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Abstract

This paper predicts regional unemployment in the European Union by ap-
plying machine learning techniques to a dataset covering 198 NUTS-2 regions,
2000 to 2019. Tree-based models substantially outperform traditional regres-
sion approaches for this task, while accommodating reinforcement effects and
spatial spillovers as determinants of regional labor market outcomes. Infla-
tion—particularly energy-related—emerges as a critical predictor, highlight-
ing vulnerabilities to energy shocks and green transition policies. Environ-
mental policy stringency and eco-innovation capacity also prove significant.
Our findings demonstrate the potential of machine learning to support proac-
tive, place-sensitive interventions that aim to predict and mitigate the uneven
social and economic impacts of structural change across regions.
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1 Introduction

Unemployment is a central concern for European policymakers, particularly at the
regional level, where economic shocks and structural imbalances produce persistent
spatial disparities [Rodŕıguez-Pose, 2013]. These differences not only reflect unequal
access to employment opportunities but also challenge the effectiveness of cohesion
policy, social protection systems, and the political legitimacy of European integra-
tion [Dijkstra et al., 2015]. Anticipating regional unemployment trends is therefore
essential for the timely design and targeting of active labor market policies [Boeri
and Terrell, 2002], especially in light of recent crises that have revealed the vul-
nerability of specific regions to economic downturns [Bagliano and Morana, 2025,
Iammarino et al., 2019]. These vulnerabilities are further exposed in the context
of the green transition, where ambitious climate and energy policies, while crucial
for decarbonisation, may introduce challenges linked to uneven sectoral exposures,
regional labour market resilience, and the distributive impacts of higher energy and
production costs [Vona, 2023].

This paper develops a predictive framework to anticipate short-term unemploy-
ment rates across NUTS2 regions in Europe. Framing the task as a prediction
policy problem [Kleinberg et al., 2015], it becomes evident the practical value of
forecasting for policy. In particular, timely and reliable predictions can help iden-
tify regions most at risk of rising unemployment, thereby supporting the targeting of
place-based interventions such as cohesion policies, where the effectiveness of action
depends critically on anticipating rather than merely reacting to shocks.

Traditional econometric models used in labor economics, such as fixed-effects
panel regressions or structural macro models, often prioritize inference over predic-
tion and tend to perform poorly in out-of-sample forecasting tasks [Stock and Wat-
son, 2002]. In contrast, machine learning (ML) techniques are explicitly designed
to maximize predictive accuracy and can flexibly capture complex, non-linear re-
lationships and high-dimensional interactions among variables [Athey and Imbens,
2019]. Recent research has demonstrated the value of ML methods across a vari-
ety of policy domains, ranging from criminal justice to social welfare. In particular,
these techniques are increasingly being applied to address challenges such as poverty
targeting [Jean et al., 2016], evaluating the effectiveness of public programs and
spending [Andini et al., 2018, Christensen et al., 2024, Di Stefano and Resce, 2025],
analyzing education and training systems [Sansone, 2019, Sansone and Zhu, 2023],
and identifying instances of financial distress, corruption, and political connections
[Antulov-Fantulin et al., 2021, Titl et al., 2024, D’Ecclesiis et al., 2025]. They have
also proven useful in the analysis of environmental and health-related issues [Fabra
et al., 2022, Girma and Paton, 2024, Carrieri et al., 2021, Caravaggio et al., 2025].
In the context of labor market analysis, recent studies have applied ML to fore-
cast aggregate unemployment in the euro area [Gogas et al., 2022] and in countries
like Germany [Katris, 2020]. However, these approaches often overlook subnational
disparities—an aspect we aim to address more directly.

We apply a set of ML models to forecast unemployment rates at the NUTS-2
level, using a rich panel dataset that collects a variety of regional socioeconomic
indicators. In line with recent literature, we also incorporate environmental vari-
ables to capture potential trade-offs between green transition policies and labor
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market outcomes. We include spatial lags to account for geographic spillovers, fol-
lowing studies on the spatial dimension of unemployment. Additionally, we include
inflation-related indicators to reflect the well-established unemployment-inflation
relationship. Our level of spatial granularity is particularly valuable, as NUTS-2
regions are a key target of European cohesion policy and the allocation of related
funding instruments. Our models has the potential to support proactive policy de-
sign by identifying which regions are likely to experience rising unemployment in the
near future—providing early-warning signals that can inform the deployment of Eu-
ropean Social Fund resources, the design of retraining programs, and the planning
of counter-cyclical investment initiatives.

Our findings show that ML models—particularly Random Forest and Gradient
Boosting—effectively capture the complex, non-linear dynamics behind regional un-
employment in the EU. Key predictors include lagged unemployment and its spatial
lag (i.e., the unemployment rates of neighboring regions), highlighting the relevance
of geographical concentration effects in shaping unemployment patterns. Environ-
mental policy and environmental performance also emerge as important predictors.
Inflation-related variables retain notable influence, while challenging the validity of
the Phillips relationship in local contexts.

The remainder of the paper is structured as follows: Section 2 reviews the rele-
vant literature, Section 3 presents our methodology and data, Section 4 discusses the
empirical results, and Section 5 concludes with policy implications and directions
for future research.

2 Literature Review

2.1 The unemployment-inflation relationship in the green
transition era

Unemployment dynamics are strongly shaped by macroeconomic factors such as
economic growth and price fluctuations, with uneven consequences that amplify
regional disparities. Shocks to real disposable income, whether from energy and
food price increases, or broader economic crises, directly affect consumption capacity
and firms’ labour demand, thereby reinforcing spatial disparities in unemployment
outcomes [Rodŕıguez-Pose, 2013, Iammarino et al., 2019]. These vulnerabilities have
been repeatedly exposed during recent crises, from the economic downturn to the
pandemic and the current energy price shock, where weak income growth combined
with inflationary pressures exacerbate regional labour market fragilities.

Within this broader macroeconomic context, the Phillips Curve provides a clas-
sical framework for examining the inflation–unemployment nexus, originally formu-
lated as an inverse relationship between change of monetary wages and unemploy-
ment [Phillips, 1958]. Over time, empirical studies have provided mixed evidence
regarding the stability of this relationship. Some research suggests that the Phillips
Curve has flattened in recent decades due to more stable inflation expectations [Stock
and Watson, 2008], while others argue that regional variations and structural breaks
must be considered to better understand its empirical validity [Babb and Detmeister,
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2017, Hooper et al., 2020, Smith, 2024]. Despite these issues, renewed interest has
emerged, especially in light of contemporary economic conditions and recent infla-
tionary episodes observed in the last years [Hazell et al., 2022]. A substantial body
of literature is concerned with empirically assessing the occurrence of the curve. One
line of research focuses on the re-emergence of empirical support for the Phillips hy-
pothesis, suggesting that inflation-unemployment trade-offs remain relevant [Hazell
et al., 2022]. Other studies emphasize the role of stable inflation expectations in
reducing the sensitivity of inflation to unemployment [Stock and Watson, 2008].
Further research underscores the heterogeneity in Phillips Curve coefficients across
regions [Babb and Detmeister, 2017, Hooper et al., 2020], while additional contri-
butions examine structural breaks that arise due to economic shifts [Smith, 2024].
Despite these findings, key unresolved issues persist, including the potential non-
linearity of the Phillips relationship [Babb and Detmeister, 2017], the challenge of
disentangling the direction of causality between inflation and employment [Hazell
et al., 2022], and the endogeneity concerns in estimating the relationship [Smith,
2024].

Recent global events have underscored two critical considerations: the impera-
tive to accelerate energy transition for achieving strategic autonomy, and the adverse
macroeconomic consequences associated with abrupt shifts in energy mix. Indeed,
climate and energy policies designed to reduce carbon dependency and accelerate the
shift to renewable sources may entail short-term increases in energy prices, whether
through carbon taxation, the phasing out of subsidies, or the costs of renewable inte-
gration. While essential for long-term sustainability, these measures may introduce
new inflationary pressures that interact with labour markets in non-trivial ways. On
the one hand, higher energy and input costs raise firms’ production costs, poten-
tially leading to lower output and weaker labour demand. On the other hand, rising
consumer prices erode households’ real disposable income, reducing consumption
and further depressing economic activity. Together, these dynamics undermine the
classical Phillips trade-off and can give rise to episodes in which inflation and un-
employment may rise simultaneously, underscoring the importance of incorporating
both price and income dynamics into the analysis of unemployment. These devel-
opments have sparked interest in examining the nexus between climate performance
and inflationary pressures [Boneva and Ferrucci, 2022, Moessner, 2022].

In this light, the inflation–unemployment relationship cannot be interpreted
solely as a matter of monetary expectations, as it increasingly reflects also how
regions absorb the distributive consequences of the energy transition, with uneven
effects across space and sectors. This perspective underscores the importance of ac-
counting for climate and energy policy shocks in empirical analysis, and highlights
the need for regionally tailored policies that can mitigate labour market vulnerabil-
ities while sustaining progress towards decarbonisation.

2.2 Environmental policies and unemployment

Even though the green transition may not have sizeable effects on aggregate em-
ployment in the EU, it certainly introduces complexities to local labor markets,
producing both job creation and destruction, and causing labor reallocation [Van-
deplas et al., 2022]. While some studies highlight the potential for green jobs to drive
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employment growth [Vona, 2023, Marin and Vona, 2019], others underscore the risks
associated with the decline of traditional energy-intensive industries [OECD, 2012].
Displaced workers often encounter significant barriers to reemployment, as green jobs
[Consoli et al., 2016] may demand distinct skill sets, potentially leading to structural
unemployment in affected regions. Moreover, the development of new and sustain-
able technological trajectories can have unintended consequences, particularly for
low-skilled workers, who may face adverse employment effects as industries adapt
to environmental regulations [Consoli et al., 2016].
Rodŕıguez-Pose and Bartalucci [2024] identify unemployment as an indicator of ter-
ritorial discontent toward the green transition process. The effects of environmental
policies on labor markets depend on local factors. Stringent regulations can alter
sectoral compositions, leading to job creation in some areas while causing job losses
elsewhere, particularly in regions dependent on carbon-intensive industries [Vona,
2023]. The local labor market response is shaped by reconversion and migration
costs, wealth distribution, and broader economic conditions. Evidence suggests that
the impact of green transition policies varies based on labor mobility, the pace of
green innovation and technological adoption [Costantini et al., 2018], existing income
inequalities [Napolitano et al., 2022], market concentration and firm size distribu-
tion [Zaman and Borsky, 2021], and the evolving demand for green skills [Marin
and Vona, 2019]. These factors collectively determine the extent to which a shift to
more sustainable productive systems can lead to an increase in unemployment.

2.3 The spatial dimension of unemployment

Since our analysis investigates labour market dynamics at the subnational level, the
spatial dimension of unemployment becomes particularly salient. Indeed, economic
activity is highly spatially concentrated in most countries, and this structure drives
significant disparities in labour market outcomes. Regional unemployment is thus
strongly shaped by local structural conditions, including sectoral specialization, in-
novation capacity, demographic composition, and institutional quality [Iammarino
et al., 2019, Kline and Moretti, 2013]. Yet, these factors rarely operate in isolation.
Core regions often benefit from agglomeration economies, such as better access to
capital, denser labor markets, and knowledge spillovers, while peripheral or less
connected areas may face persistent disadvantages due to structural weaknesses,
low innovation uptake, or poor infrastructure [Basile, 2009, Moretti, 2012]. As a
consequence, unemployment rates vary markedly across cities and regions. These
spatial disparities are not merely reflections of individual characteristics but arise
from geographically bounded dynamics. As documented in the literature on local la-
bor markets, agglomeration effects, labor mobility, economic specialization, and the
spatial sorting of workers and firms tend to reinforce regional divergence in wages and
employment outcomes [Greenstone et al., 2010, Kline and Moretti, 2014, Moretti,
2011b,a, 2012]. High-productivity regions attract capital and skilled labor, setting
in motion virtuous cycles of employment growth. In contrast, regions with lower
innovation capacity or overexposure to declining industries, including brown sectors,
face the dual challenge of economic stagnation and outmigration [Iammarino et al.,
2019]. Importantly, economic shocks, whether local (e.g., plant closures, automa-
tion) or global (e.g., energy price volatility, climate policy reforms), rarely remain
confined within administrative borders. They propagate across space via commut-
ing flows, supply chains, and migration patterns, giving rise to significant spillover
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effects [Moretti, 2011a]. These interdependencies challenge the assumption of inde-
pendent regional labor markets and highlight the importance of modeling spatial
interactions explicitly [Niebuhr, 2003]. Evidence from the Italian context Cracolici
et al. [2007] shows that both high- and low-unemployment areas exhibit spatial clus-
tering, confirming that labor market outcomes are subject to spatial autocorrelation.
In particular, regions in Southern Italy have persistently high unemployment, often
linked to structural disadvantages and weak integration with innovation-intensive
northern areas. This pattern is mirrored across many EU countries and is closely
tied to the legacy of path-dependent regional development trajectories, lock-in ef-
fects, further compounded by differences in innovation adoption, regional variety
and firm dynamism [Corradini and Vanino, 2022, Overman and Puga, 2002]. Such
disparities have prompted policymakers to adopt place-based development strate-
gies aimed at reducing territorial inequality. In the EU, Cohesion Policy explicitly
targets lagging regions, recognizing the need for tailored interventions that address
spatially concentrated disadvantages to foster regional resilience. Empirical evi-
dence supports this approach: Caro and Fratesi [2023] found that Cohesion Policy
bolsters labour market resilience during economic downturns. These concerns are
particularly relevant in the context of the green transition since climate and environ-
mental policies, such as carbon taxation or the phasing out of polluting industries,
are expected to have asymmetric effects across space [Coenen et al., 2012]. Regions
with high concentrations of brown-sector employment may face significant labor dis-
placement, while innovation hubs and urban centers stand to benefit from green job
creation and investment flows [Rodŕıguez-Pose and Bartalucci, 2024, Vona, 2023].

This emerging research trajectory establishes important foundations for both
theoretical frameworks and empirical investigations exploring the interconnections
among labor market dynamics, sustainable economic transitions, and price stability.

3 Data and methods

3.1 Data

Our dataset incorporates regional data for EU NUTS 2 regions, supplemented with
national data on policy settings, over a 20-year time frame (2000 to 2019). The
dataset includes 38 variables (see Table 1 for a detailed description of variables’
sources and codification in our dataset). To preserve as much information as pos-
sible, breaks in time series are interpolated. When observations for region i still
present missing values, the region is dropped to ensure a balanced dataset. This
operation leaves us with a panel of 198 regions out of the original 256: Figure 1
shows the regions included in the dataset.

The regional unemployment rate, expressed as a percentage of the labour force
has been widely used to measure the societal impacts of socio-technical transitions
[Castellanos and Heutel, 2019, Vona, 2021]. The features considered for the pre-
diction task are inspired by the literature review in Section 2. To assess regional
economic disparities and potential development constraints related to climate pol-
icy implementation, we employ gross domestic product at the NUTS 2 level, ex-
pressed in million euros, as our primary indicator of overall economic development
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Figure 1: Map of NUTS2 regions included in the panel

[Diemer et al., 2022, Iammarino et al., 2019]. For examining household-level im-
pacts of climate policies, we utilize disposable income data, given its direct connec-
tion to consumption patterns and behaviors [Rodŕıguez-Pose and Bartalucci, 2023].
As an indicator of systemic inclusivity and intersectionality within socio-economic
frameworks, we incorporate the gender employment gap across NUTS 2 regions,
expressed as a percentage. This approach aligns with established research utilizing
gender metrics as proxies for broader systemic inclusivity [Johnson et al., 2020].
The importance of gender representation in climate governance for achieving equi-
table transitions is well-documented [Kronsell, 2013], particularly given evidence of
continued male dominance in green employment sectors [Maldonado et al., 2024].
Considering gender employment balance is even more relevant to our research ob-
jectives as Borsekova and Korony [2023] see gender balance as a key dimension of
regional labour market efficiency.

For capturing regional innovative capacity, we utilize patent data as a standard
indicator [Barbieri et al., 2023]. Specifically, we employ green patent counts to
measure eco-innovative potential, which research consistently links to successful en-
vironmental transitions [Costantini et al., 2018, Napolitano et al., 2022]. Our patent
analysis draws from the OECD REGPAT Database, which compiles patent appli-
cation data from both the European Patent Office (EPO) and Patent Cooperation
Treaty (PCT) frameworks, though we focus exclusively on EPO applications. Using
the Spring 2023 dataset version, we extract technological classification information
through cooperative patent classification (CPC) codes. Patent applications are al-
located to NUTS 2 regions based on inventor location, with our count including
applications with priority years spanning 2000-2019. To identify eco-innovations
specifically, we filter applications containing CPC code Y02, which designates in-
ventions focused on climate change mitigation and adaptation.

Recognizing that patent metrics alone may incompletely represent regional in-
novation ecosystems, we incorporate additional knowledge capital indicators from
the Regional Innovation Scoreboard (RIS), particularly given research emphasizing
R&D support’s role in climate preparedness [Cappellano et al., 2024]. From the
available RIS metrics, we select three key variables: employment within technology
and knowledge-intensive industries, educational participation rates, and tertiary ed-
ucation completion rates for the 25-64 age cohort. While the latter two metrics are
already expressed as percentages, we convert the employment data to relative terms
by calculating per-capita values using regional population figures.
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We also account for regional vulnerability through employment concentration in
transition-sensitive sectors. Research consistently identifies dependence on specific
productive sectors as a critical factor of vulnerability to the distributional impacts of
climate policies [Rodŕıguez-Pose and Bartalucci, 2023, Vandeplas et al., 2022, Vona,
2021]. To account for this strand of research, our analysis includes employment
data for NACE sectors A through F at the NUTS 2 level, measured in thousands of
workers.1

To control for demographic factors, we include regional median age as an ad-
ditional variable capturing population structure dynamics. For environmental per-
formance measurement, we utilize greenhouse gas emission indicators, which, while
not comprehensively capturing all environmental impacts of human activities, re-
main widely accepted metrics for evaluating green transition progress and sustain-
able development achievements [Bianchini et al., 2023]. The EDGAR database pro-
vides harmonized emission estimates across multiple pollutants by integrating data
from various sources. At the NUTS 2 level, we consider carbon dioxide (CO2),
methane (CH4), nitrous oxide (N2O), and fluorinated gases (F-gases), all expressed
in kilotons of CO2 equivalent. F-gases are potent greenhouse gases primarily emit-
ted from highly polluting industrial activities such as refrigeration, electronics and
semiconductor manufacturing, and some specialized chemical processes, including
the production of magnesium and aluminum. [Crippa et al., 2023].

Following recent geopolitical developments that have highlighted both the ur-
gency of energy transition for strategic independence and the potential macroeco-
nomic disruptions from rapid energy mix changes, the relationship between climate
performance and inflation has gained renewed attention [Boneva and Ferrucci, 2022,
Moessner, 2022]. Inflation dynamics are examined by incorporating the Harmonized
Index of Consumer Prices (HICP) and the HICP for energy products to account for
the differential impact of energy inflation compared to global inflation [Moessner,
2022]. To capture regional income effects and their relationship with price changes,
we include a new variable rate disp, which represents the rate of change in disposable
income at the regional level.

We incorporate OECD Environmental Policy Stringency (EPS) indicators to cap-
ture national commitment regarding environmental protection. The EPS composite
index includes 17 indices; for a detailed descriptio of the index structure, see Figure
2. Higher stringency scores, reflecting supportive institutional and political frame-
works, strongly predict both environmental performance outcomes [Frohm et al.]
and eco-innovation development [Ghisetti and Pontoni, 2015, Xie et al., 2023]. We
apply national EPS scores to all regions within each respective country.

1In Rodŕıguez-Pose and Bartalucci [2023], the so-called ”brown” sectors encompass agriculture,
forestry, and fishing (A); mining operations (B); petroleum refining (C19); chemical manufacturing
(C20); non-metallic mineral production (C23); basic metals (C24); utilities including electricity and
waste management (D, E); and transportation (H). Due to data constraints, we retain the NACE
sector C entirely. Conversely, because Eurostat incorporates transportation in a broader category
including sectors G and I, we exclude it from our analysis. However, we retain construction
(NACE F) based on evidence suggesting significant future transformation potential through green
job demand [Maldonado et al., 2024].
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Table 1: List of Variables
Source Name Description Unit of Measure

EDGAR ch4 Methane emissions Kt CO2eq
EDGAR co2 Carbon dioxide emissions Kt CO2eq
EDGAR fgas Fluorinated gases emissions Kt CO2eq
EDGAR n2o Nitrous oxide emissions Kt CO2eq
Elaboration on Eurostat data rate disp Rate of change of disposable income Decimal
EPS c co2ets CO2 Trading Scheme Integer
EPS c co2tax Carbon dioxide (CO2) Tax Integer
EPS c diesel Diesel tax Integer
EPS c envpol Environmental policy stringency index Integer
EPS c lowrd Low-carbon R&D expenditure Integer
EPS c market Market-based instruments Integer
EPS c nonmark Non-market based instruments Integer
EPS c noxlim Emission limit value NOx Integer
EPS c noxtax NOx taxation Integer
EPS c pmlim Emission limit value PM Integer
EPS c renets Renewable Energy Trading Scheme Integer
EPS c solar Renewable energy support for solar (Auctions & FITs) Integer
EPS c sox Emission limit value SOx Integer
EPS c sulflim Emission limit value for sulphur Integer
EPS c sulftax Sulphur Oxides (SOx) Tax Integer
EPS c tech Technology support policies Integer
EPS c wind Renewable energy support for wind (Auctions & FITs) Integer
Eurostat disp Disposable income Million purchasing power standards
Eurostat egap Gender employment gap Percentage
Eurostat gdp Gross domestic product (GDP) Million euros
Eurostat hicp Harmonised index of consumer prices Yearly rate of change
Eurostat hicp e Harmonised index of consumer prices for energy products Yearly rate of change
Eurostat htec Employment in technology and knowledge-intensive sectors Thousands of persons
Eurostat lllearn Participation rate in education and training Percentage
Eurostat median Median age of the population Years
Eurostat nacea Employment in Agriculture, forestry and fishing Thousands of persons
Eurostat nacebe Employment in Industry (except construction) Thousands of persons
Eurostat nacef Employment in Construction Thousands of persons
Eurostat ted Tertiary educational attainment, age group 25-64 Percentage
Eurostat unemp Unemployment rate Percentage
REGPAT ecopat count Number of eco-innovative patent applications (EPO) Integer
REGPAT pat count Number of patent applications (EPO) Integer

Note: All variables are at the NUTS 2 level, except those from the EPS dataset, the global HICP
index, and the energy HICP (which are at the country level). In the model, variables expressed in
absolute terms are converted to per-capita values using regional population data or in relative

terms using the total number of employed persons in the case of sectoral employment data. The
variables that were manipulated in this way carry the label rel. Employment data by economic

activity are classified according to NACE Rev. 2. In Section 4, the variables’ code are anticipated
by the prefix slag when they are the spatial lag of the feature, and/or by lag when they are the

temporal lag.
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Figure 2: Structure of the OECD Environmental Policy Stringency index

3.2 Methods

We formulate the prediction task as follows, for each region i in year t, based on
a set of lagged features Featuresi,t−1, we aim to determine the function f(.) (a ML
model) that best predicts the regional unemployment rate Unempi,t:

Featuresi,t−1
f(.)−−→ Unempi,t. (1)

Following established approaches in the ML literature, we randomly partition
the dataset into 80% for training and 20% for out-of-sample testing. Given the
limited number of regional-level observations, different data partitions may yield
varying results. To address this limitation, we employ a nested cross-validation
strategy, performing 10 different random splits and averaging model performance
across repetitions [Resce and Vaquero-Piñeiro, 2022]. Hyperparameter tuning is
conducted using a repeated (10 times) five-fold cross-validation procedure.

To prevent data leakage during the training process, we consider only the lagged
value (at t − 1) for all features, including the dependent variable, as suggested by
Cerqua et al. [2024]. Finally, we incorporate a spatial lag for all features to account
for potential regional interdependencies and agglomeration effects, consistent with
the literature reviewed in Section 2. The spatial lag is computed following the
standard approach in spatial econometrics [LeSage and Pace, 2009], which calculates
the average value of each feature across neighboring regions. This operation doubles
the number of features in our model.

To carry out our analysis, we employ four ML algorithms along with a classical
multivariate regression model:
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Table 2: Models’ performances
GLM Elastic net G-boost Random Forest NNs

MAPE 0.1191 0.1185 0.0980 0.0983 0.8464
RMSE 1.3188 1.3186 1.1042 1.1448 9.6891
nRMSE 0.2391 0.2384 0.2007 0.2091 1.7599

• Elastic Net (EN): A regression technique that balances L1 (LASSO) and
L2 (ridge) penalties to improve prediction accuracy and interpretability [Tib-
shirani, 1996, Zou and Hastie, 2005].

• Random Forest (RF): A tree-based ensemble learning method that ran-
domly selects feature subsets to enhance predictive performance [Breiman,
2001].

• Gradient Boosting Machines (GBM): An iterative method where each
learner corrects the pseudo-residuals of its predecessor [Friedman, 2001].

• Neural Networks (NNs): A method where data are processed through
hidden layers using a series of weighted connections and activation functions,
whose parameters are determined iteratively, to produce a prediction [Bishop,
1995].

• Multivariate Regression (MR): An Ordinary Least Squares (OLS) regres-
sion approach to use as benchmark.

Performance measures are computed on the test set, with Mean Absolute Per-
centage Error (MAPE) as the primary evaluation metric due to its unit-independent
property [Moreno et al., 2013].

4 Results and discussion

4.1 Prediction performances

The comparison of model performances reveals substantial differences in predictive
power. As shown in Table 2, Gradient Boosting Machine emerges as the superior
algorithm, demonstrating a robust capacity to capture complex patterns in regional
unemployment data. Gradient Boosting follows as the second-best performer, while
more traditional models like GLM and Elastic Net show considerably weaker per-
formance. Neural Networks, despite their theoretical capacity to model complex
relationships, underperform significantly in this context, with the highest RMSE
and MAPE.

With a MAPE lower than 10%, Gradient Boosting achieves highly accurate un-
employment predictions, demonstrating the practical value of ML approaches for
this policy-relevant forecasting task [Lewis, 1982]. This level of accuracy is par-
ticularly significant given the complexity of regional unemployment dynamics and
the heterogeneous nature of European labor markets. The superior performance
of tree-based methods (GBM and Random Forest) over linear approaches confirms
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Figure 3: Feature importance plot - first 20 features by importance
Note: The lagged unemployment rate (lag unemp) constitutes the most influential predictor. Even

so, to enhance the interpretability of other substantive predictors, we exclude this dominant
variable from the visualization. See Fig. A.1 in Appendix for the case where the lagged

unemployed rate is not included among the predictors.

the importance of capturing non-linear relationships and variable interactions in un-
employment forecasting [Athey and Imbens, 2019]—a finding that aligns with our
theoretical expectation that regional unemployment patterns result from complex
interdependencies among economic, demographic, sectoral, and environmental fac-
tors. The strong predictive performance of these models validates our methodologi-
cal approach and suggests that ML techniques can effectively support the proactive
policy design emphasized in recent literature on prediction policy problems [Klein-
berg et al., 2015]. The ability to forecast regional unemployment with such accuracy
provides European policymakers with valuable early-warning capabilities. The ex-
cellent predictive performance of tree-based models is confirmed in settings where
the lagged unemployment rate is not included among the predictors (see Appendix
5)

4.2 Feature importance

Once the good performance of our models has been established, we turn to the anal-
ysis of feature importance in the predictions. The results (Figure 3) offer valuable
insights into the key determinants of regional unemployment. Feature importance
is reported for the best-performing model, which in our case is the GBM (see Table
2).

In line with our theoretical expectations, the lagged unemployment rate (lag unemp)
constitutes the most influential predictor in the GBM model, capturing the major-
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ity of explained variance and confirming strong autocorrelation effects that reflect
persistent regional unemployment performances. The strong predictive role of the
spatial lag of unemployment (lag slag unemp) further indicates that regional labor
markets are deeply interdependent and unemployment outcomes are shaped not
only by local structural conditions but also by spillovers from neighboring regions.
This result confirms the presence of spatial clustering and agglomeration dynamics
in regional unemployment. Note that spatial interdependence appears significant,
with the spatial lag of disposable income (lag slag disp rel) and of the Regional
Harmonized Index of Consumer Prices (lag slag r hicp) also featuring among the
most important predictors. This validates our methodological choice to incorpo-
rate spatial dynamics and corroborates the literature emphasizing the geographic
components of unemployment patterns [Iammarino et al., 2019].

The temporal trend (year) emerges as the second most important predictor,
followed by the harmonized index of consumer prices for energy products (lag hicp e)
and the national HICP (lag hicp). Income-related measures, including disposable
income (lag disp rel), its spatial lag (lag slag disp rel), and the rate of change in
disposable income (lag rate disp) emerge as relevant predictors, too. The importance
of the time (year) component can be partially explained by technological progress
and structural change in production systems [Autor et al., 2003, Acemoglu and
Restrepo, 2018] and partially by the significant institutional and regulatory reforms
affecting the European labour market over the last decades [Bentolila and Ichino,
2008, Boeri and Garibaldi, 2019]. The other factors underscore the central role of
income dynamics and inflationary pressures in shaping unemployment outcomes,
highlighting the interconnected relevance of economic growth and price stability
(two core macroeconomic objectives alongside unemployment) in shaping regional
labor market dynamics. Moreover, it supports the claims in Moessner [2022] that
energy-specific inflation dynamics and their role in shaping socioeconomic outcomes
deserve more in-depth investigation.

Environmental policy stringency (EPS) variables constitute the next relevant
block of predictors, with both the national indicator (lag c envpol) and its spatial
lag (lag slag c envpol) ranking among the top features. This result highlights that
environmental policies, although decided at the national or even supernational level,
yield significant effects at the local scale. Notably, the presence of the spatial lag (i.e.,
the environmental policy stringency of neighboring regions) among the top predic-
tors suggests the presence of relevant country effects in regional economic and labor
market outcomes. This is expected, as environmental policies are decided at the
national level. Beyond the overall EPS index, policy instruments specifically related
to the energy technology mix also appear to play a key role. In particular, lag c tech
captures the EPS associated with technology support policies, including public R&D
spending on low-carbon technologies relative to GDP and price support mechanisms
for renewable energy (e.g., feed-in tariffs for solar and wind). Among these, the
latter type (especially lag c solar, and to a lesser extent lag c wind) appear partic-
ularly relevant, as both feature among the top predictors. Complementing these,
the market-based instrument lag c renets represents the stringency of Renewable
Energy Trading Schemes (e.g., green certificate markets). Together, these results
highlight the centrality of regional green technology and innovation capacity, and
demonstrate that both market-based regulation and technology support are crucial
in shaping regional employment, in line with the findings of Costantini et al. [2018],
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Marin and Vona [2019], Napolitano et al. [2022].

The number of workers in the industrial sector (relative to regional population)
(lag nacebe rel) and F-gas emissions (lag fgas rel) also feature among the 20 most
important predictors. This suggests that the economic structure of local economic
systems, together with their vulnerabilities to the green transition, constitutes a
key determinant of regional unemployment dynamics. These findings align with
Iammarino et al. [2019], Vandeplas et al. [2022], Rodŕıguez-Pose and Bartalucci
[2024], who identify reliance on labor in ”brown” sectors as a key factor of vulnera-
bility to distributive effects of climate policies. In addition, the gender employment
gap (lag egap) and its spatial lag also rank among the top 20 features, indicating
that in regions (and even more broadly at the macro-regional level) where dispar-
ities between male and female employment are wider, labor markets tend to be
structurally weaker, reflecting an economic vulnerability but also persistent social
inequalities.

4.3 Partial dependence plots

Upon identifying the most important features in predicting regional unemployment,
we also investigate the functional impact of each feature on our target variable, rely-
ing on partial dependence plots (PDP). This exercise is useful to identify non-linear
relationships and to empirically test whether the assumptions that are common
to the literature hold when observing real-world data. Indeed, PDPs presented in
Figure 4:7 reveal complex non-linear relationships between key features and unem-
ployment rates.

Figure 4 displays the relationships for income- and price-related variables. In the
top panel, the rate of change in disposable income (rate disp rel) shows a markedly
negative non-linear relationship with unemployment, though unemployment remains
relatively stable at higher growth rates. In contrast, regional disposable income
levels (disp rel) exhibit a less clear pattern. This evidence suggests that lower un-
employment rates are more likely to be observed in fast-growing regions, while this
relationship may not be as automatic when considering static income measures. In
sum, stronger income dynamics contribute to more resilient labor market outcomes.
At the same time, a positive correlation emerges between inflation-related variables
and unemployment growth. This result, confirmed for both the national HICP
(lag hicp) and the HICP for energy products (lag hicp e) (bottom left and bottom
right panel), indicates that inflationary pressures linked to general consumption
prices and, more markedly, to energy costs, are associated with deteriorating labour
market conditions. Rather than indicating a trade-off between inflation and unem-
ployment, the evidence points to a scenario where rising prices erode the purchasing
power of households and increase production costs for firms simultaneously, thereby
depressing demand and supply. Such dynamics, while challenging the Phillips [1958]
hypothesis, highlight the potential for the green transition and energy price shocks
to generate stagflation-like outcomes, reinforcing the importance of policies that
cushion vulnerable households and firms from the short-term inflationary costs of
decarbonisation.

Figure 5 presents partial dependence plots for the most relevant indicators of
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Figure 4: Partial dependence plot on variables of income and prices. Top Left: Rate
of change in national income. Top Right: Growth rate of regional income. Bottom Left: HICP.
Bottom Right: HICP for energy products.

environmental policy, which reveal important threshold effects and a heterogeneous
pattern across instrument types. Starting from the top left (and proceeding clock-
wise), the overall EPS index (c envpol) shows a U-shaped relationship with unem-
ployment, suggesting that at lower levels greater environmental policy stringency
is associated with a lower unemployment rate, whereas at higher levels further in-
creases in stringency correspond to higher unemployment. The technology support
policies variable (c tech) displays a pronounced step pattern, with unemployment
rates rising sharply at low levels of stringency and stabilizing quickly at higher lev-
els. The specific measure in the form of price support for solar energy (c solar)
also shows an overall positive association with unemployment, with relatively lower
rates at low levels of stringency and higher rates at higher levels. On the other hand,
the stringency of renewable energies markets (c renets), a market-based measure,
exhibits a pattern in which unemployment declines sharply at relatively low levels
of stringency and then remains low. Overall, this suggests that while technology
support policies are essential for fostering innovation and reducing investment risks,
they do not necessarily translate into broad employment gains, as innovation activ-
ities often rely on high-skilled labor concentrated in high-tech sectors. By contrast,
stronger market-based measures (such as renewable energy trading schemes) appear
to generate greater benefits for the local labor market, as reflected in lower unem-
ployment rates. This may be due to their fostering effect on the commercialization,
adoption, and diffusion of renewable energy technologies and on the related products
and services that enable their large-scale economic deployment.

Further nuances appear in the PDPs of variables related to the regional innova-
tion system (Figure 6). Patent applications (pat count) show a generally negative
relationship with unemployment rates, though with diminishing returns at higher
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Figure 5: Partial dependence plot on selected EPS indicators. Top Left: EPS composite
index. Top Right: Technology support policies. Bottom left: renewable energy trading scheme.
Bottom Right: Solar energy support.

patent counts. Green patent applications (ecopat count) exhibit a similar pattern,
but with steeper initial reductions in unemployment, suggesting potentially stronger
employment benefits from green innovation. This finding supports Napolitano et al.
[2022], Costantini et al. [2018], who emphasize the potential of green innovation
to drive employment growth. Employment in high-tech sectors (htec) also shows a
negative association with unemployment, indicating that regions with a higher share
of workers in high-tech and knowledge-intensive sectors experience lower unemploy-
ment and greater resilience, a hypothesis supported by Marin and Vona [2019].
Finally, tertiary education also shows a negative relationship with unemployment,
consistent with the human capital theory that education enhances employment re-
silience, particularly during periods of economic transition, in line with Consoli
et al. [2016], Vandeplas et al. [2022], who highlight the role of skills in differen-
tiating green from non-green jobs. Taken together, the patterns emerging from
innovation capacity and technology-related policy variables suggest the possibility
of heterogeneous development trajectories – regions endowed with stronger innova-
tion capacity, higher shares of high-tech and knowledge-intensive employment, and
a more educated workforce appear to be better equipped to benefit from environ-
mental and technological transitions, as reflected by lower unemployment rates. In
contrast, regions with weaker human capital endowments and less advanced sectoral
structures are less able to capture the employment gains associated with innovation
and may thus face greater adjustment costs.

Figure 7 presents partial dependence plots for emission variables and sectoral
employment, revealing complex non-linear relationships that provide important in-
sights into the environment-employment nexus. CO2 (Top Left) and F-gas (Top
Right) emissions display distinctive, yet differentiated, non-monotonic relationships
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Figure 6: Partial dependence plot on variables of innovation. Top Left: number of
patent applications. Top Right: number of green patent applications. Bottom Left: percentage
workforce employed in technology and knowledge intensive sectors. Bottom Right: tertiary edu-
cation attainment.

with unemployment, a pattern that is known to researchers Vona [2021]. On the
one hand, CO2 suggests the existence of a ”functional” emissions threshold that
sustains a minimal economic development: regions with low or with very low emis-
sions may experience higher unemployment due to limited industrial activity, while
regions characterised by high level of CO2 emissions are more likely to exhibit lower
unemployment rates. This pattern reflects the potential tension between economic
activity requirements and environmental sustainability, aligning with Castellanos
and Heutel [2019]’s analysis of the complex trade-offs inherent in environmental
transitions and labor market outcomes. On the other hand, F-gas emissions ex-
hibit a different pattern, showing a positive relationship with unemployment that
grows exponentially at low emission levels before stabilizing at high unemployment
values. This distinctive trajectory indicates that regions featuring industrial produc-
tion systems characterized by high F-gas emissions, typically associated with older,
less sustainable technologies [Crippa et al., 2023], are likely to be less resilient in
terms of labor market outcomes.

Finally, the relative number of workers employed in industrial (Bottom Left)
and Construction (Bottom Right) further exhibit distinctive patterns that reveal
important structural differences across economic activities. While higher unem-
ployment rates are associated with higher employment in construction activities2,
employment in the industrial sector shows a strong negative relationship with un-
employment. This divergent pattern suggests that manufacturing may operate as a
resilient employment anchor with greater opportunities for integrating environmen-
tal constraints with job stability, especially if in presence of strong (green) innovative

2A similar pattern is observed for employment in the agricultural sector.
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capacity. By contrast, regions relatively more specialized in construction activites,
in addition to be particularly exposed to the impacts of climate change, risk facing
additional adjustment costs due to the green transition. The fact that the building
sector is expected to be directly included in the EU ETS2 carbon market (alongside
road transport and other activities) further highlights the need for targeted policy
interventions.

Figure 7: Partial dependence plot on variables of emissions and sectoral composi-
tion. Top-left: CO2 emissions. Top-right: F-gas emissions. Bottom-left: share of employment
in industry relative to the number of employed persons in the region. Bottom-right: share of
employment in construction relative to the number of employed persons in the region.

5 Conclusions and policy implications

This paper set out to predict regional unemployment patterns in the EU by lever-
aging machine learning methods and a high-dimensional panel of socioeconomic,
environmental, and policy-related variables. Our results demonstrate that tree-
based models, particularly Gradient Boosting and Random Forest, substantially
outperform traditional linear approaches, achieving remarkably accurate forecasts
of unemployment dynamics at the NUTS-2 level. This confirms the usefulness of
ML techniques for capturing the non-linearities, spatial dependencies, and com-
plex interactions that shape labour market outcomes. The superior performance
of tree-based methods over linear approaches confirms the importance of captur-
ing non-linear relationships and variable interactions in unemployment forecasting,
aligning with recent applications of ML in economic policy analysis.

By providing highly accurate and spatially granular forecasts, our model offers
policymakers an effective early-warning tool to anticipate unemployment risks across
regions. Such predictive capacity can support the timely design of place-based labour
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market interventions, guide the allocation of cohesion funds, and help mitigate the
uneven social costs of the green transition through proactive rather than reactive
policy responses. Furthermore, our results contribute to several streams of literature
by providing data-driven insights on key determinants of regional unemployment.
First, we identify a strong link between inflation and unemployment, consistent with
decades of economic research. Energy-related inflation appears particularly relevant,
underscoring the urgency of considering the direct labor market effects of energy sup-
ply shocks. This finding carries important implications as concerns about energy
security and affordability emerge in relation to the transition away from fossil fuels.
Second, the high predictive importance of spatial lag variables confirms the relevance
of agglomeration effects and regional spillovers emphasized in the literature. This
spatial interdependence has important implications for European cohesion policy,
suggesting that regional interventions must account for cross-border spillover effects
and the interconnected nature of regional labor markets. Third, the high predic-
tive importance of environmental policy variables validates concerns raised in the
green transition literature about the heterogeneous labor market impacts of climate
policies.

Our partial dependence analysis reveals several patterns that merit deeper in-
vestigation. Most notably, the relationship between inflation metrics and unem-
ployment contrasts with the traditional Phillips curve hypothesis. The positive
correlation between inflation and unemployment growth challenges the conventional
inverse relationship, echoing recent critiques regarding the stability and regional ap-
plicability of the Phillips curve. This finding is particularly relevant given renewed
interest in inflation-unemployment trade-offs following recent inflationary episodes
and energy price volatility.

The non-monotonic relationship with emission variables also warrants further
investigation. The pattern observed for CO2 emissions suggests critical threshold
effects: regions with very low emissions may experience higher unemployment due to
limited industrial activity, while regions exceeding optimal emission thresholds face
elevated unemployment risks from transition pressures. Environmental policy strin-
gency indicators reveal that different policies produce varying employment effects.
Technological support measures, in particular, may not generate the employment
gains associated with other market-based instruments. Overall, our results confirms
that regions with stronger human capital endowments and environmental protection
frameworks demonstrate greater resilience to unemployment shocks. This could raise
concerns of equity as the green transition unfolds.

This study exemplifies how ML approaches can advance policy-relevant economic
research while providing an ideal testing ground for economic theories. The policy
implications are substantial: ML methods can predict unemployment rates with high
accuracy, providing policymakers with powerful tools for targeted interventions. As
European regions navigate the challenges of green transition and macroeconomic
instability, such approaches can provide the granular, predictive insights necessary
for effective and spatially-targeted policy interventions, enabling proactive rather
than reactive policy responses in regions at risk of rising unemployment.
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G. Resce and C. Vaquero-Piñeiro. Predicting agri-food quality across space: A
machine learning model for the acknowledgment of geographical indications. Food
Policy, 112:102345, 2022.
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Appendix

Prediction performance without lagged unemployment rate

To assess the robustness of our predictive framework, we replicate the fitting and
prediction procedure described in Section 3, this time excluding the lagged unem-
ployment rate from the set of predictors.

Table A.1 reports the prediction performance across models. The results demon-
strate considerable robustness to the exclusion of the lagged dependent variable.
Random Forest achieves the lowest mean absolute percentage error (MAPE) at
9.74%, closely followed by gradient boosting at 9.75%. Gradient boosting delivers
superior performance in terms of root mean squared error (RMSE) and normalized
RMSE (nRMSE), with values of 1.0709 and 0.1995, respectively. Notably, all tree-
based ensemble methods maintain MAPE values below the 10% threshold, indicating
strong out-of-sample predictive accuracy.

Table A.1: Prediction performance without lagged unemployment rate
Metric GLM Elastic Net G-Boost Random Forest Neural Network
MAPE 0.1190 0.1182 0.0975 0.0974 0.8460
RMSE 1.2925 1.2952 1.0709 1.1211 9.5273
nRMSE 0.2444 0.2440 0.1995 0.2099 1.7868

Figure A.1 displays the feature importance rankings for the Random Forest
model estimated without the lagged unemployment rate. The ordering of covariates
remains substantively consistent with that reported in Figure 3, suggesting that the
key predictive features—such as labor market structure, demographic composition,
and regional economic indicators—retain their relative importance. This stability
further supports the interpretation that our models identify meaningful economic
relationships rather than relying heavily on autocorrelation patterns in the outcome
variable.
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Figure A.1: Feature importance plot - first 20 features by importance
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