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Abstract

Central banks analyze a wide range of data to obtain better mea-
sures of underlying inflationary pressures. Recently, factors models
have been used to statistically formalize this procedure. This paper
complements the existing literature by developing a measure of un-
derlying inflation (UIG) that can be updated at a daily frequency and
that is not sensitive to data revisions or seasonal adjustment revisions.
Unlike previous factor approaches in the US, we utilize all of the 211
price series underlying the monthly CPI release in the U.S. We apply
these methods to isolate the underlying U.S. inflation movements of
relevance for monetary policymakers for both the consumer price in-
dex and the personal consumption deflator. We show that the UIG
outperforms traditional core type measures.
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“Although it is conceptually easy to survey the prices of individual com-
modities at any given time, using them to produce a measure appropriate for
monetary policy is far from straightforward. “ Cecchetti (1997).

1 Introduction

The Consumer Price Index (CPI) and Personal Consumption Expenditure
Deflator (PCE) released each month are the two main measures of price
inflation for consumers in the U.S. From a monetary policy perspective the
“headline” measures of both series are too volatile to be used as a measure
for underlying inflation. For example, in September 2005 the headline CPI
increased at a 14% annualized rate and in November 2005 it decreased at a
8% annualized rate. Consequently there had been major efforts in measur-
ing inflation pressures and extracting the underlying component out of the
monthly inflation releases. The most common approach is to permanently
exclude prices of volatile commodity type goods and derived services and
usually the resulting measure of inflation is called the core. In the U.S. the
core measures of the CPI and PCE exclude the food and energy subcompo-
nents (XFE)!. Another related approach excludes the goods or services with
the largest price movements (both up and down) each month. In the U.S.
such trimmed mean and median measures are calculated by the Cleveland
and Dallas Federal Reserve Banks?. Other approaches weight the CPI sub-
components by their volatility contribution instead of completing excluding
volatile components.

All of the approaches discussed so far do not take into account the time
dimension. For example, energy prices are very volatile but before exclud-
ing them from a measure of underlying inflation one should examine how
persistent are their changes. Modern computing power and new statisti-
cal techniques now make it possible to simultaneously combine information
from both cross-sectional dispersion of prices as well as time-series proper-
ties of individual prices in a unified framework. The statistical techniques
are known as large data factor models and are starting to be widely used by

'Bryan and Cecchetti (1999) give an overview of different additional components ex-
cluded from CPI by different central banks.

2See Bryan, Cecchetti (1994) for fixed trimming and Bryan, Cecchetti, Wiggins (1997)
for time varying percentages. Dolmas (2005) describes the construction of the trimmed
mean PCE.



Central Banks to complement existing measures of underlying inflation and
real activity®. This paper adds to this literature by developing a measure
of underlying inflation in the US that can be updated at a daily frequency
and that is not sensitive to data revisions or seasonal adjustment procedures.
Unlike previous factor approaches in the US we utilize all of the 211 price
series underlying the monthly CPI release in the U.S. and use the dynamic
factor approach of Forni et. al. (2001) to isolate the different persistence of
these price series.*

Our new factor based measure of underlying inflation complements the ex-
isting measures of core and underlying inflation available to monetary policy
makers. An extensive literature on core and underlying inflation comparisons
conclude that there is no single core inflation measure which outperforms the
others on all criteria®. We use our dynamic factor approach to develop under-
lying measures of inflation for both the CPI and PCE indices, which we name
CPI_UIG and PCE_UIG. As many economic variables affect the inflation
process we do not restrict ourselves to price data only. Instead we also allow
for a broad range of nominal, real and financial variables to influence the
measure of underlying inflation. Our use of daily updates, following Amstad
and Fischer (2004), allows us to derive the impact of a particular data release
(e.g. unemployment rate or ISM) on underlying inflation and compare the
reaction of our measure to that in the nominal and indexed linked treasury
market in the U.S. Furthermore we show that the UIG measures outperform
traditional cores in terms of forecasting.

The remainder of the paper is organized as follows. Section 2 discusses
a range of measures of underlying inflation and relates them to the under-
lying inflation gauges introduced in this paper. Section 3 describes the data
environment used for the real time underlying inflation gauges and gives a
non-technical description of the used estimation procedure. A technical de-

3For inflation in the Euro Area see Cristadoro et al. (2001). For inflation in Switzerland
the SNB produces DFI (dynamic factor inflation) which is evaluated daily and published
monthly, see Amstad, Fischer (2004, 2005a,b). For a quarterly inflation measure in New
Zealand see Giannone, Matheson (2006). For GDP in the Euro Area CEPR produces
EuroCoin, which is publicly available on a monthly basis (see Altissimo et al. (2001)). For
the US there is the Chicago Fed National Activity Index based on the methods of Stock
and Watson (1999).

4Recently, Reis and Watson (2007) have used dynamic factor models for the disaggre-
gate components of the PCE price index. The underlying source for most of the prices
used in the PCE is from the BLS survey used to construct the CPI.

®See e.g. Rich and Steindel (2007) and therein given references.



scription is given in the Appendix. In section 4 differences between core
concepts and benchmark series are described. Section 5 reports on the prac-
tical experience of using the UIG in the briefing process at FRBNY in real
time since mid 2005. Section 6 concludes and is followed by the technical
appendix.

2 Underlying inflation concepts

In this section we review the concept of underlying inflation. The review
motivate our choice of methodology, data set and parameterization of the
dynamic factor model. The term “core inflation” is widely used by prac-
titioners as well as in academics to represent an inflation measure that is
less volatile than the headline measure. However, there exists no exact and
widely accepted definition of underlying inflation. Consider any observed
total inflation rate (e.g., CPI, PCE) 7, we can always decompose it as:

Ty = 77: +Ct,

1. Underlying rate of inflation =}
2. Deviations from underlying rate, ¢,
Some examples used to measure underlying inflation in US are

1. Traditional core: for both CPI and PCE excludes all food and en-
ergy goods and services. This exclusion also includes “food away from
home”, most other countries just exclude fresh food since “food away
from home” is not very volatile.

2. Core ex energy: for both CPI and PCE excludes all energy good and
services.

3. Core PCE Market Based: excludes all food and energy goods and ser-
vices and a number of imputed prices for financial and medical services.

4. Median CPI: inflation is measured as the good or service with median
price change, where the median is defined by expenditure shares.

5. Trimmed Mean CPI/PCE: excludes goods and services with the largest
price movements. For example, the 8% trimmed mean would exclude
good and services whose price movements were in the bottom 8% and
top 8%.



6. Model-based approaches which try to derive the core inflation from eco-
nomic theory. Examples are Quah and Vahey (1995) and forecasts from
Gordon “triangle” type models less “exogenous” variables. The trian-
gle model is a common approach to modeling inflation in the Federal
Reserve System (see Rudd and Whelan 2007).

7. Unobserved Component Models. These are time series methods that
attempt to extract a persistent component of inflation. Simple univari-
ate examples are the Exponential Smoothed Inflation of Cogley (2002)
and model of Stock and Watson (2007). More complex multivariate
examples are the Chicago Fed National Activity Index and the model
presented in this paper.

8. Measures from financial markets and surveys of inflation expectations.

We take the stand of a policy oriented concept and define underlying
inflation as “an inflation measure free of aspects, which should not affect
policy maker’s decision”. We can express this feature mathematically as

Ey[msn] — Ey [7),,] as h increases.

That is, the policy maker is reacting to changes in underlying inflation such
that actual inflation converges to it in expectation. Note that if E; [r},,]
satisfies the above property then it implies Fj[ciys] — 0. Thus, any suc-
cessful measure of underlying inflation should capture a long-run, persistent
component in inflation at the horizon of interest to policy makers. This is
different from the measure simply being a less volatile inflation series.

2.1 Exclusion measures of underlying inflation

Traditional core inflation indicator became popular in the 1970s as headline
inflation was influenced severely by the oil price shocks. This experience trig-
gered the construction of a variety of different “CPI ex some subcomponent”
gauges, either in the form of excluding always the same subcomponents (as
in the ex food ex energy approach, XFE) or time varying subcomponents
(as in the trimmed mean approach, TM). However, the concept of reach-
ing a smoother signal by excluding volatile components suffers from some
disadvantages. (i) In the XFE approach the specific subcomponent to be
removed can only be determined in a backward looking manner after the



“noise” showed up. (ii) In the TM approach the subcomponents to be ex-
cluded are determined by a technical criterion: usually the cut-off percentage
(whether symmetrically or not) is fixed by minimizing the RMSE of a trend
inflation forecast - for example, defined as 36 month moving average. How-
ever, by excluding components and following only the stable ones one risks
removing not only volatility but also early signals of changes in the inflation
process, which tend to catch up in the tails of the price change distribution.
Therefore, even though the average forecast error might be low in a excluding
approach, the core gauge might still be lagging at turning points. Related to
that, the core measures based on the exclusion of CPI subcomponents were
recently confronted with increasing criticism®. Supposed that the oil price
increase of the recent years is to be considered as a signal in price trend”
and not as temporary outliers. In this case excluding the direct effects of
oil would be misleading or at least produce a lagged inflation signal. This
demonstrates the need for underlying measures which are able to smooth
short term volatility in inflation without neglecting potentially informative
price changes.

2.2 Time series models of underlying inflation

One of the most prominent differences between XFE-'TM approaches and
time series model based approaches is that the later is not limited to CPI and
a few subcomponents. As Bernanke and Boivin (2003) argue monetary policy
needs to make its choices in a "data-rich environment". Furthermore Stock
and Watson (1999) showed that taking into account a broad information set
can improve forecasting. Therefore, it is stated by several authors (including
Gali (2001)) that from a policy maker’s perspective it would be beneficial to
have a comprehensive measure which extracts and summarizes the inflation
relevant information from a broader data set.

One traditional approach based on Gordon (1982) is to estimate a back-
ward looking Phillips curve type model with additional covariates to capture
exogenous pricing pressures such as energy. Underlying measures can then
be produced by setting the future value of exogenous covariates and gener-

6In particular critics argue along the line that the XFE and TM approach exclude
inflation by definition as they seem to follow an approach of “without the items that are
going up in price, there is no inflation”.

"E.g., as a result that oil prices are driven mostly by long term demand than short
term supply disruptions.



ating forecasts from the model. For example, one could use future prices on
energy.

A criticism of these traditional approaches is that they are very sensitive
to the exact specification chosen. We investigate the use of a new statistical
technique, dynamic factor modeling (DFM) that allows us to extract infor-
mation from a very large data set. The first source of additional data is the
inflation release itself. In the various exclusion measures specific detail on
some individual goods and service prices is used to generate the underlying
measure. DFM techniques allow us to use all the detail in the monthly US
CPI inflation report. Further, the DFM techniques we use explicitly consider
whether a large movement in a particular price is likely to persist or not. If
the price move is likely to persist it will influence the estimate of underlying
inflation. In contrast traditional exclusion measures will initially ignore the
large price movement.

There are many other time series which are potentially of interest to be
included to determine underlying inflation. Particularly, there is informa-
tion about the future price pressure incorporated in real variables. Slack in
product and labor market are well-known possible driving factors of inflation.
However, in evaluating core measures this information has gone unused so far,
as XFE and TM gauges rely on CPI and subcomponents only. Further, stan-
dard Phillips curve models rely on one measure of slack and are vulnerable
to specification errors in this regard. The DFM approach allows summariz-
ing a broad information set with regard to price pressure in a formal and
systematic way (see Stock and Watson 1999). The correlations between the
variables are considered without imposing any restriction on sign or extent.
This differs with strong assumptions often made e.g., in SVAR-models.

2.3 Measures of underlying inflation and inflation tar-
gets

A growing number of countries establish their monetary policy more or less
explicitly according an inflation target. In these countries the information
on the inflation targeting regime is useful for constructing the measure of
underlying inflation. In particular if the country has a point target then the
average of the underlying measure should be at this point target. A feature
of the DFM technique we use is that it does not directly provide an estimate
of the average of the underlying measure. Thus, in countries with inflation



targets the target can be used as the average. The US does not have an
inflation target but we will assume implicitly that the target is close to the
recent average of inflation in the US in our estimation.

2.4 Financial market and survey measures of underly-
ing inflation

Financial markets now produce measures of expected inflation at various hori-
zons from the difference in yields between nominal debt and debt indexed to
an inflation measure. One approach would be to take the expected inflation
at the policy horizon from financial market as a measure of underlying in-
flation. These measures are available at the daily or higher frequency. In
addition, there are various surveys of professional economic forecasters and
consumers that generate additional information on expected inflation. We
view these measures as a useful benchmark for a central banks own measure
of underlying inflation. For various technical reasons one would not expect
these measures of expectations to be equal to the central bank’s measure
of underlying inflation. But one would expect that the changes would be
highly positively correlated with the underlying measure used by the central
bank. Further, the volatility of these measures relative to the central bank’s
underlying measure would be of interest.

3 Underlying inflation gauge (UIG)

We use dynamic factor modelling techniques to estimate underlying inflation.
We call our estimate the “Underlying Inflation Gauge” (UIG). The UIG is
set up as a monthly model which is updated daily as proposed in Amstad and
Fischer (2004) for Swiss data. The monthly basis is motivated by monthly
frequency of inflation reports in the U.S. The daily updates allow us to give
a daily estimation of monthly underlying inflation. This allows us to follow
the inflation process closer and especially allows monetary policy makers to
assess movements in inflation expectations in financial markets.

3.1 Data

Based on substantial previous work on structural breaks in the US infla-
tion process (see Clark (2004) for a comprehensive evaluation) we limit our



analysis to the period starting in January 1993. For similar reasons OECD
(2005) divides the sample for a multi-country study in 1984-1995 and 1996-
2004. Additionally in a data rich environment approach —and a methodology
which asks for balanced data set at the start - we had to compromise be-
tween long and many time series. Within this limits we choose the start date
to minimize the risk of structural breaks. Starting before 1993 would have
limited significantly the considered information breadth.

We used two broad data sets from the following broad categories: (i) good
and services prices (CPI, PPI); (ii) labor market, money, produced surveys,
and financial variables (FX, credit, stocks, commodities, high yield bonds,
gov.bonds). We abstain from including every indicator available, since re-
cent research on factor models (see Boivin and Ng(2003)) shows this does not
come without risks. Figures la and 1b give more information on the current
data set used.

In order to derive a signal for monetary policy makers, stability of the
most current estimates becomes an important issue. Therefore, nearly all of
the data we have chosen is not subject to revision. Following Amstad and
Fischer (2004) we use only non-seasonally adjusted data and apply filters
within the estimation to generate a seasonally adjusted estimate of underly-
ing inflation. The main reasons for this choice is that it prevents revisions
in our measure of underlying inflation being driven by concurrent seasonal
adjustment procedures.

As standard in the literature prior to the estimation we transformed the
data to induce stationary. Afterwards we demean and normalize the series, as
otherwise more volatile series would get a higher weighting than less volatile
ones in the estimation. As we discussed above we need to assign an average
value to our underlying measure. We use 2.25 for the CPI and 1.75 for the
PCE. These numbers were very close to the average inflation since 1993 when
we started the project end of 2004.

3.2 Estimation procedure

We follow the approach of Forni, Hallin Lippi and Reichlin (2000) - who
extended the original work of Brillinger (1981) to large data sets. The ad-
vantage for us of this approach is that it allows us to investigate lead/lag
relationships more directly and specify a policy relevant horizon. Technically



this is accomplished by working in the frequency domain. The precise esti-
mation procedure follows Cristadoro et. al (2001) and the technical details
are given in the appendix. Here we describe the methods informally in the
time domain.

We assume that the IV variables in the panel, z; = (x4, o, - -+ , Tne), are
measured with error and that they can be decomposed into the sum of two
components: the signal =}, and the idiosyncratic error e;; specific to variable
1 is specified as

*
Tit = Iit -+ €t

Recall the definition of underlying inflation from section 2. We can think
of the common signal component and individual idiosyncratic error as also
being present in forecasts of x;; :

Ewin] = Exxjyp] + Eileisn)-

The DFM approach effectively extracts the common components across vari-
ables Ey[x},,,] at different horizons with the further restriction that the in-
dividual common components are related across horizons. We call these
restricted common components, the dynamic factors.

Recall the definition of underlying inflation from section 2. Let {Fj:}
represent the ¢ dynamic factors then the UIG measure of underlying inflation
is obtained by:

a p
T, =T+ Z Z 51{@Fkt—£7 (1)

k=1 ¢=0

where {BM} are the estimated regression coefficients from the regression of
(m¢ — ) on the contemporaneous and p lags of the ¢ dynamic factors. Here,
7 is the fixed average of the underlying inflation rate. Thus, we produce
the UIG for both the CPI and PCE using the same set of factors. We now
consider the relevant horizons for constructing the common components and
the choice of the number of dynamic factors.

3.2.1 Horizons of interest

We want the UIG to be useful for monetary policy makers. This immediately
suggests that we should not look for common components at short horizons
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since there is little policy makers can do about these fluctuations in inflation.
Lags in monetary transmission mechanisms suggest that inflation at least
up to a year is relatively insensitive to small unexpected changes in current
monetary policy. Hence, if monetary policy has been achieving its objective of
price stability with well anchored inflation expectations, the effects of current
movements in monetary policy will be on expected inflation at horizons more
than 12 months. Thus, we focus on horizons of 12 months and more to extract
the common components. In practice, the estimation is done directly in the
frequency domain, as described in the Appendix.

3.2.2 Number of dynamic factors

Our final specification choice is the number of dynamic factors. Different
papers find that much of the variance in U.S. macroeconomic variables is ex-
plained by two shocks. Giannone, Reichlin, Sala (2004) show these findings
in large-n factor models for 1970-2003 and Sims/Sargent (1977) for a small-n
frequency domain factor analysis for 1950-1970. Watson (2004) notes that
the good fit of the two-factor model seems a remarkably stable feature of
postwar U.S. data. Hence, in most dynamic factor model applications ¢ (the
number of dynamic factors) is set to two.

Often it is claimed that one factor explains much of the variance of the
real variables, while the second factor represents nominal prices. Our choice
of the number of factors is not driven by this consideration. Our aim is
to incorporate the lowest number of factors needed to represent our data
environment properly, without attempting to label these factors. In contrast,
in an innovative paper Reis and Watson (2007) use restrictions on the factors
to find a measure of the numeraire.

We start by restricting our analysis to price data only. Figures 2a and
2b show the UIG for CPI and PCE assuming 1 and 2 dynamic factors. As
can be seen there is little difference between the UIG with 1 or 2 factors.
Further, the movements in the UIG are very smooth. We investigated the
smoothness further by the following experiment: take a monthly CPI release
and scale up all the 211 time series by a fixed amount. The result of the
experiment was a big upward movement in the UIG.

Figures 3a and b show the UIG for CPI and PCE assuming different
numbers of dynamic factors ¢ = 1 to 8 for the whole dataset. Three findings
are noteworthy. First, the UIG now shows large cyclical fluctuations. Second,
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the UIG under the assumption of a single dynamic factor while similar to the
case with additional factors, does show different dynamics particularly from
2000 onwards. Third, the change produced allowing more than two dynamic
factors is limited, consistent with findings in the above mentioned papers.
Based on these results, the previous finding and the desire to capture any
common movement in prices alone, we set the number of dynamic factors to
two.

3.2.3 Related approaches

From a methodological point of view DFM-gauges are in the same class as
the CFNAI for US-GDP and Cristadoro et.al. for the Euro zone inflation.
The CEFNATI relies on the methodology proposed by Stock, Watson (1999)
which lies also at the core of FHLR (2000, 2001) we are using here. How-
ever in FHLR (2000, 2001) special attention is given to the smoothing in the
frequency domain, a reduced correlation between idiosyncratic and common
is allowed and a specific procedure (Altissimo et. al. (2001), see Appendix)
is used to reduce the end of sample problem. We follow the approach of
Cristadoro et al. (2001) which introduced a core indicator for the Euro zone.
Besides the application to US-CPI and PCE, we also differ in using seasonal
unadjusted data to ensure that the estimation is not affected by a seasonal
adjustment method. We take care of the seasonality by cutting off the sea-
sonal frequencies of the UIG within the factor estimation instead of using
seasonally adjusted data at the initial step of the analysis. In contrast to
the Dynamic Factor Inflation gauge (DFT) for Switzerland (Amstad, Fischer,
2004) we focus on data that is mostly unrevised and we set the mean of the
factor ex ante.

4  Comparing measures of underlying infla-
tion

In the following we compare CPI and PCE based UIG measures using the
ex food energy (XFE), trimmed mean (TM), median (MED) and above de-
scribed factor model based approach.

12



4.1 General features of underlying measures

We start by providing time series plots of the same measure of underlying
inflation for different price indices. As shown in Figures 4a to 4c, the under-
lying measures seem most closely related to methodology used to produce the
underlying rate rather than the price index. In Figures 5a and b we show the
various underlying measures for each price index. Now it can be seen that
the differences are substantial depending on the underlying concept used.
Tables 1 to 2b present the standard deviations and correlations between the
various measures for different price indices where with the exception of the
UIG measures we use 12 month rates of inflation.

As expected the UIG provide the smoothest signal as can be seen in
Figures 4a to 4c. Despite this extra smoothness the standard deviation of
UIG is similar to other underlying measures (see Table 1). Thus, the XFE-
measures and to less extent also the TM-approach provides a signal with
remaining high frequency volatility, which leaves it to the policy makers to
decide whether an actual change should be considered as a change in trend
or not.

The correlations between the various underlying measures and total in-
flation shown in Tables 2a and 2b show an interesting pattern. The UIG
has almost no correlation with the other underlying measures of CPI but has
reasonably high correlation with the 12 month CPI inflation rate. For the
PCE the UIG is more correlated with traditional measures. In both cases
it is clear that the UIG is producing a different signal. This finding is con-
firmed by a principal component analysis on CPI and cores including UIG
as shown in Table 2c. The traditional core measures are arranged in a first
factor, while UIG and CPI are identified as a combined second factor which
is orthogonal to the information of the traditional cores.

Although there are clear differences between the CPI and PCE UIG that
can be seen in the time series plots, they are highly correlated with each
other as can be seen in Table 2d. This is also true if we restrict the data set
for extracting factors to prices only. Thus, to save space we will focus more
on the CPI-UIG since it has the advantage that the CPI is only subject to
minor revisions whereas the PCE experiences major revisions.
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4.2 Time series features of underlying inflation mea-
sures

Different measures of underlying inflation raise the issue of what to do when
the different underlying measures send different signals to policy makers. In
the following we highlight phases during which underlying inflation measures
differed and discuss the reasons behind these differences. In that we give
special emphasis to differing recognition time of turning points. We start
by analyzing some of the possible sources of the differences in the measures.
We then turn to a statistical analysis of the different underlying inflation
measures with respect to future inflation.

4.2.1 Differences in underlying measures over recent history

Differences in the reaction to import (including oil) prices and state of the
business cycle explain to a great extent differences in underlying measures
over time. This is best reflected in the phase from mid to end of the 1990s; a
phase characterized by conflicting signals for underlying inflation as import
prices diminished but economic growth was generally strong. XFE as well as
TM gauges signaled diminishing underlying inflation (see Figure 5a). Neither
catch the increasing tightness in labor and product markets, leaving room
for declining import prices to put downward pressure on XFE and TM. In
contrary the UIG is less responsive to import prices and more responsive to
the high level of activity suggesting more stable inflation pressure.

The underlying measures also differ in their reaction to the 2001 reces-
sion. The UIG turns down in late 2000 with the worsening of labor market
conditions and the decline in manufacturing sentiment. The other measures
keep on increasing through the recession year.

4.2.2 Underlying inflation as an attractor to inflation

The basic reason for developing underlying measures of inflation is that they
should produce better forecasts of future inflation than the headline measure.
Following Cogley (2002) and others we evaluate in sample the horizon at
which the deviation of the underlying from total inflation correctly predicts
the future behavior of total inflation. Let 7,,; be the measure of underlying
inflation, then we run the following regressions for horizons of 1 month to 24
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months.

Ti+n — Tt :ah+ﬁh(ﬂt_7rmt)+ut+h (2)

An ideal measure of underlying inflation for horizon h would have «; = 0
(unbiased ) and 3, = —1 and explain a substantial amount of the future vari-
ation in inflation. If 3, were negative but less than one in absolute value, the
measured deviation would overstate the magnitude of subsequent changes in
inflation, and thus would also overstate the magnitude of current transients.
Similarly, if 3, were negative but greater than one in absolute value, the mea-
sured core deviation would understate the magnitude of current transients.

The results of the analysis are shown in Table 3. Only the h=24 results
are given. The median as well as UIG are significantly biased. In the case of
the UIG this is just the result of our decision to fix the long run average of
UIG to 2.25 and could be removed by assuming the actual long run mean of
the CPI. In contrast with the results shown here, Rich and Steindel (2007)
find that CPI, CPI XFE and CPI MED are biased. This illustrates that
these findings may vary depending on the sample and the forecast horizon.
Concerning the behavior of /3, we find in accordance with Rich and Steindel
(2007) that most of the cores fulfill the §, = —1 hypothesis. Figure 6 shows
that the in sample fit is worst for the CPI _XFE. The other measures reach
similar results with UIG reaching slightly higher R? values than the other
measures. One could argue that the benchmark for a underlying inflation
gauge should not be CPI itself but a smoother CPI trend. Following Clark
(2001) and Rich and Steindel (2007) we investigate the ability of the gauges
to track the trend rate of inflation. The inflation trend is defined as the
Baxter-King (1999) band-pass filter that eliminates all periods less than 32
quarters. We drop two years of data from the beginning and end of the
band-pass filtered series because they are relatively poorly estimated. Table
4 shows that the UIG tracks the trend inflation significantly more closely
than CPI_XFE, CPI _MED and CPI TM. However, all these regressions
only give information on in sample “forecast” performance, we now turn to
a pseudo out of sample forecast evaluation.

4.3 Forecasting inflation

Another way to compare underlying inflation measures is to investigate their
ability to forecast inflation in real time. It is often argued that a forecasting
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exercise will be able to reveal the best underlying inflation measure. How-
ever several aspects of such comparisons are tricky particular in producing
underlying measures of use for policy makers. The most difficult aspect is
the appropriate loss function to measure forecast accuracy. The standard
approach is to use a quadratic loss function for deviations of forecast from
the actual. This does not depend on the loss for the policy maker of the
actual inflation rate relative to their desired levels. Consider the following
example:

e For total inflation between 1% and 3% the RMSE at 12 months for
underlying measure A is 1%, for measure B it is 1.1%.

e For total inflation outside of 1% and 3% the RMSE at 12 months for
underlying measure A is 2%, for measure B it is 1.2%.

If the policy maker uses measure A they will be slow to recognize turning
points in inflation. If the policy maker uses measure B they will be quicker to
recognize turning points in inflation. Suppose the policy maker successfully
uses measure B to conduct monetary policy so that total inflation is rarely
outside of 1% to 3%, then a forecast evaluation would favor measure A if
the fraction of time that actual inflation was outside 1% to 3% was less than
1/10.

Other practical issues involve the choice of forecasting sample. Long time
horizons can be problematic since they might cover different inflation regimes.
Furthermore as most industrialized countries have successfully lowered their
inflation rates the signal with the least variation (e.g. a constant) might have
an advantage compared to signals generated from earlier periods with more
fluctuation in inflation. In general the forecasting exercises are “pseudo” real
time in the sense that estimation is conducting using data only up to the
forecast origin. In practice the actual data used might have been revised
subsequently. In our case the UIG is constructed from data that is either
not revised or only revised slightly (some PPT prices). We focus on the CPI
since its revisions are very minor (seasonal adjustment and correction of small
technical mistakes).
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Table 5a gives the result of a forecasting exercise based on equation 2 ® in
4.2.2. which spans three different samples through 2007.M3: (a) a post 2000
sample: a time range that could be considered as one inflation regime, (b)
a post 2002 sample, which captures the upward trend in CPI as well as (c)
a post 2004 sample, which covers the flattening out of the CPI. The results
show that for all but one sample UIG exhibits the significantly lowest RMSE
on 1 and 2 year horizon and no significant difference to the lowest RMSE on
the 3 year horizon. The additional usage of real and financial information
seems to improve predicting inflation on different time horizons as well as
different CPI phases (u-shaped, upward sloped or flattening out). Further
noteworthy is that the most often cited core inflation measure CPI XFE
reaches over all the worst performance. Among the traditional core measures
the CPI _Median performs best up to 2002, but fails to detect the decreasing
inflation pressure in 2006.

The three panels of table 5b give a different perspective on forecasting
performance based on the equation:

H

ZWH_}L = aH+<pH(L)7Tt+5H7Tmt7 (3)
h=1

which is similar to the forecast evaluation used in Stock and Watson (2002a).
We consider three cases for the autoregressive operation ¢y (L) : random
walk (i.e., py(L) = 0), autoregression of order 3 and autoregrssion of order
6. We present the results in terms of relative RMSE and it can be seen
that the best performers at horizons of 12 to 24 months tend to be the UIG
and the trimmed mean. We also included a simple average of these two
measures as another measure of underlying inflation. This average tends
to out-perform the individual measures. Further, it is clear that adding
autoregressive dynamics does little to improve the forecasting performance.

5 Experience with the UIG through July 2007

The CPI UIG has been produced on a daily basis since July 2005. Since
then as can be seen in figure 5a it has shown an almost flat, slight downward

8To ensure comparibility we use the same setting as in the paper of Rich and Steindel
(2007), which compares forecast performance of traditional core measures. The same
regression model has been used in studies such as Clark (2001), Hogan, Johnson and
Lafleche (2001), Cutler (2001) and Cogley (2002).

17



trend until mid of 2006 but stayed above all the other underlying measures.
As can be seen in Figure 5a the XFE, TM and especially MED measures
have all increased substantially towards the higher UIG level from mid 2005
through mid 2006. While UIG suggests a higher but slightly decreasing
inflation pressure since mid 2005 the traditional cores signaled lower but
increasing inflation until mid 2006 (XFE, TM) or end 2006 (Median) and
only afterwards a decreasing inflation. Many of the more traditional core
measures appeared to have been driven by the cost of shelter component
of the CPI, especially owners equivalent rent. The UIG tends to view this
component as more of a lagging indicator rather than leading indicator of
prices pressures. This partly accounts for its early recognition of the drop in
inflation pressures in 2001.

A recent exercise was conducted to examine the role of owners equivalent
rent (OER) in the acceleration of the XFE, TM and MED underlying mea-
sures. Instead of using the CPI as the predictor in the factor regression in
section 3.2 we used the CPI excluding OER. The dynamics of the UIG were
almost identical but it did show more acceleration of inflation in 2005 than
the standard UIG and currently is registering more inflationary pressure (see
Figure 7). Thus, contrary to a standard exclusion analysis, we find higher
underlying inflation in the recent period using a measure of inflation that ex-
cludes OER. This partly explains why the UIG has fallen by less than some
traditional core measures in the spring of 2007.

In addition to the UIG itself forecasts of inflation at various horizons of
interest are produced. First a short term forecast of average inflation over the
next two years, then a medium term forecast of two to three years and finally
a three to five year horizon forecasts. These forecasts from the CP1 UIG are
compared to the expected inflation derived from financial markets at the same
horizons. The standard daily output is shown in Figure 8. This also includes
some short run monthly forecasts The daily inflation forecasts derived from
financial markets is compared to the daily UIG to identify phases in which
market participants reaction to news is different than that implied by the
UIG.

The lack of movement in the UIG forecast at longer horizons caused us
to experiment as discussed above in section 3.2.2. In these experiments we
artificially introduced a common factor into the 211 prices in the CPI release.
This did produce a large movement in the UIG. One interpretation of the
smoothness in the UIG is that long-term inflation expectations are well-
anchored and that much of the movement in individual prices is unrelated
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to any “inflation trend.” Support for this viewpoint comes from the behavior
of expected inflation derived from financial markets. Although they have
clearly been more volatile than the forecasts from the UIG, they do not show
any sustained increase over the last two years. This is in contrast to the
other underlying measures.

6 Conclusions

This paper has presented a new application of dynamic factor methods to
US inflation. We add to the existing literature on U.S. inflation by using a
carefully chosen data set with an overweighting of price data. Although in
the period we examine the influence of individual price movements on un-
derlying inflation is not large, their presence is useful to capture any future
unanchoring of overall inflation expectations. The underlying measure of in-
flation produced by our methods adds information over existing measures.
In addition we are able to calculate it on a daily basis, allowing us to com-
pare its movements to those of inflation expectations derived from financial
markets.
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Appendix

Technical description

The estimation procedure follows Altissimo et al.(2001). The methodology
is based on the Generalized Dynamic Factor Model as developed by Forni,
Hallin, Lippi and Reichlin (2000, 2001), hereafter FHLR. The FHLR ap-
proach generalizes the traditional dynamic factor models (Sargent and Sims
(1977) for large panels using a generalization of the approximate factor mod-
els. In contrast to Stock and Watson (1999, 2002) the FHLR approach does
not focus on estimation and forecast of the unsmoothed inflation series but
on the estimation and forecast of inflation which is cleaned (or smoothed)
in cross sectional (measurement errors, local or sectoral shocks) and time

dimension.

The model

We assume a panel of i = 1,..N time series, x;; = (214, o, -+, Tn¢)’, which
are realizations of a zero mean, wide-sense stationary process and thought of
as an element from an infinite sequence. As in the traditional dynamic factor
approach each time series is assumed to be measured with error and can be
decomposed into the sum of two unobservable orthogonal components:

q
Tit = Xg + & = bi(L)ue + & = sz‘j(L)th + &t (1)
j=1

where ,, is the common component, driven by ¢ dynamic common shocks
uy = (U1, .., Ug) With non-singular spectral density matrix and &, is the idio-
syncratic component (reflecting measurement erros and local shocks). b;(L)
is a vector of lag polynomials of order s and considers the factor dynamics.
&, is orthogonal to the common shocks u;_j for all £ and 7. The traditional
dynamic factor model assumes mutual orthogonality of the idiosyncratic com-
ponents &;,. This is quite a strict assumption especially for N — oo, as it
ignores local shocks, which affect only a small subset but more than only
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one variable. Forni et al. (2000) proposed the generalized dynamic factor
model which, as the main difference to the above mentioned traditional dy-
namic factor models, eases this assumption and allowes for limited dynamic
cross-correlation. As orthogonality can not serve anymore as a theoretical
distinction between y,, and &;, the following assumptions are needed:

1. (I) The g-dimensional vector process {(uis ugi-uq)',t € Z}is ortho-
normal white noise. That is, E(uj;) = 0; var(u;;) = 1 for any j and ¢;
uje L uj— for any j,t and k # 0; ujy L ug—y for any s # j,t and k.
(IT) & = {¢,;,i € N,t € Z} is a double sequence such that, firstly,
£, =&, &y &)t € Z} is a zero-mean stationary vector process
for any n, and, secondly, for and &;;, L u;,_j for any 7, j, ¢, and k;
(IIT) the filters b;; (L) are one-sided in L and their coefficients are square
summable.

2. For any i € N | there exists a real ¢; > 0 such that 0,(6) < ¢; for
any 0 € [—m, | , with 0;;(6) the entries of the spectral density matrix
Y,.(0)of the vector process x;.

3. The first idiosyncratic dynamic eigenvalue )\fllis uniformly bounded.
That is, there exists a real A such that X%, (0) < A for any 6 € [—n, 7]
and any n € N.

4. The first ¢ common dynamic eigenvalues diverge almost everywhere in
[=m, 7] . That is, lim A};(0) = oo for j < ¢, a.e. in [, 7], with A},

the dynamic eigenvalues of the spectral density matrix ¥X(6) of the
vector process X,,;-

Under the assumptions 1-4 model (1) is a generalized dynamic factor
model.

Estimation and Forecasting Procedure

Our estimation and forecasting procedure follows Altissimo et al. (2001). We
begin with the estimation of the spectral density matrices of the common (and
the idiosyncratic) using the above described method of generalized dynamic
principal components of Forni et al. (2000).
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$.(0) = UO)A(0)T(0) (2)

where A(f) is the diagonal matrix A;(6), ..., \;(#) and U(#) is the matrix of
eigenvectors.
Using the Inverse Fourier Transformation to the frequency band [—6, 6],

with 6 = % we get an estimate of the covariance matrix of y at lower
frequencies
27 1
Ty (k) = > S (0p)e 3
XL( ) 2H+1h:_H X( h)e ( )

with H defined by the conditions 6y < 27/12 and 05, > 27/12.
Next, we use this covariance matrix to estimate the static factors by
generalized principal components and to estimate and forecast x, by

Xewn = Ix(A)V(VT, V)V (4)

with V the matrix of generalized eigenvectors. In FHLR (2001b) it is shown
that as both n and T got to oo at a suitable rate, X, converges in probability
to x, and X, ,converges to the theoretical projection of x,,, on contempo-
raneous and past values of (uy, .., u,). We work with two dynamic factors
and twelve static factors.

In the last step, we estimate the common component at low frequency by
using the static factors. This last step involves performing a projection of the
common component at low frequency on the leads and lags of the estimated
static factors. Our estimate of the common cyclical component is then

Xt = RW(WMW)'W'X, (5)

with M the sample covariance matrix of X; = (2} ,...x;..7;_,,)', W the
diagonal matrix with the generalized eigenvectors and R the lead and lag of
variance matrices of the common component at low frequencies.

To generate the forecasts, we apply the shifting procedure for the covari-
ance matrix by Altissimo et al. (2001). This means we first expand the data
set using the shifting procedure in Altissimo et al. (2001) and then estimate
the common components on data up to the forecast period, ¢ + h.”. An

9The forecasting approach of Stock and Watson (2002) instead estimates first the com-
mon factors with data up to ¢ and then uses the estimated factors in a separate regression
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important step in our forecasting procedure is to apply the band-pass filter
before projecting. Our decision to work with the low frequency component
with cutoff 27/12 introduces a smoothed common. For the forecasts, this
implies that the idiosyncratic component should not have a large influence
on the forecasts. We therefore interpret that changes in the forecast can be
attributed to new information from the data release and not to measurement
€error.

End of sample procedure

To consider the most up to date information of daily available information
we use a data set which is unbalanced at the end. Therefore some series end
in T, others in T + 1,..,T + w. To treat the end-of-sample unbalance and
forecast we use the methodology of Altissimo et al. (2001) and Cristadoro et
al (2005) by reordering the variables x;; in a way that

*

Tit = (let xzz,t x;ut) (6)

where $g,t, J = 1,...,w groups variables along the same last available obser-
vation 7'+ j — 1. In the same way the covariance matrix is partitioned as
follows

TU(k) T'2(k) . T (k)
T () = 2Y(k) T22(k) . T2v(k) 7)
Twl(k) Tw2(k) . T (k)

and accordingly for the covariance matrix of the common f;‘((k‘) and the

covariance matrix of the idiosyncratic fg(k)w as well. After shifting the
variables in such a way to retain, for each one of them, only the most up-
dated observation, the generalized principal components is computed for the

to forecast inflation for ¢ + h. An alternative forecasting procedure based on the Kalman
filter is proposed by Giannone et al. (2004).
sz(k) is diagonal and therefore the realigned I'; (k) equals the original I'¢ (k).
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realigned vector fg(k‘) to get the forecasts. The final step is to restore the
original alignement. The procedure is decribes in greater detail in Cristadoro
et al. (2005).
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\ CPI CPI UIG  CPI Ponly UIG CPI XFE CPI TM  CPI Med

S.D. 0.74 0.42 0.15 0.44 0.38 0.47
\ PCE PCE UIG PCE Ponly UIG PCE XFE PCE TM
S.D. 0.63 0.37 0.12 0.36 0.27

Table 1: CPI and PCE Standard Deviation

CPI UIG CPI CPI XFE CPI T™ CPI Med
CPI UIG 1.00
CPI 0.58 1.00
CP17XFE -0.03 0.19 1.00
CPI_TM 0.08 0.55 0.80 1.00
CPI_MED -0.50 -0.24 0.67 0.52 1.00

Table 2a: CPI Correlations

PCE_UIG PCE PCE_XFE PCE_TM
PCE_UIG 1.000
PCE 0.668 1.000
PCE_XFE 0471 0.590 1.000
PCE_TM 0.214 0.572 0.717 1.000

Table 2b: PCE Correlations

PCAl PCAZ PCA3 PCA4 PCAS
CPI -0.20 0.63 0.54 0.19 0.49
CPI UIG 0.07 0.64 -0.69 0.31 -0.14
CPI XFE -0.60 -0.01 -0.40 -0.55 0.42
CPI TM -0.39 0.20 0.24 -0.09 -0.74
CPI MED -0.49 -0.40 -0.12 0.75 0.16
Eigenvalue 242 1.91 0.42 0.18 0.08
Variance Prop. 0.48 0.38 0.08 0.04 0.02
Cumulative Prop. 0.48 0.87 0.95 0.98 1.00

Table 2c: Principal Component Analysis on CPI cores and UIG

CPI UIG CPI UIG PricesOnly PCE UIG PCE UIG PricesOnly

CPI_UIG 1.00

CPI_UIG PricesOnly 0.57 1.00
PCE UIG 0.96 0.52 1.00
PCE UIG PricesOnly 0.60 0.94 0.62 1.00

Table 2d: UIG correlations



a

Core Inflation Measure {Ho: a.=0) {Ho: |§=-1) Ho: a=0and p=-1
CPI ex food and energy -0.44946 -0.7671%* 9.00641

(St. Err.) (0.43836) (0.09149) p-value = 0.01107
Median CPI -0.99236% -0.95322 5.20153

(St. Err.) (0.46355) (0.07598) p-value = 0.07422
Trimmed Mean CPT -0.66101 -0.8774 3.09085

(St. Err.) (0.49293) (0.08673) p-value = 0.21322
UIG 0.54825% -0.97868 5.5629

(St. Err.) (0.25764) (0.12335) p-value = 0.06195

* Significant at the 5 percent level
** Significant at the 1 percent level

Table 3: Unbiasedness Test, h=24 months

RMSE"®
CPI ex food and energy 1.19
Median CPI 1.01
Trimmed Mean CPI 0.70
UIG 0.53
Q) RMSE®e = /S (nirend — qeore)2 T t=1,.,T

- "™ Baxter-King band pass filter eliminating periods less than 32 quarters

- sample: 1996-2005

Table 4: Accuracy with which underlying inflation gauges track trend inflation,




Qut of sample performance for anniad inflation thronugh 2007.0M5

festimation sample starts in 199401 )

Fast 2000 sample (“u-shaped CFI phase*)

h=12 h=24
UIG 3.5392¢6 3.87967
CPI_XFE 370231 ¢ 420058
CPIL_TM 366565 3.92719
CPI_Median 372645 * 4.04539

FPast 2002 sample (Mincreasing OFF phase ")

h=i2 h=24
UIG 3.91628 4. 50253
CPI_XFE 405548 ** 470408
CPLTM 406532 * 4. 46634
CPI_Median gi4i4* 4.51356

Fost 2004 sample (“flattening CFF phase ™)

h=12 h=24
UIG 460513 4. 14966
CPI_XFE 4. 66432 452173
CPI_TM 4 80135 *# 4 29875 **
CPI_Median g EEQ4E ** 4 45557 **

hold: lowest RMSE; itafic: highest RAMSE
* 5% sipficant lewel
** 1 % sigficant level

h=3d
4.06869
d 07201
406263
401214

h=3d

4. 86761
4 80527
4.89365
4.82686

h=348
3.22125
3.06548
3.65378
375577

* %

#* %k

Cuebold-Manano test of the null hypothesis of equal RM2E agamst the alternative
hypothesis that RMEE of UIG is lower. Test statistics uses the Newey-West covariance

tnatry estinator

Table 5a: Out of sample performance in RMSE based on equation 2



Cut of sample performance for annunal inflafion: 2006:01-2007:43 ("eshaped CPI phase ")
(Estimation sample 1994:1-1992:12)

Felafive RMEE

g 12 13 24 3in 3g
ARfG) RSE AT i R 18F 147 pid
CFI_UIG 1.072 0.971 0759 0773 0.930 1015
CFl_EFE 1.122 1.328 1317 1231 1.072 0.293
CFI_TM 0952 0.341 0226 1.0%6 1.195 0.967
CFI_Med 0.29a 0.90a 0923 0967 0973 0.935
CPI_TM, CPI_UIG 1.001 0258 0759 0932 1.102 0.990
CPI_TIG0 1.074 0.97a 0.956 0955 1.067 1.009
CPI_UIG24 1.029 0914 0202 0793 0.940 1.067
CPl_PricesOnly 1.003 1.023 1142 1.169 1028 0.912

& i2 1 24 in 3g
ARp?) RisE ass aaE 158 raw 1 LEE
CFI_UIG 1.124 0.240 0.750 0.6 0.941 1.036
CFl_EFE 0.965 1.203 1.149 1177 1.154 0.293
CFI_TM 0.293 0.755 0.7a1 1.024 1295 1.062
CPI_Med 0.97a 0.974 0.956 0o 0.99 0.961
CPI_TM, CPI_UIG 1.104 0.790 0656 0.2a0 1.1%1 1.069
CPI_UIG0 1.552 0.97& 0.240 0.944 1125 1.054
CPI_UIG24 1.066 0.200 0774 0791 0.540 1079
CFl_PricesOnly 0.945 1.063 1131 1.1a5 1119 0.925

& iz 1 24 30 3g
Reydom Wall RIMSE asr asr LEE 27 LE L
CFl_UIG 1131 0.90& 0714 0.77a 0042 1.071
CFl_XFE 0.293 1.060 1.033 1114 1.179 0.270
CFI_Th 0.926 0.673 0692 0.9:0 1.200 1205
CFl_Med 0.246 0.035 0237 0243 1.001 0.250
CPI_TM, CPI_UIG 1.165 0.754 0587 0799 1.193 1272
CPI_UIG0 1.599 0.2a0 0.230 0935 1.141 1.140
CPI_UIG24 1.087 0.282 0757 0207 0939 1.110
CPl_PricesOnly 0.925 1.065 1121 1.149 1.125 0.290

Table 5b(i): Relative out of sample performance in RMSE 2000-2007 based on equation 3.



Out of sample performance for ounual inflation: 26062: (1286762 ("increasing CPI phase™)
{Estimafion sample 1994:1.2001:12)

Relafive RMSE

& iz i 24 n 36
ARfE) RMSE HEF L Lo 25 15 1
CPI_TTIG 099 0.987 0.9 0.885 0931 0991
CFI_XFE 1.084 1.182 1.158 1.074 0996 1.011
CFI_TIM 0875 0.052 0.085 1.025 1.028 08738
CPI_Med 0944 0.937 1.074 1.009 0874 1.027
CFI_TM, CPI_UIG 0209 0.964 0.000 0941 0987 0280
CFI_TTI30 0.288 0.017 1.034 1.013 0905 1.012
CPI_TTIG24 0902 0.047 0.057 0.288 0.240 1.009
CFI_PricesOnly 1.008 1.035 1.048 1.023 0.500 1.043

& iz i 24 an ki
ARy ) RMEE & rar AE 15 LE 1
CFI_TTIG 0691 0.290 0.937 0.886 0932 1.010
CFI_XFE 0973 1.071 1.075 1.062 1.0z 0981
CFI_TIM 0.788 0.853 0.913 1.009 1.071 1.010
CPI_Mhed 0947 0.282 0.290 1.001 0986 1.003
CFI_TM, CPI_UIG 0665 0.561 0.915 059 1.023 1.013
CFI_TTIG0 1.038 0.915 0.973 1.003 1.006 1.000
CFI_TTIG24 0742 0.224 0.220 0.887 0939 1.027
CFI_PricesOnly 0959 1.014 1.032 1.024 1.001 1.033

& 12 18 24 in k]
Rawdom Walk RIMSE &t a5 AT LA iR L
CFI_TIG 0.yea 0.237 0.200 0ET7 0915 1.100
CFI_XFE 0925 0.9:2 102 1.034 1.037 0943
CFI_TIM ey 0219 0269 0971 1.024 11289
CPFI_Mhed 1481 0.954 0.544 ne74 0928 1.031
CFI_TM, CPI_UIG 0.2035 0219 0.270 n.e10 1.050 11389
CFI_TI1G0 1524 1016 0.959 0936 1.0z22 1.084
CFI_TIIG24 0.E29 0.263 0.209 0285 0920 1.117
CFI_PricesOnly 1.004 1.000 102 1.017 1.010 0994

Table 5b (ii): Relative out of sample performance in RMSE 2002-2007 based on equation 3



Out of sample performance for aununal inflation: 2004:61-260607:62 ("flatening CPI phasa™)
{Esfimafion sample 1894:1.2002:12)

Relafive RMSE

& iz i 24 e £
AR{E) RMSE AT 187 1 1ER LEE AR
CFI_UIG 024 0.5035 0.931 0.015 0983 1.121
CFI_XFE 1.11%8 1.003 0.980 0.921 0280 0.291
CFI_TM 1.005 0.240 0.844 0.897 0934 0.980
CPI_Med 0964 0.9309 0.0438 0.052 0855 0.200
CFI_TMI, CP1_UIG 0.286 0.812 0.833 0.863 0.937 1.070
CFI_TIG0 0.837 0.914 0.053 0.240 0971 0088
CPI_TIG24 02851 0.009 0.025 0.013 0878 1.124
CFI_PricesCnly 1.003 0.0e9 1.003 1.001 1.001 1.015

& iz i 24 kY] El
AR{3) RMSE i tag rEF 1eF L AR
CFI_TUIG 0.766 0.893 0.906 0.214 0986 1.114
CFI_ZFE 1.0z 0.875 0.944 0.925 0908 091z
CFI_TM 0.E72 0.863 0.354 0.210 0941 05999
CPFI_Mhled 0951 0.570 0.961 0.965 0877 0.996
CFI_TM, CP1_UIG 0735 0.837 0.539 0.875 0962 1.0%2
CFI_TIG0 0.E70 0.760 0.932 0.230 0.990 0.996
CFI_TIG324 0.z01 0.707 0.911 0.915 09381 1.121
CFI_PricesOnly 0.996 1.003 1.000 1.000 1.0035 1.01%9

& i2 18 24 20 El
Random Walk RISE GAE HEF L3 15 LA P
CFI_TIG 0.E71 0.504 0.915 0.9z 0934 1.153
CFI_XFE 0.960 0.854 0.926 0.207 0292 0.E91
CFI_TM 0724 0524 0.520 0.877 nes2 1.014
CPFI_Med 0957 0.851 0.951 0.957 0962 0998
CFI_TM, CP1_UIG 0744 0.7e9 0.202 0.853 0933 1127
CFI_TIIG0 1.058 0.2 0.927 0.939 0957 0993
CFI_TIIG24 0915 0.524 0.930 0.934 nee 1.154
CFI_PricesOnly 1.009 1.003 1.001 1.000 1.004 1.013

Table 5b (iii): Relative out of sample performance in RMSE 2004-2007 based on equation 3





