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Non-Technical Summary

Headline inflation rates reflect a combination of price changes that arise from various sources that can
be temporary or persistent. On the other hand, underlying or trend inflation refers to persistent price
changes but is not a directly observable variable. Therefore, from a policy perspective, it remains crucial
to have measures tracking underlying price changes accurately. In addition to the existing signal-to-noise

problem, the recent high inflation period posed additional challenges to understanding these dynamics.

This paper aims to investigate trend inflation in the euro area both for individual countries and in
the aggregate. Conventional measures of trend inflation, such as core inflation that removes food and
energy prices or simple time-series filters come with methodological caveats. For example, food and
energy prices, although volatile, can also have persistent components. Moreover, aggregating inflation
data across countries and/or sectors can mask significant differences. To address these challenges with
conventional measures, we use a refined approach relying on unobserved component models to esti-
mate trend inflation. To do so, we combine information from both the cross-sectional and time-series
dimensions of the series. The analysis uses two lenses: (1) country-level perspective showing differences
in trend inflation across the 19 euro area members and (2) sector-level perspective exploring how sec-
tors (e.g., non-energy industrial goods, services) contribute differently to inflation dynamics. Using these
econometric models, various measures of trend inflation are estimated. In addition, we empirically assess

the performance of these novel measures and compare them with existing ones.

The empirical findings show that accounting for heterogeneity improves our understanding of the
EA inflation. It matters not only to uncover differences underneath the aggregate series, but also in more
general terms. First, trend inflation estimates vary significantly between both countries and sectors, par-
ticularly in the post-pandemic period. Goods initially drove trend inflation, followed by a rising contri-
bution from services. Secondly, using multivariate models that incorporate sector-level or country-level
data tend to outperform traditional univariate models in terms of precision and tracking of future headline
inflation. Lastly, comparing various novel estimates and existing measures shows that no single measure

perfectly captures underlying inflation, so policymakers should ideally use a combination of tools.
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Abstract

This study investigates the dynamics of trend inflation for both the euro area (EA) countries and
the aggregate rates of the EA. To this aim, trend inflation rates are estimated using various forms of a
flexible unobserved components model, allowing for outliers and stochastic volatility. Using granular
sector-level data for country-level applications provides a finer comparison between the member
countries. Both models exploiting the sector and country levels are considered for the euro area to
understand the underlying dynamics more thoroughly. In addition, alternative estimates for the euro
area are obtained by combining country-level results. The results show that the use of multivariate
models improves precision and outperforms the univariate models at longer horizons. A horse race
between these estimates and the other popular measures from the literature, such as PCCI, supercore,
etc., shows that no single metric outperforms the others. Therefore, it remains crucial to have various

measures in the toolbox of policymakers as they complement each other.
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1 Introduction

The recent high inflation environment necessitated a greater understanding of the extent of persistent
components in headline inflation. Lagarde (2023) explicitly emphasised the importance of underlying
inflation dynamics as part of the ECB’s monetary policy reaction function in the recent high inflation
and uncertain environment. However, disentangling the underlying inflation is challenging for several

reasons.

First, some price changes are short-lived and might be related to an idiosyncratic shock or, more gen-
erally, temporarily responding to an economic cycle. On the other hand, some prices are affected more
frequently by outliers or display greater volatility, making it challenging to pinpoint long-term persistent
changes. In that respect, a signal-extraction problem must be solved. The second challenge arises directly
from the nature of the data. The inflation rate is a macroeconomic variable obtained by aggregating indi-
vidual sector-level price changes using their weights from a representative commodity basket consumed
by households. However, as remarked by Altissimo et al. (2006), the cross-sectional aggregation of indi-
vidual time-series might not be as innocent as it seems. That is to say, aggregation of series with different
persistence and volatility characteristics can give rise to wash-out underlying dynamics in the series.
They consider this potential mechanism to explain the puzzling behaviour that aggregate inflation rates
have high persistence, whereas sectoral inflation rates display minimal persistence. Therefore, both the
signal extraction problem and the nature of the aggregation process are essential to understanding the

underlying inflation dynamics.

In Europe, the puzzling behaviour of inflation rates has attracted much attention since the Great
Recession. “Twin puzzles” as explained in Friedrich (2016) refer to the surprisingly muted reaction of
inflation rates to the business cycle during the recession and the subsequent recovery period. Although
some papers (Coibion and Gorodnichenko, 2015; Mazumder, 2018) attempt to explain them relying on
structural factors such as the role of well-anchored expectations, others (Bobeica and Jarocinski, 2017;
Ciccarelli et al., 2017) claim that domestic and external factors related to the cycle played a crucial role.
Although the evidence on the causes of the puzzles is far from conclusive, it is generally inferred that the

underlying or trend inflation has shifted during this period.

As underlying inflation is not directly observed, different techniques have been applied to headline
rates to obtain its permanent slow-changing component. The most conventional proxy for underlying
inflation is core inflation, computed by excluding food and energy sectors from the Harmonised Index
of Consumer Prices (HICP) in the EA. However, this measure heavily relies on the assumption that food
and energy prices are very volatile and not persistent, so we can obtain a trend component by excluding

them from the headline rates. An interesting empirical fact noted by Mazumder (2018) is that between



2012 and 2015, headline inflation in the euro area declined more than core inflation measured by the
HICP, excluding food and energy. Peersman (2022) shows that changes in international food prices play
an important role in explaining the inflation puzzles. Using US data, on the other hand, Giri (2022) finds
evidence of a disconnect between conventional core inflation and headline inflation, while energy prices
seem related to headline inflation at a broad range of frequencies. Thus, it might be essential to consider

the potential changes in food and energy prices that the conventional core measure cannot capture.

Following the low inflation period, inflation rates have increased substantially in recent years. Ini-
tially, the shocks related to the pandemic, such as supply-chain disruptions and the reopening of the
economies after a period of stringent measures, put pressure on prices. As noted in Bodndr et al. (2020)
and Lane (2021), the impacts of the pandemic in different sectors have been remarkably heterogeneous.
In the beginning, rising prices were mainly attributed to temporary factors and, therefore, can be related
to the cyclical component of inflation rather than underlying inflation. However, another series of shocks
pushed prices further up following the war in Ukraine since February 2022. These shocks led to an en-
ergy crisis accompanied by an increase in food and commodity prices. The unprecedented nature of these
shocks and potential interactions made the existing signal extraction problem in inflation dynamics even
more complicated. Although underlying inflation is recognised to have increased recently, the greater
uncertainty surrounding the economy is also reflected in the wide range of underlying inflation measures

monitored by the ECB, such as trimmed means, Supercore and PCCI, as mentioned in Lane (2023).]

This study investigates the underlying inflation in the euro area, considering two different sources
of heterogeneity from both countries and sectors. To dissect trend inflation dynamics using a dual lens,
various trend inflation measures are estimated based on an unobserved components model as proposed
by Stock and Watson (2020) and its extensions. Then, I compare the performance of these measures
based on several empirical criteria related to the precision of estimates and tracking future headline infla-
tion. There are two groups of empirical applications. First, trend inflation rates are estimated using four
different models separately for 19 European Monetary Union (EMU) countries. The models consist of
univariate and multivariate-sector econometric models from Stock and Watson (2020) and extensions to
obtain the trend estimates suggested by Almuzara and Sbordone (2022). The multivariate-sector model
and extensions rely on granular data from 11 sectors to produce country-level trend inflation estimates.
Comparing trend inflation estimates across countries shows that heterogeneity became more evident after
the pandemic. The results suggest that the sectoral decomposition of the underlying inflation rates mat-
ters for understanding heterogeneity. Acknowledging the high uncertainty implied by the wider credible
intervals in the post-pandemic, it is shown that the multivariate models outperform the univariate version

in most countries. Secondly, I estimate trend inflation measures for the euro area aggregate. In addition

'Ehrmann et al. (2018) explains these measures in detail.



to the four models mentioned above, I propose another multivariate specification. This approach exploits
the country’s inflation rates rather than sectors, defined as a multivariate-country model. Lastly, alterna-
tive measures of trend inflation are computed by pooling the country-weighted average of the individual

country results estimated in the first part.

The contributions of the paper are several-fold. First, I provide a novel application of Stock and
Watson (2020) for 19 EMU countries individually. As noted in several papers, (e.g., Marcellino et al.,
2003; Garnier et al., 2015; Vlekke et al., 2020), despite the presence of the monetary union, the inflation
dynamics in the member countries were considerably diversified in the pre-pandemic period. In the recent
period, although prices have increased globally, there have been significant variations in both the level of
inflation rates and also the evolution of these rates as emphasised by Binici et al. (2022). In that respect,
the empirical analysis allows me to compare the underlying inflation estimates at the country level in the
area. To the best of my knowledge, this is the first attempt to systematically understand the heterogeneity
across European countries and sectors, focusing primarily on the post-pandemic period. Considering the
presence of unusual shocks affecting different sectors and their varying effects in the countries, it aims
to uncover the dynamics beyond the aggregate data using a flexible statistical approach.? Secondly, 1
extend the application of the multivariate model to the country dimension rather than focusing on sectoral
inflation rates. This approach addresses two different sources of heterogeneity in the euro area inflation
rates. The first is emerging from the differences between the sectoral inflation rates, whereas the second
is related to the disparity of the country-level inflation rates in the monetary union. I also produce trend
estimates based on the extension suggested by Almuzara and Sbordone (2022). Moreover, alternative
trend inflation measures are proposed for the euro area by applying the multivariate sector model to the
individual countries and pooling the results. From a policymaker’s perspective, it remains essential to
know how useful these different underlying inflation measures are in assessing the inflation outlook’s
evolution and better informing policy decisions. As highlighted by Banbura et al. (2023), Lane (2023),
among others, there has been great uncertainty among the different underlying inflation measures of the
euro area after the pandemic. Therefore, an empirical assessment based on several metrics, precision,
root mean square errors, and lead-lag analysis, is conducted to understand the usefulness of different
measures. In addition to comparing trends estimated in this paper, I also assess the performance of these
trend inflation measures relative to others, such as conventional core inflation, other frequency exclusion
measures, Supercore, and PCCL? The results show that it is important to inform policy decisions using
various models, especially in a high-uncertainty environment, as no single model outperforms at all

horizons.

2This study relies on a reduced form model and does not aim to investigate structural relations on different shocks affecting
the economy in the recent period. Banbura et al. (2023) provides a comprehensive analysis of the estimation of different shocks
affecting core inflation in the euro area.

3The HICP excluding food and energy is referred to as core inflation in the euro area.



The plan of the paper is as follows. Section 2 provides a review of the literature. Section 3 discusses
the data, and Section 4 describes the methodology. Section 5 presents the estimation results and provides

an empirical assessment for different measures. Section 6 concludes the study.

2 Literature Review

In order to estimate the permanent, or trend, component of the inflation, various methods with different
levels of statistical complexity are proposed in the literature. There are three strands of the literature.
The first approach relies on cross-sectional exclusion measures. These sectors are excluded following
the specification of the most volatile items in the aggregate inflation series. The trend measure is con-
structed as the weighted average of the remaining sectors. The implicit assumption in this technique
is that the sectors displaying high volatility tend to have low intrinsic persistence. Therefore, a trend
inflation measure that would reflect only persistent movements can be obtained by excluding volatile
sectors. To illustrate, HICP, which excludes energy, food, alcohol, and tobacco produced by the ECB,
core inflation based on PCE of the US Bureau of Labor Statistics, weighted median and the trimmed
mean proposed by Bryan and Cecchetti (1994), CPI excluding eight items by Clark (2001), optimally
trimmed mean by Dolmas (2005) rely on trend inflation measures obtained by the exclusion of specific

components.

In these approaches, although there are advantages of the low computational cost and the simplicity
of conveying information to the public (Nickel and O’Brien, 2018), they suffer from considerable lim-
itations. To begin with, the excluded items, such as food and energy, to avoid volatile movements are
highly likely to be important in the consumption decision. On the other hand, the tacit assumption that
the highly volatile components tend to display lower persistence is questionable. In fact, Ehrmann et al.
(2018) show that the volatility and persistence measures are not necessarily inversely correlated. To il-
lustrate, some energy components such as gas, heat, and electricity exhibit high persistence and volatility
levels. Removing the energy component from the trend would also leave out the persistent price move-
ments, which is counter-intuitive. The exclusion measures may considerably lead to the contraction of

the information set and mislead policy.

The second strand of the literature focuses on the time-series dimension to estimate trend inflation.
Among univariate approaches*, Nelson and Schwert (1977) suggest an integrated moving average model
for the estimation of trend inflation. Atkeson and Ohanian (2001) propose a “naive” quarterly estimator

based on inflation in the previous four quarters. Alternatively, Cogley (2002) suggests a novel core infla-

4On the multivariate approach, Coibion and Gorodnichenko (2015), Chan et al. (2018), and Mertens and Nason (2020)
mainly focus on the estimation of trend inflation related to real macroeconomic variables such as unemployment or output gap
and also the inflation expectations



tion measure relying on exponential smoothing methods. As trend inflation, by definition, represents the
low-frequency, permanent movements of the inflation series, a low-pass filter allowing for these move-
ments to be decomposed is utilised. A seminal paper, Stock and Watson (2007), uses an unobserved
components model. Aggregate inflation comprises a trend and a cycle component in their setup. Then,
trend inflation is modelled as a random walk process with stochastic volatility. Their main finding regard-
ing the Great Moderation period is that the inflation rate becomes harder to forecast despite declining
volatility. In that respect, modelling trend inflation, the long-term expectation of inflation series, beyond
the univariate models, becomes a challenging task. As pointed out in many papers, such as Cogley et al.
(2010), Clark and Davig (2011), in addition to Stock and Watson (2007), the inclusion of stochastic
volatility in trend inflation models is crucial. This strand of the literature enriched the modelling dynam-
ics by considering both the persistence of trend inflation and the changing volatility without imposing
any assumption on the relation between these features. Unlike the exclusion measures, these approaches
incorporate time-series properties of inflation rates. However, working directly with the aggregate infla-
tion series causes the undermining of rich sector dynamics. As emphasised by Altissimo et al. (2006,
2009), aggregation can give rise to severe problems if the individual prices are heterogeneous and the
extent of common movement is limited. From another aspect, Marcellino et al. (2003) study whether it
is better to use the euro area aggregate prices or to model them at the country level and then pool them
into aggregate series regarding forecast performance. Their results confirm considerable gains from mod-
elling disaggregate prices rather than using the aggregate variable. Overall, both the exclusion measures
and the time-series model focusing on the aggregate inflation rate suffer from different methodological

drawbacks.

An alternative approach is to incorporate the cross-sectional and the time-series dynamics of prices
in a unified frame. In that respect, the focus is to model sectoral inflation rates rather than aggregate
inflation. Hubrich (2005) compares forecasting of aggregate series relative to aggregation of the sector-
level forecasts using the monthly data throughout 1992:01 to 2001:12 in the euro area. They emphasise
the possibility of having improved or deteriorated forecasts using the aggregated version of the sectoral
forecasts. While considering that the dynamic properties of the series at the disaggregated level might
improve the precision, it is also possible to have more misspecification problems in the disaggregated
data. They especially underline this problem related to the sectors for which forecasting is difficult, such
as food and energy. The empirical results, where five sectors, processed and unprocessed food, industrial
goods, energy and services are included, confirm that using the disaggregated data does not necessarily
improve the precision. Bilke and Stracca (2007) suggest a novel measure using 93 components of the
monthly HICP for the euro area throughout 1995:01 and 2007:01. After modelling each price change

as autoregressive processes, they determine the persistence of each measure by summing the autore-



gressive coefficients. Then, they re-weight each sector according to their persistence to construct the
core inflation measure. Their empirical results confirm that the conventionally excluded sectors display
a greater persistence coefficient than their original weights. Altissimo et al. (2009) estimate a dynamic
factor model using 404 sectors in the euro area for 1985:Q1-2004:Q2. They allow each sector to have
idiosyncratic and common components to uncover heterogeneity among the sectors. The results confirm
that although the idiosyncratic shocks primarily drive the sectoral inflation rates, one common compo-
nent also affects the sectors. Moreover, they point out that a greater degree of persistence in the original
aggregate inflation series is affected not only by the cross-sectional aggregation procedure but also by
the high persistence of services inflation. Stock and Watson (2016) suggest an unobserved components
model with stochastic volatility and outliers to estimate trend inflation in the United States. They use
prices from 17 sectors of the PCE for the period of 1959:Q1-2015:Q2. The empirical results suggest that
the multivariate econometric model produces more precise estimates than the univariate model. Stock
and Watson (2020) extend the former paper to a seasonal unobserved components model with stochastic
volatility and outliers and conduct an application to the aggregate euro area inflation data for 2001:Q2-
2018:Q1. Banbura and Bobeica (2020) propose a novel trend inflation measure using a dynamic factor
model for the euro area.’ Following estimating a low-frequency common component using the sectoral
inflation rates in 12 countries, they construct the PCCI using their relative weights in the consumption
basket and the euro area, respectively. Extending the univariate model by Stock and Watson (2007), Eo
et al. (2023) allows for a time-varying correlation of goods and services trend to investigate their relative
contribution to the volatility of trend estimates in the US. They find that the goods sector mainly drives

the lower volatility in trend inflation.

3 Data

The data series are monthly harmonised consumer price indexes for sectors and headlines, annual sec-
tor weights, and annual country weights. These series were retrieved from Eurostat. The data are not
seasonally adjusted and cover the period from 2001:M04 to 2023:M09. 11 sectors are classified accord-
ing to the product type by classification of individual consumption by purpose (COICOP). As shown in
Table 1, there are six goods®, and five sectors belong to services. The data set includes 19 countries as
listed in Table B.3 and the euro area aggregate series.” The different frequencies of the series are con-

verted following Stock and Watson (2020). That is to say, the monthly price indexes are converted into

SDifferent from Stock and Watson (2020), they impose the stationarity assumption to the inflation rates. Moreover, the trend
inflation is constructed using only common factors, and the idiosyncratic sectoral dynamics are excluded. They estimate the
model after removing outliers from the data and seasonally adjust the series using ARIMA-X12.

SNEIG stands for non-energy industrial goods.

"The euro area aggregate refers to the euro area with the changing composition of countries as defined in the official
statistics.



quarterly data by taking the monthly averages. Then, the quarterly inflation rates are calculated as log
differences of the indexes multiplied by 400.® The data on the alternative underlying inflation measures’
were retrieved from the Statistical Data Warehouse of the ECB.

Table 1: Sectors by product type

Goods Services
Food Industrial Communication
Processed NEIG Durable Housing

Unprocessed NEIG Semi-durable Miscellaneous
NEIG Non-durable  Recreation
Energy Transportation

The annual sector and the country weights are converted into quarter frequency using the Kalman
smoother as in Stock and Watson (2020). The country (sector) weights represent the share of each country
(sector) in the EA (the consumer basket of the country) and add up to 100. Table B.2 shows the average
weights of sectors in each country and each country’s average weights in the euro area aggregate. Food
and energy sectors, which are conventionally excluded from the core inflation, comprise approximately
30 per cent of the basket for most countries. Unlike other countries, the weights are higher than 40 per
cent in the central and eastern EA countries. The share of non-energy industrial goods forms approxi-
mately one-fourth of the basket, ranging between 23 per cent in Ireland and 30 per cent in Luxembourg.
Therefore, the goods category is nearly 60 per cent of the consumption basket, whereas the services
represent around 40 per cent. Among the services, recreation is generally the largest sector with a great
level of dispersion that can be as high as a quarter of the basket in Ireland to 12 per cent in Germany.
After recreation, the greater weights are related to housing, miscellaneous, and transportation services.
Therefore, beyond the price changes, the decomposition of the consumption basket also contributes to
the differences across countries. Concerning the weight of countries in the euro area aggregate, the four

big countries, Germany, France, Italy, and Spain, account for nearly 78 per cent of the area.

Figure 1 shows the headline inflation rate in the euro area (blue-dotted lines) and the range of the
rates in the countries and sector inflation rates, respectively. The euro area headline inflation rates are
computed as weighted averages of these countries and sectors. The EA headline inflation rate had been
relatively stable, around 2 per cent, before the Great Recession and displayed an inverse U shape before
reaching -0.6 in July 2009. In the following years, it recovered to its pre-crisis level. However, after
2012, the inflation rate declined gradually despite the economic recovery from the twin crises. Except

for a short period in 2018, the rates remained below two per cent. Following the start of the pandemic, the

8Following the analysis, the results are converted into monthly rates as the underlying inflation measures are usually reported
at this frequency. Using monthly rates in the analysis is computationally costly due to the model’s flexibility and tends to produce
more erratic results.

9Table B.1 provide a summary of these measures.
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Figure 1: The euro area headline inflation rates

implementation of stringent lockdown measures in 2020: Q2 hampered demand strongly, and the inflation
rates turned negative in the second half of 2020. However, the inflation rate increased substantially from
2021 due to a series of unusual shocks caused by global supply chain disruptions, the reopening of
economies, and the war in Ukraine. Following the peak at 10.6 per cent in October, the inflation rates

started to decline due to the receding shocks and ample monetary policy tightening by the ECB.'°

As evident from the range of country headline inflation rates (left) and sector inflation rates (right),
the aggregate series camouflages the intrinsic features of these granular series. To start with the country
dimension, although the euro area inflation rate was very stable before the global financial crisis, the fig-
ure shows great disparities among the countries.'! As shown in Figure A.1 in the appendix, inflation rates
have been relatively volatile in the countries that joined the euro area later, as represented in the bottom
panel. Similarly, the inflation rates changed abruptly around the crises in countries like Greece, Ireland,
and Portugal, which were severely affected by the debt crisis. However, the figure suggests that the de-
cline in rates from 2012 is evident in both the aggregate level and individual countries, as indicated by
the shrinking range of the interval. Moreover, the narrowing interval also implies the higher convergence
of the inflation rates in the euro area. Since the summer of 2021, on the other hand, the inflation rates
have diverged, as shown by the widening range of inflation rates. Although the gap started to shrink after
reaching the peak in August 2022, there is still considerable heterogeneity in the disinflation processes

of these countries.

Concerning the sectors, the range of the figure on the right shows that the price changes of the
sectors tend to be more volatile than the headline inflation rates. In the appendix, figure A.2 shows that

heterogeneity is even greater if one considers the behaviour of price changes in different sectors. As

10The ECB started to increase interest rates in July 2022. From July 2022 to September 2023, the rates increased by 450
basis points.
"The range also includes the headline rates of the late joiners to the EA.
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Figure 2: The contribution of sectors to headline inflation

conventionally known, food and energy prices display greater volatility, whereas prices of NEIG and
services change relatively smoothly. On the other hand, these volatile sectors do not necessarily show
lower persistence compared to the others. To illustrate, the price changes in energy seem persistently low
after 2011. Moreover, the figure shows that even prices in the sectors known to vary slowly have surged
substantially in the recent inflation period. Therefore, the figures suggest that the behaviour of sectoral

price changes is not as simple as the assumption of persistence volatility trade-off.

To further inspect the sources of these price changes, Figure 2 shows the contribution of different
sectors to the annual euro area inflation in percentage points from 2002:M1 to 2023:M09. During the
Great Recession, the sectoral contribution to aggregate prices shrank for all sectors, and even the energy
sector contributed negatively. The partial recovery from 2010 was reversed around late 2011, and the
services and energy prices initially drove the decline. Then, non-energy industrial goods and food prices
followed in the next years. Once again, the contribution of the energy prices was negative from 2013

until late 2016.

In the recent inflation surge period, the contribution of all sectors to the headline inflation increased
considerably. However, the role of the energy sector was prominent. Following the reversal of declining
energy prices in 2021:Q1, the energy sector’s contribution increased substantially in the following period.
The war in Ukraine exacerbated the existing pressures, and the contribution to headline inflation reached
4.45 percentage points in October 2022. Since then, the contribution of energy has declined and turned

negative in the second half of 2023.

Similarly, higher contributions from food prices skyrocketed after the start of the war in Ukraine

and climbed above three percentage points in early 2023. In another goods sector, the contribution of



NEIG to the headline followed an upward trend as early as 2021, resulting from supply chain disrup-
tions and supply-demand mismatches after the reopening of economies. Contrary to the historically low
contribution to headline inflation, the higher prices in the sector escalated the pressures further, and the
contribution peaked at 1.74 percentage points only in February 2023. Therefore, the figure shows that
the contribution of goods to headline inflation has been very substantial in the last years, and this pattern
reversed since early 2023. On the other hand, higher prices in the services sector later affected headline
inflation than goods. The contribution by services started to increase slightly after the reopening in the
summer of 2021. However, the contribution increased gradually over the following two years, reaching
2.47 percentage points in July 2023. Despite the recent signs of easing pressures in the services sector,

the relatively persistent nature of this sector can imply a slower decline compared to the goods sector.

4 Methodology

This paper uses an unobserved components model with stochastic volatility. The model used in the
paper originated from the seminal paper by Stock and Watson (2007), which introduces an univariate
unobserved components model with stochastic volatility describing the inflation process better than the
Phillips curve type multivariate models. Extending upon the paper, Stock and Watson (2016) develops
a multivariate unobserved components model with stochastic volatility and outliers. The model incor-
porates sector-level data in a dynamic factor model with time-varying factor loadings. More recently,
Stock and Watson (2020) extended this approach to model a seasonal component in addition to trend
and cycle.'? In this paper, I use the model specified by Stock and Watson (2020), and the extensions are

based on this model. More specifically, factor estimation relies on dynamic factor models.

4.1 Univariate Econometric Model

The univariate econometric model estimates trend inflation by decomposing the aggregate inflation rate
into three sub-components: trend, cycle, and seasonal, as shown in the measurement Equation 1. Each
component is obtained by relying on specifications reflecting their distinct characteristics. That is to say,
the trend is described as in Equation 2 so that it captures the low-frequency, persistent movements in
the original series. It follows a random walk process and represents the expected long-term inflation
rate. On the other hand, the cyclical component, Equation 3, is a martingale difference sequence, but it
includes a process represented by x; to capture the outliers in the cycle. x, = 1 with probability 1 — p

when there is no outlier in the cycle, and x; ~ U(2, 10) with probability p when there is an outlier with a

12 A5 shown in Stock and Watson (2016), there are no gains from having time-varying factor loadings, so the loadings are not
time-varying in Stock and Watson (2020).
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standard deviation two to ten times higher than the other observations detected in the cycle. The outlier
x; 1s independent of the innovations of the state and volatility equations (5). The seasonal component
is defined in Equation 4. Following Harvey (1989), there are two assumptions imposed on the seasonal
component. Firstly, the seasonal component must repeat itself in the same quarter of the year. That is to
SAYs ST/ T = ST 4k 4d|T for all 7’ > T. Moreover, the seasonal components cancel each other out in a
year. As we do not expect to see seasonality in annual frequency, the cumulative effect over one year is

zero as expressed by Y7_; ST ki = 0.

m=T+&+s ey

T = T—1 + OAcs Vs 2

& = Og 1 X Vg 3)

St 4 St—1+8—2 +8-3 = Oy Vs 4

In summary, the model is represented by the measurement (1) and the state equations (2-4) in levels.
The volatility equation shown by Equation 5 indicates that the logarithm of volatility follows a random
walk process where k = AT, €, 5. Moreover, (Uazs, Ve, Vs, Az s Nes, Ns,e) are assumed to be distributed

independently and identically normal with zero mean and unit variance.

Aln(szJ) = YNkt )

The univariate model requires initial conditions on trend 7, seasonal component (s_3,5_2,5_1,50),
and the volatilities In(0az0),In(0e0),n(0y0). Moreover, priors on the scale of variance innovations
(Yaz, Ye, %) and the outlier probability p are needed. The initial conditions are assumed to have indepen-
dent diffuse Gaussian priors. The priors on the scales of trend, seasonal, and cyclical innovation variances
follow uniform distributions, and the prior probability of outliers follows a beta distribution.'® The model
is estimated using Markov Chain Monte Carlo Methods. Following the initialisation of draws by 10,000
iterations, 50,000 iterations are conducted, saving every ten draws to estimate the model. In order to deal
with the non-Gaussian measurement error, a 10-component mixture of normal distributions is utilised as

suggested by Omori et al. (2007).

Using the decomposition of headline inflation rate 7, trend inflation is estimated by the univariate
unobserved components model. This model is called U-HICP and is used for country and euro area

applications. For the euro area, an additional measure is constructed by pooling the country estimates

13The online appendix of Stock and Watson (2016) explains the details of prior selection and initial conditions. I follow the
parameters directly from Stock and Watson (2016) and Stock and Watson (2020) except for the prior parameters on the outlier
probability. Considering the greater frequency of outliers in the recent pandemic period, the parameters are loosened such that
there can be an outlier each year, contrary to the original paper, allowing for only one outlier in each of four years.
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from the U-HICP model results. The new measure, U-HICP-P, is obtained as a weighted average of

U-HICP trend estimates of the countries. The country weights are retrieved from the data in Table B.2.

4.2 Multivariate Econometric Models

Multivariate-sector model (MS-HICP)

The multivariate econometric model has a measurement equation similar to Equation 1. However, on
the left-hand side, there are sector-level inflation rates rather than headline inflation, as in the univariate
model. The inflation rate of the sector i at time ¢ consists of three sub-components, as shown in the
measurement equation 6.

=1 +¢€+s (6)

Each of the three components consists of common and sector-specific or idiosyncratic components, as

represented by ¢ and s, respectively. Thus, in open form, it can be written as:

n'tl = a[TTc.,t + Tt + aiegc,t + Et + afvsc;t + Ss.t (7)

i i i
T & St

Instead of capturing the persistent component of headline inflation rates as in the univariate model, the
multivariate-sector model focuses on modelling the persistent component of each sector’s inflation rate.
In this approach, the sectors are modelled together, and each sector’s trend inflation consists of two

different components, as shown in Equation 8.
T =0 T+ Ty ®)

7., shows the common trend shared across all sectors and loaded into the trend in sector i by o coeffi-
cient. The common trend component captures the persistent changes influencing many sectors economy-
wide. On the other hand, 7, represents the idiosyncratic trend affected by sector-specific changes. Sim-
ilar to the univariate model Equation 2, both the common and the sector-specific trend inflation follow
random walk processes. Also, the state equations for the seasonal and cyclical components hold similarly.

The volatility equations are also modelled as logarithmic random walk processes.

In the multivariate model, the initial conditions are required for both the common and sector-specific
trend, seasonal component, and volatilities. In addition to that, similar to the univariate model, the pri-
ors on the scale of variance innovations and the outlier probability p and priors on factor loading must
be specified. In order to identify the components and the factor loading separately, we are required to

impose two normalisations. In addition to these normalisations, the initial conditions and the priors are
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the same as in the univariate model. The first normalisation is to characterise the common components
and the sector-specific components individually. For this reason, it is assumed that the common compo-
nents (trend, seasonal, and log volatilities) are zero initially. The second normalisation is to differentiate
between the factor loading and the common factors, requiring the standard deviation of common factors
to be one. After imposing the normalisation and setting the initials and priors, the model is estimated by

60,000 Markov Chain Monte Carlo (MCMC) iterations.

Following the estimation of sector trends, the aggregate trend inflation is constructed by weighting
the trend of each sector by their shares in the consumption basket. The multivariate-sector trend (MS-

HICP) is represented as:
N

=) Wi(OitTes+ Tsy) 9
i=1

where N shows the number of sectors and w;is the share of each sector in the consumption basket.

Multivariate-country model (MC-HICP)

In addition to the MS-HICP model suggested by Stock and Watson (2016), one can also consider
another dimension of disaggregation through countries for the euro area application. The area consists of
many countries characterised by different features. Considering the heterogeneity underneath the infla-
tion rates of these countries, there can be potential gains from modelling them together in the multivariate
setting. Thus, the multivariate econometric model can be applied from a country-level aspect. This sec-
ond version of the multivariate model uses headline inflation rates in each member country to produce
the estimates for the euro area aggregate. In this model, the common and country-specific components
are considered differently from the first version, which deals with common and idiosyncratic components
among the sectors in a particular country or the euro area. This model can be applied only to the euro area
aggregate, which differs from the multivariate-sector model. Assuming that each country is represented

by j, trend inflation in the euro area can be shown as:
K
T= ) @j(0cTes+ Tjy) (10)
j=1
where K shows the number of countries in the area and @j;is the share of each country in the euro area.l*

Multivariate core trend (MCT-XFE and MCT-XE)

Alternatively, Almuzara and Sbordone (2022) proposes an underlying inflation measure based on

Stock and Watson (2016). Following the estimation of the model using the measurement and state equa-

141 use K = 12 to include these countries that have been in the euro area since the beginning of the sample in 2001.
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tions, they suggest obtaining trend inflation by excluding food and energy sectors in the aggregation
procedure. In that respect, although the model includes the dynamics of these sectors in the estimation
process, they are excluded ex-post from trend inflation estimates. Thus, different from Equation 9 in the
multivariate-sector model, the multivariate core trend, MCT-XFE, is represented as:

NI

7= Y Wi (OirTes+ Tis) (11)
=1

=

where N shows the number of sectors except for food and energy and w/is the share of each sector
adjusted for food and energy in the consumption basket. Similarly, one can also consider excluding only

the energy sector in the aggregation process; this model is called MCT-XE.

Finally, similar to the measure obtained by pooling the univariate country results, U-HICP-P, I also
consider pooling the separate country results of the multivariate-sector model, MS-HICP-P, and multi-
variate core trends, MCT-XFE-P, and MCT-XE-P for the euro area aggregate trend inflation estimates.
Overall, four different measures from the U-HICP, MS-HICP, MCT-XFE and MCT-XE are estimated for
the country-level applications. In addition to these four measures, MC-HICP and the pooling measures,

U-HICP-P, MS-HICP-P, MCT-XFE-P, and MCT-XE-P, are used for the euro-area aggregate.

S Empirical Results

The unobserved component models estimate trend inflation by decomposing headline series into trend,
cyclical, and seasonal components. In the estimation process, the dynamic features of each component

are considered, as explained in Section 4. This section is divided into two main subsections.

The first part provides trend inflation estimates for the euro area countries from a comparative per-
spective. Based on MCT-XFE model estimates, I investigate country-level patterns. Trend estimates are
decomposed in two ways to understand the evolution of these patterns after the pandemic. The first de-
composition provides the extent to which goods and services drive trend inflation. Secondly, the estimates
are decomposed into common and sector-specific components to examine each country’s underlying in-
flation drivers. After discussing the estimates from different models, the potential precision gains from
using different models are investigated at the country level. Lastly, the performance of these trend in-
flation estimates and the conventional core inflation measures are assessed in terms of predicting future

headline inflation.

In the following subsection, the aggregate euro area results are discussed. Similar to the country
results, the estimates from various models and the decomposition are presented. In addition to the models

used in the individual country analyses, the euro area results also include the multivariate-country model
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estimates and pooled estimates obtained using the country-level results of the first part. Following the
estimation results, I empirically assess these estimates and compare them to the other existing measures
in the literature, including core inflation, trimmed means, and PCCI; table B.1 summarises the measures
used in the comparison in addition to the novel measures. The assessments are based on several criteria,
including bias and volatility properties, tracking long-term movements in the headline inflation, and

leading properties as in Bafibura and Bobeica (2020).

5.1 Countries
5.1.1 Estimation Results

Figure 3 shows trend estimates using the multivariate-sector model but excludes food and energy sectors
after the estimation suggested by Almuzara and Sbordone (2022).!> The results allow us to understand
the evolution of the overall inflation outlook in the sample period and compare the member countries. As
evident in the figure, the trend inflation estimates suggest great heterogeneity across different countries.
In the first decade, the trend was around two per cent and followed a smooth pattern, especially in the
big countries. Among the four biggest countries, trend inflation in Germany is shown to be the smoothest
and less responsive to economic changes. The estimate shows that trend inflation has been systematically
below two per cent except for the recent period. Trend inflation estimates declined considerably in the
other members, such as the Netherlands, Portugal, and Spain, potentially reflecting the convergence after
the formation of the monetary union. On the other hand, the estimates suggest very volatile underly-
ing inflation dynamics that are well above two per cent in the countries that later joined the union. The
empirical results confirm that there were downward adjustments in the trend inflation estimates around
the Great Recession period for most of these countries. The extent of the decline is more limited and
smoother in the core countries like Germany and France. The break around the crisis was very abrupt,
on the other hand, in the Baltic States and Ireland. Compared to the other countries, the trend estimates
suggest a greater reduction of the Irish trend rate, which recovered only partially afterwards. The esti-
mated trend of inflation rates shows that the decline occurred, especially after the sovereign debt crisis
in countries like Greece, Spain, and Portugal. Moreover, the results also confirm the gradual decline in
the level of trend inflation for the majority of the countries during the 2010s in line with the missing
inflation as discussed by Ciccarelli et al. (2017), and Bobeica and Jarocinski (2017). Thus, the decline of
the trend estimates after the crises shows that these events affected the structural dynamics of inflation
rates beyond temporary movements related to the business cycle. Koester et al. (2021) emphasise that a

mix of cyclical factors, structural trends such as globalisation, demographic changes and positive supply

SFigure A.3 shows full set of estimates for the countries. Also, Figure A.4 presents the estimated outliers in the cylical
component of energy.
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shocks played a role in low inflation in this period.
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Figure 3: The euro area countries trend inflation estimates

Following a decade of muted inflation, in the aftermath of the pandemic, the trend estimates skyrock-
eted to historically high levels and showed massive volatility. The figure shows that the dispersion across
the member countries also increased substantially. In most countries, the trend rates decreased immedi-
ately in the second quarter of 2020. The reaction of trend inflation in Germany was relatively subdued in
the initial phase of the pandemic and started to increase in late 2020. Like Germany, the trend estimates in
Austria and Ireland exceeded two per cent as early as the first quarter of 2021. Other countries followed
the rise of trend estimates beyond the threshold over the year. The estimates show that Spain, France,

and Italy reacted in the last quarter of the year or early 2022. These estimates show there is an increase
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in trend inflation for all countries. However, they also indicate there are substantial differences across

countries. The initial drivers of the inflation rates were mainly related to international factors, such as

supply chain issues followed by the upsurge in food and commodity prices after the invasion of Ukraine.

Since most of these pressures arise from imported inflation, Baba et al. (2023) mentions that it can be

unexpected to see such a great divergence across the countries. However, the market structure in these

sectors and the ability of firms to pass through the increasing costs potentially played a role. In addition

to the external factors, the rapid opening of the economies with the recovery pushed the services infla-

tion closely linked to the domestic component of the inflation rates as discussed by BIS (2023). In that

respect, the inflation of services could also have played a role in the diverse experiences of the member

countries.
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Figure 4: Decomposition of trend inflation by sectors (countries)

Note: The vertical scales are different for EE, LT, LV, and SK.

As the multivariate sector models estimate trend inflation for each sector, disentangling the sec-

tor dynamics beyond the aggregate trend inflation rates is possible. Figure 4 shows the contribution of



goods and services sectors to trend estimates.'® As expected, the initial phase of inflation in 2021 has
been driven mainly by the goods sector affected by supply-chain disruptions. In that respect, the earlier
responses in the group of countries greatly reflect the more substantial pass-through of international pres-
sures on the goods sector. Unlike Germany, these impacts were limited until late 2021 in Italy, France and
Spain. The decomposition shows that the underlying pressures in the services sector have also greatly
contributed to the rising inflation in Spain compared to the others. In general, the contribution of services
relative to goods has remained limited until mid-2022. Following the ease of supply issues affecting the
goods sector and the intense pent-up demand, especially in the services, the contribution of this sector
has also increased considerably from the second half of 2022. As explained by Di Giovanni et al. (2022),
BIS (2023), the shift in consumption from services to goods in the earlier phase of the pandemic reversed
later on and affected the relative price of these sectors. The empirical results also confirm the change in
the sectoral dynamics for the trend inflation estimates in the euro area countries. This pattern seems
even stronger in the countries that experienced more significant and earlier increases in goods trend as

discussed.

As the figure suggests, trend inflation estimates for Central and Eastern European countries have
increased more than those of other countries. The goods-services decomposition shows that although the
relative contribution of the goods sector to trend inflation outpaced the services in these countries, both
sectors pushed trend inflation further up compared to the countries. In that respect, Falagiarda (2024)
shows that in addition to the greater impact of energy price changes on these countries due to their higher
dependence on Russian energy and higher energy intensity in production, domestic factors such as tighter

labour markets also played an important role on the severe rise of prices.

Figure 5 shows the decomposition of trend estimates into sector-specific and common components
in the countries. Unlike the shocks affecting sectoral prices, the common component reflects widespread
pressures in many sectors. The common component of trend inflation tends to be either negative or very
small in most countries until mid-2021. However, after that, the estimates suggest that the underlying
prices started to rise in all sectors and, therefore, became broad-based, as reflected by the extent of
common components. On the other hand, following the peak of the contribution reflecting economy-wide
price pressures around late 2022 to early 2023, the common trends have started to decline substantially.
Therefore, the evidence suggests that the recent disinflation dynamics emerged from the alleviation of
broad economic pressures rather than reflecting sector-level declines, such as the NEIG sector, after the

dissipation of supply-chain disruptions.

16Figure B.4, in the appendix, shows the average relative contributions of four sectors: food, energy, NEIG and services to
trend inflation estimate in more detail.
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Figure 5: Decomposition of trend inflation by components (countries)
Note: The vertical scales are different for EE, LT, LV, and SK.

5.1.2 Empirical Assessment

This subsection provides an empirical assessment of these different measures to understand their relative

performance based on the precision and tracking of future headline inflation.

First, the credible intervals produced by these different models enable us to understand how precisely
each model estimates trend inflation. In that respect, Figures A.5 show the width of the 68 per cent cred-
ible intervals, averaged for two different sample periods.!” As shown in the figure, except for Belgium
and Latvia, the multivariate models provide more precise estimates, evident from the lower uncertainty
around the estimates in both samples before and after the pandemic.'® On average, the multivariate-sector

model provides 25 per cent narrower estimates compared to the univariate model pre-pandemic. As ev-

17The first sample starts from 2003 to be consistent with the next section’s results for the euro area. The Supercore measure
used in the comparison is available only after 2003.

181 these countries, the univariate model provides more precise estimates. Modelling sectoral inflation rates deteriorates the
precision of trend inflation estimates.
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idenced by the greater difference between the width of credible intervals, the precision gains tend to be
higher in the four biggest countries, Germany, France, Italy, and Spain. Unsurprisingly, the estimation
uncertainty reduces further in the multivariate core trend models due to excluding food or food and en-
ergy sectors ex-post the estimation. On average, the model excluding energy shrinks the uncertainty by
around 34 per cent versus excluding food and energy by 48 per cent compared to the multivariate-sector
model. The precision of all models deteriorated to a great extent in the post-pandemic sample, which is in
line with the unusual behaviour of inflation rates historically. Despite the rising uncertainty, the estimates
by the multivariate-sector model also perform better than the univariate estimates. The exclusion of food
and energy shrinks the intervals by almost 60 per cent compared to the multivariate-sector model. In that
respect, the results show the greater role of spiking energy prices on the higher uncertainty. The com-
parison of the credible intervals shows that the multivariate models outperform the univariate model in
terms of precision. Thus, the results obtained by modelling individual sectors and then aggregating them
seem to capture the slowly-moving permanent component of inflation rates better than directly modelling
the aggregate inflation rates. On the other hand, as demonstrated by the lower uncertainty surrounding
the multivariate estimates excluding food and energy, these models provide considerable precision gains

over the inclusion of all sectors.

Although the precision of trend inflation estimates provides an important metric to compare differ-
ent models, it is also crucial to understand how these measures can track the changes in future headline
inflation. Table B.5 shows root mean squared errors (RMSE) of these estimates in addition to two con-
ventionally used underlying inflation measures, headline excluding food and excluding food and energy,
against the future headline inflation at the horizons & = 3,6, 12,24. The results emphasise the importance
of using a set of measures rather than a specific measure, as none of the models outperform each other
across all countries. Although the performance of the estimates varies for the countries and horizons,
several general conclusions can be drawn from the table. First, the traditional measures underperform
considerably against the model-based estimates at all horizons.!® Contrary to the poor precision per-
formance discussed above, the univariate model performs relatively well in most countries to predict

headline inflation three and six months ahead.

On the other hand, the performance of the multivariate model at shorter horizons is better in several
countries, including Belgium, Italy, and the Baltic states. The multivariate sector model generally out-
performs the others by moving the horizon to one year ahead. For predicting two-year-ahead inflation
rates, either the multivariate sector model or the multivariate core trend measures are proven to be useful
depending on the country. In addition to the four biggest countries, the multivariate core trend inflation

outperforms the other measures in Greece, Austria, and the Netherlands. Therefore, the results suggest

O Three exceptions are for h=24, in Belgium, Latvia and Lithuania.
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that these models are useful for predicting future headline inflation rates at various horizons. Whereas
the univariate model tends to outperform at shorter horizons, the multivariate models work better at
longer horizons. The traditionally used measures relying on excluding volatile sectors perform poorly
compared to these estimates. Figures A.6 and A.7 show the time-varying root mean squared errors of
these underlying inflation measures at forecasting one-year ahead and two-year ahead headline inflation
using rolling windows.?® As suggested by the lower RMSEs, the performance of the different underlying
inflation measures has been improved relatively during the 2010s. However, they have increased quite

substantially due to the greater uncertainty after the pandemic.

5.2 Euro area
5.2.1 Estimation Results

For the euro area, trend inflation rates are estimated using the same four models as discussed above
(U-HICP, MS-HICP, MCT-XFE, MCT-XE). In addition to these, I propose an alternative model: the
multivariate-country model, MC-HICP, using the weighted average of countries after modelling each of
them in the multivariate unobserved components model. Lastly, I propose four additional measures based
on the pooling of individual country estimates as presented in Section 5.1 to see if these measures relying

on country information improve upon the other models.

2005 2010 2015 2020
=— MC_HICP =— MCT_XE = MCT_XFE == MS_HICP — U_HICP
Figure 6: Trend inflation estimates for the EA
First, Figure 6 shows the estimation results for the previous four models and the multivariate-country

model. Similar to the country-level estimates, trend inflation estimates using various models also cap-

ture a decline around the Great Recession followed by a partial recovery back to around 2 per cent. The

20The window size is selected as ten years to provide a relatively slow-moving measure.

21



magnitude of the adjustment is relatively great in the univariate model estimates, whereas the other mod-
els suggest a milder decrease. Moreover, all models agree on the gradual decline in the trend estimates
from 2011. On the recent rise of inflation rates, all trend inflation estimates display a large increase from
2021 onwards. However, the extent of the increase is very extreme for the multivariate-country model
estimates. Potentially, the persistent inflation readings above 10 per cent in many countries, including
the ones with the greatest weight in the second half of 2022, pushed the estimates to that level. As the
multivariate-country model takes the commonality across the country dimension different from others,
this result can be explained through the persistence of headline rates in that period. On the other hand,
it has also adjusted down relatively fast compared to the other estimates. Concerning the smoothness
properties, the univariate and multivariate country models tend to behave similarly and are more volatile
than the multivariate sector model. The post-estimation exclusion models, MCT-XE and MCT-XFE,
produce the smoothest estimates among the others. Figure A.8, in the appendix, shows the estimation
results obtained by pooling each corresponding individual country results from the previous section us-
ing their weights for the aggregation. As evidenced from the figure, modelling each country individually
to generate the euro area trend estimates helps to smooth more than estimating the euro area aggregate

independent of which model is used for the estimation.
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Figure 7: Decomposition of trend inflation by sectors (euro area)

The multivariate sector models enable us to decompose trend inflation estimates into goods and ser-
vices, as shown in the previous section. Figure 7 presents the contribution of each sector to trend inflation
estimates by the MCT-XFE model for the euro area.?! The figure shows the goods sector has dominated
the surge in trend inflation estimate. Compared to the month before the pandemic, the share of goods in
trend inflation increased from 16 per cent to 49 per cent in early 2022. Although the contribution from

the services has also increased due to the reopening effects from the summer of 2021, the contribution by

21The multivariate-sector model (MS-HICP) has the exact same decomposition; only the scales are different as all sectors
are included.
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goods to trend outweighed the services sector. The decomposition suggests the shift in the decomposition
from services to goods started to ease in 2023 but is still above the pre-pandemic levels. Recently, the es-
timates suggest that both goods and services sectors contributed to the disinflation, as shown by the lower
rates. However, it is also obvious that the decline in goods has been more dramatic as the contribution

declined from 2.5 percentage points to 0.55 percentage points since the beginning of 2023.

The multivariate model estimates trend inflation as the sum of common and idiosyncratic compo-
nents. To understand the drivers of the recent upsurge in the euro area inflation rates, Figure 8 shows
the decomposition of the MCT-XFE model to these components after 2020. As the figure suggests, trend
inflation has been mainly driven by the common component showing that sector-wide pressures in the
economy have pushed the trend estimate down until late 2021. Beforehand, the increase in trend has been

only marginally associated with the higher sector-specific component.

6.
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Figure 8: Decomposition of trend inflation by components (euro area)

5.2.2 Empirical assessment

This subsection compares these measures among each other in addition to the other measures frequently
used by the ECB as summarised by Banbura et al. (2023). For this reason, the empirical metrics, precision
of the estimates, bias and volatility properties, tracking long-term movements, and leading properties for

headline inflation rates are investigated.
Precision

Figure 9 reports the width of 68 per cent credible intervals averaged over two different sample periods
to understand how precisely various models estimate the trend inflation rates. The results show that using
disaggregated information from sectors or countries in the pre-pandemic period decreases the estimation

uncertainty compared to the univariate model. In the multivariate-sector (-country) model, the credible
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intervals are 32 (21) per cent narrower compared to the univariate model. On the other hand, after the
pandemic, the uncertainty increases considerably for all models. In that case, using disaggregated data
from countries, as in the multivariate-country model, produces more uncertain estimates than univariate
model estimates. As shown in the previous sub-section, the greater heterogeneity across countries could
potentially make the uncertainty greater compared to the sectors. On the other hand, both models, us-

ing the exclusion of volatile sectors after estimation, improved upon other models in both samples as

151
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Figure 9: Precision: the width of the 68 per cent credible intervals

Bias and volatility

In terms of bias and volatility, an ideal underlying inflation measure should have a similar sample
average with the headline inflation but also display lower volatility. Figure 10 shows the trade-off be-
tween bias and volatility of underlying inflation measures in two different samples. The bias is measured
as the difference between average headline inflation and the average underlying inflation measure. The
volatility on the vertical axis represents the coefficient of variation of these different measures. Table
B.6, in the appendix, provides more detailed descriptive statistics of underlying inflation measures and
the headline inflation rates. In the pre-pandemic sample, the average headline inflation rate is 1.63, and
most of these underlying inflation measures have a slight negative bias. On the other hand, after the
pandemic, as shown by the greater negative bias, most of these measures underestimate headline rates
considerably. This pattern is especially valid for the measures excluding food and energy prices, as shown
in the most extreme case by the PCCI-XFE. Despite the substantial deterioration in most of these mea-
sures, trend inflation estimates by the unobserved components model relying on the univariate model,

multivariate-sector, and country models have rather small bias terms. However, the smaller bias comes
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with a cost of higher volatility. In terms of volatility, all underlying measures become worse off in the sec-
ond sub-sample. Among those measures, PCCI-XFE and PCCI produce smoother estimates despite these
estimates tending to underestimate headline inflation. As evidenced by the figure, the pooling estimates
from the multivariate-sector model display slightly higher volatility than the PCCI, but the estimates have
a smaller bias. Overall, pooling country results seem to reduce the volatility of the estimates compared to
the original models using the euro area rates. Therefore, the results confirm that there is no free lunch in

terms of bias volatility trade-off. It is important to know the properties of different underlying inflation

measures.
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Figure 10: Bias and volatility

Tracking the long-term changes

Another criterion for underlying inflation measures is to track long-term movements in the headline
inflation rates. To this aim, Table B.7 shows the root mean squared error of various underlying inflation
measures against two-year and three-year moving averages of headline inflation rates. The table, similar
to the previous results, confirms that it becomes more difficult to track the headline inflation in the second
sample that covers the post-pandemic period. In the first sub-sample, multivariate-sector model estimates,
pooling estimates from the multivariate-sector model, and trimmed means, weighted median measures
perform similarly and outperform other measures to follow the long-term headline inflation rates. In the
second sample, on the other hand, the performance of the multivariate-sector model deteriorates, whereas

the pooling measure remains a top-performing measure similar to trimmed means.
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Figure 11: Average RMSE future inflation, h=3,6,12,24

Leading properties

As underlying inflation is a variable that is used to inform policy decisions, it should ideally provide a
forward-looking view on the evolution of headline inflation. In that respect, it is expected to have leading
properties for the headline inflation. Figure B.8 shows the RMSE of various underlying inflation metrics
against the future headline inflation at h=3,6,9,12.?>At shorter horizons up to one year (left), the figure
shows that the univariate model and its pooled version, and the multivariate-country models outperform
others. On the other hand, the measures excluding food and energy, HICP-XFE, PCCI-XFE, MCT-XFE,
and MCT-XFE-P perform very poorly. Therefore, the results suggest that although these measures, such
as univariate or multivariate-country models, have been shown to have greater volatility, they also provide
a good alternative to understanding the near-term future developments up to a one-year horizon. On the
other hand, the measures excluding certain sectors seem to fail to capture these dynamics of headline
inflation. The figure (right) shows that the pooling estimates of univariate and multivariate-sector models
perform the best among the other measures at a one-year horizon. At two years, PCCI-XFE and MCT-

XFE-P perform relatively well, similar to each other, followed by the MCT-XFE model.

In addition to comparing the mean squared errors, Table B.9 shows the estimation results from the
regression of the difference between the current inflation and 12 months ahead of inflation on underlying
inflation measures. It compares the performance of these underlying inflation measures in two samples,
including and excluding the pandemic period. The left panel, excluding the pandemic, shows that all
these measures tend to display great persistence, as demonstrated by the underlying inflation coefficient.

When the sample period includes the pandemic, then the coefficients belong to the conventional core

22Figure A.9, in the appendix shows the results for h=36.
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measure, and other cross-sectional exclusion measures decline considerably. As shown by R?, the ex-
planatory power of the unobserved components models outperforms the other measures. The main result
is not influenced by the inclusion of the pandemic period. Unlike very similar performances of the pooled
univariate model and the multivariate-sector models, the inclusion of the recent period makes the pooled
univariate model the best-performing measure. Table B.10 demonstrates the maximum correlation be-
tween the underlying inflation measures and the headline inflation in terms of lead-lag properties. As
shown, the conventional cross-sectional exclusion measures and supercore tend to follow headline infla-
tion rather than leading it. On the other hand, PCCI, the univariate model and its pooling version, the
multivariate-sector model and its pooling version, and the multivariate-country model are shown to be
leading indicators for headline inflation in a range of horizons between 1 to 4 months according to the

magnitude of correlation.”

6 Conclusion

This paper investigates the evolution of trend inflation in the nineteen euro area countries and the euro
area aggregate by using unobserved components models based on Stock and Watson (2020). The data
cover the period from 2001:01 to 2023:09. Different from the exclusion-based methods focusing solely
on the cross-sectional information from different sectors and the time-series methods giving attention to
the aggregate inflation series, the method used in this study tackle the estimation of trend inflation with a
unified approach by combining both dimensions. That is to say, both the cross-sectional information and
also the richer time-series dynamics of sectoral inflation are addressed by virtue of the method. There is
no consensus in the literature about estimating trend inflation since it is an unobserved variable. More-
over, the signal-extraction problem becomes further complicated if the data process includes a seasonal
pattern and outliers. The unobserved components model used in the paper permits the address of these
different technical challenges in an appropriate way. Concerning the analysed countries, despite the pres-
ence of a monetary union, the inflation dynamics of these countries exhibit considerable heterogeneity.
For this reason, we aim to conduct the analysis at the country level to unveil the potential difference

between the countries in addition to the aggregate euro area data.

Overall, the empirical results confirm that greater heterogeneity is present not only in the head-
line rates but also embedded in the underlying inflation dynamics, as shown by different levels and the
evolution of trend inflation estimates for the countries. The higher heterogeneity observed in the post-
pandemic period has been mainly affected by the sectoral decomposition of underlying inflation. That

is to say; although the goods sector initially drove the differences, the services contributed afterwards.

23Table B.11 shows underlying inflation measures’ ability to signal headline inflation’s turning points for peak and trough
dates.
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Therefore, both sector and country-level heterogeneities are important to understanding the euro area
inflation dynamics. With regard to the various underlying inflation measures, the results show that the
multivariate-sector model generally tends to produce more precise estimates and performs better at two
to three-year horizons compared to the univariate model. On the other hand, the univariate model can
be useful in understanding shorter horizon dynamics. The results show that the performance of all mea-
sures deteriorated starkly in the post-pandemic period, as reflected by the wider credible intervals, greater
volatility and bias, and lower ability to track future inflation. As shown, it remains crucial to have various

measures at policymakers’ disposal.
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B Tables

Table B.1: Underlying inflation measures

Method CSE | FE |CF
HICPXE Permanent exclusion of energy Yes | No | No
HICPXFE Permanent exclusion of food and energy (core) Yes | No | No
TRMEANxx Temporary exclusion of most volatile sectors (xx per cent from both tails) Yes | No | No
WGT_MEDIAN | Temporary exclusion of most volatile sectors Yes |No | No
SUPERCORE | Temporary exclusion of sectors with low correlation with output gap (ECB 2014, O’Brien | Yes | Yes | No

(2018)
PCCI Unobserved components model for sectors in 12 EA countries Baiibura and Bobeica (2020) | No | Yes | Yest
PCCI_XFE Permanent exclusion of food and energy from PCCI Banbura and Bobeica (2020) Yes | Yes | Yest
U_HICP Unobserved components model for the EA HICP Stock and Watson (2020) No | Yes|No
MS_HICP Multivariate unobserved components model for sectors in the EA Stock and Watson (2020) |No | Yes | Yest
MCT_XFE Permanent exclusion of food and energy after estimation of MUCSVO Almuzara and Sbor- | Yes | Yes | Yest

done (2022)
MCT_XE Permanent exclusion of energy after estimation of MUCSVO (extension) Yes | Yes | Yest
MC_HICP Multivariate unobserved components model for the EA countries (extension) No | Yes| Yestt
U_HICP P Pooling individual country-level estimates from U_HICP (extension) Yes | Yes | No
MS_HICP_P Pooling individual country-level estimates from MS_HICP (extension) No | Yes| YestT
MCT_XE_P Pooling individual country-level estimates from MCT_XE (extension) Yes | Yes | Yest
MCT_XFE_P Pooling individual country-level estimates from MCT_XFE (extension) Yes | Yes | Yest

Note: CSE, FE, and CF stand for Cross-sectional Exclusion, Frequency Exclusion, and Common Factor, respectively.
+ Across sectors, T1 Across countries




Table B.2: Sector and country weights

I

Euro Area  Belgium Germany Estonia Ireland Greece Spain France Italy Cyprus
Processed Food 12.77 13.72 11.76 21.36 14.75 15.07 12.71 13.14 12.54 14.96
Unprocessed Food 6.83 7.17 4.61 8.15 5.49 8.62 10.18 7.33 7.97 7.42
D Industrial 9.69 9.96 9.90 7.40 8.23 6.98 8.57 9.57 9.97 8.74
SD Industrial 10.89 10.47 9.91 11.26 7.97 12.07 11.52 9.89 13.36 10.71
ND Industrial 7.84 9.12 8.12 9.26 6.44 6.33 7.38 8.21 7.01 7.71
Energy 9.65 10.33 11.00 12.85 9.08 7.84 10.58 8.85 8.24 9.13
Communication 2.98 2.94 2.85 4.14 2.96 3.87 333 2.93 2.74 3.50
Housing 10.41 9.13 14.56 4.12 6.95 5.82 7.44 11.03 7.46 4.97
Miscellaneous 7.26 7.38 7.62 4.42 8.51 9.45 4.89 7.76 6.84 8.03
Recreation 14.70 14.85 12.50 12.50 25.54 17.72 18.90 12.51 15.77 20.01
Transportation 6.99 4.93 7.18 4.53 4.07 6.23 4.49 8.78 8.12 4.82
Country Weight 3.51 28.07 0.10 1.38 2.75 11.66 20.51 18.18 0.17
Latvia Lithuania Luxembourg Malta  Netherlands Austria Portugal Slovenia Slovakia Finland
Processed Food 22.01 23.11 19.04 14.37 12.71 11.06 12.96 16.31 18.18 1591
Unprocessed Food 10.07 10.04 4.07 7.01 5.08 4.60 9.70 6.80 7.01 5.88
D Industrial 6.06 7.07 12.48 11.60 11.05 11.09 10.46 10.47 6.77 10.39
SD Industrial 9.48 11.26 10.27 9.91 11.10 11.01 9.44 10.44 8.61 10.44
ND Industrial 9.83 10.30 7.71 8.88 7.87 7.78 8.01 8.64 12.44 8.51
Energy 13.62 13.49 11.61 6.21 9.62 8.15 9.06 12.98 16.10 7.62
Communication 4.25 3.56 1.80 3.13 3.65 2.29 2.96 3.32 4.04 3.03
Housing 4.58 2.90 7.74 491 11.45 8.98 5.87 3.41 5.04 12.24
Miscellaneous 4.20 4.77 6.96 4.90 8.78 7.09 8.90 7.58 4.62 6.56
Recreation 10.52 9.66 13.74 23.47 13.10 21.40 17.00 14.44 13.19 13.82
Transportation 5.38 3.84 4.58 5.60 5.58 6.54 5.63 5.61 4.01 5.60
Country Weight 0.10 0.16 0.29 0.06 5.14 3.25 2.19 0.27 0.47 1.75

Note: The weights add up to 100. For the countries that joined the euro area after 2001, the country weights are calculated as the average of the years they are in the
area. The averages are taken between 2001 to 2023.




Table B.3: Country acronyms

Code Country | Code Country

AT Austria 1T Italy

BE Belgium | LT Lithuania
CY Cyprus LU Luxembourg
DE Germany | LV Latvia

EE Estionia | MT  Malta

GR Greece NL Netherlands
ES Spain PT Portugal

FI Finland SI Slovenia

FR France SK Slovakia

IE Ireland

Table B.4: The contribution of sectors to trend inflation estimates

AT BE CY DE EE GR ES FI FR IE

Food 0.18 025 020 025 028 048 040 027 0.30 0.18
NEIG 023 0.14 0.17 024 0.19 0.16 0.12 020 0.16 0.11
Energy | 0.20 036 037 022 033 0.08 0.18 0.19 026 0.31
Services | 0.39 0.24 0.26 029 020 0.28 031 034 028 0.40

IT LT LU LV MT NL PT SI  SK

Food 029 033 022 044 031 024 0.15 027 041
NEIG 0.18 024 020 0.14 022 025 007 022 0.23
Energy | 029 0.19 027 0.17 0.00 0.19 026 025 0.12
Services | 0.24 0.25 032 025 047 032 051 027 024

Note: The share of each sector averaged between 2020:04 to 2023:09.

42




Table B.5: RMSE future headline inflation (countries)

BE LT
Horizon | XFE XE U_HICP MS_HICP MCT XE MCT _XFE | XFE XE U_HICP MS_HICP MCT_XE MCT_XFE
h=3 1.61 148 0.99 0.71 1.32 1.44 268 1.73 1.26 1.04 1.60 2.50
h=6 1.65 1.59 1.02 0.79 1.42 1.50 3.06 236 1.15 1.10 1.69 2.61
h=12 1.67 1.74 1.34 1.52 1.57 1.59 3.64 3.36 2.65 2.56 2.76 3.22
h=24 1.53 1.65 1.73 2.01 1.64 1.56 3.75 4.00 4.27 4.17 4.00 3.92
DE LU
XFE XE U_HICP MS_HICP MCT_XE MCT_XFE | XFE XE U_HICP MS_HICP MCT_XE MCT_XFE
h=3 1.14  0.97 0.43 0.73 0.89 1.00 1.55 1.51 1.27 1.23 1.40 1.47
h=6 1.22 1.09 0.52 0.84 0.97 1.06 1.63 1.62 1.28 1.30 1.47 1.53
h=12 133  1.29 1.06 1.05 1.12 1.16 1.69 1.74 1.40 1.48 1.61 1.62
h=24 1.39 143 1.53 1.29 1.26 1.25 1.69 1.74 1.63 1.62 1.65 1.63
EE MT
XFE XE U_HICP MS_HICP MCT_XE MCT_XFE | XFE XE U_HICP MS_HICP MCT_XE MCT_XFE
h=3 237 1.86 1.85 1.23 1.76 2.27 1.19 1.03 0.94 0.94 1.03 1.16
h=6 271 2.54 1.96 1.49 2.00 241 147 137 0.91 1.02 1.09 1.20
h=12 341 3.64 2.63 2.74 292 3.06 1.86 1.81 1.08 1.31 1.37 1.42
h=24 393 4.24 3.62 4.03 3.86 3.78 1.76  1.78 1.22 1.34 1.39 1.42
1IE NL
XFE XE U_HICP MS_HICP MCT_XE MCT_XFE | XFE XE U_HICP MS_HICP MCT_XE MCT_XFE
h=3 123  1.18 0.61 0.60 0.87 1.02 1.16 1.10 0.87 0.87 0.94 1.01
h=6 1.46 148 0.63 0.73 0.99 1.09 1.31 131 0.86 0.92 1.02 1.06
h=12 1.91 2.03 1.49 1.38 1.55 1.56 154 1.62 1.08 1.16 1.27 1.24
h=24 228 244 2.42 2.18 2.28 2.23 1.75 1.78 1.50 1.39 1.44 1.39
GR AT
XFE XE U_HICP MS_HICP MCT_XE MCT_XFE | XFE XE U_HICP MS_HICP MCT_XE MCT_XFE
h=3 1.51 1.36 0.67 1.26 1.47 1.64 1.02  0.92 0.47 0.56 0.78 0.87
h=6 1.56 149 0.68 1.29 1.48 1.63 1.14 111 0.51 0.67 0.90 0.97
h=12 1.73  1.71 1.65 1.44 1.53 1.64 125 1.34 1.09 1.05 1.16 1.16
h=24 1.96 1.99 2.38 1.76 1.62 1.70 1.36  1.50 1.51 1.40 1.37 1.29
ES PT
XFE XE U_HICP MS_HICP MCT_XE MCT_XFE | XFE XE U_HICP MS_HICP MCT_XE MCT_XFE
h=3 1.49 1.39 0.72 1.13 1.34 1.48 121 1.10 0.61 1.24 1.34 1.41
h=6 1.63  1.60 0.77 1.25 1.45 1.54 1.30 1.32 0.63 1.23 1.34 1.40
h=12 1.80 1.89 1.49 1.51 1.63 1.64 1.58 1.76 1.30 1.28 1.37 1.42
h=24 1.87 199 2.06 1.71 1.69 1.64 1.88 2.06 2.06 1.46 1.47 1.49
FR SI
XFE XE U_HICP MS_HICP MCT_XE MCT_XFE | XFE XE U_HICP MS_HICP MCT_XE MCT_XFE
h=3 097 0.83 0.42 0.60 0.75 0.89 1.77  1.38 0.72 1.03 1.22 1.51
h=6 1.03  0.97 0.41 0.67 0.82 0.93 192 1.59 0.82 1.15 1.34 1.60
h=12 1.13  1.19 1.06 0.94 1.02 1.04 2.19  2.04 1.51 1.51 1.63 1.82
h=24 1.16 1.23 1.41 1.17 1.15 1.11 228 235 2.18 1.95 1.93 1.98
IT SK
XFE XE U_HICP MS_HICP MCT_XE MCT_XFE | XFE XE U_HICP MS_HICP MCT_XE MCT_XFE
h=3 1.05 0.96 0.70 0.61 0.93 1.05 1.38 1.05 0.81 1.08 1.12 1.47
h=6 .11 1.11 0.71 0.70 1.01 1.10 1.64 142 0.83 1.19 1.24 1.58
h=12 132 140 1.06 1.13 1.22 1.23 2.07 2.06 1.63 1.66 1.74 1.92
h=24 1.53 1.64 1.56 1.63 1.48 1.40 232 2.56 2.51 2.26 2.35 2.26
CY FI
XFE XE U_HICP MS_HICP MCT_XE MCT_XFE | XFE XE U_HICP MS_HICP MCT_XE MCT_XFE
h=3 1.74  1.73 1.12 1.41 1.61 1.77 1.12 0.93 0.46 0.63 0.73 0.96
h=6 1.93 191 1.11 1.47 1.69 1.84 1.19 1.15 0.49 0.68 0.80 0.99
h=12 2.15 2.16 1.46 1.67 1.81 1.91 131 149 0.97 0.94 1.06 1.12
h=24 214 222 1.95 1.90 1.86 1.90 143 1.72 1.49 1.28 1.38 1.31
LV
XFE XE U_HICP MS_HICP MCT_XE MCT_XFE
h=3 2.88 1.84 1.40 1.61 1.95 2.94
h=6 334 272 1.37 1.48 1.84 2.87
h=12 428 4.26 3.44 3.02 3.06 3.58
h=24 474 5.28 5.63 5.08 4.92 4.86
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Table B.6: The descriptives for headline and underlying inflation rates

Bias Volatility
Average SD MAC

Measure Total S1 S2 | Total S1 S2 | Total Sl S2

HICP_AROC 211 1.63 449 | 2.00 096 353 | 024 0.20 0.46
HICP_XE 1.83 147 358 | 141 051 265 | 0.15 O0.11 0.32
HICP_XFE 1.56 131 281 | 1.04 038 197 | 0.15 0.12 0.27
TRIM10 204 163 405 | 1.66 0.74 298 | 0.16 0.13 0.33
TRIM20 1.94 159 366 | 146 0.63 269 | 0.13 0.10 0.30
TRIM30 1.90 1.58 349 | 1.37 058 254 | 0.12 0.08 0.30
WGT_MEDIAN | 190 1.57 348 | 1.33 051 2.51 | 0.14 0.10 0.34
SUPERCORE 1.81 1.52 3.19 | 1.17 044 222 | 0.10 0.08 0.21
PCCI 200 174 328 | 098 041 171 | 0.11 0.08 0.26
PCCI_XFE 1.56 140 239 | 061 026 1.05 | 0.06 0.04 0.14
U_HICP 206 157 450 | 195 099 330 | 021 0.15 0.48
MS_HICP 218 1.69 460 | 1.70 0.64 287 | 0.11 0.05 0.41
MCT_XE 1.78 140 3.63 | 1.39 036 262 | 0.10 0.04 0.39
MCT_XFE 1.51 123 292 | 1.05 030 194 | 0.07 0.03 0.28
MC_HICP_12 2.17 1.68 461 | 192 0.87 333 | 0.17 0.11 0.45
U_HICP_P 1.93 155 379 | 145 0.82 225 0.13 0.10 0.26
MS_HICP_P 209 1.65 425| 149 0.62 239 | 0.09 0.05 0.28
MCT_XE_P 1.74 136 3.61 | 1.30 0.35 230 | 0.07 0.03 0.26
MCT_XFE_P 1.51 122 295| 099 031 1.69 | 0.05 0.02 0.19

Note: SD and MAC stand for Standard Deviation and Mean Absolute Change, respectively. S1 (S2) refers to
the period between 2003:01 to 2020:03 (2020:04-2023:09).

Table B.7: RMSE against the centred moving average of headline inflation

Two-year Three-year
Measure S1 S2  Total | S1 S2  Total
HICP_XE 046 131 069 | 046 139 0.70
HICP_XFE 0.60 191 097 | 053 1.66 0.82
TRIM10 029 099 050 | 042 149 0.71
TRIM20 029 1.14 055 | 036 137 0.64
TRIM30 031 128 061 | 034 137 0.63

WGT_MEDIAN | 0.35 134 0.64 | 032 139 0.63
SUPERCORE 046 152 0.76 | 0.38 140 0.66

PCCI 047 211 099 | 044 175 0.84
PCCI_XFE 059 275 127 | 053 227 1.06
U_HICP 0.59 237 1.13 | 0.66 252 1.20
MS_HICP 028 1.58 0.71 | 0.30 1.80 0.80
MCT_XE 048 170 0.84 | 044 1.76 0.83
MCT_XFE 064 211 1.05 | 058 1.87 0.92
MC_HICP_12 045 232 1.06 | 0.54 252 1.15
U_HICP_P 043 1.67 0.80 | 048 1.53 0.75
MS_HICP_P 031 135 0.63 | 033 1.37 0.65
MCT_XE_P 052 1.53 0.80 | 048 148 0.75

MCT_XFE_P 065 205 104 |05 173 0.89
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Table B.8: RMSE future headline inflation (euro area)

RMSE future inflation

RMSE future inflation (relative to
headline RMSE)

WGT_MEDIAN | 090 1.03 127 145 143

Measure h=3 h=6 h=12 h=24 h=36 | h=3 h=6 h=12 h=24 h=36
HICP_XE 094 1.08 129 144 1.40 158 1.08 091 0.80 0.75
HICP_XFE 1.06 1.13 1.23 135 129|179 1.13 0.86 0.73 0.68
TRIM10 0.71 095 133 1.62 1.64 120 095 094 091 0.89
TRIM20 0.81 1.00 131 1.56 155|136 1.00 0.92 0.87 0.84
TRIM30 0.86 1.03 1.30 1.52 150 |1.44 1.03 092 0.85 0.81

1.51 1.03 0.89 0.80 0.77

SUPERCORE 1.00 1.09 122 136 128 [1.69 1.09 0.86 0.74 0.68
PCCI 0.85 092 1.15 134 138|145 092 0.82 0.74 0.74
PCCI_XFE 1.03 1.07 1.18 1.25 125|173 1.07 0.83 0.68 0.66
U_HICP 044 049 1.14 1.67 1.80 |0.77 049 0.82 093 0.98
MS_HICP 0.63 0.76 1.04 140 154 |1.06 0.76 0.73 0.77 0.83
MCT_XE 0.85 096 1.14 135 140|145 096 0.80 0.74 0.75
MCT_XFE 099 1.06 1.17 129 133 |1.68 1.06 0.82 0.70 0.70
MC_HICP 0.50 0.62 1.12 1.52 1.67 [0.87 0.62 0.78 0.84 0.91
U_HICP_P 045 048 1.01 151 1.66 |0.76 048 0.71 0.83 0.90
MS_HICP_P 065 0.75 1.03 134 147 |1.10 0.75 0.71 0.74 0.79
MCT_XE_P 0.87 096 1.13 129 1.33 149 096 0.79 0.70 0.71
MCT_XFE_P 1.00 1.06 1.15 1.24 128 |1.71 1.06 0.81 0.67 0.67
Table B.9: OLS regression results
2003:01-2020:03 2003:01-2023:09
Measure Intercept Coefficient R> Intercept  Coefficient R?
HICP_XE 0.11 0.99%* 0.28 | 0.40™** 0.47%* 0.05
HICP_XFE 0.28%* 0.99%* 042 | 0.53 0.57** 0.10
TRIM10 -0.05 1.48%* 0.20 | 0.30* 0.73** 0.03
TRIM20 0.01 1.21%* 0.25 | 0.34* 0.50*** 0.03
TRIM30 0.02 1.13%** 0.28 | 0.35*** 0.49*** 0.04
WGT_MEDIAN | 0.02 1.10%** 0.33 | 0.35™ 0.50*** 0.05
SUPERCORE 0.07 1.04%* 042 | 0.40™ 0.56** 0.08
PCCI -0.16** 1.18%* 0.44 0.21* 1.00%** 0.20
PCCI_XFE 0.20%** 0.99*** 042 | 049" 0.61*** 0.14
U_HICP -0.01 1.19%** 0.34 0.16 1.40%** 0.35
MS_HICP -0.16™  1.74% 0.62 0.04 1.87%* 0.36
MCT_XE 0.24** 1.19%%* 047 | 0.51™ 0.94** 0.15
MCT_XFE 0.40%* 1.08%* 048 | 0.67"** 0.84** 0.17
MC_HICP -0.15%* 1.54%* 0.41 -0.01 1.53%** 0.31
U_HICP_P 0.07 1.72%** 0.63 | 0.39™ 2,15 0.58
MS_HICP_P -0.07 1.68"** 0.60 0.18* 1.81* 0.37
MCT_XE_P 0.29** 1.18%* 048 | 0.57 1.03%* 0.19
MCT_XFE_P 0.42%* 1.10%** 049 | 0.69*** 0.89** 0.20

Note: *, ¥* and *** denote 0.1, 0.05, and 0.01 significance levels.
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Table B.10: Lead and lag analysis

Correlation
Measure Max. Lead
HICP_XE -5 0.950
HICP_XFE -4 0.923
TRIM10 -1 0.983
TRIM20 -2 0.975
TRIM30 -3 0.973

WGT_MEDIAN | -3 0.964
SUPERCORE -4 0.943

PCCI 2 0.950
PCCI_XFE 0 0.937
U_HICP 4 0.965
MS_HICP 1 0.951
MCT_XE 0 0.935
MCT_XFE 0 0.933
MC_HICP 4 0.956
U_HICP_P 4 0.975
MS_HICP_P 1 0.958
MCT_XE_P 0 0.944
MCT_XFE_P 0 0.939

Table B.11: Turning points analysis

Peak Dates
HICP_AROC | 2004M05 2005M09 2008M07 2011M11 2017M02 2018M10 2022M10
PCCI X 2006M04 2007M12 2011M04 X 2018M11 2022M06
U_HICP X 2005M08 2007M12 2011M03 X 2018M06 2022MO03
MS_HICP | 2004MO05 X 2008M03 2011M11 X X 2022M12
MCT_XE X X 2008M02 2011M11 2015M05 2017M07 2023MO01
MCT_XFE X X 2007M02 2011M11 2015M05 2017M07 2023MO01
MC_HICP X 2006M06 2008MO02 2011MO03 X 2018M08 2022M04
U_HICP_P X 2005M08 2007M12 2011M03 2018M06 2022MO05
MS_HICP_P X X 2008M03 2011MO05 X X 2022M07
MCT_XE_P X X 2008M02 2011M09 2015M05 2017M08 2022M12
MCT_XFE_P X X 2008M03 2011M09 2015M05 2017MO08 2022M12
Trough Dates
HICP_AROC | 2005M01 2006M10 2009MO07 2015MO01 2018M02 2020M12
PCCI 2005M01 2006M11 2009M11 2015MO01 X 2020M09
U_HICP 2005M02 2006M11 2009M02 2016MO1 X 2020M05
MS_HICP | 2005M01 X 2009M11 X X 2020M09
MCT_XE | 2005MO05 X 2009M11 2014M11 2016M02 2018M11
MCT_XFE | 2005M05 X 2009M11 2014M05 2016M03 2018M11
MC_HICP | 2004MO01 2007M02 2009M06 2015M02 X 2020M08
U_HICP_P | 2005M02 2006M11 2009M02 2016MO01 X 2020M05
MS_HICP_P X X 2009M10 X X 2020M09
MCT_XE_P | 2005M05 X 2009M11 2014M11 2016M02 2018M11
MCT_XFE_P | 2005M05 X 2009M11 2014M05 2016M02 2018M11
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