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Preface 

This volume collects selected short papers presented at the 3rd Italian Conference on 
Economic Statistics (ICES), held at the University of Naples Parthenope (Italy) on 
13-14 February 2025.  

The contributions offer an overview of recent developments and applications of 
statistical methodologies in the analysis of economic phenomena, with a particular 
focus on the themes of sustainability, innovation, and digitalization. These 
dimensions, central to contemporary social and policy agendas, call for the adoption 
of advanced methods and robust analytical tools to support informed, data-driven 
decision-making. In this context, the integration of new data sources and the use of 
cutting-edge techniques open new opportunities and improve the accuracy and 
timeliness of economic forecasts and policy assessments. The conference explored 
these challenges, focusing on the latest innovations in technological development 
and productivity while addressing the labour market, sustainability, and 
digitalization. 

The papers included in this volume reflect the richness of the conference 
program, covering topics such as: innovation, technological development, and 
productivity; labour market, entrepreneurship, and digitalization; big data for 
economic, financial, and business decision-making; advances in spatial data analysis 
for economics; statistical models and deep learning methods for time-series in 
economics and finance; tourism and overtourism; advanced statistical models for 
policy impact assessment; data and indicators for sustainability analysis. 

The ICES was first held in Milan in 2023 to promote dialogue and collaboration 
within the Italian community of economic statisticians. The conference has since 
become an annual event, taking place in Florence in 2024 and Naples in 2025. 

 
 
 
 
 
 
 
Naples, Italy                 Rosalia Castellano 
February 2025                 Giovanni De Luca 

Emma Bruno 
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European Digital Skill Supply: A Latent
Variable Perspective

Federico Bacchi, Pinuccia Pasqualina Calia and Maria Rosaria Ferrante

Abstract The European labour market is characterized by persistent shortages of
ICT specialists. In this context, a key role is played by individual digital skill levels,
which are currently measured by Eurostat according to the “Digital Competence
framework for citizens” (DigComp). A Multidimensional Item Response Theory
analysis on the data used by Eurostat revealed that a different latent structure might
be more suitable than DigComp. Then, this data driven latent structure was used
to further investigate the phenomenon via application of multilevel latent variable
analysis. As a result, with the help of some individual and contextual covariates,
five distinct attitudes of European citizens towards ICTs and four different levels of
digital skill distribution across European regions were identified.

Key words: Digital skills, Labour supply, Latent variable analysis, Multilevel mod-
els

1 Background

The importance of having basic knowledge about Information and Communications
Technologies (ICTs) has become crucial in the last few years. International orga-
nizations, such as European Union (EU), Organisation for Economic Co-operation
and Development (OECD) and UNESCO, have put a great emphasis on the impor-
tance for individuals of being able to deal with these devices. Most frequently, their
primary concern was on the implications on economic growth and competitiveness.
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In general, individual digital skills play a key role in labour market dynamics
in a European context characterized by the persistent lack of ICT specialists [1].
Roughly speaking, individuals in working age constitute the labour market supply
in a given geographic area. Thus, their digital skills might be seen as the digital skill
supply in that area.

The objective of the present work was twofold: on one hand, a major concern
was on how to measure individuals’ digital skill levels, with particular attention on
assessing the adequacy of the existing framework adopted by Eurostat; on the other
hand, a great attention was paid to the geographical distribution of these skills. These
aims were addressed by performing a two-stage latent variable analysis, which ad-
ditionally enabled to study the determinants of the phenomenon.

2 Data

The empirical analysis was based on micro-data from 2021 edition of “ICT Usage
in Households and by Individuals” annual survey, whose target population consisted
of citizens from 29 European countries (EU27, Iceland and Norway) aged 16 – 74.

This data source is currently used by Eurostat to compute its Digital Skills In-
dicators (DSI 2.0 [5]). DSI 2.0 are conceptually based on the “Digital Compe-
tence framework for citizens” (DigComp [4]), which postulates the existence of
five digital competence areas encompassing a total of twenty-one unobservable sub-
competences. To compute an indicator of proficiency in each of these competence
areas, Eurostat selects a set of binary items from the survey, representing specific
digital activities, and assigns a digital skill level to individuals based on the number
of activities they declared to have performed in the three months before the survey.

3 Digital skills measurement: a latent variable approach

The present work started from the analysis of the same set of binary variables (p =
29) used by Eurostat to compute the competence area indicators. The total number
of respondents was N = 197,950, divided into 77 sub-national areas coinciding with
the first level of the Nomenclature of Territorial Units for Statistics (NUTS-1).

The sub-sample of individuals who declared to have used Internet in the three
months preceding the survey was preliminarily analyzed in a Multidimensional Item
Response Theory (MIRT) perspective. An exploratory MIRT analysis on the re-
sulting 169,721× 29 data matrix was performed with the aim of identifying the
underlying latent structure and to see if it coincided with the theory driven one,
which might be derived from DigComp. The resulting data driven latent structure
was five-dimensional but presented some differences with the one postulated by
adopting DigComp: only one latent factor from the data driven scheme coincided
with a competence area from DigComp. A confirmatory MIRT analysis aimed to
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compare the two structures revealed that the former was better suited to the data
set than the latter. For this reason, the following Multilevel Latent Class Analysis
(MLCA) was based on it.

MLCA encompasses all models that aim at classifying statistical units, in the
context of data with some hierarchical structure, by postulating the existence of la-
tent constructs at every level of the structure. In the present case, individuals (level-1
units) were nested within geographic areas (level-2 units). More specifically, the lat-
ter were N2 = 228 sub-domains obtained by crossing the information on the NUTS-
1 region and on the degree of urbanization of residence, while the former were
N1 = 178,100 respondents1.

By adopting MLCA, the digital skill level of individuals was modeled as a dis-
crete latent construct y derived from a set of K = 5 manifest count variables, which
represented the number of digital skills possessed by individuals in each of the di-
mensions arising from the exploratory MIRT analysis. The other discrete latent vari-
able w represented the level-2 group classes. The most general probability structure
for a MLCA Model might be written as ([2]):

P(x j|zi j,zg
j) = ∑M

m=1

{
P(w j = m|zg

j)×
[

∏
n j
i=1 ∑T

t=1 P(yi j = t|w j = m,zi j)×

×∏K
k=1 P(xi jk|yi j = t,w j = m)

]}
,

where t = 1, . . . ,T are the values of the discrete latent variable y, m = 1, . . . ,M are
the values of the discrete latent variable w, xi jk is the value of the kth count indica-
tor for individual i (i = 1, . . . ,n j) in group j, zi j is the vector of covariates for the
individual i in group j and zg

j is the vector of contextual covariates for the group j.
The individual covariates included in the model were age class, gender, educational
attainment, quintile to which household income belongs in the national distribution
and the main occupational status, while the contextual explanatory variables were
share of households with access to Internet, median equivalized income (in thousand
euros) at national level and by degree of urbanization, and activity rate.

Following [3], the proper number of discrete values for each latent variables was
identified by, first, estimating single-level LC models and by looking at the BIC
values of the estimated models. After identifying the optimal T = 5, a series of
MLC models were estimated and an analogous criterion was applied to determine
the appropriate number of group classes (M = 4). Lastly, individual and contextual
covariates were added to the MLC model with T = 5 and M = 4 and their signifi-
cance was tested. This final model was the one showing the lowest BIC and all the
considered covariates were found to be significant according to the Wald test.

The final model enabled to clearly distinguish five individual clusters on the basis
of individual attitudes towards ICTs. The largest cluster (46%) was made up of
skilled ICT users, characterized by the highest mean values of each indicator. On
the other hand, individuals who declared to have not used internet (12%) were all

1 German respondents were excluded because of the lack of information on their NUTS-1 region.
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grouped in the same cluster. The remaining clusters were composed, respectively,
by individuals with low digital skill level (15%), medium digital skill level but low
creativity (18%) and medium digital skill level but low risk awareness (9%). The
occurrence of having higher levels of digital competence was associated with higher
educational attainment levels, higher income, lower age and an occupational status
of employed or student.

On the basis of the distribution of the clusters in the geographic areas, it was pos-
sible to distinguish four levels of diffusion of digital skills. Almost all the digitally
disadvantaged regions were located in Eastern Europe and were more likely rural.
On the other hand, the regions where the diffusion was found to be good were al-
most equally divided between North, West and South. Higher median income levels,
higher share of households having access to Internet and higher activity rates were
associated with higher diffusion of digital skills.

4 Final Remarks

A two-stage latent variable analysis was performed on micro-data from 2021 edition
of “ICT Usage in Households and by Individuals” annual survey. The first prelimi-
nary stage consisted of the estimation of MIRT models aimed at finding the under-
lying latent structure of the data set. The obtained data driven scheme was slightly
different from the one currently used by Eurostat to measure individuals’ digital
skill levels. Then, adopting this new factor structure, a MLCA aimed at classifying
European citizens and geographical areas on the basis of individual digital skill lev-
els was performed. As a result, common traits among European citizens and regions
on which policy actions for the digital upskilling might focus were identified.

Acknowledgements F. Bacchi is supported by funds FSE REACT-EU - A.A. 2023/2024.
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Spending diversity and quality indexes by SWB
levels and urbanization degree

Cristina Bernini, Silvia Emili and Federica Galli

Abstract: This study examines how individual spending patterns modify for dif-
ferent levels of subjective well-being (SWB) and urbanization degree, specifically
focusing on spending diversity and quality indexes. Estimates are obtained using
Italian data in 2016, with Engel curves estimated using threshold regression models
with endogenous threshold.

Key words: Engel curves, Expenditure elasticity, Spending diversity and quality

1 Introduction

Analyzing household expenditure patterns is an essential tool for policymakers to
make informed decisions that support economic stability, enhance social welfare,
and foster sustainable development within society. Despite extensive research into
the factors affecting household expenditure decisions, studies on individual spend-
ing habits based on both subjective well-being (SWB) and degree of urbanization
are rare and controversial in findings. Individuals’ consumption habits are influ-
enced by the urban environment in which they live [4] and by the emotional charac-
ter of people: “there is mounting evidence that emotions, including happiness, exert
considerable influence on decision-making” [6, p.62].
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To address this gap, this study aims to analyze how varying levels of SWB, along-
side diverse urbanization levels, identify distinct consumption profiles, in terms of
spending diversity and quality [2], henceforth DI and QI respectively. To this end,
we use 2016 Italian data on individual SWB, expenditure, and urbanization degree
and we estimate Engel curves (ECs) using threshold regression models.

2 Data

In order to obtain joint information on expenditure, urbanization and SWB for Ital-
ian residents, we created a comprehensive dataset by taking advantage of statisti-
cal matching techniques. In particular, we matched data from two ISTAT surveys,
”Aspects of Daily Life” (ADL) and ”Household Budget Survey” (HBS) for 2016,
employing a constrained distance hot deck procedure [5].

We defined urbanization using the ISTAT classification from the HBS dataset,
where urbanization degree is categorized into three levels: metropolitan areas, which
include Italy’s 12 largest cities; urban areas, referring to cities with population over
50,000; and rural areas, representing areas with population under 50,000.

According with [8] and the multiple nature of life satisfaction, we do not use
overall life SWB scores provided by ADL, but we estimate a synthetic measure of
satisfaction with different life domains as the predicted value of a linear regression
for ADL’s satisfaction (on a 0-10 scale) on different life domain scores (satisfaction
with family, friends, leisure time, economic conditions, environment, and health, on
a 0-4 scale).

For analyzing individual spending habits, we selected expenditure categories
based on ISTAT’s classification: Food (covering food and beverage expenses);
Work-related (meals away from home, clothing, personal care, communication,
education, and transport costs); Health (expenses for hospital stays, medical vis-
its, etc.); Durables (durable transports, home appliances, furniture, and recreational
items); Housing (rent, utilities, repairs, etc.); and Leisure (spending on sports, cul-
tural events, and travel). Finally, individual expenditure has been adjusted for the
household composition and possible scale economy mechanisms by means of Car-
bonaro equivalence scale.

3 Methodology

The proposed model is affected by two sources of endogeneity: SWB and total ex-
penditure as proxy of income in ECs’ specification.

The first source is handled by means of the non-parametric integrated difference
kernel estimator (IDKE) by [9]. Without using instruments in the identification and
estimation of the threshold value, the estimator compute the SWB level at which
a jump in the distribution of spending behaviour is detected. Then, the proposed
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procedure consists in the estimation of ECs and expenditure elasticities for the set
of spending aggregates by means of a quadratic log-log specification [1] with the
SWB threshold obtained at the previous step. The endogeneity concerning total ex-
penditure is handled by instrumental variable approach, with instruments proposed
by [7]. Finally, starting from the expenditure elasticities we compute the spending
diversity and quality indexes following [3]. These indenxes are calculated by urban-
ization degree and SWB region. The model and the associated indexes are estimated
separately for individuals living in metropolitan, urban and rural areas of Italy (treat-
ing individuals as a unique population or separated for urbanization levels has been
tested appropriately in a preliminary step of the analysis).

4 Results

The estimation results indicate that one unique threshold level of satisfaction (7.52)
exists for all spending aggregates. Therefore, we can identify people with a SWB
level greater than 7.52 as Happy and individuals with SWB lower or equal to 7.52
as Unhappy. Once ECs and expenditure elasticities are obtained for Happy and Un-
happy in the three urbanization-based samples, DI and QI have been calculated. The
results by SWB level and urbanization degree are displayed in Figure 1.

Fig. 1 Quality (QI) and diversity index (DI) by urbanization degree (R=rural; U=urban;
M=metropolis) and SWB (U=unhappy; H=happy). Blue dots: lower 20% of the expenditure distri-
bution; Light blue: from 21% to 79%; Green: upper 20%.

The Figure shows that, in general, while DI increases as total expenditure raises,
a less pronounced pattern can be observed for the QI index. Focusing on SWB lev-
els, while for spending diversity small differences can be observed between Happy
and Unhappy individuals, notable differences can be detected in terms of spend-
ing quality. Focusing on DI, Happy people tend to consume higher quality goods
compared to Unhappy. Comparing the indexes across urbanization categories, we
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find that among low-income consumers, happy people living in metropolises are
those with the highest level of spending diversity. However, they tend to show a
lower spending diversity than urban and rural dwellers for high-income consumers.
For QI, among low-income consumers, happy rural and urban dwellers are those
consuming better-quality products while in metropolises people show the lowest
quality levels, even if the index tend to raise as total expenditure increases, reaching
the highest level for the high-income group.

5 Conclusions

This work investigates how individuals’ spending quality and diversity vary across
different SWB and urbanization levels, integrating emotional and cultural factors in
the analysis of consumer spending patterns. Based on this work, an R-Shiny app
will be developed to support the data production objectives of the GRINS project
(PNRR). The app will allow computing DI and QI indexes as well as expenditure
elasticites across Italian regions differentating by expenditure level and urbanization
degree.
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Municipal indicators for the analysis of the 
economy of Inner areas 

Antonella Bianchino, Agata Maria Madia Carucci, Valeria Marzocca and Roberto 
Antonello Palumbo  

Abstract “A misura di comune” represents an important Istat information system 
that provides public decision makers with socio-economic and demographic 
indicators on a municipal basis. The development of the information system is made 
possible by the joint use of data provided by official statistics and open data. In this 
work, we want to describe the economic well-being and the production system of the 
municipalities classified by degree of territorial marginality. This aspect is traced 
back to the use of the SNAI classification according to which municipalities are 
defined as Centers when they simultaneously present essential services (health, 
education and transport) and Inner Areas based on the distance from the Centers. 
 

Key words: A misura di comune, SNAI, Economic well-being, Production system, 
Municipal indicators 

1 Introduction 

The development of official statistics over the last decade has led to a real paradigm 
shift for territorial analyses. On the one hand, the integration between statistical and 
administrative data has constituted a push towards the creation of statistical registers 
and on the other, open data and big data have completely revolutionized and 
enriched the information assets underlying territorial statistics. 
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This innovation has led to the implementation of analyses and indicators on a 
municipal and inter-municipal territorial basis. This analysis is even more 
indispensable in a country like Italy, characterized by great territorial variability  
both in geopolitical terms, in orographic terms and in the marginality of the 
territories. With the experimental statistics "A misura di comune" [1], Istat provides 
data and indicators at municipal level. The information system, whose last update of 
which is being published, is structured by thematic areas and involves socio-
demographic and economic themes. The sources that feed the information system 
are both official (Istat surveys, statistical registers...) and experimental (open data). 

In particular, the economic aspect is described by the indicators of economic 
well-being and those of the production system. In this work, starting from a 
selection of municipal indicators for the two thematic areas, the different territorial 
behaviours by degree of marginality are analysed. In particular, the marginality of 
the territories is described by the widely used classification of municipalities 
according to the National Strategy for Inner Areas (SNAI) [2], [3]. The SNAI is the 
most important territorial cohesion strategy of the last decade and aims to classify 
territories based on access to essential services: hospitals, schools and the railway 
network that meets certain requirements. The municipalities that simultaneously 
provide the three essential services are classified as Pole municipalities and 
depending on the distance from the Pole municipalities, they are defined as Belt 
municipalities, Intermediate, Peripheral and Ultraperipheral municipalities. 

2 Analysis of economic well-being indicators for Inner Areas 

The “A misura di comune” information system presents four indicators for the 
thematic area “Economic well-being”: Average income per taxpayer, Incidence of 
taxpayers with an income less than 10 thousand euros per year, Single-income 
families with children under 6 years of age, Low work intensity of registered 
families. To analyse the well-being of the population living in areas with different 
degrees of marginality, two indicators were selected in this work: Average income 
per taxpayer, Incidence of taxpayers with an income less than 10 thousand euros per 
year. On average, a taxpayer who lives in a Central area (Pole, Intermunicipal Pole 
and Belt) receives just under 24,000 euros, 4,500 euros more than those who live in 
an Inner Area. The greater the distance from essential services, the lower the income 
per taxpayer. In the ultraperipheral municipalities, the income per taxpayer is less 
than 18,000, 8,000 euros less than those who live in the pole municipalities (Fig. 1). 

Approximately 25% of taxpayers in the Centers have an income of less than 
10,000 euros, a value that reaches 31% in the municipalities of the Inner Areas and 
34% in the Ultraperipheral municipalities (Fig. 2) 
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SNAI Classification 
Average income  

per taxpayer 
Pole 26,010 
Intermunicipal Pole 22,146 
Belt 22,112 
Intermediate 19,802 
Peripheral 18,405 
Ultraperipheral 17,991 

Fig. 1  Average income per taxpayer by SNAI. Source: “A misura di comune” - ISTAT 

SNAI Classification 
Incidence of taxpayers 
with less than 10 thou-

sand euros per year 
Pole 24.9 
Intermunicipal Pole 27.2 
Belt 24.7 
Intermediate 29.7 
Peripheral 33.1 
Ultraperipheral 34.3 

Fig. 2  Incidence of taxpayers with less than 10 thousand euros per year by SNAI.  Source: “A 
misura di comune” - ISTAT

3 Analysis of indicators of production system by Inner Areas 

The lower incomes of the population living in Inner Areas are strictly connected to 
the type of income received. The Inner Areas are notoriously territories 
characterized by significant depopulation and demographic aging; therefore, the 
greater burden of pension income could lead to a reduction in individual well-being 
indicators. It is therefore considered appropriate to also analyse the structure of the 
production system of the Inner Areas to comprehensively describe the economy of 
territories "far away" from essential services. The “A misura di comune” 
information system presents six indicators in the production system thematic area: 
Entrepreneurship rate, Density of local units, Localization quotients by economic activity, 
Number of non-profit institutions per 100,000 inhabitants, Local units by economic activity, 
Employees by economic activity. In this work three were selected: Entrepreneurship 
rate, Local units by economic activity, Employees by economic activity. 

The first indicator does not show the classic decreasing trend when moving 
towards municipalities in Inner Areas and the distance between the indicator 
calculated on the municipalities of Centers and Inner Areas is not very significant 
(Fig. 3). There are 81 enterprises per 1000 inhabitants in the Centers and 68 in the 
Inner Areas. Nonetheless, the indicator of the ultra-peripheral municipalities is in 
line with that of the inter-municipal hub municipalities (75 enterprises per 1000 
inhabitants). This trend in the municipalities furthest from essential services can be 
explained by the need to do business to satisfy the needs of the population.  
 

2 – Inner Areas 

2 – Inner Areas 
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SNAI Classification Entrepreneurship rate 
Pole 96.2 
Intermunicipal Pole 75.4 
Belt 68.5 
Intermediate 66.8 
Peripheral 68.3 
Ultraperipheral 76.1 

Fig. 3 Entrepreneurship rate by SNAI Source: “A misura di comune” – ISTAT  
It is therefore useful to understand what the predominant activities are both in terms of 
local units and employees in the two areas. In the Inner Areas there is a greater weight of 
employees in enterprises in the manufacturing sector than in the Centers (Fig. 4). 

Fig. 4  Local units and employees by economic activity and SNAI. Source: “A misura di 
comune” - ISTAT 

4 Conclusions 

The experimental statistics "A misura di comune" aims to provide data and 
indicators at municipal level, to give public decision-makers tools to know, 
intervene and monitor the effectiveness of active policies in the territory. 

The analysis of municipal indicators, if on the one hand responds perfectly to the 
needs of the territory, on the other hand cannot be limited to the description of a 
single indicator but must be supported by a multidimensional analysis and summary 
indicators. In particular, the information system is well suited to economic, social 
and demographic analyses for the municipalities of the Inner Areas. The economic 
aspect is analysed both in terms of individual well-being and the production system. 
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Estimating price pass-through from changes in
VAT: a case study on the tampon tax in Italy

Beatrice Biondi, Silvia De Nicolò and Mario Mazzocchi

Abstract In Italy, menstrual hygiene products were classified as non-essential until
2020 and subjected to the full tax rate. Subsequent VAT reforms gradually reduced
taxation, but the latest change increased VAT from 5% to 10%, citing the inefficacy
of the previous cut. This study examines the impact of these tax changes on prices
using a difference-in-difference approach, analyzing four years of consumer panel
data on purchases. Control units include periods with standard VAT rates and similar
products with unchanged taxation. Findings and policy implications are discussed.

Key words: Gender equality, Hygiene products, Tampon tax, VAT pass-through.

1 Introduction

Tax policies play a crucial role in shaping consumer behavior and market dynam-
ics, particularly in sectors where price sensitivity is high. One notable case is the
taxation of menstrual products, which has been the subject of policy debates across
various countries. In Italy, the Value Added Tax (VAT) on tampons and other men-
strual products was reduced from 22% to 10% in 2022 and further lowered to 5% in
2023, only to be raised again to 10% in 2024. These fluctuations provide a unique
opportunity to analyze the extent to which tax changes are transmitted to consumer
prices and how they influence demand and consumption patterns.
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This paper examines the price transmission mechanism following the VAT ad-
justments, investigating whether the reductions and subsequent increases were fully
passed on to consumers or absorbed by retailers and producers. Understanding price
transmission is essential for evaluating the effectiveness of tax policies in making
essential goods more affordable.

Broad literature investigating the effects of VAT changes on consumer prices
exists; however, few contributions focus on the tampon tax. For instance, [3] assess
the New Jersey 2005 VAT reform, also evaluating its impact on consumers across
different income ranges, while [1] estimate the pass-through of the VAT reforms in
Germany in 2020. All of them find evidence of a 100% pass-through—that is, the
tax break is fully shifted to consumers.

By leveraging household consumer panel data and quasi-experimental estimation
techniques, this study contributes to the broader discussion on taxation, price elas-
ticity, and consumer welfare. The findings are relevant for policymakers assessing
the impact of fiscal measures on gender-equitable pricing and consumer well-being.

2 Data and Methodology

The data used come from the Yougov Consumer Panel1. This dataset includes
household-scanner recorded purchases of all fast moving consumer goods made by
a representative sample of households in Italy during over a period of more than five
years. Each household in the panel records all grocery purchases they make at the
product level and with additional information, such as price and promotional status.

The raw data contains individual daily purchases for all female hygiene products
(tampons, menstrual pads and panty liners), we take intimate detergents and intimate
wipes as control products. Each row contains information about amount (in number
of items or litres), expenditure in Euros, number of packs purchased, purchase chan-
nel (e.g. hypermarket, supermarket, local store), and whether the purchased product
was on promotion. We filtered the dataset to include only products purchased at least
four times per year, ensuring the selection of representative products and excluding
those that were reformulated or at the end of their lifecycle. The resulting sample
includes 897 unique products, including both treatment and control groups. Specifi-
cally the treated products include 369 products as external pads, 29 as tampons and
141 as panty liners. The control group includes 288 items as intimate detergents,
and 70 as intimate wipes. We considered the time period 2021-2024.

We estimate two difference-in-difference (DD) fixed effects models on the loga-
rithm of consumer unit prices recorded for each product p in store s at time t. The
first model considers the three VAT adjustments as three sequential treatments:

lnYpst =αp +αt +XT
s β s +ZT

pstβ pst + γtargetp+ (1)

δ1 ×2022× targetp +δ2 ×2023× targetp +δ3 ×2024× targetp + εit

1 Obtained from YouGov CP Italy S.r.l.



43

Estimating price pass-through from changes in VAT

where target is a dummy variable indicating whether the purchased product is sub-
ject to the reduced VAT rate, and year is a dummy variable indicating whether the
purchase was recorded in the respective year. The vector Xs includes control vari-
ables related to store characteristics, such as store type, location, and urbanization
level. The vector Zpst includes control variables related to purchase details, such as
promotion status. Lastly, time-specific intercepts αt include both month-specific and
year-specific terms. Standard errors are clustered by product type.

A second approach considers a single treatment with varying treatment intensi-
ties, represented by the current VAT rate, as outlined in [4]. The model is as follows:

lnYpst = αp +αt +XT
s β s +ZT

pstβ pst + γtargetp +δ1 ×2022× ln(τpt +1) (2)

+δ2 ×2023× ln(τpt +1)+δ3 ×2024× ln(τpt +1)+ εit

Here, τpt denotes the VAT rate applied to product p at time t. The pass-through rate,
δt , which is estimated for each year, is given by δ = (ΔY/Y )/(Δτ/(1+ τ)).
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Fig. 1 An event-study specification of model (1), where the y-axis represents the estimates of
month-specific intercepts and the x-axis shows the temporal reference. The dashed lines indicate
the annual average rate, while the solid line represents the expected rate under the assumption of
100% pass-through.

3 Preliminary Results

Table 1 presents the results of price adjustments over three periods, with reference
to 2021 as the baseline (pre-treatment year). The data show that the price decline
following the introduction of the reduced VAT is significant, with further decreases
occurring in the subsequent adjustment periods. Additionally, Table 1 reports the
outcomes of the model specified in Equation (2), which estimates the pass-through
rates for the three consecutive reductions (-12%, -17%, and -12%). Notably, the
price adjustment in 2023 exceeds the 5% VAT reduction by achieving an estimated
pass-through of almost the 80%. Figure 1 reports the price change rate estimates for
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Table 1 Estimates of DD models in equa-
tions (1) and (2).

Models (2) (1)

2022 × log vat 0.610*** -
(0.023) -

2023 × log vat 0.797*** -
(0.017) -

2024 × log vat 1.143*** -
(0.032) -

target × 2022 - -0.063***
- (0.002)

target × 2023 - -0.120***
- (0.003)

target × 2024 - -0.118***
- (0.003)

Num.Obs. 152994 152994
AIC 166305.7 166305.7

each month, estimated via an event-
study specification of model in equa-
tion (1). The findings indicate that prices
display limited reactivity to VAT ad-
justments—both during the gradual de-
crease and subsequent increase—thereby
contradicting the asymmetric response
commonly reported in the literature. To
assess potential differential trends, we
tested for variations in the pre-treatment
period (2019) and found no significant
evidence. However, conducting similar
tests for 2020 and 2021 presents chal-
lenges due to the specific market dynam-
ics induced by the COVID-19 pandemic.
Further robustness checks are necessary,
particularly through the use of alternative
control groups.

4 Concluding Remarks

The analysis provides evidence of a partial pass-through at different stages of VAT
adjustments. Overall, the results indicate a low price reactivity. Further investigation
is needed to explore the potential contributing factors, extending the analysis in
two key directions. First, incorporating a proxy for media coverage over different
time periods may help assess the role of public pressure on firms to adequate the
price. Second, distinguishing between product labels could allow for a more precise
evaluation of price adjustments, particularly by isolating effects among the most
competitive products (e.g., main brands vs. private labels). Additionally, refining
the methodological framework by accounting for the autocorrelation of observed
prices would strengthen the robustness of the findings.
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A new composite bootstrap approach for
estimating the long-memory parameter

Luisa Bisaglia, Margherita Gerolimetto and Margherita Palomba

Abstract This study investigates whether combining different bootstrap methods
can enhance performance, focusing on long-memory time series. Specifically, we
examine a preliminary Monte Carlo experiment integrating various established para-
metric and non-parametric bootstrap approaches. By linearly combining the outputs
of these methods, we aim to develop a novel combined bootstrap technique called
composite bootstrap. First results show improved accuracy and reliability, opening
the door to methodological advancements.

Key words: bootstrap, long memory, combinations

1 Introduction

Bootstrap is a computationally intensive resampling method that provides solutions
to various statistical inference problems without making strict structural assump-
tions about the data-generating process. Originally developed for independent ob-
servations, bootstrap has been adapted to handle time dependence in time series. In
this context, long memory time series represent quite a complex setting since the
strong dependence characterizing those data often requires specific techniques to
form a valid resampling strategy.

Traditional bootstrap strategies for time series fall into two categories. The first
includes methods that resample the residuals of a parametric estimated model (as-
suming they are iid) and the validity of these methods is based on the correct speci-
fication of the model and on the consistency of the estimation methods (e.g [1]). The
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second category gathers bootstrap techniques that do not strongly rely on paramet-
ric restrictions, the most popular in case of long memory time series are the Sieve
Bootstrap ([2]), that is considered semiparametric, and the Block Bootstrap ([3]),
that is considered nonparametric. Both categories aim to sample approximately in-
dependent quantities (either residuals or blocks). This assumption is often satisfied
in short-memory series but rarely in long-memory series where dependence remains
significant even between distant observations, as emphasized by [4] in a review that
presents also an extensive Monte Carlo experiment together with a possible guide
for practitioners. An alternative approach involves applying a preliminary filter to
the time series observations to obtain approximately independent residuals or blocks
for subsequent sampling ([5]).

In literature, ”hybrid bootstrap” refers to a resampling technique that integrates
multiple bootstrap approaches into a single procedure. This methodology has been
developed to improve the accuracy of statistical estimates or to address specific is-
sues related to data sampling. In general, the idea behind hybrid bootstrap is to lever-
age the characteristics of different bootstrap methods to obtain better results than
those that would be obtained using a single resampling method (see [7]). The com-
posite bootstrap approach proposed in this work, however, represents a significant
innovation compared to what is present in literature. Unlike existing approaches,
which integrate bootstrap methods at the algorithm level, our work introduces a
new concept based on the direct combination of bootstrap samples generated from
different methods. This methodology, to our knowledge, has no precedent in ex-
isting literature and offers a new perspective for improving estimator performance.
This work focuses on the study of stationary long-memory time series, for which
we want to estimate the long-memory parameter d.

The structure of the paper is as follows. In the second section we present our
methodological framework. In the third section we describe the Monte Carlo exper-
iment and some results.

2 Composite bootstrap

Long memory time series, yt , are characterized by a significant dependence between
distant observation such that, asymptotically, the autocovariance function satisfies:
Γy(k) = Cov(yt ,yt−k) ∼ Gk2d−1, where G is a finite constant and d is the memory
parameter that governs the strong persistence of yt . When |d| < 1/2 the series is
stationary, but it shows long memory. The ARFIMA(p,d,q) is undoubtedly the most
used long-memory model. It is defined as Φp(B)(1−B)dyy =Θq(B)εt , where Φp(B)
and Θq(B) are polynomials of order p and q respectively, with all roots outside the
unit circle and no roots in common. As for the estimation of the long memory param-
eter d, the literature is rich of proposals, we will focus here on the most traditional
ones. They are the Log-periodogram estimator (GPH), the Local Wittle estimator
(LWE), and the Maximum Likelihood Estimator (MLE) (see [6] for details). Due
to lack of space, we refer to the original literature for the technical details of the
estimators.
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The key idea is to combine bootstrap samples from various methods into a com-
posite sample y∗∗t , which is then used to estimate the long-memory parameter d. In
particular, bootstrap samples obtained from: parametric bootstrap (PB), wild boot-
strap (WB), sieve bootstrap (SB), moving block bootstrap (MBB), circular block
bootstrap (CBB), pre-filtered sieve bootstrap (PFSB) and pre-filtered moving block
bootstrap (PFMBB) will be combined.

Combination strategies include simple means (mean), linear regression (reglin),
and weights based on mean squared error (rMSE) and mean absolute error (MAE)
of boostrap series.

The statistic d̂ is evaluated on the composite bootstrap sample. The algorithm for
b = 1, ...,B bootstrap samples is the following:

1. Starting from the original series yt , the bootstrap series y∗boot
t are generated using

the bootstrap methods described earlier, specifically boot ∈ PB, WB, SB, MBB,
CBB, PFSB, PFMBB .

2. (a) Quantities of interest are computed to determine the weights for combining
the bootstrap samples; (b) the weight for each bootstrap sample, wboot , is calcu-
lated; (c) the bootstrap samples are combined using a linear combination scheme
based on the calculated weights to obtain the composite bootstrap sample y∗∗t ;
(d) d∗ is calculated as a function of y∗∗t , using the same procedure that would be
employed to compute the statistic of interest d from the original sample yt .

3. Repeat Steps 1 and 2 B times to generate B composite bootstrap samples
y∗∗t,b, b = 1, . . .B, and compute B values of the desired statistic d∗

b , b = 1, . . . ,B.
Approximate the distribution of the statistic d̂ using the bootstrap distribution:

d̂∗(s) =
1
B

B

∑
b=1

I(d∗
b ≤ s), (1)

where I is the indicator function.

Obviously, the composite bootstrap series y∗∗t obtained in step 2 depends on the
chosen combination scheme.

3 Monte Carlo experiment

A Monte Carlo experiment in [4] compares the composite bootstrap with single
methods using 1000 simulations from an ARFIMA(0,d,0) model, for sample sizes
T=250, 500 and d=0.2, 0.4. The study examines LWE, GPH, and MLE estimators
of the long memory parameter, using R software ([8]). Performance is measured by
two metrics ([4]). The first is Root Mean Square Deviance (RMSD) of the bootstrap
probability density function to the true probability function:

RMSD(boot) =

√√√√1
S

S

∑
j=1

(
pboot(d̂ j −d0)− pmc(d̂ j −d0)

)2
(2)
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where boot is one of the bootstrap methods, d0 is the true value, pmc(d̂ j − d0) are
kernel densities based on Monte Carlo and bootstrap estimates, respectively. Lower
RMSD indicates better performance. The second is the coverage frequency of confi-
dence intervals: CI∗1−α(d̂a) =

(
d̂a,α/2; d̂a,1−α/2

)
where d̂a,α is the Bα ordered value

of the bootstrap estimate of d for a = LWE, GPH and MLE. Coverage frequency
closer to 1−α ( 95% in this case), indicates better performance.

Table (1) summarizes some of the results of the preliminary experiment. We pro-
pose the results for d = 0.4 and T = 500, since the others are analogous.

Table 1 RMDS and Coverage Frequency and amplitude of bootstrap distributions for LWE, GPH
and MLE estimators, when D = 0.4 and T = 500.

LWE GPH MLE
Metodo RMSD Cov Freq Ampl RMSD Cov Freq Ampl RMSD Cov Freq Ampl
Mean 0.897 0.907 0.301 1.883 0.985 0.229 2.582 0.906 0.132
Reglin 1.147 0.920 0.297 2.097 0.973 0.227 1.771 0.882 0.132
Corr 0.982 0.975 0.325 1.815 0.994 0.234 2.659 0.918 0.134
rMSE 0.853 0.870 0.301 1.979 0.983 0.229 2.406 0.900 0.133
rMAE 0.861 0.883 0.301 1.926 0.982 0.229 2.497 0.902 0.133
PB 1.545 0.992 0.303 2.119 0.995 0.231 0.919 0.872 0.135
WB 3.830 0.956 0.226 5.697 0.967 0.164 17.627 0.629 0.073
SB 1.585 0.700 0.313 1.966 0.954 0.228 5.133 0.925 0.131
MBB 1.131 0.715 0.299 2.462 0.947 0.223 3.544 0.860 0.132
CBB 1.134 0.727 0.299 2.445 0.949 0.223 3.616 0.872 0.133
PFSB 1.570 0.990 0.303 2.173 0.990 0.230 2.900 0.881 0.132
PFMBB 1.120 0.940 0.297 1.957 0.986 0.225 2.430 0.869 0.128

This preliminary results show that the composite bootstrap proposed in this work
matches the PB in coverage and outperforms it in RMSD, making it a strong and
valide alternative. The intuition we get from these set of preliminary results is that
the composite bootstrap, could significantly represent a valid alternative to existing
bootstrap strategy.
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Assessing the Targeting of Austrian Social
Assistance Schemes: who is left behind?

Alessia Broka, Silvia De Nicolò and Stefan Angel

Abstract Minimum Income Schemes (MIS) are fundamental policies for reducing
poverty and social exclusion in the European Union. However, their effectiveness
varies widely across countries and, in some cases, even within regions. This is the
case for Austria, where MIS are implemented regionally. Our goal is to evaluate the
targeting efficiency of these schemes in Austria at the local level, considering differ-
ent household typologies, recognizing that aggregated analyses may obscure dispar-
ities between poor households. To do so, we apply small area estimation methods
to estimate the coverage rates, relying on survey and register data. We contribute to
the literature by providing model-based estimates of the at-risk-ofpoverty rate and
offering a new insight into poverty targeting in Austria.

Key words: minimum income, social assistance, small area estimation, coverage,
take-up, poverty

1 Introduction

In Europe, social protection against poverty and social exclusion relies mainly on
Minimum Income Schemes (MIS) and other means-tested transfers, designed to
provide a baseline level of economic security for individuals when other income
sources fall short. However, despite these policies’ intent to guarantee a minimum
monthly income for all households, evidence reveals persistent poverty and the in-
ability of many households to escape this condition. It is therefore important to un-
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derstand to which extent these policies can effectively target those in need, if there
are some households that are systematically left behind, and why. In Austria, mini-
mum income programs have historically been fragmented across regions, resulting
in variations in eligibility criteria, benefit levels, and organizational structures. The
most recent attempt to harmonize the system was the 2019 Basic Social Assistance
Act; however, it faced significant controversy and was ultimately unsuccessful. As
of January 2024, only six out of nine regions had enacted implementation laws, po-
tentially exacerbating regional disparities. Furthermore, specific household types in
Austria have been debated to be inadequately addressed by policy frameworks, fac-
ing implicit penalties due solely to their family structure. To address these issues,
our analysis incorporates regions and household typologies as levels of disaggrega-
tion. This approach allows us to capture differences that aggregate analyses are not
able to detect [3]. We evaluate the targeting efficiency across 45 domains, defined by
the interaction between Austria’s 9 federal regions and 5 household typologies: indi-
viduals living alone, couples without children, couples with children, single parents
with children, and others. Targeting efficiency is evaluated using the coverage rate
[4]. To do so, we integrate income data from the Austrian-SILC 2022 survey with
cash transfer beneficiary counts published by Statistik Austria. However, the poverty
rates required for these calculations are unreliable at the disaggregated level due to
small sample sizes, as our domains are not planned within the EU-SILC sampling
design. To address this limitation, we employ Small Area Estimation (SAE) meth-
ods, which combine direct survey estimates with domain-level covariates through
statistical modeling to improve estimate precision, in line with Tonutti et al. [3].
The main contribution of this study is providing new insights into the character-
istics of social assistance and minimum income schemes in Austria, highlighting
regional and household-type differences in targeting.

2 Data and Methodology

It is well known that estimation of socioeconomic indicators at the local level is
difficult due to the limited representativeness of socio-demographic and economic
surveys. In fact, our research and methodology are closely linked to the availability
of data. We utilize Austrian EU-SILC 2022 data, whose income reference period
is 2021, to derive direct estimates of the At-Risk-Of-Poverty (AROP) rate for our
domains of interest. Recognizing that EU-SILC is not representative at this gran-
ular level, we enhance the dataset with domain-specific covariates, including 2021
census data on subpopulation characteristics: citizenship, education level, migra-
tion status, and unemployment rates from the Labour Force Survey. Additionally,
beneficiary counts from Statistik Austria are included, enabling the calculation of
coverage rates. The coverage rate is calculated following Ravallion (2009) [4]:

CRdAROP =
∑Nd

j=1 Td j ·1
(
Rd j ≤ z

)

∑Nd
j=1 I

(
Rd j ≤ z

) (1)
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Where Nd is the number of households belonging to domain d, Td j is an indicator
variable that takes value 1 if household j of domain d is beneficiary of minimum
income cash transfer. Rd j is the household income measure and z is the poverty
threshold (set at 60% of the national median income under EU guidelines). For
this analysis, we assume, based on existing literature [1], that all social assistance
beneficiaries in Austria are poor.

2.1 Model

We employ an area-level Beta regression model to produce predictions of poverty
rates for each domain with an acceptable level of uncertainty. The methodology em-
ployed is specified in the Bayesian inferential framework and estimated via MCMC
methods. We implemented the model through the “tipsae” R package from De
Nicolò et al. [2], let Ŷd be the unreliable poverty rate estimate and μd the true poverty
rate for subpopulation d, and let xd be the vector of our area-specific predictors:

Ŷd | μd ,φd
ind∼ Beta(μdφd ,(1−μd)φd) (2)

logit(μd) = x�d β + ed , d = 1, . . . ,D (3)

ed | σu
ind∼ N

(
0,σ2

u
)
, σu ∼ Half -N

(
0,h2

u
)
, β j ∼ N

(
0,h2

c
)

(4)

Where φd is the area-specific dispersion parameter, which is fixed and estimated
from the data, and ed are random effects for the linear prediction with a zero-mean
normal prior. Priors for intercept and the regression coefficients β j are zero-mean
normal priors and we assume a half-normal prior for σu.

3 Results

This section presents an analysis of the obtained results. Figure 1 illustrates notable
disparities in coverage across household types, alongside significant regional varia-
tions. The estimated mean coverage rate for Austria in 2021 is 14.5%, which aligns
with findings in the existing literature [1], indicating that a considerable proportion
of individuals in need remain excluded from social assistance. A more detailed ex-
amination reveals that Vienna demonstrates the highest performance, whereas Up-
per Austria exhibits the lowest coverage. Substantial differences are also observed
among household types: couples without children and individuals living alone rep-
resent the least covered groups, whereas single-parent households benefit from the
highest coverage rates. Identifying these disparities is crucial for evaluating the lim-
itations of current policies, addressing coverage gaps among vulnerable household
categories, and mitigating regional inequalities.
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Fig. 1 Coverage rates by household typology

4 Conclusions and Future Directions

We analyzed the targeting effectiveness of social assistance in Austria by examining
coverage rates at the local level. This disaggregated approach revealed significant
heterogeneities across regions and household types. Using small area estimation
methods, we highlighted the fragility of social assistance in one of Europe’s wealth-
iest countries. Further research is needed to determine whether under-coverage re-
sults from inadequate targeting due to restrictive eligibility criteria or from non-
take-up driven by complex procedures, asymmetric information, or stigma.
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From micro to macro: Building up regional
capabilities from individual firms and employees

Alessio Bumbea, Giuseppe Espa, Andrea Mazzitelli and Emanuele Pugliese

Abstract The study aims at leveraging the economic complexity framework to
examine how individual firms’ capabilities contribute to broader regional economic
development. We used hexagonal H3 grids to segment spatial data from single firm
level to macro regions, moving through many gradual increases of scale. For each
scale of analysis, we capture the diversity of local capabilities using the education
level of employees that fall within a certain hexagon. The distribution of the education
levels is not spatially homogeneous across the Italian territory, and it shows non trivial
dynamics that should be addressed and discussed when analyzing official statistical
data.

Key words: Capabilities, Economic complexity, H3, Education diversification

1 Introduction

Firms’ capabilities have a central role in explaining firms trajectories [1]. Not only
what a firm is able to do is a key determinant of its growth potential [2], but it deter-
mines its future trajectory in terms of diversification [3, 4]. Firms grow organically
like plants, adding functions and new structures that are required to sustain their
size along the growth process [5]. This same process is true for the development
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of regions and countries [6, 7, 8]: advanced capabilities at the country level like
diffused skills and infrastructure coevolve with the firms, shaped by incentives and
bottlenecks [9].
In this work we will look at this process by proxying firms function and complexity
by looking at the diversity of the education paths of their work force for the uni-
verse of almost 4.5 milion Italian firms. We proceed by looking at how this need for
different structures and functions evolves with the aggregation of spatially contigu-
ous firms in a territory. We will observe how this relates to spatial dynamics when
changing the scale of observation, from single firms to regional areas. The unique
feature of our analysis is a smooth transition from single firms to a fine partitioning
of the territory. Looking at the relation between economic scale and the requirement
of capabilities for growth will help shed light on the coevolution between firms and
regional economic growth.

2 Data and methods

The dataset that we used in our analysis was created by the Italian National Statistical
Institute, by looking at data collected for tax purposes and official registries for the
firms and at customs for the export data. The data gathered has been used to create
the ASIA[10] database1 that contain information about the structural characteristics
of each business including the economical performances of the firms and character-
istics of the employees. These statistical registries have been georeferenced by the
Italian Chambers of Commerce study center Guglielmo Tagliacarne and the data
have been used to study the workforce’s general level of academic qualifications, as
shown in Figure 1. The fraction of the workforce in the dataset that has a tertiary-
level education is very small compared to the rest. This summary statistic fails to
take into account the spatial characteristics and inhomogeneities that arise when the
geographical position of firms is considered; better results can be obtained with the
use of tools like the H3 spatial index[11], which is a geospatial indexing system
designed to efficiently handle spatial data across various scales by using a hexagonal
grid system. This hexagonal grid divides the earth’s surface into finer resolution
levels, allowing flexible scaling from large regions to fine details. Generally, the H3
index provides a spatial subdivision as an effective alternative to traditional local and
regional administrative boundaries. Administrative areas are often irregularly shaped
and vary greatly in size, making it challenging to compare data accurately. Using
hexagons to divide a territory offers a practical solution for visualizing variables.
This approach provides balanced and uniform geometry, allowing for more accurate
regional comparisons and improved spatial coverage. There are 16 resolution levels
in total ranging from 0, the largest one, with an average edge size length of 1281.3
km down to 15 where the average edge size is 0.6 m.

1 Notably, the datasets used do not contain information about the agricultural enterprises.
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Fig. 1 Academic qualifications of employees in georeferenced Italian firms in the year 2019, the
Secondary fraction includes also people with less than Secondary level degree of education.

3 Results and Conclusions

Given that the firms have been georeferenced, it is possible to associate each firm’s
latitude and longitude with the corresponding hexagon for any given level of resolu-
tion and cumulate the variable associated with the same hexagon. For instance, the
number of employees in a hexagon is computed as the sum of the number of employ-
ees of each firm within the hexagon. The tertiary education level of the hexagons, a
key finding of our research, has been computed as the number of employees with a
tertiary education level within a hexagon divided by the total number of employees
in the same territory. The results, which provide valuable insights into the spatial
distribution of education levels, are presented in Figure 2. The distribution of the
tertiary education level is highly spatially nonhomogeneous and is more concen-
trated in bigger cities. The higher education level in the south than in the north
might be due to another effect. For instance, in cities in the south where the informal
sector makes up an essential part of the economy[12] and informal networks play
a significant role in the hiring process[13], having a tertiary education becomes a
necessary condition to access the formal market. The H3 index effectively reduces
bias and standardizes the spatial analysis by offering uniform grids. However, to
fully address spatial inhomogeneity, it may need to be supplemented with other spa-
tial and non-spatial methods considering the underlying variability of geographic
or socio-economic factors in order to offer decision-makers valuable tools to make
changes in education and economic development.
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Fig. 2 Tertiary education fraction of the workforce for Hexagons computed at resolution level 5 for
the year 2019
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Forecast reconciliation and Multivariate
GARCH

Massimiliano Caporin, Daniele Girolimetto and Emanuele Lopetuso

Abstract By resorting to simulations we assess the advantage of combining uni-
variate and multivariate portfolio risk forecast with the aid of forecast reconciliation
techniques. Our results suggest relevant advantages when multivariate models are
misspecified.

Key words: Multivariate GARCH, Forecast reconciliation, Portfolio Risk

1 Introduction

Multivariate Generalized Auto Regressive Conditional Heteroskedasticity (MGARCH)
models represent a classical tool for the prediction of a conditional covariance ma-
trix. Since the seminal contributions of [1] and [2] the literature has sensibly ex-
panded, going beyond the survey of [3]. This model class is commonly used as a
tool for providing the needed inputs for portfolio allocation programs or for market
risk management applications. Irrespective of their practical use, MGARCH mod-
els still present a relevant challenge, the so-called curse of dimensionality, due to
the large number of parameters they include, easily making the models unfeasi-
ble even for moderate cross-sectional dimensions. Several solutions have been pro-
posed, from the use of restricted parametrizations, to factor structures, up to the
introduction of model designs allowing for simpler estimation schemes, or charac-
terized by strong assumptions on the underlying dynamic. The intricate relationship
across financial asset returns is, however, only partially accounted for in feasible
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MGARCH models which, in general, allow for limited (or null) interdependence
across conditional variances, covariances and/or correlation dynamics. The conse-
quence is that MGARCH models are, generally, misspecified.

In this work we take a different perspective. We start from the availability of 𝑛𝑛
assets whose returns r𝑡𝑡 , are available for a given time span, 𝑡𝑡 = 1,2, . . .𝑇𝑇. Moreover,
we assume the knowledge of a vector of portfolio weights 𝝎𝝎. Given the weights,
it is possible to reconstruct the portfolio returns returns 𝑟𝑟𝑝𝑝𝑝𝑝𝑝 = 𝝎𝝎�r𝑡𝑡 , that would be
obtained from 𝑡𝑡 = 1 to 𝑡𝑡 =𝑇𝑇. We thus take the point of view of a market risk manager
whose purpose is to forecast the portfolio variance for 𝑇𝑇+1. In this framework, with
known weights, it is possible to predict the portfolio risk both by forecasting the
covariance of r𝑇𝑇 , that is 𝚺𝚺𝑇𝑇 , and then obtaining 𝜎𝜎2

𝑝𝑝𝑝𝑝𝑝 =𝝎𝝎�𝚺𝚺𝑇𝑇𝝎𝝎, or to predict directly

𝜎𝜎2
𝑝𝑝𝑝𝑝𝑝 by fitting a univariate model on 𝑟𝑟𝑝𝑝𝑝𝑝𝑝 . This is coherent with the need of predicting

the risk of the current portfolio whose returns can be backward reconstructed given,
i) the availability of the asset returns over the entire sample, and ii) the knowledge of
the weights. Note that these returns are not the past realized returns of the portfolio,
but represent the returns that the current portfolio 𝝎𝝎 would have realized in the past.

In this situation, given the availability of two possible forecasts, one from a
MGARCH model, and one from a univariate GARCH model, forecast reconcili-
ation methods [8] can be used to efficiently combine the available information.

In the following Section we discuss the forecast reconciliation approach for
MGARCH models and in Section 3 we provide some information about a simu-
lation we plan to use for assessing the role of forecast reconciliation.

2 Portfolio Variance Reconciliation

For simplicity, we remove the time index 𝑡𝑡 from the equations in this section. Let 𝚺𝚺
be an (𝑛𝑛×𝑛𝑛) covariance matrix such that

𝜎𝜎2
𝑝𝑝 = 𝝎𝝎�𝚺𝚺𝝎𝝎 (1)

where 𝝎𝝎 is a (𝑛𝑛×1) vector of known weights. According to the forecast reconcili-
ation notation for the cross-sectional case, see [4], we can express (1) as

𝜎𝜎2
𝑝𝑝 = 𝝎𝝎�𝚺𝚺𝝎𝝎 = (𝝎𝝎� ⊗𝝎𝝎�)D𝑛𝑛vech(𝚺𝚺) = A𝝈𝝈 (2)

where A = (𝝎𝝎� ⊗𝝎𝝎�)D𝑛𝑛 is the (1×𝑚𝑚) linear combination (also known as the aggre-
gation) matrix with 𝑚𝑚 = 𝑛𝑛(𝑛𝑛+1)

2 , ⊗ indicates the Kronecker product [5], 𝝈𝝈 = vech(𝚺𝚺)
is a (𝑚𝑚×1) vector, vech is the half-vectorization operator such that

vec(𝚺𝚺) = D𝑛𝑛vech(𝚺𝚺)
and D𝑛𝑛 is an (𝑛𝑛2 ×𝑚𝑚) duplication matrix [5].
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Let 𝜎̂𝜎2
𝑝𝑝 and 𝝈̂𝝈, respectively, the forecasts for 𝜎𝜎2

𝑝𝑝 and 𝝈𝝈, obtained from a univariate
and a multivariate GARCH model, respectively. These forecasts do not necessarily
satisfy the aggregation constraint in (2). The bottom-up (𝑏𝑏𝑏𝑏) reconciled forecast for
𝜎𝜎𝑝𝑝 is

𝜎̃𝜎𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = A𝝈̂𝝈 . (3)

This forecast is obtained from just MGARCH predictions and represents the stan-
dard approach in the MGARCH literature. However, such an approach is neglecting
the possibility of predicting the portfolio variance directly from the backward re-
constructed portfolio returns. Denote C =

[
I𝑛𝑛𝛾𝛾 −A

]
and 𝛀𝛀 a p.d. matrix – e.g.

𝛀𝛀 = I𝑚𝑚 (𝑜𝑜𝑜𝑜𝑜𝑜) or a diagonal (𝑤𝑤𝑤𝑤𝑤𝑤), shrunk (𝑠𝑠𝑠𝑠𝑠), or full (𝑠𝑠𝑠𝑠𝑠𝑠) “covariance” matrix
obtain from some in-sample residuals of the base forecasts’ models [6, 7] – then

[
𝜎̃𝜎𝑝𝑝
𝝈̃𝝈

]
=
[
I𝑚𝑚 −𝛀𝛀C�(C𝛀𝛀C�)−1C

] [ 𝜎̂𝜎𝑝𝑝
𝝈̂𝝈

]
.

The reconciled forecasts are provided for both the portfolio variance as well as
for the entire covariance matrix. According to the forecast reconciliation literature,
the reconciliation provides an improvement of the forecast accuracy; see [8, 9].

Starting from these observations, we assess if the introduction of forecast recon-
ciliation improves the prediction of the portfolio variance forecast. In this respect,
we evaluate the impact of the use of either a correctly specified or of a miss-specified
MGARCH model.

3 Simulation Design

To evaluate the benefits of forecast reconciliation we plan to simulate time series of
fixed length (ideally 𝑇𝑇 = 1250) reserving the first 1000 observations as estimation
sample and the following 250 for forecasting. The data will be generated from differ-
ent MGARCH models, namely, the DCC-GARCH of [10], the Scalar, Diagonal, and
Full BEKK of [2], and the OGARCH of [11]. The models will be designed in such
a way they will include spillovers between variances (Full BEKK), or are capturing
only contemporaneous interdependence (DCC, Scalar and Diagonal BEKK, OG-
ARCH). On the simulated data, correctly specified and miss-specified MGARCH
models will be estimated, as well as, univariate GARCH on the reconstructed port-
folio returns. As portfolio weights we will use both the 1/𝑁𝑁 portfolio as well as
a randomly generated portfolio with only long positions. For what concerns the
cross-sectional size, we will explore different dimensions, starting from 𝑁𝑁 = 5 up
to 𝑁𝑁 = 50.

Models will be compared using standard tools. First of all, taking advantage of
the knowledge of the true (simulated) conditional covariances, we will evaluate the
Mean Squared Error, Mean Absolute Error, and QLIKE loss functions. The models,
will also be compared by means of the Model Confidence Set approach [12].
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Our results will allow shedding light on the impact of forecast reconciliation and
on the role played by model misspecification when the purpose of the researched is
the prediction of portfolio risk (as summarized by the variance).

Acknowledgements The authors acknowledge financial support from project PRIN 2022: PRICE
– “A New Paradigm for High-Frequency Finance”– 2022C799SX.
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Source: Our estimates on Istat Data. 
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Assessing the spatial impact of the ‘display the
average fuel prices’ obligation in Italy

Riccardo D’Alberto

Abstract This study explores the impact of the mandatory display of average fuel
prices at gas stations in Italy, implemented on August 1st , 2023. Using daily price
data at municipal level, the analysis examines the effects on fuel prices transparency
and volatility by employing a panel event study design. Results show no statistically
significant changes in fuel prices, except for Liquefied Petroleum Gas.

Key words: fuels, price transparency, Italian municipalities, event study

1 Introduction

Fuel prices in Italy are affected by a complex interplay of global and local factors
(e.g., global market conditions, geopolitical instability, national policies) leading to
a significant volatility. Recently, the latter has been exacerbated by several causes.
First, the impact of the COVID-19 pandemic. Its global effects and the lockdown
led to a significant drop in global energy consumption. Particularly, in March-May
2020, mobility restrictions led to a decrease in fuel consumption [1], followed by
a gradual recovery characterized by subsequent shocks in fuel prices [5]. Second,
in late 2021, inflation and the energy crisis triggered the fuel prices (also, they in-
creased due to the imported energy costs). Third, the geopolitical tensions generated
by the war in Ukraine and the subsequent economic sanctions and restrictions on,
e.g., Russian gas imports intensified the energy crisis. These shocks affected all the
European countries (although to different extents), but Italy is especially vulnerable
to energy crises, having peculiar energy market dynamics. For example, a heavy
reliance on imported fossil fuels (particularly, Russian gas): in 2021, 93.7% of gas
consumed in Italy was imported, with 38% of imports coming from Russia [7]. Fi-
nally, we must consider the price structure and governments intervention: fuel prices

Riccardo D’Alberto
University of Verona, e-mail: riccardo.dalberto@univr.it
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to the consumer are comprised of i) the cost of the raw material, ii) taxes, iii) system
charges, plus iv) refining and distribution costs.

The Italian debate on fuel ‘costs’ is vivid and the governments have often pur-
sued different solutions to mitigate them. For example, in 2007, the Italian Parlia-
ment imposed the display of fuel prices on electronic signs along highways, aiming
to increase transparency and promote competition among gas stations. This measure
led to an average reduction of 1 cent of Euro per liter in gasoline prices, which rep-
resented approximately 20% of gas station margins [8]. Effects were long-lasting
(around 16 months after the policy implementation) with little on price dispersion
[8]. In 2022, in response to rising fuel prices, the Italian Government implemented
several measures, including tax reductions on fuel and VAT, as well as bonuses for
low-income families and tax credits for businesses. However, these interventions
have mostly been short-term compensatory measures, without addressing the struc-
tural causes of Italy’s energy dependency [7].

In March 2023 the Italian Government adopted by Decree (abbreviate legislative
procedure) the obligation to display the average fuel prices (per Region – NUTS21)
at the gas stations alongside their own prices. The Decree was published in the
Offical Gazette of the Italian Republic in May 22nd and became effective in August
1st (i.e. mandatory communication to the Ministry of Enterprises and Made in Italy
– MIMIT of the daily fuel prices adopted at the gas station, mandatory display of
the average regional price, controls at random and ad hoc fines). The obligation
was intended by the Government to mitigate price speculation and promote price
transparency. A dedicated online platform for communicating the price of gasoline,
diesel, Liquefied Petroleum Gas (LPG) and methane gas (CNG, LNG, GNL) was
set up by the MIMIT as well as the mandate for controls and specific fines. Using
daily price data retrieved and assembled from MIMIT plus additional statistics from
the Italian National Institute of Statistics (ISTAT), the present study aims to estimate
the impact of the ‘display the average fuel prices’ obligation at the municipal level
in years 2023-2024.

2 Data and methods

2.1 Data

Daily prices data from gas stations, along with Italian gas stations registry data
(including gas station owner, brand, address, etc.), were retrieved from [6], consid-
ering only the ‘road’ gas stations (i.e. excluding from the analysis the highway gas
stations). The variables of interest are date (every day from January 1st , 2023 to
September 30th, 2024); (daily) price for different types of fuels (gasoline, diesel,
LPG and methane gas); self, indicating if the fuel service is automatic (1) or served

1 Cf. the Nomenclature of territorial units for statistics (NUTS) at
https://ec.europa.eu/eurostat/web/nuts [accessed December 14th, 2024]
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(0); municipality. Additional covariates (nuts2, municipality population, municipal-
ity area in km2, altitude above sea level) as well as shape files data on municipal
and regional borders were retreived from [3, 4].

Considering both the analysis purposes and the practical issues imposed by data
dimensionality, data were subsetted by the 4 types of fuel and each fuel type data
set was then split between automatic and served gas stations. Data were also wran-
gled to build up balanced panels at the municipality level (daily gas station prices
were averaged per municipality). Panel data count observations for 638 days and
vary according to the coverage of gas stations at the Italian national level as well as
due to data completeness, coherence and correctness. Namely, (out of the 7,896 Ital-
ian municipalities) we observe n = 4,604 municipalities related to served gasoline
stations (n = 5,292 for automatic ones); n = 4,592 municipalities related to served
diesel stations (n = 5,289 for automatic ones); n = 2,179 municipalities covered by
LPG gas stations and n = 979 related to methane gas stations.

2.2 Method

Each panel covers the municipality m at the time period t. The ultimate goal is to
estimate the impact of the occurring event emt (i.e. the obligation to display the
average fuel prices) the 1st of August 2023 (denoted as ‘treatment’). The outcome
variable of interest pricemt is the average municipal price for the municipality m at
time period t. The panel event study specification (cf. [2]) is then

pricemt = α +
J

∑
j=2

β j(Lag j)mt +
K

∑
k=1

γk(Lead k)mt +μm +λt +X �
mΓ + εmt ,

with μm, λt municipality and time fixed effects, Xm time-invariant covariates to con-
trol for, εmt unobserved error term. The lags and leads of interest with respect to
the event (the subscript t of e is dropped due to the fact that all the municipalities
become treated after the treatment period of the event) are defined as

(Lag J)mt = 1 [t ≤ em − J] ,

(Lag j)mt = 1 [t = em − j] , for j ∈ {1, . . . ,J−1},
(Lead k)mt = 1 [t = em + k] , for k ∈ {1, . . . ,K −1},
(Lead K)mt = 1 [t ≥ em +K] .

Lags and leads indicate the exposure of the municipality to a number of time periods
away from the event of interest (before and after the event occurred).
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3 Results and discussion

We consider j = 72 lags and k = 30 leads, assuming, from one hand, the hypothesis
of an ‘anticipation’ effect corresponding to the time of Decree publication on the
Official Gazette and, from the other hand, one month of duration of the potential
effects of the policy.

Results show, for all the four types of fuel (as well as for the two typologies ‘auto-
matic’ and ‘served’ of gasoline and diesel), non-statistically significant anticipation
effects (joint tests for anticipation effects show non statistically singificant p-values
at 10% level) up to the 7 days before the 1st of August 2023 (the day of the Decree
effectiveness). However, no statistically significant effects related to the potential
reduction (or mitigation) of the fuel prices are found, except for LPG which, during
the second week of Decree effectiveness, shows a mean reduction equal to -0.0121
euro (p-value < 0.05). These results hint at the fact that the ‘display the average fuel
prices’ policy generated no tangible effects. However, two main issues must be fur-
ther explored methodologically: the seasonality characteristics of fuel prices as well
as the heterogeneity of prices within the Italian regions (and provinces). Additional
research should be dedicated to exploring i) the suitability of the analysis on differ-
ent statistical units (municipality vs individual gas stations); ii) the robustness of the
estimates; iii) the treatment effect(s) on the potential outcome (mean price vs price
volatility or deviation from the regional mean price); iv) the spatial effect of the
treatment, given that volatility of prices can be influenced by regional differences in
fuel prices and gas stations sensitiveness to location at borders.
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A non-parametric approach to employee
performance in digital workplaces

Fabio Demaria, Maddalena Cavicchioli, Tommaso Fabbri, Ariadni Papana Dagiasis
and Anna Chiara Scapolan

Abstract The digital transformation has enabled the detailed and real-time datafi-
cation of work activities, allowing organizations to analyze and understand digital
work performance. This study introduces a data-driven methodology that leverages
an unsupervised Random Forest-based algorithm to cluster observations, identify key
features using tree topology metrics, and visualize results with optimized graphical
tools. We applied the proposed framework to data from a digital consulting agency,
incorporating metadata from Microsoft365 and survey responses on work attitudes.
The analysis produced a novel metric for digital work performance, which was linked
to employee attitudes using tailored visual tools to explore the relationships between
work activities and attitudes in digital workplaces.

Key words: Unsupervised Random Forest, Clustering, Variable Importance, Vari-
able Interaction, Visual tools, Digital work.

1 Introduction

The digitalization of work involves the reorganization of social and professional
relationships through digital technologies, leading to work datafication, where every
digital activity generates data and metadata. This process, further accelerated by
the recent Covid-19 pandemic, enables the digital representation of work behaviors,
making employee activities observable and analyzable through time-stamped logs
[1]. These data can be utilized to develop appropriate metrics for tracking and
monitoring employee behavior and to investigate how such metrics are influenced
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by employees’ attitudes. In fact, according to extant literature, attitudes are deemed
relevant predictors of employee work behavior. Thus, in this work, we formulate two
research questions (RQs):

RQ1. How can employees’ digital work performance be synthesized
into a series of work-related metrics derived from the analysis of
employee metadata?
RQ2. How does employees’ digital work performance influence their
work-related attitudes?

This study employs a data-driven approach based on unsupervised Random
Forests (RF), integrating inductive and deductive methodologies, to uncover pat-
terns in digital work environments [2].

2 Data and methods

The sampling frame for this study encompasses the entire organizational workforce
(𝑛𝑛=39) of a small Italian firm operating in the field of AI solutions and applications for
business. The company operates in a fully digital work environment where nearly all
activities are conducted via the Microsoft365 platform. The final dataset comprises
two primary sources of data: (1) 35 click variables from Microsoft365, collected
between October 2021 and May 2022, and (2) 93 attitude variables obtained through
a self-administered questionnaire distributed in May 2022. For the click variables (1),
data were collected and anonymized from the Microsoft365 platform, which records
time-stamped logs of employees’ activities within the system. Examples of the
extracted metrics include the “highest number of daily actions performed by the user
outside working hours”, “maximum number of projects a user engages with in a single
day”, and “total number of meetings attended by the user”. The attitude variables
(2) were measured through an online survey using a 7-point Likert scale, ranging
from strongly disagree to strongly agree. The survey assessed various work-related
attitudes, including job satisfaction, embeddedness, engagement, work-related stress,
work-life interface, organizational communication, and innovative behavior. These
dimensions were derived from established scales and validated frameworks in the
literature [3, 4, 5].

2.1 Methods

Machine learning encompasses supervised and unsupervised approaches, with the
latter focusing on discovering structures in data without predefined target variables
[6]. By leveraging RF’s ensemble learning techniques [7], unsupervised RF gener-
ates a proximity matrix that allows clustering, feature selection, and the identification
of nonlinear interactions in a fully nonparametric way, outperforming conventional
clustering methods [7, 8]. The sidClustering algorithm, introduced by Mantero and
Ishwaran [8], extends Breiman’s Random Forest (RF) methodology [7] to unsu-
pervised learning by transforming raw data through “sidification”. In this process,
original features are transformed into main effects Y = (𝑌𝑌1, . . . ,𝑌𝑌𝑑𝑑)𝑇𝑇 and interaction
features Z. The main effects are computed as𝑌𝑌 𝑗𝑗 = 𝛿𝛿 𝑗𝑗 +𝑋𝑋 𝑗𝑗 and 𝑌𝑌𝑘𝑘 = 𝛿𝛿𝑘𝑘 +𝑋𝑋𝑘𝑘 , where
𝛿𝛿 𝑗𝑗 , 𝛿𝛿𝑘𝑘 > 0 ensure positivity and distinctness. Interaction features Z are then derived
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as pairwise products of the main effects (𝑋𝑋 𝑗𝑗★𝑋𝑋𝑘𝑘 =𝑌𝑌 𝑗𝑗 ×𝑌𝑌𝑘𝑘). These features are used
in a multivariate RF model to predict the main features {Y𝑖𝑖}𝑛𝑛𝑖𝑖=1, and the resulting
forest distance is computed using the tree topology. For two observations Z𝑖𝑖 and Z 𝑗𝑗 ,
the forest distance 𝐷𝐷 (Z𝑖𝑖 ,Z 𝑗𝑗 ) is defined as:

𝐷𝐷 (Z𝑖𝑖 ,Z 𝑗𝑗 ) = 1
𝐵𝐵

𝐵𝐵∑
𝑏𝑏=1

𝑆𝑆(Z𝑖𝑖 ,Z 𝑗𝑗 ,𝑇𝑇𝑏𝑏)
𝑅𝑅(Z𝑖𝑖 ,Z 𝑗𝑗 ,𝑇𝑇𝑏𝑏) , (1)

where 𝑆𝑆(Z𝑖𝑖 ,Z 𝑗𝑗 ,𝑇𝑇𝑏𝑏) and 𝑅𝑅(Z𝑖𝑖 ,Z 𝑗𝑗 ,𝑇𝑇𝑏𝑏) represent the number of splits between the
terminal nodes of Z𝑖𝑖 and Z 𝑗𝑗 , relative to a common ancestor and the root, respec-
tively. Feature importance is assessed using minimal depth, which represents the
first-order maximal subtree and measures the distance of a variable 𝑣𝑣 from the root
of the tree [9]. Variables with smaller minimal depths are considered more predictive.
Interactions are quantified by constructing second-order maximal subtrees, where
normalized minimal depths indicate the strength of interaction between variables.
These results are aggregated into a 𝑝𝑝 × 𝑝𝑝 interaction matrix 𝚪𝚪, with diagonal en-
tries representing variable importance and off-diagonal entries quantifying pairwise
interactions. Lastly, visualization tools like heatmaps and network plots are used
to visualize the results. To improve their interpretability a seriation algorithm was
applied to 𝚪𝚪. The algorithm assigns a weight 𝑤𝑤𝑖𝑖 𝑖𝑖 to each pair of objects 𝑖𝑖𝑖 𝑖𝑖 ∈ 𝑛𝑛, in-
corporating variable importance (𝜃𝜃1) and interaction (𝑠𝑠𝑖𝑖 𝑖𝑖 ), to determine the optimal
arrangement that positions high-interaction variable pairs close to each other in the
plot. The weighting scheme is defined as:

𝑤𝑤𝑖𝑖 𝑖𝑖 = 𝜆𝜆1𝜃𝜃1 +𝜆𝜆2 min
𝑖𝑖≠ 𝑗𝑗

𝑠𝑠𝑖𝑖 𝑖𝑖 , (2)

where 𝜆𝜆1 and 𝜆𝜆2 are scaling factors. This systematic reordering enhances the
visualization of high-interaction variable pairs, significantly improving the inter-
pretability of the visual tools.

3 Results

The sidClustering analysis identified two distinct employee clusters: the Operational
group, characterized by higher scores in action-related variables reflecting techni-
cal roles, and the Coordination group, marked by greater engagement in meeting-
related activities and relational centrality, indicative of managerial roles. Variable
importance was assessed using the minimal depth criterion, identifying the 10 most
important features using the mean of the minimal depth distribution as threshold [9].
Results are presented in Table 1. These variables were categorized into two dimen-
sions: Quantity (e.g., number of actions, meetings attended) and Complexity (e.g.,
number of departments, centrality measures). Work quantity reflects the volume
and intensity of tasks performed, while work complexity captures the heterogeneity
and adaptability of activities. Key findings highlight the significance of action- and
meeting-related variables in distinguishing employee behaviors. A weighted arith-
metic mean, using importance scores as weights, was calculated for each dimension
to construct composite indicators for further analysis. Lastly, as a final step, we in-
vestigated the relationship between employee attitudes and the digital work scores
of Quantity and Complexity within each cluster, using the optimized visual tools to
facilitate exploration and interpretation of the results.
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Table 1 Minimal depth rank and variable weights.

Variable name Category Description Min. depth Weight

n.meet Quantity Total number of meetings the user attended. 4.322 1
avg.act Quantity Average number of actions taken by the user in a workday. 4.392 0.939
w avg.meet Quantity Average number of weekly meetings in which the user

participated.
4.414 0.920

n.out Quantity Total number of actions performed by the which user
outside working hours.

4.420 0.915

d out Quantity Average number of actions taken by the user in a working
day outside working hours.

4.438 0.899

n.act Quantity Total number of actions (any type) taken by the user. 4.450 0.889
hrs.meet Quantity Total hours of meetings the user attended. 4.482 0.861
d avg.meet Quantity Average number of daily meetings in which the user

participated.
4.482 0.861

d dept Complexity Average number of departments a user works with on a
daily basis.

4.528 0.821

p.rank.rel Complexity Centrality measure from ‘Pagerank’ algorithm: average
relational pattern score among users.

4.534 0.815

4 Conclusions

The digitalization of work and the resulting datafication of work activities enable the
collection of digital traces (i.e., metadata) that provide unprecedented information
with the potential to inform HR theory [2]. To address the need for analyzing and
interpreting these digital records, this study introduces a data-driven, unsupervised,
decision tree-based methodology. This approach enables researchers to cluster obser-
vations using a tree-based distance matrix, create digital work metrics, and visually
organize the results for seamless integration with additional data sources. The de-
rived metrics can assist HR practitioners in monitoring employees’ digital work and
tailoring strategies for specific groups to enhance their work attitudes.
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Forecasting CO2 emissions from electricity
generation: comparison of methods

Pierdomenico Duttilo, Francesco Lisi and Marina Bertolini

Abstract Electricity generation strongly contributes to global carbon emissions,
making accurate short-term forecasting essential for emission-based scheduling.
This study compares classical and functional methods to predict short-term carbon
emissions in northern Italy. Three model categories are examined: linear parametric
models, such as SARIMA and SARIMAX, nonparametric and possibly nonlinear
models, such as GAM, and functional models including the (S)FAR and FARX
models. These models are applied to hourly carbon emission data from 2020 to
2022, with forecasts for 2023. Performance is evaluated using the hourly RMSE.
The results show that the functional models perform best in the early hours, while
the GAM outperforms others during the midday and evening.

Key words: CO2 emissions forecasting, electricity generation, classical time series
models, functional autoregressive models, generalized additive models

1 Introduction

Mitigating carbon emissions is a crucial challenge in the context of the green energy
transition and requires considerable investments. To efficiently incorporate costs and
benefits related to mitigation measures in the evaluation models, it is necessary to
apply innovative approaches to model and forecast carbon emissions dynamics. In
particular, accurate short-term forecasting of CO2 is essential for emission-based
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scheduling and optimal management of energy storage systems [1, 2]. Emission-
based scheduling involves shifting flexible electricity demand to periods of lower
emissions. Flexible consumers can adjust their electricity use in response to carbon
emissions forecasts. Moreover, by forecasting carbon emissions, energy storage sys-
tems, such as batteries, can be charged during low-emission periods and discharged
during high-emission times. This approach also alleviates grid congestion, improv-
ing the efficiency of the electrical system [3, 4]. Consequently, carbon emission
calculations can be included as an assessment tool to support incentive and taxa-
tion policies for businesses and consumers in general, particularly when evaluating
flexibility strategies.

To optimise flexible electricity consumption, several methods have been pro-
posed in the literature to model and forecast carbon emissions [5, 6]. This study
compares classical and functional methods to forecast short-term carbon emissions
in the northern Italian electricity market. Specifically, three categories of models are
examined: linear parametric models, such as the seasonal autoregressive integrated
moving average (SARIMA), with the possibility of incorporating exogenous vari-
ables (SARIMAX) to account for multiple seasonal patterns; nonparametric mod-
els, such as generalised additive models (GAM), which may capture nonlinear rela-
tionships; and parametric functional models, including the seasonal functional au-
toregressive (S)FAR and functional autoregressive with exogenous inputs (FARX)
models. The functional approach treats the daily CO2 profile as a continuous curve,
providing a more detailed view of the dynamics of the emissions between the stan-
dard measurement intervals. The models were fitted to data covering the period from
1 January 2020 to 31 December 2022. The predictions were then analysed for 2023,
with a day ahead horizon. Forecast accuracy was evaluated using the root mean
square error (RMSE) at discretised 24-hour intervals. The rest of the paper is organ-
ised as follows: Section 2 introduces the emission data and the setup of the models,
and Section 3 presents the forecast results.

2 Data and model setup

Carbon emissions from electricity generation [7], Et , are calculated as follows

Et =
I

∑
i=1

Et,i,

Et,i = Gt,i ×EFi ×Oi ×M,

(1)

where Et,i denotes the CO2 at time t for fuel type i, Gt,i represents the hourly elec-
tricity generation in the northern Italian day-ahead market at time t by fuel type i,
EFi is the country-specific emission factor for fuel type i, Oi is the oxidation rate
for fuel type i, and M is the ratio of the molecular weight of CO2 to the atomic
weight of carbon. Electricity generation data are obtained from entsoe.eu, covering
a 3-year period from 1 January 2020 to 31 December 2023. The data is recorded
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with an hourly frequency over 24 hours and 7 days a week. Since Et is affected
by multi-seasonality, the following variables are considered: Tt representing a con-
tinuous time index for each time instant t; Wt an indicator variable for the day of
the week at time t; Dt representing the specific day of the year at time t; Ht is an
indicator variable for the hour at time t.

The SARX(1)24 model is specified as follows

Et = ω +φ1Et−1 +θ1Et−24 +α1Wt +α2Dt +ηt (2)

where: ω represents the intercept, φ1 is the autoregressive coefficient for lag 1, θ1
is the seasonal autoregressive coefficient for lag 24, α1 quantifies the impact of the
day of the week on Et , α2 quantifies the impact the day of the year on Et , and ηt
represents the error term.

Let H be a real separable Hilbert space and consider the continuous-time carbon
emissions process Et defined in H . The FARX(1) model is specified as:

Et = ρ1(Et−1)+α1(Wt)+α2(Dt)+ εt , for t ∈ N, (3)

where: ρ1, α1, and α2 are bounded linear operators in H ; Wt and Dt are continuous
exogenous variables defined in H ; εt is a H -valued white noise process. The linear
operator ρ1 quantifies the influence of the lagged emission curve Et−1, while α1 and
α2 account for the effects of weekly and yearly seasonal variations, respectively.

The GAM model is defined by

Et =ω + f1(Tt)+ f2(Wt)+ f3(Dt)+ f4(Ht)+ f5(Et−1)+ εt , (4)

where: ω is the intercept; f1(Tt) is a smoothing spline function that models the long-
term behavior over time; f2(Wt) and f4(Ht) are indicator functions accounting for
the weekly and hourly seasonalities; f3(Dt) is a seasonal smoothing spline function
that captures the seasonal variation across the year; f5(Et−1) models short term
dependence on carbon emissions; εt is the error term. Additional models are also
considered: AR(1), SAR(1)7, SAR(1)24, FAR(1), SFAR(1)7, and TBATS.

3 Forecasting results

We used data from January 1, 2020, to December 31, 2022 to estimate models, while
the whole of 2023 is left for out-of-sample predictions. The models are reestimated
daily, incorporating the latest available data. Out-of-sample predictions are evalu-
ated by calculating the hourly RMSE. The results are shown in Figure 1. The “M-
shaped” pattern of the RMSE is supported by the daily pattern of the hourly sample
standard deviation (SD). For the early hours (1 to 4), the FAR(1) and FARX(1)
models consistently produce relatively lower RMSE. During the daytime, afternoon
and evening hours (5 to 21), the GAM model outperforms others, yielding a lower
RMSE. However, for the nighttime hours (22 to 24), the FAR(1) and FARX(1) mod-
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els regain their leading position. Classical time series models are overtaken by func-
tional and GAM models. This pattern highlights the importance of choosing the
appropriate forecasting model based on the time of day, with FAR(1) and FARX(1)
being strong contenders for early and late hours, while GAM performs better in the
midday and evening periods. As a possible solution, forecast combinations could be
explored to take advantage of the strengths of each model in different time intervals.

Fig. 1 Root mean square error (RMSE) of CO2 emissions predictions in Northern Italy, with the
solid black line representing the hourly sample standard deviation (SD) of CO2 emissions.
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Modelling inefficiency in multi-output spatial
stochastic frontiers for cultural and creative
industries: a methodological proposal

Silvia Emili and Federica Galli

Abstract: The aim of analyzing the significant role of some sustainability-related
factors in determining the efficiency level of Italian cultural and creative sectors
raises a set of methodological issues. In this proposal, we develop a system of simul-
taneous stochastic frontier models with inefficiency determinants, spatio-temporal
effects and dependent error components.

Key words: Multi-output stochastic frontier models, Spatial and temporal depen-
dence, Inefficiency determinants, Cultural and creative industry

1 Introduction

The cultural and creative sectors (CCS) are among Europe’s most dynamic indus-
tries, significantly contributing to economic growth and stability (4.7% of the EU’s
GDP in 2022), job creation, and social cohesion. CCS is inherently marked by
spatial and temporal dynamics [4] and has a distinct multi-sectoral, multi-product
structure [3]. Unlike sectors like manufacturing or agriculture, CCS products and
services are deeply rooted in the social and cultural attributes of specific regions,
such as cultural sites, tourism amenities, and local characteristics, making them par-
ticularly unconventional in production and trade. This unique nature underscores
the development of ad-hoc techniques for production analysis of CCS, particularly
for identifying sustainable drivers of efficiency [3]. This study focuses on how eco-
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nomic, social and environmental sustainable local factors influence the efficiency
mechanisms of Italian CCS regional production, differentiating between core cul-
tural and cultural and creative industries (CCI) (see Measuring CCS Consortium’s
Final Report, 2022, available at https://www.measuring-ccs.eu/the-measuring-ccs-
consortium-publishes-the-final-report). To reach this goal, we propose a copula-
based estimation approach for a system of dynamic spatial stochastic frontier (SF)
models with inefficiency determinants and dependence between the inefficiency
and/or the random error terms of the different frontiers.

2 Methodological Proposal

The multi-output SF system for R sectors is defined as

BBBzt =ΨΨΨWzt +ΓΓΓWzt−1 +PPPzt−1 +(Xt ⊗ IM)Π + vt −ut t = 1, . . . ,T (1)

with vt ∼ NR(0Rn×1,Σv ⊗ In) and ut ∼ N +
R ((dt ⊗ IR)ϒ ,Σu ⊗ In), for n units and T

time periods. In Eq.(1) zt represents the (nR× 1) vector of production outputs of
the M sectors observed at time t, and W is an (nR× nR) matrix with R2 (n× n)
spatial weight matrices. Parameters associated with mutual impacts among the R
output variables are collected in BBB = (B⊗ In), with block-diagonal entries equal the
identity matrix. Matrices ΨΨΨ =Ψ ⊗ In and ΓΓΓ = Γ ⊗ In are referring to simultaneous
and temporal lagged spatial terms, and PPP = P⊗ In collects autoregressive effects. Xt
is an (n× k) matrix of input factors with associated parameter vector Π (Rk× 1).
The system is specified such that intra-sectoral effects are collected in the main
block diagonal of all parameter matrices, while off-diagonal blocks relate to inter-
sectoral impacts. Moreover, following [1], the mean of the inefficiency error term
(μt ) is modelled as a function of m exogenous inefficiency determinants dt collected
in a (n×m) matrix with (Rm×1) associated parameter vector ϒ .

The joint PDF is derived based on two main assumptions: first, the independence
between ut and vt , and second, the independence of the error components among
the R equations. Then, the convolution of the two error terms is the product of ut
and vt marginal distributions, restricting the covariance matrices to be diagonal. Co-
variance terms in Σv and Σu are handled separately from Σv and Σu through correla-
tion parameters estimated by means of copula techniques. Under standard regularity
conditions, the associated ML estimator is consistent, asymptotically efficient and
normal. Results of Monte Carlo experiments with R = 2, n = 20, and T = 30,50
indicate that all parameters are consistently estimated, with increasing precision as
the temporal dimension increases.
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3 Empirical Model

We consider balance sheets data on Italian core cultural and CCI industries (AIDA
Bureau Van Dijk database) from 2013 to 2022 at the NUTS-2 level and different in-
dicators from ”Benessere equo e sostenibile” dataset of the Italian National Institute
of Statistics (ISTAT). The existence of possible spatial clusters is tested by Moran’s
I tests on value added of core and CCI industries separately in 2021, finding signif-
icant (even if weak) correlation (0.09 for the core sector, 0.07 for CCI, and 0.10 for
cross-sectoral dependence) at 1% significance level.

The empirical model is given by a system of two Cobb-Douglas production func-
tions augmented by spatial and temporal terms, cross equation (inputs and mutual)
effects and an inefficiency model. The outcome zt is proxied by the logarithm of
value added by region, while input factors Lt and Kt , collected in Xt in (1), are
the logarithm of number of workers and fixed asset of the same (intra-sectoral)
and other sector (inter-sectoral). The spatial weight matrix W is given by a com-
bination of first and second-order binary contiguity row-normalized spatial matri-
ces, the former on off-diagonal blocks of W , and the latter on the main diagonal
(ensuring identification and leading to distinguish between intra and inter sectoral
transmission channels [2]). The model for inefficiency mechanisms is defined as
μt = (Ecot ⊗ I2)ϒ1 +(Socialt ⊗ I2)ϒ2 +(Envirt ⊗ I2)ϒ3 for ut ∼ N +

2 (μt ,Σu), where
Ecot is the average disposable income per capita, Socialt is the percentage of munic-
ipalities with entirely online services, and Envirt the percentage of electricity from
renewable sources.

4 Results

Estimated short and long-run marginal effects of input factors and inefficiency de-
terminants are presented in Table 1.

The direct effects of the input variables indicate that, in the short run, the core
group is influenced only by inputs from its own sector. In contrast, CCI is signif-
icantly and positively affected also by investments from the core group. This also
applies to indirect effects, although with lower magnitude. The direct impacts of
inefficiency determinants are all negative and significant in the short run, contribut-
ing to reduce the inefficiency levels of both groups, with the exception of the social
sustainability factor. Focusing on indirect effects, instantaneous positive spillovers
from the sustainability determinants of neighbouring regions tend to vanish in the
long run for the core sector, while those for CCI shift to competition effects.

Considering the distribution and time trend of the technical efficiency scores
by group, we observe a remarkable difference in the efficiency degrees of the two
groups, with the core group reaching lower efficiency levels (0.87 on average, with
a downturn during 2020), and the CCI excellent results (0.95, stable over time).
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Table 1 Marginal effects of inputs (upper panels) and inefficiency determinants (lower panels).

Core cultural CCI
Direct Indirect Direct Indirect

Short Lcore 0.33 ∗∗∗ 0.13 ∗∗ 0.63 ∗∗∗ 0.04 ∗∗∗
LCCI -0.01 -0.00 0.29 ∗∗∗ 0.11 ∗
Kcore 0.13 ∗∗∗ 0.05 ∗∗∗ 0.32 ∗∗∗ 0.02 ∗∗∗
KCCI 0.01 0.00 0.40 ∗∗∗ 0.15 ∗∗∗

Long Lcore 0.10 ∗∗∗ -0.06 ∗∗∗ 0.11 ∗∗∗ -0.03 ∗∗∗
LCCI -0.00 0.00 0.09 ∗∗∗ -0.05 ∗∗∗
Kcore 0.04 ∗∗ -0.02 0.06 ∗∗∗ -0.02 ∗∗∗
KCCI 0.00 -0.00 0.12 ∗∗∗ -0.07 ∗∗∗

Short Eco -0.07 ∗∗ -0.03 ** -0.12 ∗∗∗ -0.01 ∗∗∗
Envir -0.09 ∗∗ -0.03 ∗∗ -0.16 ∗∗∗ -0.01 ∗∗∗
Social -0.01 -0.00 -0.04 -0.00

Long Eco -0.02 ∗∗ 0.01 -0.02 ∗∗∗ 0.01 ∗∗
Envir -0.02 ∗∗ 0.02 -0.03 ∗∗∗ 0.01 ∗∗∗
Social -0.00 0.00 -0.01 0.00

Note: ∗:p-value≤0.10;∗∗:p-value≤0.05;∗∗∗:p-value≤0.01

5 Conclusion

We proposed a multi-output spatial SF with dependent errors and inefficiency deter-
minants for modelling the regional production of Italian core cultural and CCI in-
dustries and their inefficiency mechanisms. Results depict significant cross-sectoral
input effects (especially from core to CCI), and the key role of economic and envi-
ronmental sustainability factors on the efficiency level of both sectors.
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Catastrophic Health Expenditure: heterogeneity
among Regions and citizenship

Maria Rosaria Ferrante, Lorenzo Mori and Silvia Pacei

Abstract We analyze Catastrophic Health Expenditure (CHE) across Italian re-
gions, distinguishing between Italians and foreigners. CHE serves as an indicator of
a household’s capacity to manage healthcare costs without financial hardship. De-
spite free public healthcare, long wait times frequently drive individuals to opt for
private services, thereby increasing the risk of CHE. Our findings, based on a Beta
zero-inflated SAE-GAMLSS model, reveal substantial disparities between Italians
and foreigners, underscoring a paradox in Italy’s universally accessible healthcare
system.

Key words: Health Budget Share, GAMLSS, Out-of-Pocket Payments

1 Introduction

Healthcare systems often rely on household expenditure data to assess financial
challenges faced by different population groups. One critical metric is Catastrophic
Health Expenditure (CHE), which focuses on households that must divert resources
from basic needs to cope with healthcare costs [1]. CHE is typically defined as
occurring when Out-of-Pocket (OOP) healthcare payments exceed a certain per-
centage of a household’s income or expenditure. This study focuses on estimating
CHE across Italian regions, differentiating between native Italians and foreign res-
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idents. Understanding patterns for sub-national domains is crucial for identifying
inequalities and informing targeted policy interventions in healthcare [2].

The Italian healthcare system, although universally accessible, has some critical
issues. Long wait times in public healthcare services often push households towards
private alternatives, increasing their financial burden and the likelihood of CHE [3].
Distinguishing CHE between Italians and foreigners provides insights into the in-
clusivity and effectiveness of the healthcare system, as foreign households may face
additional barriers due to socio-economic, monetary and and integration factors.

The estimation of the CHE at regional level using the Italian Household Budget
Survey (HBS, 2019) distinguishing between Italians and foreigners requires us to
use a Small Area Estimation (SAE) model given that direct estimates, obtained using
sample weights, are not reliable for the considered domains. The SAE model that we
adopt is based on the Generalized Additive Models for Location, Scale and Shape
(SAE-GAMLSS) and assume a zero-inflated beta distribution [4, 5]. The necessity
for a zero-inflated model is particularly relevant as a non-ignorable percentage of
sample units has a OOP health expenditures equal to 0.

This study’s findings offer valuable insights into the limitations and disparities
within Italy’s healthcare system, and may guide efforts to reduce inequities and
improve access for all population groups.

2 Estimating the CHE through SAE Models

In small area estimation, a finite population Ω with N units is distributed into J sub-
population Ω1, . . . ,ΩJ , called domains or areas of size N1, . . . ,NJ , where N = J

j=1 Nj.
We identify the target variable with Yi j for unit i = 1, . . . ,Nj in area j = 1 . . . ,J. The
units belonging to the sample part of the population are denoted by i ∈ s with an
observed target variable yi j for i = 1, . . . ,n j and j = 1, . . . ,J, where n j is the sample
size for the j-th area and n = J

j=1 n j. The units belonging to the non -sample part of
the population are denoted by i ∈ r. The target small area parameter is denoted by
Hj = ζY j where ζ · is a real measurable function and Y T

j = Y1 j, . . . ,Yi j, . . . ,YNj , j.
Given the aim to compute the mean of CHE for a given area j (CHE j), the

dependent variable Yi j is the household budget share for health expenditure, and ζ ·
is a function that computes the mean over a certain area of a transformation (ti j) of
Yi j,

CHE j =
1

Nj

Nj

i=1
ti j where ti j =

{
1 if Yi j ≥ z
0 otherwise

(1)

where z is a threshold to be defined. Given the impossibility of knowing Yi j and

the unreliability of the Direct estimator, an estimate of ĈHE j can be obtained using
a SAE model. This involves estimating a mixed model with area specific random
effects using yi j for i ∈ s and then predicting yi j for i ∈ r. For the generic area j the
CHE can be expressed as a weighted mean between the values of sampled units and
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non-sampled ones:

ĈHE j =
1

Nj

(
i∈s j

ti j
i∈r j

t̂i j
)
, (2)

where t̂i js are obtained based on the predicted values for the non-sampled units,
using the zero-inflated Beta model estimated from the observed values yi j. Those
values are obtained on the basis of the Monte-Carlo approximation defined for the
SAE-GAMLSS by [5]. We use a zero-inflated SAE-GAMLSS model to estimate the
CHE in the Italian Regions (J = 20) distinguishing between Italians and foreigners.

3 Catastrophic Health Expenditure: the Estimates

As previously mentioned, we consider data from the 2019 Italian HBS. Given the
definition of OOP, for coherence, we decide to discard from the sample those in-
dividuals who have health insurance. By using a Direct estimator foreigners have
a mean value of the Second-Order Coefficient of Variation (CV2, a version of the
classical CV that is not influenced by values near 0) about 38.0% while for Italians
the mean CV2 is near 7.1%. Therefore, for Italians the direct estimates are reli-
able while for foreigners there is the necessity for a SAE model. By using a Beta
zero-inflated SAE-GAMLSS we are able to reduce the mean CV2 to 16.9%.

Figure 1 shows the regional estimates of the CHE distinguishing between Italians
and foreigners. Within each group, differences among the 20 regions are present. We

can immediately observe that the estimated ĈHE is higher for Italians compared to

foreigners. In the northern regions, the ĈHE for foreigners is slightly higher than in

the southern regions, whereas for Italians, there is no significant difference in ĈHE
between the northern and southern regions.

Among foreigners only one Region, Lazio, have a CHE higher than 10.0%,
specifically 12.4%. Among Italians, no regions have a CHE smaller than 7.0%. Two
of the most interesting situations are in Lazio and Calabria. Those Regions share
similar situations in their health systems. As reported by the Italian Central Bank
(2018), These regions, along with Molise, suffer from financial problems and a lack
of efficiency in their health systems, which results in poor infrastructure, inadequate
services, and long waiting times for citizens [6]. As noted in the document of the
Italian Central Bank, when a Region has these types of problems, it is possible to
request special help from the central state, called ”Plans for Recovery in the Health-
care Sector.” In Calabria around 7.0% of foreigners and 15.0% of Italians face the
problem of CHE. In this case, the differences between the two groups are not neg-
ligible, and the high CHE is likely attributable to the healthcare issues faced by the
region [7]. On the other hand, Lazio has, as mentioned, a very high CHE for for-
eigners (approximately 12.0%) and for Italians (around 15.0%). In Lazio, similarly
to Calabria, the most probable reason for resorting to CHE is to bypass queues in
the public sector and obtain faster healthcare in the private sector.



132

Maria Rosaria Ferrante, Lorenzo Mori and Silvia Pacei

Foreigners Italians 

0 5 10 15 20

Fig. 1 Choropleth map of estimated regional CHE
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A decision-oriented approach to assess tourism
sustainability in Italian regions

Elisa Fusco and Alessandro Magrini

Abstract We propose a two-step methodology to assess tourism sustainability in
Italian regions. First, the Multi-Directional Benefit of Doubt model evaluates each
region’s potential for improvement in economic, social, and environmental dimen-
sions. Second, the Directional Benefit of Doubt model incorporates the priorities
of decision-makers, allowing comparisons between strategy scenarios. Unlike tradi-
tional approaches, our method: (i) derives region-specific preferences directly from
the data, (ii) facilitates scenario-based assessments aligned with policy objectives,
and (iii) uses longitudinal data to analyze both levels and trends of sustainability.

Key words: benefit of doubt, composite indicators, sustainable tourism

1 Introduction

Nowadays, tourism is an important driver of the economic development of ter-
ritories, but its sustainability requires the implementation of effective policies to
preserve natural resources and communities. For this reason, the measurement of
tourism sustainability represents an essential support for decision-makers. Unfortu-
nately, in the current literature, there are no shared agreements regarding its defini-
tion and measurement. Certainly, academic research has by now moved beyond the
purely environmental perspective in favor of a holistic view, which also includes the
economic and the social dimensions (see [1] for a review). The complexity of mea-
suring tourism sustainability lies in the need for multiple indicators, whose relevance
depends on the territorial scale. The local level allows for customized indicators and
subjective data collection but struggles with objective data availability. Regional as-
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sessments, while less precise due to territorial differences, offer more accessible data
and greater usability for policy decisions, as national policies rely on regional data.
This study evaluates tourism sustainability in Italy at the regional level, chosen for
its suitability for longitudinal analysis. Italy’s tourism sector, contributing over 6%
to GDP, underscores the study’s relevance. A Web of Science search found only four
related studies in the past 15 years. All these studies have two common limitations:
they assume compensability or even uniform weighting and rely on cross-sectional
data. Therefore, they can neither reflect policy priorities nor assess the evolution of
sustainability over time. To overcome these limitations, we consider a reasonably
long temporal span, and apply a two-step methodology combining two Benefit of
Doubt (BoD) models: the Multi-Directional BoD to assess each region’s potential
for improvement in the three dimensions of sustainability, and the directional BoD
to incorporate the priorities of decision-makers.

2 Data and methodology

Data collection relied on the database of the Italian Statistical Office (ISTAT), with
the objective of selecting the maximum number of indicators at the regional level
that cover a reasonably long time span and all the three dimensions of sustain-
ability: economic (ECO), social (SOC), and environmental (ENV). We obtained a
dataset consisting of 14 indicators with yearly measurement in the period 2010-
2019.1 To assess tourism sustainability in Italian regions, a two-step methodol-
ogy is proposed. This procedure combines two extensions of the BoD, introducing
non-compensability by defining a preference structure among indicators. It allows
decision-makers to explore expert-based scenarios while considering each region’s
efforts to reach specific empirical benchmarks. In particular, the first step involves
assessing the potential improvements of each region within the economic, social,
and environmental dimensions relative to an empirical benchmark, using the Multi-
Directional BoD (MD-BoD - [2]) model. This method establishes a specific pref-
erence structure for elementary indicators based on the efforts required to achieve
the benchmark for each indicator. The benchmark is set by proportionally adjusting
each indicator to maximize potential improvement, following the principle of using
the "most favourable weighting scheme in the desirable direction" ([2]). Therefore,

1 Economic dimension: average length of stay in accommodation establishments (ECO1), gross
domestic product at market prices per inhabitant (ECO2), added value of accommodation and
catering services (ECO3), area of Community Importance Sites as a percentage of the regional
area (ECO4). Social dimension: beds in residential social welfare and social health facilities per
10,000 inhabitants (SOC1), percentage of workers, pupils, and students aged 3 and over habitually
using the train to commute to work, kindergarten, or school (SOC2), overnight stays in tourist
accommodation per inhabitant (SOC3). Environmental dimension: robberies per 1,000 inhabitants
(ENV1), perceived presence of degradation elements as a percentage of the living area (ENV2),
perceived risk of crime (ENV3), PM2.5 concentration (ENV4), municipal waste per inhabitant
(ENV5), percentage of electricity produced from renewable sources (ENV6), density of Special
Protection Areas (ENV7). To account for negative polarities, we took the complement to 100 for
ENV2, ENV3, and ENV4, and the reciprocal for SOC3, ENV1, and ENV5.
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it provides not only an overall score but also individual scores for each indicator.
This facilitates the identification of strong and weak dimensions for each unit, en-
abling the design of tailored improvement plans. In the second step, the decision
maker’s priorities concerning the dimensions considered in the final evaluation are
integrated using the Directional Benefit of Doubt (D-BoD - [3]) model. This ap-
proach introduces a subjective prioritization strategy, enabling the comparison of
multiple scenarios by aligning the evaluation process with the specific goals and
strategic preferences of decision-makers.

3 Results

This section presents the key results of our study. In the first step, the overall score
for the ECO, SOC, and ENV dimensions, along with those of the related elementary
indicators, are calculated using MD-BoD. As an example, Figure 1 reports indicator-
specific scores in 2019 for three regions: Umbria, Abruzzo, and Trentino-South Ty-
rol. Umbria is performing below the average for most economic and social indica-
tors. This means that economic and social aspects of tourism sustainability should
be a priority for the region, even if achieving the benchmark would require investing
a substantial effort in a large number of indicators. Different considerations can be
made for Abruzzo and Trentino-South Tyrol, as they are fully efficient in several
areas. Consequently, to enhance their overall performance, these regions should aim
at improving the areas where they are less efficient.

Fig. 1 MD-BoD scores for three regions in 2019. The average across all regions is shown in red

In the second step, two scenarios of interest for decision makers are compared:
(a) the economic dimension has a strategic role in improving tourism sustainability
while the other two are equally important; (b) the environmental dimension is the
most relevant strategically, and the other two are equally important. Figure 2 shows
the average score and the average annual change by region in the two scenarios.
The main differences between the two scenarios can be seen in Apulia, Campania,
Tuscany, and Veneto: when the environmental dimension is the priority for decision-
makers, the average score of these regions drops significantly. This suggests that
these regions may face greater challenges in improving their overall performance



148

Elisa Fusco and Alessandro Magrini

when environmental sustainability becomes a priority. The situation is reversed for
Calabria and Abruzzo.
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Fig. 2 Sustainability of regions by scenario. Dotted lines indicate quartiles

4 Concluding remarks

With this contribution, we have proposed an innovative approach to assess tourism
sustainability in Italian regions. Our proposal has three main strengths: (i) it cov-
ers a 10-year period, allowing us to assess both levels and trends of sustainabil-
ity, (ii) it considers the economic, social, and environmental dimensions, and (iii)
its weighting scheme reflects policy priorities without relying merely on subjective
opinions. The first limitation of our study is the small number of indicators, which
is due to difficulties in collecting comprehensive data across multiple indicators
and time points. A second limitation is represented by the low geographical detail,
which could be deepened by considering provinces as units of observation, instead
of regions. However, focusing on provinces could lead to an even lower number
of indicators measured over fewer years. Future work could extend the analysis to
recent years, making it possible to also assess the impact of COVID-19 on tourism
sustainability.
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Spatial Dependence in the Dynamics of the 2020
Presidential Election Polls Trackers

Giampiero M. Gallo, Demetrio Lacava and Edoardo Otranto

Abstract This study investigates the spatial and political contagion dynamics in-
fluencing candidate polls for US swing states during the 2020 presidential election.
By suggesting a Markov Switching Spatial-Temporal AutoRegressive model (MS-
STAR), we achieve evidence of significant interdependence and regime-specific im-
pact of spatial components, particularly in states with uncertain electoral outcomes.
The model highlights the role of neighboring states during periods of greater politi-
cal uncertainty.

Key words: Markov Switching, Political contagion, Presidential polls, Space-Time
Autoregressive Model, Swing states

1 Introduction

The analysis of the US presidential election polling provides a valuable example
of how political opinions may diffuse geographically. It reflects not only each can-
didate’s popularity but also the sociopolitical dynamics across neighboring states,
supposedly sharing similar values. Analyzing political contagion can thus offer key
insights into the role of spatial interactions in shaping public opinion (see [2] for a
survey on the economic determinants of the US presidential approval ratings).

In this paper, we explore the interdependence of presidential general election
polling across US states through two dimensions: i) the political spillover, defined
as how presidential polls in a given state are influenced by lagged results in other
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states identified by a selection algorithm, regardless of geographic proximity; and
ii) a spatial component with contemporaneous contagion (with equal weights) from
neighboring states.

To that end, we suggest a new Markov Switching Spatial-Temporal Autoregres-
sive model (MS-STAR) on a dataset of presidential general election polling series
recorded on the 13 swing states1 in the 2020 presidential election campaign. The
analysis shows that the model effectively captures a stronger spatial effect in the sec-
ond regime, corresponding to higher political uncertainty, where presidential polls
is more sensitive to exogenous factors and influences from neighboring states.

The rest of the paper is structured as follow: Section 2 presents the main features
of the proposed model; the empirical application is discussed in Section 3; finally,
Section 4 concludes the paper with some remarks.

2 The model

Our Markov Switching Spatial-Temporal Autoregressive (MS-STAR) model ex-
tends the class of Space-time Autoregressive models ([1]) with a regime-specific
spatial parameter. It specifies the presidential polling for state i at time t, yi,t as an
autoregressive function augmented by two terms: the spillover is w�

i,sxt−1, that is a
linear combination of all the other states’ presidential polls at time t − 1 weighted
by suitable weights wi,s; the contagion is a linear spatial combination (with a regime
switching parameter, γst ) of all the other states’ presidential polls at time t weighted
by a weight 1/ki, where ki is the number of neighboring states to state i. In detail:

yi,t = ω +φyi,t−1 +β (w�
i,sxt−1)+ γst (w

�
i,cxt)+ εi,t εi,t ∼ N(0,σ2

st ). (1)

The variable representing the regime at time t, st = 1,2, follows a first order Markov
chain via Pr(st = j|st−1 = h,st−2 . . .) = Pr(st = j|st−1 = h) = ph j. The model is
estimated via Maximum-Likelihood with |φ |< 1 for stationarity. The error term εi,t
has a regime-specific variance σ2

st .
A novel recursive algorithm exploits significant partial correlations to select the

most relevant states for yi; the weights wi,s are the squared loadings of the first
Principal Component when the states’ lagged polls are selected, and zero otherwise.

3 The Application to the 2020 Presidential Elections

The empirical analysis is based on presidential general election taking yi,t to be
the polling data in favor of Biden, covering the period from February to November

1 These are states where no candidate had a predominant support in 2020: Arizona-AZ, Florida-FL,
Georgia-GA, Iowa-IA, Michigan-MI, Minnesota-MN, Nevada-NV, New Hampshire-NH, North
Carolina-NC, Ohio-OH, Pennsylvania-PA, Texas-TX and, Wisconsin-WI.
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Table 1 Estimation results ([3] robust standard errors in parenthesis) for the swing states. Sample
period February - November 2020.

AZ FL GA IA MI MN NV NH NC OH PA TX WI

ω 0.007 -0.003 -0.003 0.000 -0.001 -0.008 0.001 0.003 -0.002 0.005 0.003 -0.001 0.002
(0.008) (0.008) (0.005) (0.008) (0.009) (0.010) (0.005) (0.010) (0.006) (0.008) (0.006) (0.001) (0.008)

φ 0.126 0.322 0.255 0.296 0.164 0.526 0.070 0.296 0.284 0.325 0.284 0.004 0.224
(0.051) (0.060) (0.062) (0.062) (0.072) (0.058) (0.039) (0.085) (0.054) (0.067) (0.051) (0.015) (0.057)

β -0.022 0.018 -0.119 0.003 0.096 -0.048 -0.067 -0.000 0.008 0.037 -0.004 0.003 -0.005
(0.028) (0.028) (0.050) (0.020) (0.041) (0.035) (0.037) (0.045) (0.024) (0.025) (0.040) (0.007) (0.030)

γ1 0.653 0.566 0.706 0.392 1.396 -0.006 1.123 -0.025 0.604 -0.247 0.688 1.019 0.429
(0.049) (0.064) (0.043) (0.052) (0.366) (0.062) (0.036) (0.059) (0.045) (0.097) (0.047) (0.012) (0.059)

γ2 0.093 1.316 0.639 0.968 0.110 0.375 0.309 -0.432 1.417 0.312 -0.005 0.507 1.231
(0.272) (0.409) (0.219) (1.121) (0.115) (0.824) (0.081) (1.245) (0.253) (0.452) (0.355) (0.084) (0.256)

p11 0.881 0.858 0.922 0.965 0.714 0.904 0.916 0.963 0.900 0.893 0.897 0.895 0.920
(0.001) (0.001) (0.000) (0.001) (0.014) (0.001) (0.000) (0.002) (0.000) (0.001) (0.001) (0.000) (0.001)

p21 0.173 0.251 0.129 0.284 0.148 0.245 0.075 0.382 0.133 0.293 0.179 0.089 0.146
(0.012) (0.010) (0.005) (0.052) (0.001) (0.048) (0.003) (0.120) (0.009) (0.023) (0.014) (0.002) (0.016)

σ2
1 0.005 0.005 0.002 0.008 0.049 0.009 0.001 0.012 0.003 0.007 0.004 0.000 0.006

(0.005) (0.005) (0.002) (0.008) (0.049) (0.009) (0.001) (0.012) (0.003) (0.007) (0.004) (0.000) (0.006)

σ2
2 0.063 0.045 0.028 0.121 0.007 0.277 0.033 0.119 0.058 0.076 0.084 0.018 0.060

(0.063) (0.045) (0.028) (0.121) (0.007) (0.277) (0.033) (0.119) (0.058) (0.076) (0.084) (0.018) (0.060)

2020.2 To ensure stationarity, the MS-STAR model is estimated on transformed
data, obtained by removing a weekly moving average from the original series.

Estimation results are reported in Table 1. Given that σ̂2
1 < σ̂2

2 , we interpret the
second regime (with an average duration, 1

(1−p22)
, approximately 6 days) as the pe-

riod when Biden’s support met greater instability: γ̂2 is significant in 6 out of 13
cases, pointing out to a regime-specific impact of the spatial component. Specif-
ically, in states where the election outcome was more uncertain, γ̂1 < γ̂2 and the
Biden’s consensus in state i is more sensitive to the neighboring states’ consensus.
This is the case of FL (where Biden won 12 out of 27 districts), NC (5 out of 13)
and WI (2 out of 6). Notably, GA and TX – traditionally considered Republican
strongholds – show significantly higher spatial influence in regime 1.

Figure 1 shows the evolution of periods when the process is in regime 1 (thick
solid black line) and the Political events (blue vertical lines). In the figure, each
row represents a state, allowing for the observation of differences in how events and
regimes are distributed over time. For example, on August 20, when the Democratic
National Convention ended, regime 1 (stability) was observed in 10 out of 13 states.
AZ and MI show more instability (regime 2, absence of lines), indicating a higher
sensitivity to events. In contrast, influential states like FL, PA, and TX balance sta-
ble periods with unstable ones, but with a higher frequency of stability. Political
events (blue vertical lines) are concentrated in stable periods; however, in most of
the states they are associated to the regime switching, suggesting that key events
have an impact on political preferences even during times of relative calm.

2 Data are available at https://projects.fivethirtyeight.com/polls/approval/.
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Fig. 1 Regime 1 periods (thick solid black line) and political events (blue vertical lines). Sample
period February-November 2020.

4 Conclusion

We propose a new Markov Switching Spatial-Temporal Autoregressive (MS-STAR)
model to evaluate political spillover and spatial contagion effects for US swing states
in the 2020 presidential election. The findings support a critical role of spatial in-
teractions in shaping presidential candidates’ preferences, especially during volatile
periods. The model effectively captures regime-specific sensitivities, offering valu-
able insights for political strategists and analysts into how candidate poll ratings
propagate across states.
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Inner Areas in Lombardy: An Analysis of
Vulnerability

Chiara Gigliarano, Annamaria Bianchi, Sara Maiorino and Rashad Mammadli

Abstract This study examines socio-economic vulnerability in the inner areas of
Lombardy, Italy, using data from the MYPEOPLE project. Adopting a multidimen-
sional approach with small area estimation techniques, the research explores six-
teen indicators across four domains and compares the results between inner and
non-inner areas of Lombardy. Findings show that while poverty levels are similar in
both areas, inner areas face greater financial vulnerability, particularly in managing
unexpected expenses. However, health and leisure indicators generally show better
outcomes in inner areas. Internet connectivity remains a significant challenge, but
overall, disparities in access to service are less pronounced than expected.

Key words: inner areas, vulnerability, small area estimation, Fay-Herriot models

1 Introduction

The inner areas of Lombardy, as defined by the National Strategy for Inner Ar-
eas (SNAI), are characterized by significant distances from major centers offering
essential services such as healthcare, education, and mobility. Despite these chal-
lenges, they possess rich environmental and cultural resources. In Lombardy, 488
municipalities with more than 1.16 million population fall under this framework.
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A related concept is that of inner peripheries, referring to vulnerable rural areas in
Europe that face challenges such as depopulation, limited economic potential, and
weak territorial cohesion [2]. According to De Toni et al. [1], these inner periph-
eries are shaped by connectivity gaps, whether geographic, economic, or relational.
Defining marginality solely by geographic distance has its limitations. Studies like
those by Vendemmia et al. [6] show that while remoteness often correlates with
lower income, education, and population decline, it does not fully explain socio-
economic fragility. Some peripheral areas exhibit better socio-economic situation
than more central ones, emphasizing the need for a more nuanced approach.

This study contributes to this discourse by analyzing socio-economic vulnera-
bility from a multidimensional perspective in the inner areas of Lombardy, Italy. It
examines economic and material conditions, as well as access to services such as
healthcare, transportation, and internet.

2 Materials and Methods

The data for this study is drawn from probability-based sample surveys conducted
in 2024 as part of the MYPEOPLE project [5], focusing on the impact of recent
crises on household living conditions. Using a multidimensional approach, the study
analyzes vulnerability in Lombardy’s inner areas and compares them with non-inner
areas. Sixteen elementary indicators across four domains are identified (Table 1).

Table 1 Domains, elementary indicators and deprivation cut-offs

Domain Elementary Indicator A household is deprived if (deprivation cut-off):

Income Deprivation Its annual equivalent disposable income is less than C12,841.84 (60% of median
income in the sample).

Financial Difficulty It can’t afford to make ends meet.
Inability to Cover Unexpected Expenses It is unable to cover unexpected expenses of C3,000.
Bill Payment Difficulty It has had difficulties to pay household bills over the past 12 months.

Financial
Well-being

Medical Expense Payment Difficulty It has had difficulties to pay medical bills within the past 12 months.
Foregone Health Visits Any family member has foregone health service visits in the past 12 months due

to high cost.
Food Consumption Reduction It has reduced food consumption at least a couple of times in the past 12 months

due to economic difficulties.
Health

Healthy Diet Reduction It has had to forgo a healthy and varied diet over the past 12 months because of
economic difficulties.

Vacation Affordability Difficulty It has been unable to afford a vacation of at least one week in the past 12 months.
Cultural Activity Participation Difficulty It has been unable to attend cultural activities at least twice a month in the past

12 months.

Leisure and
Social Par-
ticipation

Eating Out Difficulty It has been unable to eat out at least twice a month in the past 12 months.
Access to Services: Healthcare It has difficulties in reaching emergency rooms, hospitals, or other National

Health Service facilities.
Access to Services: Pharmacy It has difficulties in reaching pharmacies.
Access to Services: Culture & Sport It has difficulties in reaching places for recreational, cultural, or sporting activi-

ties.
Access to Services: Transport It has difficulties in reaching public transportation.

Access to
Services

Access to Services: Internet It has difficulties or problems in accessing the internet.

The survey has not designed to yield precise estimates for inner areas, as reli-
able direct estimates require larger sample sizes or oversampling. To address this
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limitation, small area estimation (SAE) techniques are applied, allowing for precise
estimates in small domains with limited or even zero sample sizes. Given that aux-
iliary data is available only at the area level rather than the unit level, this study
applies the area-level SAE models introduced by Fay and Herriot [3] (FH models).

3 Results

FH model-based estimates show a significant improvement in efficiency compared
to direct estimates, with nearly all coefficients of variation below 33.3%. Figure 3
illustrates various deprivation indicators estimated using the FH models for inner
areas in Lombardy, compared to direct estimates for both inner and non-inner areas.

Regarding the financial well-being domain, some inner areas experience higher
income deprivation and financial difficulties than the inner-area average, while non-
inner areas show slightly lower deprivation in income but higher deprivation in fi-
nancial difficulties. Inner areas struggle more with covering unexpected expenses,
whereas non-inner areas are more resilient. In contrast, non-inner areas face greater
challenges with bill payments and medical expenses, likely due to higher living
costs in central areas.
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Fig. 1 Deprivation in the inner areas of Lombardy
IA1: Alto Lago di Como e Valli del Lario, IA2: Appennino Lombardo – Alto Oltrepò Pavese, IA3: Laghi Bergamaschi
e Sebino Bresciano, IA4: Lario Intelvese e Valli Lario Ceresio, IA5: Lario Orientale – Valle S.Martino e Val, IA6:
Lomellina, IA7: Oltrepò Mantovano, IA8: Piambello e Valli del Verbano, IA9: Valcamonica, IA10: Valchiavenna, IA11:
Valle Brembana e Valtellina di Morbegno, IA12: Valle Seriana e Val di Scalve, IA13: Valsabbia Alto Garda, IA14:
Valtrompia, IAs: All Inner Areas (direct), NIA: Non-inner Areas (direct)
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In the health domain, inner areas show consistently lower levels of deprivation
for all three indicators including foregone health visits, food consumption reduc-
tion, and healthy diet reduction, suggesting better health outcomes. In leisure and
social participation, deprivation in activities like cultural participation and eating
out is 2-3 times higher in non-inner areas. Regarding access to services, inner areas
face challenges in healthcare and transport, with deprivation rates comparable to
those in non-inner areas. Contrary to expectations, access to pharmacies, as well as
recreational, cultural, and sports facilities, is not significantly constrained in inner
areas. However, internet connectivity remains a major issue in many inner areas,
with deprivation in this indicator considerably higher compared to non-inner areas.

4 Conclusion

The findings of this study reveal both expected and nuanced patterns of socio-
economic vulnerability across Lombardy. In inner areas, the poverty rate is similar
to that in non-inner areas; however, residents face greater difficulty managing unex-
pected expenses. Conversely, challenges related to making ends meet and specific
expenses are less pronounced in inner areas. Access to services, including health-
care, transport, and cultural facilities, is generally equal across both inner and non-
inner areas, although internet access remains more problematic in inner areas.

These patterns may be influenced by factors such as the different family compo-
sitions across areas, with fewer couples with children in inner areas; a lower cost of
living in inner areas compared to metropolitan regions; and subjective perceptions
of service accessibility that may differ from objective measures.
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Forecasting Italian daily electricity generation
disaggregated by geographical zones and energy
sources using coherent forecast combination

Daniele Girolimetto and Tommaso Di Fonzo

Abstract A novel approach is applied for improving forecast accuracy and achiev-
ing coherence in forecasting the Italian daily energy generation time series. In hier-
archical frameworks such as national energy generation disaggregated by geograph-
ical zones and energy sources, independently generated base forecasts often result
in inconsistencies across the constraints. We deal with this issue through a coher-
ent balanced multi-task forecast combination approach, which combines unbiased
forecasts from multiple experts while ensuring coherence. Applied to the daily Ital-
ian electricity generation data, our method shows superior accuracy compared to
single-task base and combined forecasts, and a state-of-the-art single-expert recon-
ciliation technique, demonstrating to be an effective approach to forecasting linearly
constrained multiple time series.

Key words: Italian electricity generation, Linearly constrained multiple time se-
ries, Forecast combination, Forecast reconciliation

1 Introduction

Selecting an effective forecasting method among many options presents a complex
and resource-intensive challenge, as inherent uncertainties often prevent any method
from achieving the best accuracy across all scenarios. This complexity becomes
even more significant when dealing with multiple interrelated variables that must
satisfy linear constraints, as in National Accounts [6] and in hierarchical time se-
ries like electricity demand segmented by regions and sources [1]. Such settings
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require appropriate forecasting approaches ensuring coherence across interrelated
variables. Traditional univariate forecast combination methods [2, 3] focus on indi-
vidual time series. In contrast, global forecast combination methods leverage shared
information across multiple series to improve accuracy [9]. Similarly, forecast rec-
onciliation approaches search for coherence by adjusting forecasts to satisfy some a
priori constraints [10], with significant empirical advantages in various fields [1].

In this paper, we exploit a recently developed linear framework [5], that joins
single-variable forecast combination [2] and the least squares reconciliation proce-
dure to produce optimal (in the least squares sense) coherent forecasts. The remain-
der of the paper is structured as follows. Sect. 2 presents the optimal coherent fore-
cast combination procedure for incoherent base forecasts. Sect. 3 presents the main
findings of a forecasting experiment on 76 daily time series of the Italian electricity
generation disaggregated by geographical zones and energy sources.

2 Optimal coherent multi-task forecast combination

Let y = [𝑦𝑦1 . . . 𝑦𝑦𝑖𝑖 . . . 𝑦𝑦𝑛𝑛]� ∈ R𝑛𝑛 represent the target forecast vector for a linearly
constrained time series Y𝑡𝑡 , such that CY𝑡𝑡 = 0(𝑛𝑛𝑢𝑢×1), where C ∈ R𝑛𝑛𝑢𝑢×𝑛𝑛 is a prede-
fined matrix describing the (homogeneous) linear constraints valid for the single
component series of Y𝑡𝑡 , i.e., Cy = 0(𝑛𝑛𝑢𝑢×1). We assume that 𝑝𝑝 ≥ 2 experts indepen-
dently produced a base forecast for every one of the 𝑛𝑛 individual components of y,
yielding 𝑚𝑚 = 𝑛𝑛𝑛𝑛 base forecasts overall1.

Denote 𝑦̂𝑦 𝑗𝑗
𝑖𝑖 the unbiased base forecast of the 𝑖𝑖-th individual variable of y pro-

duced by the 𝑗𝑗-th expert, and let 𝜀𝜀
𝑗𝑗
𝑖𝑖 = 𝑦̂𝑦 𝑗𝑗

𝑖𝑖 − 𝑦𝑦𝑖𝑖 the zero-mean base forecast er-

ror. Let ŷ𝑗𝑗 ∈ R𝑛𝑛𝑗𝑗 , 𝑗𝑗 = 1, . . . , 𝑝𝑝, be the vector of base forecasts produced by the
𝑗𝑗-th expert, with error given by 𝜺𝜺𝑗𝑗 = ŷ𝑗𝑗 − y, ŷ = vec

[̂
y1 . . . ŷ𝑗𝑗 . . . ŷ𝑝𝑝 ] ∈ R𝑚𝑚 , and

𝜺𝜺= vec
[
𝜺𝜺1 . . . 𝜺𝜺 𝑗𝑗 . . . 𝜺𝜺𝑝𝑝

] ∈R𝑚𝑚 . The linear relationship linking all the available base
forecasts ŷ and the unknown target forecast vector y can be expressed through the
multiple regression model ŷ = Ky + 𝜺𝜺, where K =

(
1𝑝𝑝 ⊗ I𝑛𝑛

)
, 𝐸𝐸(𝜺𝜺) = 0(𝑛𝑛𝑛𝑛×1) and

W = 𝐸𝐸(𝜺𝜺𝜺𝜺�) ∈ R𝑚𝑚×𝑚𝑚 is a p.d. matrix.
We are looking for a coherent forecast vector ỹ𝑐𝑐 , i.e., Cỹ𝑐𝑐 = 0(𝑛𝑛𝑢𝑢×1), which ex-

ploits all the available base forecasts and improves their accuracy. Forecast combi-
nation and reconciliation can be simultaneously dealt with through an optimization-
based technique that combines multiple individual experts’ base forecasts ŷ𝑗𝑗 :

ỹ𝑐𝑐 = argmin
y

(
ŷ−Ky

)�W−1 ( ŷ−Ky
)

s.t. Cy = 0(𝑛𝑛𝑢𝑢×1). (1)

By extending the well known least squares adjustment procedure for a single vector
of preliminary incoherent estimates (i.e., base forecasts) to the case of 𝑝𝑝 ≥ 2 vectors,

1 A complete discussion of the optimal coherent combination approach, including the extension to
the general case where the experts may produce base forecasts only for a subset of the totality of
variables, can be found in [5].
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the coherent combined forecast vector ỹ𝑐𝑐 can be expressed as ỹ𝑐𝑐 = M𝛀𝛀�ŷ, where

M =
[
I𝑛𝑛 −W𝑐𝑐C� (CW𝑐𝑐C�)−1 C

]
, 𝛀𝛀 = W−1KW𝑐𝑐 , and W𝑐𝑐 =

(
K�W−1K

)−1 (see
[5] for details). It is worth noting that this result is obtained under the commonly as-
sumed hypotheses that the base forecasts are unbiased, and that the joint dispersion
matrix of the 𝑝𝑝 forecast experts is known.

3 Forecasting Italian daily electricity generation

We consider a forecasting experiment for 76 Italian daily electricity generation time
series (01/01/2023-31/12/2023) from the ENTSO-E Platform. The market follows
a grouped structure: a generation sources hierarchy with renewable (Biomass, Hy-
dro, Solar, Wind, Geothermal) and non-renewable (Fossil, Waste) categories, and a
geographic hierarchy with 7 bidding zones.

In order to assess the forecast accuracy of the various approaches, we perform a
rolling forecast experiment with an expanding window (01/01/2023− 21/5/2023
first training set). One- to seven-step-ahead forecasts were generated leading to 𝑄𝑄1 =
225 one-, ..., and 𝑄𝑄7 = 119 seven-step-ahead daily forecasts for evaluation. Each
series was independently modeled using three different approaches [7]: stlf, arima,
tbats. Moreover, we consider the following eleven forecasting procedures:

1. Single best model and its reconciled counterpart: two approaches. For the best
base forecast expert (tbats), the reconciled forecasts are obtained through the
shrunk MinT approach by [10] (tbatsshr).

2. Single-task combination: three approaches. Equal weights (ew) and the optimal
weighting schemes proposed by [2] and [8], called respectively owvar and owcov.

3. Coherent combination: six approaches. A sequential reconciliation-then-equal-
weight-combination (src), three sequential combination-then-reconciliation (screw,
scrvar, scrcov), and finally two optimal coherent combination approach, occwlsv
and occbe, with diagonal and block-diagonal shrunk in-sample covariance ma-
trix, respectively (see [5] for details).

The forecast accuracy is evaluated in Table 1 using the Average Relative Mean
Absolute (𝐴𝐴𝐴𝐴-𝑀𝑀𝑀𝑀𝑀𝑀) and Squared (𝐴𝐴𝐴𝐴-𝑀𝑀𝑀𝑀𝑀𝑀) Error [4] computed as, respec-

tively, 𝐴𝐴𝐴𝐴-𝑀𝑀𝑀𝑀𝑀𝑀𝑎𝑎𝑎𝑎𝑎𝑎
ℎ =

(
76∏
𝑖𝑖=1

𝑀𝑀𝑀𝑀𝑀𝑀𝑎𝑎𝑎𝑎𝑎𝑎
ℎ,𝑖𝑖

𝑀𝑀𝑀𝑀𝑀𝑀ew
ℎ,𝑖𝑖

) 1
76

and 𝐴𝐴𝐴𝐴-𝑀𝑀𝑀𝑀𝑀𝑀𝑎𝑎𝑎𝑎𝑎𝑎
ℎ =

(
76∏
𝑖𝑖=1

𝑀𝑀𝑀𝑀𝑀𝑀𝑎𝑎𝑎𝑎𝑎𝑎
ℎ,𝑖𝑖

𝑀𝑀𝑀𝑀𝑀𝑀ew
ℎ,𝑖𝑖

) 1
76

, with

𝑀𝑀𝑀𝑀𝑀𝑀𝑎𝑎𝑎𝑎𝑎𝑎
ℎ,𝑖𝑖 = 1

𝑄𝑄ℎ

𝑄𝑄ℎ∑
𝑞𝑞=1

(
𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑦𝑦 𝑎𝑎𝑎𝑎𝑎𝑎

𝑖𝑖𝑖𝑖𝑖𝑖𝑖

)2 and 𝑀𝑀𝑀𝑀𝑀𝑀𝑎𝑎𝑎𝑎𝑎𝑎
ℎ,𝑖𝑖 = 1

𝑄𝑄ℎ

𝑄𝑄ℎ∑
𝑞𝑞=1

��𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑦𝑦 𝑎𝑎𝑎𝑎𝑎𝑎
𝑖𝑖𝑖𝑖𝑖𝑖𝑖

��, where ℎ =

1, ...,7 is the forecast horizon, 𝑖𝑖 = 1, ...,76 denotes the variable, 𝑄𝑄ℎ is the test set
dimension, 𝑎𝑎𝑎𝑎𝑎𝑎 is the approach used, 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is the observed value and 𝑦𝑦 𝑎𝑎𝑎𝑎𝑎𝑎

𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is the
forecast value using the 𝑎𝑎𝑎𝑎𝑎𝑎 approach (coherent or incoherent). The equal weights
(ew) single-task combination is used as benchmark.

Looking at Table 1, single-task combination and single-expert reconciliation
strategies consistently improve forecasting accuracy compared to the three base
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Table 1 𝐴𝐴𝐴𝐴-𝑀𝑀𝑀𝑀𝑀𝑀 and 𝐴𝐴𝐴𝐴-𝑀𝑀𝑀𝑀𝑀𝑀 with equal weights combination approach (ew) as benchmark.

AR-MAE AR-MSE
Approach 1 2 3 5 7 1:7 1 2 3 5 7 1:7

Base (incoherent forecasts) and single model reconciliation
tbats 1.038 1.042 1.041 1.034 1.031 1.036 1.072 1.078 1.073 1.056 1.041 1.059
tbatsshr 1.008 1.009 1.018 1.016 1.017 1.014 1.004 1.005 1.029 1.022 1.018 1.018
Combination (incoherent forecasts)
ew 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
owvar 0.988 0.987 0.991 0.994 0.996 0.992 0.978 0.978 0.986 0.991 0.997 0.989
owcov 1.021 1.015 1.021 1.017 1.006 1.015 1.022 1.020 1.036 1.039 1.039 1.035
Coherent combination
src 0.980 0.982 0.987 0.992 0.995 0.989 0.959 0.962 0.977 0.985 0.994 0.981
screw 0.983 0.985 0.992 0.996 0.998 0.993 0.965 0.969 0.986 0.991 0.997 0.987
scrvar 0.974 0.978 0.986 0.993 0.995 0.988 0.950 0.958 0.977 0.989 0.998 0.982
scrcov 1.008 1.009 1.014 1.015 1.005 1.011 0.994 1.003 1.024 1.035 1.037 1.026
occwls 0.984 0.982 0.986 0.991 0.992 0.988 0.970 0.970 0.978 0.985 0.992 0.983
occbe 0.970 0.973 0.979 0.988 0.992 0.983 0.940 0.946 0.966 0.981 0.993 0.974

Bold entries identify the best performing approaches, italic entries identify the second best.

models. However, tbatsshr tends to perform less effectively when compared to the
more advanced single-task combination approaches. In contrast, coherent combina-
tion approaches consistently outperform all the other forecasting strategies.
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Economic complexity, technological innovation,
and co-location of activities

Annamaria Giuffrida, Alessio Bumbea, Giuseppe Espa and Andrea Mazzitelli

Abstract The study explores the relationship between Italian industrial districts and
technological innovation, employing the framework of economic complexity, a data-
driven approach rooted in complex systems and network theory. By analyzing Italian
patent data from 2020 to 2023, we focus on firms’ patent portfolios and innovative
capabilities within and outside industrial districts. The work provides new insights
into the dynamics of the geography of innovation in Italy, using the metrics of
Economic Fitness and Complexity (EFC) and Relatedness.

Key words: Economic Fitness and Complexity, Exogenous Fitness, Relatedness,
Industrial districts

1 Introduction

The study seeks to delve into technological innovation, through the patent activity
developed by companies. The performance of firms holding patent portfolios is as-
sessed using the Economic Fitness and Complexity (EFC) methodology [1]. Studies
such as that by Boix et al. [2], which compare the impact of innovation in indus-
trial districts in Spain and Italy, highlight how geographical location can influence
the intensity of patenting activity. Moreover, innovation involves continuous col-
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laboration and interaction between neighboring actors [3]. Relatedness, a key tool
within the Economic Complexity framework, measures the similarity between two
economic activities or between an activity and an economic actor [4]. We aim to
combine the Economic Fitness and Complexity (EFC) method with a Relatedness
metric to assess the different level of patent activities of firms located both inside and
outside industrial districts. Specifically, we investigate whether firms with similar
patents and close geographical locations are predominantly located within industrial
districts—where shared resources and economic activity promote innovation—or
whether they emerge as distinct innovation hubs outside these districts.

2 Data and methods

2.1 Data

The study focuses on the patent activities of Italian firms between 2020 and 2023,
using data from the Orbis Intellectual Property Database. The data was enhanced
by linking firms with the National Business Registry (ASIA) via their tax codes,
resulting in a sample of 98,817 patenting firms.

The dataset was refined to include only relevant IPC (International Patent Activity)
categories, leading to the identification of 6,144 firms (both inside and outside
industrial districts) associated with 441 IPC categories. We define the incidence
matrix 𝑀𝑀 to represent this relationship. Each element 𝑀𝑀𝑖𝑖 𝑖𝑖 in the matrix is defined
as:

𝑀𝑀𝑖𝑖 𝑖𝑖 =

{
1, if firm 𝑖𝑖 has filed at least one patent in IPC category 𝑗𝑗 𝑗

0, if firm 𝑖𝑖 has not filed any patent in IPC category 𝑗𝑗 𝑗

2.2 Complexity measures

The EFC approach evaluates a firm’s fitness and the complexity of IPCs using the
incidence matrix. Fitness measures a firm’s ability to engage in advanced techno-
logical activities, reflecting its innovative potential based on the sophistication and
diversity of its patent portfolio. On the other hand, the complexity of a patent is
determined by how specialized is the knowledge required to file it.

A challenge in the Economic Complexity (EC) literature is the difficulty of
analyzing systems across varying geographical scales. To tackle this problem, we
computed the Exogenous Fitness using the patents of all the firms, and computed
the complexity of all IPCs categories. We only considered the patents that appear at
least once within an industrial district. The concept of Exogenous Fitness involves
applying the Fitness-Complexity algorithm in a context with abundant information,
such as data from all Italian regions or provinces, to determine the complexity of
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patents. Hence the algorithm is then utilized to estimate the Fitness of geographical
areas in a different context, such as fine partition of the territory, namely industrial
districts, where data availability can be more limited [5].

2.3 Relatedness

To investigate the similarities between firms, namely the co-location of the activities,
we employ the concept of relatedness derived from the bipartite network linking
firms to their patents via IPC codes. Relatedness measure is based on the assumption
that firms specializing in a particular activity have developed a set of capabilities
that can facilitate diversification into activities that are closely related. Intuitively,
activities requiring similar inputs are positioned near each other in the network,
where proximity indicates a higher likelihood of transitioning from one activity to a
neighboring one [6].

3 Results

The results suggest that industrial districts play a key role in promoting innovation.
Firms within these areas show high levels of technological fitness due to the concen-
tration of resources and collaborative networks. However, we also see a promising
trend toward innovation by firms in functional urban areas, namely Labor Market
Areas (LMAs), mainly localized in highly specialized local urban systems, such as
Milan and Rome [7]. In these areas, firms show similar or even higher fitness levels
than firms located within the districts, showing encouraging signs of the development
of technologically advanced goods.

Fig. 1 shows the geographic distribution of firms, aggregated by municipality, and
the color gradient within each municipality represents the average fitness of the firms
located there. Fig. 2 illustrates the geographical distribution of industrial districts in
Italy, highlighting sectoral specialization.

4 Conclusion

Using patent data, in the future, we propose to test the hypothesis that co-localized
technologies are more likely to become correlated over time. Our approach involves
the use of spatial point processes methodology, which we apply to solve the problem
of spatial inhomogeneity also [8]. This approach allows us to explore the develop-
ment of spatial relatedness between technologies and their different complexities
by studying the co-location of technologically advanced firms. To this end, we will
analyze both spatial concentration and agglomeration of economic activities using K-
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Fig. 1 Average fitness score of firms Fig. 2 Industrial districts

Ripley and apply test functions of spatial independence and joint spatial distribution
[9].
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Leveraging Data Integration for Effective
Revenue Management

Andrea Guizzardi, Ercolino Ranieri and Federico Zardo

Abstract In this study, we seamlessly integrate micro-level data from both internal
and external sources to revolutionize last-minute occupancy forecasting across the
advance booking horizon. By utilizing a sophisticated beta regression framework
coupled with a robust variable selection methodology, we highlight the importance
of feature engineering raw data. This approach delivers actionable insights that drive
revenue optimization and elevate performance in the hospitality sector.

Key words: Hospitality sector, Occupancy forecasting, Advance bookings, Feature
engineering, Beta regression

1 Introduction

Forecasting demand in the hotel industry poses a significant challenge for revenue
managers due to irregular fluctuations driven by promotions, events, and environ-
mental changes, which affect sales processes. This study highlights the importance
of integrating Property Management Systems (PMS) with external sources of infor-
mation to increase the accuracy of occupancy prediction models. We acknowledge
that for many small and medium-sized hotels, system integration requires a mind-
set shift that is often difficult to implement due to limited financial, technical, and
human capital resources. However, this is a necessary change for effective pricing
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and resource allocation decisions, in light of the growing use of digital tools by
consumers in choosing their destination and accommodation [3].

By examining a medium-sized, four-star hotel in central Italy that offers two
specific room types—classic and superior—we demonstrate that reliable forecasts
can be achieved through accurate feature engineering of raw data using relatively
simple methods like beta regression, rather than complex statistical methodologies
that are harder to implement for many small and medium-sized hotels.

2 Data Description and Methodology

In this work, we suggest a feature engineering approach to the specification of a
new type of independent variables with the idea that this could significantly in-
fluence the accuracy in predicting the daily pick-up curve. We consider daily data
spanning from August the 12th 2022, marking the end of the COVID period, to
December the 3rd 2024. Our dependent variable (Ot,k) represents the proportion of
occupied rooms to the total available rooms on the arrival day t, with advance book-
ing k = 0. We forecast Ot,0 at two horizons, k = 5 and k = 10 days ahead, a critical
timeframe for decision-making due to high last-minute volatility [2]. As indepen-
dent variables, we consider a combination of micro- and macro-level data, provid-
ing a holistic perspective that accounts for both internal and external determinants
of tourism demand. Micro-level variables (Ot,k and pricing strategies Pt,k) capture
the temporal dynamics influenced by management choices, while macro-level data,
such as monthly domestic and inbound tourism demand at the destination, reflect
the destination’s market size.

Micro-level data are synthesized using averages and standard deviations, across
four predetermined booking intervals: [5,10), [10,19), [19,38), [38,345). This ag-
gregation approach is justified by the consistent dynamics observed between adja-
cent booking days. Notably, statistics from the [5,10) interval are excluded for the
10-day ahead forecasts. We also include average cancellation rates calculated over
longer intervals: [5,345) for the 5-day forecast and [10,345) for the 10-day forecast.

Borrowing common practices from financial markets, we perform feature en-
gineering proposing technical-analysis indicators. Moving averages are particu-
larly valuable for enhancing the revenue management practice of using the same
day’s performance from the previous year as a benchmark for current performance.
Specifically, we define the moving average as MA(yt) =

1
2k+1 ∑k

j=−k yt− j−365, where
k = 5 corresponds to a 10-day window. This formulation allows us to better cap-
ture seasonality in prices and occupancy rates by smoothing short-term fluctuations.
We also capture the variables ‘momentum’ with the following Stochastic-like and
MACD-like oscillators: Stoch(X) =

Xt,0−Xt,min
Xt,max−Xt,min

, MACD(Z) =
Z[a,b]
Z[a,c]

, where Xt,0 is
the most recently observed price or occupancy, Xt,min and Xt,max are the minimum
and the maximum observed values, respectively. Here, Z[i, j] may denote the mean
or the standard deviations of both (Ot,k or Pt,k) in the advance booking interval [i,j)
(e.g., [5,10)). These indicators are computed for both ‘classic’ and ‘complementary’
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room types. After this preprocessing phase, we obtained 47 and 52 explanatory vari-
ables for the forecasts at horizons k = 5 and k = 10, respectively.

In our Beta regression approach yt ∼Beta(μt ,φ),, μt ∈ (0,1) represents the mean
and φ > 0 denotes the precision. μt is linked to explanatory variables Xt via a logit
link function. μt =

exp(Xt β )
1+exp(Xt β ) .

Model parameters are estimated using maximum likelihood [1]. Significant vari-
ables are selected by fitting the model across 100 random partitions of the dataset
(80% training, 20% testing). For each partition, a stepwise selection procedure
guided by the AIC criterion identifies significant variables. The frequency of each
variable’s inclusion across the 100 regressions ranks their importance. For the fi-
nal model, the top 20 most important variables are selected, a choice that does not
significantly impact our results. Forecast accuracy is assessed using a distribution
representing the Mean Absolute Error (MAE) from 1000 random dataset partitions
(80% training, 20% testing), with occupancy rates converted back to the number of
rooms for interpretability.

3 Results and conclusion

We report aggregate results for both Classic (32 rooms) and Superior (25 rooms), to-
taling 57 rooms. The histograms below represent 1,000 MAEs associated with each
partition of the dataset. They clearly show that accuracy decreases as we move fur-
ther from the check-in date, influenced by late cancellations and last-minute book-
ings. Considering the high market volatility in the last minute, the performance ap-
pears satisfactory, with a maximum error of less than 5% of the available rooms for
the 10-day forecasts.

Fig. 1. MAE distributions: 5-day Forecast (left) - 10-day Forecast (right)

Table 1 provides a structural overview of the results, grouping the 20 variables
that are most frequently significant in the 1,000 estimates into macro-categories.
Notably, occupancy-related variables are the most informative, with 9 out of them
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in the ‘top 20’ significant variables at the 5-day horizon and 6 at the 10-day hori-
zon. Occupancy-related metrics also show high relevance: on average, they appear
significant in 79% of the estimated models for the 5-day horizon and in 84% for the
10-day horizon.

Table 1 Structural determinants

5-day Forecast 10-day Forecast

By macro categories N° (%) N° (%)

Occupancy 9 79% 6 84%
Prices 6 57% 7 57%
Context 2 60% 4 51%
Moving Avarages 1 100% 1 89%
Oscillators 2 52% 2 50%

Price-related indicators and contextual factors are influential across both forecast
horizons (although they are fewer). The moving average measure achieves an im-
pressive 100% score on the 5-day forecasting horizon, highlighting the relevance of
our ‘fuzzy’ measure of the previous year’s occupancy.

Overall, Table 1 shows that integrating macro and micro data sources enhances
forecast accuracy. However, the specified data generation process is mostly autore-
gressive, as occupancy metrics (both recent and those referring to the previous year)
play a central role in capturing booking dynamics. This autoregressive component
became stronger in the 5-day ahead forecasts, while 10-day ahead forecasts rely
more on broader trends and macro-level factors. From a managerial point of view,
this result suggests that real-time pricing adjustments are more effective in the short
term, offering actionable insights for implementing techniques to refine pricing and
inventory decisions.
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Cointegrated Matrix Auto-Regressive Model

Emanuele Lopetuso and Massimiliano Caporin

Abstract Traditionally, econometric models have treated observations as vectors,
even though the data collection process often generates more complex structures.
For instance, when data are collected at the intersection of two classifications, rep-
resenting them as matrices is more natural. Building on recent advancements in ma-
trix AutoRegressive (MAR) models, this paper introduces an error correction rep-
resentation tailored to such matrix-structured data. By comparing our model with
existing approaches, we demonstrate how it enhances the economic interpretabil-
ity of coefficients while preserving and extending the insights provided by standard
cointegrated models.

Key words: Matrix AutoRegression, Cointegration

1 Introduction

This study explores recent advancements in cointegration, specifically the integra-
tion of cointegrated models with autoregressive structures for matrix-valued time
series (see [?]). To our knowledge, the only prior work on cointegration for matrix-
valued time series is [?], which introduced the Cointegrated Matrix AutoRegressive
Model (hereafter C-MAR). The C-MAR model is expressed in the following Matrix
Error Correction form (hereafter MECM):

ΔXt = ΛXt−1Ψ �+Et , (1)
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where Xt is an m× n matrix of I(1) observations (i.e., ΔXt is stationary), Λ and Ψ
are square matrices of dimensions m and n, respectively, and Et is an m× n white
noise matrix. Both Λ and Ψ have reduced ranks, rΛ < m and rΨ < n, allowing them
to be decomposed as:

ΔXt = αβ �Xt−1θϕ �+Et , (2)

where α and β are m× rΛ matrices, and ϕ and θ are n× rΨ matrices.
By applying the vec operator, the MECM form can be expressed as a standard

Vector Error Correction Model (VECM):

vec(ΔXt) = (ϕθ �)⊗ (αβ �)vec(Xt−1)+vec(Et) = Πvec(Xt−1)+ εt . (3)

In general, if a matrix A admits a Kronecker product decomposition, the matrix
A+ I does not necessarily admit a similar decomposition. Hence, although Π =
Ψ ⊗Λ , the VAR form of (3) does not admit a MAR representation.

In this paper, we examine the interpretation of the C-MAR model and argue that
the proposed representation may not fully capture the subtleties of economic dynam-
ics. We then propose an alternative structure for the cointegrated MAR model, start-
ing from its VAR form rather than the error correction representation. We demon-
strate that focusing on the decomposition of the VAR coefficient, rather than Π ,
leads to a model that better captures the equilibrium dynamics typically emphasized
in economic theory.

2 Adjustment Dynamic in the C-MAR Representation

From (3), it follows that (θ � ⊗β �)xt ∼ I(0). It is well established that the condition
(θ � ⊗β �)xt = 0 represents an equilibrium state. When (θ � ⊗β �)xt �= 0, Δxt adjusts to
restore equilibrium. The speed of this adjustment is captured by the matrix ϕ ⊗α .
Extending this reasoning to the matrix model, the system is in equilibrium when
β �Xtθ = 0, and an adjustment occurs when this condition is violated.

Given (2), equilibrium is achieved when either β �Xt = 0, Xtθ = 0, or both. There-
fore, β �Xt �= 0 and Xtθ �= 0 do not represent two distinct disequilibrium conditions,
as it is sufficient for one to be zero to ensure a steady state. Hence, the decomposi-
tion of the cointegration matrix into β �Xtθ is based on the mathematical properties
of the coefficient, without direct economic interpretations of θ and β .

To illustrate, consider an example where the data represent savings (S) and in-
vestments (I) for two countries, the UK and the US (denoted by subscripts). The
data are structured in matrix form as follows:

Xt =

[
SUK SUS
IUK IUS

]
. (4)

Assume the data follow the model in (2), with the following specification:
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α =

[−1
0

]
, β =

[
1
−1

]
, ϕ =

[−1
0

]
, θ =

[
1

−0.5

]
. (5)

At first glance, this representation might suggest two equilibrium relationships: one
between savings and investments, and one comparing the measures of the two coun-
tries. Specifically, equilibrium appears to occur when S = I and when US values are
double those of the UK. However, equilibrium is achieved even when only one of
these conditions is satisfied.

Consider the following observations at time t: Xt =

[
5 10
2 4

]
. Here, the relations

SUK = 0.5 ·SUS and IUK = 0.5 · IUS hold, yet the economic condition S = I does not.
Despite this, the system remains in equilibrium because Xtθ = 0 (hence, β �Xtθ = 0),
and the one-step-ahead value for ΔXt is exclusively given by Et .

This example demonstrates that the interpretation of the matrices β and θ is
not a straightforward extension of the classical cointegration matrix. The steady-
state conditions are not represented by β �Xt = 0 or Xtθ = 0, as equilibrium can be
reached even if only one of these holds. The decomposition primarily reflects the
mathematical properties of the cointegration matrix. For instance, in the example,
the decomposition holds because the first two entries of the cointegration matrix are
twice the size of the third and fourth entries.

3 An Alternative Representation

In this section, we present an alternative way to represent a C-MAR model. We
start with the basic VAR form xt = Φxt−1 + εt and assume that the matrix Φ can be
decomposed into the Kronecker product of two other matrices.

In this section, we present an alternative way to represent a C-MAR (Coin-
tegrated Multivariate Autoregressive) model. We start with the basic VAR form
xt = Φxt−1 + εt , and then assume that the matrix Φ can be decomposed into the
Kronecker product of two other matrices.

Assume that Φ = Ψ ⊗Λ , where Λ and Ψ are square matrices of appropriate
dimensions (say m and n, respectively). If both Λ and Ψ have eigenvalues less than
or equal to 1 in absolute value, and at least one of their eigenvalues equals 1, then
the vectorized model is a cointegrated VAR and admits a VECM representation.
Moreover, the decompositions Λ = I+αβ � and Ψ = I+ϕθ � are admitted. It follows
that the Matrix AutoRegressive model has the error correction form:

ΔXt = αβ �Xt−1 +Xt−1θϕ �+αβ �Xt−1θϕ �+Et . (6)

This alternative MECM representation differs from (2) by the inclusion of the
terms αβ �Xt−1 and Xt−1θϕ �. In this case, the steady state is reached only when both
β �Xt = 0 and Xtθ = 0. If only β �Xt = 0, the first and last terms vanish, but the second
term persists, driving the system towards the equilibrium Xtθ = 0.
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To illustrate, consider the example from the previous section with SUK = 5, SUS =
10, IUK = 2, and IUS = 4, and the coefficients of (6) given in (5). After computation,

we find that the expected future value of X is
[

2 4
2 4

]
. Unlike the MECM presented

in the previous section, this adjustment mechanism brings the system to equilibrium
where S = I and US = 2 ·UK.

To understand the role of the term αβ �Xt−1θϕ �, consider an initial state where
both equilibria are violated. For instance, let SUK = 5, SUS = 8, IUK = 3, and IUS = 2.
In this case, both S �= I and US �= 2 ·UK. Then:

ΔXt =

[−2 −6
0 0

]
+

[−1 0
−2 0

]
+

[−1 0
0 0

]
+Et . (7)

The first term pushes the system towards the equilibrium S = I: adding αβ �Xt−1
to Xt−1, we obtain S = I. Similarly, the second term drives the system towards equi-
librium between countries: adding Xt−1θϕ � to Xt−1 results in US = 2 ·UK. However,
these two terms do not coordinate perfectly, as the adjustment for one equilibrium
may interfere with the other. The third term reconciles these dynamics. Adding all

three terms gives
[

1 2
1 2

]
where both S = I and US = 2 ·UK hold.

The MECM representation (6) ensures that the system adjusts towards both
β �Xt = 0 and Xtθ = 0, allowing an interpretation of the coefficients β and θ . In
contrast to (2), both β �Xt = 0 and Xtθ = 0 represent steady states and long-run so-
lutions.

4 Conclusions

We propose a novel matrix representation of an error correction model that differs
from those previously introduced in the literature. Unlike earlier formulations, our
MECM ensures that the matrix structure is preserved in the autoregressive repre-
sentation as well. We demonstrate that the classical economic interpretation of the
cointegration matrix, as established in standard vectorized models, can be seam-
lessly extended to our MECM. In contrast, this extension is not possible when using
earlier MECM formulations.
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A study on the impact of “Reddito di
Cittadinanza” using a multivariate linear mixed
model

Paolo Maranzano, Laura Marcis, Gianluca Monturano, Maria Chiara Pagliarella
and Renato Salvatore

Abstract A Multivariate Linear Mixed Model (MLMM), a Multivariate Spatial Lin-
ear Mixed Model (Spatial MLMM) with Time-Varying Fixed-Effects and a Multi-
variate Spatial State Space Linear Mixed Model (Spatial State Space MLMM) are
used to analyze the impact of the “Reddito di Cittadinanza” (RdC) on the share of
poverty, the Income inequality, and the average per capita income, treated as tar-
get variables. The analysis covers the years preceding the introduction of the social
policy measure and those following it. Although we did not find a statistically sig-
nificant impact of RdC at the global Italian level on these variables, at the regional
level - and especially for the Southern Italy Regions and the Islands - the analysis
shows an effective reduction in the share of poverty in these Regions.

Key words: reddito di cittadinanza, guaranteed minimum income, poverty, multi-
variate linear mixed model, spatial model, state space model
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1 Introduction

In 2019, the Italian government introduced a measure aimed at reducing poverty
and encouraging reintegration into work, called ”Reddito di Cittadinanza” (RdC) 1.
It is a monthly economic benefit provided to people and low-income families who
meet specific requirements. It was possible to access the RdC until the end of 2023;
after this date, the RdC was replaced by social and work inclusion measures [6].
There were two primary purposes of the RdC: to bring many families out of a state
of absolute poverty and to reintegrate as many people as possible into the world
of work. The validity of the RdC is still a topic of political debate in Italy today.
The economic literature shows that either with regards to the requirements neces-
sary to access the RdC, but also due to territorial and welfare disparities, the results
of this social policy measure are heterogeneous ([1], [5]). Busilacchi et al. ([2])
have instead found that, although the impact of the RdC on the employment rate is
not statistically significant, in some Italian Regions characterized by low demand
and supply of work, it seems that the RdC has contributed to decreasing active job
searching. The work of Tonutti et al. ([8]) presented a first study on the targeting at
the local level of the RdC anti-poverty policy in Italy, showing a heterogeneous tar-
geting performance of this socio-economic measure, with a general lower targeting
affecting northern regions and rural areas. Given this evidence, this paper proposes
an application based on a multivariate linear mixed-effects model (MLMM). Tra-
ditionally, a MLMM is an extension of linear mixed-effects models (LMM) that
have a more complex, multilevel, hierarchical structure concerning the classical lin-
ear regression model ([3]). Observations between clusters are independent in these
models, but observations within each cluster are dependent because they belong to
the same subpopulation. Moreover, in a mixed effects model there are two sources of
variation: the within-cluster variation, and the between-cluster variation. The mul-
tivariate model is instrumental in using more response variables and exploiting the
information from the link between them. Using the Income inequality, the Average
per capita income, and the share of poverty as dependent variables, the number of
RdC-perceiving households is one of the covariates of the model, together with the
measure of quality of the local institutions, as well as the local employment rate. To
account for both spatial and temporal autocorrelation, a Multivariate Spatial Linear
Mixed Model (Spatial MLMM) - with Time-Varying Fixed-Effect and a Multivari-
ate Spatial State Space Linear Mixed Model (Spatial State Space MLMM) [4] were
also used, respectively. In the next section, the models will be presented briefly. The
application to real data shows that although at the global Italian level there is no
statistically significant impact of the RdC on the dependent variables used; at the
regional level - and especially for the Regions of Southern Italy and the Islands - the
analysis exhibits a reduction in the share of poverty for these particular Regions.

1 Note that, despite its name, RdC is not a universal basic or citizens’ income, but it is configured
as a minimum income measure.
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2 Model, application, and conclusion

For the sake of space, it is not possible to present the three models in detail, so
please refer to the literature ([3], [4]). MLMMs describe the relationship between
several response variables and independent variables, with coefficients varying con-
cerning one or more grouping variables. The matrix multivariate extension of the
LMM is Y = XB+ZU+E, and it is a model made of: fixed effects - XB - and
random effects - ZU. This means that, for a given data matrix Y, the elements of
U are realized (but unobservable [7]) values of random variables. As usually hap-
pens in a multivariate context, the model is vectorized by stacking vectors. The
multivariate random effects covariance matrix used in the application is a hetero-
geneous compound symmetry matrix. To take into account also the spatial and
the temporal autocorrelations we used a Multivariate Spatial State Space Linear
Mixed Model (Spatial State Space MLMM): the ”spatial” state-space LMM is then:
yt = Xtβt +Zvt + et , yt = col

1≤i≤m
(yit) where

θt = Xtβt +Zvt , Z = diag(Z1, ...,Zm)(I−ρsW)−1,

vt = ρtvt−1 +ηt , ηt
iid∼ N(0,σ2

v Im)

The ρs and the ρt are the spatial and the temporal correlation parameters, respec-
tively. When ρt = 0, and αt = αt +Aζ t ,A = Ip+m, we obtain the third model used
in this work, the Multivariate Spatial Linear Mixed Model (Spatial MLMM) - with
Time-Varying Fixed Effects. In our study, we consider the years 2015-2022 to have
a comparison between the situation before the introduction of the RdC measure and
after its introduction. In particular, the dependent variables are the share of poverty
(share of the population with an income of fewer than 10,000 euros), the income
inequality (the Gini index on declared income obtained by aggregating data from
different Region income groups), and the average per capita income (computed as
the ratio between the total amount of income declared in each Region and the total
number of taxpayers). The MLMMs can simultaneously capture the impact of the
RdC on economic variables of high relevance. The nature of the MLMMs allows us
to see the impact of the RdC from two different points of view. Firstly, it concerns
the national scenario, and secondly, what happens in each region of Italy. From the
evaluation of the fixed effect estimates, the analysis does not show a significant
impact of RdC on the Y variable at the national level. Nevertheless, some random
effects predictions are statistically significant in the local (administrative Region)
context. This points out that the RdC had an impact at the regional level. Neverthe-
less, this did not lead to a global improvement of the three target variables in the
years 2015-2018 (before the introduction of RdC) and 2018-2022 (after the intro-
duction of the measure studied). The results for the model covariance parameters
are in Table 1. Even using the temporal and spatial correlation, the results are very
similar to that of model MLMM, this might be because random effects by region
already capture spatial correlation. Future works will focus on diagnostic measures
to understand whether RdC influences the estimate of random effects and which
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Table 1 The table reports the results for the model covariance parameters for the three models
and the p-values wrt a set of Wald Likelihood ratio tests for the models covariance parameters;
the Moran and Geary’s tests for the spatial correlation, and the Durbin-Watson test for the time
autocorrelation. All the parameters are significant.

MLMM Spatial MLMM Spatial State-Space MLMM
Covariance parameter value p-value value p-value value p-value

ρ (spatial) - - 0,5088 < 0,0001 0,5679 < 0,0001
ρ (UCH Covariance matrix) -0,5000 < 0,001 -0,4124 < 0,001 -0,4044 < 0,001

σ2 (Gini) 0,0001 < 0,001 0,0142 < 0,001 0,0305 < 0,001
σ2 (Per Capita Income) 5,6316 < 0,001 3,9991 < 0,001 4,1262 < 0,001
σ2 (Share of Poverty) 0,0019 < 0,001 0,0092 < 0,001 0,034 < 0,001

ρ (time) - - - - -0,01265 < 0,0001
σ2 0,0035 < 0,001 0,0460 < 0,001 0,0955 < 0,001

variables can improve the measure and ensure that all target people can benefit from
it, this also with respect the new measure introduced by the Italian Government after
the RdC.
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Forecasting short social time series with Theta
method: an application to worldwide human
development

Raffaele Mattera, Germana Scepi and Parmjit Kaur

Abstract Forecasting short time series is essential in many economic and social
contexts. A notable empirical example is human development, measured annually
since 1990. However, forecasting these series presents significant challenges due to
limited data, making sophisticated statistical methods less appropriate than simpler
models. In this paper, we evaluate the Theta method as a forecasting tool for short
time series. We benchmark the performance of the Theta method against established
approaches and apply the framework to forecast global human development indica-
tors from 1990 to 2022.

Key words: predictive modelling, short time series, forecasting, decomposition,
human development

1 Introduction

Forecasting short time series is a critical task in many economic and social domains,
where data availability is often limited. A notable example in this context is the Hu-
man Development Index (HDI), an aggregate measure introduced by the United
Nations Development Programme in 1990. The HDI combines indicators of life ex-
pectancy, education, and per capita income to evaluate and compare the level of
human development across nations. While its annual measurement provides valu-
able insights to policymakers worldwide, the relatively short span of its recorded
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history makes long-term forecasting highly challenging. For these reasons, sophisti-
cated forecasting methods are unsuitable while methods with simple structures and
low number of parameters are better suited for this task. Examples of such simple
methods include simple exponential smoothing, low-order ARIMA models, and the
random walk.

The Theta method is a relatively simple yet powerful approach to time series
forecasting. Its strength lies in its ability to decompose a time series into two com-
ponents [1]: a long-term trend and short-term fluctuations. The long-term trend is
extrapolated, while the short-term component is forecasted using a relatively simple
method, often the simple exponential smoothing. The final forecast is obtained by
averaging the two forecasts for long and short-run components. Despite its simplic-
ity, the Theta method gained significant attention in the M3 competition, where it
emerged as one of the most effective approaches for forecasting across a wide range
of time series. However, its performance in forecasting short time series remains
less explored and understood.

In this paper, we benchmark the Theta method against alternative forecasting
approaches to evaluate its effectiveness in predicting global human development
trends over the period from 1990 to 2022. To this end, we analyze over 700 time
series spanning various dimensions of human development across multiple coun-
tries. With this comprehensive evaluation we aim to highlight the value of simple
yet powerful forecasting tools in addressing the statistical challenges posed by short
time series in the social sciences.

2 Theta method

The Theta method [1] is a relatively simple model, which performed very well in
the M3-Competition [4]. Therefore, it is commonly considered a benchmark in more
recent forecasting competitions. The Theta method decomposes the seasonally ad-
justed data into two “theta lines”, the first removing the curvature of the data to
estimate the long-term trend component and the second approximating its short-
term behaviour. Therefore, the Theta method can be considered as a forecasting
with decomposition approach.

The Theta method can be breifly outlined as follows. Considering i = 1, . . . ,N
time series, we refer to an i-th univariate time series as {Xi1, . . . ,Xit , . . . ,XiT}. Then,
[1] define the following transformed time series {Yi1,θ , . . . ,Yit,θ , . . . ,YiT,θ} such that
for t = 3, . . . ,T it holds

∇2Yit,θ = θ∇2Xit , (1)

with ∇ indicating the difference operator, so that ∇Xit = Xit −Xit−1. The (1) is a
second difference equation with solution [3]

Yit,θ = (1−θ)(a+bt)+θXit , (2)
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where a and b are constants and t = 1, . . . ,T . Therefore, the series Yit,θ – called the
θ -line – is an additive function of the series Xit and a linear trend.

In the original Theta method adopted in the M3 competition, [1] selected two θ
lines, that is, θ = 0 and θ = 2, leading to Yit,0 = a+bt and Yit,2 = 2Xit −(a+bt). We
remark that the parameters a and b are the minimum square coefficients of a simple
linear regression of {Xi1, . . . ,Xit , . . . ,XiT} over {1, . . . , t, . . . ,T}, thus having known
closed-form solutions. Therefore an estimate of the first theta line is Ŷit,0 = â+ b̂t,
while the second is Ŷit,2 = 2Xit − â− b̂t given that Xit is known. The forecast at time
t +1 is obtained as

X̂it+1 = ωŶit+1,0 +(1−ω)Ŷit+1,2, (3)

hence a linear ω-combination of the forecasts obtained for the two theta lines,
where the first is simply obtained by extrapolation of the linear trend, that is
Ŷit+1,0 = â+ b̂(t+1), while the second is obtained with Simple Exponential Smooth-
ing (SES). Originally, [1] assumed equal combination weights, i.e. ω = 0.5, while
more recently [2] developed an approach, called OTM, for optimal weights ω selec-
tion.

3 Data and results

We consider data on human development from the United Nations Development
Program (UNDP) website1. Our aim is to forecast the Human Development Index
and its components, that is, health, education and standard of living dimensions.
To forecast the health dimension we consider the life expectancy at birth variable,
while for education we forecast the average of ”Expected Years of Schooling” and
”Mean Years of Schooling” variables, as defined by UNDP. Finally, we forecast the
GNI per capita to predict the future economic standard of living. Given the four
human development variables to be predicted, we have a number of 780 time series.
To evaluate the accuracy of the forecasting methods, we adopt a rolling-window
approach considering the first M = 15 years as estimation window. As a result we
obtain a series of T −M = 18 years of out-of-sample testing where we evaluate the
accuracy of alternative forecasting methods according to RMSE.

Table 1 shows out of sample forecast accuracy for the Human Development In-
dex, Life Expectancy, the Education Index, and the GNI Index. These results are
averaged over 195 countries, covering 780 short social time series, making the find-
ings robust and highly representative. The results highlight the outstanding perfor-
mance of the Theta method, which consistently provides the most accurate forecasts
across all four dimensions of human development. Interestingly, the OTM, where
the weights for the short-run and long-run components are optimally selected, does
not outperform the simpler Theta method. This result underscores an important in-
sight, that is, for short time series, sophisticated approaches do not necessarily yield

1 Data associated with this paper is available at the following link: https://hdr.undp.org/data-
center/documentation-and-downloads.
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Table 1 Average out-of-sample forecast accuracy (RMSE) over the N = 195 countries. The model
providing the best results is highlighted in bold font.

Human Development Index Life Expectancy
Forecasting method Accuracy

RW 68.7490
ARIMA 61.1430

SES 69.1237
Theta 57.9163
OTM 60.1228

Forecasting method Accuracy
RW 55.1099

ARIMA 54.9521
SES 55.5731

Theta 50.5321
OTM 53.5212

Education Index GNI Index
Forecasting method Accuracy

RW 16.0151
ARIMA 14.1424

SES 16.0546
Theta 13.6763
OTM 14.6243

Forecasting method Accuracy
RW 744.8543

ARIMA 724.2517
SES 752.6969

Theta 705.2294
OTM 716.0989

better results than simpler models. This could be attributed to the inherent limita-
tions in the data length, which may not fully benefit from the additional complexity
of optimization techniques.

However, there is room for future advancements. Notably, ARIMA is more com-
petitive than Simple Exponential Smoothing (SES) in forecasting human devel-
opment, suggesting that exploring alternative methods for modeling the short-run
component could enhance the forecasting performance of the Theta method fur-
ther. Future research could also investigate combining different approaches for the
short-run component, leveraging the strengths of alternative models to achieve even
greater accuracy, or to consider alternative Theta decompositions.
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Forecasting VaR and ES from high-frequency
quantiles and consistent loss functions

Antonio Naimoli, Ostap Okhrin and Giuseppe Storti

Abstract This paper presents alternative specifications for forecasting daily risk
measures by scaling intraday quantiles. In particular, we propose a flexible approach
to forecasting Value-at-Risk and Expected Shortfall introducing novel scaling fac-
tor estimation methods based on consistent loss functions and Multiplicative Error
Models with a Generalized F distribution. The empirical analysis on 27 stocks of
the Dow Jones Industrial Average shows that the proposed approach can lead to
significant accuracy gains in tail risk forecasting.

Key words: High-frequency quantiles, Value-at-Risk, Expected Shortfall, consis-
tent loss functions, Multiplicative Error Models

1 Introduction

Financial risk management requires advanced methodologies to address extreme
risks, particularly in complex global financial systems. This paper presents an in-
novative approach to forecasting Value-at-Risk (VaR) and Expected Shortfall (ES)
using high-frequency (HF) intraday financial data and scaling techniques based on
consistent loss functions. By developing a framework that allows scaling factors to
vary across quantiles and employing Multiplicative Error Models (MEM) with the
Generalized F (GF) distribution, this study provides a very flexible approach for
forecasting tail risks. Key contributions of this paper include: novel scaling factor
estimation methods for relating intraday to daily quantiles; direct quantile-based risk
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measure prediction using MEM; a modeling approach that allows distinct dynamics
between VaR and ES. Empirical analysis on Dow Jones stock data highlights the
effectiveness of this approach.

2 Scaling intraday quantiles

To estimate the quantiles of daily financial returns directly from HF data, the process
involves several steps. First, a sampling framework is defined by fixing the number,
c, of intraday returns to be sampled for each day in the period t = 1, . . . ,T . Next,
intraday log-returns are computed for each day, rc,t = {r1,t , . . . ,rc,t}, with the daily
log-return denoted by rt . Accordingly, for a chosen risk level α , intraday quantiles,
Q̂α(rc,t), and ES, ÊSα(rc,t), are estimated. Quantiles are derived using the empirical
sample-quantile estimator, while the ES is calculated via the empirical sample-ES
estimator:

ÊSα(rc,t) =
1

α c

c

∑
i=1

ri,t ×1
{

ri,t ≤ Q̂α(rc,t)
}
.

Then, the scaling index, H, is either fixed or estimated from the intraday log-return
series to adjust intraday risk measures to a daily scale. The rescaling is applied to
compute daily quantiles and ES for each day t at a given probability level α , by:

R̂Qc,α,t = cHQ̂α(rc,t) , (1)

R̂ESc,α,t = cHÊSα(rc,t) . (2)

Finally, forecasts for daily VaR and ES are obtained by applying suitable time series
models to the rescaled daily quantiles and ES series.

3 VaR and ES forecasting

Instead of fixing the scaling parameter H, we propose estimating it through the
Quantile Loss (QL). Specifically, recognizing that cHQ̂α(rc,t) corresponds to VaRα,t ,
we can derive the optimal H, by minimizing the QL function:

argmin
H

QLα,t(H) =
(

α −1
{

rt ≤ cHQ̂α(rc,t)
})(

rt − cHQ̂α(rc,t)
)
. (3)

An alternative approach to estimating H is to consider the class of strictly consistent
joint loss functions for VaR and ES [4]:
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argmin
H

FZ0α,t(H) =
1

α cHÊSα(rc,t)
1
{

rt ≤ cHQ̂α(rc,t)
}(

rt − cHQ̂α(rc,t)
)
+

cHQ̂α(rc,t)

cHÊSα(rc,t)
+ log

(
−cHÊSα(rc,t)

)
−1 . (4)

Consequently, the quantiles in (1) and (2) can easily be obtained using H estimated
in (3) and (4). To generate VaR and ES forecasts, the MEM [3] with innovations
following a GF distribution is implemented on each RQ and RES series. The GF
distribution increases the flexibility of the model by allowing a wider range of error
term distributions, including Exponential, Weibull and Log-Logistic variants [6].

4 Empirical results

The proposed methodology is evaluated using a dataset of 27 stocks in the Dow
Jones Industrial Average, based on equally spaced 1-minute intraday returns during
regular NYSE trading hours, 9:30 a.m. to 4:00 p.m., while the sample period spans
from January 1, 2001, to December 31, 2016. To generate VaR and ES forecasts,
both the HAR model of [1] and MEM are implemented on each RQ and RES series,
where HAR(H0.5) denotes the specification proposed by [2]. Consistent with the
Basel Accords, we assess model performance at the 1% VaR and 2.5% ES risk lev-
els. The findings provide evidence that MEM models outperform competing HAR
models in terms of both average losses and Model Confidence Set (MCS) [5] in-
clusion rates. Specifically, MEM(H0.5) and MEM(HQL) exhibit the highest average
ranks in minimizing QL and FZ0. Furthermore, it is more difficult for models using
the scale index H minimized by FZ0 to enter the MCS than those using HQL.

Table 1 Summary results for the QL loss at α = 0.01.

α = 0.01

QLrank QL QLmed %QLmin %QLSQ0.75 %QLSQ0.90 %QLR0.75 %QLR0.90

HAR(H0.5) 2.815 1.048 0.945 3.704 33.333 74.074 29.630 48.148

HAR(HQL) 4.389 1.094 0.982 0.000 7.407 44.444 7.407 29.630

HAR(HFZ0) 5.926 1.135 1.012 0.000 0.000 7.407 0.000 0.000

MEM(H0.5) 1.574 1.039 0.917 70.370 88.889 88.889 88.889 88.889

MEM(HQL) 2.296 1.049 0.946 25.926 77.778 96.296 77.778 88.889

MEM(HFZ0) 4.000 1.091 0.987 0.000 3.704 33.333 0.000 11.111
QLrank : average rank across 27 stocks; QL: mean QL; QLmed : median QL; %QLmin: percentage of QL minimization;
%QLSQ0.75 and %QLSQ0.90: percentage of times a model enters in 75% and 90% MCS (Semi-Quadratic); %QLR0.75 and
%QLR0.90: percentage of times a model enters in 75% and 90% MCS (Range).
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Table 2 Summary results for the FZ0 loss at α = 0.025.

α = 0.025

FZ0rank FZ0 FZ0med %FZ0min %FZ0SQ0.75 %FZ0SQ0.90 %FZ0R0.75 %FZ0R0.90

HAR(H0.5) 3.222 -3.490 -3.557 0.000 22.222 44.444 18.519 29.630

HAR(HQL) 4.278 -3.472 -3.536 0.000 7.407 29.630 7.407 14.815

HAR(HFZ0) 5.889 -3.431 -3.491 0.000 0.000 3.704 0.000 3.704

MEM(H0.5) 1.611 -3.514 -3.574 66.667 85.185 92.593 85.185 88.889

MEM(HQL) 1.889 -3.511 -3.572 33.333 81.481 96.296 81.481 92.593

MEM(HFZ0) 4.111 -3.474 -3.537 0.000 7.407 33.333 3.704 7.407
FZ0rank : average rank across 27 stocks; FZ0: mean FZ0; FZ0med : median FZ0; %FZ0min: percentage of FZ0 mini-
mization; %FZ0SQ0.75 and %FZ0SQ0.90: percentage of times a model enters in 75% and 90% MCS (Semi-Quadratic);
%FZ0R0.75 and %FZ0R0.90: percentage of times a model enters in 75% and 90% MCS (Range).

5 Conclusions

This paper presents a novel framework for forecasting daily VaR and ES by using
HF financial data. The proposed approach combines flexible distributional scaling
factors, estimated through consistent loss functions, and quantile-based risk model-
ing using MEM with the GF distribution, allowing for distinct dynamic specifica-
tions for VaR and ES. Empirical analysis using 1-minute returns from 27 Dow Jones
stocks demonstrates significant improvements in tail risk forecasting accuracy.
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Tourism and Energy Decoupling in Mountain
Areas. Towards an Integrated Framework for
Analysis and Forecasting

Consuelo Rubina Nava and Stefano Tedeschi

Abstract Tourism is a cornerstone of economic activity in many regions, yet its en-
vironmental and energy impacts pose significant challenges to sustainability. In frag-
ile mountain ecosystems, such as Italy’s Valle d’Aosta, balancing economic growth
with ecological preservation is critical. This paper explores the concept of energy
decoupling in tourism, analyzing strategies to disconnect tourism growth from en-
ergy consumption and greenhouse gas emissions. Using a combination of statistical
forecasting models and agent-based simulations, we propose a methodology to ex-
amine the impact of policy interventions, such as the electrification of mobility, the
use of energy-efficient technologies, and incentives for sustainable practices. Our
aim is to offer practical insights to policy makers for achieving energy decoupling,
thereby promoting a sustainable tourism model for mountainous regions.

Key words: Sustainable tourism, Energy decoupling, Mountain ecosystems, Fore-
casting models, Agent-Based Modeling

1 Introduction

Mountain areas are particularly vulnerable to environmental degradation due to their
fragile ecosystems and limited resource capacities. Tourism, while being an eco-
nomic boon, often intensifies the energy demands for heating, transport, and infras-
tructure. In the Valle d’Aosta region (Italy), which is renowned for its rich natural
heritage and robust tourist inflow, addressing these challenges is urgent. Recent data
highlights a record-breaking 1.34 million tourist arrivals and 3.71 million overnight
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stays in 2023, marking a significant growth in tourist activity, which contributed
approximately 1% to the regional GDP [1]. However, this surge intensifies energy
demands, stressing the region’s limited energy infrastructure and increasing green-
house gas emissions. In this context, energy decoupling [2, 5, 6] — i.e., the strategic
goal of supporting tourism growth without proportionate increases in energy use and
emissions — represents a critical pathway to balance economic development and
environmental preservation. This paper explores this objective through a method-
ological proposal which integrates data analysis, policy evaluation, and simulation
modeling. The aim of this research is to highlight the need for systemic approaches
to align tourism growth with the efficient use of renewable energy sources, smart en-
ergy grids, and sustainable mobility solutions. By leveraging insights from interdis-
ciplinary methods, the study contributes actionable strategies for the Valle d’Aosta
region to position itself as a leading example of sustainable mountain tourism, en-
suring long-term ecological and economic resilience while serving as a replicable
model for similar regions worldwide.

2 Context and Challenges

The rise in tourism in Valle d’Aosta boosts employment, income, and the local econ-
omy while promoting cultural and natural heritage. However, it also drives up energy
consumption in heating, lighting, mobility, and infrastructure, putting pressure on
energy systems and the environment. This presents a key challenge: how to sustain
economic growth through tourism while ensuring environmental sustainability?

Some key challenges hinder progress. These include the lack of systematic en-
ergy efficiency assessments in hospitality, high seasonal fluctuations in energy de-
mand, ecosystem fragility exacerbated by climate change, limited renewable energy
infrastructure, and fragmented and heterogeneous data sources that complicate in-
formed decision-making.

To tackle these challenges, a strategy focused on energy decoupling is essential,
aiming to sustain tourism without increasing energy consumption and emissions.
This requires a multi-factorial approach, including advanced monitoring and simu-
lation technologies for real-time data analysis, initiatives to encourage sustainable
tourist behavior, and investment in renewable energy and resource-efficient infras-
tructure. Public bodies should implement data-driven policies to promote infrastruc-
ture upgrades. Measures such as improved thermal insulation, LED lighting, solar
panels, heat pumps, and an expanded electric vehicle charging network can help
reduce fossil fuel dependence.

By adopting an integrated and innovative approach, Valle d’Aosta can establish
itself as a leader in sustainable mountain tourism, balancing economic growth with
environmental preservation and long-term resilience.
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3 Methodology

In order to effectively address the challenges identified above, we propose the adop-
tion of a comprehensive framework for analysis and forecasting that leverages a
combination of statistical and computational methods. We briefly introduce the main
steps of the proposed approach:

1. Data Collection and Analysis. Integrated datasets on energy consumption,
tourist flows, and environmental metrics will be sourced from ARPA1 and re-
gional tourist observatories. Additional data collection will involve stakeholder
surveys and assessments of energy efficiency in hospitality and tourism infras-
tructures. These datasets will be then harmonized to overcome the heterogeneity
of sources and ensure a comprehensive analysis.

2. Forecasting Models. Advanced econometric techniques, such as ARIMA and
panel data regressions, as well as machine learning models, will be employed
to predict future energy demands under varying tourism scenarios. These mod-
els can integrate multidimensional data, including environmental, infrastructural,
and socio-economic variables, to simulate real-world conditions effectively.

3. Agent-Based Modeling (ABM). Simulations will be carried out to assess the
impact of various policy interventions, such as subsidies for green technologies,
dynamic pricing for energy-efficient accommodations, and electrification of mo-
bility and heating systems. In fact, agent-based models can provide useful infor-
mation on both the individual and systemic implications of proposed measures
and can help identify the most effective strategies to achieve decoupling [3, 4].

4. Integration of Renewable Energy Solutions. The proposed approach will also
encompass the potential of renewable energy solutions, such as solar panels, heat
pumps, and smart grids, in reducing reliance on fossil fuels. A focus will be
placed on the impact of interventions improving the energy efficiency of the ex-
isting infrastructure to support the electrification of transport and heating sys-
tems.

5. Policy Development and Evaluation. The developed forecasting and simula-
tion models will be tested on a set of policy scenarios to evaluate their feasibility
and potential impact. These scenarios include strategies for improving the en-
ergy infrastructure, promoting sustainable tourism practices and implementing
energy-efficient hosting solutions.

6. Stakeholder Engagement and Validation. Regular workshops and consulta-
tions with policymakers, local operators, and community members will ensure
the alignment of the research objectives with regional priorities. Feedback loops
from these stakeholders will inform the refinement of both models and policies.

1 Agenzia Regionale per la Protezione Ambientale, the Italian regional agency for environment
protection.
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4 Conclusion

Our proposal underscores the urgency of achieving energy decoupling in tourism,
particularly in sensitive mountain ecosystems like Valle d’Aosta. By integrating sta-
tistical forecasting models and agent-based simulations we aim at providing a robust
framework to guide sustainable tourism policies. The proposed framweork can be-
come a powerful tool for policy makers and local stakeholders, supporting the defi-
nition of data-driven decoupling strategies that balance economic growth with eco-
logical preservation. The territory of Valle d’Aosta can become a replicable model
of sustainable tourism, paving the way for other mountain regions to adopt similar
approaches. Ensuring a collaborative and data-driven process, involving policymak-
ers, industry stakeholders, and local communities, will be pivotal to the success of
these interventions. Ultimately, an approach promoting convergence of technology,
policy innovation, and sustainable practices marks a promising step toward harmo-
nizing tourism development with environmental stewardship, fostering resilience in
the face of future challenges.

Acknowledgements This paper is part of the project NODES which has received funding from the
MUR – M4C2 1.5 of PNRR funded by the European Union – NextGenerationEU (Grant agreement
no. ECS00000036).
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Cluster-based Weighting Approach for
Composite Indicators with an Application to
Measuring Well-being in European Regions

Viet Duong Nguyen and Chiara Gigliarano

Abstract This paper introduces a novel weighting method for composite indicators
that clarifies the match between variable importance and corresponding weights.
The approach employs a combination of cluster analysis and predictive modeling to
optimize the weights based on the capability of features in differentiating observa-
tions within the multidimensional context. To demonstrate the practical application
of the weighting procedure, a composite index has been developed to measure well-
being in European regions during the ten-year period from 2010 to 2019.

Key words: composite indicator, weighting method, cluster analysis

1 Cluster-based Weighting Approach

Cluster analysis refers to a family of techniques used for partitioning a set of units
into distinct groups (called clusters) in such a way that units in the same group are
more similar to each other than to those in other groups. Consider a sample matrix of
n variables, the row observations can be partitioned into k cluster c1,c2, . . . ,ck in the
n-dimensional space using a proper clustering algorithm. From the cluster structure,
there exists a hypothetical function f : Rn �→ {c1,c2, . . . ,ck} that maps every data
point to one of the k defined clusters.

The analytical form of f can be approximated by training a classifier that pre-
dicts the cluster labels from the sample matrix. The mean decrease in accuracy [1],
so-called permutation feature importance, is a model-agnostic method that comes in
handy for evaluating how useful each variable is in predicting cluster membership.
This score is measured by the reduction in prediction accuracy when randomly per-
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muting observations in each input feature. The more accuracy declines, the more the
classifier relies on the variable for successful prediction.

The core of the proposed weighting approach is to train an approximation of
f , measuring feature importance for each dimension, then normalizing to obtain
“cluster-based” weights. These weights reflect the contribution of variables to clas-
sifying the units based on the partition patterns, i.e., the n-dimensional Voronoi di-
agram created by the chosen clustering scheme. Because each cluster differs from
others in member characteristics, the dimension with a higher permutation impor-
tance score plays a more essential role in discriminating units within the multi-
dimensional space. Therefore, it should be assigned with a greater weight in the
aggregation process to establish the composite index.

2 Data

Table 1 provides the description of the dimensions employed to construct the well-
being composite indicator for large (TL2) European regions. According to the
OECD well-being framework [2], the dimensions of income and jobs pertain to ma-
terial conditions that shape people’s economic sustainability. The aspects of health,
education, environment, and safety refer to the fundamental measures of life quality.
Civic engagement reflects the degree of public trust in government while the NEET
rate is employed to gauge the level of social exclusion.

Table 1 Dimensions of well-being.

Dimension Measuring indicator

Income Household disposable income per capita (real USD PPP)
Jobs Unemployment rate (%)
Health Life expectancy at birth (years)
Education Share of people aged 25-64 with at least secondary education (%)
Environment Level of PM2.51 air pollution (μg/m3)
Safety Intentional homicide rate (per 100000 population)
Civic engagement Voter turnout to general elections (%)
Society NEET2 rate for young people aged 18-24 (%)

1 Fine particles that are 2.5 microns or less in diameter; 2 Not in employment, education or training.

The data for the eight measuring indicators are gathered from the OECD database
(https://data-explorer.oecd.org). To handle missing values, k-nearest neighbors (k-
NN) imputation [3] was applied to replace unknown cells by a distance-weighted
average of their closest neighbors’ values. Since the indicators are measured in dif-
ferent units, they were converted into the same scale [0,1] using the min-max nor-
malization (with variables positively correlating with well-being) and the max-min
normalization (with other variables). After the normalization process, a complete
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2000× 8 sample matrix of well-being scores was obtained, measuring across 200
European regions in the period 2010-2019.

3 Constructing Composite Indicator

To define the optimal number of clusters, the association between clustering out-
comes and predictive performance was analyzed. Starting with the extraction of
cluster allocations by k-means clustering for k = 2 to k = 10, the clustering results
are subsequently used as the response variables to train multiple random forest clas-
sifiers. The model performances are given in Figure 1, where the prediction accuracy
is calculated using the out-of-bag (OOB) estimate and 5-time repeated 5-fold cross-
validation. According to both criteria, the three-cluster scheme yields the ensemble
with highest accuracy, implying that k = 3 is the optimal number of clusters that
should be extracted from the data to achieve the best prediction performance.
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Fig. 1 Prediction accuracy of the random forest ensembles. All the ensembles grow the same size
of 500 trees and randomly sample three well-being dimensions as candidates at each split.

Figure 2 presents the sets of weights for the well-being composite indicator, ob-
tained from the cluster-based weighting procedure using the random forest ensem-
ble trained with the three-cluster solution. According to each variable’s capacity to
distinguish the regions in the multidimensional well-being space, health is the most
prominent facet affecting the composite index while safety is considered the aspect
yielding the smallest influence.

Figure 3 presents the average well-being composite scores for the European
regions calculated using weighted arithmetic aggregation with the cluster-based
weights. Northern Europe is the area that displays the highest average scores in
well-being, followed by Western Europe and the British Isles. In Eastern Europe,
the majority of territories show a welfare level below the continental average, and
places in the southeast notably exhibit the most severe situation. In Southern Eu-
rope, a pronounced north-south gradient in well-being is visible, where the northern
part produces mostly above-moderate scores while the southern part predominantly
records subpar status.
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Fig. 2 Weights for the well-being compos-
ite indicator derived from the cluster-based
weighting method.
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Fig. 3 Average well-being composite scores for
European regions in 2010-2019. The grey areas
denote territories with missing information.

4 Final Remarks

This paper introduces an innovative weighting method for composite indicators by
investigating the underlying cluster structure in data and assigning weights based on
the permutation importance of each dimension in predicting cluster allocation. The
cluster-based weights obtained reflect the significance of constituents in explaining
the multifaceted nature of the measuring context. Applying this method to mea-
sure multidimensional well-being in European regions, a comprehensive picture has
been sketched with health being the most important factor while safety is the least
influential dimension.
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Common Features in Volatilities: a New
Multiplicative Error Model

Edoardo Otranto and Luca Scaffidi Domianello

Abstract Multivariate volatility models could consider the influence of each volatil-
ity series on the others (spillover effects). Furthermore, integrating financial markets
provides similar dynamics (co-movements). We propose a new model for volatility
vectors, belonging to the family of Multiplicative Error Models (MEMs), which
incorporates spillover and co-movement effects captured in a separate component.
Moreover, to reduce the number of coefficients for high-dimensional datasets, we
propose a simple model-based clustering procedure. We apply the model to a set
of 29 assets included in the Dow Jones Industrial index, providing the interpreta-
tion of spillover effects and co-movement. The proposed parameterization shows a
satisfactory performance when compared to other vector MEMs.

Key words: high-dimensional time series, high-low range, model-based clustering,
vector of volatility

1 Introduction

The increasing globalization of financial markets and their mutual dependence have
favored the development of multivariate models for vectors of financial volatility
series. The usual multivariate volatility models preclude the possibility of including
spillover effects in the model specification, due to the so-called curse of dimension-
ality problem. Moreover, recent approaches to multivariate volatility models rely on
the modelling of more precise measures of (co)variances based on the high-low daily
range (HLR [4]) and the so-called realized (co)variance (RV- [1]), which is based on
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ultra-high frequency data. The former is very simple to derive, being based on the
difference between the maximum and the minimum value of the day, which are gen-
erally available for all indices and tickers. The vector Multiplicative Error Models
(vMEMs), proposed by [2], are particularly suitable for modeling this type of time
series: the vector of positive time series is the dependent variable, each one specified
as the product of two factors representing the conditional mean of the series and the
positive disturbance respectively. A very interesting extension has been proposed by
[5]: they adopt a log-Normal distribution for innovations, modeling the logarithm of
the conditional mean of volatility, with the advantage of not imposing restrictions on
parameters to guarantee positiveness. Nevertheless, like other approaches, they face
the curse of dimensionality problem. We propose a new diagonal log-vMEM with
an additive common component, having an autoregressive dynamics, that captures
spillover effects and co-movements in financial market volatility. Furthermore, we
also address the problem of the high-dimensional vector of volatilities, proposing
a reparameterization of the model coefficients, based on a model-based clustering
algorithm. In the empirical application, we use the HLR of 29 components belong-
ing to the Dow Jones Industrial (DJI) index. The proposed parameterization shows
a satisfactory performance despite the small number of coefficients used. The paper
is organized as follows: in the next section we present the new model, section 3
is mainly devoted to the empirical application; some final remarks (section 4) will
conclude the paper.

2 The model proposed

Let us consider n volatility series collected in the vector yt . The proposed model
is the log–vMEM [5], enriched by the presence of specific coefficients to consider
spillover effects and by a common signal that drives all indices. Calling xt the log-
arithm of yt whose conditional mean is μt , the model proposed is:

yt = μt �εt εt ∼ lnN(m,V )
lnμt = ςt +ϑξt
ξt = δ pt−1 +φξt−1
νt = xt −ξtι
ςt = (In −A−B)x̄+Aνt−1 +Bςt−1

(1)

where � indicates the element-by-element Hadamard product, ι an n−dimensional
column vector of ones, and In the (n×n) identity matrix . The vector of disturbances
εt is a unit mean vector, log-normally distributed with parameters m=(m1, . . . ,mn)

�

and the n× n symmetric positive definite matrix V =
{

vi j
}

, (i, j = 1, . . . ,n). To
satisfy the unit mean property, it is imposed the constraint mi =−vii/2 (i= 1, . . . ,n).
As a consequence, yt ∼ lnN(lnμt +m,V ). The vector x̄ represents the sample
mean of the log-volatilities xt .

In (1), lnμt is decomposed into the sum of two unobservable components: the
idiosyncratic log-volatility ςt and a zero-mean common dynamic signal ξt , which
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affects the i−th element of the full conditional log-volatility vector, lnμt , with a
loading coefficient ϑi, contained in the n−dimensional vector ϑ. The unobservable
common time-varying component ξt depends on its own lag and on pt−1, the lagged
first principal component of the n log-volatilities in xt . In this way spillover and
co-movements are included into the common component ξt . The (n× 1) vector ςt
represents the ‘proper’ dynamics of each volatility and follows a multivariate diag-
onal GARCH dynamics; it depends only on its own lag and the past value of νt . We
call model (1) the vMEM with Spillover effects and Comovement (vMEM-SeC).

Parameter estimation is performed using the Quasi Maximum Likelihood Esti-
mator. Robust standard errors can be obtained by applying a sandwich estimator of
the covariance matrix [6].

The number of unknown coefficients (including the covariance matrix element
V ) in (1) is n(n+1)/2+3n+2 and, if n is large, we face the curse of dimensionality
problem. The reduction in the number of coefficients could be based on the idea of
identifying groups of series that follow the same dynamics and assigning them the
same parameters αi and βi in the last equation of (1) and the same loading coefficient
ϑi in the second equation. This could be achieved with a simple algorithm.

Algorithm 1 Grouping the coefficients of the vMEM-SeC
1. Derive the first principal component of the set of log-volatilities and estimate an ARMA(1,1)

model; get the residuals η̂t ;
2. derive the series ξ ∗

t = pt − η̂t ;
3. derive the vector series ν∗

t = xt −ξ ∗
t ι;

4. for each element ν∗
i,t of ν∗

t estimate a univariate log-MEM obtaining the coefficients (α∗
i ,β ∗

i );
5. group the n pairs (α∗

i ,β ∗
i ) into k1 clusters with similar value, adopting a clustering algorithm

that uses the ARMA distance between series i and j as:

dARMA =

[
α∗2

i
1−β ∗2

i
+

α∗2
j

1−β ∗2
j
−2

α∗
i α∗

j
1−β ∗

i β ∗
j

]1/2

6. derive the vector series ς∗t with each element ς∗
i,t = x̄i +α∗

i (νi,t−1 − x̄i)+β ∗
i (ς∗

i,t−1 − x̄i);
7. estimate the auxiliary regression for each xi,t = ς∗

i,t +ϑ ∗
i ξ ∗

t obtaining the n parameters ϑ ∗
i ;

8. group the n parameters ϑ ∗
i into k2 clusters with similar values, adopting a clustering algorithm

that uses the Euclidean distance: dϑ =
∣∣∣ϑ ∗

i −ϑ ∗
j

∣∣∣.

3 Empirical Application

The dataset considered includes 29 components of the Dow Jones Industrial (DJI)
index. We calculate for each asset the daily HLR as the square of the difference
between the logarithms of the highest and the lowest value of the day, and by taking
into account the correction proposed by [4]. The sample period spans from March
19, 2008, to April 22, 2024. We consider six competing models belonging to the
vMEM-SeC family with three alternative parameterizations, that is, the scalar, the
diagonal and the clustered one proposed in section 2. Furthermore, we consider the
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three classical vMEM, obtained by imposing ϑ = 0 and not considering the third
equation in (1). To save space, we do not report the estimates of the parameters,
the information criteria and the two loss functions employed (MSE and QLIKE).
AIC slightly favors the diagonal models, while BIC, as expected, prefer the most
parsimonious models. More interestingly, all vMEM-SeC models, including the
scalar model, outperform all vMEMs, with c-vMEM-SeC being the best in terms
of BIC. Finally, the Model Confidence Set (MCS) test [3] shows a clear preference
for vMEM-SeC models.

4 Conclusion

An important strand of statistical and econometric literature aims to include the de-
pendence on movements of other markets in volatility models generating various
multivariate approaches, such as spillover effects. The vMEM seems an excellent
candidate to include the latter, adopting the flexible dynamics GARCH to model
the volatility and, via the proposed extension, having the possibility to specify an
unobservable common component. To provide the ability to handle a large set of
volatility series, we propose a model-based clustering algorithm, which shows a sat-
isfactory performance, to dramatically reduce the number of unknown coefficients.
It might be interesting to adopt alternative methods for grouping the parameters
in this model, such as the fuzzy clustering approach or using other techniques for
detecting co-movements, like Independent Component Analysis (ICA).

Acknowledgements Edoardo Otranto acknowledges financial support from the Italian PRIN 2022
grant “Methodological and computational issues in large-scale time series models for economics
and finance” (20223725WE). Luca Scaffidi Domianello aknowledges financial support from the
”PIAno di inCEntivi per la RIcerca di Ateneo 2024/2026” (UPB 28722052159) and starting grant
BA-GRAPH (UPB 28722052144) of the University of Catania

References

1. Andersen, T., Bollerslev, T.: Deutsche mark-dollar volatility: intraday volatility patterns,
macroeconomic announcements and longer run dependencies. The Journal of Finance 53, 219–
265 (1998)

2. Engle, R.F., Gallo, G.M.: A multiple indicators model for volatility using intra-daily data. Jour-
nal of Econometrics 131, 3–27 (2006)

3. Hansen, P.R., Lunde, A., Nason, J.M.: The model confidence set. Econometrica 79(2), 453–497
(2011)

4. Parkinson, M.: The extreme value method for estimating the variance of the rate of return. The
Journal of Business 53, 61–65 (1980)

5. Taylor, N., Xu, Y.: The logarithmic vector multiplicative error model: an application to high
frequency NYSE stock data. Quantitative Finance 17, 1021–1035 (2017)

6. White, H.: Maximum likelihood estimation of misspecified models. Econometrica 50, 1–25
(1982)



229



230



231



232



233



234



235



236



237



238



239



240



241



242



243



244



245



246



247



248



249



250



251



252



253



254



255

++=
=

=
+=

>
>



256



257

Green Tourism Competitiveness in Italian
Provinces

Furio Urso, Martina Aronica, Salvatore Costantino, Davide Piacentino and Maria
Francesca Cracolici

Abstract This study examines changes in green tourism competitiveness across Ital-
ian provinces between 2017-2019 and 2021-2023. Using spatial Shift-Share analy-
sis and a Continuation Ratio Mixed-Effect Model, the research identifies shifts in
provincial performance and the factors influencing competitiveness. Results high-
light a decline in well-known destinations and improvements in lesser-known ar-
eas. The analysis reveals that both demand and supply factors, such as reduced air
pollution and the presence of protected areas, positively influenced green tourism
competitiveness, while provinces with high foreign tourism flows faced challenges
in improving their position.

Key words: Green tourism, Spatial Shift-Share, Continuation Ratio Mixed model

1 Introduction

Green tourism has recently emerged as a sustainable alternative to traditional
tourism, promoting ecological preservation and fostering socioeconomic develop-
ment (Huynh et al., 2022; Zhang et al., 2015). From a policymaker’s perspective,
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supporting sustainable tourism development hinges on understanding a region’s
competitiveness relative to both the national economy and competing regions in
offering eco-friendly, nature-based services. In this regard, Shift Share Analysis
(SSA) (Dunn, 1960; Esteban-Marquillas, 1972) has been used to evaluate regional
competitiveness by decomposing changes in an economic variable into national
growth, industrial mix, and competitive effects. Here, we propose to use a spatial
SSA formulation to analyze the competitiveness of Italian destinations in attracting
foreign green tourists by incorporating spatial spillover. We use data on inbound
green tourism from the International Tourism Survey of the Bank of Italy. Specifi-
cally, we focus on the number of bed nights spent by tourists taking a green vacation
during the two periods of 2017–2019 and 2021–2023 in order to compare growth
trends before and after the pandemic. The spatial SSA formulation allows us to de-
compose foreign tourism growth into national, regional, and local contributions and
rank provinces. Subsequently, we apply a Continuation Ratio Mixed Effects Model
(CRMEM) (Agresti, 2012) to examine how factors such as environmental certifica-
tions, cultural assets, and infrastructure influence improvements in ranking between
the two periods. In the second phase, we used data about Arrivals and Presences,
Environmental data, and Accommodation Establishments from ISTAT and ISPRA.

2 Methods

In order to identify the sources of changes of green tourism in the Italian provinces,
we rely on a Spatial Shift-Share decomposition proposed by Costantino et al. (2021),
that distinguishes net competitiveness and allocation effects incorporating spatial
dependencies. Especially, the growth is decomposed into National-Share (NS) and
Industrial-Mix (IM) as for the classic SSA, and Neighbour-Nation Competitive
Effect (NNCE) and Neighbour-Nation Allocation Effect (NNAE), alongside the
Region-Neighbour Competitive Effect (RNCE) and Region-Neighbour Allocation
Effect (RNAE), allowing a more comprehensive analysis of regional green compet-
itiveness growth. The decomposition is given by:

Δyr =∑
i=1

yirt gn

︸ ︷︷ ︸
NS

+∑
i=1

yirt(gin −gn)

︸ ︷︷ ︸
IM

+∑
i=1

ŷirt(g̃ir −gin)

︸ ︷︷ ︸
NNCE

+ (1)

∑
i=1

(yirt − ŷirt)(g̃ir −gin)

︸ ︷︷ ︸
NNAE

+∑
i=1

ŷ∗irt(gir − g̃ir)

︸ ︷︷ ︸
RNCE

+∑
i=1

(yirt − ŷ∗irt)(gir − g̃ir)

︸ ︷︷ ︸
RNAE

where ŷirt and ŷ∗irt are homothetic values based on national and neighboring in-
dustrial structures, and g̃ir is the spatially weighted growth rate for sector i. This de-
composition highlights whether regional growth is driven by local competitiveness
(RNCE) or sectoral allocation (RNAE), while considering national and neighboring
effects. Looking at RNCE and RNAE, we classify the provinces into four cate-
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gories: Worst, Potential Worst, Potential Best, and Best performers. That enables us
to rank provinces and consequently to explore by means of CRMEM how provincial
characteristics influence the likelihood of moving to higher green competitiveness
classes before and after the COVID-19 pandemic. The model is specified as:

logit [Pr(Cit = k |Cit ≤ k)] = αk +β�Xit + γi, (2)

where Cit represents the competitiveness category for province i at time t (the
two periods), αk is the category-specific intercept, β is a vector of covariate effects
(Xit ), and γi captures random effects. The covariates matrix Xit include environmen-
tal factors such as air pollution (i.e., amount of Nitrogen Dioxide) and the density
of protected areas, and tourism infrastructure (e.g., share of agritourism over total
number of accommodations and foreign arrivals over total arrivals). The time-period
variable allows us to explore how covariates’ effects change before and after the
pandemic.

3 Results

The analysis reveals significant changes in the competitiveness of green tourism
in Italian provinces between 2017-2019 and 2021-2023. Using a spatial shift-share
approach, in Figure 1 we observe a general decline in green tourism competitive-
ness, especially in the North-East and Centre of Italy, where many provinces transi-
tioned to lower competitiveness categories. Best Performers, such as Aosta, Rimini,
and Modena, lost their positions, while lesser-known destinations such as Catan-
zaro, Cosenza, and Crotone emerged as new leaders post-pandemic. The number of
Potential Best Performers decreased, with 34% becoming Worst Performers, em-
phasizing a reshuffling of competitiveness. Spatial spillovers show a shift, with re-
gions like Sardinia and parts of Calabria benefiting from neighboring advantages,
while negative spillovers diminished, suggesting a reduced regional disadvantage
effect. The CRMEM results show that the interaction of environmental factors with
the post-pandemic period highlights the evolving dynamics: the air pollution vari-
able alone is not significant, but its interaction with the post-pandemic period re-
duces competitiveness (odds ratio: 0.9081). Protected areas show a slight positive
post-pandemic effect (odds ratio: 1.0359), and high agritourism concentration nega-
tively impacts competitiveness, particularly in saturated markets (odds ratio: 0.361).
Foreign tourism dynamics reveal challenges, with moderate to high tourist inflows
(1stQ-3rdQ) negatively affecting post-pandemic competitiveness (odds ratios: 0.129
and 0.241).

By combining SSA and CRMEM, this work provides a comprehensive under-
standing of Italian provinces’ changes regarding green tourism competitiveness be-
fore and after the pandemic periods showing significant spillover effects. In addition,
results show that improvements in the regional competitiveness ranking are affected
by changing tourist preferences, such as tourists’ attention to environmental quality
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Fig. 1 Green Tourism. Province/Neighbourhood competitiveness and allocation components: (a)
Period 2017 - 2019, (b) Period 2021 - 2023.

and destination’s popularity (i.e., overcrowding). Summing up, the analysis points
out that the protection and maintenance of sustainable environments and the balance
of tourist flows across neighboring destinations are key factors for fostering regional
competitiveness in green tourism.
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Firm Resilience to Exogenous Shocks: The
Impact of Gender Diversity in Leadership

Furio Urso, Cristina Leone, Pasquale Massimo Picone and Maria Francesca
Cracolici

Abstract The study examines the resilience of European-listed firms to exoge-
nous shocks focusing on the impact of gender diversity in the board and execu-
tive leadership. Using a Dynamic Panel Model for the period 2014-2023, we ana-
lyze the effect of U.S. and China trade war (2017–2018) and the COVID-19 pan-
demic (2020–2023) shocks, and we measure firm resilience as deviations between
observed and counterfactual price trends.

Key words: Firm Resilience, Gender Diversity, Exogeneous Shocks, Dynamic
Panel model

1 Introduction

Nowadays, firms have frequently to cope with exogeneous shocks requiring time-
liness capabilities to maintain or improve their performance. Hence, firm resilience
has become an important topic in management and organizational research (Iftikhar
et al., 2021; Conz & Magnani, 2020). Literature has focused on main factors at sup-
ply chain (e.g., Iftikhar et al., 2021) and firm level (e.g., Ortiz- de-Mandojana &
Bansal, 2016). As concerns the firm level, a stream of literature accounts for the
role of leadership in shaping resilient firms, considering aspects such as the gender
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diversity in the board (Azeem et al., 2023; Triana et al., 2014) and executive lead-
ership (e.g., in CEOs’ roles; Shropshire et al., 2021). In line with this literature, our
study aims to explore whether gender diversity in board and executive leadership
impacts firm resilience. Using closing prices as a measure of firms’ performance,
we estimate a dynamic panel model (DPM) to capture firm-specific and industry-
level dynamics. Resilience has been measured as the difference between the actual
closing prices and the counterfactual trends. On the basis of the time plot graph on
closing prices, we identified three phases: i) a first crisis phase in the 2017-2018
period; ii) a subsequent recovery phase in the 2018-2020 period corresponding to
the U.S.-China trade war; and iii) a second crisis phase in the 2020-2023 period
corresponding to the COVID-19 pandemic. The analysis has been performed on a
sample of 485 European-listed firms for the period 2014-2023.

2 Models

We examine the impact of gender diversity in the board and executive leadership on
firm resilience through a counterfactual analysis, following a step-wise approach:
(1) estimating closing prices using a Dynamic Panel model; (2) computing counter-
factual closing prices based on post-shock average growth rates by NACE sectors;
and (3) measuring resilience as the difference between actual and counterfactual
closing prices, linking it to firm-specific gender diversity.
In the first step, closing prices Yt are estimated using the Difference Generalized
Method of Moments (GMM) (Hansen, 1982). Specifically, it has been assumed that
the difference in logarithm of closing price depends on its lagged differenced value,
as well as key financial ratios, such as Operating Margin (OMit ) and Assets Turnover
(TOit ), which reflect the firm’s operational efficiency. The model is specified in
Equation 1 as:

Δ ln(Yit) = αΔ ln(Yi,t−1)+β1ΔOMit +β2ΔTOit +Δεit (1)

where Yit is the closing price at time t for firm i, OMit is the Operating Mar-
gin, and TOit is the Assets Turnover at time t. The error term εit is decomposed as
εit = μi +ηit , where μi is the time-invariant firm-specific effect removed through
the difference specification and ηit is the idiosyncratic error term. The DPM is par-
ticularly appropriate for our data, where the closing price is expected to exhibit
persistence over time, and we need to account for both individual effects and poten-
tial endogeneity arising from the lagged dependent variable and other covariates. 1

In the second step, to estimate the closing prices in the absence of the 2017–2018
shock, we simulate the model covariates under a no-shock scenario. Specifically,
we hold values from 2014 to 2017 constant and project post-2017 values using the
median sector-specific growth rates for EBIT, Net Sales, and Total Assets. The coun-

1 The model satisfies Hansen test for instrument validity (p-value = 0.166) and Arellano-Bond test
for absence of autocorrelation in errors (p-value = 0.074)
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terfactual covariates are used to compute new values for Operating Margin (OP∗)
and Assets Turnover (TO∗) that allow to obtain the counterfactual closing prices
through the DPM:

lnŶit = (1+α) lnŶi,t−1 −α lnŶi,t−2 +β1ΔOP∗
i,t +β2ΔTO∗

i,t +Δεi,t (2)

This provides an alternative growth path for each firm, represented by the coun-
terfactual closing price time series.

As concerns the third step, we analyze firm resilience during the three distinct
periods: the first crisis period (2017–2018), the recovery period (2018–2020), and
the second crisis period (2020–2023). This measure is computed in Equation 3 as
followed:

Ri =
ΔŶit −ΔYit

Yi0
(3)

Where, for each firm i, ΔYit is the variation of the actual closing price in period
t and ΔŶit is the variation of the counterfactual closing Price. The resilience Rt in
each period is modeled using linear regressions.

Rt = γ0 + γ1Xt + εt (4)

where Xt represents a vector of covariates for each period, which includes a score
of gender diversity among executive managers (EGD); a score of gender diversity in
the Board of Directors (BGD); the Social Pillar Score representing the firm’s social
responsibility (SPS); a binary variable indicating the presence of a succession plan
for executive leadership in the event of unforeseen circumstances (SP); the propor-
tion of independent members on the Board IBM; the total number of members on
the Board of Directors (BS); a dummy variable of Industry Profitability (measured
as Return On Investment) indicating that a firm is more profitable than the median
value of the reference sector (IndProf ); a dummy variable of Industry Productivity
(measured as the ratio of net sales to full-time employees) indicating that a firm is
more labour intensive than the median value of the reference sector (IndProd).

3 Results and Discussion

Table (1) presents OLS estimates of resilience models (Eq(4)). The results indi-
cate a significant positive impact of gender diversity on firm resilience during the
US-China trade war, with both Board Gender Diversity (BGD) and Executive Lead-
ership Diversity (EGD) enhancing resilience. In the recovery phase, only BGD re-
mained significant, while board size and productivity emerged as critical factors.
During the pandemic, gender diversity had no significant effect, with succession
planning and financial stability playing a more decisive role.
These findings underscore that gender diversity strengthens resilience in times of
economic uncertainty, but its impact varies by shock type and hierarchical level.
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Additionally, robust financial performance and succession planning are essential for
managing recurring exogenous shocks.

Table 1 Regression Results
Variable Crisis 2017–2018 Recovery 2018–2020 Crisis 2020–2023

Estimate Std. Error p-value Estimate Std. Error p-value Estimate Std. Error p-value
Intercept 0.131574 0.160869 0.4143 0.627967 0.224637 0.00564** 0.461286 0.581708 0.42880
BGD 0.251720 0.130724 0.0554. 0.460559 0.201781 0.02341* -0.427748 0.548604 0.43656
EGD 0.176582 0.105105 0.0943. -0.047547 0.141105 0.73646 0.266756 0.291351 0.36107
SP TRUE 0.001661 0.069436 0.9809 -0.061273 0.089311 0.49340 0.555926 0.168700 0.00118**
IBM 0.001065 0.001450 0.4636 -0.003932 0.002090 0.06128. -0.001348 0.004068 0.74072
BS -0.022217 0.010127 0.0293* -0.036032 0.014064 0.01108* 0.023733 0.028237 0.40171
SPS -0.001011 0.001539 0.5120 0.001034 0.002093 0.62178 -0.005527 0.003897 0.15771
IndProf 0.068387 0.062260 0.2732 -0.129797 0.081177 0.11126 0.017296 0.167503 0.91787
IndProd -0.066257 0.063627 0.2988 -0.154454 0.084141 0.06775. -0.349164 0.168906 0.04010*
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Recostructing climate change awareness survey
data using socio-economics and geographical
information

Gianpaolo Zammarchi

Abstract Spatially clustered regression is a recently developed methodology that
combines clustering and regression in order to provide region-specific predictions.
In this work, we applied spatially clustered regression to predict climate change
awareness in countries not included in a survey conducted across approximately 110
countries or world areas. We are using socio-economics and geographical informa-
tion to train models capable of estimating awareness after assessing the underlying
relationships at regional level. Estimating a global level of awareness about climate
change is crucial to assess the knowledge of this problem across the world before
policies, collaborations and plans can be effectively implemented.

Key words: spatially clustered regression, climate change, awareness imputation

1 Introduction

Linear regression is a simple yet powerful tool for analyzing the relationship be-
tween a dependent variable and one or more independent variables. In this work
we will focus on cluster regression and specifically on spatially clustered regression
(SCR).

Generally speaking, cluster regression is a statistical modeling technique that
takes into consideration the existence of groups of homogeneous observations in
the data. The relationship between the dependent and independent variables may
differ according to the subgroups to which the data points belong to. Finding these
groups and estimating distinct regression models for each group is the aim of cluster
regression. SCR is a method that combines regression models with clustering, under
the assumption all the geographical locations that are close in space can share the
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same cluster. Therefore, the regression coefficients obtained for a cluster are valid
for all countries in the same cluster [1].

In our study, we decided to use a large-scale survey promoted by Yale researchers
in collaboration with Meta that originally provided data for 110 countries in the
world [2]. Unfortunately, some countries were not involved in the survey and there-
fore the levels of awareness were not available. However, it is possible to use SCR to
estimate the potential awareness values for countries not involved in the survey. As-
sessing and possibly monitoring people’s levels of awareness about climate change
is of fundamental importance to continue to pressure governments and supranational
organizations to adopt measures to reduce greenhouse gas emissions and encourage
virtuous behavior also by individuals. Since awareness levels for some countries
might not be available for several years, the aim of this work is to provide reliable
estimates of what these values could be in order to understand the current situation
within these countries.

2 Background

SCR divides data into clusters based on shared characteristics in order to create
regression models that account for spatial heterogeneity. Several approaches have
been proposed in the literature to address the challenge of capturing spatial hetero-
geneity by estimating local models on subsets of data centered around a specific
location. For instance, Lee and colleagues [3] proposed a method based on geo-
graphically weighted regression and applied it to a cancer mortality data set.

Li & Sang [4] proposed a computationally efficient method for detecting spa-
tially clustered patterns in regression coefficients using a combination of spatial
neighborhood information and regularization techniques.

Lastly, Fu and colleagues [5] used a smoothing method to obtain the asymp-
totic covariance matrices of the parameter estimators and prove the asymptotically
unbiasedness of the induced estimating functions. Their approach consisted in the
creation of covariance matrices for both between cluster estimators and within clus-
ter estimators, along with a combined estimator of the within-cluster correlations.
When applied to a data set of randomized clinical trials, the method showed good
computational efficiency and stable results.

3 Methodology

In this section we illustrate how we created the data set for the analysis and provide
an explanation of the methods used to carry out these analysis.
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3.1 Data set

The awareness levels were obtained by collecting the answers given to a survey
administered in 2022 by researchers at Yale University in collaboration with Meta
[2]. The outcome variable was obtained as the number of respondents who answered
positively to the question on awareness of climate change in the survey. The socio-
economics and geographical information used as predictors in the regression models
were collected from the following sources: Our World in Data, Penn World Table,
Global Carbon Atlas, and Climate Change Knowledge Portal.

3.2 Spatially clustered regression

SCR is a modeling approach that finds clusters in geographically-related data, where
the relationship between predictors and the response variable is assumed to be the
same within each cluster. The main goal is to fit different regression models for
each of the K clusters. Notationally, consider a response variable Yi and p predictors
Xi = (Xi1,Xi2, . . . ,Xip)

� observed at location i. In SCR’s formulation the relation-
ship between Yi and Xi is the same as that of a linear regression model:

Yi = X�
i βC(i) + εi, εi ∼ N(0,σ2)

where C(i) indicates the cluster for location i, β is the vector of regression coef-
ficients specific of cluster C(i), and εi is the error term. The clustering is obtained
by minimizing an objective function that combines within-cluster error and spatial
heterogeneity as in Equation 1:

L =
K

∑
k=1

∑
i∈C(i)

(Yi −X�
i βC(i))

2 +φ ∑
i< j

wi jI[C(i) =C( j)], (1)

where φ is a parameter controlling for the strength of spatial correlation.

4 Results

The analysis is still in a preliminary phase. Figure 1 shows a clustering of the coun-
tries based on the climate change awareness level. A three cluster solution shows
a strong effect of geographical proximity, with a purple cluster mainly including
European countries, a green cluster including South American and Asian coun-
tries and a yellow cluster mostly including South American and African countries.
SCR analysis is ongoing and will allow to compare clusters obtained using both
geographically-related and socioeconomic predictors, as well as to obtain country-
specific predictions.
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Fig. 1 Countries clustered based on their awareness levels
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