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Inflation Forecasting with Inflation Sentiment Indicators

Abstract

In this paper we argue that future inflation in an economy depends on the way
people perceive current inflation, their inflation sentiment. We construct some
simple measures of inflation sentiment which capture whether price accelera-
tion is shared by many components of the CPI basket. In a comparative analy-
sis of the forecasting power of the different inflation indicators for the US and
Germany, we demonstrate that our inflation sentiment indicators improve
forecast accuracy in comparison to a standard Phillips curve approach. Be-
cause the forecast performance is particularly good for longer horizons, we
also compare our indicators to traditional measures of core inflation. Here, the
sentiment indicators outperform the weighted median and show a similar
forecasting power as a trimmed mean. Thus, they offer a convincing alterna-
tive to traditional core inflation measures.
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1. Introduction

In recent years, methodological aspects of inflafarecasting have increasingly
attracted attention in empirical economics. Onarstrof the literature focuses on
the determinants of future inflation such as monyegggregates (e.g. Carstensen
2007) or the output gap (e.g. Stock and Watson 199 other concentrates on
finding an adequate measure of the trend compaféntlation which is expected
to be a better predictor for overall inflation. Aominent role in this second group
of papers playsore inflation, which is understood as the permanent part od-infl
tion that is not being influenced by random sherit fluctuations. A quite famil-
iar concept for measuring core inflation is to exid prices for energy and un-
processed food from the recorded basket of goadee gheir prices tend to be
very volatile without any trend (Gordon 1975). Altatively, median based indi-
cators or trimmed mean measures have been profBegxh et al. 1994), as well
as smoothed versions of these indicators (Rich $teihdel 2005). Moreover,
another suggestion is to incorporate co-integratistrictions (Smith 2004).

Though having some aspects in common with mediasedaneasures of core
inflation, our paper focuses on another aspectrigeprends. We construct an
indicator capturing whether a given inflation rasethe result of similar price
increases for many items in the goods basket, athvehn it results from price
hikes for a few relatively important goods (e.ginfture or cars). Since the con-
crete way an overall increase in the price levebiming about will influence how
it is perceived by consumers and firms, we labelindicatorinflation sentiment.
The same inflation rate may have different consegee for the future, depending
on the distribution of price increases of indivitlitams. When many prices are on
the rise, inflation climate may have changed. Pceds might be inclined to pass
through higher costs because everybody does itwamklers might feel inflation
to be more severe and struggle more fiercely fghdi wages. As a consequence
inflation will tend to increase further in the foéu

To quantify this fundamental idea of inflation demnts one might alternatively
follow the concept developed by Brachinger (20048. constructs his index of
perceived inflation by re-weighting the component$serman CPI according to
their frequency of purchases. This approach regtiméormation going beyond
the data regularly provided by the CPI statistitgh as on the expenditures on all
components of the CPI and the prices per unit @geth. Therefore it might be
rather difficult to construct such indices for masguntries for purposes of inter-
national comparison or to provide a long time serie

We propose a more simple methodology. It makesofigee fact that inflation
measurement is standardized to some extent ardwnavorld. Most statistical
offices collect price data in sufficient detail goovide price indices for the prod-



uct categories enumerated in t@kassification of Individual Consumption by
Purpose (COICOP). The COICOP serves as a guideline fordikaggregation of
private consumption expenditures in the nationaloants’ For some product
categories (e.g. food) prices for quite a numbegaaids are required to represent
the heterogeneous basket. For other categoriesglegricity or heating gas, a
small number of prices suffices to characterizegpdhanges. We argue that, if the
prices of many products (in a category) rise, corexs will perceive inflationary
trends more intensely.

We use simple transformations of the data takem ftoe CPI statistics to con-
struct several indicators of inflation sentimerits& we calculate thenweighted
median. By comparing it to the weighted mean of the prbanges of the indi-
vidual goods and services (the current CPI), weagdtmpression of the skewness
of their distribution. If the median is larger th#re weighted mean, the overall
price trend reflects a relatively large number iafikar price changes for individ-
ual products. In that situation we would expectstoners to perceive inflation
more strongly. Secondly, we tesd#fusion index measuring the share of prices
which grow faster than current CPI. Finallymamentum index is defined as the
difference between the share of prices which grastefr than in the previous
period, and the share of prices which grow morevilo These indicators are
calculated for quarterly data for the US and Geyman

In analysing the forecasting power of these indicatwe follow the technique
proposed in their seminal paper by Stock and Wa{d®99). Specifically, we
estimate several variants of the Phillips curvevirich our indicators and, as in
the standard procedure, the CPI itself are eact asethe relevant price term,
respectively. Starting with an initial sample lemgte employ all indicators for an
out-of-sample forecast up to a maximum horizonnaf years. Then, the sample is
expanded by one quarter and another set of foe@stade. By continuing this
procedure, we generate a series of out-of-sampéedsts which can then be used
to evaluate the forecasting power of all candidgeroaches.

The remainder of this paper is organized as folldwshe next section we discuss
the data, and the indicators that are used to ctaize the inflation sentiment.
Section 3 presents the econometric approach tedsténflation and the methods
which are employed to evaluate the estimates.drfahrth section we discuss our
results. Section 5 concludes.

' See e.g. http://unstats.un.org/unsd/cr/registry/regcst.asp? Cl=5& Top=2&Lg=1.



2. Measuring inflation sentiment

In our empirical work we rely on three time seri@squarterly inflation rates
(Figure 1) that we construct as simple averageseatonally adjusted monthly
data. Our series for the US covers the period 19%82006:4. It uses the CPI-U
research data that were calculated by the Buredialbbur Statistics to account
for methodological changes. The number of goods semdices included in this
data set varies from 60 at the beginning to 21Reaend of the sample period.

[Figure 1: about here]

For Germany, we investigate two CPI series. Tha fiovers the years 1985 to
1998 and relates to West Germany, the second @ewdta for unified Germany
for the years 1993 to 2007These periods comprise quite different inflatigna
regimes. The first sub-period is characterized drgé fluctuations in inflation

rates; they stick very closely to the inflation etfjve in the more recent sub-
period. The German CPI covers about 750 singlesitesnich are aggregated in
several steps to gain inflation rates for prodatégories.

[Table 1: about here]

To be able to derive comparable results for Gernaard/the US, we utilize these
data on a four digit COICOP-level, which allowstasnclude about 100 product
categories in our indices (Table 1). We employedhrelicators to measure infla-

tion sentiment. Firstly, for each quartet we construct the difference”™ , be-
tween (unweighted) median inflation; , and the headline inflation rateg, .

= - 2.1)

This indicator measures the skewness of the digtab of the price increases of
the individual CPI components. When a high propartdf price components is
rising, the unweighted median tends to be abovewdighted average. In that
case, we expect consumers and price setters teipeioflation more strongly.

The second indicator of inflation sentimesf," , captures the difference between
the share of prices which grow faster than cur@ht, and the share of prices

? Price data for unified Germany are available since 1991. However, we omitted the years 1991
and 1992 because they were strongly influenced by irregularities in the follow-up of unification.
’ Note that all inflation sentiment indicators should be stationary by construction. However,
augmented Dickey-Fuller tests for the inflation sentiment indicators partly suggest that these
variables may not be stationary and, therefore, should be included in differences. We include
them in levels for two further reasons: Augmented Dickey-Fuller tests are not valid in small
samples under 100 observations. Moreover, KPSS tests, which can also be found in the Appen-
dix, largely confirm the stationarity assumption.



which grow more slowly than current CPI. Thus, wansfer the concept of the
diffusion index, which was proposed by Burns andchkkll (1946), to prices.
Similar indicators are used in the context of téchinshare price analysis, under
the term of “advance-decline”. Withr, being the price increase oth of N

goods and services in quarteand 77 still being the headline inflation rate, the
indicator is formally calculated as:

i - , 1form, =7
Diff -1 N Diff Diff - it t
=52V (), V() {1for 7 <n’ (2.2)

To capture the momentum of inflation growth a thindicator, §"°", calculates

the difference between the share of the price semigich exhibit an increasing
growth rate and the share of prices which showcaedesing growth rate:

1form, 27t

it- 1 (23)

lform, <m,

SMom =ﬁZiN=1VMom(ﬂi-,1)v VMom(ni.'l) {
None of our inflation sentiment indicators doesuieg|anya priori assessments
on the issue of which might be the products withhhi volatile prices. Those
would have to be excluded, if we were trying to mwga core inflation. Instead, in
our analysis all individual price series are usedcapture whether inflation is
broad-based or not. Moreover, our approach doeeeqoire any explicit expendi-
ture weights to filter out price movements whick agerceived by private house-
holds in a particular way. Instead, items are inifi re-weighted, following the
assumption that the number of representative ptedinca certain expenditure
category coincides with the importance of that gatg for the formation of infla-
tion sentiment.

In our analysis, we also probe the forecasting rgi@te of two prominent core
measures, the weighted media™ and a 20%-trimmed mean"* .* Specifi-

cally, we defineg™* =72"™* -7z and §"* = 77"*° - 7z . Table 2 reports correla-

tion coefficients between each of the various seeit indicators and the differ-
ences between these measures of core inflationirdladion, respectively. All
these correlations are quite large, especiallyethingolving the trimmed mean.
This can be explained easily. In a situation inchlinflation is triggered by only a
few items, there is a high probability that theyl Wwe trimmed, i.e. excluded from
the core measure. This is not likely to happemfifation is instead supported by
many product categories. All in all, sophisticateasre measures such as the

“ For the computation see e.g. Rich and Steindel (2005).



trimmed mean tend to display similar propertie®asmeasures of inflation sen-
timent.

[Table 2: about here]

3. Estimation and forecast evaluation

In our empirical analysis, we forecast the diff@eietween the actual inflation
rate and the average inflation rate over the hepériods (7., - 77 ), where 7z is

observed at tim¢ and 77", is not> Starting point of our analyses is the conven-

tional Phillips curve, which constructs a relatiogtween future inflation on the
left hand side, a current and lagged first-diffeethoutput variablg which repre-
sents the inflation pressure coming from the reat pf the economy, and current
and lagged inflation differences on the right haiut,°

Moy — T =@+ B(L)AX +3(L)ATE + &, (3.1)

Relations of this type are widely used to foredafiation. Stock and Watson
(1999), evaluate the forecasting power of variqaecdications ofx. In our paper

we concentrate instead on evaluating alternativexifipations of the inflation

measure on the right hand side. While the stan&itlips curve specification

uses the output or the employment gap, we captditeehces from the real econ-
omy by first differences of the unemployment rateeal GDP .

Concerning the inflation measure on the right hside, we test one baseline and
five alternative specifications. The first followlse standard Phillips curve litera-
ture and employs past inflation rates. The succéghis approach serves as a
benchmark for the other five specifications. Subsedy, we replace the current
and lagged differences in inflation one by one bgrent and lagged values of our

= %Iog(% j is the h period inflation rate in the price level B reported at an annual
t-h

rate.

° Aand L represent the difference- and the lag-operator, respectively. Though modelling infla-
tion as /(1) is standard, it is, however, not always consistent with unit-root tests of the inflation
series. Unit root-tests for all variables can be found in the appendix.

7 According to our analyses, first differences of real variables generally perform better than
deviations from HP-filtered variables. Two-sided filters additionally violate the out-of-sample
assumptions because information is utilized which was not available at the point where the
forecast is made. Alternatively, one might use one-sided filters or calculate quasi real-time
output gaps by forecasting x first and applying a two-sided filter afterwards. Because of the
poor results for the HP-filtered gaps we do not follow this route.



five candidate indicators of inflation sentimerd), j=Med, Diff , Mom,
WMed , tr20, which are described in section 2. Thus, equaidrchanges to

My =1 =¢ + B (L)Ax +0' (L) +&,. (3.2)

In all estimates the lag length is chosen to minémihe Schwartz information
criterion, respectively. This criterion has beeedifor model selection, since our
simulations indicate that a parsimonious specificatwith relative small lag
length produces the smallest out-of-sample foremasts. The Schwartz criterion
punishes additional coefficients more heavily tfi@ninstance theAkaike infor-
mation criterion.

In-sample fit is not necessarily a good indicatbpredictive power. Therefore,
we evaluate the alternative specifications (3.2)tlmn basis of the out-of-sample
forecast accuracy following Stock and Watson (1999) that purpose, we gen-
erate a series of out-of-sample forecasts by estimaur equations for an ex-
panding sample size and forecasting the averagegeha inflation over the next
h periods for each of these samples, witranging from 1 to 8 for the US, and
from 1 to 4 for Germany, respectively.

Thus, in any prediction we exclusively use the datailable at the start of the
respective forecast period. For instance, our éstimation for the US uses the
sample 1978:1 to 1984:4 and forecasts inflation Hoquarters starting with
1985:1. For the second estimate the sample is @ateto 1978:1 to 1985:1 and a
forecast is constructed of the average changeeiratimualized inflation rate fdr
quarters starting 1985:2. For Germany the initeahple is 1985:1 to 1991:4 for
West Germany and 1993:1 to 1998:4 for re-unifiedn@ay, respectively.

To evaluate the forecasts three tests are usest. dfirall, we calculate theoot
mean squared forecast errors (RMSFE) and use the Diebold-Mariano test to
check whether the differences in the forecast amgyuof the various specifica-
tions are significant. Secondly, we employeanompassing test to verify whether
forecast generated by one specification adds irdtiom to the forecast generated
by another, and thirdly, we test fofaxecast breakdown, probing whether the out-
of-sample accuracy differs significantly from tmesample fit.

Differencesin forecast accuracy

The RMSFE for each forecast, , is defined as:

RMSFE,, =3 (/2 - 70,) =3 2, (eh)’ . (3.3)



10

where superscript denotes the candidate forecast model (with O atitig the
benchmark).g'"\ is the forecast error made by candidate forecastehy at timet

for forecast horizot, andT denotes the number of forecasts made. Subsequently
we report therelative RMSFE (for each horizoh) by dividing the respective
RMSFE of each of our alternative specificationsthy corresponding RMSFE of
the benchmark. If the relative RMSFE is below J #iternative specification
displays a better forecast performance than thehmark. To test whether the
differences are statistically significant, we enypla DM test (Diebold and
Mariano 1995). This test is based on the null higpsis that two non-nested series

of forecasts{ ff"“}:_1 and{ ft”‘}lT_l are of equal accuracy,

E(al) = €[ (ah) ~(e%)] =0, 34

In this test, the loss function is the differené¢dh® squared forecast errors of the
candidate forecasts. Because the sample mean iffm®mtial is asymptotically
normally distributed, the large-sample DM testistat is

DM, = — (3.5
ny/
T
where d ™" is the sample mean loss differential apfl is the cumulative sample
autocovariance up to orde+l.

Encompassing test
. in " onT .
Even if a forecas{ f, } does not outperform the benchmairfg } , a combi-
t=1 t=1
nation of these two forecasts could neverthelegstbémprove forecast accuracy.
Therefore, we consider here the combined fore{:a}?[}:_l estimatingA,, as the

corresponding “best” weight.

£ = (1=25,) £+ A, £ (3.6)

If the null hypothesisi;, =0 is true,{ ff"“}:=1 is conditionally efficient with re-
spect to{ ftjh}; (Granger and Newbold 1973; 1986)ancompassing {ftjh};

(Hendry 1993). In this case, the DM-statistic carchlculated for each periods

dtj+hh = (q0+hh _quh) e[0+hh : 3.7
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To achieve robust results, both tests describedrseequire large samples. How-
ever, Harvey et al. (1997) recommend a modifietigtgistic in small samples:

“one D
\/N+1 2h+/\|(h_1)
MDM , = N DM, . (3.8)

The critical values for this test are taken from tfy_, distribution
Forecast breakdown test

To evaluate the alternative inflation forecastdtfer, we also check the models
for aforecast breakdown (FB). This is defined as a situation in which the-of-
sample forecasting performance of a forecast misdgfnificantly worse than its
in-sample fit (Giacomini and Rossi 2006). To imp&rhthis check we compare
each model’s forecasting performance — measureiisbyean squared forecast
error — to the expected forecast error based om-isample-fif Analytically, a
“surprise loss” @) at timet is calculated as difference between the out-ofgdam

loss and the average in-sample Idﬂé,
. . 2 —
SR (e[th) —1". 3.9

. . . . —jh
If forecast modej is reliable, the mean of the associated surposeelsslJ ,
taken over alll forecasts, should be close to zero. The standamdally distrib-
uted forecast breakdown test statistic is

—jh

S
FB,, = (3.10)

/f/;y'
T
where p)" is a Newey-West estimator of the variance of tredgited losses.

Clearly, the precision of the estimate of the fastanodel depends on the length
of the sample that is used for estimation. The hyflothesis of a forecast break-
down is rejected at significance level whenever the forecast breakdown test
statistic is larger than th@.— ) -th quantile of a standard normal distribution.

* We only perform a one-sided test to reflect the assumption that a loss that is smaller than
expected is desirable and therefore does not constitute a forecast breakdown. The forecasting
scheme is recursive.
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4. Results

4.1 United States

A relatively long time series is available for tH&. During the sampling period,
the US economy was relatively stable in termssftiitderlying structure. The root
mean squared forecast errors (RMSFE) of the stdrfelaitlips curves serve as the
relevant benchmark throughout the anafydis the estimates the real side of the
US economy is either represented by changes in GDIR the unemployment
rate. Table 3 summarizes the RMSFE for the Phittjpzye and compares it to the
results of the five alternative specifications featg inflation sentiment indicators
instead of inflation. We can be confident that tesults do not depend on the
choice of the real side variable: Differences @& timemployment rate and changes
in GDP generate more or less the same results congehe relative RMSFE. In
both cases, the"® - and the s -indicators improve forecast accuracy for all
forecast horizons. For short horizons the improvenaehieved is about 10% on
average. For longer forecast horizons the improvensémbs up to 30%. The
s”" -indicator even performs slightly better than theren establisheds"™ -
measure. All differences to the benchmark forecastsstatistically significant,
some of them at a 99% level. However, by replatirginflation differences by

the s -indicator, we get statistically worse results.

Since our inflation sentiment indicators are higbtyrelated with the differences
between the two core inflation measures and headliitation, the forecast poten-
tial of these core measures should be very sirtoldhe proposed inflation senti-
ment indicators. From Table 3 it becomes obviows the weighted median-
indicator, s, performs worse than its un-weighted pendant up forecast
horizon of roughly one year and better if longerefast horizons are considered.
The trimmed mean-indicators"®, displays high forecast accuracy in particular
for longer forecast horizons, one the one handth@rother hand, the differences
in the RMSFE are only marginal and the DM and miedifDM test statistics
show lower absolute values than in the inflationtiseent indicator models. All in
all, both concepts seem to have a similar foreeggower for US inflation.

[Table 3: about here]

Since forecast models usirg)® , s, s"™ and s"?° perform better than that

using the inflation rate itself, the results of #gr@ompassing tests are not surpris-
ing. Table 4 confirms that the null hypothesis ttig standard forecasting model

r20

’ Additionally we tested whether the Phillips curve also can outperform a naive forecast. For
the U.S we found the Phillips curve showing smaller forecast errors than e.g. univariate fore-
casts or using the sample mean as predictor. In most cases, the DM and the MDM test show
that the differences are significant. The results are available from the authors upon request.
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encompasses a given alternative out of these fandidates is rejected for all
forecast horizons at a 95% or 99% level. Howeverpeding to the encompassing
tests we can confidently consider the standard htodencompass that using the

s indicator.
[Table 4: about here]

So far, the inflation sentiment indicators we pregpseem to be a useful forecast-
ing tool. However, the question is whether thisrie for all periods in our sam-
ple. This question is addressed by the forecastkimvn test. Of course, for all
forecast horizons the fit is better in-sample ttlae out-of-sample. However, as
shown in Table 5, forecast breakdowns occur in cases only. Models featuring
inflation sentiment indicators are quite stable@ainmonly used significance lev-
els. Further calculations show that the forecaate on the sentiment indicators
seem to be more stable than our benchmark, forhwoiecast breakdowns occur
more frequently.

[Table 5: about here]
4.2 Germany

As it can be seen in Figure 1, inflation rates eri@any are less volatile compared
to those of the US. This may be the main reason twayout-of-sample accuracy
of our benchmark Phillips curve is better in the®an case. This holds for both
samples considered and for both specificationsefreal side of the econorffy.
Nevertheless, taking point estimates of relative S8# at face value, also for
West Germany most alternative Phillips curve speaiibns outperform our
benchmark in the period from 1985 to 1998 (TableVéhen GDP growth is cho-
sen as real economy variable, the alternative tinflaindicators even improve
forecast accuracy for all forecast horizons andrddirmation criteria. As an ex-
ample, consider a one-year-ahead-forecast: HeeeRMSFE can be reduced up
to one half when replacing inflation by tr&™ -indicator in the Phillips curve.
However, the accuracy gains are only significamtdib indicators in the case of
three-quarter-ahead-forecasts, and in many cases oie-year-ahead predictions
are constructed.

[Table 6: about here]

As in the case of the US, thg" -indicator and thes™ -indicator apparently
tend to produce better forecasts than 8Y&8"-indicator. Indicators which are

' On the other hand, the low volatility in inflation rates makes it much harder to beat a na-

ive forecast.
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based on one of the two core inflation measuresawgforecast accuracy, too,
but (in terms of point estimates) they seem to riferior to the s"* - and the

s”" .indicators in most cases. Table 6 also documdratt tssues of statistical
significance aside, all indicators perform bettecombination with GDP growth
than with changes in unemployment.

The second sub-period relates to unified Germang. SNould not be too sur-
prised, if results turn out to be different. On tree hand, it is quite an open ques-
tion, whether the inflation sentiment among Eastn@ss and those among West
Germans, respectively, coincide, and what mightpkapas they become entan-
gled with one another. On the other hand, muchefsampling period was rela-
tively stable with respect to inflation and, thirgpitively it should be difficult to
outperform the standard Phillips curve approacteéd, none of our candidate
forecast models is performing significantly bettkan the standard model. By
contrast, for several forecast horizons some ofcdnedidates, in particular that
employing s perform significantly worse. This holds especidiy models
involving the unemployment rate as a predictor.

Again, we also employ encompassing tests to asglesther our candidate vari-
ables make a contribution to improved inflationefoasts. Since according to our
point estimates, all indicators perform better tHaminflation rate in the first sub-
sample, the tests might state that these variadlésignificant information. Table
7 documents that the null hypothesis is rejectedflarge share of the candidates
at all forecast horizons. The associated signiiealevels are particularly high
with regard to three-quarter-ahead forecasts. uefferm are the results for the
more recent sub-period, in which inflation sentimi@xlicators do not outperform
the standard Phillips curve approach in most cases.

Yet, the encompassing tests show that in some daft®tton sentiment indicators
can add forecast-relevant information, in particulae s - and the s -
indicator. Again, the alternative indicators lobeit appeal when they are com-
bined with unemployment instead of GDP growth.ihe lwith the forecast results,
the s¥°" -indicator and the core measures do not add sigmififorecast-relevant
information to the inflation rate, the combinatiohthe s'*-indicator and GDP
being an exception. All in all, also in periods wéhénflation is quite stable, sim-
ple inflation sentiment indicators might improvedoast accuracy, whereas this
does not seem to be the case for familiar core mnea®f inflation.

[Table 7: about here]

Since the inflationary regime in Germany seems ifferdbetween the (partly
overlapping) sub-periods, the forecast breakdowm loa expected to provide
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interesting insights on the out-of-sample perforcganf the candidate forecast
models (Table 8). For the first German sample,RBetest statistics exhibit rela-
tive large negative values, i.e. the null hypotbékat the out-of-sample errors are
not worse than those in sample is not rejecteds Thiparticularly true for the

s - and thes" -indicator. For the second sub-period, however t&&s indi-

cate forecast breakdowns for t&* -, the s - and the s"*°-indicator-based

models. This evidence is consistent with our figdihat one might fruitfully em-

ploy sentiment indicators for the purpose of fostice inflation, emphasizing that
their contribution will tend to be smaller in statiimes.

[Table 8: about here]

5. Conclusions

In this paper we construct several indicators aapguwhether a given inflation
rate is the result of price increases for many camepts in the CPI basket or
rather the consequence of price hikes for a redbtismall number of goods and
services with a high weight in the basket. Sind&ifion is supposed to be per-
ceived more intensively in the first case, we labet indicatorsnflation senti-
ment. We also demonstrate that simple sentiment inoisadre highly correlated
with differences of familiar core measures and hieadnflation.

With regard to the US we find that inflation sergimh indicators tend to improve
the accuracy of inflation forecasts as measuretheyRMSFE by roughly 20%,
compared to a standard Phillips curve approach. ditfierences are significant
according to the Diebold-Mariano and modified Dileb®ariano tests for fore-
cast horizons up to eight quarters. Here, indicab@rsed on familiar core meas-
ures show forecast accuracy similar to our newcetdirs. Furthermore, a forecast
breakdown test indicates that the out-of-sampledast errors of the alternative
candidate models do not deviate significantly fribwir in-sample fit, suggesting
that the forecasts based on our indicators are stalde than the standard Phillips
curve approach.

The results derived on the basis of German datéeaseuniform. Their heteroge-
neity is indicative for the role of circumstancésflation sentiment indicator-
based forecasts seem to be particularly poweffuhflation is volatile as it has
been the case in the 1985:1 to 1998:4 sample of ®esnan data. The RMSFE
is reduced up to an half. In the 1993:1 to 200&dqul, tough, when inflation was
quite stationary, the sentiment indicators do naperform Phillips curve-based
forecasts. However, also under these circumstaenesmpassing tests suggest
that our inflation sentiment indicators add valealviformation. For this German
data the performance of core inflation-based indisaappears to be worse than
that of the new indicators. Since the latter reguess data — neither explicit
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weights nor subjective judgements concerning tloelpets to be excluded from
the analysis are needed — they offer a helpfulsiamgle alternative to measures of
core inflation.
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Figure 1: Quarterly inflation, USA and Germany
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Table 1

Structure of the German CPI 2000=100

COICOP- Product category Share in  Number

Code CPI basket of pro-

(%o) ductg

01 Food and non-alcoholic beverages 103.65 11

02 Alcoholic beverages, tobacco and 36.73 5
narcotics

03 Clothing and footwear 55.09 6

04 Housing, water, electricity, gas and 302.66 12
other fuels

05 Furnishings, household equipment 68.54 12
and routine household maintenance

06 Health 35.46 7

07 Transport 138.65 13

08 Communication 25.21 3

09 Recreation and culture 110.85 20

10 Education 6.66 3

11 Restaurants and hotels 46.57 3

12 Miscellaneous goods and services 70.23 12

01-12 Individual consumption expenditure  1000.00 109

of households

Source: Destatidon 4-digit COICOP-level.



Table 2

Correlation of inflation sentiment indicators and slected core measures
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USA (1978:1-2006:4)

Mom sWMm

tr 20

S S S S
gV 1.00 0.97 0.09 0.85 0.95
s 1.00 0.09 0.82 0.93
g¥om 1.00 -0.03 0.02
g\Med 1.00 0.91
g 1.00

West Germany (1985:1 — 1998:4)

SMed Slef SMom sWMed g 20
gV 1.00 0.89 -0.29 0.84 0.82
P 1.00 -0.17 0.79 0.74
gVom 1.00 -0.11 -0.14
g\Med 1.00 0.94
Sl 1.00

Germany (1993:1 — 2007:4)

SMed Slef SMom sWMed g 20
sV 1.00 0.97 -0.26 0.88 0.94
o 1.00 -0.25 0.87 0.91
gVom 1.00 -0.38 -0.29
g\Med 1.00 0.94
g 1.00




Table 3
Forecast accuracy of alternative Phillips curves, BA, 1978:1 — 2006:4

x=GDP X = unemployment rate
h sMeli sDiﬂ sMom sWMm S&r 20 SMed sDiﬂ SMom SVWVIai slr 20
1IRMSFH 0.91 0.92 1.08 0.93 0.94 0.92 0.93 111 094 0.96
DM |-1.80** -1.53* 1.17 -1.17  -1.28/ -1.55* -1.30* 1.66** -0.99 -0.88
MDM |-1.79** -1.52* 1.16 -1.16  -1.27| -1.54* -1.29 1.65* -0.98 0.87
2RMSFH 0.87 0.86 1.18 0.92 0.85 0.85 0.85 118 091 0.84
DM | -1.47* -1.51* 217** -1.24 -1.51*%| -1.74* -1.78* 239 -1.18 -1.73*
MDM | -1.44* -1.48* 2.13* -1.22 -1.48*| -1.71* -1.75* 235* -1.16 -1.70**
3RMSFH 0.85 0.85 1.16 0.93 0.84 0.83 0.83 115 091 0.85
DM |-1.67* -1.69** 2.56** -1.09 -1.82*%|-1.99* -1.98* 247** .137* -2.31*
MDM | -1.62* -1.64* 2.49** -1.06 -1.77**|-1.93* -1.92** 240** -1.33* -2.24**
4RMSFH 0.83 0.84 1.18 0.86 0.82 0.86 0.86 124 0.89 0.85
DM |-2.01** -2.07** 3.35** -1.67* -2.02*| -1.61* -1.66** 2.95** -1.35* -1.62*
MDM |-1.93* -1.98* 3.21** -1.60* -1.94*| -1.54* -1.59* 2.83** -1.29 -1.55*
5RMSFH 0.82 0.82 1.18 0.82 0.78 0.81 0.81 119 o081 0.77
DM | -1.99** -2.25% 2.63** -2,02* -2.18% |-2.25% -2.53%* 265%* -2.36%* -2 4%
MDM |-1.88* -2.13* 2.49** -1.91* -2.06** |-2.13* -2.39%* 25]%* .2 23+ .2 28
6RMSFEH 0.84 0.83 1.18 0.83 0.79 0.81 0.80 118 0.79 0.74
DM |-2.37%* -2.85%* 3. 11%* -1.89% -2.32% |-2.20% -2.46** 2.33%* -2.16* -2.40***
MDM |-2.21* -2.66*** 2.90** -1.76** -2.17**|-2.05** -2.30** 2.18* -2.02** -2.24*
7RMSFH 0.83 0.81 1.17 0.81 0.77 0.76 0.75 112 0.73 0.69
DM |-2.66*** -3.83%** 3.46%%* -1.02%% -2.21% |-2 4Q%** 2 73%* ] Q7* 2. 42%%* 2 G+
MDM |-2.45%** -3,53*%* 3 1Q9%*x .1 77+ -2,03* |-229% -251%* ]81* -223% -240%*
8RMSFH 0.80 0.79 1.13 0.76 0.75 0.74 0.72 1.09 0.68 0.65
DM |-2.56** -2.95%* 2.10* -2.18% -1.95% |-2.61** -2.75%* 124 -2.92%*.2 76**
MDM |-2.32%* -2.68** 191* -1.98* -1.77**|-2.37* -2.50*** 1.13 -2.65%*-250**

Notes: The Table reports the RMSFE relative to Rindlips curve benchmark model. Relative RMFSEs
smaller than 1 are documented in bold print. The léngth is set to minimize the Schwarz-information
criteria. (M)DM indicates the (modified) Diebold-Mano test statistic. *** (**) (*) denotes signifance at
the 0.99 (0.95) (0.90) level.



Table 4
Encompassing test, USA, 1978:1-2006:4
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x = GDP X = unemployment rate

h sMa:l leTf SMorn sV\Mai Slr 20 SMed leTf SMorn sV\Mai
1 DM | 2.38** 2.24*  0.61 2.27** 2.01*| 2.36** 2.21* 0.29 2.28* 1.87*
MDM| 2.37** 223 0.61 2.26* 2.00*| 2.35* 220* 029 27 1.86*
2DM | 1.91* 195  (0.13 2.43** 1.95* | 2.16* 2.18* -0.01 2.33** 2.15*
MDM| 1.88** 1.92**  0.13 2.39%* 1.92* | 2.12** 2.14* -0.01 2.29* 211*
3 DM | 2.11* 2.25%  0.09 2.66%* 2.44%* | 2.42%* 2.46**  (0.22 2.37** 3.15%*
MDM| 2.05** 218  0.09 2.58%* 237* | 2.35** 239 (0.21 2.30* 3.06***
4 DM | 2.45%=* 2.66** -0.07 2.87%* 2.71%* | 217" 231" -0.86 2.29** 2.31*
MDM| 2.35** 255%* .0.07 2.75%* 2.60** | 2.08** 221* -0.82 2.20** 221*
5 DM | 2.39** 2.75%*  0.16 3.09** 2.68** | 2.63** 2.94**  (0.18 3.00** 2.92%*
MDM| 2.26** 2.60** 0.15 2.92%* 254%* | 2 Q% 278%* (017 2.84*™* 2.76%*
6] DM | 2.81*%** 3.39**  (0.22 3.71%* 3.21%* | 251%* 2.78%* (.39 2.80™* 2.67**
MDM| 2.62*** 3.17**  0.21 3.46** 3.00*** | 2.34** 2.60** 0.36 2.61*** 2.49**
7| DM | 3.12%* 4.09**  0.08 3.72%* 3.24** | 2.64%* 2.85%* 1,02 3.02%* 2.73%*
MDM| 2.87** 3.77**  0.07 3.43%* 2.08%* | 2 43%* 2 62%* (.94 2.78%* 2 51%*
8| DM | 2.75%* 3.21**  (0.52 4.05™* 2.96** | 2.78** 2.02%* 105 3.67* 2.94%*
MDM| 2.50%** 2.91** 047 3.67** 2.69** | 2.52%* 265+ (.95 3.33%* 267

Notes: The lag length is set to minimize the Sclaviaformation criteria. (M)DM indicates the (moditl)
Diebold-Mariano test statistic. *** (**) (*) dertes significance at the 0.99 (0.95) (0.90) level.

Table 5
Results of forecast breakdown tests, USA, 1978:12®4
x=GDP X = unemployment rate
h sMa:l leTf sMom SWMecI str20 sMa:l SDlt‘f sMom SWMecI
1] 1.00 1.50* 1.20* 1.40* 1.50* 1.20 1.40* 1.20 1.50* 1.70**
2| 0.48 0.99 1.20* 1.00 1.10 0.77 0.95 1.30* 1.10 1.10
3| 0.13 0.40 0.74 0.64 0.65 0.58 0.54 0.83 1.00 1.00
4| 0.59 0.69 1.10 0.76 0.95 1.10 0.84 0.91 1.10 1.10
5 0.39 0.33 0.84 0.59 0.66 1.30 0.99 0.97 1.20 1.20
6| 0.56 0.60 0.82 0.48 0.93 1.20 1.10 0.97 0.98 1.20
7| 0.44 0.71 0.93 0.24 0.88 1.20 0.83 0.85 0.85 1.30
8| 0.63 0.81 0.81 0.36 0.95 0.98 0.33 0.89 0.57 1.20

Notes: The Table reports the FB-test statisticd. (**) (*) denotes significance at the 0.99 (0.98).90)

level. Throughout the estimation the lag lengtfixisd to 4.



Table 6
Forecast accuracy of alternative Phillips curves, &many

West Germany1985:1- 1998:«

x=GDP X = unemployment rate
sMed leﬂ SMom S\M\Aai S\rZO sMed SDiff SMom sWMm slr 20
1|RMSFE| 0.85 0.85 0.94 094 097 0.99 1.00 1.01 1.05 1.06
DM -0.55 -0.55 -025 -0.21 -0.1 -0.05 -0.02 0.05 0.22 0.29
MDM | -054 -054 -025 -0.21 -0.1( -0.05 -0.02 0.05 0.22 0.28
2|RMSFE| 0.77 0.70 0.94 098 0.95 0.96 0.89 1.00 1.01 1.05
DM -1.20 -1.10 -035 -0.11 -0.23 -0.20 -0.36 0.02 0.02 0.17
MDM | -1.13  -1.04 -0.33 -0.10 -0.22 -0.19 -0.34 0.02 0.02 0.16
3|RMSFE| 0.77 0.70 0.86 0.85 0.82 0.90 0.88 0.89 0.90 0.93
DM | -1.88* -1.75** -2.98** -3.17** -1.69**| -0.51 -055 -0.83 059 -0.32
MDM | -1.70* -1.58* -2.69** -2.86*** -1.53*| -0.46 -0.50 -0.75 -0.53 -0.29
4| RMSFE| 0.52 0.50 0.85 082 0.63 0.98 0.75 0.78 0.77 0.84
DM |-2.23* -1.78* -0.83 -1.23 -2.23" NA -1.50*  -1.58* -1.79** -1.40*
MDM |-1.92** -1.53* -0.71 -1.06 -1.92*7 0.00 -1.29  -1.36* -1.54* -1.20
Germany1993:1- 2007:«
x = GDP X = unemployment rate
sMed leﬂ SMom S\M\Aai S\rZO sMed SDiff SMom sWMm slr 20
1|RMSFE| 0.95 1.01 1.18 1.02 1.02 1.06 1.19 1.24 1.16 1.09
DM -0.65 0.05 1.89** 0.22 0.25 0.73  1.93* 2.60** 1.63* 0.96
MDM | -0.64 0.05 1.86** 0.22 0.25 0.72  1.90** 256** 1.61* 0.95
2|RMSFE| 0.86 1.05 121 1.01 1.01 1.06 1.16 1.27 1.26 1.14
DM -1.05 0.51 1.37* 0.05 0.04 0.53 2.97**1.87* 3.05* 1.20
MDM | -1.00 0.49 1.31* 0.05 0.09 0.51 2.84**1.79* 292+ 115
3|RMSFE| 0.85 1.04 120 0.96 1.00 1.06 1.21 1.18 1.22 1.13
DM -0.85 0.28 1.70* -0.24 0.02 0.34 1.45* 1.28 1.26 0.74
MDM | -0.79 0.26 1.57* -0.22 0.02 0.31 134 91 117 0.69
4|RMSFE| 0.84 0.97 1.23 095 1.04 1.12 1.24 1.28 1.29 1.18
DM -0.80 -0.15 2.60*** -0.25 0.28 0.63 1.47* 2.39%* 150*  1.17
MDM | -0.72  -0.13  2.32* -0.22 0.25 0.56 1.31* 2.14* 1.34* 1.05

Notes: The Table reports the RMSFE relative to Rnlips curve benchmark model. Relative RMSFEs
smaller than 1 are documented in bold print. The léngth is set to minimize the Schwarz-information
criteria. (M)DM indicates the (modified) Diebold-Mano test statistic. *** (**) (*) denotes signifance at
the 0.99 (0.95) (0.90) level.



Table 7
Encompassing tests, Germany

West Germany, 1985:1 — 1998:4

x = GDP X = unemployment rate
h sMet:l SDIﬂ SMom SWMecI str20 sMet:l SDIﬂ SMom SVWIsi str20

DM 1.38* 1.45* 1.06 151 1.34¢ 1.30* 1.29* .08 134  1.27
MDM | 1.36* 1.42* 1.04 1.48*  1.32% 1.28 1.27 1.06 .32* 1.25
2l DM | 1.78* 1.92* 117 2.08* 2.00*| 1.34* 151 1.08 1.59* 1.53*
MDM | 1.68* 1.81* 1.10 1.96* 1.89*| 1.27 1.43* 2 1.50*  1.44*
3| DM | 2.86%* 3.29%* 243%* 3 0%+ 3.12%* | 223 272%x DG83 17F* 2 68%
MDM | 2.58%* 2.97%* 220% 3.25%* 2.82%* [ 2.02** 246% 2.42* 2.86™* 2.42*
4 DM | 2.03* 2.20* 1.18 2.43** 210* | 1.47* 1.67** 1.44* 1.76** 1.65*
MDM | 1.75** 1.89** 1.01 2.09* 1.81*| 1.26 1.44* 24 1.51% 1.42*
Germany, 1993:1 — 1998:4
x = GDP X = unemployment rate

h sMed sDiﬂ sMom sWMm s(r20 sMed sDiﬂ sMom sWMai s(r20

DM |2.77+%* 190 -0.20 0.95 2.01*| 1.18 0.00 -0.73 -0.01 18.
MDM | 2.73** 1.87** -0.20 0.94 1.98**| 1.16 0.00 -0.72 -0.01 16.
2 DM |[2.73%* 235%* (.16 126 2.41%% 2.15%* 1.37* 0.00 -0.85  1.63*
MDM | 2.61*** 225  0.15 121  2.31%| 2.06** 1.31* 0.00 -0.81  1.56*
3 DM | 2.07% 177  0.18 1.03  2.01%| 1.47* 0.52 0.66 0.09 1.29
MDM | 1.92= 1.64*  0.17 0.95 1.86* 1.36* 0.48 061 (B 1.19
4 DM | 2.05%  1.43* -0.08 0.86  2.22* 1.32* 1.05 -0.13  0.07 1.37*
MDM | 1.83* 1.28 -0.07 0.77 1.98% 1.18 0.94 -0.12 ®.0 1.22

=

=

Notes: The lag length is set to minimize the Sclaviaformation criteria. (M)DM indicates the (modit)
Diebold-Mariano test statistic. *** (**) (*) denes significance at the 0.99 (0.95) (0.90) level.



Table 8
Forecast breakdown tests, Germany

24

West Germany, 1985:1 — 1998:4

x=GDP X = unemployment rate
h sMa:l SDlﬂ sMom sV\Mai Slr 20 sMa:l leTf sMom SWMecI str20
1 -2.12 -2.09 -1.70 -1.63  -1.38 -1.51 -1.52 -1.43 -0.82 -0.76
2| -2.54 -2.96 231 -1.25  -1.39 -1.80 -2.11 -2.27 -0.45 -0.89
3| -2.48 -3.12 -254 -145 -1.62 -1.47 -1.96 -2.44 -0.43 -1.03
4| -3.48 -3.25 -1.71 199  -2.16 -2.24 -2.11 -1.93 -0.80 -1.42

Germany, 1993:1 — 2007:4

x=GDP X = unemployment rate
h sMed sDiff sMom stVIai slr 20 sMed sDiﬂ sMom sWMm s(r20
1 1.6* 2% 0.5 1.60* 2.00%* | 2.2* 2% 0.91 1.60* 2.10*
2 1.2 1.9%* 0.67 1.50* 2.30% | 2.1* 1.7 0.69 1.30* 2.30*
3 1.2 0.82 0.6 0.78  2.00% | 2.1* 0.86 0.35 0.79 2.20*
4/ 1.8* 1 0.54 0.91  2.80%* | 3+ 1.4* 0.28 0.99  2.90**

Notes: The Table reports the FB-test statisticd. (**) (*) denotes significance at the 0.99 (0.98).90)
level. Throughout the estimation the lag lengtfixisd to 2.



Appendix A: Unit root tests

Table A1

Unit root tests, USA (1978:1-2006:4)

Seri Augmented Dickey- Fuller KPSS
eries
Levels First differences Levels First differences
GDP -3.07 -4.07*** 0.05 0.04
U -3.74** -4.68*** 0.06 0.07
Vs -2.51 -12.41%** 0.19** 0.07
Vs -3.95* -2.63* 0.20** 0.05
773 -4.04** -4.09*** 0.20** 0.08
s -3.45* -3.30** 0.20** 0.13
s -3.78* -4.,18*** 0.20** 0.14
s -4.36*** -2.48 0.20** 0.20
Vi -3.57** -3.23** 0.20** 0.25
Vs -2.88 -3.70%** 0.20** 0.31
she -4.79%* -5.64%** 0.11 0.17
s -7.56%* -5.59%* 0.11 0.13
gVom -4.06%* -10.49%+* 0.06 0.13
gMed -2.83 -5.37%*= 0.09 0.08
gr0 -4.30%** -5.33*** 0.14* 0.03

Notes: For the ADF tests, the lag length is autaraly selected based on AIC. The only exogenous
variable in the first-differenced model is a constavhile the test in levels also includes a timend.
The null hypothesis states that the time seriesahasit root. The test statistics are compared with
MacKinnon (1996) one-sided p-values. *** (**) (*)ethotes rejection of the null hypothesis at the 0.99
(0.95) (0.90) level.
For the KPSS tests, the bandwidth is automaticslgcted based on a Newey-West using a Bartlett
kernel. The only exogenous variable in the firgtedenced model is a constant, while the testwele
also includes a time trend. The null hypothesisestthat the time series is (trend-) stationahg fEst
statistics are compared with the critical valuesrfrKwiatkowski-Phillips-Schmidt-Shin (1992, Table
1). *** (**) (*) denotes rejection of the null hypbesis at the 0.99 (0.95) (0.90) level.



Table A2
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Augmented Dickey-Fuller unit root tests, Germany

West Germany, 1985:1-1998:4

Germany, 1993:1-2004:4

Series
Levels First differences Levels First differences
GDP -1.49 -2.35 -1.92 -7.30%*=
U -2.35 -2.44 -1.68 -3.60***
Vs -1.05 -10.74%* -3.57* -11.06***
Vs -1.50 -4, 54*** -2.28 -7.43***
Vs -0.87 -4.80%** -1.72 -2.60*
m -1.91 -1.27 -2.44 -3.42%*
sV -1.51 -11.05%** -6.81%+* -10.79%+*
Pt -1.17 -9.83*** -3.88** -10.72%**
ghom -7.26%** -2.51 -10.43** -6.15%+
gied -5.94*** -9.05%** -7.05%** -11.99%**
S -5.82%+* -8.63*** -7.26** -11.08%**

Notes: The lag length is automatically selectecetiam AIC. The only exogenous variable in the first
differenced model is a constant, while the tedeuels also includes a time trend. The null hypsihe
states that the time series has a unit root. Tétestatistics are compared with MacKinnon (1996)-on
sided p-values. *** (**) (*) denotes rejection dié null hypothesis at the 0.99 (0.95) (0.90) level.

Table A3:

KPSS unit root tests, Germany

West Germany, 1985:1-1998:4

Germany, 1993:1-2004:4

Series
Levels First differences Levels First difference
GDP 0.19** 0.24 0.12* 0.11
u 0.20** 0.25 0.16** 0.43*
T 0.23** 0.12 0.25%* 0.11
b 0.23** 0.17 0.25%* 0.42*
T 0.23** 0.29 0.25%* 0.53**
b 0.23** 0.29 0.22%* 0.51**
ghed 0.18** 0.09 0.17* 0.06
S 0.14* 0.12 0.10 0.04
ghom 0.10 0.05 0.03 0.11
gMed 0.15** 0.06 0.19** 0.08
g 0.16** 0.05 0.19** 0.06

Notes: The bandwidth is automatically selected thase a Newey-West using a Bartlett kernel. The
only exogenous variable in the first-differenceddelois a constant, while the test in levels also in
cludes a time trend. The null hypothesis statesthi@time series is (trend-) stationary. The séstis-
tics are compared with the critical values from Ktkbwski-Phillips-Schmidt-Shin (1992, Table 1).

*x (x%) (*) denotes rejection of the null hypothésat the 0.99 (0.95) (0.90) level.





