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ABSTRACT

Using online job advertisement data improves the timeliness and granularity depth of analysis in the labor market in domains
not covered by official data. Specifically, its variation over time may be used as an anticipator of official employment variations.
However, online job advertisements may not be representative in terms of key labor market variables. The paper presents a
methodology that forecasts publicly available official employment LFS recent job starters exploiting its relationship with a bias-
corrected version of online job postings, obtained by predictions of a bivariate sample selection model, which jointly estimates
the number of vacancies within job profiles and the probability of endogenous selection for nonzero vacancies. LFS new hires
(obtained from LFS microdata) were used as benchmark data to measure the bias of online data and adjusted predicted counts.
The proposed framework is illustrated using a dataset of Italian online job advertisements spanning from the period 2013-Q2
to 2018-Q2 to forecast quarterly LFS recent job starters 1year ahead and the Cedefop's Skills-OVATE data using Italy, France,
Germany, and Spain in 2022. Results demonstrated that raw vacancies present a strong bias level with respect to benchmark data,
whereas sample selection models reduced this bias by half, unlike multilevel estimates. Moreover, LFS forecasts using a VECM
that leverages cointegration between LFS recent job starters and adjusted online vacancy series offer a valuable alternative to
traditional univariate forecasting methods.

JEL Classification: C13, J21, J23

1 | Introduction quarterly series including (at the moment of writing this paper)
the first quarter of 2025.

Government policy has placed increasing emphasis on the need

for robust labor market stock projections to assist in policy and
planning for the provision of education and training.

Among various statistics, recently, Eurostat has begun reporting
the number of recent job starters (individuals who began their
employment within the 3months preceding the interview) for
each EU country and sector of economic activity (Eurostat 2024).
This source, referred to in the paper as “LFS recent starters”, is a

Forecasting such series is particularly appealing because, de-
spite their excessively large aggregate stock, they benefit from
near real-time dissemination, with only a one-quarter delay.
Many studies that focus on labor outcomes from the supply side,
such as employment or wages, often suggest that demand-side
factors may be crucial determinants of employment shifts (and
forecasts), even if these demand-side factors are not directly
specified and measured in the analysis (Hamermesh 1993;
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Card and Krueger 1994). Examples are employment variation
(Rosen and Welch 1971; Moffitt 1984; Card and Krueger 1994;
Hamermesh 1993) and the role of wage elasticities on employ-
ment variation (Chetty et al. 2011; Lichter et al. 2015; Neumark
and Wascher 2007).

Moreover, specifying demand-side factors in labor market
analyses is crucial because skill composition and shifts in skill
mixes may not be adequately captured when focusing solely
on employment-based approaches (Salvatori 2018; Caines
et al. 2017; Deming 2017; Deming and Kahn 2018)

Recent EU labor market policies indicate that job vacancy data
can be exploited to improve the knowledge and functioning of
the labor market by matching supply and demand more closely
(Eurostat 2023, OECD 2023; Cedefop 2019).

Specifically, online job advertisements (OJAs) have emerged
as an important source of information for understanding
labor market trends in recent years, due to their high levels
of granularity and timely information not typically addressed
by official sources (Cedefop 2023; Couper 2013; Tam and
Clarke 2015; Lovaglio et al. 2020; Hershbein and Kahn 2018;
Zilian et al. 2021). In the same end, Institutions such as the
National Science Foundation (NSF 2018), the American
Association for Public Opinion Research in the United States
(Japec et al. 2015), and Eurostat in the EU (Bergsewicz
et al. 2018) agree with the potentiality of such data source for
labor market research.

Recently, OJA data have been increasingly explored in con-
nection with economic theories such as the Beveridge curve
(Turrell et al. 2018) and the Phillips curve (Faryna et al. 2022),
to identify emerging employment trends (Lovaglio 2022)
and to measure skill mismatches and labor shortages
(Cedefop 2023, 2024).

Previous studies examine job vacancy data as a possible
leading indicator of cyclical employment dynamics (Haggar-
Guénette 1989; Zagorsky 1998; Amoah 2000; Valletta 2005;
Ruth et al. 2006; Mandrone et al. 2010), where lagged OJA
growth anticipates employment growth (European Central
Bank 2002; Australian Bureau of Statistics 2003; Lovaglio
et al. 2020).

However, one less explored issue in the literature is that OJA
may not fully represent the general (labor market) population
(Fan et al. 2014; Fan and Liao 2012; Gelman et al. 2016; Tam and
Clarke 2015; Kruskal and Mosteller 1979)

Broadly speaking, OJA data can suffer from representativeness
issues, potentially favoring—for unknown reasons—certain
geographical areas, sectors, or occupations more inclined to
appear on web portals or to advertise open positions online. In
this end, a reference sample or benchmark data from census or
official surveys, fully representative at the population level, is
strongly advocated.

Supposing to analyze a continuous outcome y for n observa-
tions, where the objective is to estimate a parameter 6 (the total
of OJA in the population). When a nonrepresentative sample is

obtained, estimates of 6 are biased. Nonrepresentativeness is
often defined (Kruskal and Mosteller 1979) in terms of differ-
ences in the distributions of y between the sample and the pop-
ulation (or a benchmark representative sample) within levels of
relevant auxiliary variables (e.g., sector and region).

The issue of representativeness is linked to the presence of
a nonrandom (not ignorable) missing data process (Kreuter
and Peng 2014), which arises from nonrandom selectivity
or the self-selection of population members in the sample
(Fan et al. 2014; Fan and Liao 2012; Gelman 2007; Wu and
Carroll 1988)

The missing data process arises when the sample does not
cover all levels of the population, that is, when certain profiles
(combinations of auxiliary variables) are absent from the non-
representative sample—for example, missing OJA in specific
sector-region cells.

OJA data are prone to nonrandom selectivity because platform
collection procedures are not designed for statistical purposes.
Observed samples of online vacancies are likely affected by
a nonrandom mechanism, such as incomplete coverage of
online job advertisements, selective website inclusion, and
underrepresentation/overrepresentation of certain sectors,
regions, and occupations. Consequently, this selectivity leads
to coverage gaps and nonresponse (or missing data), poten-
tially biasing OJA data and forecasts of related series, such as
employment.

This paper primarily focuses on forecasting the official em-
ployment Labour Force Survey (LFS) Recent Job Starters series
using nonrepresentative OJA series as auxiliary data in bivariate
forecasting models.

Specifically, by employing a methodology that accounts for the
nonrandom selectivity of OJA, we obtained a bias-corrected ver-
sion of vacancy data. These adjusted predictions are more rep-
resentative of the benchmark and can be used to forecast LFS
recent starters within bivariate forecasting frameworks, lever-
aging shared time series properties such as common trends and
cointegration.

The assessment of representativeness (and potential bias) was
performed by comparing the distributions of the models’ predic-
tions of different approaches and raw OJA with the reference
sample (new hires obtained from LFS microdata) used as bench-
mark data.

Among different approaches, one well-established strategy for
handling nonrandom selectivity in data is known in the liter-
ature as multilevel regression and poststratification (MRP,
Gelman and Little 1997; Gelman et al. 2016; Wang et al. 2014), a
two-step strategy using multilevel to find predictions and indi-
vidual data and then recalibrating (poststratification) these esti-
mates in line with an established reference sample.

MRP has been used to obtain accurate small-area subgroup
estimates, such as for public opinion and voter turnout in in-
dividual states and demographic subgroups (Park et al. 2006;
Lax and Phillips 2009, 2012; Warshaw and Rodden 2012;
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Buttice and Highton 2013; Wang et al. 2014; Gelman et al.
2007, 2009).

However, this approach works essentially with a missing
at random (MAR) mechanism, assuming that all relevant
sources (covariates and auxiliary variables) underlying the
missingness mechanism have been specified in the multilevel
model and in the poststratification phase (Pfeffermann 2007;
Little 2007).

Various strategies have been proposed in the literature to
address the missing not at random (MNAR) mechanism in
different contexts. Among others, sample selection models
(SSMs, Heckman 1976; Maddala 1983) jointly model both
the outcome equation (counts of) and the probability that an
observation is missing or included in the sample (selection
equation).

Particularly, generalized joint regression models (GJRMs; Lee
1983; Smith 2003; Winkelmann 2011; Marra and Radice 2013;
Radice et al. 2016) provide consistent estimators for joint out-
come and selection models, extending classical SSM to a broader
range of empirical scenarios by accommodating diverse error
distributions and dependencies between equations.

In the present paper, we propose an SSM strategy based on
GJRM to address and correct nonrandom selectivity, facilitating
the development of more accurate and robust measures of va-
cancy distributions to be used in the forecast strategy.

As illustrative examples, we apply this methodology to an offi-
cial dataset of Italian OJA from the period 2013-Q2 to 2018-Q2
and to more recent data from 2022 for the four most populous
EU countries, using Cedefop's Skills-OVATE dataset.

To our knowledge, this is the first paper to measure the bias
of two OJA data sources (Italian and European) against LFS
benchmark data (both aggregated and microdata) and to pro-
pose an SSM as a strategy to mitigate such bias.

Results demonstrated that for both Italian and EU data, raw
vacancies present a strong bias level with respect to bench-
mark LFS data, whereas predictions from SSM/GJRM reduced
this bias by half, unlikely multilevel predictions that resulted
strongly biased.

Empirically, unlike previous results that found strong re-
lationships among variables in differences, we found a
significant relationship among levels of adjusted OJA and em-
ployment series: particularly, these bias-corrected predictions
of vacancy data resulted in cointegration with LFS recent
starts. To this end, a bivariate forecasting model exploiting
the structural long-run relationship among two series strongly
overperformed traditional univariate forecasting methods in
terms of forecast accuracy.

The paper is organized as follows: Section 2 briefly reviews the
statistical approaches used to work with nonrepresentative sam-
ples and possible benchmark data for OJA. Section 3 outlines
the methodological approach. Section 4 details the data utilized,
whereas Section 5 presents the results. Section 6 discusses the

main findings and outlines future challenges. Section 7 provides
the conclusion.

2 | Dealing With Nonrepresentative Data
2.1 | Population Frame and OJA Benchmark Data

MRP is a perfect synthesis addressing nonrepresentative
samples combining a superpopulation model-based and a
pseudo-randomization or reweighting approach (Elliott and
Valliant 2017; Valliant 2019; Buelens et al. 2018).

To estimate a population parameter (6, e.g., a probability or a
total count), MRP is a two-step strategy involving, first, a classi-
cal multilevel equation that models an outcome variable y; using
individual data (i=1, ..., n) with fixed covariates and random
effects, exploiting the possible hierarchical data structure (e.g.,
individuals within regions within states or repeated measures
for individuals) and, second, poststratification. This second step
recalibrates the individual estimates (predictions) by the counts
of a reference sample or a benchmark data, generally derived
from census or register data, containing K categorical auxiliary
variables, such as demographic and geographic characteristics
the resume the characteristics of the population.

The population, without loss of generality, contains K categori-
cal variables of interest (auxiliary variables), and the kth has J,
categories. Hence, the population can be represented by J= Hf=1
J, cells (or profiles) calculated by cross-classification (tabulation)
of all K variables leading to the so-called population frame (P)),
also known as the poststratification frame.

Hence, each profile (row j) of the population frame contains in-
dividual data aggregated at level j (j=1, ..., J, where i belongs
to j), and the set of J rows represents all possible combinations
(profiles) of the K auxiliary variables in the population.

Each jth population profile has N; observations. For exam-
ple, in the labor market context where the aim is to estimate
the employment rate (6) using a nonprobability sample (S,),
P, contains the reference population for all possible combi-
nations of Age_classx Gender X Region X Quarter, available
from official sources.

Moreover, using a nonprobability sample, the individual multi-

level estimates of the parameter defining employment probabil-

ity (y,) are aggregated at the same level (j) of the population

frame (3,) and weighted by N;. In this end, MRP estimates the

parameter, adjusting the estimates by poststratification

= > j?]NJ/ZNJ) correcting y; by the known shares (N; / N) of
J J

people in the population strata (Little 1993).

When dealing with OJA, when the aim is to estimate the amount
of OJA () over covariates' levels (profiles) of interest, individual
OJA data can be reorganized at an aggregated level, exactly as
described above to find the population frame.

This leads to the sample frame S, where each jth profile has y;
observations (the outcome variable defining the number of OJA
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in the jth profile). In this context of OJA aggregated data, ag-
gregated estimates j‘zj were directly produced by the multilevel
equation (first MRP step).

2.2 | Benchmark Data for OJA

Given the absence of data on the full OJA population (popula-
tion frame), other official sources must be used as representative
benchmarks for the OJA sample data.

In the general framework of analyzing the labor market and
specifically OJA in Europe, Eurostat data are an imperative
source (Beresewicz et al. 2018; Zilian et al. 2021; Cedefop 2023,
2024). Official EU and extra-EU vacancy data are captured
through job vacancy statistics (JVS, Eurostat 2019), which are
disseminated quarterly and by sector. However, JVS typically
provides only the job vacancy rate for many countries (e.g.,
Italy and France) without specifying the actual number of po-
sitions demanded. Additionally, JVS does not encompass all
sectors, as the covered sectors vary by country, and it offers
limited detail at the occupational or regional levels, with a few
exceptions. For example, Belgium, Denmark, Hungary, and
Romania provide vacancy statistics by one-digit NUTS region,
whereas Hungary and North Macedonia also report by one-
digit ISCO occupation.

Moreover, as JVS data result from separate national surveys on
vacancies, they are collected using varying methods and defi-
nitions across EU countries, including differing definitions of a
quarter associated with a job vacancy. Consequently, these data
offer a limited assessment of the underlying conditions of the
labor market in real time.

Another essential source is LFS (Eurostat 2021) containing both
microdata and aggregated data that refer to labor supply. One
suggested strategy is to compare OJA data with LFS employ-
ment data (Hershbein and Kahn 2018; de Pedraza et al. 2019;
Lovaglio 2022), specifically focusing on new jobs created in the
past 3months for each quarter, as suggested by recent litera-
ture (Lovaglio et al. 2020; Garasto et al. 2021; Cammeraat and
Squicciarini 2021; Turrell et al. 2018).

To this end, an ad hoc benchmark dataset can be constructed
from the richness of LFS microdata, allowing for systematic
comparison of OJA (and predicted OJA values generated by dif-
ferent statistical approaches) with official data.

In particular, we can select a subset of new hires (LFS new hires)
that aligns the above mentioned LFS recent job starters more
closely with our objectives, as an example, focusing solely on
employees and excluding unpaid workers or self-employed or
new hires in public administration. Moreover, the LFS micro-
data offer a very granular population frame, including detailed
variables such as ESCO2 (Occupations) x Nuts2 (Region) X Nace
(Sector) X Quarter.

Despite the delay in microdata dissemination that prevents their
use for near-real-time forecasts in conjunction with OJA, they
can be used to assess the bias of OJA predictions relative to an
unbiased official source across different statistical approaches

when fitted on historical data. This is how we utilize LFS micro-
data in the paper.

2.3 | Missingness

The previous discussion has motivated the use of LFS's new
hires as a population frame. However, although covariates that
define S, are the same as those that define P, the sample frame
(OJA) does not necessarily encompass all the J levels of the pop-
ulation frame, particularly when certain profiles (combinations
of auxiliary variables) are not represented in the sample or when
the outcome is missing for such profiles. This leads to a problem
of missing data (absence of OJA) in certain profiles of S,. If these
missing data are not at random, S, resulted in a truncated (non-
representative) sample from a more general overall population.

Apart from some exceptions (Matei 2018; Elliott and
Valliant 2017; Zhang et al. 2013), model-based approaches,
and thus also MRP, rely on the assumption that missing data
are MAR, that is, conditioning on individual covariates and on
auxiliary variables (that define the population profiles); nonre-
sponse is independent of the (unobserved) outcome variable.

In general, the MRP strategy typically works when missingness
is completely at random or MAR, assuming that all relevant
auxiliary variables underlying the missingness mechanism have
been specified in the multilevel model (Pfeffermann 2007).

MRP authors acknowledge that situations of MNAR might exist.
To address this, they emphasize that, beyond focusing on the
predictive power of covariates in the outcome equation, MRP
should also prioritize the inclusion of highly relevant vari-
ables in the population frame, in order to “potentially bring the
missing-at-random model closer to realism” (Little 2007). In the
same vein, MRP authors (Lopez-Martin et al. 2022) remarked
that although “MRP can mitigate potential biases in the sample,
[...] it is not a substitute for a better data collection effort that tries
to minimize systematic nonresponse patterns.”

If this does not hold, the observed portion of the population dif-
fers from the unobserved portion, and this constitutes a stan-
dard case of nonrandom sample truncation (Heckman 1976;
Heckman 1979), or nonrandom selectivity (Fan et al. 2014; Fan
and Liao 2012; Gelman 2007; Wu and Carroll 1988), or the pres-
ence of selective forces (Kruskal and Mosteller 1979), all syn-
onyms of an MNAR situation.

In this end, another limitation of MRP is that, including another
source of erratic variability (the random effects), it relies on a
broad range of assumptions about error independence and exog-
eneity of covariates (Gelman 2014), many of which are generally
not testable.

This rigidity is further compounded in possible situations of
nonrandom selectivity, where the intricate nature of the se-
lection mechanism complicates the analysis even when only a
single source of error is present. As a relevant and flexible al-
ternative to multilevel, the so-called mixed GAM computation
vehicle (MGCV, Wood 2004, 2011), belonging to the class of
semiparametric generalized linear models, extends multilevel.

4
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MGCYV specifies the same random effects of the multilevel equa-
tion, not precisely as random variables, but as penalized fixed
effects, whose coefficients were estimated exactly as random
effects (Robertson 1955; Wood 2004), thus exploiting the hierar-
chy in the data as multilevel, also avoiding complications by the
specification of a new erratic source of variability.

Various strategies have been proposed in the literature to address
the MNAR mechanism in different contexts. Recommended
approaches include conducting sensitivity analyses under alter-
native assumptions of the missingness mechanism (Little and
Rubin 2002) and using sophisticated statistical methods from the
econometric literature on SSMs a la Heckman (Heckman 1976;
Maddala 1983; Valliant et al. 2000; Terza 1998). These meth-
ods can adjust for biases that may arise from a possible MNAR
mechanism.

SSMs jointly model both the outcome equation (counts of) and
the probability that an observation is missing or included in
the sample (selection equation). The core idea is that, even
after controlling for strongly significant covariates, other un-
observable factors may influence both equations. Therefore,
the two equations must be jointly estimated, acknowledging
the potential correlation among the error terms. Ignoring this
correlation can lead to biased and inconsistent parameter
estimates.

One limitation of the classical SSM approaches is that they
jointly model two endogenous outcomes under the hypothesis
that both errors follow a bivariate Gaussian distribution, which
can be restrictive in many empirical applications. When this as-
sumption is violated—such as in cases of skewed or heteroske-
dastic errors—the model's estimates may become inconsistent
and biased (Vella 1998; Newey et al. 1990).

GJRMs (Smith 2003; Winkelmann 2011; Marra and Radice 2013)
represent viable and robust alternatives, because they provide
consistent estimators of a joint (outcome and selection) model
with continuous or discrete (counts) outcomes while also en-
abling the specification of effects to leverage the hierarchical
structure of (longitudinal) data. This is the methodology we em-
ploy, as detailed in the next section.

3 | Proposed Methodology

In this section, we describe how to obtain an adjusted version of
OJA data and strategies to forecast LFS (recent starters).

Regarding the first issue, firstly, we obtain the sample frame S,
as above described but including all possible population levels
(profiles or cells) derived from a sparse cross-classification of
the K auxiliary covariates. The sparse approach ensures that all
existing profiles in the population appear in the sample frame
S, including those levels not present in the sample data due to
missing levels of some covariates in the sampled units.

In our context, a researcher generally works with OJA counts
across the levels of the most relevant labor market variables,
such as R regions, S sectors, O occupations, and T quarters. S;
thus may be defined by Rx Sx O X T profiles (rows).

For models that manage repeated measures, a profile j of S;
is defined by combinations of time-invariant covariates (e.g.,
Region X Sector X Occupation), each repeated T times. Thus,
each block of T rows of S, represents the new jth observation
unit (profile) containing the outcome variable, summing indi-
vidual observations in the original dataset D,.

It is important to note that the number of levels of 7, 5, and o rep-
resent all possible levels of these variables from official sources
(such as Nuts2, Nace, and ESCO2, respectively), regardless of
whether OJA is present in the sample data.

Each row of S, represents the new jth observation unit, and each
level (profile) contains the outcome variable y;. The sparse S, thus
allows for two possible values for y; (OJA;,, OJA counts in the jth
profile at time f): either positive or missing, thus replicating the
classical observation mechanism of the SSM framework.

On the sparse S, we can specify our SSM as a GJRM model,
composed of two equations and a general form for the error
structure, such as

%" = ag + @ Xy + wy 1)
Yie=Po+ ﬁTXth te€; -1 @)
F(ejt, uﬁ) = C(Fl(eﬁ),Fz(ujt), p), 3)

where x; and x, are vectors of covariates of two equations (that
may share some variables) and a and p are the corresponding
fixed parameters, and a, and g, the intercepts, respectively.

Particularly, observation rules are driven by two equations: a
selection Equation (1) that models the determinants of miss-
ingness and an outcome Equation (2) that models the intensity
of the outcome (y;, =0JA;,) in nonmissing profiles of the sam-
ple frame.

Regarding the selection equation, using the latent variable rep-
resentation, z;* represents the attitude that an OJA in profile j
at time t is selected, the selection mechanism is thus represented
by the Bernoulli variable z;,, that equals z;,=1 (when z;,"> 0) for
OJA,; >0 and 0 otherwise: y;, can be observed only when z;,=1;
otherwise, (z;,=0) y;; is missing.

Regarding errors that are not profile-specific, F(e;, and u,,) is the
bivariate cumulative distribution function (cdf) of error terms
(uﬂ and ejt) expressed as a function C, called copula, of one-
dimensional margins F,(.) and F,(.) and their correlation p.

Equation (3) is the crucial aspect of GJRM flexibility. Broadly
speaking, a copula is a function that connects multivariate dis-
tributions to their one-dimensional margins and their associa-
tion by a specific functional form C, where C(.) is no more than a
bivariate density. From the fundamental Sklar's (1973) theorem,
if F( Vijs ¥,:) is a two-dimensional cdf with one-dimensional mar-
gins Fl(ylj) and Fz(yzj) for observation j, then there exists a two-
dimensional copula C such that F(ylj, ij) = C(Fl(ylj), FZ(ij); ),
where y, and y, are two random variables and p; represent an
association parameter linking the correlation of two margins
(Trivedi and Zimmer 2007).
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Hence, the formulation F(ejt, uﬁ) = <I>2(ejt, U p) of Equation (3) is
only a particular case among many possible specifications that
can be expressed with copulas. In fact, using two Gaussian mar-
ginals F 1(ej[) and Fz(uj[) for error terms and a Gaussian copula
(with fixed correlation p; over J observations) C=0,(®7'(F),
®~Y(F,); p), the copula representation of F(ejt, ujt) leads the clas-
sical standard Heckman-type model: Equation (1) represents a
Probit model, whereas Equation (2) is a regression model with

Gaussian errors.

The more flexible copula version allows non-Gaussian depen-
dence among error also leading to the strength and direction of
the association p between the two marginals may vary across
observations or groups of observations (pj).

For the identification of this two-set of equations, x, requires a
set of instruments, for example, a subset of covariates in x; not
in the x, set. In our empirical context, webographics, such as
internet penetration in societies and the regional labor market,
were used as instruments.

The above equations are jointly specified and should therefore
be estimated simultaneously, in general by maximum likeli-
hood. Separate estimations lead to biased and inconsistent esti-
mates for parameters, as well as for predicted values (especially,
9 in case of nonrandom selectivity. Because MAR and MNAR
mechanisms cannot be formally distinguished through a direct
statistical test, we evaluate their plausibility using both the sig-
nificance of the correlation parameter (p) and the likelihood
ratio test of the null hypothesis p=0. A significant correlation
between the two equations (p) or a significant LR test indicates
the presence of sample selection, implying that the missing data
mechanism is nonignorable (MNAR) and that the two equa-
tions should therefore be jointly estimated. Thus, univariate ap-
proaches such as multilevel that ignore the selection equation
are not appropriate.

Moreover, SSM (in our GJRM setting) generally models the un-
conditional expected values j‘/jt :E(yﬁ | ij) in the outcome equa-
tion, thus predicting the outcome of interest for both selected
(profiles with OJAjt> 0) and unselected observations (profiles
with missing OJA;), an unlikely univariate approach that
predicts outcome only for nonmissing profiles (zg;=1). These
predictions, estimated under a possible MNAR scenario that
adjusts the expectation of the outcome variable to account for
differences between the observed and unobserved data, can be
considered an adjusted version of OJA that adjusts for nonran-
dom selectivity bias.

This adjustment ensures that the predicted outcome accounts
for selection effects, systematically correcting for bias. This
correction is mediated by the effects of covariates specified
both in the selection and outcome equations. Specifically, for
observations with a high probability of selection, the model
prevents overestimation by adjusting for the overrepresen-
tation of certain characteristics (covariates), whereas for
observations with a low probability of selection, it mitigates
underestimation by appropriately weighting their contribu-
tion to the estimation.

3.1 | Forecast

We forecast LFS recent starters at time ¢ (LFS)), exploring possi-

ble relations with the adjusted version of predicted OJA series

(SSM, =Y 9, and with its unadjusted raw version (OJA,= Y y;,)
J J

over time.

Specifically, we forecast the LFS series both using only its past
by fitting its seasonal autoregressive integrated moving average
(SARIMA) and exponential smoothing (Ets) representations
and in a bivariate model exploiting possible relationships with
unadjusted and adjusted OJA series.

We assessed the order of integration/stationarity of the three
series using the augmented Dickey-Fuller (ADF) unit root
test (Said and Dickey 1984). To evaluate the existence of a
long-term relationship (cointegration), we use the Engle and
Granger (1987) two-step strategy, normalizing the first step
equation on LFS,.

Moreover, the best SARIMA and Ets representations were fit-
ted using the auto.arima and ETS algorithms (Hyndman
and Khandakar 2008; Hyndman and Athanasopoulos 2017),
based on the minimization of the corrected Akaike informa-
tion criterion (AICc). If it is the case, when two series are I(1)
and cointegrated, we estimate a vector error correction model
(VECM, Enders 2010) providing forecasts of LFS that will
be compared with two univariate forecasters by comparing
forecast accuracy measures, such as root mean square error
(RMSE), mean absolute error (MAE), and mean absolute per-
centual error (MAPE) on the forecast horizon (four quarters
ahead).

4 | OJA Data
4.1 | WOLLYBI

Italy has a long history of analyzing data from online job ad-
vertisements. An Italian project focused on collecting online
job vacancies in Italy from job portals that advertise job adver-
tisements and include newspaper websites, job boards, and em-
ployment agencies. This project was carried out by Tabulex, a
spin-off of the University of Bicocca-Milan, under the scientific
supervision of the Interuniversity Research Centre on Public
Services (CRISP), an interdisciplinary academic network of uni-
versities, led by the University of Milano-Bicocca.

Tabulex (formerly Burning Glass Europe) in 2013 created
a digital solution called WOLLYBI, a labor market informa-
tion system with the aim of collecting, cleaning (accounting
for duplicates and errors), and classifying online job vacan-
cies posted on the major Italian websites. In WOLLYBI, OJA
were classified according to the standard ISCO-ESCO clas-
sification and other dimensions such as sector (Nace), skill
requested, education level (ISCED), and region (Nuts 2). The
methodological tasks of the knowledge discovery in databases
(KDD) approach (Fayyad et al. 1996) for extracting useful and
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reliable knowledge from raw data from web sources, includ-
ing selection of sources, scraping, preprocessing (data clean-
ing and data deduplication), text mining, and classification,
in standard European taxonomy were explained elsewhere
(Boselli et al. 2014, 2017; Mezzanzanica et al. 2015; Lovaglio
et al. 2018; Cedefop 2019).

The portal WOLLYBI received attention from European institu-
tions, such as Cedefop (one of the EU's decentralized agencies
that supports the European Commission in the field of voca-
tional education and training), which further initiated different
pilot studies. Particularly, the project “Real-time labour market
information on skill requirements: feasibility study and working
prototype,” funded by Cedefop, started collecting online job ad-
vertisements in all European Union member states. Currently,
Cedefop collects online job advertisements, as well as experi-
mental data on skills’ demand, using the Skills Online Vacancy
Analysis Tool for Europe within the web platform Skills-OVATE
(link).

The data used in the present paper refers to the Italian web
platform WOLLYBI during the period 2013-Q2 to 2018-Q2. The
available data are a structured dataset where each observation
represents the sum of OJA associated with the following labor
market variables:

1. occupation: ISCO-08 (ESCO) classification version
(ESCO3, third digit, 130 occupations)

2. territorial unit: Nuts2 (20 Italian regions)

3. aggregate sector of economic activity: Nace Rev.2 (12
sectors)

4. time of the job advertisement (21 quarters, from 2013-Q2 to
2018-Q2)

In its first release, the Italian platform WOLLYBI provided an
aggregated classification of economic activity, reducing the 21
NACE categories to 12 broader sectors.

As an illustration, with such data, we can create profiles by
cross-classifying these covariates at the most disaggregated
level (ESCO3x Nuts2xNace X Quarter), resulting in a total of
1,203,930 profiles. Analyzing data at ESCO2 aggregation in-
stead, we have 379,260 profiles.

4.2 | Skills-OVATE

The aforementioned Skills-OVATE dataset (link), published
by Cedefop (a decentralized EU agency that supports the
European Commission in vocational education and train-
ing), represents a valuable source extending OJA to a broader
European context.

Since 2018, Cedefop has been collecting data on online job
advertisements in all EU member States on its web platform
called the “Skills Online Vacancy Analysis Tool for Europe”
(Skills-OVATE). Publicly available OJA are provided at an
adequate level of granularity, including the occupational cat-
egory (ESCO1 and ESCO2) and the region (Nuts2) to which

the advertisements pertain. The methodological tasks used
to extract reliable information from web sources (including
the selection of sources, scraping, cleaning the data, man-
aging duplications, and text mining and classification) in
the standard European taxonomy have been explained else-
where (Cedefop 2019). Skills-OVATE essentially collects
the same information provided by WOLLIBY, but unfortu-
nately, the publicly available OJA data from Skills-OVATE
are not broken down by all variables of interest but only by
Quarters X Nuts2 X ESCO2, and typically, only five quarters of
data are provided for each data wave.

In this end, the main advantage of using the WOLLYBI data-
set lies in its provision of OJA microdata, detailed across all
ESCO3 x Nuts2 x Nace x Quarter levels (covering a period from
2013 to 2018), allowing a more nuanced and disaggregated anal-
ysis for representative analyses. In contrast, the public section of
Skills-OVATE restricts analysis to a more aggregated level and
limits temporal assessment due to the availability of only a few
quarters.

Moreover, until 2023, the Skills-OVATE repository also reported
the day when each OJA was downloaded by the system from
online job portals (grab_date) that, considering that the data are
scraped and downloaded on a daily basis, the date of scraping
can be considered equivalent to the date of the first day the OJA
is posted online.

This is important information because it can resolve one of the
main problems of OJA, which is to transform OJA flows into
stock. This requires assigning each OJA's first posting date to a
specific reference quarter-year. Doing so ensures that these data
can be consistently merged with other official sources that use
the same reference time. Previous studies that used data from
Italy, the United Kingdom, and the United States (Lovaglio
et al. 2018, Lovaglio 2022, 2025; Garasto et al. 2021; Cammeraat
and Squicciarini 2021; Turrell et al. 2018) have shown that
approximately 90% of OJAs are available for no longer than
2months. Hence, a suggested approach in the literature is to as-
sign each OJA to the month (and the relative quarter) in which it
remained available/open for the longest duration in the 2-month
period.

4.3 | Webographics

Modeling an outcome in a sample selection framework re-
quires for model identification a set of additional covariates,
called instruments that enter in the selection equation (prob-
ability to observe a nonmissing OJA in a profile of the sam-
ple frame) but not the outcome equation (counts of OJA in the
profiles).

Literature on OJA suggests achieving the so-called webo-
graphics or attitudinal variables, as they capture differences
between “online” and “offline” outcome profiles across
different territorial units, economic sectors, or population
groups. Among these, internet penetration rates (and trends)
are particularly noteworthy (Schonlau and Couper 2017; de
Pedraza and Serrano 2014). Using data from the Regional
Statistics Database (RSD, Eurostat 2023), specifically from
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https://www.cedefop.europa.eu/en/data-visualisations/skills-online-vacancies
https://www.cedefop.europa.eu/en/data-visualisations/skills-online-vacancies

the “Regional Digital Economy and Society” and “Regional
Science and Technology Statistics” sections, we selected a
set from available webographics (summarized in Table Al in
Appendix 1).

Webographics refer to variables both for citizens (such as inter-
net usage, online home banking, and use of social networks)
and for sectors of economic activity (such as the degree of dig-
italization, measured as a percentage of workers employed in
high-tech and knowledge-intensive occupations relative to total
employment in a sector).

These series, disaggregated at the NUTS2 level, span different
years. However, webographics are only useful when there is
enough variability among areas, such as the percentage of peo-
ple using social networks that varies from 22.2% (NUTS2 region
FRY3-Guyane) to 92.8% (DK04-Midtjylland) or the propor-
tion of people using internet home banking ranges from 13.5%
(BG42-Yuzhen tsentralen and RO22-Sud Est) to 98.6% (NOO07-
Nord Norge).

This variability can be useful to find strong instruments, un-
like other more generic webographics, such as the percentage
of households with internet access at home, which shows negli-
gible variation (ranging from 77.8% in FRY3-Guyane and 82.5%
in BG31-Severozapaden to many EU Nuts2 regions with 100%).

4.4 | Empirical Strategy for OJA Modeling
and Bias Assessment

Both individual Italian WOLLYBI data (2013-Q2 to 2018-Q2)
and the Skills-OVATE dataset (selecting OJA for Spain, Italy,
Germany, and France for the quarters of 2022) were manipu-
lated to generate sample frames rising by cross-tabulation of
Nuts2 X Nace X ESCO2 X Quarter.

Before fitting the models, we assess the proper distribution of
the outcome variable (OJA,), exploring different options such as
Gaussian, lognormal, Poisson, negative binomial, and gamma
(Q-Q plots). In both SSM equations and in the OJA equation of
multilevel, we specify, as covariates, the sector of activity (Nace),
the region (Nuts2), and the best aggregation levels for ESCO
(ESCO1 and ESCO2) and time. Regarding time dimension, the
large number of available quarters allows to manipulated them
differently in each equation (as a continuous variable, or as a
factor variable, or using the year in combination with seasonal
dummies Q1-Q2-Q3-Q4), depending on the best fit provided by
the different models. Furthermore, the SSM selection equation
allows the inclusion of webographics as possible instruments.

Multilevel modeling was estimated using Equation (2), using
random intercepts (fy; = ﬁ0+u0j), where profiles' error terms
were normally distributed (u,; distributed as N(0,5?)) and hy-
pothesized to be independent from the observations' error terms
e, (whose distribution depends on the results of the chosen fam-
ily, based on the Q-Q plot).

The empirical estimation and significance of p and the LR test
will determine the most suitable methodological approach, such

as whether a univariate model (e.g., ML) or a joint model (e.g.,
SSM) is more appropriate. The main outputs of SSM and ML
models are the predictions of OJA counts E(y;| ij), denoted by
j\)ﬁ that were compared with respect to benchmark data.

We calculated the percentage bias (Bias%) of two models' predic-
tions at time ¢, aggregated over J profiles (Pred_OJA,=3 ;)
J

and the bias of raw OJA (OJA)), comparing the distributions of
these counts with the benchmark data across all J profiles.
Specifically, the percentual bias (Bias%) was calculated as
100 x [(Pred_OJA,— LFS_New_Hires)/LFS_New_Hires |,
where LFS_New_Hires, refers to counts of new hires (LFS mi-
crodata) at time t, aggregated over all J profiles. Percentage bias
was also calculated for marginal distributions, across the cate-
gories of auxiliary variables (Quarters, ESCO2, ESCO1, Nuts2,
and Nace).

In both applications the LFS New hires as benchmark dataset
was obtained from quarterly LFS microdata, as follows: in each
dataset (country and quarters of interest for two analyses), we se-
lected employees (excluding the self-employed and unpaid fam-
ily workers) who had been newly hired within the last 3months,
excluding those in “Public Administration and Defence”
(ESCO=00) and those employed in the sector “Activities of
Extraterritorial Organizations and Bodies” (Nace=U). In the
LFS microdata, as regional dimension (Nuts2), we considered
the region of work (because OJA refers to the region where the
job is vacant).

By summing these counts and weighting them by LFS popula-
tion weights (COEFFQ), we obtained quarterly figures for LFS
new hires to use as benchmark.

Regarding data to forecast, LFS recent starters were downloaded
from the Eurostat website. This source focuses on new job start-
ers for people aged 15-74 years in Italy from 2013-Q2 to 2018-Q2
(and four quarters ahead for assessing the forecasts) and in the
four EU countries (Spain, Italy, Germany, and France) for the
quarters of 2022.

5 | Results

Overall, the analyzed Italian OJA in the period from 2013-Q2 to
2018-Q2 amounted to 21,403,160. During the same period, LFS
reported 15,287,000 recent job starters (Figure 1), whereas we
identified 4,315,814 LFS new hires.

The difference in these figures may seem problematic. However,
this presents an opportunity because we have two official
sources to compare model predictions. Furthermore, we can
assess the bias of our estimates using the benchmark that we
consider the most reliable—namely, in our opinion, the LFS new
hires. Using this source as a benchmark, these numbers indicate
a significant overrepresentation of OJA compared to actual new
jobs (as shown in Figure 1), which continuously grew over time.

Table A2 presents univariate marginal distributions of observed
OJA by Nuts2, Quarters, ESCO1, and Nace.
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FIGURE 1 | Counts (in thousands) of OJA and LFS recent starters
(2013-Q2 to 2018-Q2) in Ttaly.

TABLE 1 | Missing and nonmissing profiles by ESCO aggregation
of 21,403,160 OJA.

ESCO1 ESCO2 ESCO3
Profiles J 2400 10,320 31,200
%Missing profiles (J) 15.9% 25.4% 42.6%
Observations O 50,400 216,720 655,200
(=Jx Quarters)
Observations O with 30,343 81,934 145,557
0OJA>0
%Missing observations 39.8% 62.2% 77.8%

Crossing the levels of Nace (12 aggregated levels), Nuts2 (20 re-
gions), and different aggregations of ESCO (9 levels for ESCO1,
43 levels for ESCO2, and 130 levels for ESCO3) we found a dif-
ferent number (#) of levels for the profiles J or observations O
(where #0 = #J X Quarters), leading those we classed in the sam-
ple frame, with a different number of missing (OJA count=0)
and nonmissing profiles (OJA count>0), as presented in the
Table 1.

5.1 | Models' Results (Italian Data)

Studying OJA distributions, we try different theoretical mod-
els for their distributions, such as normal, lognormal, gamma,
Poisson, and negative binomial. The Q-Q plots suggest trans-
forming OJA counts with natural logarithm (In_OJA) and as-
suming that it is Gaussian-distributed (see Figure Al). Thus,
all our analyses (ML and SSM) used In_OJA as the outcome
variable, whereas the SSM selection equation was modeled as
a Probit model.

Tables A3, A4, and A5 present the estimates of the ML and SSM
(the selection and outcome equation, respectively).

As expected, we found a strong positive correlation coefficient
between the two equations (p =0.98***) also confirmed by the

LR test (LR chi-square =5063.4, p <0.00001), implying a strong
nonrandom selection, or substantial evidence against the MAR
hypothesis, and the two equations cannot be modeled sepa-
rately. This means that latent factors responsible for OJA sample
selection (OJA with positive counts) are the same that drive the
number of OJA vacancies in nonempty profiles.

Regarding the selection equation, note the strong significance of
instruments, a result that not only legitimates the proper identifi-
cation of two equations but also has relevance for interpretation.

Namely, OJA are likely to appear online in regions where the
population has an advanced “digital” skill (social network par-
ticipation and home banking). In the same vein, this also oc-
curs for more digitalized regional labor markets in terms of
workers' skill (and thus firms) overall considering all sectors
(R&D_WORKERS) and especially in the administrative sector
(HI_TECH_Empl_N). Interestingly, regions with more digi-
talized public administration (and agriculture) are less likely
to post vacancies online. This may reflect the fact that OJA for
the public sector (ministry and institutional web portals) does
not enter our data that generally refer to job ads for the private
sector.

Table A7 deeply illustrates how the probability of inclusion of
the SSM estimated selection equation varies over profiles' char-
acteristics, taking univariate margins or K-way combinations of
main covariates.

For example, the minimum mean probabilities of observing a
positive count of OJA are as follows: 0.04 for the Molise region,
0.20 for the “Agriculture, forestry, and fishery” sector (Nace),
0.12 for “Chief executives, senior officials, and legislators”
(ESC0O2=11), and 0.35 in 2013-Q3. The maximum mean proba-
bilities of observing a positive count of OJA are as follows: 0.49
for the Lombardy region, 0.78 for the “Industry and manufac-
turing” sector, and 0.52 for “Business and administration asso-
ciate professionals” (ESCO2 =33) in the quarter 2018-Q2. Using
bivariate counts, the probability of inclusion varies from 0.02 for
“Chief executives, senior officials, and legislators” (ESCO2=11)
in the Molise region to 0.97 for “Business and administration
Associate Professionals” in the Lombardy region.

Using trivariate interactions, the profiles with the lowest mean
probability are “Market-oriented skilled forestry/fishery/hunt-
ing” (ESCO2=63) or ESCO2=11 in the agriculture sector
in Molise (0.02), whereas the highest probability of inclusion
(>0.999) refer to the following profiles in quarters 2016-Q2 or
2016-Q3: (1) “Business service agents” in “Manufacturing and
industry” or (2) “Real estate; Professional, scientific, and tech-
nical; and Administrative and support services” in Lombardy or
Veneto region.

Regarding fit statistics, the R-square of 0.671 and RMSE of 1.22
on logged variables demonstrate a quite satisfactory goodness of
fit for the SSM outcome (OJA) equation.

Despite the impressive fit statistics of the multilevel equation
(R-square=0.896, RMSE=0.43 on logged scale), the strong
selection mechanism found indicates that the two equations
cannot be estimated separately. Consequently, this approach
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leads to biased and inconsistent parameter estimates and OJA
predictions.

5.2 | Bias Assessment

After estimating (exponentiated) predictions of OJA within the
profiles using SSM and ML once aggregated over profiles, we
compare the total counts of predicted OJA over time (along with
the raw counts of OJA) against benchmark data. This compar-
ison is presented for models estimated using data generated by
both ESCO 1 and ESCO 2 aggregation levels (see Table 1), which
are useful for defining the profiles.

Considering data generated by the first aggregation plan (ESC
O1 x Nuts2 x Nace X Quarter), Figure 2 illustrates the evolution
of counts (in thousands) of OJA, LFS recent starters, as well as
predicted OJA by the SSM and ML. Although multilevel models
theoretically should not be shown due to their bias and incon-
sistency, the plot is included to highlight interesting differences
among these models.

2,500 —_— OJA === LFS Recent Starters
= =LFS New Hires Pred SSM
= = Pred MULTILEVEL

2,000

1,500

1,000

500

0,

FIGURE 2 | Evolution of LFS recent job starters, LFS new hires,
OJA counts, and predicted OJA by SSM and multilevel (in thousands).
Profiles created by crossing ESCO1 X Nuts2 X Nace X Quarters.

Bias% OJA vs LFS New Hires = = Bias% SSM vs LFS New Hires

700

Bias% SSM_int vs LFS New Hires
600
500
400

300

200

FIGURE 3 | Evolution of Bias% among LFS new hires and OJA, pre-
dicted OJA by SSM estimated with interactions (SSM_int) and without
(SSM). Profiles created by crossing ESCO2 X Nuts2 X Nace X Quarters.

The multilevel model appears to replicate OJA trajectories over
time, amplifying their peaks in the predictions due to the spec-
ification of full random terms in the model. In contrast, SSM
presents a more smoothed trajectory that aligns more closely
with the benchmark (LFS, particularly LFS new hires). Figure 2
demonstrates that the SSM effectively reduces the percentual
bias (—23.2%) of OJA relative to the LFS recent starters bench-
mark (+40.1%) over the 21 quarters, performing significantly
better than multilevel (+36.7%).

Specifically, by accounting for both observed and unobserved
factors influencing nonrandom selectivity (and the amount of
OJA), the predicted SSM counts significantly reduced the raw
OJA counts, particularly for profiles more prone to high volumes
of OJA.

Regarding data with the second aggregation plan (ESCO2XN
uts2x Nace X Quarter), Figure 3 directly shows the percentage
bias among predictions and the best benchmark data derived
from LFS new hires.

Figure 3 summarizes the very limited bias for both SSM ver-
sions with covariate interactions in the OJA equation (—6.5%)
and without interactions (—19.1%) over the overall period.

Particularly, summing over quarters and profiles, the total amount
of predicted OJA (4,033,907) closely matches the corresponding
stock of new hires (4,315,814), unlike the large amount of raw OJA
(21,403,160). The multilevel approach is not shown because of ex-
cessive bias (Bias% =384.7%) and the biasedness of its estimates.

These figures confirm that OJA coverage can vary widely over
main labor market characteristics and especially over time
(Figure 2). Differences in growth emerge when comparing OJA
data with stable official sources, demonstrating that SSM rep-
resents a promising strategy for addressing and correcting issues of
representativeness. Because LFS microdata provides a benchmark
for all combinations of Quarters x Nuts2x Nace X ESCO2, we can
control the bias of predictions for each dimension of interest.

Table A6 provides the bias of SSM with covariate interactions by
univariate marginals of four auxiliary variables.

SSM adjustments significantly reduce the very large bias ob-
served in raw OJA (+396.9%), particularly for profiles with
large stock of OJA, such as for ESCO1, professionals (Bias%
0OJA=908.1, Bias% SSM =122.0), technicians and associate pro-
fessionals (Bias% OJA =1277.8, Bias% SSM = 51.4), and clerical
support (Bias% OJA =590.5, Bias% SSM = —5.4). The same error
reduction is mainly evident for sectors more prone to appear on-
line, such as ICT (%bias OJA =2520.3, %bias SSM =194.5), indus-
try and manufacturing (Bias% OJA =848.5, Bias% SSM =58.1),
or wholesale and retail (Bias% OJA =512.7, Bias% SSM =25.9).

5.2.1 | Cedefop's Skills-OVATE Analysis of 2022 in Four
EU Countries

The above analysis was replicated using more recent data from
the Skills-OVATE institutional EU repository for the four most
populous EU countries. We used the wave that refers to the years
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2021-2022 (2021-Q4 to 2022-Q4). Since the beginning of 2023 (Q1),
the portal no longer provides the grab date for OJA data, which
makes it impossible to separate OJA by quarters and replicate our
analysis for more recent periods. The full analyses and results are
reported in Section A2. Most importantly, similar to the Italian re-
sults on bias, the SSM predictions for the four countries are highly
accurate, closely aligning with the LFS new hires data. However,
an exception is noted for Spain, where there is a notable underrep-
resentation of OJA compared to the LFS benchmark. This discrep-
ancy may be due to the selection mechanisms of OJA on Spanish
portals or some characteristics of this labor market.

5.3 | Forecasting Italian Data

Trends in Figure 2 support, at least graphically, the hypothesis
that the LFS series and adjusted OJA—exponentiating the pre-
dicted by SSM (SSM,)—may represent the same underlying evo-
lution, useful for forecasting LFS recent starters (LFS,).

Ignoring the seasonal nature of the series, both the ADF test and
the best Arima model found that first differencing the three se-
ries LFS,, OJA,, and SSM, results in stationary series, leading to
I(1) representation. Instead, when considering seasonal series,
results demonstrate a seasonal unit root and a significant drift:
More interestingly, both LFS and SSM, were found with the same
best SARIMA representation, with very similar AR1 parameters
and drift (Table 2). Based on fit statistics, such a SARIMA model
outperforms the best exponential smoothing model (Ets) for the
LFS series in the training data (this estimated Ets has multipli-
cative error, additive trend, and no seasonality, leading to a clas-
sical Holt's linear method with multiplicative errors).

Given that LFS, and SSM, are I(1) series, they were used to assess
possible cointegration, and if it will be the case, adding seasonal

than proportional increase in employment, specifically by a fac-
tor of 0.88. The estimated VECM, taking short-term adjustments
of only one lag and seasonal dummies into account, is shown in
Table 3.

The signs (and magnitude of ECT coefficient for VECM sta-
bility) of the coefficients were found to be as expected. Hence,
the overall finding is that there is both a strong long-run
(contemporaneous between levels) and a moderate short-
term (between lags of differences) relation among the series.
Furthermore, the numbers employed react to the vacancies
but not vice versa.

This implies Granger causation from movement in vacancies to
movements in numbers employed. This demonstrates that when
demand for labor is strong, the level of vacancies will generally
rise, which tends to lead to higher employment (level), although
less proportionally.

Table 4 presents the results of the three forecast models (ETS,
SARIMA, and VECM) along with their forecast accuracy,
whereas Figure 4 illustrates the forecasts for four quarters ahead.

The VECM emerges as the best-performing model (with an
average percentage error of 2.51% for LFS recent starters and
a smaller error in the last two quarters), reducing the error—
measured by MAPE—by 165% compared to ETS and by 200%
compared to SARIMA.

These results were largely expected, given the structural long-run
relationship among the LFS series and the updated OJA series.

TABLE 3 | VECM model with error correction term (ECT) and
seasonal dummies (Q1, Q2, and Q3).

dummies in the VECM equations to exploit seasonality. Results Covariates LFS equation SSM equation

§how thzft twoo series were cointegrated: the estimated cointegrat- ECT —0.605(0.278)* 0.066(0.064)

ing relationship (LFS,=469038.0 (51120.4)+0.8787(0.1714)SSM,,

with standard errors in parentheses) shows the SSM, coefficient is LFS(t-1) 0.241(0.260) 0.069(0.060)

strc.)ngly SIgmﬁca.nt (p<9.0001, a.d_]uste.d R-squared =0.558). Tbe SSM (t—1) 0.656(1.130) 0.145(0.259)

residual of the cointegrating relationship was found to be a white

noise series, with no significant residual autocorrelation (Ljung- Q1 -10790.1(15223.4) 8482.4(3545.5)*

Box test=15.742, p=0.7325). Q2 43372.2(18409.9)* 9156.7(4287.6).

This implies the existence of a structural long-run relationship, Q3 11848.5(21271.2) 570.6(4954.05)

where a one-unit increase in adjusted vacancies results in a less Note: Significant levels: “*” 0.05, “.” <0.1.

TABLE 2 | Seasonal and nonseasonal Arima representation: LFS, OJA, and adjusted OJA (SSM).

(S)ARIMA model (S)AR1 coeff. (SE) Drift BIC

LFS? seasonal (1,0,0)(0,1,0)[4] with drift 0.590 (0.239) 7648.4 (2315.3) 417.39
LFS? no seasonal (0,1,0) 483.39
OJA seasonal (0,0,0)(1,1,0)[4] with drift —0.496 (0.198) 45860.9 (8605.8) 472.04
OJA no seasonal (0,1,0) 548.94
SSM seasonal (1,0,0)(0,1,0)[4] with drift 0.572 (0.186) 7647.7 (1049.7) 362.54
SSM no seasonal (0,1,0) 412.75

aBest Ets representation: ETS(M,A,N), BIC =520.79.
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TABLE 4 | LFS, univariate and VECM forecasts, and prediction accuracy metrics.

Forecast horizon

Forecast accuracy

2018-Q3 2018-Q4 2019-Q1 2019-Q2 RMSE MAE MAPE
LFS recent starters 745,700 707,800 768,300 805,300
SARIMA 809,889 811,521 793,209 837,078 64,242.7 56,149.2 7.613
Ets (M,A,N) 792,654 801,745 810,836 819,927 57,125.9 49,515.2 6.731
VECM 774,677 736,747 779,932 810,418 21,442.2 18,668.3 2.531
LFS Recent Starters e——Sarima === Ets ——— VECM a broader context, when the sample may not be fully repre-

840,000

820,000

800,000

780,000

760,000

740,000

720,000

700,000
2018-Q3

2018-Q4

2019-Q1 2019-Q2

FIGURE 4 | LFS recent starters and forecasting by univariate
(SARIMA and Ets) and bivariate VECM (using LFS recent starters and
SSM series) models.

6 | Discussion

Given that the observed patterns in OJA data may reflect shifts
in the representativeness of different occupational groups over
time rather than actual labor market dynamics, this has under-
scored the need for a suitable statistical approach to correct raw
OJA for meaningful near real-time employment forecasts.

Particularly, the revised OJA series, after adjusting for sample
selectivity and nonrepresentativeness in new employment dy-
namics, offers a more accurate depiction of labor demand while
also serving as a useful tool for forecasting labor supply data.

The core of the methodological proposal is the creation of the
sample frame S, derived from the cross-tabulation of the lev-
els of auxiliary variables. These levels correspond to those ex-
isting in the population, not just in the individual sample D,.
This approach ensures the availability of two groups within the
sample frame: those with missing OJA and those with nonzero
OJA (selected profiles). These data augmentation technique is
crucial to define the binary outcome for the selection equation,
which can be easily modeled because the covariates defining
the profiles are fully observed for both groups of observations
by construction.

Moreover, reorganizing individual data in such a manner allows
(jointly) modeling the missing data mechanism and evaluat-
ing possible MAR and MNAR situations, otherwise not possi-
ble when working with individual data, because the truncated
sample would not provide information on the portion of unsam-
pled observations, as typically occurs in the ML approach. In

sentative of the population (truncated sample), we strongly
recommend reorganizing the original sample data into such
sparse cross-tabulated profiles using the auxiliary variables that
we suspect drive the selection mechanism (as well as the out-
come intensity). Continuous covariates can be categorized into
classes with large granularity or treated as factor variables in the
cross-tabulation.

In our specific labor market context, working with OJA sample
data that are too much aggregated (e.g., with ESCOL1 in combi-
nation with other dimensions such as region, sector, and time)
may lack profiles with missing OJA, making it impossible to per-
form a joint SSM (see the upper part of Table 1). Moreover, using
ESCO1 may result in missing important information about OJA.
In contrast, working with ESCO2 (which includes 40 categories
after excluding the three levels related to the armed forces from
the total 43 categories) is a better choice. This approach not only
provides valuable insights into the occupational dimension of
OJA at an appropriate level of aggregation but also reduces the
risk of the lack of missing profiles. If this were the case, work-
ing with ESCO3 would generate a very large number of profiles,
largely increasing the number of missing profiles (see Table 1).

Another important consideration is that the SSM in a GJRM
framework may adapt to various outcome distribution scenar-
ios, typically beneficial for count variables, such as Poisson, neg-
ative binomial, gamma, or Tweedy (for more extreme situations)
distributions. In this end, apart from GJRM, GLLAMMs (Rabe-
Hesketh et al. 2004) may be a useful alternative.

6.1 | Potential Benefits of Using Different LFS
Sources

From a broader perspective, if we agree that adjusted OJA should
mimic and target LFS new hires (or at least consider new hires
as an upper bound for OJA), different FLS sources may be used
as reference sample. Possible population frames with available
auxiliary variables are summarized in Table A9.

The choice of the most appropriate LFS data as a benchmark for
bias assessment—and potentially for poststratification—war-
rants further attention. Because LFS microdata are released
with a delay of nearly 2 years, they are unsuitable for near-real-
time OJA data analysis and cannot effectively support real-
time labor demand analyses. Currently, quarterly LFS data on
recent job starters remain a uniquely valuable resource for ad-
justing OJA data in near-real time. This adjustment is essential
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for labor market analyses that model supply factors, since, as
illustrated in the paper introduction, they require important
demand-side factors, such as demand stocks by occupational
groups over time.

However, although LFS recent job starters are disaggregated at
the QuarterxNace level, the sectorial disaggregation often con-
tains numerous missing data series, which vary by EU country.

We recommend that LFS data on recent job starters be dissemi-
nated atadifferentlevel of aggregation, such as Quarter Xx ESCO1,
as this more closely aligns with the key information that OJA
are intended to capture (Garasto et al. 2021; Cammeraat and
Squicciarini 2021; Turrell et al. 2019; Cedefop 2023, 2024).

This preference is grounded in several practical, methodologi-
cal, and empirical reasons.

First, occupations are not always concentrated within specific
industries, so aggregating occupations by sector may obscure
important details. Recalibrated OJA should ideally reflect longi-
tudinal occupational trajectories.

Second, the structure and information content of OJA make
classification by occupation more precise than classification by
sector of economic activity. Typically, OJA reports the sector
of the enterprise posting the advertisement (Boselli et al. 2017;
Cammeraat and Squicciarini 2021) rather than the sector of the
job being advertised. This discrepancy raises concerns about
potential measurement error biases, which should be examined
alongside nonresponse biases (Zhang 2005).

Third, another motivation arises from our empirical analysis
showing significant differences between LFS recent starters and
LFS new hires. This suggests that LFS job starters may include
irrelevant new starters, complicating the accurate adjustment of
OJA and bias correction for key dimensions such as occupation
and NUTS. For example, Figure 5 compares the stocks of OJA

mOJA
700,000

600,000
500,000
400,000
300,000
200,000

100,000

o

from the Skills-OVATE portal for various ESCO1 groups with
our selected LFS new hires for the last quarter of 2022.

At first glance, Figure 5 reveals that, contrary to expectations,
online job postings do not necessarily indicate higher job de-
mand for individuals with higher skill levels and more advanced
educational backgrounds (such as professionals) in Germany.
This is especially evident in France, where the volume of OJA
for Elementary occupations exceeds that for technicians-associ-
ate professionals and service-sales occupations.

Apart from these considerations, Figure 5 highlights significant
misalignment between the observed OJA and reference data by
occupation (a dimension not available in the LFS recent starters).

Thus, it is evident that the current version of LFS recent job start-
ers, without further disaggregation, cannot be adequately used
for either bias assessment or effective poststratification strate-
gies. Consequently, to accurately adjust OJA stocks through
poststratification, it is essential to have benchmark data with
ESCO1-level disaggregation.

Fourth, as previously discussed, variance reduction in the pres-
ence of MNAR mechanisms can be achieved during the poststrat-
ification step by selecting proper auxiliary variables. It is generally
advisable to choose auxiliary variables for the population frame
that are either the most significant or the most correlated with the
outcome, especially when a model-based strategy is absent (post-
stratification of the observed, rather than predicted, outcome vari-
able) or when using less sophisticated models that often result in
poor fit (Gelman 2007; Warshaw and Rodden 2012). Conversely,
if the missingness model is a poor fit or if irrelevant covariates are
used for defining profiles, generating accurate predictions from se-
lected samples can be challenging, even under the MAR assump-
tion (Buttice and Highton 2013; Lax and Phillips 2009).

To this end, occupation generally exhibits higher statistical sig-
nificance compared to sector. This finding has been confirmed

Pred OJA OLFS New Hires

Il |n‘ 0 8 I

DE ES FR IT DE ES FR

IT DE ES FR IT DE ES FR IT

Professionals (2) Techn. & Ass. Prof. Services and sales Elem. Occup. (9)

©)

)

FIGURES5 | Distributions of total OJA, predicted OJA (by SSM), and total LFS new hires in 2022-Q4, by country and some ESCO1 group (ESCO1

code in parentheses).

Journal of Forecasting, 2026

13

85U0| 7 SUOWILIOD 3AIERID 3|qedlidde auj Aq paueob afe SaIe VO ‘SN J0 S3IN 104 ARIq 1T BUIIUO AB|IM UO (SUORIPUCD-PUR-SLLBH LD A8 | IMAIq 1 [euUO//Sa1Y) SUORIPUOD PLe SLWLB | 3U} 35S *[9202/€0/6T] U0 A%iq1T 8UIjUO AB]IM B30001g LRI BYSRAIUN AQ 0600L '104/200T OT/I0P/W00" A3 1M AReIq1 Ul UO//SA1Y WOy papeojumoq ‘0 ‘XTETE60T



by our study, as well as other empirical applications (Cammeraat
and Squicciarini 2021; Turrell et al. 2019).

6.2 | Limitations
The paper acknowledges several limitations.

First, a limitation of the SSM version used in this paper is that
it does not incorporate pseudo-random effects, thereby failing
to exploit the hierarchical data structure (time dependencies
within profiles).

Unlikely the adopted specification (where longitudinal obser-
vations were not correlated within the profiles), GJRM may ex-
ploit the data hierarchy (time nested in profiles) by specifying
the same effects that drive the hierarchy in a multilevel model
(adding in both Equations 1 and 2 a sum of J profiles, as dummy
variables, multiplied by their coefficients), not as random effects
(thus avoiding new random errors in both equations), but as pe-
nalized fixed effects whose coefficients were estimated under
some penalization constraints. Because generally, the profiles
are very numerous, the use of penalized coefficients is justified
because we suspect that some coefficients may be weakly or not
identified or underrepresented in the data. Notably, specifying
penalized coefficients for fixed effects is the essential method-
ological trick for estimating these coefficients as random effects
(Robertson 1955; Ruppert et al. 2003; Wood 2004, 2011), exactly
like the way they are estimated in multilevel models (known as
empirical Bayes or BLUP), but specified as random terms.

Despite such limitations, we believe that addressing selectivity
is the primary concern for joint models aimed at adequate labor
market analysis, as opposed to univariate approaches such as
ML that, even if managed nested data, produce biased and in-
consistent estimates.

Secondly, the absence of the most recent data for WOLLIBY and
Cedefop's Skills-OVATE has hindered more up-to-date analyses.

Third, the limited number of available quarters for Cedefop's
Skills-OVATE data and the unavailability of public data because
2023-Q1 have prevented a forecast analysis for EU countries. In
this perspective, past publicly available information from Skills-
OVATE is only broken down by quarters, NUTS2, and ESCO2.
This lack of detailed data poses a significant issue for making
precise, real-time adjustments to OJA for labor demand analy-
sis. It hinders the accurate quarterly refinement of OJA stocks.
The absence of a sectoral dimension limits our ability to investi-
gate recent demand trends, such as the progress of digitalization
in both society and the public sector. For example, analyzing
the OJA data for ICT professionals and associate professionals
within public administration would provide insights into re-
gional variations across the EU.

7 | Conclusion
The paper introduces a promising approach to correct OJA from

nonrandom selectivity and nonrepresentativeness to be used
to forecast occupational dynamics. This method allows for the

construction of more consistent measures of vacancy distribu-
tions that mimic official employment data, also providing more
accurate forecasts.

Model-based inference and poststratification are standard tech-
niques for addressing unequal probabilities of selection and
nonresponse, provided the nonresponse mechanism is known
or partially accounted for by covariates. However, these ap-
proaches assume the MAR mechanism.

In contrast, our paper adopts a more conservative strategy based
on econometric literature on SSMs, which can address potential
MNAR mechanisms. This method accounts for unobservable or
unmeasured variables that may influence both nonresponse and
the outcome variable.

Concerning the forecast results, previous econometric estimates
suggest that the addition of lagged values of vacancy stocks to
simple autoregressive models or multivariate time series mod-
els improves their explanatory power in relation to employment
growth (European Central Bank 2002; Australian Bureau of
Statistics 2003; Lovaglio et al. 2020). Specifically, results indi-
cate that quarterly growth in job vacancies, rather than exhib-
iting contemporaneous movement, leads employment growth by
between one and three-quarters.

The present approach demonstrates that adjusting OJA for non-
random selectivity reveals both a long-run (contemporaneous)
and a short-term relationship between the series, which can be
leveraged to forecast LFS recent starters.

These results suggest that a deeper analysis of the comovement
of two series could contribute to better forecasts of employment
data in a near real-time fashion.

The presented approach can be seen as a doubly robust meth-
odology dealing with self-selection as it exploits both a model-
based approach (typically yielding smaller nonresponse bias
for estimator of target variable totals, also in the presence of
MNAR) and, although not fully developed in the present paper,
a poststratification strategy (leading always to variance reduc-
tion in case of a high association between auxiliary variables of
the population frame and the outcome).

In contrast, the strength of the multilevel method lies in the
potential for further poststratification. However, we argue that
poststratifying biased estimates may not be the correct strategy.
In this end, there is a notable parallelism between MRP and
SSM regarding the need for auxiliary variables. Both method-
ologies require these variables but for different purposes: MRP
needs them to improve the fit of the outcome equation, whereas
SSM enriches the possible population profiles in order to better
model nonresponse.

However, we question whether the true goal of strategies ad-
dressing nonrandom selectivity is merely a horse race to en-
hance the predictive power of a model, given that the observed
outcomes stem from a truncated and nonrepresentative sample.

Similarly, problematic situations involving incomplete matching
in ML (e.g., having more profiles in the population frame than
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in the sample frame) can be addressed as opportunities within
an SSM framework.

In conclusion, the key methodological challenge for future labor
market analyses lies in integrating web-based data with official
statistics to produce timely and cost-effective measurements.
Achieving accurate inferences will require both reliable near
real-time benchmark sources and robust statistical methods ca-
pable of addressing the inherent biases and gaps in online job
advertisement data.
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Appendix

Section A1: WOLLIBY (Italian Data) Results

TABLE A1 | Webographics from the Regional Statistics Database (link).

GoodsServices_ WEB

Percentage of individuals who online purchase in the last 3months (378 Nuts2 annual series 2006-2023)

REGULAR_WEB
HOME_WEB
HOME_BANK

SOCIAL_WEB

AuhorityInteract. WEB

NEVER_WEB
MOBILE_WEB

R&D_WORKERS

HI_TECH_Empl_j

Percentage of individuals regularly using the internet (214 Nuts2, annual series 2012-2023)
Percentage of households with internet access at home (378 Nuts2, annual series 2006-23)

Percentage of individuals who used the internet for home banking
(378 Nuts2 annual series 2006-2023)

Percentage of Individuals who used the internet for social networks, such as creating user profile, posting, and
sharing (378 Nuts2 annual series 2006-2023)

Percentage of individuals who used the internet for interaction with public authorities (359 Nuts2, annual series
2008-21)

Percentage of those who have never used a computer (350 Nuts2 annual series 2006-2017)

Percentage of individuals who accessed the internet away from home or work
(357 Nuts2, annual series 2012-19)

Percentage of FTE workers in R&D on labor force (business enterprise sector)
(627 Nuts2, annual series 1980-2022)

Percentage of employment in technology and knowledge-intensive occupations of total employment for Sector j (505

Nuts2, annual series 2013-2023)

TABLE A2 | %OJA distribution by Nuts2, Nace, Quarters (Q), and ESCOL1, overall period 2013-Q2 to 2018-Q2.

Nuts2 % Nace/ESCO % Q %
Lombardia 32.8 Industry and manufacturing (C+B+D+E) 33.0 2013-Q2 3.1
Veneto 14.2 Real estate + Professional, scientific and technical + Administrative and 21.7 2013-Q3 2.7
support service (L+M+N)
Emilia Romagna 13.7 Wholesale retail trade and repair of motor vehicles (G) 15.6  2013-Q4 2.8
Piemonte 9.2 Information and communication (J) 9.0 2014-Q1 3.5
Lazio 6.9 Transportation and storage (H) 5.2 2014-Q2 3.6
Toscana 6.7 Accommodation and food service (I) 4.5 2014-Q3 3.2
Friuli V.G. 2.6 Other service activities + Households as employers (S+ T) 4.1 2014-Q4 3.0
Marche 2.3 Education + Health/social work + Arts/entertainment (P+ Q+ R) 2.9 2015-Q1 4.2
Campania 2.0 Financial and insurance (K) 2.6 2015-Q2 5.4
Liguria 1.7 Construction (F) 0.6 2015-Q3 6.2
Puglia 1.5 Agriculture, forestry, and fishery (A) 0.5 2015-Q4 41
Abruzzo 1.4 Public administration and excluded defense (O) 0.3 2016-Q1 4.9
Sicilia 1.2 2016-Q2 4.7
Trentino 1.2 ESCO1 % 2016-Q3 4.7
Umbria 1.0 1 Managers/directors 2.7 2016-Q4 49
Sardegna 0.6 2 Professionals 18.1  2017-Q1 5.9
Calabria 0.4 3 Technicians and associate professionals 26.3  2017-Q2 6.3
Basilicata 0.2 4 Clerical support 14.6  2017-Q3 5.3
Molise 0.2 5 Service and sales 10.6 2017-Q4 7.5
Val d'Aosta 0.2 6 Skilled agriculture/forestry/fishery 0.1 2018-Q1 7.6
7 Craft and related trade 12.6  2018-Q2 6.4
8 Plant and machine 9.0
9 Elementary occupations 6.2
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FIGURE A1l | Distributions and Q-Q plot of OJA distributions (Italy, 2013-Q2 to 2018-Q2) under the hypothesis of lognormal (log nor), Poisson (POI),

and gamma distribution (Italy, Quarters 2013-2018). Note: The Q-Q plot of the negative binomial is almost identical to that of the Poisson.
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TABLE A3 | Multilevel results of the In_OJA equation, intercept as random effects (Italy, 2013-Q2 to 2018-Q2).

OJA equation Estimate St. error tvalue Pr>|t|
Intercept 5.16 0.113 45.8 <0.0001
ESCOL1 1. Managers -0.41 0.078 —5.2 <0.0001
ESCOL1 2. Professionals 0.94 0.076 12.3 <0.0001
ESCO1 3. Technicians and associate professionals 1.46 0.076 19.3 <0.0001
ESCO1 4. Clerical support workers 0.91 0.076 12.0 <0.0001
ESCOL1 5. Service and sales workers 0.48 0.076 6.2 <0.0001
ESCOL1 6. Skilled agricultural, forestry, and fishery workers -2.07 0.094 —22.2 <0.0001
ESCO1 7. Craft and related trade workers 0.24 0.076 3.2 0.0016
ESCOL1 8. Plant and machine operators and assemblers —-0.14 0.077 -1.9 0.0641
ESCOL1 9. Elementary occupations 0.00

ITC1 Piemonte 0.09 0.113 0.8 0.4221
ITC2 Valle d'Aosta —2.56 0.121 —-21.2 <0.0001
ITC3 Liguria -1.09 0.114 -9.6 <0.0001
ITC4 Lombardia 1.21 0.112 10.8 <0.0001
ITF1 Abruzzo -1.29 0.114 -11.3 <0.0001
ITF2 Molise —2.56 0.121 -21.2 <0.0001
ITF3 Campania -0.95 0.113 -8.4 <0.0001
ITF4 Puglia -1.18 0.114 -10.4 <0.0001
ITF5 Basilicata —2.36 0.119 -19.9 <0.0001
ITF6 Calabria —2.05 0.118 -17.4 <0.0001
ITG1 Sicilia -1.36 0.114 -12.0 <0.0001
ITG2 Sardegna -1.73 0.115 -15.0 <0.0001
ITH12 Trentino Alto-Adige -1.38 0.115 -12.0 <0.0001
ITH3Veneto 0.40 0.113 3.6 0.0003
ITH4 Friuli Venezia Giulia —-0.96 0.114 -8.5 <0.0001
ITHS Emilia Romagna 0.40 0.113 3.5 0.0004
ITI1 Toscana —0.15 0.113 -1.3 0.1816
ITI2 Umbria -1.53 0.115 -13.3 <0.0001
ITI3 Marche -1.02 0.113 -9.0 <0.0001
ITI4 Lazio 0.00

2013-Q2 -0.71 0.023 -30.9 <0.0001
2013-Q3 -0.80 0.023 -34.6 <0.0001
2013-Q4 -0.76 0.023 -33.1 <0.0001
2014-Q1 -0.59 0.023 -26.0 <0.0001
2014-Q2 -0.54 0.023 —23.6 <0.0001
2014-Q3 —0.68 0.023 -30.2 <0.0001
2014-Q4 -0.72 0.023 -31.6 <0.0001
2015-Q1 —-0.41 0.022 -18.4 <0.0001
2015-Q2 0.06 0.022 3.0 0.0029
2015-Q3 0.65 0.021 30.3 <0.0001

(Continues)
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TABLE A3 | (Continued)

OJA equation Estimate St. error tvalue Pr>|t|
2015-Q4 -0.41 0.022 —-18.2 <0.0001
2016-Q1 —-0.22 0.022 -10.0 <0.0001
2016-Q2 —-0.32 0.022 -14.2 <0.0001
2016-Q3 —-0.33 0.022 -14.6 <0.0001
2016-Q4 —-0.32 0.022 -14.2 <0.0001
2017-Q1 -0.12 0.022 —5.4 <0.0001
2017-Q2 0.04 0.022 1.8 0.0651
2017-Q3 -0.12 0.022 =54 <0.0001
2017-Q4 0.51 0.021 23.8 <0.0001
2018-Q1 0.30 0.022 14.0 <0.0001
2018-Q2 0.00

Nacel Agriculture —1.49 0.092 -16.2 <0.0001
Nace2 Industry and manufacturing 1.55 0.087 17.8 <0.0001
Nace3 Construction -1.44 0.092 -15.7 <0.0001
Nace4 Wholesale and retail 1.21 0.087 13.9 <0.0001
Nace5 Transportation and storage -0.10 0.088 -1.1 0.2548
Nace6 Accommodation and food -0.15 0.089 -1.6 0.1004
Nace7 ITC —-0.22 0.090 -2.4 0.0156
Nace8 Financial and insurance activities —0.53 0.089 -6.0 <0.0001
Nace9 Real estate + Professional/scientific/technical + Administrative activities 1.10 0.087 12.6 <0.0001
Nacel0 Public administration —-1.63 0.092 -17.7 <0.0001
Nacell Education + Health/social + Arts/entertainment —-0.36 0.090 -4.1 <0.0001
Nacel2 Other services + Activities of households as employment 0.00

Note: Variance of random intercept=0.6441, p < 2e-16***. Estimates 0.00 indicate the reference level of each categorical variable.
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TABLE A4 Results of SSM for the probit selection Equation (1).

Selection equation Label Estimate St.error  zvalue Sign.

Intercept —69.05 0.162 —426.0 <0.0001

Nace Agriculture -1.66 0.030 -56.3 <0.0001
Industry and manufacturing 1.55 0.029 53.6 <0.0001
Construction -1.46 0.029 -50.4 <0.0001
Wholesale and retail 1.22 0.027 44.7 <0.0001
Transportation and storage —0.03 0.026 -1.0 0.3230
Accommodation and food -0.07 0.027 -2.5 0.0113
ITC -0.19 0.027 -7.3 <0.0001
Financial and insurance activities —0.62 0.027 -23.0 <0.0001
Real estate + Professional/scientific/technical + Administrative 1.09 0.027 40.3 <0.0001
activities
Public administration -1.96 0.030 —65.1 <0.0001
Education + Health/social + Arts/entertainment —-0.33 0.027 -12.4 <0.0001
Other services + Activities of households as employment 0.00

Nuts2 Piemonte 0.29 0.089 3.3 0.0010
Valle d'Aosta -2.01 0.064 -31.5 <0.0001
Liguria -0.70 0.059 -11.8 <0.0001
Lombardia 0.89 0.088 10.1 <0.0001
Abruzzo -0.18 0.081 -2.2 0.0311
Molise -1.23 0.098 -12.5 <0.0001
Campania 0.23 0.070 3.2 0.0013
Puglia 0.62 0.111 5.6 <0.0001
Basilicata —0.77 0.111 -7.0 <0.0001
Calabria 0.12 0.141 0.9 0.3860
Sicilia 0.41 0.102 4.0 <0.0001
Sardegna —-0.59 0.073 -8.1 <0.0001
Trentino Alto-Adige —0.42 0.091 -4.6 <0.0001
Veneto 0.80 0.091 8.9 <0.0001
Friuli Venezia Giulia —0.43 0.063 -6.9 <0.0001
Emilia Romagna 0.66 0.094 7.0 <0.0001
Toscana 0.26 0.069 3.8 0.0002
Umbria -0.79 0.075 -10.6 <0.0001
Marche —0.52 0.081 —-6.4 <0.0001
Lazio 0.00

ESCO1 Managers —0.38 0.024 -16.1 <0.0001
Professionals 0.95 0.023 41.1 <0.0001
Technicians and associate professionals 1.47 0.024 60.9 <0.0001
Clerical support 0.95 0.023 41.2 <0.0001
Service and sales 0.48 0.023 20.9 <0.0001
Skilled agriculture/forestry/fishery -2.84 0.033 —85.3 <0.0001

(Continues)
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TABLE A4 | (Continued)

Selection equation Label Estimate St.error  zvalue Sign.
Craft and related trades 0.23 0.023 9.9 <0.0001
Plant and machine operators/assemblers -0.24 0.023 -10.5 <0.0001
Elementary occupations 0.00

Year 0.03 0.000

Instruments

HOME_BANK %People using home banking 0.02 0.002 9.5 <0.0001

SOCIAL_WEB %People using social networks 0.02 0.002 9.4 <0.0001

R&D_WORKERS %Workers in R&D on labor force 0.21 0.067 3.1 0.0022

HI_TECH_Empl_AB*  AB (agriculture and mining) -0.16 0.013 -12.2 <0.0001

HI_TECH_Empl N? N (administrative activities) 0.15 0.013 11.6 <0.0001

HI_TECH_Empl_O? O (public administration) -0.02 0.010 -2.3 0.0204

2percentage of employment in ICT + knowledge-intensive occupations of total employment for this sector. Estimates 0.00 indicate the reference level of each categorical

variable.
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TABLE A5 Results of SSM for the In_OJA Equation (2).

OJA equation Label Estimate  St.error tvalue Sign.

Intercept 4.98 0.045 109.8 <0.0001

Nace Agriculture -2.18 0.034 —-64.7 <0.0001
Industry and manufacturing 1.89 0.030 63.8 <0.0001
Construction -1.91 0.033 —58.2 <0.0001
Wholesale and retail 1.51 0.030 51.1 <0.0001
Transportation and storage -0.05 0.030 -1.6 0.1172
Accommodation and food -0.12 0.030 -4.0 <0.0001
ITC -0.25 0.031 -8.1 <0.0001
Financial and insurance activities -0.77 0.031 -24.9 <0.0001
Real estate + Professional/scientific/technical + Administrative 1.34 0.030 45.1 <0.0001
activities
Public administration —2.48 0.035 -71.7 <0.0001
Education + Health/social + Arts/entertainment —0.43 0.031 -13.9 <0.0001
Other services + Activities of households as employment 0.00

Nuts2 Piemonte 0.21 0.038 5.6 <0.0001
Valle d'Aosta -3.19 0.044 -73.2 <0.0001
Liguria -1.14 0.039 -29.4 <0.0001
Lombardia 1.44 0.038 38.5 <0.0001
Abruzzo -1.49 0.039 -37.8 <0.0001
Molise —3.41 0.045 =75.7 <0.0001
Campania -1.04 0.039 —26.9 <0.0001
Puglia -1.36 0.039 -34.7 <0.0001
Basilicata -3.09 0.043 -71.4 <0.0001
Calabria —2.68 0.042 —64.2 <0.0001
Sicilia —1.64 0.040 —41.4 <0.0001
Sardegna -2.13 0.040 —52.6 <0.0001
Trentino Alto-Adige -1.58 0.039 —-40.0 <0.0001
Veneto 0.58 0.038 15.4 <0.0001
Friuli Venezia Giulia -0.94 0.039 -24.4 <0.0001
Emilia Romagna 0.62 0.038 16.4 <0.0001
Toscana -0.04 0.038 -1.0 0.3414
Umbria -1.79 0.040 —-44.9 <0.0001
Marche -1.14 0.039 -29.4 <0.0001
Lazio 0.00

ESCO1 Managers -0.50 0.027 -18.3 <0.0001
Professionals 1.21 0.026 46.2 <0.0001
Technicians and associate professionals 1.84 0.026 71.0 <0.0001
Clerical support 1.19 0.026 45.8 <0.0001
Service and sales 0.61 0.026 23.0 <0.0001
Skilled agriculture/forestry/fishery —3.55 0.039 -91.7 <0.0001

(Continues)
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TABLE A5 | (Continued)

OJA equation Label Estimate  St.error tvalue Sign.
Craft and related trades 0.30 0.027 11.1 <0.0001
Plant and machine operators/assemblers -0.29 0.027 -10.9 <0.0001
Elementary occupations 0.00

Quarters? 2013-Q2 —-0.84 0.032 -26.7 <0.0001
2013-Q3 -0.85 0.032 —26.7 <0.0001
2016-Q3 -0.25 0.030 -8.5 <0.0001
2017-Q3 -0.07 0.029 -2.5 0.0117
2017-Q4 0.04 0.028 1.4 0.1597
2018-Q1 0.19 0.028 6.8 <0.0001
2018-Q2 0.00

2Empty quarters’ estimates exhibited the same trend as nonempty quarters in the preceding periods. Estimates 0.00 indicate the reference level of each categorical

variable.

Journal of Forecasting, 2026

25

85U0| 7 SUOWILIOD 3AIERID 3|qedlidde auj Aq paueob afe SaIe VO ‘SN J0 S3IN 104 ARIq 1T BUIIUO AB|IM UO (SUORIPUCD-PUR-SLLBH LD A8 | IMAIq 1 [euUO//Sa1Y) SUORIPUOD PLe SLWLB | 3U} 35S *[9202/€0/6T] U0 A%iq1T 8UIjUO AB]IM B30001g LRI BYSRAIUN AQ 0600L '104/200T OT/I0P/W00" A3 1M AReIq1 Ul UO//SA1Y WOy papeojumoq ‘0 ‘XTETE60T



TABLE A6 | Bias% of SSM prediction (model with interactions) with respect to LFS new hires, by covariates' levels. Italy, 2013-Q2 to 2018-Q2.

Var Label LFS new hires Pred OJA Bias%
Quarter 2013-Q2 168,421 102,587 -39.1
2013-Q3 177,869 108,482 -39.0
2013-Q4 185,368 114,734 —38.1
2014-Q1 163,548 121,363 —25.8
2014-Q2 189,806 128,394 -32.4
2014-Q3 193,946 135,852 -30.0
2014-Q4 210,421 143,763 -31.7
2015-Q1 178,493 152,157 -14.8
2015-Q2 210,981 161,063 -23.7
2015-Q3 219,779 170,515 -22.4
2015-Q4 225,014 180,546 -19.8
2016-Q1 198,990 191,194 -39
2016-Q2 208,570 202,498 -2.9
2016-Q3 209,412 214,499 2.4
2016-Q4 212,986 227,243 6.7
2017-Q1 187,422 240,776 28.5
2017-Q2 235,816 255,149 8.2
2017-Q3 251,055 270,416 7.7
2017-Q4 241,903 286,635 18.5
2018-Q1 207,791 303,867 46.2
2018-Q2 238,224 322,176 35.2
ESCO1 1. Managers 19,243 657,204 3315.4
2. Professionals 384,282 853,000 122.0
3. Technicians and associate professionals 406,985 616,100 51.4
4. Clerical support 452,560 427,920 -5.4
5. Service and sales 1,196,651 372,163 —68.9
6. Skilled agriculture/forestry/fishery 45,817 243,177 430.8
7. Craft and related trades 585,615 353,726 -39.6
8. Plant and machine operators/assemblers 318,910 185,560 —41.8
9. Elementary occupations 905,751 325,057 —64.1
Nuts2 Piemonte 289,490 350,952 21.2
Valle d'Aosta 11,630 18,975 63.2
Liguria 100,495 107,684 7.2
Lombardia 699,544 1,156,120 65.3
Abruzzo 92,892 82,345 -11.4
Molise 15,749 18,853 19.7
Campania 331,151 119,569 —-63.9
Puglia 299,450 88,009 —70.6
Basilicata 40,253 22,218 —44.8
Calabria 137,693 30,683 =777
(Continues)
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TABLE A6 | (Continued)

Var Label LFS new hires Pred OJA Bias%
Sicilia 291,217 69,391 -76.2
Sardegna 165,603 47,345 —71.4
Trentino Alto-Adige 104,601 73,172 -30.1
Veneto 408,787 487,796 19.3
Friuli Venezia Giulia 91,290 119,478 30.9
Emilia Romagna 367,101 491,683 33.9
Toscana 285,075 274,909 -3.6
Umbria 70,974 62,627 -11.8
Marche 114,858 108,177 -5.8
Lazio 397,961 303,922 -23.6

Nace Agriculture 281,281 38,489 —86.3
Industry and manufacturing 744,625 1,177,425 58.1
Construction 328,649 47,894 —85.4
Wholesale and retail 544,968 685,817 25.9
Transporting and storage 203,719 177,026 -13.1
Accommodation and food 651,534 158,880 -75.6
ITC 73,514 216,500 194.5
Financial and insurance activities 35,791 126,823 254.4
Real estate + Professional/scientific/ 396,981 951,965 139.8
technical + Administrative activities
Public administration 55,303 32,946 —40.4
Education + Health/social + Arts/entertainment 739,724 190,201 -74.3
Other services + Activities of households as employment 259,726 229,940 -11.5
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Section A2: Cedefop's Skills-OVATE Analysis in Four EU
Countries

Following the suggested approach in the literature, we assigned each
OJA to the month (and the relative quarter) in which it remained avail-
able/open for the longest duration in the 2-month period. Columns 3
and 4 in Table A8 present the results of the recent recalibration, which
adjusts the OJA data for the quarters of 2022. This adjustment allows
for the exclusion of over 6.5 million (6,608,000) OJA entries that pertain
to irrelevant periods (2021-Q4 or 2023-Q1). Moreover, examining the
marginal figures in these columns confirms that the SSM predictions
are more accurately aligned with LFS new hires compared to LFS re-
cent starters.

Although the latter group has a comparable amount of OJA, the similar-
ity is coincidental rather than indicative of a meaningful comparison,
due to the inability to further disaggregate this total stock beyond the
time dimension.

TABLE A7 | Mean probability of OJA selection (mean p) by SSM
without interactions, along with the lowest and highest values, and the
coefficient of variation (CV) by covariate.

Vars. Mean p cv

Nuts2 (region)

Molise 0.04 212.3
Valle d'Aosta 0.05 212.7
Basilicata 0.06 204.9
Veneto 0.38 92.6
Emilia Romagna 0.38 91.2
Lombardia 0.49 77.6

Nace (sector)

Agriculture, forestry, and fishery 0.05 222.9
Construction 0.08 191.4
Wholesale and retail trade and Repair of 0.36 94.3
motor vehicles

Real estate; Professional, scientific, and 0.39 91.3
technical; and Administrative and support

services

Industry and manufacturing 0.44 85.1
Quarter

2013-Q3 0.16 153.5
2013-Q4 0.17 151.6
2013-Q2 0.17 148.8
2017-Q1 0.22 131.4
2015-Q2 0.29 113.3
2016-Q3 0.35 99.7

ESCO2 (occupation)

Vars. Mean p cv

Chief executives, senior officials, and 0.13 418.2
legislators (11)

Market-oriented skilled forestry/fishery/ 0.13 418.2
hunting (63)

Business and administration professionals 0.62 54.1

@9

Customer service clerks (42) 0.66 44.3
Business service agents (33) 0.78 33.5

(Continues)
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The first column of Table A8 summarizes the results of the four fitted
SSM in each country in terms of the (chi-square) LR test on rho's signif-
icance and instruments found.

It is noteworthy that, with the exception of Italy, a strong nonrandom
selection mechanism was identified, particularly in Germany and
France. Webographics proved to be very useful and significant instru-
ments for Italy and France, because they have adequate variability
among their regions, unlike Spain and Germany. In this last country,
instead, a finer regional disaggregation (Nuts2) and a continuous ver-
sion of quarters (time) were employed as instruments in the selection
equation, whereas Nutsl and Quarter (specified as class variable) were
used in the OJA equation. For Spain, we found only the Quarter as
instrument.

Columns 5, 6, and 7 of Table A8 present the total predicted OJA alongside
the totals from two benchmark datasets: recent job starters and new hires,
segmented by quarters for each country. SSM predictions are generally
quite accurate, closely matching the LFS new hires data, except for Spain,
where the observed discrepancies warrant further investigation.

TABLE A8 | OJA by grab_date quarter, OJA reassigned to the correct quarter (refined), LFS new hires, LFS recent starters, and predicted OJA by

SSM (in thousands), by country and quarter.

@

OJA refined LFS new hires

)]

©

9]

LFS recent starters Pred OJA SSMP

@ ) 3
Country? (LR testonrho=0) Quarter OJA by grab_date
DE 2021-Q4 1807
Chi-square =925.2%** 2022-Q1 1986
Instruments: Nuts2 and 2022-Q2 1846
Nuts2*Time

2022-Q3 2150

2022-Q4 1723
ES 2021-Q4 235
Chi-square =3.04* 2022-Q1 261
Instruments: Quarter 2022-Q2 288

2022-Q3 262

2022-Q4 222
FR 2021-Q4 3708
Chi-square =19.7*** 2022-Q1 2376
Instruments: 2022-Q2 2137
ESCO1*Home_Bank

2022-Q3 2026

2022-Q4 2999
IT 2021-Q4 1024
Chi-square=1.35 (p=0.25) 2022-Q1 798
Instruments: Hi_TECH_ 2022-Q2 881
EMPL_K (financial and
. 2022-Q3 872
insurance act)

2022-Q4 823
Total 28,424

1746
1849
2096
1982

232
245
300
258

2535
2354
1813
3018

736
857
815
978

21,816

1533
1629
1616
1497

695
875
820
765

999
1088
1047
1048

599
677
593
613

16,092

1727
1751
1706
1667

1255
1241
1236
1195

1315
1296
1221
1237

897

840

773

20,142

1449
1616
1934
1775

146
160
176
194

1423
1433
1162
1826

456
496
539
586

15,371

2Below each country, the statistic of the LR test (and significance) for the absence of sample selection and the instruments used in the SSM selection equation (not

entering the OJA equation) are provided.

bThe data used are OJA (refined), once they have been assigned to correct quarters, as explained in the text.
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Section A3: LFS Data as Benchmark Dataset

TABLE A9 | Official sources potentially useful for the OJA population frame.

Dataset

Broken down by

Delay (dissemination) = Website

LFS public quarterly data

LFS public quarterly data

LFS microdata

Eurostat regional statistics

Country, quarter, sex, Nace, and tenure of the last job <3 and >3 months
(new hires)

Country, quarter, and tenure of the last job (< 3 months) by sex and age
(recent job starters)

Country, quarter, sex, age, Nace, ESCO (three digits), and tenure of the
last job

Country, Nuts2, year, age, sex, and tenure of the last job (< 11 months,
12-13, 24-59, and > 60)

<2 quarters of delay link
<2 quarters of delay link
>2years of delay link
> lyear of delay link
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https://ec.europa.eu/eurostat/databrowser/view/lfsq_egdn2/default/table?lang=en
https://ec.europa.eu/eurostat/databrowser/view/lfsi_sta_q/default/table?lang=en&category=labour.employ.lfsi.lfsi_emp
https://ec.europa.eu/eurostat/web/lfs/database
https://ec.europa.eu/eurostat/databrowser/view/LFST_R_EGAD__custom_6323449/default/table?lang=en
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