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Abstract

Which labor market variable best describes labor market developments? What if one series sug-
gests the labor market is tight, while another suggests a different story? To address these questions,
we propose a composite index of labor market tightness called the LUCI: the Labor Utilization
Composite Index. Its goal is to represent the overall cyclical position of the labor market. From a
technical point of view, the LUCI is de�ned as the �rst generalized dynamic principal component
of the cyclical parts of the labor market variables considered. These cyclical parts are �ltered from
the data using a multivariate �lter that decomposes the data into fundamental cyclical develop-
ments, trends, and noise. In addition to being an indicator of overall labor market tightness, we
show that the LUCI is a useful analytical tool. The LUCI serves as a measure of economic slack
that is useful for the estimation of empirical price and wage Phillips curves. Moreover, based
on the LUCI, we construct a measure of demand-driven in�ation, called ‘supercyclical in�ation’,
which helps disentangle demand- and supply-driven in�ation pressures. The LUCI thus enriches
the set of analytical tools available to the Monetary Department of the CNB.

Abstrakt

KterÆ veli�cina trhu prÆce nejlØpe vystihuje vývoj na pracovním trhu? A co kdy� jedna�casovÆ�rada
indikuje, �e trh prÆce je napjatý, zatímco podle jinØ je situace odli�nÆ? Abychom mohli na tyto
otÆzky odpov�ed�et, navrhujeme souhrnný indikÆtor nap�etí na trhu prÆce s nÆzvem LUCI (Labor
Utilization Composite Index). Cílem tohoto indikÆtoru je zachytit celkovou cyklickou pozici trhu
prÆce. Z technickØho hlediska je LUCI de�novÆn jako první generalizovanÆ dynamickÆ hlavní
komponenta cyklických slo�ek uva�ovaných veli�cin trhu prÆce. Tyto cyklickØ slo�ky jsou �ltro-
vÆny z dat pomocí vícerozm�ernØho �ltru, který data rozklÆdÆ na fundamentÆlní cyklický vývoj,
trendy a �um. V tØto prÆci takØ doklÆdÆme, �e vedle svØ funkce indikÆtoru celkovØho nap�etí na
trhu prÆce je LUCI rovn�e� u�ite �cným analytickým nÆstrojem. LUCI slou�í jako ukazatel nevy-
u�itých kapacit, který lze pou�ít pro odhad mzdovØ a cenovØ empirickØ Phillipsovy k�rivky. Na
zÆklad�e indikÆtoru LUCI navíc konstruujeme m�e�rítko poptÆvkovØ in�ace, tzv. �supercyklickou
in�aci�, s její� pomocí lze odd�elit poptÆvkovØ a nabídkovØ in�a�cní tlaky. LUCI tak obohacuje
sadu analytických nÆstroj	u, kterØ mÆ sekce m�enovÆ v�CNB k dispozici.
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1. Introduction

The labor market plays a crucial role in driving domestic in�ationary pressures. To achieve the
objective of price stability, it is therefore of utmost importance for a forward-looking central bank
to monitor labor market tightness. A comprehensive assessment of the cyclical position of the labor
market may be dif�cult when individual time series send con�icting signals. This may happen espe-
cially during turbulent times or periods of unusual shocks, when variables may react with different
intensities and timing. The problem of aggregating individual signals then arises.

In addition to the issue of weighting potentially con�icting messages from different labor market
variables, the signals may be hard to infer, as a movement in a particular variable could be caused by
a reaction to a cyclical shock, a permanent movement unrelated to the business cycle (government
regulation or demography), pure noise or simply a mismeasurement. A comprehensive index may
be able to suppress non-fundamental movements that can obscure a particular series.

In this paper, we propose a comprehensive aggregate labor market indicator, called the LUCI (La-
bor Utilization Composite Index), and demonstrate its usefulness in addressing the aforementioned
challenges. As far as the authors are aware, this is the only indicator of its kind for the Czech
economy, and only a limited number are available for other economies. The primary goal of our
proposed indicator is to aggregate information about the cyclical position of the labor market.

Another challenge for monetary policy lies in the identi�cation of the sources of in�ationary pres-
sures. There is no straightforward and universally-accepted methodology that would address the
question of the decomposition of in�ation into demand and supply (or other) pressures. In this pa-
per, we show that the LUCI can be helpful in this task. Given that the labor market is largely related
to domestic demand, the LUCI can be used for monitoring not only in�ationary pressures stemming
from the labor market, but also those originating from the overall demand environment. In addition,
we demonstrate that the LUCI can also serve as an alternative indicator of overall economic slack.
The LUCI performs well if used in the estimation of price and wage empirical Phillips curves.

The LUCI aggregates information about the cyclical position of a large number of time series into
a single index. To achieve this, the model behind the LUCI decomposes the time series into their
trend and cyclical components using the simultaneous multivariate Kalman �lter. We therefore do
not rely on time series pre�ltering using a univariate statistical �lter. Multivariate �ltration increases
the ef�ciency of the trend-cyclical decomposition compared to the use of unrelated univariate �lters.
The reason is that under multivariate �ltration, the identi�cation of the cyclical component of a
particular time series depends also on the movements in other series. For example, if many time
series comove in a given period, the multivariate �lter can take this into account, resulting in a
potentially more precise identi�cation of the cycle than if univariate �lters are used.

The LUCI aggregates the cyclical parts using a generalized principal component analysis. This
approach has not been previously utilized in the context of the aggregate labor market indicator1.
The model behind the LUCI is formulated as a state-space model, and therefore, the Kalman �lter

1 Methodologically, the closest approach to ours is the one used by Andrle and Br	uha (2017) and by Pierluigi et al.
(2011). Andrle and Br	uha (2017) argue that movements in the trend and cyclical parts of economic variables are
likely driven by different sets of drivers and should therefore be modeled and estimated separately. The model
behind the LUCI �ts into this agenda. Pierluigi et al. (2011) propose an empirical model for the six largest EA
economies that treats trends and cycles separately. However, the motivation for and formulation of their model
differ from the model behind the LUCI.
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machinery can trivially overcome many issues such as missing data, asynchronous data release, and
so on. The Kalman �lter can also be easily used to incorporate expert judgments.

The LUCI has been under development over the past few years. The �rst version by �olc (2017)
was essentially the �rst static principal component analysis applied cyclical components of time
series, where the cyclical components were obtained by applying a univariate statistical �lter. �olc
and Br	uha (2019) then extended the LUCI to a dynamic framework and incorporated multivariate
�ltration. Since then, the time series entering the model have changed several times and the model
has been reformulated and re-estimated. These changes re�ected the CNB staff’s growing experi-
ence with the indicator. This paper presents the current version of the LUCI which is used at the
CNB’s Monetary Department on a regular basis.2

The rest of the paper is organized as follows. The next section 2 reviews the related literature.
Section 3 presents the data that enter the LUCI. Section 4 describes the model behind the LUCI and
discusses its estimation. Section 5 provides selected applications of the LUCI index conducted at
the CNB. The �nal section 6 concludes.

2. Literature Review

The literature on labor market composite indicators is relatively limited. There are, nonetheless,
several papers that serve as an inspiration for us and several papers whose results can be compared
to ours.

One of the inspirations was the Kansas City Fed’s Labor Market Conditions Indicator (LMCI) de-
scribed by Hakkio and Willis (2013). The LMCI utilizes twenty-six variables to construct two
distinct indicators. The �rst indicator is designed to describe the level of activity in the labor mar-
ket, representing the deviation from long-term averages. Meanwhile, the second indicator assesses
the rate of change, re�ecting the speed of labor market improvement or worsening. Static principal
component analysis is employed to derive both measures, yielding the Level of Activity and Rate of
Change indicators as the �rst two computed factors, respectively. Hakkio et al. (2014) demonstrate
that their indicator proves to be valuable not only in describing the cyclical position of the economy
but also in predicting the future development of the labor market.3 A similar application of principal
component analysis on the same task has been conducted by Zmitrowicz and Khan (2014) from the
Bank of Canada. Another interesting example of a composite labor market index was described by
Salamaliki (2019). In his paper, Salamaliki uses a dynamic factor model to estimate labor market
conditions indicators (LMCI) for Greece. He shows that using the unemployment rate alone to de-
scribe the situation on the labor market can be misleading. Baker and Ball (2018) have conducted a
thorough overview of labor market indices used by central banks.

Another noteworthy indicator is presented by Armstrong et al. (2016). Their motivation is simi-
lar to ours, aiming to derive a reliable indicator that describes the labor market effectively, even
when faced with con�icting movements across variables or non-fundamental changes in individual
variables. Their labor utilization composite index comprises seventeen variables and, similarly to
the approach used in Hakkio and Willis (2013), it is computed using static principal component

2 The CNB’s staff also estimated a simpli�ed version of the LUCI for selected EU countries, see Br	uha et al.
(2021a). As an avenue for future research, it would be worth considering estimating a more elaborated version of
the LUCI for countries other than the Czech Republic.
3 The same methodology was used by Vasco Botelho and António Dias da Silva in Economic Bulletin Issue 8,
2019 of the European Central Bank in estimating their composite index.
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analysis. Armstrong et al. (2016) demonstrate that the results are robust to the exclusion of indi-
vidual time series and to the estimation period. From the data perspective, out of the seventeen
variables, only two pertain to the nominal aspect of the labor market, speci�cally nominal unit costs
and average hourly earnings.

Labor market indexes are obviously not just interesting for central banks, but for other institutions
as well. An example is the Conference Board Employment Trends Index (ETI)4, which aggregates
eight labor market indicators to reveal underlying trends in employment conditions. The authors
of the ETI methodology focus on variables that exhibit strong predictive power for employment,
speci�cally emphasizing leading indicators. This means that the ETI is forward-looking rather than
describing the current state. This may be the reason there is no time series originating from the
nominal part of the labor market in the ETI.

Another example of the usefulness of a composite labor market indicator is the 2019�2020 Hayes
Global Skills Index.5 A notable aspect of this index is its division of the seven indicators into
supply-side and demand-side variables, which are subsequently combined. Utilizing a consistent
methodology across the cross-country data set enables insightful international comparisons.

Finally, it has been shown that a properly constructed labor market index can be useful for empirical
models of in�ation. For example, Conti (2021) presents an aggregated index of �nancial and labor
market indicators and shows that it works well for explaining in�ation when used in the Phillips
curve instead of the conventional output or unemployment gap.

3. Data Description

All variables that enter the LUCI are of quarterly frequency. The sample starts in 2000. Although
several time series start later, all time series are available from 2005 onwards. Furthermore, all time
series have undergone seasonal adjustments to remove any seasonal variations. The time series are
also screened for outliers before the computation of the index (and before the estimation as well).
We apply a robust version of the LOESS method (Cleveland, 1979) to identify outliers. Observations
identi�ed as outliers are not used for �ltration6.

The selection of variables was primarily determined by the data availability and its potential predic-
tive capacity and economic signi�cance. The variables can be broadly categorized into two main
groups: those pertaining to the real aspect of the labor market and those related to wages.

Table 1 provides a detailed summary of the variables used, along with its source, the category and
the assumed trend, which is crucial for the construction of the underlying model (see next section).
Figure 1 then displays the individual time series along with the observations identi�ed as outliers.

The real part of the labor market encompasses indicators that track employment, unemployment,
and overall workforce movements. Additionally, it includes variables that describe factors such
as the amount of time spent working, the number of job vacancies, and the level of labor force

4 As of now, there are no published papers available on the ETI; however, additional information can be accessed
on the following web page: https://www.conference-board.org/data/eti.cfm.
5 For further information, please refer to the following web page: https://www.oxfordeconomics.com/resource/the-
hays-global-skills-index-2019-2020/.
6 As the model is formulated in the state-space framework, missing data are straightforwardly handled using the
Kalman �lter.
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Figure 1: Time Series Entering the LUCI

Source: Authors’ calculations
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Table 1: Overview of All the Variables in the LUCI

Variable Source Category Trend
Employment rate Labor Force Sample Survey of CZSO real I(1)
Newly unemployed over labor force MoLSA, CZSO and CNB calculations real I(1)
Hours worked by employees National accounts CZSO real I(1)
ILO unemployment rate Labor Force Sample Survey of CZSO real I(1)
Shortage of labor limiting production in industry European Commission real I(1)
Shortage of labor limiting production in services European Commission real I(1)
Shortage of labor limiting production in building European Commission real I(1)
Unemployment (12 to 24 months) MoLSA real I(1)
Unemployment (3 to 12 months) MoLSA real I(1)
Unemployment (up to 3 months) MoLSA real I(1)
Number of unemployed to one vacancy MoLSA real I(1)
Share of unemployed people MoLSA real I(1)
Full-time equivalent number of employees Wage statistics of CZSO real I(1)
Participation rate Labor Force Sample Survey of CZSO real I(2)
Newly employed over registered unemployed persons MoLSA and CNB calculations real I(1)
Underemployment CZSO real I(1)
Newly created vacancies MoLSA real I(1)
Non-core employment Labor Force Sample Survey of CZSO real I(1)
Employment in (manufacturing) industry CNB calculations real I(1)
Full-time employment CNB calculations real I(1)
Employment in market services CNB calculations real I(1)
Number of registered employees Wage statistics of CZSO real I(1)
Nominal unit labor costs in industry National accounts CZSO wage I(2)
Nominal unit labor costs in market services National accounts CZSO wage I(2)
Real wage in the business sector (adjusted) CNB calculations wage I(2)
Real wage in industry CNB calculations wage I(2)
Real wage in market services CNB calculations wage I(2)
Wage bill National accounts CZSO wage I(2)

participation. Furthermore, variables that indicate demand for labor, such as shortages of labor
limiting production in speci�c industries, were also considered in the analysis.7 8 9

The wage part of the labor market comprises variables that encompass various aspects of labor
costs. These variables include (real) wages, the wage bill, and nominal unit costs. The disparity
in the number of variables between the real part and the wage part of the labor market is primarily
attributed to data availability. Nonetheless, it is reasonable to assume that any overheating in the real
part of the labor market will swiftly in�uence wage negotiations. As a result, overall labor market
tightness should not be subject to bias, as the effects are interconnected and responsive to changes
in each other.

7 The difference between the Full-time employment and the Registered no. of employees variables is the length
of their monthly workload. For example, two registered employees working half-time will constitute one full-time
equivalent employee.
8 Underemployment, as de�ned by the standard ILO de�nition, is the underutilization of the productive capacity
of the employed population, including those arising from a de�cient national or local economic system. It relates
to an alternative employment situation in which persons are willing and available to engage.
9 The variables for labor shortage limiting production come from the business cycle surveys conducted by the
CZSO.
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4. Model

In this part of the paper, we describe the model behind the LUCI. The starting point is the linear
state-space framework, where each time series that enters the LUCIxit is decomposed into the trend
componentflxit and the cyclical componentbxit :

xi;t = flxi;t + bxi;t :

In what follows, denote the vector of the observed time series byx = [ x1;t ; : : : xI ;t ]T , the vector
of the trend components byflx = [ flx1;t ; : : : flxI ;t ]T , and the vector of the cyclical components bybx =
[bx1;t ; : : : bxI ;t ]T .

The trend part is modeled either as a random walk, i.e.,I (1) process, or as a random walk with drift,
which is another random walk, i.e., the trend is anI (2) process.10 The set of variables for which
the I (1) trend is assumed is denoted asJ1, while the set of variables whose trends follow theI (2)
process is denoted asJ2. The last column in Table 1 provides information about the assumed trend
dynamics for particular variables.

Hence, we have

flxi;t = flxi;t� 1 + fls i flei;t ;

for i 2 J1 and

flxi;t = flxi;t� 1 + flflxi;t� 1;

flflxi;t = flflxi;t� 1 + fls i flei;t ;

for i 2 J2.

The innovationsflei;t to the trends are assumed to be i.i.d., with zero mean, unit standard error and
independent across time series.

The cyclical components of the model are linked by a stationary VAR(2) model:

bxt = A1bxt� 1 + A2 + bxt� 2 + bSbet :

The whole state equation of the model then reads as follows11:

2

6
6
4

flxt
flflxt
bxt

bxt� 1

3

7
7
5 =

2

6
6
4

I J 0 0
0 I 0 0
0 0 A1 A2
0 0 0 I

3

7
7
5

2

6
6
4

flxt� 1
flflxt� 1
bxt� 1
bxt� 2

3

7
7
5 +

2

6
6
4

flS1flet 0 0 0
0 flS2flet 0 0
0 0 bSbet 0
0 0 0 0

3

7
7
5 ; (1)

10 See Harvey and Jaeger (1993) for the versatility of this process.
11 Analogically to flx and tobx, denote the vector of drifts forJ2 series asflflx = [ flflx j1;t ; : : : flflx jJ;t ]T , where j1 is the �rst
component ofJ2 and jJ is its last component.



8 Jan Br	uha, Adam Ruschka, and Jan �olc

and the observation equation reads as:

xt =
�

I 0 I 0
�

2

6
6
4

flxt
flflxt
bxt

bxt� 1

3

7
7
5 + Wnt ; (2)

whereJ is the matrix that maps drifts to trends for variables inJ2, andnt is the observation noise,
with Was its covariance matrix (assumed to be diagonal).

The decomposition of all series to trend and cyclical components is multivariate and the system
is linked through the cyclical part. It is assumed (and ex-post veri�ed12) that there is a lot of
comovement in the cyclical parts of the time series.13 The Kalman �lter machinery can be used to
deal with missing data and/or to incorporate expert judgments14.

The state-space model (1) - (2) depends on unknown parameters that have to be estimated. These
parameters enterA1, A2, flS, bS, andW. We estimate them using the stochastic EM algorithm (Nielsen,
2000).

The LUCI indicator is then de�ned as the �rst generalized dynamic principal component of the
cyclical parts (Pe�na and Yohai, 2016). We use the generalized dynamic principal component to deal
with possible lead-lag relationships in the data. In other words, the LUCIL is de�ned as follows:

L t =
I
å
i= 1

w0;ibxi;t +
I
å
i= 1

w1;ibxi;t� 1
I
å
i= 1

w2;ibxi;t� 2; (3)

wherewk;i are loadings from the cyclical parts of the LUCI. The weights obtained from the gener-
alized dynamic principal component analysis are displayed in Figure 2.

The resulting LUCI15 (for data as of October 2023) is displayed in Figure 3. Two peaks related
to substantial labor market overheating can be seen in the �gure. The �rst one is related to the
period of 2007�2008. In this period, the output gap also suggested the overall overheating of the
domestic economy. In late 2008, the situation in the Czech labor market started to cool down in
response to the Global Financial Crisis and the related drop in economic activity. As a result, a
worsening economic situation brought the LUCI into negative territory where it remained during
the following years when the European economy was hit by the sovereign debt crisis. The LUCI
returned to positive territory in 2016, and the second peak was reached by the end of 2019, just
12 Figure 7 shows the marginal spectral densities of the cyclical parts of the model, along with the �rst principal
component in the frequency domain. Apparently, the �rst principal component explains more than half of the
cyclical variability in the data. Even for variables where the �rst dynamic principal component of the spectra is
not impressive, it peaks at business cycle frequencies. Technically, the �gure was generated as follows. Given
the estimates ofA1, A2 and bS, it is trivial to compute the multivariate spectral density ofbxt as f (w) = ( I �
A1e� iw � A2e� 2iw)� 1bS(I � A1e� iw � A2e� 2iw)� T and the �rst dynamic principal component is given by the eigen-
decomposition off (w), see Brillinger (1981) for details.
13 The comovements of the cyclical components of the labor market are a standard feature of advanced economies.
This was demonstrated on a panel of advanced economies, inter alia, by Br	uha and Polanský (2015) and by Lafour-
cade et al. (2016).
14 This can be trivially done by suitable manipulation of the observation equation (2).
15 The LUCI results should be read as follows. Positive values indicate a tight labor market, while negative values
indicate the opposite. A zero value represents the long-run average � say, the fundamental or steady-state level. By
its construction, the LUCI is measured in terms of standard deviations from the steady state.
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Figure 2: Weights of Cyclical Parts in the LUCI

Source: Authors’ calculations
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Figure 3: The LUCI and the Blurred LUCI

Source: Authors’ calculations

before the Covid-19 pandemic. Contrary to the previous peak, the pandemic and the subsequent
economic dif�culties related to the surge in energy prices led to only a partial cooling of the labor
market16, and as of the end of 2023, it still remains in positive territory.

A comparison of the LUCI and other commonly used labor market indicators is presented in Figure
4. As illustrated, from 2000 to 2017, the LUCI and other labor market indicators generally convey
a similar narrative. There is a marked loosening of the labor market after 2004, a rapid tightening in
2008, and a double-w shaped development from 2010 to 2014, which is characteristic of the Czech
economy during this period. However, after 2016, discrepancies between the development of the
LUCI and traditional labor market indicators become noticeable. This divergence is primarily due
to the inadequacy of the traditional indicators in capturing labor demand, which has been signi�-
cant during this time, leading to rapid wage growth. A similar rationale explains the effect of the
pandemic shock on the labor market. During the outbreak of the pandemic, the Czech labor market
witnessed minimal changes in unemployment, also due to government support measures. A further
comparison of commonly used slack indicators and the LUCI is detailed in Section 5.

The decomposition of the LUCI into its main categories is illustrated in Figure 5. As brie�y men-
tioned previously, one of the LUCI’s strengths lies in its ability to capture in�uences on the labor
market through its decomposition. These in�uences can signi�cantly impact the labor market’s
development, the broader economy, and in�ationary pressures, yet they are not detected by stan-
dard macroeconomic data due to their non-fundamental nature. The consistency and interpretabil-
ity of the decomposed LUCI were key reasons for the most recent methodological changes in its
computation. Retrospectively, the previous method excessively attributed large movements in the
LUCI (both historical and forecasted) to labor demand, at the expense of employment, and wages
and costs. In the LUCI described in this paper, the contributions of its components more accu-
rately re�ect the observed trajectories of labor market variables. These changes are detailed in the

16 The reader may wonder why the drastic fall in economic activity during the �rst year of the pandemic did not
throw the LUCI into negative territory. One reason is that we interpret this episode as a fall in the potential,
not in the gap, i.e., it did not have a cyclical nature, see e.g. BabeckÆ Kuchar�cukovÆ et al. (2022). The cyclical
position of the economy remained positive, which was aided by accommodative monetary and macroprudential
policy and large �scal stimuli including various job retention schemes. The development of the LUCI index during
the pandemic is fully consistent with this story.
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Figure 4: Comparison of Labor Market Indicators

Source: Authors’ calculations

Czech National Bank’s Monetary Policy Report � Autumn 2023 (Ruschka, 2023), and the resulting
methodology is comprehensively described in this paper.

One of the characteristics to be tested is the robustness of the LUCI estimation in terms of the
importance of selected variables and the available time span. To check the �rst characteristics,
we recomputed the LUCI under the assumption that one of the time series is not observed. This
exercise was repeated for all variables and thus we obtained 28 different LUCIs. In order to assess
the importance of the absence of a particular variable, we computed range (min-max), interdecile
range, and interquartile range on the set of LUCIs. These statistical characteristics are displayed
along with the LUCI including all the data in Figure 3. To conclude, the LUCI is robust with
respect to omitting particular time series.

We also looked at the stability of the LUCI in real time. Figure 6 shows the pseudo-real time
revisions on the LUCI. Although there are some revisions, they are relatively minor compared to
the usual output gap revisions.

5. Applications of the LUCI

The LUCI is used in the Monetary Department as one of the measures of the cyclical position of the
economy. As such, it is compared with the various measures of output gaps. When working with
the LUCI in real time during the forecasting rounds, the labor market analysis includes not only an
assessment of the current labor market situation, but also its prediction. Obviously, it is not possible
to forecast the whole set of series used when computing the LUCI. Therefore, the prediction of the
LUCI relies on the nine variables that are forecasted during the preparation of the Monetary Policy
Report. These forecasts are employed as if they were data. The set of predicted variables include the
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