)+n-y,

where all variables relate to the non-farm business sector of the US economy. As usual,
the lower-case notation corresponds to the natural logarithm of the upper-case notation.
The RHS grouping of the variables parallels King and Watson’s (2012) equation (8), p.
13, where they show analytically the difference between the GG and Smets and Wouters
(2007, SW) model-based measures of real marginal cost. The GG measure is exactly this,
while the SW measure is slightly different:

y* =(w-p)+n-dy,

implying ® =1 in the GG measure, while ® =1.614980 in the SW measure. More
precisely, the SW measure of (the modified by King and Watson, 2012) log-RULC is:

— [In %IODI\SCFy;B y ] In{\PRSSSOOGOZSCﬂGOV) (D—l In( GDPC 96 )_}_/tJ (SMZ)

CNP160V & CNP160V &

where;
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GDPCTPI is the GDP deflator, chain-type price index (2005=100);

PRS85006023 is average weekly hours in the non-farm business sector, index
(2005=100);

CE160V is civilian employment from the household survey, thousands;

CNP160V is the employment in the non-farm business sector in terms of the civilian
noninstitutional population (16 and older), thousands, and the a superscript denotes
cubic spline adjustment to monthly growth rates employed by King and Watson (2012,
Table A.1, p. 33);

GDPC96 is real GDP, billions of chained 2005 Dollars;
¥ =0.00432; ® =1.614980.

The last two parameters are estimated by SW in their baseline “medium-scale” DSGE
set-up.

Our log-RULC measure employed in the GG-based forecasting procedure is constructed
from the nominal ULC index (2005=100) that is provided for both the US and the EA,
deflated by the GDP deflator in both cases, for comparability reasons.

USULC
[ =) SM.3
Vs (USGDPDJ (SM.3)
EAULC
=In . SM.4
. (EAYED) (SM.4)

In the AWM database, EAULC is defined as

EAWIN

EAULC = ,
ERYER

so that

_ [ EAWIN
Ver = T 'EAYED < EAYER /
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SM3 Iterated and Direct Multistep
Univariate Autoregressive Forecasts

Let y, =A’X, denote the stationary transformation of a time series in levels or log-levels
X,, where A’ is the d -th difference for X, being integrated of order d , that is, X, is
I(d) and d={0,1,2}. To forecast X, at horizon h, one has to forecast first the

appropriate stationary transformation of X,, y,, at the same horizon. When h>1,

multistep univariate autoregressive (AR) forecasts can be generated in two ways, namely,
by iterated AR forecasts or by direct AR forecasts.

The iterated forecast always begins with the one-step-ahead forecasting AR model for v,
which can be written as (see Marcellino et al., 2006, pp. 502-503),

p
yt+1 sa+ Z¢| yt+l—i + Eiir- (SM5)

i=1

After estimating recursively by OLS the parameters in (SM.5), the multistep forecasts of
Y,., are obtained iteratively from

p n -
Yerrp = &+Z¢|ytl+l—i|t’ where yj, =y; for j<t. (SM.6)
i1

Iterated forecasts of X, are then computed by accumulating the values of vy,
depending on the order of integration of X, , as follows:

Vi if X, is 1(0),
h
th+h|t = Xt+zytl+i|t if Xt is I(l)' (SM-7)
i=1
h i
X, +hAX +> DTyl if X is 1(2)
i=1 j=1

The direct estimates of the parameters are the recursive minimizers of the h -step-ahead
criterion function. Accordingly, the parameters are estimated by OLS from the following
direct forecasting AR model (again, we follow Marcellino et al., 2006, p. 503):

“® In this section, we follow the notation in Marcellino et al. (2006), except that we omit the “hat” denoting
their forecasts so as not to confuse the same “hat” notation we employed for time-indexed variables in the
main text to denote deviations from steady-state values. Moreover, the forecasts in this section are anyway
distinguished by the subscript |t and the superscript I(treated) or D(irect). We keep the “hat” notation over
constants in the present section, which has the usual econometric interpretation of an estimated parameter
value.
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p
yth+h =p+ Zpi Yeasi T €ino (SM.8)
i=1
where now
X if X, is 1(0),
yth+h = Xion = X, if X, is I(l)’
h i
N X, ;= X — X —hAX, if X, is 1(2)
i=1  j=1

The direct estimator of the parameters is obtained by recursive OLS estimation of (SM.8)
where data through period t are used, so that the last observation includes y," on the left-

hand side of the regression. Then, the direct multistep forecasts of y;", are given by

~ p A
Yor =B+ AYuai (SM.9)
i=1

By analogy with the iterated multistep AR forecasts in (SM.7), direct multistep AR
forecasts of X,,, are recovered from y°" depending on the order of integration of X, :

yon if X, is 1(0)

Xeon = Xi+ Yo if X, is 1), (SM.10)
X, +hAX, +y2P if X, is 1(2).
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SM4 Unit Root Tests on the Variables and Residuals
in the GMM Reduced-Form NKPC Estimation

As we mentioned in the main text, GDP deflator inflation and some real marginal cost
measures were not found stationary in our full sample neither for the US, nor for the EA
data and in all data transformations we attempted®’ except when Hodrick-Prescott
detrending was applied. These facts are not surprising, and have been discussed and
addressed in the large literature — see, e.g., Stock and Watson (2007, 2008) for an account
on the US data. We have, therefore, used the cyclical component of the inflation data for
the EA and the US in our theory-based forecasts, as explained at length in the main text,
and then have added back a random walk forecast of the trend to obtain the theory-
implied but essentially semi-structural forecast for actual inflation as a whole. As for the
EA-US inflation differential, it was found stationary in the full sample, and is thus likely
to be stationary in most of the re-estimation rolling-window subsamples.

To check the residuals from the GMM NKPC estimation for stationarity, we employed
three commonly used tests. These are as follows:

1. Augmented Dickey-Fuller (ADF) unit root test (Dickey and Fuller, 1979; Said
and Dickey, 1984);

2. Kwiatkowski, Phillips, Schmidt and Shin (1992, KPSS) stationarity test;

3. ADF unit root test with GLS detrending (sometimes denoted DF-GLS), along
the lines of the proposed modification of the ADF test by Elliot, Rothenberg
and Stock (1996, ERS), hence also referred to as GLS-detrended ADF (or
ERS) test.

As can be seen from the included Tables SM2, SM3 and SM4, the results are quite
mixed. Overall, the residuals from GMM estimation of the EA-US NKPC in inflation
differential were always found stationary in the initial estimation samples for the two
forecasting periods, no matter which one of the three unit root tests we employed. The
EA NKPC residuals were found stationary across all three tests when the RMCOE
measure of real marginal cost was employed, but not when the CE RULC alternative was
used. The biggest stationarity problems arose with the residuals from the US NKPC,
which were found stationary only by the ADF and KPSS tests when RMCOE was used
and only by the ADF test when RULC was used. For the recursively re-estimated
subsamples in cross-country differentials, these rolling-window residuals are stationary
too; from a single-country perspective and when RULC is used, however, this is not
generally the case. Of course, in rolling-window subsamples in different periods, the
residuals from the NKPC estimation may be either found stationary or not.*

" As mentioned in the main text, these included first-differencing as well as detrending via linear, quadratic
and cubic polynomials or via the Baxter-King (1999) symmetric bandpass filter or the Cristiano-Fitzgerald
(2005) asymmetric bandpass filter.

“® For illustrative purposes, see the subset of our results in figures 17-26, which refers to the initial
estimation subsample in each of the forecasting evaluation periods.
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Table SM1: US, EA and EA-US Reduced-Form NKPC Residuals: ADF Unit Root Test

Results

const

const & trend

const

const & trend

Initial estimation subsample

1971:4-1990:4

1971:4-1990:4

1971:4-1999:4

1971:4-1999:4

GMM-Estimated Reduced-Form NKPC on US D

ata, OE RMC

ADF test t-statistic -10.37 -10.28 -10.00 -10.26

1% level -3.52 -4.08 -3.49 -4.04

5% level -2.90 -3.47 -2.89 -3.45

10% level -2.59 -3.16 -2.58 -3.15
SIC-selected lag length 0 0 2 2

GMM-Estimated Reduced-Form NKPC on EA Data, OE RMC

ADF test t-statistic -11.75 -11.67 -12.18 -12.16

1% level -3.52 -4.08 -3.49 -4.04

5% level -2.90 -3.47 -2.89 -3.45

10% level -2.59 -3.16 -2.58 -3.15
SIC-selected lag length 0 0 0 0

GMM-Estimated Reduced-Form NKPC on US Data, CE RULC

ADF test t-statistic -7.54 -7.85 -10.00 -10.26

1% level -3.52 -4.08 -3.49 -4.04

5% level -2.90 -3.47 -2.89 -3.45

10% level -2.59 -3.16 -2.58 -3.15
SIC-selected lag length 2 2 2 2

GMM-Estimated Reduced-Form NKPC on EA Data, CE RULC

ADF test t-statistic -1.87 -18.43 -17.32 -17.84

1% level -3.52 -4.08 -3.49 -4.04

5% level -2.90 -3.47 -2.89 -3.45

10% level -2.59 -3.16 -2.58 -3.15
SIC-selected lag length 4 0 0 0

GMM-Estimated Reduced-Form NKPC on EA-US Differentials,

OE RMC
ADF test t-statistic -8.50 -8.44 -11.29 -11.30
1% level -3.52 -4.08 -3.49 -4.04
5% level -2.90 -3.47 -2.89 -3.45
10% level -2.59 -3.16 -2.58 -3.15
SIC-selected lag length 0 0 2 2

Note: The reported optimal augmentation lag is automatically selected by the Schwarz
Criterion (SIC), with a maximum lag of 11 quarters.
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Table SM2: US, EA and EA-US Reduced-Form NKPC Residuals: KPSS Stationarity

Test Results

const

const & trend

const

const & trend

Initial estimation subsample

1971:4-1990:4

1971:4-1990:4

1971:4-1999:4

1971:4-1999:4

GMM-Estimated Reduced-Form NKPC on US D

ata, OE RMC

KPSS test LM statistic 0.11 0.09 0.23 0.09
1% level 0.74 0.22 0.74 0.22
5% level 0.46 0.15 0.46 0.15
10% level 0.35 0.12 0.35 0.12

NW-selected bandwidth 2 2 8 8

GMM-Estimated Reduced-Form NKPC on EA Data, OE RMC

KPSS test LM statistic 0.23 0.23 0.10 0.07
1% level 0.74 0.22 0.74 0.22
5% level 0.46 0.15 0.46 0.15
10% level 0.35 0.12 0.35 0.12

NW-selected bandwidth 43 43 4 4

GMM-Estimated Reduced-Form NKPC on US Data, CE RULC

KPSS test LM statistic 0.40 0.27 0.22 0.09
1% level 0.74 0.22 0.74 0.22
5% level 0.46 0.15 0.46 0.15
10% level 0.35 0.12 0.35 0.12

NW-selected bandwidth 62 53 8 8

GMM-Estimated Reduced-Form NKPC on EA Data, CE RULC

KPSS test LM statistic 0.50 0.13 0.51 0.12
1% level 0.74 0.22 0.74 0.22
5% level 0.46 0.15 0.46 0.15
10% level 0.35 0.12 0.35 0.12

NW-selected bandwidth 76 17 5 4

GMM-Estimated Reduced-Form NKPC on EA-US Differentials,

OE RMC
KPSS test LM statistic 0.10 0.10 0.06 0.04
1% level 0.74 0.22 0.74 0.22
5% level 0.46 0.15 0.46 0.15
10% level 0.35 0.12 0.35 0.12
NW-selected bandwidth 12 12 3 3

Note: The reported optimal bandwidth is automatically selected by the Newey-West (NW) procedure using

Bartlett kernel.
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Table SM3: US, EA and EA-US Reduced-Form NKPC Residuals: ERS DF-GLS Test

Results

const

const & trend

const

const & trend

Initial estimation subsample

1971:4-1990:4

1971:4-1990:4

1971:4-1999:4

1971:4-1999:4

GMM-Estimated Reduced-Form NKPC on US D

ata, OE RMC

ERS DF-GLS test statistic -1.07 -2.08 -0.03 -1.02

1% level -2.60 -3.68 -2.58 -3.57

5% level -1.95 -3.12 -1.94 -3.02

10% level -1.61 -2.82 -1.61 -2.73
SIC-selected lag length 3 3 5 5

GMM-Estimated Reduced-Form NKPC on EA Data, OE RMC

ERS DF-GLS test statistic -10.46 -11.41 -10.96 -12.03

1% level -2.60 -3.68 -2.58 -3.57

5% level -1.95 -3.12 -1.94 -3.02

10% level -1.61 -2.82 -1.61 -2.73
SIC-selected lag length 0 0 0 0

GMM-Estimated Reduced-Form NKPC on US Data, CE RULC

ERS DF-GLS test statistic -0.09 -1.02 -0.03 -1.02

1% level -2.60 -3.68 -2.58 -3.57

5% level -1.95 -3.12 -1.94 -3.02

10% level -1.61 -2.82 -1.61 -2.73
SIC-selected lag length 5 5 5 5

GMM-Estimated Reduced-Form NKPC on EA Data, CE RULC

ERS DF-GLS test statistic -1.26 -1.54 -0.13 -6.71

1% level -2.60 -3.68 -2.58 -3.57

5% level -1.95 -3.12 -1.94 -3.02

10% level -1.61 -2.82 -1.61 -2.73
SIC-selected lag length 4 4 8 1

GMM-Estimated Reduced-Form NKPC on EA-US Differentials,

OE RMC
ERS DF-GLS test statistic -8.41 -8.47 -11.32 -10.83
1% level -2.60 -3.68 -2.58 -3.57
5% level -1.95 -3.12 -1.94 -3.02
10% level -1.61 -2.82 -1.61 -2.73
SIC-selected lag length 0 0 0 2
Note: The reported optimal augmentation lag is automatically selected by the Schwarz Information

Criterion (SIC), with a maximum lag of 11 quarters.
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SM5 Illustrative Figures
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Figure 1: Forecast (blue) and observed (red) US inflation, % p.a., over the first/longer forecasting evaluation period 1991:1-2010:4
(implying a rolling window of 77 effective quarters); the forecasts are generated from model ThM1Ai by the CE NKPC(e) procedure
at horizons of 1 quarter (top left), 1 year (top right), 2 years (bottom left) and 3 years (bottom right): see line CE NKPC(e), Panel 1,
Table 3 for the respective Theil U ratios and MDM t-stat significance levels.
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Figure 2: Same as above but now the forecasts are generated from model ThM1Aii by the OE NKPC(c) procedure: see line OE
NKPC(c), Panel 1, Table 3 for the respective Theil U ratios and MDM t-stat significance levels.
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Figure 3: Forecast (blue) and observed (red) US inflation, % p.a., over the second/shorter forecasting evaluation period 2000:1-
2010:4 (implying a rolling window of 113 effective quarters); the forecasts are generated from model ThM1Ai by the CE NKPC(e)
procedure at horizons of 1 quarter (top left), 1 year (top right), 2 years (bottom left) and 3 years (bottom right): see line CE NKPC(e),
Panel 1, Table 3 for the respective Theil U ratios and MDM t-stat significance levels.
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Figure 4: Same as above but now the forecasts are generated from model ThM1Aii by the OE NKPC(c) procedure: see line OE
NKPC(c), Panel 1, Table 3 for the respective Theil U ratios and MDM t-stat significance levels.
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Figure 5: Forecast (blue) and observed (red) EA inflation, % p.a., over the first forecasting evaluation period 1991:1-2010:4
(implying a rolling window of 77 effective quarters); the forecasts are generated from model ThM1Ai by the CE NKPC(e) procedure
at horizons of 1 quarter (top left), 1 year (top right), 2 years (bottom left) and 3 years (bottom right): see line CE NKPC(e), Panel 2,
Table 3 for the respective Theil U ratios and MDM t-stat significance levels.
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Figure 6: Same as above but now the forecasts are generated from model ThM1Aii by the OE NKPC(c) procedure: see line OE
NKPC(c), Panel 2, Table 3 for the respective Theil U ratios and MDM t-stat significance levels.

46



McKnight, Mihailov, Patterson and Rumler (May 2014)

35 35

3.0 3.0

25 254

2.0 2.0

1.5 15

104 104

05 05

00— T T T T T T T 00 = T T T T T
00 01 02 03 04 05 06 o7 08 09 10 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

35 35

3.0 30-]

254 254

204 204

154 154

104 104

0.5 0.5

00 00 T T T LA A B

200 2002 | 2003 | 2004 | 2005 | 2006 2007 | 2008 | 2009 2010 2000 2003 2004 | 2005 | 2006 | 2007 | 2008 | 2009 | 2010
Figure 7: Forecast (blue) and observed (red) EA inflation, % p.a., over the second forecasting evaluation period 2000:1-2010:4
(implying a rolling window of 113 effective quarters); the forecasts are generated from model ThM1Ai by the CE NKPC(e) procedure
at horizons of 1 quarter (top left), 1 year (top right), 2 years (bottom left) and 3 years (bottom right): see line CE NKPC(e), Panel 2,
Table 3 for the respective Theil U ratios and MDM t-stat significance levels.
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Figure 8: Same as above but now the forecasts are generated from model ThM1Aii by the OE NKPC(c) procedure: see line OE
NKPC(c), Panel 2, Table 3 for the respective Theil U ratios and MDM t-stat significance levels.
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Figure 9: Forecast (blue) and observed (red) EA-US inflation differential, % p.a., over the first forecasting evaluation period 1991:1-
2010:4 (implying a rolling window of 77 effective quarters); the forecasts are generated from model ThM2A by the OE NKPC(e)
procedure at horizons of 1 quarter (top left), 1 year (top right), 2 years (bottom left) and 3 years (bottom right): see line OE NKPC(e),
Panel 3A, Table 3 for the respective Theil U ratios and MDM t-stat significance levels.
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Figure 10: Same as above but now the forecasts are generated from model ThM1Aii for each country by the OE NKPC(e)
procedure: see line OE NKPC(e), Panel 4, Table 4 for the respective Theil U ratios and MDM t-stat significance levels.
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Figure 11: Forecast (blue) and observed (red) EA-US inflation differential, % p.a., over the second forecasting evaluation period
2000:1-2010:4 (implying a rolling window of 113 quarters); the forecasts are generated from model ThM2A by the OE NKPC(e)
procedure at horizons of 1 quarter (top left), 1 year (top right), 2 years (bottom left) and 3 years (bottom right): see line OE NKPC(e),
Panel 3A, Table 3 for the respective Theil U ratios and MDM t-stat significance levels.
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Figure 12: Same as above but now the forecasts are generated from model ThM1Aii for each country by the OE NKPC(e)
procedure: see line OE NKPC(e), Panel 4, Table 4 for the respective Theil U ratios and MDM t-stat significance levels.
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US Sample: 197001 2010Q4
Included observations: 163
Correlations are asymptotically consistent approximations
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Figure 13: Cross-correlation function between the GDP deflator inflation and RULC, US quarterly data

US Sample: 1970Q1 2010Q4
Included observations: 163
Correlations are asymptotically consistent approximations

HP gap of GDPD inflation, HP gap of log-RMCMM(-i) HP gap of GDPD inflation, HP gap of log-RMCMM(+i) i lag lead
T | [ 0 03368 0.3368
I | [ | 1 04487 02106
© (— oma 2 04518 0.0920
[ = | [ I 3 04016 -0.0274
[ s | s (Y 4 03355 -0.1585
PO s | s Y 5 0.2328 -0.2010
[ 1 s I 6 01528 -0.2267
@ s [ 7 0.0686 -0.2387
T s (Y 8 -0.0095 -0.2651
T s Y 9 -0.0080 -0.2377
[ - s 10 -0.0331 -0.2268
Il == s Y 11 -0.1147 -0.1618
[ 1=t 12 -0.1502 -0.1216
== = 13 -0.1202 -0.0959
[ = [ = I 14 -0.0937 -0.0926
s Y [ = 15 -0.1341 -0.0560
[ = [ 16 -0.0935 -0.0175
[ = - [ 17 -0.0737 -0.0009
[ = [ 18 -0.0489 -0.0007
[ = [ 19 -0.0646 0.0138
[ = [ = I 20 -0.0471 0.0692
I = o 21 -0.0558 0.1055
[ = =T 22 -0.0592 0.1209
[~ = 23 -0.0525 0.0992
[ [ = 24 -0.0151 0.0786
T = o 25 0.0493 0.1293
T = [ 26 0.0688 0.1320
[ = [ 27 00737 00911
[ [ 28 0.0179 0.0222
[ g 29 0.0246 -0.0139
T [ == I 30 0.0229 -0.0874
[ [ 31 -0.0087 -0.1505
[ = s 32 -0.0580 -0.1788
[~ o 33 -0.0762 -0.1922
= [ I 34 -0.1096 -0.1505
[ = [ = [ 35 -0.1180 -0.0630
[ = [ 36 -0.1157 0.0010

Figure 14: Cross-correlation function between the GDP deflator inflation and RMCOE, US quarterly data

50



McKnight, Mihailov, Patterson and Rumler (May 2014)

EASqmpIe: 197001 2010Q4
Included observations: 163
Correlations are asymptotically consistent approximations
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Figure 15: Cross-correlation function between the GDP deflator inflation and RULC, EA quarterly data

EASample: 1970Q1 2010Q4
Included observations: 163
Correlations are asymptotically consistent approximations
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Figure 16: Cross-correlation function between the GDP deflator inflation and RMCOE, EA quarterly data
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Initial estimation sample: 1971Q4 1990Q4; Observations: 77
Mean: -0.13; Median: -0.22; Max: 2.74; Min: -2.50

SD: 1.12; Skewness: 0.02; Kurtosis: 2.71
Jarque-Bera normality test stat: 0.27; p-value: 0.87

Figure 17: US inflation reduced-form CE NKPC estimation residuals:
shorter initial estimation sample (1971:4-1990:4)
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Initial estimation sample: 1971Q4 1990Q4; Observations 77

Mean: -0.15; Median: -0.30; Max: 6.81; Min: -4.08
SD: 1.78; Skewness: 0.98; Kurtosis 5.53
Jarque-Bera normality test stat: 32.73; p-value: 0.00

Figure 18: EA inflation reduced-form CE NKPC estimation residuals:

shorter initial estimation sample (1971:4-1990:4)
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Initial estimation sample 1971Q4 1990Q4; Observations 77

Mean: 0.01; Median -0.05; Max: 3.50; Min: -2.69
SD: 1.22; Skewness 0.44; Kurtosis 3.37
Jarque-Bera normality test stat 2.94; p-value 0.23

Figure 19: US inflation reduced-form OE NKPC estimation residuals:
shorter initial estimation sample (1971:4-1990:4)
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Initial estimation sample 1971Q4 1990Q4; Observations 77

Mean: -0.07; Median: -0.17; Max 6.46; Min -2.83
SD: 1.34; Skewness: 1.70; Kurtosis: 9.40
Jarque-Bera normality test stat 168.52; p-value: 0.00

Figure 20: EA inflation reduced-form OE NKPC estimation residuals:
shorter initial estimation sample (1971:4-1990:4)
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Initial estimation sample 1971Q4 1990Q4; Observations 77

Mean: 0.08; Median: 0.13; Max: 7.29; Min-4.77
SD: 2.04; Skewness 0.30; Kurtosis 4.22
Jarque-Bera normality test stat 5.91; p-value: 0.05

Figure 21: EA-US inflation differential reduced-form OE NKPC estimation residuals:
shorter initial estimation sample (1971:4-1990:4)
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Initial estimation sample 1971Q4 1999Q4; Observations 113
Mean: -0.06; Median -0.12; Max 3.13; Min -3.02

SD 1.06; Skewness  -0.05; Kurtosis 3.48
Jarque-Bera normality test stat: 1.12; p-value 0.57

Figure 22: US inflation reduced-form CE NKPC estimation residuals:
longer initial estimation sample (1971:4-1999:4)
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Initial estimation sample: 1971Q4 1999Q4; Observations: 113
Mean: -0.12; Median: -0.04; Max 6.75; Min -4.99

SD: 1.57; Skewness: 0.43; Kurtosis 5.68
Jarque-Bera normality test stat: 37.38; p-value: 0.00

Figure 23: EA inflation reduced-form CE NKPC estimation residuals:
longer initial estimation sample (1971:4-1999:4)
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Initial estimation sample: 1971Q4 1999Q4; Observations: 113
Mean: -0.10; Median -0.06; Max 3.87; Min -3.00

SD: 1.09; Skewness: 0.27; Kurtosis: 4.27
Jarque-Bera normality test stat: 9.00; p-value: 0.01

Figure 24: US inflation reduced-form OE NKPC estimation residuals:
longer initial estimation sample (1971:4-1999:4)
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Initial estimation sample 1971Q4 1999Q4; Observations 113

Mean: 0.06; Median: -0.14; Max: 6.91; Min -3.47
SD: 1.71; Skewness: 0.63; Kurtosis: 4.53
Jarque-Bera normality test stat: 18.55; p-value: 0.00

Figure 25: EA inflation reduced-form OE NKPC estimation residuals:

longer initial estimation sample (1971:4-1999:4)
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Initial estimation sample 1971Q4 1999Q4; Observations 113
Mean: 0.06; Median: -0.14; Max: 6.91; Min -3.47

SD: 1.71; Skewness: 0.63; Kurtosis: 4.53
Jarque-Bera normality test stat: 18.55; p-value: 0.00

Figure 26: EA-US inflation differential reduced-form OE NKPC estimation residuals:
longer initial estimation sample (1971:4-1999:4)
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