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This paper introduces a new indicator of core inflation for
New Zealand, estimated using a dynamic factor model and dis-
aggregate consumer price data. Using disaggregate consumer
price data, we can directly compare the predictive performance
of our core indicator with a wide range of other “core inflation”
measures estimated from disaggregate consumer prices, such
as the weighted median and the trimmed mean. The medium-
term inflation target of the Reserve Bank of New Zealand is
used as a guide to define our target measure of core inflation—
a centered two-year moving average of past and future infla-
tion outcomes. We find that our indicator produces relatively
good estimates of this characterization of core inflation when
compared with estimates derived from a range of other models.

JEL Codes: C32, E31, E32, E52.

1. Introduction

Inflation is a key variable in the formulation of monetary policy.
However, inflation data are often subject to transitory shocks, which
do not require a policy response. The purpose of core inflation meas-
ures is thus to remove the influence of transitory shocks, revealing
the unobserved, policy-relevant trend in inflation.
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The 2002 Policy Targets Agreement (PTA), signed by the
Minister of Finance and the governor of the Reserve Bank of
New Zealand (RBNZ), requires the Reserve Bank to keep annual
inflation in the consumers price index (CPI) between 1 and 3 percent,
on average, over the medium term. This suggests that the policy-
relevant rate of inflation for New Zealand should remove short-term
fluctuations from inflation by averaging over the medium term. But
what is the “medium term”?

It is commonly thought that the lag between a change in mone-
tary policy and its impact on inflation is one to three years, suggest-
ing that the medium term is a period long enough to smooth out
fluctuations in annual inflation lasting around two years in dura-
tion.! Core inflation could thus be defined as historical realizations
of the inflation target, where the target looks something like an aver-
age of annual inflation over the past two years. The problem with
this characterization of core inflation, however, is that it lags annual
CPI inflation by almost a year.

Ideally, we would like our core inflation indicator to look like a
moving average (MA) of annual inflation, but without the phase shift
induced by taking an average of historical data. In other words, we
want an indicator that looks like a centered moving average of annual
inflation (or, equivalently, a forecast of a backward-looking average),
but one that can be computed in real time. One way or another, this
is precisely what all core inflation measures aim to do; they aim to
produce a real-time estimate of the underlying, policy-relevant rate
of inflation, something that is unobservable in real time.

We estimate core inflation using disaggregate consumer prices
and a cross-sectional smoothing technique that was first used by
Altissimo et al. (2001) to estimate a coincident indicator for the euro-
area business cycle. Essentially, we aim to exploit the leading and
lagging relationships among disaggregate prices to proxy for future
CPI inflation, thus smoothing inflation and avoiding the phase shift
induced by taking an average of historical data on aggregate prices.

Many central banks monitor a variety of measures of core infla-
tion, typically constructed from disaggregate CPI data. The CPI

! Christiano, Eichenbaum, and Evans (2005), e.g., find that inflation responds
in a hump-shaped fashion to a monetary shock, peaking at around about two
years.
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excluding food and energy, for example, is a very popular measure
of core inflation in the United States. There is a multitude of other
so-called exclusion measures used around the world, all with a com-
mon goal in mind—to eliminate the idiosyncratic noise from inflation
by removing the most volatile components from the CPIL. In addi-
tion to the exclusion measures, there is also a range of statistical
measures of core inflation monitored by central banks. These meas-
ures aim to remove those components from inflation that are most
volatile in a particular month, quarter, or year. Two popular statis-
tical measures are the weighted median and the trimmed mean of
inflation, proposed by Bryan and Cecchetti (1994). However, many
of these measures of core inflation—both the exclusion and the sta-
tistical methods—tend to be too volatile and often fail to provide a
reliable signal for underlying inflation (Cogley 2002).

Recently, there have been some advances in econometric the-
ory that allow the decomposition of very large panels of data into
a small number of common factors (Forni et al. 2000; Stock and
Watson 2002; Forni et al. 2005). These methods are well suited to
the problem of estimating core inflation, where the inflation signal
of interest is both unobservable in real time and common to a large
number of macroeconomic series.

Cristadoro et al. (2005) apply the dynamic factor model to
extract the long-run component of inflation from almost 450 nomi-
nal, real, and financial indicators of inflation, producing a measure
of core inflation for the euro area. Their core measure has the benefit
of being smooth, without having the phase shift induced by taking
an annual percentage change of inflation. Moreover, the Cristadoro
et al. (2005) indicator is very competitive at forecasting annual
inflation at horizons up to two years ahead. Similarly, Amstad and
Fischer (2004) and Amstad and Potter (2007) use the dynamic factor
model to compute core inflation measures for Switzerland and the
United States, respectively. Unlike Cristadoro et al. (2005), Amstad
and Fischer (2004) and Amstad and Potter (2007) allow for real-time
estimates of core inflation as each new piece of data arrives (what
the authors call “sequential information flow”).

One of the key objectives of this paper is to compare dynamic
factor model estimates of core inflation with a variety of meth-
ods of estimating core inflation from disaggregate consumer price
data—including standard core inflation measures, estimates from
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pooling regressions, and estimates from bivariate forecasting models.
Essentially, we want to ask, Given data on disaggregate consumer
price movements, what is the best way to estimate core inflation?
Thus, unlike Amstad and Fischer (2004), Cristadoro et al. (2005),
and Amstad and Potter (2007) (who use broader data sets to esti-
mate core inflation), we limit ourselves to using disaggregate con-
sumer prices.?

We assess the performance of our core inflation indicator in real
time by comparing how well it predicts a particular characterization
of the RBNZ’s inflation target—a centered two-year moving average
of annual inflation. We compare the indicator with a variety of other
estimates of core inflation based on disaggregate price data and find
that the indicator performs well. Furthermore, when compared with
a range of forecasting models used at the RBNZ, many of which
use a wider range of information, the core inflation measure also
compares favorably and is only bettered by models that incorporate
judgment and utilize more up-to-date information.

2. Methodology

We have T time-series observations for N different inflation series
from the CPI denoted 7j;, where j =1,...,N;t=1,...,T; and 7
is the (log) seasonal change of the j-th price index. Further, let us
add to this panel the (log) seasonal change in headline CPI, 7;. Head-
line inflation can then be represented as the sum of two unobserved
components, a signal 7; and an error e;:

7Tt:71':+€t~ (1>

The objective is to estimate the signal 7} using all information in the
panel of CPI price changes. We assume that each variable can be rep-
resented as two stationary, orthogonal, unobservable components—a
common component x;; and an idiosyncratic component € j;:

it = Xjt + Ejt; (2)

2In the case of New Zealand, the CPI data are not subject to revision and are
more timely than most other key macroeconomic releases; the CPI is published
more than one month before the producer price index and more than two months
before the national accounts.
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where the common component is driven by a small number of com-
mon factors (shocks).

We decompose the common component into a long-run compo-
nent XJLt and a short-run component X;St by removing high-frequency,
short-run fluctuations up to a given critical period h (Cristadoro
et al. 2005):

Tit = Xh + X5 + €5t (3)

Specifically, the intertemporally smoothed (long-run) common com-
ponent can be attained by summing waves of different periodicity
between [—m/h,m/h] using a spectral decomposition. The long-run
common component is what we are after in estimating our meas-
ure of core inflation. This measure removes the idiosyncratic noise
specific to each of the components of the CPI, as well as smooth-
ing out the short-term fluctuations not requiring a monetary policy
response.

Isolation of the unobserved common component can be achieved
by assuming that the common components are driven by shocks
that are pervasive in the cross-section of price movements, while
the shocks driving the idiosyncratic terms are local and affect only
a limited number of prices. This is called an approximate dynamic
factor structure. The dynamic factor model is

mje = bj(L) ft + €jt, (4)
where fi = (fit,..., fqt)" is a vector of ¢ dynamic factors and b;(L)
is of order s, for every dynamic factor 1,...,q: the process for f;

is assumed to be stationary.® This model is said to have ¢ common
dynamic factors.

If we let F; = (f, fi_1,-..,f{_s), the dynamic factors have a
static representation:

it = NjFy + €t (5)

where b;(L)f; = \jF;. Thus, a model with ¢ dynamic factors has
r = q(s + 1) static factors.

3Typically the data-generating process for the common factors is approxi-
mated by a finite-order vector autoregression (VAR). See, e.g., Forni et al. (2007).
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3. Estimation

The dynamic factor model is estimated in the frequency domain
using an eigenvalue decomposition of the spectrum smoothed over a
range of frequencies. Estimation requires the specification of three
parameters: two of the three parameters determining the number of
static factors r, ¢, and s, and the size of the Bartlett lag window M .4
Estimation of the static factor representation of the dynamic factor
model (5), on the other hand, requires an eigenvector-eigenvalue
decomposition of the variance-covariance matrix and requires r to
be specified.® We use the dynamic factor representation to estimate
our indicator of core inflation. More details on the estimation of the
dynamic and static factor models are provided in appendix 1.

In order to get good estimates of the common factors, Cristadoro
et al. (2005) recommend that the panel of data used to estimate the
dynamic factor model should have series that lead and lag annual
inflation. Their argument is summarized as follows.

Consider the case where there is only one common shock to
inflation, f;, which is loaded with different lags in a cross-section
containing three variables:

X1t = fi—1, Xzt =[ft, and X3t = fi-2. (6)

In this case, it is clear that variable 2 leads variable 1, which in
turn leads variable 3. If CPI inflation is xi¢, then x1:41 = f; and
X1t—1 = fi_2, so that the cross-sectional information hidden in the
contemporaneous X ;s is exactly the time-series information con-
tained in CPI inflation and its first lead and lag. CPI inflation can
thus be smoothed in period ¢ by using the leading variable as a proxy
for future CPI inflation, which is unavailable at time t.

The methodology then consists of projecting the long-run com-
mon component of headline CPI inflation, x, onto the (inter-
temporally smoothed) present and past common factors:

Xt =Proj[x; | fmt—rm =1,..., sk =1,....5]. (7)

“For all the dynamic factor models estimated in this paper, we set M = /T,
as in Forni et al. (2005).
5A VAR in F, can then be used to estimate the dynamics of the model.
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Thus, as seen in the example above, the method will produce good
results if y; loads mainly with lags central to the interval 0,...,s.
In other words, to get good estimates of the common factors, the
data set must include variables that lead and lag x;. As noted by
Cristadoro et al. (2005), leading variables are of particular impor-
tance, since lagging variables could be replaced by lags of existing
variables, whereas the leading variables are irreplaceable.

As noted in the introduction, we characterize the target for our
core inflation indicator as a centered two-year moving average of
annual CPI inflation. Letting MA(m, h) be a centered moving aver-
age with a window of 2h + 1, then

MA(?Tt, h) =

(T + Te—hp1+ o+ T+ oo+ Topho1 + Tegn).

(8)

Our objective is to construct an indicator of core inflation that
matches the properties of this filter and does not require future
information (information from period ¢ + 1 to ¢t + h) to compute.
Estimation in the frequency domain allows us to remove short-term
fluctuations from the common components to reveal a long-run com-
mon component of annual CPI inflation YF. Moreover, our target
filter MA(m,4) sets the long-run frequencies that we can use to
intertemporally smooth the common component {F. Specifically, we
compute the intertemporally smoothed (long-run) common compo-
nent of inflation by summing waves of different periodicity in the
band [0, 27/9], removing all short-run cyclical fluctuations up to nine
quarters in duration.® Henceforth, our characterization of the infla-
tion target is denoted 7[*?** = MA(m;,4) and the dynamic factor

model’s estimate of core inflation is denoted mf°"¢ = ¢F.

2h+1

4. Data and Dynamic Structure of the Data

We begin with quarterly data for all 264 subsections of the CPI for
a period ranging from 1991:Q1 to 2006:Q2. To these series we also
add headline CPI, tradable CPI, and nontradable CPI.”

See Giannone and Matheson (2006) for further discussion.
"Statistics New Zealand publishes a split of the CPI regimen into tradable
and nontradable price indexes. We include these indexes in our panel to enable
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The data are filtered in five steps. First, we remove all series
from panel that do not span the entire sample. Second, we take
the natural logarithm and seasonally difference all series to achieve
stationarity. Third, we remove outliers from each series by replac-
ing observations more than six times the interquartile range with
the median of the series. Fourth, we remove the series whose prices
change less than once a year on average.® The filtered series are then
standardized to have zero mean and a unit variance. After filtering,
the panel contains headline inflation, tradable inflation, nontradable
inflation, and inflation data for 228 subsections of the CPL.? Core
inflation is obtained by reattributing the mean and the variance of
each series; i.e., the estimate of 77°" is rescaled by multiplying it by
the standard deviation of m; and by adding the mean of 7.

The left side of figure 1 displays a histogram of the leads/lags at
which the highest absolute correlation with inflation occurs in our
panel. The figure shows that the structure of the data is well bal-
anced and includes a similar number of leading and lagging variables.
Because of the importance of the leading variables in estimation, we
also examine the predictive power of the series in our panel by way
of a Granger causality test—testing the null hypothesis that series j
does not Granger-cause headline CPI inflation. The right side of
figure 1 displays a histogram of the p-values from this test. Around
30 percent of the series in the panel Granger-cause headline infla-
tion at the 10 percent level of significance. With a similar number

the RBNZ to more readily compute core measures of tradable and nontradable
inflation. The inclusion of these aggregate variables should not pose a problem
for estimating core inflation, because an approximate factor structure allows for
local correlation among the idiosyncratic components.

8Correcting for outliers and removing series that change less than once a year
on average are not crucial steps. The core indicator estimated with the raw,
unadjusted data is very similar to the indicator estimated with the adjusted
data: the root mean-squared forecast error of the core indicator estimated with-
out adjustments is only marginally (0.0052 percent) higher than that presented
in table 4 (in section 6). Nevertheless, we choose to make these corrections to
insure against any coding or typographical errors (made by the RBNZ or Statis-
tics New Zealand) that could adversely affect quarterly updates of core inflation
in the future. The core inflation indicator has been published in the RBNZ’s
quarterly Monetary Policy Statement since September 2006.

9During the filtering process, a total of 9.21 percent of the CPI regimen is
removed from the original panel and thirty-five observations are classified as
outliers. See Giannone and Matheson (2006).
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Figure 1. The Correlation Structure of the Panel
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of leading and lagging variables and with a sizable proportion of
the series having some predictive ability with respect to annual CPI
inflation, this panel seems well suited to estimating a dynamic factor
model. A more detailed description of our panel, including statistics
relating to the dynamic structure of the data discussed in the next
section, can be found in Giannone and Matheson (2006).

4.1 The Dynamic Structure of the Data

Determining the unobserved factors driving prices is difficult. As
with many statistical problems, the choice of the number of factors
requires a trade-off between parsimony and fit. The more factors
that are added to the model, the more variation in the data set that
will be explained by the factors. Fewer factors, on the other hand,
will produce a smoother indicator of core inflation, but at a cost
of poorer fit to the data. Moreover, the selection of the number of
static factors r is further complicated since there is more than one
configuration of the parameters ¢ and s that has similar fit to the
data.

Bai and Ng (2002) show that the number of static factors can be
consistently estimated with an information criterion. Unfortunately,
the Bai and Ng criterion does not appear to be suitable for our
empirical application and chooses T static factors. Effectively, this
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means that, statistically, our panel is driven by very many factors—
so many, in fact, that if one were to project inflation on the estimated
common components, one would get precisely the original data back,
rotated on the factors.

In an approximate factor structure with ¢ common shocks and
r common factors, there are ¢ dominant eigenvalues from the
spectral-density matrix (dynamic rank) and r dominant eigenval-
ues from the covariance matrix (static rank). Thus, some insight
into a number of the common shocks can be found by examining the
behavior of the dynamic eigenvalues, which represent the variance of
the dynamic factors. Figure 2 plots the first ten dynamic eigenvalues
from the spectral-density matrix of our data over frequencies [0, 7].
The first four eigenvalues are considerably larger than the others,
particularly at the long-run frequencies with which we are concerned.
It thus seems that the long-run common comovement in these data
can be adequately captured by the first four dynamic factors.

Another approach to determine the number of factors is to
describe the comovements of the panel using the percentage of the

Figure 2. The First Ten Dynamic Eigenvalues from
the Spectral-Density Matrix
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Table 1. Percentage of Total Variance Explained by the
First Twelve Dynamic and Static Factors

1 2 3 4 5 6 8 10 12

qg| 023| 042 057 ] 069 | 0.78 | 084 | 092 095 | 0.97
r| 013 026 | 035| 042 | 048 | 053 | 0.63 | 0.70 | 0.76

variance of the panel accounted for by the common factors, as sug-
gested by Forni et al. (2000). Table 1 reports the percentage of the
total variance in our panel explained by the first twelve dynamic
factors ¢ (estimated using dynamic principal components) and the
same number of static factors r (estimated using principal compo-
nents).!? The table shows that a small number of factors explain a
large amount of the variation in our panel. Moreover, there is a dis-
crepancy between the variance explained by the dynamic and static
factors, suggesting, as with the results in section 4, that there are
some rich dynamics at play in our panel. Because the rank of the
covariance matrix of the panel is always r = ¢(s+ 1) and the rank of
the spectral-density matrix is always ¢, the difference between the
variance explained by r and q reflects the lagged factors s. Selecting
the number of dynamic factors ¢ so that the marginal contribution
from adding one more factor is less than 10 percent, as suggested by
Forni et al. (2000), produces g = 4. Selecting the number of static
factors r to explain the same amount of variation as ¢ = 4 produces
r = 10, implying that s is somewhere between 1 and 2.

For our indicator of core inflation, we choose to set ¢ =4, s = 2,
and 7 = 12.'' As a robustness check, we estimate the indicator
recursively with different configurations of ¢ and s over a period
from 2000:Q1 to 2005:Q2 and find that our chosen parameterization
performs comparatively well. Indeed, with the exception of when
s = 0, the models with ¢ = 4 outperform all other models for
a given s, justifying our assumption of four dynamic factors. The

10G8ee appendix 1 for a description of principal-components estimators.

"Equation (5) implies that r = q(s + 1). However, it is worth noting that
this holds only in the case where the order of the MA in the common shocks is
finite and that, in general, 7 > ¢(s + 1); see Forni et al. (2007). In choosing our
parameter configuration, we implicitly assume that the order of the MA is finite.
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performance of the indicator with ¢ = 4 and s = 1 is the same as
our chosen parameterization.!?

Giannone and Matheson (2006) show that the first four common
factors explain more than 75 percent of the variability of headline
CPI inflation. Moreover, at the periodicities with which we are con-
cerned (longer than two years), the degree of commonality is even
higher, with the common factors explaining over 80 percent of the
variation.

5. The Core Inflation Indicator

The core inflation indicator is displayed in figure 3 alongside annual
CPI inflation and our target variable, a centered two-year moving
average of annual CPI inflation. We find that the core inflation indi-
cator smooths much of the noise from annual CPI inflation, and it
closely tracks the target variable.

Figure 3. CPI Inflation, the Inflation Target, and the
Core Indicator
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'2Gee section 6 for more details on the real-time prediction experiment and
appendix 4 for the results for different configurations of ¢ and s.
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So how well does our core inflation indicator do in predicting
the target measure of inflation? Table 2 compares the core inflation
indicator with weighted-median inflation; trimmed-mean inflation
(with a 10 percent trim); the CPI excluding food, administration
changes, and gasoline; and the exponentially smoothed measure of
core inflation proposed by Cogley (2002). All of these measures of
core inflation are described in greater detail in appendix 2 of the
paper. For the moment, we only discuss our core inflation indicator
estimated up to the end of the sample. The real-time indicator in
the final row of the table, Core (Real Time), is discussed in the next
section.

All of the core measures average around 2 percent, similar to
headline CPI. However, there are some large differences in the vari-
ability of the measures. In particular, the measures of the weighted
median, trimmed mean, and CPI excluding food, administration
charges, and gasoline are much more volatile than our core indicator
and the exponentially smoothed indicator. In fact, these core meas-
ures seem to do a bad job at smoothing inflation, having standard
deviations higher than headline CPI inflation itself. Our core indica-
tor has a standard deviation that closely matches the target variable,
whereas the exponentially smoothed measure seems to smooth infla-
tion too much and has a much lower standard deviation than the
target.13

Looking at absolute correlations with the target measure, 7;*"9¢,
at leads and lags of up to one year, we find that our core inflation
indicator correlates highly and is in phase with the target variable.
The exponentially smoothed measure also correlates highly with the
target, although with a lag of two quarters. Likewise, the weighted
median, the trimmed mean, and the CPI excluding food, adminis-
tration charges, and gasoline tend to lag the target by a couple of
quarters.

It is interesting to look at the concordance of each core inflation
measure with our target variable, 7;*"?*. Concordance measures the
percentage of the sample where changes to the indicator and changes
to the target variable have the same sign, i.e., the percentage of time
that changes to the core indicator accurately reflect changes in the

13The standard deviation of /%" is 0.46.
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unobserved target variable (Harding and Pagan 2002). For all of
the indicators, concordance is above 50 percent—the proportion of
time that a coin toss would accurately predict the correct change
in the target variable. Concordance is highest for our core inflation
indicator, at 0.79 percent. The exponentially smoothed measure also
predicts changes in the target 70 percent of the time.

Following Cogley (2002), the predictive ability of core inflation
can be evaluated using the following regression:

core

Ti4a — T = 0+ ﬁ(ﬂ-t - 7Tt) + €t4, (9)

where 7 is headline CPI inflation, 744 is headline CPI inflation one
year into the future, 77°"¢ is the core inflation measure, and €44 is
idiosyncratic noise. The regression estimates whether the current gap
between core inflation and headline inflation predicts future changes
in headline inflation, where predictive power is indicated by G > 0
(a should also be equal to 0).

We find that our core indicator and the exponentially smoothed
indicator have significant predictive power, and they explain nontriv-
ial amounts of the variation of future changes in headline inflation,
according to R2. The other core measures, in contrast, perform very
poorly by this metric.

5.1 The Real-Time Properties of the Core Indicator

Because our core indicator is estimated, unlike the other core infla-
tion measures displayed in table 2, it is subject to revision as more
data become available. However, this may not impact dramatically
on the relative predictive performance of the indicator.

To examine the real-time properties of the indicator, we esti-
mate it recursively for each quarter from 1997:Q1 to 2005:Q2 (the
next section describes the real-time estimation procedure in more
detail). An indicator of core inflation that is not subject to revision
can then be created using the real-time estimates of core inflation
in each quarter; i.e., the series 79", can be compiled using 7"
estimated each quarter from 1997:7Q1 to 2005:Q2.

Comparing these real-time estimates of core inflation with core
inflation estimated using all of the data (the last row of table 2), we
find that the indicator retains many desirable features. It remains
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Table 3. Revisions to the Core Indicator in Real Time

t t—1 t—2 t—3 t—4

Mean Revision 0.12 0.09 0.08 0.07 0.06
Mean Absolute Revision 0.26 0.17 0.10 0.08 0.07

highly correlated with the target, albeit now with a lag of one quar-
ter. Interestingly, the concordance with the target increases with the
real-time core indicator.

Revisions to the core inflation indicator over time can be ana-
lyzed by comparing the real-time estimates of core inflation with the
core inflation indicator estimated using all of the data. To be con-
crete, each quarter ¢, the estimate of core inflation can change not
only for period ¢ but also for all w historical periods prior to period
t,i.e., periodst—1,...,t —w, where w denotes the first observation
used to estimate the indicator each quarter. Table 3 displays the
mean revisions and the mean absolute revisions to the core indica-

tor at periods ¢,t — 1,...,t — 4 (revisions are defined to be the core
indicator estimated up to the end of the sample minus the real-time
estimates).

Not surprisingly, the revisions are larger for the most recent esti-
mates of core inflation. The final five estimates of core inflation have
generally been revised up since 1997:Q1, with the revisions to the
most recent estimate, period ¢, being just under twice as large as
those from a year prior to the most recent estimate. The magnitude
of each revision in period t is 0.26 percent, almost four times more
than the estimate from period ¢ — 4.

Notwithstanding any changes to the dynamic relationships
within our panel, with such a small sample to begin with (twenty-
one observations), the core inflation will suffer from biases relating
to changes to time-series properties of headline CPI inflation over
the sample. This can be seen in figure 3, where we see that the mean
and variance of the series are higher in the second half of the sam-
ple, perhaps as a result of the changes to the inflation target of the
Reserve Bank of New Zealand. Recall that, after the dynamic factor
model is estimated, the mean and the standard deviation of head-
line CPI inflation are reattributed to m{°" to make it comparable to
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Figure 4. Revisions to Real-Time Estimates of
Core Inflation
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headline CPI inflation. Mean and variance shifts are thus a source
of revision to our core indicator.

To further examine the impact of this type of revision, we com-
pare the real-time estimates of the core inflation, Core, with the
real-time estimates of core inflation scaled with the mean and stan-
dard deviation of headline inflation estimated over the entire sample,
Core (ex post). In this way, we get a sense of how mean and variance
shifts over the sample have influenced the size of the revisions. The
revisions to the most current estimate of core inflation in real time
(period t) from these two core indicators are displayed in figure 4.

Revisions to the standard core indicator were particularly large
over 2000, when there was a substantial shift in headline inflation,
although the impact of that shift did not influence Core (ex post)
by as much. Indeed, generally speaking, Core was not revised as
much as Core (ex post), suggesting that mean and variance shifts
over our sample period were partly to blame for the revisions to the
real-time estimates of core inflation. However, this is only one source
of revision to our core indicator. There are many others not consid-
ered here, including changes to the dynamic structure of the panel
over the sample period. Notwithstanding any changes of this type,
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it is reasonable to expect better estimates of the mean and standard
deviation with which we scale the core inflation indicator as more
data come to hand, which suggests that revisions to the indicator
will likely be smaller in the future.

We have seen that, regardless of being subject to (sometimes
substantial) revision, the core indicator compares favorably with a
range of other, more standard, measures of core inflation in pre-
dicting an unobserved centered two-year moving average of head-
line CPI inflation—an approximation of the medium-term inflation
target of the RBNZ. In the next section, we further examine the
real-time properties of the inflation indicator by way of a real-time
prediction experiment for the unobserved target variable.

6. A Real-Time Prediction Experiment

To simulate the predictive performance of our indicator, we esti-
mate the dynamic factor model each quarter from Ty = 1999:Q4
to 17 = 2006:Q2, using exactly the information that was avail-
able in real time. In New Zealand, the CPI data are not subject
to revision and do not require seasonal adjustment since they are
expressed in log seasonal differences. The data are outlier-adjusted
and standardized prior to estimation in each quarter.

The predictive ability of our indicator is compared with two
broad categories of estimators of core inflation. The first category
contains methods of estimating core inflation that utilize only CPI
data: dynamic factor forecasts, time-series forecasts, conventional
core inflation indicators, and static factor model forecasts. The other
category contains indicators based on the real-time forecasts from
a suite of models used in the policy process at the RBNZ, many of
which use a much broader data set than is used to compute our core
inflation indicator.

By definition, our core inflation indicator produces an estimate
of the unobservable centered moving average of annual inflation.
Some of the other methods of estimating core inflation we consider,
however, are not tailored to this representation of inflation; forecast-
based methods, e.g., do not yield estimates of inflation that are com-
patible with our target measure. To address this problem, we adopt a
forecast-based measure of the target, which averages historical infla-
tion and forecasts of inflation. Specifically, each quarter, inflation
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is forecast four periods ahead, and an estimate of the unobserved
. . target . .

inflation target, m, , is computed as a centered moving average
of the historical and forecast data. Specifically, the forecast-based

estimate of the inflation target based on model 7 is

target () — é(wH st T e Frs() A Feea(d)), (10)
where all inflation observations after period ¢ are forecasts from
model 4.

The estimate of the target is then compared to the ex post target,
779 the number of prediction errors is Ty — Ty — 4. We compute
each indicator’s root mean-squared error (RMSE) and compare these
statistics with the RMSEs from a range of other real-time estimates

of the target variable. The RMSE of model 7 is defined as

T, —4
N 1 2 : target ~target /- 2
RMSE(Z) = m ~ (7Tt — T (Z)) . (11)
=10

We use the Diebold and Mariano (1995) statistic to assess the quality
of our results, testing whether the MSEs (the square of the RMSE)
of the competing models are statically different from the dynamic
factor model estimate of the target. The test statistic for model i is

STAT(i) = _ 46 (12)

V(d(2))

where d(i) is the mean difference in squared errors (e?(i) — e?)
between model ¢ and the dynamic factor model estimate of the tar-
get, e.(i) is the forecast error from model i, and e; is the forecast
error from the dynamic factor model.'4

To test whether the forecasts make a useful contribution to an
estimate of the inflation target estimated using the published fore-
casts of the RBNZ (discussed below), we also compute a variant of

Y“In practice, STAT(3) is tested using a t-test with Th — To — 4 degrees of free-
dom. The variance of the error differentials V' (d(7)) is adjusted for heteroskedas-
ticity and autocorrelation using the Newey and West (1987) estimator, with a

truncation lag of 3.



164 International Journal of Central Banking December 2007

the Chong and Hendry (1986) encompassing test. This is based on
the following forecast combination regression:

RUTI — \FLT i) 1 (1= NN (RBND) + €, (13)

where 7/*9°*(i) is the prediction from model i, 7, (RBNZ) is
the prediction from RBNZ’s published forecasts, and ¢; is an idio-
syncratic error term. If A = 0, model ¢ adds nothing to the RBNZ
predictions, and if A = 1, the RBNZ predictions add nothing to the
predictions from model i.1°

We define the following forecasting model for annual headline
CPI inflation:

p k T
Tepn =Po+ D BT+ D> PojmTma—j+eern,  (14)

§=0 j=0m=1

where 71, is inflation h periods into the future (h =1,...,4), 7y is
inflation in period ¢, and x,, ¢ is a variable used to predict inflation.

6.1 The Models Based on Disaggregate CPI Series
6.1.1 Core Inflation Indicator

The dynamic factor model is estimated with ¢ = 4 and s = 2,
intertemporally smoothing the common component by summing
waves of frequency between [—7/9,7/9]. The estimate of the target

is simply yF.16

6.1.2 Dynamic Factor Model Forecasts

As with the core indicator, the dynamic factor model is estimated
with ¢ = 4 and s = 2. Here, however, we forecast the common com-
ponent y; itself (Forni et al. 2005 show how this done in practice—
a brief summary of the procedure can be found in appendix 1).

'5As with the Diebold and Mariano (1995) test, the standard errors of the
regression are adjusted using the Newey and West (1987) estimator.
16 Appendix 4 displays the RMSEs for different configurations of ¢ and s.
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These forecasts are concatenated with historical inflation data and

averaged using equation (10) to produce frfwget.w

6.1.8 Standard Core Inflation Indicators

We compute two estimates of the inflation target using a range
of standard core inflation indicators: trimmed-mean inflation;
weighted-median inflation; the CPI excluding food, administration
charges, and gasoline; median inflation; double-weighted inflation
(Wynne 1997) ; and exponentially smoothed inflation (Cogley 2002).
Appendix 2 describes these indicators in greater detail. The first esti-
mate of the target is the “naive” prediction based on each indicator’s
raw estimate of core inflation, 7,9 = 7¢°"¢. The second estimate
uses equation (14) to forecast inflation four quarters into the future.
Specifically, in (14), m = 1 and z,, ; = 7°"°. In each quarter, and at
each forecasting horizon, the lag orders p and k are selected using the
Schwartz-Bayesian information criteria (BIC), where p = 0,...,3
and k = 0,...,3 (so that the maximum number of lags of each vari-
able is four).!® These forecasts are then used to compute 7,7,
based on equation (10). This is called the “scaled” standard core

inflation indicator.

6.1.4 Time-Series Forecasts

Three time-series models are used to forecast headline inflation one
year ahead: autoregressive, random walk, and random walk in mean.
In each quarter, and at each forecasting horizon, the autoregres-
sive forecast is made using equation (14), where fa;,,, = 0, and the
autoregressive order p is chosen using the BIC, with p = 0,...,3.

7A core inflation indicator similar to this produced the best forecasts of
annual inflation in Cristadoro et al. (2005). Cristadoro et al. (2005), however,
concatenate their dynamic factor model forecasts with the in-sample predicted
values from the dynamic factor model. We chose to concatenate with historical
data instead, because the resulting indicator produced slightly better predictive
performance.

8The BIC for model i and horizon h is defined as BIC"(i) = T'In(S/T) +
2k1In(T), where T is the number of usable time-series observations, k is the num-
ber of estimated parameters, and S is the sum of squared errors of the regression,

S =1 (Tern — Fegn)®
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The random-walk forecast is made using equation (14) with Gy = 0,
p =0, Bio = 1, and B2, = 0, and the random-walk-in-mean fore-
cast takes the mean of the series as the forecast at all horizons (all
terms in equation (14) are set to 0 except for ). Once the fore-
casts are made, they are concatenated with historical data to yield
a prediction for the inflation target, based on equation (10).

6.1.5 Pooling Regressions

We make inflation forecasts from one to four quarters ahead using
equation (14) and each of the i components of the CPI, where m = 1,
Tm,t = i, and ¢ = 1,...,n. The lag orders p and k are selected
using the BIC at each horizon h, where p =0,...,3and k=0, ..., 3.
The resulting 227 forecasts for h = 1,...,4 are then weighted using
three methods: a simple average (equal weights), a BIC-weighted
average, and an expenditure-weighted average. To be explicit, at
each forecasting horizon, let the weighted-average forecast for head-
line CPI inflation be

Tiph = Z Q" (i) A (i (15)

where Q" (i) is the weight attached to model i’s forecast at hori-
zon h and 7y (i) is the forecast from model ¢ at horizon h. The
average forecast sets the weights equal across the n forecasts so
that Q"(i) = 1/n for all h. The BIC-weighted average weights each
forecast according to the fit that the underlying estimated model
had to the data, weighting models with better fit more highly.
Here, the weight attached to each forecast ¢ at each horizon h is
calculated as

exp(—0.5BIC" (7))
>i—1 exp(=0.5BIC" (j))’

J

Qi) =

(16)

where BIC"(i) is the minimum BIC for model i at horizon h over
models estimated with p =0,...,3 and k =0,...,3.1?

¥The BIC-weighted-average forecast is approximately the Bayesian-model
average forecast arising from equal model priors and diffuse coefficient priors.
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The expenditure-weighted average weights the forecast associ-
ated with CPI component ¢ with that component’s expenditure
weight, w;, across all horizons h, Q" (i) = w;.

The three sets of pooled forecasts are concatenated with histor-
ical data and averaged using equation (10) to yield predictions for
the target measure of inflation.

6.1.6 Static Factor Model Forecasts

The static factor model forecasts for headline inflation are made
using the first r static principal components estimated from the
panel of CPI data, fi4,...,fr:. For each quarter, and each
forecasting horizon h, equation (14) is estimated with z,, ¢+ = fim.t,
where the orders of p, k, and r are selected using the BIC, with
r=1,...,4,p=0,...,3;and £k =0,...,3. These forecasts are then
concatenated with historical data and averaged using equation (10).

6.2 Core Indicators Based on Some of the Forecasting Models
Used at the RBNZ

A prediction of the inflation target at time t is computed using
these forecasts in the same way as for the time-series forecasts from
above: the real-time estimate of core inflation at time ¢ is 7;*"9%
constructed using equation (10), where all observations up to and
including period t are actual data and all observations beyond period
t are forecasts. Some of these models use a much broader informa-
tion set than the estimates of the target rate of inflation described
above (see appendix 3 for a detailed description of these forecasts).

The forecasting models are as follows:

)

the real-time published forecasts of the RBNZ
an average of real-time private-sector forecasts
a Bayesian VAR forecast (BVAR)

a BIC-weighted VAR forecast

a factor-model forecast

an indicator forecast

The published forecasts and the average of private-sector fore-
casts require further discussion, as they can be characterized as
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Figure 5. Calender of CPI Publication and Forecasts

Quarter t Quarter t+ 1
Third month First month Second month Third month
[ I 1 T I T I | I |
All models Quarter t Private- RENZ RBNZ
except private CPI published sector forecasts forecasts
sector and survey finalized  published
RENZ use data
up to end of
quarter t

being judgment-based forecasts—unlike the other forecasts discussed
so far.

With the exception of the core indicators based on these two
forecasts, which can incorporate information dated in period ¢ + 1,
all other core indicators discussed so far use information dated up to
the end of period t—the same period for which the latest CPI data
are available. This can be better illustrated in figure 5. The majority
of the estimators of core inflation are made with information up to
the end of quarter t; estimates of 7;*9* can be constructed using
most models with the arrival of period t’s CPI data, published in
the middle of the first month of period ¢ 4+ 1. However, the RBNZ
and private-sector forecasts incorporate information up to the sec-
ond month of period t 4 1, using more up-to-date information than
the other models.

7. Empirical Results

The results from the real-time prediction experiment are displayed
in table 4.

Looking first at the indicators based on the disaggregate
CPI data, the core indicator and the scaled exponentially smoothed
indicator compare favorably with the other estimates of core infla-
tion, producing the lowest RMSEs (around 0.26 percent) of the price-
based indicators examined. The other indicators perform much worse
than these two indicators, with several indicators having predic-
tive performance significantly worse than the core indicator (at the
10 percent level). Aside from the core indicator and the exponentially
smoothed indicator, the standard core inflation indicators perform
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particularly poorly, though (generally speaking) the performance
of these indicators improves when scaled (used in a forecasting
regression). The remainder of the models based on the disaggre-
gate CPI data have comparable predictive ability, each with RMSEs
of between 0.30 and 0.35 percent.

Overall, the indicators based on the published forecasts of the
RBNZ and the private-sector forecasts are the best predictors of
the target variable, followed by the core inflation indicator and the
scaled exponentially smoothed indicator: the indicator based on the
private-sector forecasts is particularly good and statistically better
than the core inflation indicator. The relatively good performance
of the RBNZ and private-sector indicators comes as no surprise,
given that they are based on an information set that is both broader
and more up-to-date than is used by the other indicators. Indeed,
aside from the core inflation indicator and the scaled exponentially
smoothed indicator, the indicators based on disaggregate CPI data
are worse than the indicators based on RBNZ forecasts, perhaps
reflecting the broader range of information that is incorporated in
these indicators (e.g., real variables are incorporated into all RBNZ
models).

Despite being altogether worse than the published forecasts of
the RBNZ according to RMSE, some of the core indicators are able
to improve the predictive performance of the RBNZ indicator. Look-
ing at weights attached to each of the indicators relative to the
RBNZ indicator from the encompassing regression A, we find that
the largest weights are attached to the external average, the core
indicator, and the scaled exponentially smoothed indicator. More-
over, because the core inflation indicator and the scaled exponen-
tially smoothed indicator can be computed as soon as the CPI data
are available, these indicators are more timely than the indicator
based on published RBNZ forecasts, which are finalized more than
one month later.

8. Summary and Conclusion

This paper introduced a new indicator of core inflation for
New Zealand, estimated using a dynamic factor model. Defining core
inflation to be consistent with the medium-term inflation target of
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the RBNZ, we found that our indicator produced relatively accurate
estimates of core inflation, compared with a range of other indicators
of core inflation. Estimates of core inflation derived from the RBNZ’s
published forecasts and an average of private-sector forecasts pro-
duce more accurate measures of core inflation than our indicator.
However, our core indicator is more timely and can be computed
as soon as the CPI data are published—around a month before the
RBNZ forecasts are finalized.

Appendix 1. Estimation of Static and Dynamic Factor
Models

Static Factor Model

Assume there are T' time-series observations for N cross-section units
denoted x;;, where ¢ =1,...,Nand t =1,...,T. We let X be the
T x N matrix of observations, x; is a row denoting all N observations
at time ¢, and x; is a column vector denoting all T observations for
cross-section unit j.

The static factor model is estimated using an eigenvector-
eigenvalue decomposition of the sample covariance matrix—
principal components. Specifically, let V' be the eigenvectors cor-
responding to the r largest eigenvalues of the N x N matrix I' =
% Zthl x¢xy. The static principal components estimator yields

A A~

F=XV, A=V, and x=FA/, (17)

where F'is a T' x r matrix of common factors, A is an r» x N matrix
of factor loadings, and x is a T' x N matrix of common components.

Dynamic Factor Model

The dynamic factor model is estimated using an eigenvalue decom-
position of the spectrum smoothed over a range of frequencies—
dynamic principal components. Estimation proceeds as follows:

(i) Estimate the spectral-density matrix of X, using a Bartlett
lag window of size M; i.e., compute the autocovariance matri-
ces 'x (k) = % ZtT:kH 'z, where k = 1,..., M, multiply
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them by the weights wy = 1 — A}LL, and apply the discrete
Fourier transform:
1 XM
Sx(wm) =5 > wpl(k)e™rk, (18)
k=—M
(ii) For each frequency, w,, = 22]&7111, m = —M,...,M, let

Dy(wy,) be the diagonal matrix with the ¢ largest eigen-
values of 3x(wm,) on the diagonal, and let Uy (wy,) be the
associated matrix of eigenvectors. Use the discrete inverse
Fourier transform on X, (wp,) = Uy(wm)Dg(wm)Uq(wm)" to
obtain

- 27 M

Fx(k) = m Z i]x(wm)eiw’”k. (19)
m=—M

(iii) The covariance matrix of the idiosyncratic part is then esti-
mated as a residual:

Le(k) = Ix (k) = Ty (k). (20)

(iv) Let Z be the r generalized eigenvectors (with eigenvalues in
descending order) of T',(0) with respect to I'((0) with the
normalization that ij‘E(O)Zl{ = 1if i = j and 0 otherwise.
This is generalized principal components, which is essentially
weighted principal components, where each principal compo-
nent is weighted by the inverse of the size of its idiosyncratic
noise.

(v) The estimated dynamic factors and common components are,
respectively,

A ~

F=XZ and xpn=1,(h)Z(ZTx(0)2) 2z, (21)
for h=0,..., M.
The covariance matrix of the long-run common components,

f’i (wm), can be estimated by applying the inverse Fourier trans-
form (step ii above) to the spectral-density matrix (18) over the
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frequency band of interest [—m /7, 7/7| (where 7 denotes the period-
icity of the shortest cycle allowed). The estimated long-run common
components are then

Xevn =TE(h)Z(Z'Tx(0)2) ™ Z' 2y (22)

Appendix 2. The Standard Core Inflation Measures

Let headline CPI inflation be the weighted average of the inflation
rates of n disaggregate subgroups of the CPI:

n
T = Zwitﬂ'ita (23)
i=1

where 7; is headline CPI inflation, 7;; is inflation in the i-th com-
ponent of the CPI, and w;; is the expenditure weight of the i-th
component.

Trimmed Mean

Each quarter, the trimmed mean is calculated as follows:

(i) Compute the annual percentage change in each of the i com-
ponents of the CPI.

(ii) Sort the resulting series from smallest to largest, along with
their associated weights w;.

(iii) Compute the cumulative sum of the weights of the ordered
prices.

(iv) Exclude the series with cumulative weights either less than
5 percent or with cumulative weights greater than 95 percent.

(v) Compute the trimmed-mean inflation rate as

last last

1/ Z w;] z W; T, (24)

i=first i=first

where first and last denote the first and last CPI components
in the truncated list of ordered price changes.
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Weighted Median

The weighted-median inflation rate is calculated using steps (i)—(iii)
above. The weighted median is then the first percentage change in
price where the cumulative weight is greater than or equal to 50
percent.

Median

Median inflation is simply the median rate of inflation from the n
components of the CPI.

CPI Ezcluding Food, Administration Charges, and Gasoline

This measure is computed using

n
Z W;Tt, (25)
=0

where  is the number of CPI components categorized as food,
administration charges, and gasoline, and the weights w; have been
adjusted to sum to 1.

Double- Weighted Inflation

This measure of core inflation is computed by each of the compo-
nents of the CPI—a weight inversely proportional to its variability.
Double-weighted inflation is calculated as

Dorq WiV 1o
== ' where ;=

Z?:l W; Vg Z?:l ]_/O'Z‘t7

and where o;; is the standard deviation of inflation in component
relative to headline CPI inflation, (m;; — 7).

(26)

Ezxponentially Smoothed Inflation
Exponentially smoothed inflation is
J

¢y (1—¢)Ym s, (27)

=1
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where ¢, the expectations adjustment parameter, is set to 0.125, as
in Cogley (2002).

Appendix 3. Some Forecasts Used at the RBNZ

The Published Forecasts

These are the real-time forecasts published in the Reserve Bank’s
quarterly Monetary Policy Statement (MPS). The forecasts are a
combination of model-based forecasts and judgment. Broadly speak-
ing, the near-term forecasts can be characterized as being judgment
based and indicator based. The longer-term forecasts, on the other
hand, are made with the help of a large-scale macroeconomic model,
the Forecasting and Policy System (FPS).

External Average

The external-average forecast is the average forecast from a group of
private- and public-sector institutions. These forecasts are attained
by an informal survey conducted by the RBNZ in the middle of each
quarter.

BVAR

The BVAR has a Minnesota prior, shrinking the VAR coefficients
toward univariate unit roots (Doan, Litterman, and Sims 1984), and
contains five endogenous variables n (GDP, CPI, ninety-day rates,
the trade-weighted index [TWI], and the terms of trade [TOT]). The
VAR can be written as

Ye = Po+ Prys—1+ ...+ Ppyp_¢ + uy, (28)

where u; is a vector of one-step-ahead forecast errors and y; is n x 1.
We assume that the innovations in (28) have a multivariate normal
distribution N(0,3,). The VAR can also be expressed in matrix
form as

Y =X®+U, (29)

where Y is a T'x n matrix with rows y;; X is a T' X k matrix with rows
ry = [1,44_1,--Yi_pl, where k = 1 +np; U is a T' x n matrix with
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rows uj; and ® = [®g,..., ®,]". The Minnesota prior is implemented
as in Del Negro and Schorfheide (2004):

b= (X'X)+H ) Hvee(X'Y) + 1H D), (30)

where the ¢ denotes the weight of the Minnesota prior, ® is the
prior mean, and H is the prior tightness. The values for & and H
are the same as in Doan, Litterman, and Sims (1984). All variables,
except ninety-day interest rates, enter the VAR in log-differences.
Thus, to be consistent with the Minnesota prior, the prior for the
mean of the first lag of all growth variables is 0; the prior for the
mean of the first lag of the ninety-day interest rate is 1. The prior is
augmented with a proper inverse Wishart prior for X,,. The overall
tightness of the prior is determined by the hyperparameter ¢. Fol-
lowing Del Negro and Schorfheide (2004), this parameter is chosen
ex ante to maximize the marginal data density; i.e., each quarter,

i =argmaxp,(Y). (31)

VAR

The VAR forecast is a BIC-weighted average of VAR forecasts from
over 500 different VAR specifications. The VAR specifications differ
in three respects: (i) they have different variables in them, (ii) they
embody a different number of lags (between one and three lags for
each variable), and (iii) some of the VARs are in difference form
while others use levels data. The base VAR uses GDP, CPI, the
ninety-day bank-bill rate and the (real/nominal) TWI. This base
model is then augmented with a world sector, commodity prices,
migration and housing, and hours worked. The world sector is some-
times represented using U.S. GDP, U.S. CPI, and U.S. interest rates,
and sometimes using the inputs that feed into FPS—world GDP
(defined to be a twelve-country weighted average), short world inter-
est rates, and world CPI. The commodity prices also take various
forms: the ANZ SDR commodity price index, (import and) export
prices denominated in New Zealand dollars, and a U.S.-dollar oil
price. Because of limitations in the data, not all of these series can
be incorporated in the model simultaneously, which is why the VAR
forecast is obtained over an average of models.
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Factor Model

The factor-model forecast is derived from a data set comprising
almost 400 macroeconomic series. All series in the data set are
seasonally adjusted using X12 (additive). The series are then trans-
formed to account for stochastic and deterministic trends; the I(1)
series are logged and then differenced, and the I(0) series are left as
levels. See Matheson (2006) for a more detailed description of these
data.

We estimate static factors from this data set using the same
method as described above for the static factor models and use them
in the following h-step-ahead regression:

Tipn = ¢+ B(L) fr + (L) + erqn, (32)

where 71, = In(pesn/pe) is h-period inflation in CPI P, and
m = In(P;/Pi—1), ¢ is a constant, S(L) and ~(L) are lag poly-
nomials, f; is a vector of factors (estimated using static principal
components), and ey is an error term.

The algorithm that is used to produce factor-model forecasts
each quarter tailors the raw data set X to the task of forecasting
inflation at different horizons: note that the factors from X are the
same regardless of the horizon being forecast. Following the method
described in Matheson (2006), the data set X is reduced by removing
those series that do not have a high correlation with inflation at the
horizon being forecast. Essentially, we regress the inflation rate that
we are trying to forecast on each series in the data set. We then rank
the resulting R-squareds (coefficients of determination) and remove
those series that are least informative—keeping a proportion 8 of the
series at each horizon h. The factors are then extracted from this
reduced data set X*.

Due to uncertainty about the particular cut-off criterion to
choose, we average the factor-model forecasts over a variety of dif-
ferent criteria: § = (5,10, 20, 50,100).2° Aside from the size of the
data set, the five factor-model forecasts are constructed in the same
way using (32). We estimate (32) using the factor with the largest

2ONote that when § = 100 all of the data are used to extract factors, as in
Stock and Watson (2002).
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eigenvalue (the principal component) and do not allow lags of the
factor (B(L) = ). The number of lags of inflation that are included
at each horizon is chosen using the BIC, with lags varying from zero
to four.

Indicator Forecast

The indicator median forecast uses the same data set and forecast-
ing methodology as the factor-model forecast. Bivariate regressions
are run for each series in the data set, where series x; replaces f; in
(32). The number of lags of each indicator is allowed to vary from
one to four and the number of lags of inflation is allowed to vary
from zero to four, with all lags selected with the BIC. The BICs
from these regressions are then ranked. The indicator median fore-
cast is the median forecast from the top 10 percent of the ranked
bivariate regressions.

Appendix 4. Core Indicator: RMSE for Different
Configurations of ¢ and s

s 0 1 2 3 4
q
1 0.465 0.493 0.461 0.471 0.478
2 0.432 0.370 0.364 0.362 0.368
3 0.340 0.320 0.327 0.319 0.320
4 0.241 0.257 0.257 0.274 0.290
5 0.235 0.265 0.279 0.293 0.294
6 0.254 0.264 0.290 0.300 0.302
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