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Abstract

This thesis is developed as a collection of three independent chapters/papers and
studies how productivity differences emerge and persist across firms and places,
with a focus on industrial clustering and agglomeration. The first paper devel-
ops an empirical framework based on bipartite network representations of firms to
characterize local productive structures of innovative startups in Lombardy. The
second paper develops a deep clustering pipeline to perform bootstrap analysis of
high-tech firms in Lombardy. The third paper links micro-level firm information to
meso- and macro-level patterns of specialisation, the analysis identifies regularities

in diversification and analyses their impact on the labour productivity.

Keywords: economic statistics, spatial statistics, GeoAl, spatial bootstrapping,
spatial machine learning, economic complexity, bipartite networks, firm dynamics,

deep clustering, firm productivity.
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I use maps to find out where explorers
have already been. Then I go the other
way.

— Expedition Map

Introduction

1.1 Motivation and research problem

Economic systems are complex, spatially embedded arrangements of heterogeneous
agents, organisations, and technologieszo’%’Z%. Firms combine workers, capital, and
knowledge to produce goods and services; regions and countries aggregate these
micro level activities into emergent patterns of specialization, diversification, and
growth>%138:217 The structure of these systems is shaped by geography, institutions,
and history, and it evolves through processes of innovation, imitation, entry and

2,109,273

exit, migration, and structural change Understanding how such systems

operate and transform over time is a central concern of economic statistics, economic
geography, regional science and spatial econometrics 149283,

Historically, the study of economic development and structural change has os-
cillated between relatively aggregate representations of the economy focused on
sectors, factors, or representative agents and more granular views that emphasise
heterogeneity, networks, and spatial detail''%?7_ Classical and neoclassical theo-
ries of trade and growth conceptualised countries as combinations of factors and
technologies, with comparative advantage driven by differences in endowments or

productivity 167311340,

Dual economy models and structuralist approaches high-
lighted the coexistence of traditional and modern sectors, often with distinct spatial

footprints 72232, New growth theory brought ideas and human capital to the fore-

1



1.1. Motivation and research problem

t239,314

fron , while new economic geography formalised the role of increasing returns,

transport costs, and market size in shaping the spatial concentration of activity '4%-217,

In parallel, a large body of work in urban and regional economics, spatial
statistics, and economic geography has examined how agglomeration economies,
knowledge spillovers, and local institutions shape the distribution of firms and work-
ers across space 97152249 A Jongstanding empirical tradition within this literature
measures regional specialisation and industrial concentration by comparing sectoral
shares across territorial units, using indicators such as location quotients and re-
lated concentration/diversification indices (e.g., Gini, Theil, Herfindahl-Hirschman,
Krugman, Ellison—Glaeser). Recent systematisations stress, however, that these in-
dicators conflate distinct concepts: sectoral concentration, geographical concentra-
tion, within-region agglomeration, and specialisation as “uniqueness”; and that an
integrated view requires considering both sectoral and spatial dimensions, ideally
combining cluster-based measures with approaches that exploit geocoded micro-
data®!!,

At the same time, improvements in data availability and computational power
have made it feasible to analyse large micro-level datasets on firms, workers, and

113.361 " These developments

trade flows, often with precise geographic information
have opened new possibilities, but they also pose new methodological challenges.
Traditional econometric models struggle with the scale, dimensionality, and com-
plexity of modern microdata®?, while Machine Learning (ML) methods that can
cope with such data often lack the tools for rigorous inference and uncertainty quan-
tification in spatially dependent settings>+%%3. Moreover, even when the object of
interest is “specialisation”, inference is complicated by the fact that standard indices
are typically computed on discrete spatial aggregations, making results sensitive
to zoning choices and hiding within-area clustering patterns, precisely the spatial
dimension that theories of agglomeration emphasise.

A particularly influential development in the last fifteen years has been the rise
of the economic complexity literature, which proposes network-based indicators of
the knowledge intensity of economies based on the structure of their exports and

170,171 Tmportantly, these measures from statistical physics can be read

production
as a refinement of the older specialisation indices coming from economics literature
in the statistical framework. They start from the same core object: an economy-by-
activity matrix that is first normalised into relative advantage or intensity measures
(akin to location quotients and Balassa-type indices) and then transformed through
nonlinear, iterative mappings to extract higher-order information about diversifica-
tion, ubiquity, and capability composition®*°. In this view, countries and regions

are not simply bundles of sectors, but ensembles of capabilities, and development is

Alessio Bumbea 2



1.1. Motivation and research problem

understood as a process of accumulating and recombining these capabilities 2264,

Economic complexity metrics have been shown to correlate with growth, diver-

sification patterns, and a range of socio-economic outcomes 516>

, and they have
inspired new approaches to industrial and regional policy3!. However, most of this
work remains at relatively aggregate scales, and the micro-foundations of capability
accumulation in terms of firms, workers, and local labour markets are still being
explored .

In parallel, recent years have seen the emergence of spatial data science and
Geospatial Artificial Intelligence (GeoAl), which bring together ideas from Geo-
graphic Information System (GIS), spatial statistics, and modern ML'%7. These
approaches exploit the richness of geocoded data to fit flexible models of spatial

150

phenomena"~". Yet, when applied to economic microdata, they raise delicate issues.

Spatial autocorrelation can lead to overly optimistic validation if ignored3!2, spa-
tial heterogeneity and non-stationarity challenge simple parametric assumptions>°,
and high dimensional firm-level covariates call for methods that can learn useful
representations without losing interpretability '%°. Most importantly for the present
work, there is limited guidance on how to perform bootstrap-based inference and
uncertainty quantification when data are both high-dimensional and spatially depen-
dent 160:224

This thesis contributes to these debates by developing and applying ML-based
methods for the analysis of spatially embedded productive structures. Empirically,
it focuses on the high-tech and innovative business ecosystem of the Lombardy
region in Italy. More concretely, the thesis develops a methodological "recipe” that
links the ingredients introduced above: it represents productive structures by jointly
considering what firms do (activities, capabilities, and networks) and where they
do it (multi-scale spatial contexts, from neighbourhoods to regions); it uses modern
ML to learn interpretable representations of high-dimensional firm-level data while
preserving these discrete and spatial relations; it provides uncertainty quantification
strategies tailored to spatially dependent and high-dimensional settings, so that
empirical patterns (clusters, embeddings, and network structures) can be assessed
rather than taken at face value. Across the chapters, this logic is instantiated through
spatially aware clustering, bipartite graph encodings of multiple partition solutions,
and spatial bootstrap schemes. The overarching goal is to produce reproducible,
policy-relevant maps of regional productive structures while contributing tools that

can be reused whenever rich geocoded economic microdata are available.

Alessio Bumbea 3



1.1. Motivation and research problem

1.1.1 Structure of the thesis

The thesis is organised as follows.

* Chapter 1 This introductory chapter presents an overview of the state of the
art and themes that will be presented in this thesis. The rest of the thesis will
be developed as a collection of papers that will be presented one after the other

in three chapters, that constitute the core of this thesis.

* Chapter 2 develops a graph-based ensemble clustering framework for inno-
vative startups in Lombardy. Spatial bootstrap resampling is used to generate
multiple clustering solutions, which are encoded in a bipartite graph between
firms and cluster labels. Bipartite Louvain community detection (biL.ouvain)
is applied to obtain stable, consensus clusters. The chapter analyses the spatial
and sectoral structure of these clusters and relates them to measures of firm

performance and innovation.

* Chapter 3 moves from micro to macro scales by linking workers, firms, and
hexagonal regions in Italy. Using linked employer—employee data, export-
based complexity metrics, and a hexagonal grid representation of territory,
it examines how worker diversity, firm productivity, and regional complexity
co-evolve across spatial scales. The chapter quantifies the specialisation—
diversification trade-off as one moves from firms to local clusters and larger
regions and discusses the implications for economic complexity and smart

specialization policies.

* Chapter 4 introduces a Spatial ML pipeline for firm-level productivity anal-
ysis in the Lombardy high-tech ecosystem. It presents the data, describes
the construction of entity embeddings and deep clustering-based strata, and
details the stratified spatial bootstrap procedure. The chapter compares uncer-
tainty estimates and variable importance obtained under different resampling

schemes and discusses the implications for spatial ML practice.

* Conclusion summarises the main findings of the thesis, reflects on its method-
ological and empirical contributions, and outlines avenues for future research,
including extensions to other regions, integration with causal inference frame-
works, and the application of graph neural networks and other advanced ML

methods to spatial economic complexity.

The following sections will introduce the elements shared by the papers presented

in the following chapters: the importance of the spacial component in statistical and
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economical analysis, the context that allowed the development of this thesis and the
sources of the data used, an overview of the methodologies implemented and an

introduction to Economic Complexity.

1.2 Economic complexity, complexity science, and multi-

scale capabilities

1.2.1 Historical perspectives on development and structural change

The modern concept of economic complexity emerges against a rich historical
backdrop. Classical political economists such as Smith, Ricardo, and Mill already
recognised that the wealth of nations is tied not only to factor endowments but
also to the division of labour, the accumulation of skills, and the adoption of new
techniques>>7-31133% Ricardo’s theory of comparative advantage focused on relative

productivity differences across sectors and countries>!!

, while Smith emphasised
specialisation and the extent of the market as engines of productivity growth3%.
Subsequent structuralist and developmentalist thinkers, including Lewis, Prebisch,
and Hirschman, stressed the role of structural transformation, forward and backward
linkages, and the uneven diffusion of industrial capabilities ! 72232304,

Post-war development economics focused on the shift from agriculture to man-
ufacturing, on the dynamics of dual economies, and on the role of trade and indus-

232,304

trial policy . Models of balanced and unbalanced growth captured different

views on how investment and policy could trigger virtuous cycles of industrialisa-
tion 72278315 " At the same time, data limitations constrained empirical analyses
to relatively coarse sectoral classifications and aggregate indicators such as Gross
Domestic Product (GDP) per capita, capital-output ratios, or simple measures of
export structure.

With the advent of new growth theory and endogenous growth models, attention
shifted to ideas, human capital, and innovation. Romer-style models emphasised
knowledge accumulation and variety expansion®'#; Lucas highlighted human cap-
ital and externalities from skill accumulation?®”; Aghion and Howitt formalised
Schumpeterian creative destruction*. While these models brought technology and
knowledge to the centre of growth analysis, their empirical implementation often
relied on aggregate proxies such as Research and Development (R&D) expenditure,
patent counts, or schooling rates. They also retained relatively simple representa-
tions of technology and production, typically involving a small number of sectors or

a continuum of symmetric varieties>3%314,

Alessio Bumbea 5



1.2. Economic complexity, complexity science, and multi-scale capabilities

In this context, the economic complexity literature can be seen as part of a
broader move towards measuring the structure of economies in a more granular,
combinatorial way. Rather than focusing only on the volume of production or trade,
it asks what 1s produced and exported, and how these activities relate to each other

in a high-dimensional space of capabilities'7%171,

This approach resonates with
earlier ideas about structural change and industrialisation, but it brings new data and
network-based tools to the table. Parallel to these developments, a growing strand of
research in international trade and macroeconomics has emphasised how granular
production structures, input—output linkages, and sectoral interdependencies shape
aggregate outcomes such as productivity, volatility, and development!?>178 ~ Al-
though not always framed explicitly in terms of economic complexity metrics, this
literature shares a core concern with the internal structure of economies and the
network mechanisms through which shocks and opportunities propagate.

At the same time, the Harvard Growth Lab has played a central role in sys-
tematising and popularising the economic complexity approach to development.
Building on the product space framework and a family of economic complexity
measures (discussed in detail in Subsection 1.2.4), researchers associated with the
Growth Lab have combined high-dimensional trade data, network methods, and
development diagnostics to study structural transformation, diversification paths,

164.165.171 " Thjs work has been

and the constraints faced by developing economies
particularly influential in linking economic complexity to policy-oriented analyses

of industrial upgrading and long-run development prospects.

1.2.2 The rise of complexity science and complexity economics

The economic complexity literature is closely linked to the broader field of complex-
ity science, which studies systems composed of many interacting elements whose
collective behaviour exhibits emergent properties that cannot be reduced to the sum
of the parts®1732? Early conceptual foundations for complexity were laid in physics
and biology. Ideas such as emergence, broken symmetry, self-organisation, and hi-
erarchical structure challenged strictly reductionist approaches and highlighted the
importance of interactions, feedbacks, and adaptation®173.

From the 1980s onwards, dedicated research centres for complex systems sci-
ence played a central role in consolidating this perspective. The Santa Fe Institute
(SFI) in New Mexico became a flagship institution for interdisciplinary complex-
ity research3??, bringing together physicists, biologists, computer scientists, and
social scientists to study phenomena such as adaptive computation, self-organising

systems, and scaling laws in biology and cities. Complexity science at SFI is charac-
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terised by a combination of mathematical modelling, computational simulation, and
data analysis, with an emphasis on universal principles that cut across domains>>°.

In economics, complexity ideas have given rise to what is now often called com-
plexity economics. Rather than modelling the economy as a system in equilibrium
populated by representative agents, complexity economics views the economy as a
complex adaptive system composed of heterogeneous agents who interact locally
and learn over time?!3>2. Agent-based models, network models, and non-linear dy-
namical systems are used to study phenomena such as financial crises, technological
change, inequality, and macroeconomic fluctuations 332,

This perspective overlaps historically with evolutionary economics and the tra-
dition of innovation studies, which emphasise routines, learning, and selection as
drivers of industrial dynamics and long-run development®’>?’#. In Europe, these
ideas have been developed and empirically operationalised within communities
such as SPRU at the University of Sussex (Chris Freeman, Martin Bell)41’136, the
Sant’Anna School in Pisa (Giovanni Dosi and collaborators)!?!, and MERIT at

Maastricht University (Luc Soete and colleagues) '3’

, helping to connect complex-
systems thinking with evidence on technological change, innovation systems, and
structural transformation. The Institute for New Economic Thinking (INET) at the
Oxford Martin School, and in particular its Complexity Economics programme,
is one of the main hubs for this line of work!”. Tt applies tools from complex
systems science—network analysis, agent-based modelling and ML?%* to economic
questions ranging from climate policy to supply shocks®* and firm-level production
networks?’.

Within this broader landscape, economic complexity occupies a distinctive po-
sition at the interface between complexity science and applied development eco-
nomics. While early contributions emerged from interdisciplinary environments
such as SFI, subsequent work has increasingly been embedded in leading economics
departments and policy institutions. In Europe, the Toulouse School of Economics
represents an important node in this transition, where tools from network anal-
ysis and granular data are integrated into empirically grounded models of trade,
production networks, and macroeconomic fluctuations 3.33

In the United States, the Harvard Growth Lab has served as a key institutional hub
for economic complexity research, bridging academic work and policy practice. Its
research agenda combines ideas from complexity science, such as emergence, path
dependence, and non-linear diversification dynamics, with development diagnostics
and country-specific policy analysis. This positioning has contributed to the diffu-
sion of economic complexity concepts beyond academia, influencing international

organisations and development agencies 13196,
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In Europe, the Complexity Science Hub Vienna (CSH) provides another impor-
tant node in the global complex systems network®?. CSH focuses on data-driven
complexity science, using massive administrative and digital datasets to study topics
such as health, mobility, finance, and economic resilience®2. In particular, it has
contributed to the literature on transforming economies, supply chain complexity 24,
multilayer networks*° and the resilience of economic systems to shocks®>. Together,
centres such as SFI, INET Oxford, and CSH Vienna have helped legitimise complex-
ity approaches across disciplines and have created an institutional ecosystem within
which economic complexity, network science, and data-rich empirical applications
can flourish®%179:322,

Economic complexity sits at the intersection of these developments. It borrows
from network science the tools to represent economies as bipartite graphs linking
places and activities; from complexity science it borrows the idea that macroscopic
outcomes such as development and resilience emerge from the configuration of
microscopic capabilities and interactions; and from complexity economics it borrows

an interest in heterogeneity, path dependence, and non-linear dynamics>"-!"!.

1.2.3 The Enrico Fermi Research Center and the statistical physics

tradition in economic complexity

A distinctive intellectual lineage within the economic complexity literature origi-
nates from the research programme developed at the Enrico Fermi Research Center
(CREF) in Rome. This contribution is best understood as part of a broader historical
movement that applies concepts and methods from statistical physics to economic
and social systems, rather than as a purely technical extension of trade-based com-
plexity metrics.

The roots of this approach can be traced to earlier work by Luciano Pietronero
and collaborators on scaling laws, universality, and collective phenomena in complex
systems. Drawing inspiration from statistical mechanics, this line of research em-
phasised that many macroscopic regularities observed in social and economic data,
such as power laws, hierarchical organisation, and strong heterogeneity, can emerge
from the interaction of many simple units without central coordination??>2%. This
perspective challenged equilibrium-based and representative-agent models by high-
lighting non-linearity, irreversibility, and emergent structure as defining features of
socioeconomic dynamics.

When these ideas were brought to bear on international trade and production,
they led to a reinterpretation of development as an emergent property of com-

plex productive systems. In this view, countries are not characterised by isolated
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sectoral efficiencies but by their position within a high-dimensional network of
complementary capabilities. This conceptual shift motivated the introduction of the
Fitness—Complexity framework by Andrea Tacchella and collaborators>*°. Unlike
earlier linear measures of economic complexity, the fitness approach was explicitly
designed to reflect the strongly non-linear and asymmetric nature of production
systems, in which the absence of a single critical capability can constrain otherwise
advanced economies.

A recurring theme in this body of work is the interpretation of economic complex-
ity indicators as relational and systemic quantities rather than as intrinsic attributes
of countries or products. Fitness and complexity are understood as co-evolving
outcomes of network structure, historical trajectories, and capability accumulation
processes 325:332.350.371,

From a history-of-thought perspective, this program represents a clear depar-
ture from both neoclassical trade theory and early endogenous growth models.
Rather than assuming smooth substitution between factors or symmetric technolog-
ical varieties, it foregrounds complementarity, irreversibility, and path dependence.
Development is conceived not as a movement along a stable production function but
as a process of structural exploration constrained by existing capability sets. This
interpretation resonates with earlier structuralist and evolutionary traditions, while
grounding them in a formal, data-driven framework inspired by complexity science.

An additional contribution of the Enrico Fermi group lies in its emphasis on
dynamics and historical sequencing. Several studies showed that changes in fitness
anticipate changes in income, suggesting that productive structure evolves prior to
observable improvements in aggregate economic performance?°’’!. This temporal
ordering reinforces the idea that development is a cumulative and historically con-
tingent process, shaped by the gradual accretion and recombination of capabilities.

Over time, the research agenda expanded beyond international trade to include
regional economies, environmental constraints, and broader notions of sustainabil-
ity 89:290,

ity framework to multiple spatial and thematic scales, while remaining faithful

These extensions reflect an ongoing effort to generalise the complex-

to its original conceptual core: the study of economic systems as evolving, non-
equilibrium configurations of interdependent capabilities.

Taken together, the contribution of the Enrico Fermi Research Center occupies
a distinctive place in the intellectual history of economic complexity. By embed-
ding development and production within the broader tradition of statistical physics
and complexity science, it has provided a conceptual bridge between network-based
empirical work and a deeper theoretical understanding of economic structure, emer-

gence, and historical change.
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1.2.4 Capabilities, networks, and complexity metrics

Economic complexity starts from the intuition that production requires capabilities:
broadly defined as the knowledge, skills, and organisational arrangements needed to

perform an activity !”!

. Individual capabilities are not directly observable, but their
combination leaves a trace in the pattern of activities performed by an economy. If a
country can export a product competitively, it is inferred to possess the capabilities
required for that product; if it can export many sophisticated products, it is likely to
have a rich capability base.

Operationally, this intuition is implemented through a bipartite network between
places (usually countries) and activities (usually products in which the country
has a Revealed Comparative Advantage (RCA)) 28 The structure of this network is
summarised by measures of diversity (the number of products a country exports) and
ubiquity (the number of countries exporting a given product). Early work showed that
richer countries tend to be more diversified and to export less ubiquitous products,
while poorer countries export few, common products. This observation motivated
the definition of Economic Complexity Index (ECI) and the Product Complexity
Index (PCI), which use iterative procedures to assign complexity scores to countries
and products 7!,

An alternative but related approach is the Fitness—Complexity algorithm, which
defines country fitness and product complexity through a set of coupled, non-linear

equations 4.

Highly fit countries are those that export many complex products;
complex products are those exported by few, highly fit countries. Both ECI/PCI
and Fitness—Complexity exploit the combinatorial structure of the country—product
network to infer hidden capability structures ”!34°. Empirically, these indices have
been shown to correlate with future growth, economic diversification paths, and
various indicators of social and environmental performance '>>163,

Subsequent work has extended and critiqued these measures. Alternative for-
mulations of complexity indices have been proposed, along with robustness checks
and comparisons across different product classifications and RCA thresholds '%.
Some studies have highlighted that different complexity metrics can yield different
rankings and have suggested principled ways to choose among them; others have
explored how complexity relates to income inequality, environmental indicators, or
regional development. In parallel, the methodology has been applied beyond trade
data, including to patent portfolios, scientific production, occupational structures,

272 These extensions reveal that the basic idea

and regional industry structures
of inferring hidden capabilities from observed place—activity bipartite networks is

widely applicable.
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From the perspective of this thesis, the key contribution of economic complexity
is to provide a language and a set of tools for thinking about development as the
accumulation and recombination of discrete capabilities, observable through the
pattern of activities in which an economy is engaged'”!. This perspective dovetails
with micro-level analyses of workers’ skills and firms’ product mixes, and it is
naturally expressed in terms of bipartite networks and clustering, connecting it to

the methods used in later chapters.

1.2.5 Related variety, diversification, and smart specialization

A closely related strand of research, arising in evolutionary economic geography,
is the literature on related variety and regional diversification. While economic
complexity focuses on the knowledge intensity of activities and the structure of
place—activity networks, related variety emphasises the cognitive and technological
proximity between industries and its implications for regional growth and diversifi-
cation>!138,

The starting point is the observation that regions can benefit from both spe-
cialisation and diversification, but in different ways. Specialisation in a particular
industry can generate localisation economies, such as specialised labour markets
and supplier networks, while diversification across unrelated industries can provide
portfolio insurance against sector-specific shocks. Related variety seeks to reconcile
these forces by distinguishing between diversification into related versus unrelated
activities 138, Empirical studies have shown that regions tend to diversify into indus-
tries that are related to their existing portfolio and that such related diversification is
associated with higher growth and innovation outcomes !38268,

These ideas have important policy implications. The European Union (EU)’s
smart specialization strategy, for example, calls on regions to identify areas of
competitive advantage based on their existing capabilities and to support diversi-

117,131,132

fication into related activities Rather than promoting the same set of

high-tech sectors everywhere, smart specialization emphasises place-specific path-

31 Economic

ways of structural change grounded in the local knowledge base'
complexity metrics and relatedness measures have been widely used to inform this
agenda by mapping the “product space” or “industry space” of nearby opportunities
for each region or country 163165170,

The thesis builds on this literature by examining how diversification and special-
isation play out across multiple spatial scales, from firms to hexagonal grid cells to
larger regions. It uses measures inspired by economic complexity and related variety

but applies them to micro-level data on workers and firms. In doing so, it connects
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macro-level patterns of diversification and complexity to the internal organisation

of firms and to the composition of local labour markets.

1.2.6 From macro indicators to firm-level microdata

Most empirical applications of economic complexity and related variety are con-

ducted at the level of countries, regions, or large cities '>17!

. This choice is partly
dictated by data availability (trade data, regional accounts, patent statistics) and
partly by the focus on macroeconomic outcomes such as GDP growth or regional
employment. However, the capabilities that underpin complexity and relatedness
are ultimately embodied in workers, organisations, and institutions. Firms combine
workers with different skills and educational backgrounds; they adopt technologies
and organisational routines; they engage in collaborations and networks. Similarly,
local labour markets mediate the match between workers and firms, shaping the
evolution of regional capability portfolios.

Recent work has started to bridge the gap between macro-level complexity
metrics and micro-level data. Studies using linked employer—employee datasets,
detailed occupational and educational classifications, and geocoded firm locations
have shown that the composition of the local workforce and the structure of firms’
skill requirements are strongly related to measures of regional complexity>’>. Other
contributions have analysed how firm-level diversification in products or technolo-
gies relates to corporate performance and resilience, using firm-level export data,
patent portfolios, or production networks.

Chapter 4 of this thesis contributes to this emerging literature by building a
multi-scale empirical framework that links workers, firms, and hexagonal regions in
Italy. Using a combination of firm-level productivity data, information on workers’
educational backgrounds, and export-based measures of product complexity, the
chapter investigates how patterns of diversification and complexity evolve as one
moves from individual firms to local clusters and larger regions. The use of a
hexagonal spatial grid allows for a flexible representation of economic space that
is independent of administrative boundaries, facilitating comparisons across scales
and mitigating issues related to the Modifiable Areal Unit Problem (MAUP).
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1.3 Thespatial dimension: regions, clusters, and firms

1.3.1 Historical roots of spatial analysis in economics

Economists and geographers have long been interested in the geographical aspect
of economic activity. Von Thiinen, Christaller, and Kosch’s early contributions
offered stylized models of land use and central place systems, emphasizing how
market access and transportation costs influence the locations of urban centers and
agricultural production 74238363 Marshall emphasised the role of industrial districts
and agglomeration economies, identifying three classic sources of local externalities:
a specialised labour pool, supplier networks, and knowledge spillovers?*°. Weber
developed a theory of industrial location based on transport and labour costs 36>,

In the late twentieth century, new economic geography formalised these ideas
using tools from industrial organisation and general equilibrium theory. Models
by Krugman, Fujita, Venables and others showed how increasing returns, monopo-
listic competition, and trade costs can generate agglomeration and core—periphery
structures '49-217,

A substantial body of empirical research on agglomeration, regional inequality,
and trade integration was spurred by these models, which offered a micro-founded
explanation for the spatial concentration of manufacturing and high-tech indus-
tries218:362

At the same time, improvements in GIS and spatial econometrics helped em-
pirical spatial analysis. Econometricians were able to account for geographically
correlated shocks and spillovers using spatial lag, spatial error models, spatial Durbin

models, and related speciﬁcations9’23 1

. To identify and characterize spatial auto-
correlation in cross-sectional data, spatial weights matrices, Moran’s I, and Local
Indicators of Spatial Association (LISA) were developed %262, GIS technologies
facilitated the integration of disparate spatial datasets and the visualisation of spatial
patterns 149,

Despite these developments, a lot of empirical research still used coarse grids or
administrative regions, and it frequently viewed space as a discrete set of units rather
than a continuous surface. Concerns about the selection of geographical scale and
aggregation, as summed up by the MAUP, persisted 283; especially when interpreting

estimated impacts or comparing findings between research.

1.3.2 Agglomeration, innovation, and spatial concentration

The spatial concentration of innovation and high-tech activity has been documented

in many countries and contexts. Silicon Valley and similar high-tech clusters are
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emblematic examples3?*, but more dispersed patterns of innovative activity can
also be observed in regions that specialise in particular industries or technologies .
The literature has identified several mechanisms that contribute to such clustering:
localisation economies associated with specialised supplier and customer networks;
urbanisation economies linked to diversified urban environments; and various forms
of knowledge spillovers that are facilitated by geographical proximity 97144,
Empirical studies have used a wide range of techniques to characterise these pat-
terns, from location quotients and Gini-type indices to distance-based measures of
spatial concentration and point pattern analysis '°®!13. Marked point processes and
spatial interaction models have been used to relate firm attributes to their spatial dis-
tribution®’. Recent work has emphasised the importance of distinguishing between
different types of agglomeration (e.g., industrial versus urban) and of accounting for
underlying spatial trends when assessing the significance of observed clusters '3243
In the context of this thesis, the key point is that the productive and innovative
fabric of Lombardy, and of Italy more generally, is far from uniformly distributed in
space. Historical, institutional, and infrastructural variables influence the concentra-
tion of high-tech companies and creative startups in particular corridors, cities, and
local systems'”7. Any attempt to model firm-level outcomes such as productivity,
or to identify clusters of startups, must therefore take the spatial structure of the data
seriously, both in the design of the analysis and in the interpretation of the results.
spatial error models, introduced spatially lagged dependent variables or error

terms to capture spillovers and correlated shocks®. The specification of spatial

1.3.3 The Italian and Lombardy productive system

Italy offers a particularly interesting setting for the study of Spatial ML. The country
is characterised by pronounced regional disparities, with a well documented North—
South divide in income, employment, and industrial structure 124 At the same time,
Italy hosts a dense fabric of Small and Medium-sized Enterprises (SMEs), many of
which are embedded in local production systems and industrial districts3’. These
districts specialise in a range of manufacturing activities and have historically played
a central role in Italian exports38.

Within Italy, Lombardy stands out as one of the most productive and innovative
regions. It hosts a large share of Italian manufacturing and business services, a
significant concentration of high-tech and knowledge-intensive firms, and major
universities and research centres?®0. Large cities like Milan and smaller industrial
towns coexist in the region, creating a complex mosaic of local systems with various

specializations and capacity profiles®®. Additionally, it is crucial to the success of
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Italian exports and the development of new business ventures, such as cutting-edge
startups in advanced manufacturing, digital technology, and life sciences®!.

The empirical focus of Chapters 2 and 3, which develop and apply new techniques
in bootstrap inference and cluster analysis using firm-level and startup-level data from

Lombardy, is motivated by this institutional and spatial setting.

1.3.4 Spatial scales, MAUP, and continuous space representa-

tions

A central methodological challenge in spatial analysis is the choice of spatial scale
and partition. Many datasets are organised according to administrative units (mu-
nicipalities, provinces, regions), which are convenient but often arbitrary from an
economic viewpoint. MAUP refers to the fact that statistical relationships can de-
pend on the choice of spatial aggregation and zoning 282?83, For example, measures
of concentration or spatial autocorrelation may differ if data are analysed at the
municipal level versus the provincial level, or if regions are redefined 4.

One way to mitigate these issues is to use geometric partitions of space, such
as regular grids, which are independent of administrative boundaries'**. Hexago-
nal grids, in particular, have attractive properties: they provide compact, uniform
coverage, each cell has the same number of neighbours, and distances between cell
centroids are relatively homogeneous*. Hexagonal indexing systems such as H3 al-
low for multi-resolution representations, where each cell can be refined into smaller
cells in a hierarchical fashion>’.

This thesis adopts a hexagonal grid representation of Italy to construct spatial
units that can be scaled up or down as needed. Firm locations are mapped onto
grid cells, enabling the construction of local labour market measures, firm densities,
and complexity indicators at multiple spatial resolutions. This approach facilitates
comparisons across scales and provides a flexible foundation for the multi-scale

analysis conducted in Chapter 4.

1.4 Data and institutional context

1.4.1 Official business statistics and the ASIA registers

A central data source underlying the empirical analyses in this thesis is the set of
Business Register (BR)s maintained by the Italian National Institute of Statistics
(Istat), in particular Statistical Archive of Active Businesses (ASIA). ASIA is the

official statistical register of active enterprises and local units in Italy'38. Tt is
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updated annually through the integration of multiple administrative and statistical
sources, including tax records, social security data, and specialised surveys, in line

with European standards for statistical BRs'?’.

The register covers enterprises
in industry and services and provides identifying information (such as location
and legal form) as well as structural variables (such as employment and industry
classification).

ASIA was established in the mid-1990s in response to European regulations on
BRs for statistical purposes and their subsequent harmonisation at the EU level 11°.
Since then, it has become the cornerstone of Italian business statistics. It serves as
the sampling frame for a wide range of structural business surveys, including surveys
on turnover in services, innovation, and research and development 184 1t is also used
to construct official statistics on the structure of the enterprise population, such
as the distribution of firms by size, sector, and territory. Annual releases provide
tabulations of enterprise counts and employment by region, province, and industry,
enabling the monitoring of structural changes in the productive system !°.

For the purposes of this thesis, ASIA plays multiple roles. First, it provides
the basic population frame from which firm-level microdata are drawn, ensuring
that analyses are grounded in a comprehensive and coherent view of the enterprise
universe 129, Second, the structural variables in ASIA, such as employment size and
industry code, are used to define strata, to construct controls, and to benchmark the
representativeness of the microdata used in the spatial ML and clustering exercises.
Third, the geographical coordinates or location variables associated with enterprises
enable the mapping of firms onto hexagonal grid cells and the construction of local

indicators of firm density and industrial structure.

1.4.2 Statistical analysis by Istat

Beyond maintaining the ASIA registers, Istat produces an extensive body of statisti-
cal analysis on enterprises and territories. Structural business statistics yield regular
publications on enterprise demographics (births, deaths, survival), productivity, and
value added by sector and region '7-18%. Thematic analyses focus on topics such as
innovation, digitalisation, internationalisation, and the integration of firms in global
value chains, often combining ASTA with survey data or with external sources such
as customs data 8318 These analyses provide a rich and consistent description of
the Italian productive fabric.

Istat also plays a key role in the National Statistical System (Sistan), coordi-
nating with regional and sectoral statistical offices in the production of official

statistics 3. Territorial statistics provide indicators of socio-economic conditions
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at various spatial scales, from municipalities to regions, covering variables such as
income, employment, business density, and infrastructure '°°. For this thesis, these
official statistics serve both as background and as external validation. For example,
aggregate indicators of enterprise structure and value added by province and region
are used to contextualise the micro-level findings on Lombardy and to ensure that
the patterns observed in the microdata are consistent with the broader territorial

picture.

1.4.3 Firm and territory level indicators from the Guglielmo

Tagliacarne Institute

Complementing Istat’s official statistics, the Centro Studi delle Camere di Commer-
cio Guglielmo Tagliacarne plays an important role in providing territorial socio-
economic analysis in Italy®. The Tagliacarne Institute is the research and statistical
arm of the Italian Chambers of Commerce system. Its mission is to promote eco-
nomic culture and to provide data, indicators, and analyses to support the competi-
tiveness of firms and territories. To this end, it produces studies on local production
systems, SMEs dynamics, and the impact of public policies, and it maintains a
variety of territorial databases and dashboards .

Of particular relevance are the Institute’s Statistiche territoriali, which provide
indicators such as value added by province and sector, employment, entrepreneurial
density, and sectoral specialisation®’. These indicators are often produced in col-
laboration with Istat and within the framework of Sistan, ensuring consistency with
official statistics while adding a territorial and business-oriented perspective'*>.
Tagliacarne’s analyses of local production systems, industrial districts, and regional
competitiveness are widely used by regional governments, Chambers of Commerce,

and other institutions ®*.

1.4.4 Integration of microdata and official statistics

The empirical work in this thesis relies on a careful integration of different data
sources. Firm-level and startup-level microdata, including information on employ-
ment, balance sheet variables, sector, location, and, where available, innovation-
related attributes, are linked to the ASIA register for consistency in identifiers,

88

structural variables, and industry classification ! Workers’ data, including in-

formation on educational background and occupation, are linked to firms and to
hexagonal grid cells, enabling the construction of measures of worker diversity and

local labour market composition '8,
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These microdata are then embedded in the broader statistical infrastructure pro-
vided by Istat and the Tagliacarne Institute. Official indicators of value added,
employment, and enterprise structure by province and region provide context and
benchmarks %71, Territorial analyses of local production systems and industrial
districts help interpret the spatial clusters of startups and high-tech firms®*. In some
cases, aggregate statistics are used as explanatory variables or as controls in Spatial
ML models; in others, they serve as external validation for patterns uncovered by
clustering and complexity metrics.

This multi-layered data architecture, combining microdata, BRs, and territorial
statistics, 1s a key enabler of the thesis. It allows the analyses in Chapters 2 and 3 to
be grounded in a comprehensive and consistent view of the Lombardy productive
system, and it supports the multi-scale perspective adopted in Chapter 4, where

workers, firms, and regions are linked within a unified framework.

1.5 Spatial data science and spatial machine learning

1.5.1 From spatial statistics to spatial data science

Spatial statistics emerged in the late twentieth century to address the presence of
spatial dependence in cross-sectional and panel data. Classic models, such as the
spatial lag and weights matrices, typically based on contiguity or distance, became a
central modelling choice’®. Estimation techniques ranged from maximum likelihood
to instrumental variables and Bayesian methods?3!.

While spatial econometrics provided a rigorous statistical framework, it often
assumed relatively simple functional forms and low-dimensional covariate sets. In
many applications, the focus was on testing for the presence of spatial effects and
estimating their magnitude, rather than on prediction or high-dimensional feature
learning''4. In parallel, GIS and exploratory spatial data analysis tools enabled the
visualisation and descriptive analysis of spatial patterns'!.

In the last decade, the landscape has changed with the advent of spatial data
science and GeoAl. These fields are less tightly tied to specific econometric models

and more open to ML, computer vision, and data mining methods?3*33>,

Spa-
tial data science leverages large geocoded datasets, high-resolution remote sensing,
and volunteered geographic information, while GeoAl applies convolutional neural
networks, random forests, gradient boosting, and other algorithms to spatial pre-
diction tasks37>. Examples include land use classification from satellite imagery,
fine-grained population mapping, spatial interpolation of environmental variables,

and urban feature extraction.
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Spatial data science also emphasises reproducible workflows, open-source tools,
and the integration of heterogeneous data sources>>’. This ecosystem of tools and
practices provides the technical environment within which the Spatial ML pipeline

developed in Chapter 3 is implemented.

1.5.2 Emergence of spatial machine learning and GeoAl

Spatial ML (or GeoAl) can be defined as the application of ML methods to spatially
located data, with explicit attention to spatial structure and dependence>3*33. In the
environmental sciences and ecology, spatial ML has been used to improve species

168

distribution models, climate downscaling, and ecosystem service mapping °°. In

transportation and urban planning, it has informed demand forecasting, route optimi-

203

sation, and the analysis of mobility patterns~*~. In economics and regional science,

spatial ML is increasingly used to model house prices, firm performance, poverty,
and other socio-economic outcomes 253,

Compared to traditional spatial econometrics, spatial ML typically places less
emphasis on explicit parametric modelling of spatial dependence and more emphasis
on predictive performance and flexible interactions between features>*. Tree-based
ensembles, such as random forests and gradient boosting machines, can capture
non-linearities and variable interactions without specifying a functional form a pri-
ori°>!3_ Neural networks and representation learning methods can extract features
from complex inputs such as images or text, and spatially explicit architectures (e.g.,
convolutional networks, graph neural networks) can directly model spatial adjacency
or network structure>>.

However, the application of ML to spatial data raises specific challenges. Spatial
autocorrelation violates the independence assumptions underlying many validation
procedures; spatial non-stationarity and heterogeneity may require models that vary
across space; and the interpretation of variable importance or partial dependence
plots can be complicated when variables are spatially structured3'?. These chal-
lenges have motivated a growing literature on spatial feature engineering and hybrid

models that combine ML with spatial statistical components.

1.5.3 Spatial bootstrap and uncertainty

In geostatistics, spatial bootstrap methods have been developed to quantify un-
certainty in variograms, kriging predictions, and simulated realisations’?. These

approaches often rely on model-based conditional simulation of spatial fields and

224

on resampling strategies that respect spatial dependence However, they are
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typically designed for continuous spatial fields and relatively low-dimensional co-
variates, rather than for discrete firms with rich attribute sets.

In econometrics, bootstrapping with dependent data has been studied primarily
in time series and panel settings, with block bootstrap and cluster bootstrap meth-

ods>>?2!. Analogous ideas have been proposed for spatial data, including spatial

block bootstrap and resampling of spatial clusters??*.

Yet, in high-dimensional
firm-level ML applications, straightforward block resampling may be impractical or
inefficient.

Recent advances in spatial econometrics and Spatial ML have emphasized the
importance of explicitly accounting for spatial heterogeneity, multiscale depen-
dence, and algorithmic uncertainty when working with micro-level economic data.

In particular Kopczewska?!? 213

and Kopczewska“'> argue that classical resampling
schemes are insufficient in spatial ML contexts, as they may fail to preserve both
spatial dependence structures and similarity patterns in high-dimensional feature
spaces. Their work highlights the need for bootstrap designs that are aligned with
the data-generating process implied by spatial clustering, network representations,
or learned latent embeddings.

This thesis contributes to this literature by proposing two complementary strate-
gies. Chapter 2 aggregates data using bipartite graph partitioning. Chapter 3
introduces a stratified spatial bootstrap in which firms are grouped into strata de-
fined jointly by spatial proximity and similarity in latent attribute representations
learned via deep clustering, extending ideas of spatially aware resampling discussed
by Kopczewska?!2. In both cases, the bootstrap becomes a central tool for assessing
the robustness and uncertainty of patterns uncovered by spatial ML and clustering

methods, rather than merely a variance estimation device.

1.6 Clustering, networks, and deep representation

learning

1.6.1 Classical clustering and validation

Clustering methods aim to partition a set of observations into groups that are in-
ternally homogeneous and externally heterogeneous according to some notion of
similarity. Classical algorithms such as k-means, k-medoids, and hierarchical clus-
tering differ in how they define similarity, how they search the space of partitions,

200,204,241

and how they represent cluster structure . Density-based methods such as

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) and Hier-
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archical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN)
identify clusters as regions of high point density separated by regions of low density,
allowing for non-spherical clusters and noise points %116,

In many applications, clustering is used as an exploratory tool, and the choice
of algorithm and parameters (e.g., the number of clusters, density thresholds) is
guided by domain knowledge and heuristic diagnostics. Cluster validation indices
such as the silhouette coefficient, the Dunn index, or the Davies—Bouldin index
provide quantitative measures of cluster quality based on within-cluster cohesion
and between-cluster separation 87.106.316 However, these indices can be sensitive to
the scale and shape of clusters and may not align with domain-relevant notions of
meaningful grouping '>°.

The challenges are amplified in high-dimensional, sparse, or mixed-type data.
Distance measures such as Euclidean distance can become uninformative (the “curse

of dimensionality”’)*

, and categorical variables require specialised treatment. Firm-
level microdata often combine continuous financial variables, count variables, and
high-cardinality categorical variables such as industry codes or occupational cat-
egories, making off-the-shelf clustering methods difficult to apply in a principled

way.

1.6.2 Ensemble and consensus clustering

An additional difficulty is that clustering results can be unstable. Small changes
in the data (e.g., due to sampling) or in the algorithm’s initialisation can lead to

d'®®, Ensemble

different partitions, especially when clusters are weakly separate
and consensus clustering methods address this by aggregating multiple clustering
solutions into a single, more robust partition 13334, The basic idea is to generate
a collection of clusterings (e.g. by varying initialisations, subsampling the data, or
modifying hyperparameters) and then use a consensus function to combine them.
One popular approach constructs a co-association matrix that records, for each
pair of observations, the proportion of clusterings in which they co-occur in the
same cluster '3, This matrix can be interpreted as a similarity measure and cluster-
ing can be applied to it to obtain a final partition. Alternatively, one can represent
the ensemble as a graph where nodes are observations and edges are weighted by
co-association, or as a bipartite graph between observations and cluster labels 4.
Consensus functions include majority voting, graph partitioning, and more sophis-

ticated optimisation criteria3>*.
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1.6.3 Networks, bipartite graphs, and community detection

Network representations provide a unifying language for many of the concepts
discussed so far. Economic complexity measures are built on bipartite networks
between places and activities!’!; related variety can be represented as a network of
related industries or technologies’"; and cluster ensembles can be encoded as graphs
linking observations and cluster labels**6. Community detection algorithms seek to
identify groups of nodes that are more densely connected internally than with the
rest of the network !33.

A widely used class of community detection methods is based on modularity
maximisation. Modularity is a quality function that compares the observed density
of edges within candidate communities to the density expected under a null model
with no community structure?’”. The Louvain algorithm and its successors provide
fast, greedy heuristics for maximising modularity in large networks*’. The Leiden
algorithm improves on Louvain by guaranteeing well-connected communities and
better convergence properties 3.

In bipartite networks, where there are two distinct types of nodes and edges
occur only between types, standard modularity definitions are not directly applicable.
Specialised formulations of bipartite modularity have been proposed that account

35

for the two-mode structure””. These formulations have been used in the analysis

of country—product networks, affiliation networks, and other two-mode systems !”!.
Algorithms such as biLouvain extend modularity maximisation heuristics to the
bipartite setting2%>.

Chapter 2 of this thesis leverages this framework by representing the output of
multiple clusterings, as a bipartite graph between firms (innovative startups) and
cluster labels. By maximising bipartite modularity on this graph, the algorithm

recovers stable consensus clusters.

1.6.4 Deep representation learning and deep clustering

Deep learning has introduced powerful tools for learning representations of complex,

151

high-dimensional data'>". Representation learning aims to discover latent features

that capture salient structure in the data and that can be used for downstream tasks

such as classification, regression, or clustering. In the context of tabular data with

categorical variables, neural networks can learn dense embeddings of categories .

256 and recommender

This idea has been widely used in natural language processing
systems?'®, and it has increasingly been applied to economic and administrative

data**.
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Deep clustering methods integrate representation learning and clustering into a
single framework. Deep Embedded Clustering (DEC), for example, starts from an
autoencoder and jointly refines latent representations and cluster centroids by min-
imising a clustering-oriented loss function®%°. Variants of DEC and related methods
have been developed for different data types, loss functions, and architectures 3.

For firm-level microdata, deep representation learning is particularly useful
because many important attributes are categorical and high-cardinality. Entity
embeddings can capture similarity relations between such categories based on their
co-occurrence patterns in the data'>’. When combined with continuous variables
and spatial coordinates, these embeddings provide a rich, compact representation of
firms in a latent space where clustering and stratification can be more effective.

Chapter 3 of this thesis uses these ideas to construct strata for a stratified spatial
bootstrap. Firms are embedded in a latent space that reflects both their attributes
and their spatial context; deep clustering is then applied to this space to define strata

that are internally homogeneous and spatially coherent.

1.7 Bootstrap and uncertainty in high-dimensional

spatial machine learning

1.7.1 Bootstrap for independent and dependent data

Bootstrap methods provide a flexible approach to approximating the sampling distri-
bution of an estimator by resampling from the observed data'!!. In the simplest case,
observations are assumed to be independent draws from a common distribution, and
bootstrap samples are generated by sampling with replacement from the dataset.
The estimator is recomputed on each bootstrap sample, and its sampling distribution
is approximated by the empirical distribution of bootstrap estimates 88112,

When data exhibit dependence structures, such as time series or spatial data, naive
resampling at the level of individual observations can break the dependence and lead
to biased or inconsistent approximations. Various extensions have been proposed to
address this, including block bootstrap methods for time series (where contiguous
blocks of observations are resampled)??'3°1, cluster bootstraps for grouped data™°,
and heteroskedastic regressions 243367,

For spatial data, analogous ideas involve resampling spatial blocks or clusters of
nearby observations, or using model-based simulation to generate pseudo-replicates
of the spatial field7>?%4. In practice, however, the design of spatial bootstrap schemes

is often problem-specific, and there is relatively little guidance for high-dimensional
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ML applications with irregularly located units such as firms??3.

1.7.2 Design-based and model-based perspectives

Bootstrap methods can be motivated from different perspectives. In a model-based
view, the observed data are treated as a sample from an underlying probability
model, and the bootstrap aims to approximate the sampling distribution of an esti-
mator under that model®. In a design-based view, particularly common in survey
sampling, the focus is on the sampling design (e.g., stratified, cluster, multistage

308,338 In

sampling), and bootstrap schemes are constructed to mirror the design
spatial applications, both perspectives are relevant: the spatial arrangement of units
and the sampling scheme may not be under the analyst’s control, but explicit models
of spatial dependence can be used to guide resampling strategies 34224,

In firm-level applications, the design-based perspective suggests constructing
bootstrap schemes that respect the structure by which firms are distributed in space
and by which data are collected (for example, oversampling certain sectors or re-

gions)308,

The model-based perspective suggests using knowledge about spatial
autocorrelation and covariate structure to define resampling units that preserve de-
pendence??*. This thesis adopts a hybrid approach: it uses data-driven clustering
to define strata that reflect both spatial proximity and attribute similarity, and then

applies a stratified bootstrap that resamples within these strata.

1.7.3 Challenges in economic applications

Applying bootstrap methods to economic microdata with spatial structure and high-
dimensional covariates presents several challenges. First, the number of potential
resampling schemes is large, and naive choices can either break dependence (leading
to underestimation of uncertainty) or be overly conservative (leading to inefficient
estimates)??*. Second, spatial dependence may interact with covariates in complex
ways, making it difficult to define resampling units that capture the relevant struc-
ture®*. Third, the computational cost of repeated model fitting on bootstrap samples
can be substantial, especially when models are complex ML algorithms 1.
Chapters 2 and 3 address these challenges by integrating bootstrap design with
representation learning and clustering. In Chapter 3, deep clustering on entity em-
beddings and spatial features defines strata that are used to guide resampling, thereby

embedding knowledge about spatial and attribute structure into the bootstrap.
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“All models are wrong, but some

are useful.”
George E. P. Box

Bipartite graph partitioning and spatial
bootstrapping: a case study of

Innovative startups

We present an ensemble clustering approach that builds a bipartite graph from
multiple base partitions and applies biLouvain for consensus. We then recover
interpretability via eXtreme Gradient Boosting (XGBoost)-based post hoc ex-
planations and finally use the resulting clusters as strata in a spatially-aware
bootstrap. The case study covers innovative startups active in Lombardy (2019—
2021), matched to ASIA-Istat microdata and the BR special section.

2.1 Motivation and Introduction

Innovative startups are the source of innovation and technological development;
therefore, understanding their behaviour can help better recognize the business orga-
nization’s direction. This chapter introduces a new method for clustering innovative
startups using bipartite graph partitioning combined with spatial bootstrapping, im-
proving clusters’ accuracy and interpretability. Recent advancements in clustering

techniques have introduced ensemble or consensus clustering methods, which aim
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to merge multiple clustering results into a superior outcome. A key challenge in this
field is effectively integrating diverse clusters, and one promising solution involves
utilizing graph formalism and partitioning strategies. By leveraging advanced graph
partitioning techniques, we transform the task of partitioning the ensemble graph
into a community detection problem. Our methodological approach improves the
traditional method of bipartite graphs used in cluster ensembles by implementing
the state of the art biLouvain algorithm. We also focused on techniques that could
be used to increase the interpretability of the clusters themselves and how they can
be used to obtain insightful information from the data. The proposed methodology
was applied to a dataset of technologically advanced new businesses, located in the
Lombardy region and recorded as innovative startups in the special section of the
Italian Chambers of Commerce’s BR.

As Schumpeter asserts, new-borns, particularly innovative startups, are the primary
drivers of change and a critical strategic asset for the economic development of the
country. This underscores the crucial role of startups in driving economic growth.
In a world propelled by innovation, startups have emerged as the transformation

251328 Tppovative

pioneers, redefining norms and revolutionizing entire sectors
startups have the potential to create and mold new industries, generating substantial
economic and social impacts. Consequently, various policy initiatives aim to support
innovative startups’ establishment, growth, and influence. Over the past decades,
innovation has received increasing attention from policymakers, managers, and en-
trepreneurs, so much so that it has become one of the central themes in the current
economic and political debate. The purpose of this chapter is not to investigate
the innovation processes of firms and innovative startups, in particular, managerial
implications about the importance of innovation and its impact on business perfor-
mance, but to identify, through the construction of an ad hoc algorithm, the clusters
of startups and the main features that foster the development of innovative new
firms. We propose a new methodology, namely an ensemble clustering algorithm
for bipartite graphs based on the biLouvain algorithm and the concept of consensus
clustering. The development of cluster ensemble or consensus clustering methods
is a recent and intriguing advancement in clustering techniques 26346,

The aim in cluster ensemble research is combining multiple clusters to produce
a superior final clustering outcome. By leveraging advanced graph partitioning
techniques, we address this issue by transforming it into a community detection

133

problem "°°. We introduce a reduction method that constructs a bipartite graph from

a given set of clusters, where the resulting graph simultaneously represents both the
instances and clusters of the ensemble as vertices '*’.

Our approach enhances the traditional bipartite graph method by incorporating the
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293 which is a version of the Louvain algorithm*’ specifically

biLouvain algorithm
made for bipartite graphs. Louvain is an unsupervised algorithm, namely a hier-
archical clustering algorithm, divided into two steps: modularity optimization and
community aggregation. It recursively merges communities into a single node and
executes the modularity clustering on the condensed graphs. In addition, the biL.ou-
vain method allows a positive modularity gain; precisely, it displays better quality
measured by bipartite modularity than existing methods.

A common challenge with clustering algorithms is that after the final clusters are
formed and identified by the communities of the biLouvain algorithm, it can be
challenging to determine the shared characteristics of the data points within each
cluster and to identify which features were most influential in the clustering process.
This problem, common to all ML algorithms, is called the loss of model inter-
pretability. In this work, we will implement strategies to recover the explainability
of the model?** in the sense that the results of the clustering algorithm will be inter-
preted post hoc to translate the behavior of the ML model into understandable terms
for humans 92374, Problem-solving in ML often involves classification techniques,
based on Gradient Tree Boosting (GTB) algorithm’!. XGBoost is an advanced
version of the GTB algorithm. The key improvement in XGBoost over traditional
GTB is the inclusion of regularization in the objective function, which helps prevent
overfitting. However, one of the problems in investigating the economic growth of
firms, like innovative startups, or their survival rate, is found in the lack of economic
and financial data of the companies and in the lack of timeliness and punctuality in
the collection of such data found in databases such as the BR®® or Italian company
information and business intelligence database (AIDA)”. This leads to bias in the
economic analysis conducted regarding business performances.

Missing data is a common problem, even in well-designed and managed research

studies. Multiple imputation3!7-318

is the preferred method for addressing complex
issues with incomplete data. When data is missing across multiple variables, it
presents a unique challenge. Two primary approaches have been developed for im-
puting multivariate data: Joint Modeling (JM) and Fully Conditional Specification
(FCS), also referred to as multivariate imputation by chained equations (Multiple
Imputation by Chained Equations (MICE)) 358,

Then, only after preprocessing the data, we applied a clustering algorithm, describe
above. Once a satisfactory and explainable clustering strategy has been established,
it can be leveraged to gain insights from the data. Specifically, the clusters have
been utilized as strata for a stratified bootstrap algorithm. By "stratification", we
refer to organizing geographical objects into subsets, known as strata, based on the

similarity of their attributes or spatial relationships3%4.
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The proposed methodology is applied to a dataset of innovative startups '3! localized
in the Lombardy region, active during 2019/2020/2021, and signed up to the inno-
vative startups section of the Chambers of Commerce register from 2017 onwards.

The goal is to show how the proposed algorithm captures both spatial and socioe-
conomic characteristics of clusters of enterprises. The choice of which type of
firms to analyze fell on innovative startups, as these high-tech firms have strong
growth potential and represent one of the key points of Italian industrial policy. On
the other hand, the constructed database rich in information allows us to highlight
additional characteristics of innovative startups, often overlooked in the literature,
such as whether or not they belong to a industrial group or holding or differences
in characteristics between being located in suburban areas or near urban areas. The
chapter is organized as follows: Section 2.2 describes the current literature, Section
2.3 illustrates in detail the methodology proposed, Section 2.4 shows the results
of applying the methodology to the case study of innovative startups, Section 2.5
presents the conclusions and lays the groundwork for future research.

2.2 Background

Laying the groundwork for the proposed methodology, this section is divided into
three parts, each addressing the primary features of the critical building blocks of

the proposal:

1. Section 2.2.1 focuses on Imputation data, briefly covering the essential con-

cepts and relevant literature;

2. Section 2.2.2 introduces the topic of cluster ensemble and the Louvain algo-

rithm;

3. Section 2.2.3 briefly describes the XGBoost algorithm and the problem of the
spatial bootstrap that occurs when, in the geographical phenomena, attributes

within strata are more similar than the between-strata.

2.2.1 Imputation of missing data

A complete and representative dataset is essential for accurate estimates in data
analysis and ML. to avoid suboptimal decisions and unreliable predictions?>2. Ac-
cording to Rubin>!7, missing data are usually classified into three distinct models3*!:
Missing Completely At Random (MCAR), Missing At Random (MAR) and Missing

Not At Random (MNAR):
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* MCAR: missing data are independent of any other value in the dataset. The
probability of a value being missing is not related to observed and unobserved
data;

* MAR: the missingness is related to the observed data but not to the missing
data itself. In other words, the probability that a value is missing depends on

other available information;

* MNAR: this type occurs when missing values depend on the unobserved data

themselves.

A simple but commonly used approach to handle missing data is the list deletion
method, which involves deleting samples containing incomplete data. However,
although this method is simple, it can result in significant loss of valuable statistical
information and reduce precision, especially in complex multivariate analyses2>.

To overcome this problem, several advanced imputation methods have been devel-

oped to address this problem more effectively333:

* Regression methods that predict missing values based on their relationship to

other variables in the data set;

» K-Nearest Neighbors (KNN), which identifies “k” neighbors (data points) for
a given instance with missing values and imputes the missing data based on
the mean (or other aggregate measure) of the neighboring instances. The
KNN method is beneficial when the missingness model is MAR, where de-

pendencies between features are present;

* Deep learning approaches, that use multilayer perceptrons based models such
as autoencoders, Generative Adversarial Network (GAN) and recurrent neu-
ral networks to learn complex patterns within the data and accurately pre-
dict missing values. These methods are very effective when working with
high-dimensional datasets, capturing nonlinear relationships?3® and various
missing data patterns ’>;

 Sophisticated statistical methods, that combine ML models with advanced
statistical techniques, such as Bayesian inference, Expectation Maximiza-
tion (EM) and multiple concatenated equation imputation (MICE), to provide

254

more accurate and reliable imputations“>”. This approach help account for

uncertainty and variability in the imputation process, providing robust solu-

tions 299,307.
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2.2.2 Cluster ensemble

The primary objective of clustering techniques is to optimize a global objective
function defined by specific criteria, such as the similarity or distance between

data points 196334

. This process involves partitioning a dataset into clusters, where
the quality of the clustering result is evaluated using the chosen objective function.
While several approaches to clustering, including heuristic methods, seek acceptable
solutions, most clustering algorithms tend to converge only to a local optimum
rather than the global optimum. However, in some cases, such as when clusters are
well-separated and of equal size, clustering algorithms like k-means can converge

to a global optimum !,

Selecting a single clustering algorithm that performs
effectively across all datasets is challenging due to the variability in data structures.
Consequently, numerous clustering algorithms have been proposed 33336

To address the limitations of relying on a single algorithm, researchers introduced
the concept of consensus clustering, or cluster ensembles, which tries to overcome
the limitations of any individual algorithm but employing several of them together
at the same time and then combining the results to offer a superior solution346.

The operation of putting together the results of the other clustering algorithms and
using them for the creation of a final partition of the data, is performed by the
consensus function.

This consensus function in practice takes the initial dataset and divides it into k
clusters, where hard partitioning must satisfy two conditions: (1) each cluster must
contain at least one point, and (2) each point must belong to exactly one cluster.
Consensus clustering allows for integrating various clustering strategies without
requiring access to the specific algorithms or features used in the initial clustering
processes 161, Ensemble clustering aims to merge multiple base clustering into a
single, more accurate, and robust clustering outcome. A significant number of
ensemble clustering approaches is based on graph partitioning methods 74, the idea
is to transform the hard clustering task into a more manageable community detection
problem on a network. Community detection algorithms look for groups of nodes
on networks that are "related to each other" in some sense and identifies them
as a community. More detailed information about how one famous community
detection algorithm, the Louvain algorithm, works will be presented in Section
2.2.2. In order to exploit these powerfull community detection algorithms, it is
necessary to create a graph by taking the initial data points and the clusters produced
by the clustering algorithms and interpret them as nodes of a bipartite graph. Edges
between these nodes are then subsequently created based on information derived

from the base clustering algorithms 2. This graph-based approach takes advantage
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of the structural properties of the network to aggregate and refine the clustering

algorithms, often leading to more coherent and meaningful clusters.

Louvain

One recently developed method for constructing graph partitioning is based on
Louvain’s algorithm®’.

It optimizes a quantity called modularity, a measure that quantifies the quality of the
division of a network into communities.

The main steps are the following:

1. Initial Community Assignment: Each node in the network is initially as-
signed to its own community. Therefore, at the beginning, the number of

communities equals the number of nodes;

2. Modularity Optimization: For each node in the network, the algorithm
evaluates the modularity gain resulting from moving the node from its current
community to the community of one of its neighbors. The modularity is
calculated to determine if the movement would improve the overall modularity
of the network. If modularity gain is positive (indicating an increase in
modularity), the node is moved to the neighboring community with the highest
modularity gain. Differently, if the modularity gain is negative, the node

remains in its original community;

3. Community Aggregation: After all nodes have been evaluated and reas-
signed, the algorithm aggregates the nodes within the same community into a
single "super-node", creating a new, smaller network where each node repre-

sents an entire community;

4. Repeat: The algorithm then repeats the process on this new network, merging

and optimizing communities until no further modularity gains can be achieved.

2.2.3 Ensemble learning algorithms and spatial heterogeneity

Ensemble learning algorithms, like GTB, have gained widespread popularity in ML
because they effectively improve predictive accuracy by aggregating the outputs of
multiple base learners. One of the most notable algorithms in this category is XG-
Boost. XGBoost is a performant, robust and flexible algorithm for handling various
data types, including high-dimensional and sparse datasets’!. Tt fuses the principles
of gradient boosting with regression trees to create a highly efficient and scalable

predictive model. Additionally, XGBoost provides valuable insights into feature
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importance by constructing a feature importance score F related to the number of
times a particular feature is used to split the trees, enabling researchers to identify
the most significant variables influencing the prediction outcomes. The core mech-
anism of XGBoost lies in its iterative approach to model building. The algorithm
builds its predictive model by adding weak learners one after the other(usually deci-
sion trees)where each new model focuses on correcting the mistakes of the previous
ones. This iterative process is guided by a gradient descent optimization method
to minimize a chosen loss function. At each iteration, the residuals are calculated
and used to fit the next model in the sequence. After the sequential application
of all trees, XGBoost combines the results, producing a final prediction. Hence,
this method ensures a gradual improvement of the model’s accuracy and reduces
the overall error in the final prediction, further reinforcing its reliability '3°. The
algorithm’s effectiveness is further enhanced by techniques such as regularization,
which helps prevent overfitting, and tree pruning, which optimizes the complexity
of the model°.

The XGBoost algorithm has also been applied to handle spatially heterogeneous
data. For example, XGBoost has been implemented in ecological modeling, where
the algorithm outperformed traditional methods in predicting species distribution
across heterogeneous landscapes?>>. To solve the problem of spatial heterogeneity,
the economic and geographic literature refers to the concept of spatial contiguity,
which requires that objects within a cluster or region be spatially connected or
tightly grouped3®*. This notion is essential in distinguishing regionalization tech-
niques from conventional clustering or classification algorithms, which may not

consider spatial relationships 8.

Spatial contiguity can be categorized into two
main types. The first is hard spatial contiguity, which implies that the objects within
a class (or cluster) are geographically connected. This contiguity ensures that the
resulting regions are contiguous and can be easily recognized geographically. Soft
spatial contiguity allows for some flexibility in the spatial connectivity of units
within a cluster. Soft contiguity can be measured by the similarity between geo-
graphical coordinates, allowing for some separation between units within the same

cluster®-212,

2.3 Methodology

In this section, all the techniques and methodologies that have been implemented
will be presented. First, the problem of imputation of missing data in the dataset will

be given. Then, it will show how several clustering algorithms have been trained
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and how they can be combined in an ensemble to produce a single better partition
of the dataset. Afterward, a simple Explainable ML strategy will be displayed
to improve the explainability of the clusters obtained from the ensemble partition,
making the meaning of the clusters more transparent and what characteristics define
each cluster. Lastly, these clusters will be used as strata in a stratified bootstrap

algorithm to compute the distribution of statistical quantities of interest.

2.3.1 Data imputation

The algorithm used for data imputation in this work is called Iterative Imputer, which
is a Python implementation of MICE method originally developed in R. The idea
behind MICE is to treat the missing data problem as a sequence of regression tasks,
where missing values are iteratively estimated based on the observed data. Specif-
ically, MICE at the beginning initializes the missing data with a placeholder like
the mean. For each feature with missing values, a regression model is subsequently
trained using the other observed features as predictors. The missing values are then
updated with predictions from this model. This process is repeated for each feature
with missing values in a sequential manner, cycling through the dataset multiple
times until the imputations stabilize and further updates to the missing values no
longer significantly change.

The Extremely Randomized Trees (Extra Trees) regressor was chosen as the base
estimator for this iterative imputation process due to its ability to handle nonlinear
relationships and interactions within the data. Extra Trees is an ensemble learning
method that builds multiple decision trees, but unlike standard random forests, it
introduces additional randomness by selecting split points at random rather than op-
timizing split criteria. This tends to make the overall model lighter and also reduced
variance, allowing the model to generalize well and avoid overfitting. All these steps
are extremely computationally intensive and therefore should be used carefully in
large datasets, but they are perfectly fine for use cases like the one presented in this
work where a relatively small dataset is available, and it is important to extract the

maximum amount of information from the available data.

2.3.2 Clustering algorithms

Several clustering algorithms have been used thanks to their their Scikit-Learn?!

implementation:
AffinityPropagation, AgglomerativeClustering, balanced iterative reducing and clus-
tering using hierarchies (BIRCH), DBSCAN, HDBSCAN, KMeans, BisectingK-
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Means, MiniBatchKMeans, MeanShift, Ordering points to identify the clustering
structure (OPTICS), SpectralClustering and GaussianMixture.

This wide range of algorithms is based on different clustering strategies, therefore
ensuring the heterogeneity of the clusters that will be used in the creation of the
Cluster Ensemble.

Some metrics have been evaluated to assess the performance of each clustering algo-
rithm: the Silhouette score, the Davies Bouldin score, the Calinski Harabasz score
with their Scikit-Learn?°! implementations and also the S_Dbw score 159 The best
combinations of the Hyperparameters for each model have been selected by doing
a grid search (i.e., trying each hyperparameter combination for each algorithm and
taking for each algorithm just the combination with the highest score) to maximize
the Calinski Harabasz score. The Hyperparameter configurations that have been
tried are shown in Table 2.1.

The procedure is time-consuming but ensures that the partition chosen is one
of the best possible for each clustering algorithm. It does not ensure that every
algorithm is adapted for this particular dataset. Therefore, it is essential to look at
the combination of all the evaluation metrics to assess the actual quality of each
one of the clustering solutions and eventually discard the algorithms that produce
unsatisfactory results. Once the algorithms have been trained and the different
alternative clustering solutions have been created, it is possible to use an ensemble
strategy to find a synthesis and unify the various clustering algorithms in a single

superior clustering strategy.

2.3.3 Consensus via Hybrid Bipartite Graph Formulation (HBGF)

+ bilLouvain

An ensemble strategy called HBGF 27 has been implemented to exploit the cluster-
ing algorithms implemented. The algorithm consists of creating a bipartite graph
starting from the results of the clustering algorithms and then applying a Community
detection algorithm like bil.ouvain on the graph’s nodes as a consensus function to
obtain a single better clustering solution.

Let’s assume we are given a data set X = {X{, ..., Xy} of N rows. A cluster ensem-
ble is a set of cluster solutions C = C, ..., CR where R is the number of clustering
algorithms. Each clustering solution C” is a partition of X, C" = {C",...,C ;<,}
such that U C; = X where K, is the number of clusters identified by the clustering
solution C" and therefore K;,; = )., K, is the total number of clusters created by all
the solutions. Starting from this cluster ensemble the objective is to find an improved

partition of X into K disjoint clusters, beginning with the clusters in C. It can be
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Algorithm Hyperparameters
MiniBatchKMeans n_clusters: [7, 8, ..., 29, 30]
Kmeans n_clusters: [7, 8, ..., 24, 25]

. . damping: [0.5, 0.6, 0.7, 0.8, 0.9]
AffinityPropagation prefcfrengce: [-50, -45, ..., 40, 45]
AgglomerativeClustering | n_clusters: [7, 8, ..., 39, 40]

n_components: [10, 11, ..., 39, 40]
GaussianMixture covariance_type: ['full’, 'tied’,
"diag’, *spherical’]
BisectingKMeans n_clusters: [7, 8, ..., 24, 25]
n_clusters: [17, 18, ..., 35, 36]
Birch threshold: [0.08, 0.081, ..., 0.099, 0.100]
branching_factor: [2, 3, ..., 13, 14]
eps: [0.3,04, ..., 0.7]
min_samples: [2, 3, ..., 18, 19]
metric: ["euclidean’, ’manhattan’,
"chebyshev’, "minkowski’]
DBSCAN algorithm: [’auto’, *ball_tree’,
’kd_tree’, *brute’]
leaf size: [10, 20, 30, 40, 50]
p: [3,4,5]
SpectralClustering n_clusters: [17, 18, ..., 35, 36]
cluster_selection_method: [’eom’, ’leaf’]
HDBSCAN min_cluster_size: [2, 3, 4]
min_samples: [2, 3, 4]
MeanShift cluster_all: [True, False]
OPTICS min_samples: [5, 6, ..., 19, 20]

Table 2.1: List of the algorithms that have been tried and the some of the hyperparameters
that can be fine-tuned. A grid search optimization strategy can been used to find the best
hyperparameters configuration for each model with respect to one of the scores.

done using the aforementioned HBGF.

To define a graph, we create the associated adjacency matrix A; ;j wherei =1,..., N
corresponds to the i;, data point in the dataset and j = 1, ..., K;,,; corresponds to one
cluster in the set of clusters C.

The matrix element A; ; is 1 if the data point belongs to the j;; cluster. Given that
each clustering solution C" puts each data point in precisely one cluster and has R
clustering solutions, it follows that Zf;"l’ A; ; = R. Once a bipartite graph has been
created it is possible to use the biLouvain Community detection algorithm?®? to
identify K Communities of data points, which are the new clusters. The algorithm
also allows to identify communities among the clusters produced by the various
clustering algorithms, effectively allowing to study analogies between the various

clustering strategies.
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The main differences between the biLouvain algorithm and the original Louvain

algorithm presented in the section 2.2.2 consist of:

o the algorithm Murata+2°3 used to calculate the modularity, which tells the
strength of the division of the graph into communities, and is different from
the one used in the Louvain algorithm because it must take into account the
constraint that connections are possible only between points in the dataset and
clusters in the cluster set C. Therefore, connection between data points and

clusters are forbidden;

* the way movement between nodes is performed, and the candidate commu-
nities is proposed because in the Louvain algorithm, in principle, any node
can be moved to any community. However, given the bipartite nature of the
graphs, only certain moves are permitted. For instance, a data point can be
moved to a target community only if there is at least one node in the target
community that has a connection to a cluster connected to the data point that

has to be moved (community of neighbors of my neighbor);

* finally, given that the modularity function has been changed, the way the
modularity gain is computed must also be changed; it is important to stress

that only moves that increase the modularity are accepted.

Some of the advantages that the biLouvain algorithm inherited from the Louvain
algorithm are its scalability to large graphs and its automatic determination of the
number of communities. The communities of data points can then be used as a final
clustering partition of the data that considers the results of the clustering algorithms

used to create the graphs.

2.3.4 Cluster explainability with XGBoost

One common issue of clustering algorithms is that once the final clusters have been
identified, it is challenging to understand what kind of properties the data points
within each cluster share and what features played a crucial role in determining
the clusters. This is a common issue with all ML algorithms and is called model
Interpretability loss (i.e., it is impossible to infer a causal relation between the input
and the output of the model). Fortunately, some techniques have been developed in
recent years to produce explainable models, allowing for determining which input
features are more important for the output computation. Most algorithms designed to
enhance the Explainability of models are specific for supervised tasks like regression

and classification. A frequent practice to extend these algorithms to unsupervised
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tasks like clustering is to use one ex post to understand what the clustering strategy
is doing.

It is done in practice by interpreting the features in the data set X as independent
variables and the cluster labels created by a clustering algorithm as dependant
variables y. Hence, it becomes a multi-class classification problem with K classes,
one for each cluster. This approach allows using one ML algorithm as an effective
way to learn the relationship between the X and y and, therefore, discover the logic
that the clustering algorithm used.

This classification problem can then be studied using state-of-the-art algorithms like
XGBoost. Itis an ensemble tree algorithm that has built-in explainability algorithms.
For instance, this model automatically computes a feature importance score F' by
looking at how often a particular feature appears in decision trees while training
the model. This feature importance score allows us to understand which features
were used the most by XGBoost to maximize the accuracy of the predictions and,
therefore, which features were more impactful in creating the clusters themselves.
The necessity to introduce feature importance in decision trees, particularly in the
context of clustering interpretability, comes from its ability to extract meaningful
insights about the decision boundaries implicitly learned by the clustering algorithm.
Since the classification model attempts to predict the cluster assignments based on
the original features, the importance scores derived from decision trees reveal which
features contribute most to the separability of clusters. This approach has been
widely adopted in ML interpretability studies?*?, where tree-based models are used

as post hoc explanatory tools.

2.3.5 Spatially-stratified bootstrap

When a satisfactory and interpretable clustering strategy is established, it can be
effectively utilized to extract meaningful insights from the data. Clusters have been
used as strata for a stratified bootstrap algorithm. A bootstrap algorithm consists of
extracting repeated sub-samples of the dataset and computing the statistical quantity
of interest, like an average or a correlation coefficient, on these sub-samples. The
procedure is then iterated a fixed number of times, and all the quantities computed
are then put together to obtain a distribution.

The stratified variant of the bootstrap>!? is particularly adapt for spatial data, such
as firms located in a region, and identified by the geographical coordinates latitude
and longitude, because it allows for the problem of spatial dependence between
statistical units, such as spatial autocorrelation, to be taken into account.

Extraction with repetition is not performed from the complete dataset but from
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predetermined sub-samples called strata that are comparatively uniform within and
distinct from each other. The K clusters produced by HBGF are taken as the strata
for the stratified bootstrap.

The connection between geographic and attribute spaces is a critical element of
our algorithm. When the geographic space, representing the spatial relationships,
changes, the attribute space, which encapsulates the characteristics of these enti-
ties, also shifts. Hence, grasping the interplay between space and features of the
enterprises, such as economic activity, productivity, and employees, is essential to

understanding the algorithm’s functionality and effectiveness?!4.

2.4 Case study: innovative startups in Lombardy

In this paragraph the algorithm previously presented will be applied to a dataset of

innovative startups from the Italian Lombardy region.

2.4.1 Dataset

The innovative startups list was extracted from an Italian Chambers of Commerce
BR special section '®!. According to the Startup Act of 2012, a national law designed
to foster the development of a startup ecosystem, innovative startups are defined as
companies that meet specific criteria, including having fewer than 249 employees,
annual revenues below 5 million euros, and not distributing dividends. Addition-
ally, they must satisfy at least one of the following conditions: i) they allocate at
least 15% of the greater value between operating costs and revenues to research
and development annually; i1) at least one-third of their employees are doctoral or
graduate students, or at least two-thirds of the workforce holds a master’s degree;
iii) they possess or lease a patent, trademark, or registered software. The BR is an
administrative database maintained by the Chambers of Commerce, where company
registration is mandatory under Italian law. However, the special section for inno-
vative startups relies on self-declarations by firms, which may introduce potential
biases, such as the over-reporting of eligibility criteria to gain tax benefits and public
support. Additionally, the register does not track startups that fail to register or those
that do not meet the formal requirements but still engage in innovative activities.
The database covers several demographic information about the companies, such as
the year of establishment, year of registration, sector of activity, class of employees,
turnover classes, and the profile of the shareholders type of startups. To enrich
the database information, we matched the innovative startups with the firms of the
ASIA-Istat 132 database by tax code.
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In Figure 2.1 the number of new startups recorded in the Innovative startup section
of the BR by year of registration is shown for some selected regions. The Lombardy

region has the highest number of new innovative startups in the country each year.

Number of New Startups Recorded in the Innovative Startup Register
(Selected Italian Regions)
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Figure 2.1: New innovative startups recorded each year in the innovative startups section
of the BR by year of registration. Note that each region started having firms recorded in
the register in different years, here only the four regions with the highest number of new
innovative startups in the year 2021 are shown. The Lombardy region is the driving force
of italian innovation.

Data preprocessing

We focused our analysis on the last three available years, 2019, 2020, and 2021, to
see if there are significant differences between these years. We merged two datasets:
the ASIA databases and the special section of the BR of Innovative Startups. We
filtered the ASIA databases only for businesses in the Lombardy region that were
active in the three years considered consecutively. Subsequently, given that each
business can be an innovative startup for a maximum of five years, we discarded
all the signed companies in the startup registry earlier in 2017. We then merged
the two databases, looking at the tax code number as an univocal identifier of the
business. It led to the creation of a dataset of 517 firms. The categorical variables in
the dataset have been one-hot encoded to transform them into numerical variables.
Many variables in the dataset were redundant and highly correlated; therefore, all
the variables with a Pearson correlation higher than 0.8 and lower than -0.8 were
removed.

This dataset had some missing values, so the imputation technique presented in2.3.1
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has been implemented. Subsequently, the data were scaled in the [0, 1] range, and
a dimensionality reduction technique called Kernel Principal Component Analysis
(KPCA)3?7 was applied.

2.4.2 Clustering of the startups dataset

Using a grid search approach, all the clustering algorithms presented in 2.3.2 have
been trained on the dataset, and the hyperparameter configurations that maximized
the Calinski Harabasz score have been saved, as shown in Table 2.2. The algorithms
that performed significantly worse than the others have been discarded to avoid
possible negative impacts on the cluster ensemble. From the remaining nine clus-
tering algorithms, the HBGF strategy can be implemented. The bipartite graph can
be created by identifying the associated adjacency matrix A; ; associated with the
bipartite graph is created as follows: each row represents one of the 517 businesses,
and each column is a cluster of one of the 9 cluster algorithms for a total of 93

clusters (7+7+5+7+10+7+18+2+30). The adjacency matrix is shown in Figure 2.2.

Clustering Algorithms
MiniBatchKMeans
KMeans
AffinityPropagation
AgglomerativeClustering
GaussianMixture
BisectingKMeans
Birch
DBSCAN
SpectralClustering
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Figure 2.2: Adjacency matrix associated to the clustering ensemble, each row is one data
point and each column is one cluster. Each column is colored according to its clustering
algorithm. Each data point belongs to one cluster for each cluster algorithm (hard assign-
ment), therefore in each row there must be 9 dark lines.

After the bipartite graph is built, the biLouvain algorithm is applied to identify
5 communities for the rows and 5 for the columns. This process achieved a Murata+
Modularity score of 0.7065, reflecting the effectiveness of the partitioning2%3.
The row communities represent the new partition of the dataset that is the output of
the clusters ensemble, and therefore K = 5, indicates that the startups can effectively

be partitioned into five groups. The column communities indicate that even though
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the nine clustering algorithms followed different clustering strategies, their outputs
are similar and that many clusters are composed of the same startups'. The bipartite

graph is presented in Figure 2.3.

biLouvain Community Detection Results

Community 5

Community 10

Community 4
Community 9

Community 8

Community 3 Community 7

Community 6

Community 2

Community 1

Figure 2.3: Bipartite graph where the data points corresponding to the nodes on the left and
the clusters corresponding to the nodes on the right, are sorted and colored according to their
community. The communities on the right in the bipartite graph have been colored starting
from the colors of the communities on the left: the color on the right is the weighted average
of the colors on the left, where the weights are given by the number of edges that connect
each left community to the right community. For instance, this means that the community 6
is blue because the majority of edges that are connected to the community 6 start from the
community 1. This highlights the fact that there’s almost a 1 to 1 correspondence between
the communities on the left and the communities on the right. Given the high number
of edges, the edges have been randomly subsampled at the end to make the graph more
readable.

To verify the robustness of this approach, another algorithm not based on biLouvain has been
tried. This other approach is presented in A and produces results analogous to those of biLouvain.
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. . Davies | Calinski Best Number
Algorithm Silhouette | S_Dbw Bouldin | Harabasz parameters of clusters
MiniBatchKMeans 0.1777 0.7354 | 1.7655 67.6914 7 7
KMeans 0.1705 0.7660 | 1.8619 | 64.5171 7 7
AffinityPropagation 0.1446 0.8069 | 1.9936 | 63.2718 0.8, -10 5
AgglomerativeClustering 0.1452 0.7392 | 1.9295 60.2850 7 7
GaussianMixture 0.1557 0.7091 | 1.9578 | 52.5263 ’tied’, 10 10
BisectingKMeans 0.1303 0.7909 | 2.2347 49.2502 7 7
Birch 0.2105 0.6155 | 1.5526 | 48.5648 9, 18,0.08 18
DBSCAN 0.1147 | 0.9950 | 3.1600 | 482844 |, 2ut0-0-3.10. 2

minkowski’, 17, 3
SpectralClustering 0.2651 0.4699 | 1.2412 | 45.0880 30 30
HDBSCAN 0.2774 0.2986 | 1.3187 21.5558 eom’, 4, 2 64
MeanShift 0.1613 1.0326 | 2.3974 | 21.3962 False 2
OPTICS -0.0372 | 0.3239 | 1.4044 19.4423 16 7

Table 2.2: Clustering Algorithm, associated Evaluation Metrics, Best hyperparameters, and
number of clusters each algorithm produced.

2.4.3 Explainable Machine Learning

Once the K = 5 clusters are created from the dataset, it becomes challenging to
interpret the specific characteristics and attributes each cluster represents concerning
innovative startups. This is a problem because, in practice, clustering algorithms
behave like black boxes, where it is unclear how the clustering algorithm has used
each feature in the dataset and what features have had the most impact on the
clusters. The complexity of this problem is heightened when the number of features
is relatively high, rendering an individual examination of each feature impractical.

A multi-class classifier XGBoost algorithm has been employed to unravel the logic
behind the clustering algorithm. This powerful tool has been trained on the dataset
using the community labels as the target independent variable. The 10 variables out
of the 125 used that had the highest importance score are shown in Figure 2.4 and
are described in detail in Table 2.3 providing a clear insight into the clustering logic.

Given these key features, they can be compared with the clusters themselves
to gain a deeper understanding of the types of startups each cluster comprises. In
Figure 2.5 the distribution of the R&D requirement of firms is shown for the different
clusters, highlighting how the clustering technique implemented gave high relevance
to R&D when partitioning the startups. Figure 2.6 shown the distribution of clusters
among the different activity sectors.

Within each cluster, the startups were further split into two groups: those pos-
sessing a certain characteristic and those lacking it. For numerical features, this
split was based on whether the feature value was above or below the median. The
count of startups in each group was then divided by the total number of startups in
the cluster. This process was repeated for each feature across all clusters. Finally,

the results were normalized across clusters so that the sum of each row was equal to
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Figure 2.4: The features with the highest Feature Importance score are the business age
class, R&D expenditures, longitude, employ qualification, latitude, adherence to a companies
group, revenues from sales, revenues from sources other than sales, the startups is in the
regional capital Milan and the startup’s main activity is scientific research and development.
All the other features have lower F score and the complete list of features can be found in B.

1, facilitating a clearer comparison of feature distributions across the clusters. The

results are presented in Figure 2.7, where the clusters exhibit distinct characteristics

that help define them.

Using the results presented in Figure 2.7 as a guide, it is possible to give an

interpretation of the clusters:

1. Established R&D Collaborators
These are slightly older startups (Age class 2) that invest heavily in R&D but do

not patent. They do not carry out “scientific research” as their primary activity

despite high R&D spending, suggesting R&D spending might be more applied

or development-focused. They belong to some form of group/consortium,

have higher sales revenues, and operate within Milan in non-manufacturing

sectors.

2. Young Manufacturing Patent-Holders Outside Milan

Younger firms (Age class 1) that have low R&D but do own patents—they

may be acquiring Intellectual Property (IP) in a more defensive/strategic way,

rather than by large R&D spend. They are manufacturing startups, located
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Feature name

Feature description

Innovative_startup
_age_class

1 if the innovative startup has less than 3 years, 2 if the startup has
3-5 years

1°req

Flag that is 1 if the firm has R&D expenditures equal to at least
15% of the higher of cost and total production value, 0 if not (some
variables are called requirements because a firm must have at least
one of them to be officially considered an innovative startup, for
instance if a business has low R&D investments and no patents, it
must demonstrate to have a highly qualified personnel)

Longitude

Longitude of the innovative startup (geographical coordinates)

3°req.

Flag that is 1 if the firm is the owner, depositary or licensee of at
least one patent or holder of registered software, O if not

Latitude

Latitude of the innovative startup (geographical coordinates)

flag_g

Flag that is 1 if the innovative startup belongs to a business group as
defined by Istat (a collection of enterprises connected through legal
and/or financial ties, with overall control exercised by a group head.
Such groups can have multiple decision-making centers, especially
for key decisions related to production, sales, and profits, and may
centralize functions like financial management and taxation. They
operate as a single economic entity, capable of making strategic
choices that impact all its member units !'®), 0 if not

Revenue_from_sales

Current revenues from sales (in Euros) excluding Value Added Tax
(VAT), gross of indirect taxes

Other_revenues

Revenues (in Euros) from sources other than sales like royalties
from patents and rental of goods owned by the startup

cpro_15 Flag that is 1 if the administrative headquarters of the startup are
located within the province of Milan, 0 if not
ateco_72 Flag that is 1 if the main activity of the startup is scientific re-

search and development, corresponding to European Nomenclature
of Economic Activities (NACE) code 72

Table 2.3: Description of features that have the greatest impact in the analysis of startups,
a description of all the other variables used can be found in B.

outside Milan, and tend to be standalone (not belonging to a group). They

show relatively low sales but higher “other” revenues (potentially licensing,

non-operating income, or external funding).

3. Young Research-Driven Service Startups (Low R&D Spending)

Young startups (age class 1), that do scientific research as a main activity but

spend relatively little on R&D, perhaps they conduct early-stage, mostly intel-

lectual/academic research. They do not own patents, are not in manufacturing,

and do not belong to a formal group. They have borderline high sales vs. low

other revenues, indicating they might be generating sales from specialized
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Number of innovative startups in each cluster that have high or low R&D investments
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Figure 2.5: Distribution of the R&D first requirement among the different clusters. Clearly
the first and forth cluster of firms are characterised only by firms that have an R&D investment
above the 15% threshold. On the other hand, firms in the second, third and fifth cluster are
almost exclusively composed of firms under the threshold.

research services or products without large overhead R&D investment

4. High-R&D Research Startups (Low Sales, High External Funding)
Young research-focused firms that spend a lot on R&D but do not hold patents.
Possibly they rely heavily on external funding or grants (hence “high other
revenues” vs. “low sales”). They are not in manufacturing and are standalone

(do not belong to a group).

5. Young Patent-Owning Collaborators in Milan (Diverse Revenues)
Young patent-owning startups in Milan, apparently research oriented (scien-
tific research as main activity) but with low R&D investment levels, suggesting
they may have developed or licensed IP early. They belong to some group
(possibly an accelerator or consortium). They also have both high sales and

high other revenues, suggesting multiple revenue streams.

The spatial aspect is paramount in our analysis, so Figure 2.8 shows the spatial
distribution of the startups. According to Figure 2.7 and Figure 2.8 innovative
startups belonging to Cluster 2 are located outside the province of Milan. Cluster 2
mainly contains manufacturing companies. In contrast, the companies that belong
to Cluster 5 (which includes startups with high patent ownership and are part of a
group) are located within the province of Milan and are mostly advanced service

enterprises.
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Number of innovative startups in each ATECO (NACE) activity sector for each community
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Figure 2.6: Distribution in logarithmic scale of the number of firms in the different com-
munities for each activity sector. The activity sectors have been computed looking at the
1-digit Italian classification aligned with NACE (ATECO) code of the firms. It is possible
to see that Community 1 is prevailing in the sectors where most startups are located, on the
other hand other Communities are prevailing in smaller sectors. Like the "Electricity, gas,
steam and air conditioning supply" startups which are all in Community 5.

2.4.4 Spatial Bootstrap

The clusters produced will be used as layers of a bootstrap stratified algorithm to
calculate the distribution of average firm LP in the years 2019, 2020, and 2021.

For each firm, LP was calculated as the ratio of value added and the number of
employees. In Figure 2.9 the distribution of the LP in each Community is shown. The
different distributions are approximately normally distributed but they have different
variances, in particular Community 4 has larger variances due to the presence of
outliers.

Once a bootstrap sample is obtained by sampling from the strata, the average
LP of the startups in the sample is calculated and added to the distribution. This
procedure is then iterated to obtain the entire distribution. The results are shown in
Figure 2.10.

The averages calculated using the bootstrap strategy for 2019 and 2021 are slightly
higher than those calculated over the entire sample, while the bootstrap average for
2020 is closer to the average calculated over the total sample. The bootstrap average,
thanks to resampling, is much more resilient to the presence of outliers that the cluster

distributions. Generally, the averages tend to increase yearly, indicating that startups
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2.4. Case study: innovative startups in Lombardy

Characteristics of the clusters
1 2 3 5

a
Innovative startup age class 1 - 0.0100364 0.208964 0.209223 0.368672 0.203105

Innovative startup age class 2

0.402008 0.190468 0.190192 0.020634 0.196698

Low R&D investments - 0.345733 0.324689 0 0.329578

High R&D investments 0.474474 0.028881 0.474474 0.0221717

Not patent owner 0.341261 0.329262 0.329476 0

Patent owner -

0.00411497 0.0207538 0.0204573

Does not belong to a group - 0.164961 0.209803 0.204032 0.158101

Belongs to a group 0.290628 0.0367844 0.174646 0.189571 0.30837

Low sales revenue - 0.193679 0.20574 0.198852 0.229253 0.172475

High sales revenue - 0206283 0194294 0201141 017092 0.227361
Low other revenues - 0.202871 0.176862 0191278 0.182015

High other revenues - 0.197209 0.222492 0.154338 0.208478 0.217483

Outside the province of Milan - 0.181672 0.490093 0.174729 0.126024 0.0274819

Within the province of Milan - 0.212636 0 0.217423 0.31894
Does not do scientific research as main activity - 0.216027 0.219969 0.180606 0.193507 0.18989
Does scientific research as main activity - 0.0755564 0.0449464 0.350582 0.2785

Does not belong to the manufacturing sector - 0.21767 0.149868 0.203299 0.223774 0.205389

Belongs to the manufacturing sector - 0.095424 0.496694 0.180476 0.0592992 0.168107

Figure 2.7: Heatmap of the characteristics highlighted by the Feature importance score vs
the clusters. The sum of each row equals 1; therefore, in the case of perfect equipartition,
each value should be 0.2. The values that are much larger than 0.2 should be considered as
defining characteristics of the cluster.

grow even under severe economic constraints, such as in 2020 when the Coronavirus
Disease 2019 (COVID-19) pandemic caused companies to lock down production
activities. The impact of this restriction must be considered as it affected the shape of
the distribution of the average LP. Although average LP in 2020 increased compared
to 2019, the distribution is much broader, with much heavier tails on both the left
and right, indicating more significant variability in startups performance. Some
companies had to close temporarily or could not adapt their business model to the
situation, and their revenues declined sharply. This is one possible explanation for
the heavy left tail. On the other hand, interpreting the heavier right tail is not trivial.
Some startups have quickly adapted their business models to the constraints imposed
by their investment in digital and technology-driven companies and have seen their
revenues increase. It has contributed to increased LP in 2020 for these types of
companies. It could explain the shift even further to the distribution’s right tail.
However, most firms on the right side of the distribution did not suffer recessionary
effects caused by the lockdown and continued to generate revenues. Therefore,
the average LP distribution in 2020 shifts slightly to the right. After the pandemic,
when most restrictions were removed in 2021, average LP increased not because of a
further push toward the right side of the distribution by the best-performing startups
but rather because of a decrease in the left tail. This means that the startups that
survived the pandemic could return to their regular activities when the restrictions

were removed and recovered the output gap compared to the innovative startups that
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Figure 2.8: Spatial distribution of the startups in the Lombardy region: each startup is
colored according to its Cluster. It is possible to see the spatial aggregation of startups
around the regional capital, Milan, in the west. A clustering strategy based solely on
geographical aspects would not be able to disentangle this agglomeration and distinguish
effectively within Milan.

suffered less from the recessionary effects of the pandemic.

2.5 Conclusions

The new generation of innovative businesses is not just a possibility but a promis-
ing reality. They are poised to achieve rapid growth, international recognition, a
culture of open innovation, and cross-sector collaboration®®. This approach, which
promotes creative entrepreneurship, technology transfer, and market competition, is
designed to accelerate the industrial revolution and boost production levels, compet-
itiveness, and efficiency in the entire economy in the long run®%®. Entrepreneurship
catalyses innovation, productivity enhancement, and significant job creation. De-
spite their potential, innovative startups face numerous obstacles to their growth,

including regulatory hurdles, administrative challenges, and a need for more financ-
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Distribution of Labour Productivity by Community

1e-6
200 Communities
' n 1 Community 1
Community 2
1.75
Community 3
150 Communftyﬁf
f 1 Community 5
=, 125 “
‘»
@ 1.00
a
0.75
0.50
0.25
0.00 — : -
-2.0 -15 -1.0 05 0.0 0.5 1.0

Labour Productivity of Innovative startups in the year 2019 16

Figure 2.9: Distribution of the LP within each cluster for each Community. The distributions
are approximately normal with similar mean but different variance. Community 1 and 2 have
the lowest variances while Community 4 has the highest variance. Note that the negative
values of productivity are not surprising, innovative startups are newborn firms that have
to face upfront costs with likely no or little source of revenue. This means that their added
value, which is the difference between revenues and costs, can be negative and therefore LP,
computed as the ratio between the added value and number of employees can be negative,
too.

ing and skills. The presence of regulatory protection for established firms, complex
regulatory procedures, and an inefficient bankruptcy framework, which may involve
lengthy and costly legal proceedings, can significantly impede market entry, ex-
perimentation, and necessary exits. In the early stages of a business, information
asymmetries, lack of collateral, and the absence of a track record typically restrict
new entrepreneurs’ access to external funding. Market failures and institutional
barriers underscore a pressing need for supportive policies to foster entrepreneur-
ship. These policies are beneficial and essential for the growth and sustainability of
innovative young firms '43. In this view, the power of the algorithm succeeds in dis-
tinguishing individual spatial entities and identifying the main peculiarities of each,
even in the presence of a multitude of information and characteristics of innovative
enterprises. The added value of the clustering algorithm, combined with the wealth

of information in the purpose-built database, allows the policymaker to have greater
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Figure 2.10: Bootstrap distribution for mean LP of the innovative startups. 10000 bootstrap
replicas have been computed using the clusters as strata; for each bootstrap replica, the
mean LP for 2019, 2020, and 2021 has been calculated and added to the distributions. For
each distribution the average has been computed and is presented in green. The average
calculated of the entire sample is also presented in red for comparison. The pink plot shows
the distribution of the number of unique observations (i.e., how many different startups)
contributed to each bootstrap replica. Approximately 60% of all the observations have been
included in each bootstrap replica.

completeness and robustness of the results obtained, which support industrial poli-
cies to be adopted to develop innovative startups. The clustering algorithm, starting
from the requirements that innovative startups must possess, allows highlighting the
differences in characteristics between peripheral innovative startups and those lo-
cated within urban areas, characterized mainly by high technological specialization.
This makes it possible to identify five different communities of companies, each with
its peculiarities but always meeting the requirements of an innovative startup.Hence
in this chapter, we performed analyses of innovative startups to better assess their
key features and characteristics and how these features combine to create meaning-
ful clusters of businesses that effectively represent the innovation landscape of the
Lombardy region. We used fine-tuned state-of-the-art clustering algorithms to make
these clusters, united their results in a bipartite graph, and used modern community
detection algorithms to obtain a superior dataset partition. Once the groups have
been created, modern explainability techniques have been used to make the clusters
more intelligible by humans and shed light on the logic used by the ML algorithm.
These clusters were finally used in the bootstrap analysis to evaluate the distribution

of the average LP of innovative startups over the years 2019-2021 and assess the
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economic consequences of the lockdown caused by the COVID-19 pandemic. The
work will be further enhanced by studying the strategic behaviours of innovative
startups and alliances with firms belonging to or not belonging to the same group

96.267 " In addition, in future works,

using spatial network complexity techniques
we plan to implement this strategy to groups of businesses larger than innovative
startups to scale the algorithm efficiently and also to implement even more robust
explainability algorithms like SHapley Additive exPlanations (SHAP)?* to produce
even more detailed descriptions of the clusters and delve deeper into cluster ensem-
bles, implementing other algorithms based on graphs like Ensemble Clustering using

Factor Graph (ECFG) 174,310
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“The purpose of computing is in-
sight, not numbers.”

Richard Hamming

Spatial bootstrapping using deep
clustering methods: spatial machine
learning applied to Lombardy high-tech

businesses

Bootstrap and clustering techniques are foundational tools across scientific dis-
ciplines, playing a particularly important role in spatial analysis. However,
traditional bootstrap methods often fall short in preserving spatial dependen-
cies and complex attribute relationships during resampling. In this chapter,
we introduce a novel framework in the Spatial ML domain that leverages deep
learning techniques to enhance stratified bootstrap procedures for spatial data.
Deep learning has already revolutionized prediction and classification tasks in
data with temporal and spatial dependencies. In this chapter we want to extend
the scope of application to bootstrap analysis by using tools like entity embed-
dings and autoencoders. By encoding high-cardinality categorical variables into
continuous representations, entity embeddings facilitate the discovery of mean-
ingful spatial and attribute-based cluster. These embeddings are then passed to
a DEC algorithm that can use them to create clusters. This algorithm is able to

handle high-dimensional big data using an autoencoder-based architecture that

52



3.1. Introduction

performs dimensionality reduction and clustering simultaneously to avoid loss
of information. These clusters can be finally used as strata that guide a stratified
bootstrap approach which preserves spatial autocorrelation and heterogeneity.
We demonstrate the utility of our framework by performing a bootstrap anal-
ysis of high-tech firm productivity in the Lombardy region. Our approach is
able to efficiently analyze large amounts of high-dimensional data with complex

attributes.

3.1 Introduction

The productive structure of high-tech sectors is rich and complex, characterized by a
high degree of heterogeneity in productive specializations, varying relevance to eco-
nomic activity, and diverse firm sizes. Innovation is widely regarded as a key driver
of economic development and firm competitiveness>!*32. This view informs many
policy strategies aimed at promoting creative entrepreneurship, technology transfer,
and market competition, with the long-term goal of accelerating industrial transfor-
mation and boosting productivity and efficiency across the economy 2143,

The spatial distribution of high-tech firms is shaped by multiple factors, includ-
ing market size, access to scientific infrastructure, the availability of skilled labor,
and agglomeration effects stemming from the proximity of other firms and public

knowledge centers?8!

. These agglomeration dynamics, facilitated by information
spillovers and localized learning, are widely recognized as key drivers of innovation
and regional economic growth 13144219324 According to Kichko et al.?% | high-
tech clusters emerge in contexts where localized knowledge spillovers, abundant
human capital, and low commuting costs intersect, underscoring the importance of
spatial externalities in the formation and expansion of innovation hubs.

Through processes of localization and urbanization, agglomeration leads to both
the concentration and the diversification of productive activities across geographic

108,302

space Understanding how this spatial partitioning relates to technological

300 has become a central concern in

specialization and tacit knowledge diffusion
the empirical analysis of innovation systems. In this context, a variety of meth-
ods have been developed to detect and analyze spatial clusters of firms. Among
these, distance-based approaches are widely used in economic geography to exam-
ine the spatial concentration of firms relative to their technological profiles 6212246
Marked point processes and related tools such as Ripley’s K function have become
standard for capturing spatial autocorrelation and understanding how firm-level at-

tributes interact with geographic proximity.
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However, while spatial clustering offers valuable descriptive insights, its role in
statistical inference, particularly in resampling methods like the bootstrap, remains
underdeveloped. Traditional bootstrap techniques often neglect spatial autocorrela-
tion and attribute heterogeneity, potentially leading to misleading inference in the
presence of spatial structure. This chapter addresses that gap by proposing a novel
spatial bootstrapping framework in which clustering plays a methodological role:
not as an end in itself, but as a means to define strata that preserve spatial and
attribute-based dependencies during resampling.

Our contribution is primarily methodological. We introduce a Spatial ML?'3
pipeline that leverages recent advances in deep learning, specifically entity embed-
dings and DEC, to produce robust strata for stratified bootstrap procedures. Entity
embeddings are used to convert high-cardinality categorical variables into continu-
ous latent representations that capture meaningful relationships between firm-level

features®

. These embeddings are then passed to a DEC model, which performs
clustering and dimensionality reduction simultaneously. Unlike traditional cluster-
ing algorithms such as k-means, which perform poorly in high-dimensional spaces
due to the curse of dimensionality, DEC optimizes feature representation and cluster
assignment jointly, improving the quality of strata in complex datasets.

By using these deep learning tools to construct spatially and semantically meaningful
strata, our approach allows for more reliable bootstrap inference in high-dimensional,
spatially dependent datasets. We demonstrate the value of our method through an
empirical analysis of high-tech firm productivity in the Lombardy region. This
application highlights how our framework can be used to improve the validity and
interpretability of spatial resampling methods in real-world economic data.

The remainder of the chapter is structured as follows. Section 2 provides a review
of the key literature underlying our approach. Section 3 describes the geodatabase
constructed for high-tech firms in Lombardy. Section 4 presents the proposed
methodology in detail. Section 5 discusses the empirical results. Section 6 con-

cludes with a summary and suggestions for future research directions.

3.2 Literature review

Over the last two decades, significant advancements have been made in the field of
neural networks thanks to faster computers, more data, and improved methods. Neu-
ral networks have begun to replace or are already replacing long-standing methods
in various fields where the data are unstructured or it is hard to find structured data.

However, neural networks are less crucial for ML problems involving well structured
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data3?Y, Different from unstructured data found in nature, structured data with cat-
egorical features usually lack continuity, and when they do have some continuity, it
may not be immediately apparent. The continuous nature of neural networks limits
their effectiveness with categorical variables. Therefore, directly applying neural
networks to structured data with integer representations for categorical variables
could be more effective’. One common workaround is to use a one-hot encoding.
Still, this approach has two significant drawbacks. First, with many high-cardinality
features, one-hot encoding demands unrealistic computational resources. Second,
it treats different values of categorical variables as entirely independent from one
another, often ignoring the informational relationships between them '>72?° In Guo
and Berkhahn'>’, entity embedding is introduced to learn the representation of
categorical features in multidimensional spaces automatically. The goal of entity
embedding is to approximate similar values of a categorical variable in the em-
bedding space. By using real numbers to define the similarity of values, entity
embedding is closely related to the problem of embedding finite metric spaces in
topology.

Entity embedding enhances the neural network’s generalization ability, especially
when data are sparse and statistical properties are unknown. This makes it partic-
ularly useful for datasets with many high-cardinality features, where other methods
tend to overfit. Furthermore, embeddings obtained from a trained neural network
significantly boost the performance of all tested ML methods when used as input
features. Since entity embeddings define a distance measure for categorical vari-
ables, they can be used for visualizing and clustering categorical data.

Entity embeddings are vector representations of categorical variables or entities in
a dataset. These embeddings are learned by training a neural network to capture the
relationships between different entities in a high-dimensional space. They convert
categorical data into continuous numerical data, allowing the use of ML algorithms
that require numerical inputs. Additionally, they can be employed for tasks such as

clustering, visualization, and similarity searches.

3.2.1 Clustering

Clustering is a fundamental ML problem whose performance heavily depends on
the nature of the data and the quality of data representation. Therefore, feature
transformations have been extensively employed to enhance data representation for
clustering. This becomes particularly relevant in the field of Spatial ML where the
spatial characteristics of the data are extremely correlated to the other attributes of

the system.
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The use and development of appropriate methodologies for clustering with spatial
data is an essential topic because it can have huge implications in many differ-

ent field. For example, Farzammehr and Moradi '?3

employed spatial analysis and
clustering methodologies to examine smuggling operations in Iranian districts from
2009 to 2017. Similarly, Gémez !4, in his analysis of spatial patterns in Bolivia,
demonstrated the utility of clustering techniques in identifying key regional clusters
of economic activities, highlighting how these spatial distributions can inform pol-
icy decisions and resource allocation.

Similarly, Ryu et al.3?! present a hedonic pricing model that improves real estate
value predictions by using geographic data, such as latitude and longitude. Instead
of treating location as just another category, the model uses it as a continuous vari-
able, allowing it to better capture non-linear relationships within the data. It works
conceptually similarly to entity embeddings in neural networks, which reveal hidden
patterns in categorical data. This approach makes the model more sensitive to the
complexities of the real estate market, ultimately leading to more accurate forecasts.
For this reasons recent methodological works have focused on developing techniques
that are able to highlight and exploit the spatial characteristics of data for analysis.

One of the most relevant algorithms in this field is ClustGeo®.

This model is
extremely useful and is based on the creation of two matrices: one with the spatial
distances and one for attribute dissimilarities, sometimes computed using the Gower

154 and uses a convex combination of the two to create the clusters. The

distance
model is extremely powerful and adapt for many scenarios where aggregate level
data are available. One of the limitations of the algorithm is that the size of the
matrices scale quadratically with the size of the dataset and therefore it becomes
rapidly too computationally demanding for firm level analysis scenarios like the one
presented in this chapter, where tens of thousands of firms have to be considered at
the same time.

Other fundamental algorithms are DBSCAN !'® which is a non-parametric density
based clustering algorithm and k-prototype !7> which is an extension of the k-means
algorithm that works for big data with categorical variables. These are powerful
algorithms that are appropriate in most use case scenarios, but they are still based
on the idea of computing the distance between data points which becomes imprac-
tical in use cases where data are high dimensional and there are collinearity issues
between the features.

We decided to employ neural networks because their complexity and memory de-
mands scale linearly with the size of the dataset and the number of features. Neural
networks in our use case do not compute directly distances between all the pairs of
points but rather look at the Kullback—Leibler (KL)??° divergence between distribu-
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tions. This makes the computational effort for firm level analysis more manageable
on regular computers and motivated the employment of this methodology. Deep

372 that allow trans-

neural networks are particularly apt to learn nonlinear mappings
forming data into a representation that simplifies the clustering task without requiring
manual feature selection and engineering. Many different deep clustering algorithms
exist in the literature that the interested reader can find in literature review works like
Ren et al.3®. In this chapter, we will employ the DEC algorithm. DEC, which si-
multaneously learns feature representations and cluster assignments, is a promising
technique for managing extensive variables and nonlinear relationships3%°. DEC
learns a mapping from the embedded data space to a lower-dimensional feature
space and performs a clustering task.

The algorithm employs an autoencoder, a neural network capable of summarizing a
large number of variables into a reduced set of latent features. DEC utilizes these
latent features to identify clusters. For instance, it uses K-means to determine initial
cluster centroids, then optimizes the encoder of the autoencoder and updates the
cluster centroids to form the clusters 5!,

In the specialized literature the researchers use the bootstrapping technique to assess
the stability of cluster analysis results and make statistical inferences.

Bootstrap methods are precious when dealing with non-normal data, skewed dis-
tributions, outliers, small sample sizes, or complex statistics. However, complex
data structures and dependencies challenge bootstrap methods because they violate
the assumption of independence and identical data distribution. For instance, with
clustered data, bootstrap samples may not accurately reflect the variation within and
between clusters. Similarly, with longitudinal data, bootstrap samples may fail to
preserve the temporal order and correlation of the observations. Additionally, in
the presence of correlated or causal variables, bootstrap samples might not correctly
capture the joint distribution and direction of effects. Various approaches can address
these complexities and dependencies when using bootstrap methods, depending on
the nature and degree of the complexity and dependency. One such approach is the
stratified bootstrap, which divides the data into strata or homogeneous subgroups
based on relevant variables, factors, or clusters. This method ensures that the boot-
strap samples better represent the variability within each subgroup and maintain the

structure of the original data.
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3.3 Data and variables

To investigate how firms are spatially clustered, we introduce a Spatial ML algo-
rithm?!3 that utilises the geographical coordinates of firms but also considers the
other attributes and characteristics of the firms.
The source of information that we used is the ASIA-Istat database by tax code!.
The analysis is conducted using micro-data including different characteristics
of firms as the sector of activity of each enterprises using a 5-digit code called
ATECO, the local version of the European NACE code. The available data are
updated to 2020 but we restricted the dataset to firms that have been active in the
years 2017, 2018, and 2019 to avoid distorting effects with the outbreak of the
pandemic from COVID-19. Finally, the cleaned dataset had a total of 109 features
for 24976 businesses.

3.3.1 Description of the dataset

Istat databases, specifically the ASIA databases, is the main source of the data used
in this project.
Specifically, we used four ASIA databases”:

1. ASIA businesses with the business’ demographics.

2. ASIA local units with info about the workforce of each local unit that consti-

tutes each business.

3. ASIA Trade by Enterprise Characteristics (Istat framework) (TECFRAME)-
Structural Business Statistics (SBS) with information about the export and

import activity of the business, if applicable.

4. ASIA economic results with the economical performances of each local unit

for each business with revenues and costs.

Together with the Tagliacarne Study Center®, we combined the databases pro-
vided by Istat using the enterprise code as unique identifier and georeferenced the

data by calculating the latitude and longitude of each enterprise; about 2% of the

I'The ASTA-Istat contains information about the firms’ structure, financial situation, and whether
and what they export. Further information is available at ASTA-SBS 2

2See C for more details on the structure of ASIA’s databases.

3The Guglielmo Tagliacarne Italian Chambers of Commerce Study Center, actively creates,
gathers, and evaluates data about Italian companies and the Italian economy
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enterprises could not be successfully georeferenced*.

Local units’ information has been extracted, cumulated and attributed to the whole
business. The economic activity code, ATECO code, was attributed to the whole
enterprise. Firms outside the Lombardy region and outside the high-tech sector
were filtered out. The definition of high-tech adopted is from'?!, where a firm is
considered high-tech if its ATECO code falls into one of the categories shown in
Table 3.1.

The ATECO code? is the Italian version of the NACE code2%; the two classifica-
tions are identical up to the fourth digit. The ATECO code adds additional digits to
further subdivide the subcategories.

For our analysis the data needed further preprocessing:
1. Duplicated columns or almost identical columns have been discarded”.

2. Each column about import and export for businesses not belonging to the
TECFRAME-SBS dataset has been attributed to zero.

3. The 2% of businesses for which Latitude and Longitude could not be computed

have been discarded.

4. All the companies that did not belong to the 2017, 2018, and 2019 versions of

the ASIA databases simultaneously have also been discarded.

5. The productivity of each business for the years 2017, 2018, and 2019 has been
computed as the quotient of the total revenues of the business and the total
number of employees. The productivity between two years is the variable for

which the correlation with the stratified bootstrap method will be computed.

6. All available data about the businesses for the most recent year, 2019, have

been chosen as the variables to use to create the clusters.

The initial ~150 columns have been replaced by 109 columns in the final dataset,
which is composed of 24976 businesses out of the 30704 that were active in 2019.

4We acknowledge the fact that the georeferencing process could introduce biases if the excluded
firms have distinct characteristics. For instance, firms in remote or less urbanized areas might have
been disproportionately affected, potentially impacting the representativeness of the clusters. This
goes beyond the scope of the present work and we plan to address it in future works

>Other highly correlated features have been kept because neural networks can use them to learn
complex interactions between features ! and use them proficiently, especially in combination with
regularization techniques like Dropout*? and Batch normalization '3
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Sectors ATECO Codes
Pharmaceuticals 21 XXX
ICT Manufacturing: 261XX, 262XX, 263XX,

semiconductor, computer, and TLC
hardware

264XX, 265XX, 267XX
268XX

Aerospace:

303XX, 3316X, 613XX

aircraft manufacturing, spacecraft
and related devices,
satellite communications

Biomedical: 266XX, 325XX
electromedical and medical devices (without 32505)
ICT Trade: 465XX, 474XX
wholesale and retail trade of
ICT equipment

IT Services: 582XX, 62XXX, 631XX
software publishing and production,

IT consulting, database management

Telecommunications: 61XXX (without 613XX)

fixed and mobile telecommunications

Table 3.1: High-tech categories and their corresponding ATECO codes. Each ATECO
code is a five-digit code where the first two digits are the category, and the last ones are the
nested subcategories. The Xs indicate that all the subcategories within that category have
been taken.

3.3.2 High-tech industry and knowledge-intensive services

There are many types of enterprises developed based on various criteria, such as
size, ownership structure, scope of business, or the industry in which they operate.
A further classification is based on the recognition of enterprises and their level of
technological advancement. Advanced technology, as a new and innovative field,
dramatically impacts the economic shifts within nations. High-tech sectors play a
vital role in the reorganization of industries and the transformation of economies.
Their growth is essential for escaping the middle-income trap and creating a modern
and robust nation. Nevertheless, the classification and conceptualization of high-
tech enterprises require a multidimensional approach. The high-tech sector is so
broad that it can include enterprises at various levels of technological advancement.
There is no uniform taxonomy of high-tech enterprises. The product-based ap-
proach is often used to classify high-tech industries and enterprises. The definition

of high-tech industry and goods mainly refers to all enterprises operating in the
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high-tech sector, producing high-tech goods or providing technologically advanced
services 14324234 _ A limitation of this approach may lie in the size of firms included
in the sector. As a result, the share of SMEs may be significantly underestimated?°.

348 who

A comprehensive definition of the high-tech sector is found in Swidurska
states that a high-tech sector employs a high level of scientific and technical person-
nel, collaborates intensively with scientific and research institutions, is characterized
by a rapid aging process of developed products and technologies, dynamically ex-
changes resources in terms of technical infrastructure and patents. Following the
definitions of high-tech firms, the number of companies within each category and
for each year can be computed. The results are shown in Figure 3.1. The overall
number of high-tech companies in the Lombardy region is 30704 and has slightly
increased in the five years data was considered. The IT services category, with
approximately two-thirds of the overall companies in this sector, is the predominant
one. Interestingly, the perceptual change shown in Figure 3.2 shows that the smallest

industry, Aerospace, is growing faster.

Number of high-tech firms in the Lombardy region

30235 30340 30572 30704 High-tech category
IT Services

ICT Trade

30000 29801

Biomedical

— — — —
ICT Manufacturing
Telecommunications
Pharmaceuticals
B Aerospace

2015 2016 2017 2018 2019
Year

25000 1

20000 A

15000 A

Number of firms

1

10000 1

5000

Figure 3.1: The number of companies in the High-tech sector between 2015 and 2019 has
slightly increased over the years, and most of the sector is made up of IT services companies.

3.4 Methodology

3.4.1 Entity embedding

Different techniques exist in literature to treat high cardinality categorical vari-

ables without adding more variables like target encoding?>. The one algorithm

157

implemented in this case is entity embedding ">, as it produces a meaningful repre-

sentation of data without the risk of data leakage between the features and the target.
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Percentage change in the number of high-tech firms in the Lombardy region (2015-2019)

15.0 1

12.5 1

10.0 4

7.5 A

5.0 4

2.5 A

Percentage change

0.0 1

—2.5

~5.04

High-tech category

Figure 3.2: Relative change between the years 2015 and 2019 for each category. The
Aerospace category, which, with 64 companies in Lombardy in 2019, is the smallest sector
in absolute terms, is the fastest-growing one in relative terms.

This algorithm trains a deep neural network for a specific regression task. It uses
the numerical outputs of one hidden neural network layer to embed the data.

This numerical output of one of the hidden layers of the neural network can be
considered a valid proxy for the original data if the neural network can learn a
meaningful representation of the data and can generalize it to unseen data.

The embedding is completely numerical and can be used for all subsequent compu-
tations as an effective proxy for the original dataset. Implementing this procedure
has become necessary because several variables in the original dataset were not
numerical but rather high-cardinality categorical variables.

We want to stress that this step is fundamental for the subsequent analysis as it allows
to transform an initial dataset composed of highly collinear features with complex
categorical variables in a simple completely numerical representation. This is pos-
sible in the bootstrap (and similar) scenarios because the relevant target variable
that will be used in the bootstrap is known a priori and therefore it is possible to
create regression task with the only purpose of creating an embedding preserving

the relevant information for the bootstrap purpose.

3.4.2 Deep Embedded Clustering

The embedded data generated can be used for unsupervised tasks like clustering.

The traditional approach to solving the problem of high dimensionality is either
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the use of an algorithm like CURE!® or the use of some dimensionality reduc-

)21 factor analysis>*, or

tion technique like Principal Component Analysis (PCA
nonlinear techniques like KPCA3?’, before implementing the clustering algorithm.
The main issue with this approach is that dimensionality reduction techniques act
independently from the subsequent clustering technique and could suppress dimen-
sions with helpful information for the clustering algorithm. To address this and
other issues, algorithms leveraging neural networks have been developed to perform
clustering with high-dimensional data in the Deep Clustering field 4739,

One of the first and most influential algorithms developed in this field is DEC3%°.
DEC jointly optimizes feature representation and cluster assignments in an iterative
fashion. This procedure is repeated such that a slightly different feature space with
more refined clusters is generated each time, gradually increasing the cluster purity.
This cluster purity is quantified using the KL divergence, a measure of how one prob-
ability distribution diverges from a second, expected probability distribution??°. In
the context of DEC, KL divergence is used as the loss function to compare the soft
cluster assignments (the model’s output) with a target distribution that emphasizes
more confident assignments. By minimizing the KL divergence, the network im-
proves its clustering performance with each iteration °13%°. The interested reader
can find the full architectural details in the original paper>®.

A crucial requirement of DEC is that it must be initialized with a “naive” cluster-
ing guess to improve upon. To this end, the embedded data has been trained on a
MiniBatchKMeans model®3!, a lightweight and scalable version of KMeans suited
to large datasets.

DEC also relies on training an autoencoder, a type of neural network that constructs
a low-dimensional representation of the input data through a process of encoding
and decoding. The encoder maps high-dimensional input into a compressed rep-
resentation, while the decoder attempts to reconstruct the original input from this
compressed form. This compressed representation is often referred to as the latent
space: an abstract, typically lower-dimensional space where meaningful features
and structures in the data are preserved*+!>!. The key idea is that this latent space
captures essential properties of the data, enabling more effective clustering. If the
decoder is linear and the mean squared error is used as the loss function, the au-
toencoder is mathematically equivalent to PCA'>!. When nonlinear components
are used, the autoencoder becomes a nonlinear generalization of PCA, allowing for
more expressive representations.

The encoding part of the autoencoder and the initial clustering guess are combined
into the DEC model. This model then iteratively adjusts the latent space by focusing

on data points that are confidently assigned to clusters, while updating the clusters
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based on the new representation. This iterative process enhances clustering quality
over time.

Recent studies 9!

show that DEC models are particularly effective at uncovering
nonlinear relationships in spatial economic data. In our case, DEC enables us to
capture the joint structure of spatial coordinates and categorical economic variables,
which traditional clustering algorithms (e.g., k-means) cannot accommodate without

preprocessing or dimensionality reduction steps.

3.4.3 A novel stratified bootstrap: geographical data with at-

tribute space

The use of bootstrap techniques to calculate statistical quantities of interest has been
widely adopted over the years?'2. The idea is to extract by repetition subsamples
of the original data set and compute the statistical quantity of interest, such as the
mean or, in our case, a correlation coefficient, on these subsamples.

This procedure is iterated for a fixed number of times, and all the calculated corre-
lation coefficients are put together to obtain a correlation distribution.

A variant of the Bootstrap, called the Stratified Bootstrap?!?, is particularly suitable
for spatial data, as it allows for spatial features of the data, such as spatial auto-
correlation, to be taken into account. For a full discussion of the topic of spatial
autocorrelation and its solutions, see the work of Jiang '°° and Kopczewska?!'>. The
variant of Bootstrap still involves extraction with repetition, but not from the entire
dataset, but from subsamples, which are relatively homogeneous within but different
across subsamples. One possible way to compute these layers is to apply a clustering
algorithm such as the well-known k-means to spatial coordinates.

This robust approach is then limited by the characteristics of the clustering algorithm
used to compute the layers and the type of data it can use.

For example, suppose this procedure considered only latitude and longitude with a
k-means algorithm and used clusters as layers for Bootstrap in the application for
business use cases. In that case, it might overlook some characteristics of businesses,
namely industrial and economic indexes. On the other hand, a more significant num-
ber of numerical variables fed by the k-means algorithm would lead to problems
related to increased computational costs and possibly the curse of dimensionality3°.
The algorithm improvement we propose simultaneously considers the geographical
location of firms and space attributes. As a result, the algorithm can distinguish
between a software development activity and an aerospace activity because discrete
information of this type is stored in ATECO codes??, which are categorical vari-

ables® with high cardinality. These variables pose a challenge because traditional
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techniques, such as using dummy variables ', can result in an excessive increase in
the total number of characteristics.

However, it is worth addressing because these variables, such as the ATECO above
code for the business sector, provide essential information about the firm. Attributes
inform the clustering algorithm that although two firms may be geographically
distant, they may share some similarities if they operate in the same industry. Con-
versely, two companies may be in neighboring geographic areas but be subject to

different local taxes and policies, further differentiating them.
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Figure 3.3: This is the proposed method for
extracting insightful statistics using stratified
bootstrap. After the initial data preprocess-
ing and cleaning, the data are mapped to an
embedding space; in this case, we used the
Entity embedding algorithm. Subsequently,
the data are fed to a deep clustering algo-
rithm to perform both dimensionality reduc-
tion and clustering. These clusters are then
used as strata in a stratified bootstrap algo-
rithm to obtain insightful information.

The relationship between the geographic
and attribute spaces is a fundamental
aspect of our algorithm. When the ge-
ographic space of relations changes, the
attribute space also changes. For in-
stance, in creating a partition of the terri-
tory of enterprises, the geographic space
is the areas containing the firms.

The corresponding attribute space de-
scribes enterprises’ qualitative and quan-
titative characteristics, such as ATECO
code, productivity, turnover, number of
employees, and more. Understanding
the relationship between geographic and
attribute space is key to understanding
the functionality and effectiveness of our
algorithm. In our application, the spe-
cialization of high-tech firms, that plays
an important role in the mainstream
of economic and geographical studies,
is the spatial feature for which spa-
tial clustering is developed?'3*’. The
defined industrial and socio-economic
characteristics of the areas and the con-
straints on their definition specified by
the (co)location of the activities of the
firms constitute the attributes for which
a functional partition of the territory is
developed.

Several criteria, such as quality, com-
plexity, and comprehensibility, com-
bined with the chosen Spatial ML algo-
rithm’s complexity, interpretability, and
computational performance, can assess

the adequacy of the attributes ',
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This novel multistep estimation procedure is a mixture of traditional statistical
techniques, bootstrapping and ML2!3.
The following Figure 3.3 summarizes the steps of the algorithm implemented in our

work.

3.5 Empirical evidence

The detailed technical description of the embedding procedure and the implemen-
tation of DEC is presented in C.1. In this section we focus on the description of the
clusters that the algorithm produces and how they can be used as strata for spatial

analysis.

3.5.1 Clusters as strata

When we talk about stratification, we mean the organization of geographic ob-
jects into subsets (called strata) based on the similarity of their attributes or spatial

relationships 8.

In spatial analysis, stratification is typically conducted on a ge-
ographic basis, such as by dividing the study area into subregions using specific
variables. This approach is beneficial for purposes such as sampling®° or statistical
inference3®*. Within each stratum, spatial objects should be as similar as possible
regarding attributes relevant to the analysis. Similarity can be measured by variabil-
ity within strata, distance matrices, or probability models.

Lastly, the correlation coeflicient is computed for each bootstrap sample, and there-
fore, a distribution for this variable is obtained.

The DEC algorithm created 11 clusters, with the larger clusters comprising 11656
businesses and the smaller ones comprising 167 firms.

Their geographical division is shown in Figure 3.4, and the division according to the
activity sector is shown in Table 3.2 in absolute values and in the heatmap in Figure
3.5 for the relative values.

We want to highlight the fact that the presence of a central region with extremely
high concentration of firms did not imply automatically that they all belong to the
same cluster, an issue observed in some density based clustering algorithms, and
therefore the algorithm has been able to discern between spatially agglomerated

firms.
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Figure 3.4: Image of the Lombardy region where each business is coloured according to its
cluster. Note that even though the latitude and longitude are two considered variables, the
clusters are mixed. The map has been created using Contextily '® and Geopandas??,

Cluster 1 2 3 4 5 6 7 8 9 10 11 Total
Aerospace 7 3 11 2 1 2 15 0 1 1 0 353
Biomedical 1734 366 110 254 70 62 184 39 22 10 17 2868
ICT Manufacturing 248 74 151 71 63 73 415 23 10 11 8 1147
ICT Trade 866 1501107 567 101 284 250134 27 22 6 3514
IT Services 848520751069122415111141 21525529214513416546
Pharmaceuticals 5 3 29 6 1 5 96 1 0 0 0O 146
Telecommunications 301 56 170 55 31 54 21 5 3 4 2 702
Total 1165627272647217917781621119645735519316724976

Table 3.2: Cluster distribution in different high-tech industries

Figure 3.5 presents a map of the Lombardy region with the high-tech firms
colored according to their cluster. The algorithm assigns neighboring firms to

different clusters.

In a nutshell, spatial embedding is a feature learning approach utilized in spatial
analysis, where geographic data types such as points, lines, polygons, or other spatial
entities are transformed into vectors of real numbers. Inessence, this process involves
mapping a high-dimensional space for each geographic object into a continuous,

lower-dimensional vector space. Differently, embeddings are vector representations

Alessio Bumbea 68



3.5. Empirical evidence
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Figure 3.5: Heatmap created using Matplotlib *’®, that relates each firm category to the
clusters. The first clusters is the largest one and contains most of the Biomedical, IT
Services and Telecommunications firms. Most of the Pharmaceuticals firms belong to the
seventh cluster.

of data that capture complex relationships in a low-dimensional space. This approach
enables the use of complex spatial data in neural networks and have been proven
to enhance performance in spatial analysis tasks. Real-world complex data are
inherently heterogeneous; they have different types of attributes, and relationships.
In the context of spatial heterogeneity embedding methods like graph embeddings
or geographic feature embeddings (e.g., socio-economic indicators) can represent
spatial regions in a way that encodes similarities and differences between them.
Thus, embeddings compress these features into a manageable size while retaining

meaningful spatial relationships.

3.5.2 Spatial economic analysis

We compute, also, the correlation between business productivity between 2018 and
2019 and between 2017 and 2018. In Figure 3.6, in the left panel, the bootstrap
correlation coefficient shows the distribution of productivity in the year 2018 and
productivity in the year 2019. The distribution average (0.9317) is much higher than
the correlation computed using the full sample(0.7150). The coefficients values
are similar for the correlation between firms’ productivity between 2017 and 2018
(Figure 3.7). This indicates that the direct correlation computation between two sub-

sequent years underestimates the productivity. On the right panel is the coverage of
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the bootstrap replicas, i.e., the fraction of the total sample present in each bootstrap
replica. The relative sizes of the clusters can significantly affect the coverage value.
What the identified clusters share is that they use the same or similar production tech-
nology nonetheless; «if [the production of] two goods...require similar institutions,
infrastructure, physical factors, technology, or some combination thereof, they will
tend to be produced [in the same location]» !’°. Moreover, the spatial co-production
of products indirectly catches their production technology similarity?%”. Therefore,
the clusters considered some characteristics of the firms, such as economic activity,
technology, turnover, number of employees, geographic localization, etc. It implies
that two geographically close firms may belong to distinct clusters because they
differ in these attributes. For instance, adopting a specific technology in a particular
geographical location is likely to be restricted not by a lack of workforce or industrial
facilities but by a lack of the essential expertise required, namely know-how. Fur-

thermore, knowledge is difficult to create or move outside the localized area where

it was produced and where it has become increasingly important30:141.243,
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Figure 3.6: The correlation between the productivity between the years 2018 and 2019. The
average coverage of each bootstrap replica (in the right figure) is low because the clusters
have different sizes

In addition, recent studies in the literature indicate a decline in industrial concen-
tration and specialization indices while employment concentration and specialization
indices have risen. It suggests that regions gain a comparative advantage through
their efficiency in offering specialized services such as legal support, finance, adver-
tising, and engineering across various industries. Differences in regional produc-

tivity related to these specific functions influence the location choices of industries
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Figure 3.7: The correlation between the productivity between the years 2017 and 2018. The
average coverage of each bootstrap replica (in the right figure) is low because the clusters
have different sizes

reliant on multiple services, thereby shaping regional specialization patterns in func-
tional roles and industrial activities 42,

These differences in the attribute’s space result in large distances in latent space that
the clustering algorithm can capture.

Nevertheless, by delving into the potential of analyzing multiple attribute spaces si-
multaneously, we can uncover the underlying relationship between different forms of
representation of technological specialization and the dynamic interaction between
attribute spaces.

The complexity of modeling spatial interactions among agents has led the theoretical
literature on economic geography '4? to traditionally emphasize simplified contexts,
such as a few symmetrical locations, which must be more easily aligned with real-
world data. However, more recent research has developed quantitative models of
the spatial distribution of economic activity. These data-intensive models contain
detailed information about firm characteristics, such as the number of location units
unevenly distributed across a geographic area and productivity.

Regional specialization emerges from the unique characteristics of a region, which
are influenced by the benefits derived from the clustering of industrial entities and the
concentration of production. This perspective emphasizes the importance of under-
standing the interplay between spatial and sectoral factors, as their complementary
relationship significantly contributes to shaping a region’s distinct specialization?”°.
Thus, the clustering of economic activity within a region is closely tied to the geo-

graphical distribution of industrial entities.
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Modern spatial economics plays a crucial role in studying new forms of connectivity
among economic agents in a given geographic area. It analyzes economic forces’ dy-
namic and complex interaction, particularly the equilibrium balance between these
centripetal and centrifugal forces.

Given the complexity of modeling spatial interactions among economic agents, the
application of complexity theory and the use of models capable of mapping complex
and interconnected spatial connections become not just beneficial, but imperative.
These tools are essential in navigating the challenges posed by the intricate nature
of spatial interactions, and they form the backbone of our research.

However, research economic complexity is still under development, and its success

depends significantly on large datasets and advanced ML methods>?.

3.6 Discussions and future prospectives

The composition of clusters across different high-tech industries (Table 3.2) re-
veals significant structural asymmetries. Cluster 1, which comprises nearly half the
dataset, is dominated by Biomedical, IT Services, and Telecommunications firms.
This suggests that it captures a significant segment of the regional high-tech ecosys-
tem, likely centered in more significant urban hubs such as Milan. However, despite
this density, the DEC algorithm distinguished additional clusters within this area,
avoiding the common pitfall of conflating proximity with homogeneity.

This spatial discernment is evident in Figure 3.4, where clusters are visibly inter-
mixed despite some firms being geographically close. This outcome reinforces the
methodological strength of combining geographic data with attribute embeddings:
firms are grouped by location and more profound economic, categorical, and struc-
tural similarities. For instance, two firms operating in the same city may belong to
different clusters due to differences in size, sectoral classification, or export activity.
The heatmap in Figure 3.5 provides a more granular look at the relationship be-
tween clusters and industry sectors. Cluster 7 shows an unusually high relative
concentration of Pharmaceutical firms, indicating that it might capture a subgroup
defined by specific operational characteristics (e.g., R&D focus or international trade
profile). Meanwhile, the ICT Trade Category is spread across multiple clusters, sig-
naling internal heterogeneity, possibly related to the firm’s role within supply chains,
market scale, or digital maturity. Turning to Figures 3.6 and 3.7, which examine
the correlation of productivity between consecutive years, the empirical results are
particularly illuminating. The bootstrap-based correlation distributions yield signif-

icantly higher average values (= 0.93) than those obtained from a naive correlation
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on the full dataset (= 0.71). This suggests that when spatial and attribute-based
heterogeneity is respected, through clustering and stratified bootstrap, the internal
consistency of firm productivity trends becomes more evident.

Interpreting the coverage distribution (right panels of Figures 3.6 and 3.7) is also
essential. The observed low average coverage reflects the variation in cluster sizes:
large clusters dominate the resampling, while smaller, potentially more specialized
clusters appear less frequently. However, this variability is not a limitation but a
feature of the stratified approach. It ensures that heterogeneous substructures, such
as niche industries or geographically peripheral firms, are not masked by the more
dominant sectors.

In broader terms, these results provide evidence that the proposed pipeline, combin-
ing deep clustering and stratified bootstrapping, not only enhances methodological
robustness but also amplifies the interpretability of economic phenomena. The
refined correlation estimates suggest stronger year-to-year stability within seman-
tically coherent firm groups—highlighting the importance of structural similarity
over simple geographic co-location in explaining productivity dynamics.

In the present chapter, we applied a spatial bootstrapping algorithm to the high-tech
businesses in the Italian Lombardy region. The spatial bootstrapping algorithm
proposed is the stratified clustering algorithm. This algorithm assumes that the data
are separated into strata of similar data points from which sample with repetition.
These strata have been created using a deep clustering algorithm called DEC, based
on an Autoencoder Neural Network. The algorithm was able to cluster the data
successfully by using the characteristics of the businesses and executing Bootstrap
to compute the distribution of the correlation coefficient. The next step will be
implementing algorithms to create more interpretable clusters3*7. At the same time,
we wish to improve the algorithm analyzing the spatial stratified heterogeneity that
refers to the variation in spatial data that arises due to differences within distinct
strata or regions. This concept is crucial in many scientific fields, as it acknowledges
that spatial data is not uniform, and that variability often exists between different
geographic or ecological zones. Recognizing and accounting for this heterogeneity
is essential for accurate analysis and modeling. Accounting for spatial stratified
heterogeneity '°® leads to more accurate and reliable models, as it acknowledges and
incorporates the inherent variability within the data. By recognizing and analyzing

the differences between strata, this approach reduces bias that can arise from treat-

The entire clustering and bootstrap procedure implemented in this chapter has been repeated,
for comparison purposes, with the traditional k-prototype algorithm and is presented in C.2. The
traditional method results in a much lower correlation (= 0.31), highlighting the importance of
implementing more advanced architectures.
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ing the data as homogeneous. Understanding spatial heterogeneity enables more
informed decision-making in policy planning, resource allocation, and intervention
strategies tailored to the specific needs of different regions. Hence, addressing the
complexity and variability in spatial data, embeddings and autoencoders provide
powerful tools for tackling spatial heterogeneity in economics.

Moreover, determining the appropriate criteria for stratification can be challeng-
ing and requires a deep understanding of the underlying spatial processes. The
clustering, embedding, and resampling processes can be computationally intensive,
especially with large datasets. Therefore, efficient algorithms and computing re-
sources are essential.

Nevertheless, the accuracy of spatial stratified heterogeneity analysis depends on the
quality and granularity of the data. Incomplete or coarse data can limit the effec-
tiveness of this approach. Research in spatial stratified heterogeneity continues to
evolve, focusing on developing more sophisticated clustering algorithms, improving
embedding techniques, and integrating these methods with advanced spatial anal-
ysis tools. Future directions also include: 1) extending these techniques to handle
temporal-spatial data; 2) enhancing real-time data analysis capabilities and 3) im-
plementing new geospatial specific cross-validation techniques>’? to better assess
the performances of the models during training.

One fundamental issue that should be addressed in future research is the creation of
an explicit balancing of the contribution of the spatial and non-spatial attributes in
the creation of the clusters while still being able to exploit the information contained
in high cardinality categorical variables. Recent relevant works in this direction like

Lee and Lauw 23

propose the use of Graph Neural Networks to explicitly encode
the spatial aspect to create spatially-aware embeddings of numerical features.

By utilizing clustering algorithms and embedding techniques, researchers and practi-
tioners can achieve a deeper understanding of the intricate patterns and relationships
in the physical world. This leads to the development of more accurate models and

more informed decision-making.
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“A complex system that works is invari-
ably found to have evolved from a simple

system that worked.”
John Gall

How Scale Shapes Productivity: Skills,
Capabilities and Complexity from

Macro to Micro

This chapter investigates how the tension between specialization and diversifi-
cation unfolds across scales, from individual firms to region-sized aggregates.
Using a uniquely detailed dataset covering around 4.4 million Italian firms per
year from 2015 to 2019, we link workers, firms and territories within a unified
empirical framework. We measure the diversification of human capital through
the entropy of academic qualifications inside each firm and hexagon, construct a
multiscale spatial partition of Italy based on the Hexagonal Hierarchical Geospa-
tial Indexing System (H3) hexagonal grid, and proxy export capabilities using
an exogenous Fitness index derived from world-level product complexities and

aggregated at different resolutions.

At the firm level, Fixed Effects (FE) regressions show that both the level and the
diversification of academic qualifications are positively associated with Labour
Productivity (LP), even after controlling for size, age, exporting, workforce
composition and sector-year effects. The productivity premium of diversified

workforces strengthens with firm size, suggesting that larger organizations ben-
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efit disproportionately from combining heterogeneous skills. When we move
from firms to H3 hexagons of increasing area, the sign and magnitude of key
coeflicients change systematically: workforce diversification tends to depress
productivity in large, region-like hexagons, but becomes strongly beneficial at
finer resolutions, while export Fitness matters more for aggregated territories
and less for individual firms, where exporting status dominates. These results
reconcile the apparent paradox of diversified regions and specialised firms by
showing that the specialization—diversification trade-off is intrinsically scale-
dependent. Our findings highlight the importance of multi-scale, geometry-
based approaches for understanding how capabilities, skills and productivity

co-evolve in complex economic systems.

4.1 Introduction

Since Smith3*°, economics relates the efficiency of economic systems to the syn-
ergies between tasks, workers, functions, firms, and sectors composing them. Spe-
cialization, externalities and returns to scope are crucial aspects to understand the
persistent heterogeneity among economic actors’ performance. At the same time,

3. economic

the growth process of complex systems is a process of diversification °
systems grow organically like plants, adding functions and new structures and insti-
tutions that are required to sustain their size along the growth process. Economic
actors grow by expanding their set of activities to fully utilize their resources and

292

capabilities~”~. This tension between specialization and diversification is crucial to

understand how complexity arises, aiming at diversifying the system’s output while

specializing its parts. The concept of related variety *%138

was proposed by economic
geography to ease the tension, by diversifying without wandering far from the core
regional capabilities. At the policy level, this same intuition is at the basis of smart
specialization strategies>!3°. Preference for related diversification is observed also
for firms %3 and countries 7.

However, different economic actors, firms, industrial clusters, regions, countries,
do not solve the tension between diversification and specialization in the same way,
because they have different resources and constraints. Using a very common bio-
logical metaphor, if economies are close to ecosystems, firms are individual living

entities 40273

. Firms can be modeled as adaptive organisms, evolving algorithmic
routines: they decide strategically their inputs and can adjust their boundaries, which
drives them toward narrower specialization to fit their niche, their diversification pat-

terns restricted by the knowledge and capabilities embedded in their routines !**. On
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the contrary, geographical entities inherit resources that are mostly persistent, push-
ing stakeholders toward diversification to mobilize whatever asset and capabilities
the territory offers 38, This difference between firms and regions rises an apparent
paradox that is at the core of this work: when we speak of the diversification pro-
cess of regions and countries, we are actually referring to a firm dynamics, we are
saying that a firm based in that region is diversifying, or that a new firm is born.
Complexity arises from the aggregation of different firms in a geographical space,
through regional capabilities’7->>°.

In this work we will look at the combination and aggregation of capabilities,
from workers to firms and from firms to regions. In doing so, we will see how the
diversification-specialization tradeoff is affected by the size of the economic system,
looking at two different ways in which an economic system can grow. First, for firms
of different size, from micro-firms to multinational corporations, economic agents
growing organically and strategically adding functions and new structures that are
required to sustain their size”?. We will look at the relation between firms function
and complexity and the diversity of the education paths of their work force, for
the universe of almost 4.5 milion Italian firms. The number of different education
backgrounds of employees here proxy the need for different functions: when a
firm will require a legal department, a marketing department, a chemistry research
department, they will hire lawyers, comunication experts, chemists. Complex and
multifunctional firms will need a diversity of education backgrounds, simpler firms
can use similar employees.

Second, we will observe how this relates to regional dynamics when changing
the scale of observation, from an area as wide as a single firm to a region. One of the
unique features of our analysis is a smooth transition from single firms to regions,
moving through larger and larger industrial clusters first and clusters of clusters later.
We will see how larger areas will prefer diversified work force to have diversified
sectoral compositions”® to cater to different and multifunctional firms. At the
regional level we will look at these two dynamics, the coevolution with the regional
scale of the complexity of the product basket of regions and the diversity of their
education backgrounds. We will achieve this smooth and homogeneous transition
by ignoring administrative regions and looking instead at simple geometric divisions
of the territory.

Looking at both dynamics will help clarify the coevolution between firms and
regional economic growth. We will do so not just qualitatively, comparing firms
and regions in general, but quantitatively, measuring in squared kilometers and in
number of people the economic scale at which the trade-offs tend to weigh in one

direction or the other for different economic actors.
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4.2 Literature review

4.2.1 Firm-level specialization, related diversification and capa-
bilities

Earlier management works refer to diversification as a matter of physical resources

and administrative complexity, without mentioning capabilities. In Penrose’s view,

diversification proceeds through incremental branching that exploits underutilized

internal resources rather than leaps into unrelated areas?®”.

Similarly, Rumelt’s
early work on corporate strategy showed that firms following “coherent” or re-
lated diversification outperform both highly specialized and unrelatedly diversified

firms31°.

Montgomery’s survey of corporate diversification further systematizes
this evidence, highlighting that performance premia are associated with diversi-
fication within a shared resource or capability base rather than across unrelated
businesses?°!. Markides and Williamson interpret these results through a resource-
based lens, arguing that related diversification creates value only when it allows the
firm to access or leverage strategic assets that are valuable, scarce and difficult to
imitate 4’

Starting from the ’80s and ’90s, evolutionary economics started referring to
unobservable resources of the firm, often embedded in routines and therefore un-
tradable, as capabilities. Firm behavior is then understood as constrained by the
coherence of their internal knowledge bases. Evolutionary theories of the firm
emphasize that routines and organizational capabilities are persistent, tacit, and dif-
ficult to redeploy, so that diversification possibilities remain bounded by existing
knowledge 194273, This explains why most firms occupy relatively narrow niches,
and why related diversification is more common than unrelated expansion. Early
empirical work showed that multi-product firms tend to expand into technologically
or organizationally related domains, preserving a stable “coherence” across their
activities 1331, Jacobides and Winter analyse the co-evolution of capabilities and
transaction costs and show that vertical specialization along a value chain requires
heterogeneous capabilities; reductions in transaction costs translate into greater spe-

cialization only when capabilities are unevenly distributed !**

. Argyres and Zenger
integrate capabilities and transaction-cost approaches, arguing that differences in
comparative capabilities are central in determining firm boundaries and hence the
degree of specialization!”. Together, these contributions support a view of firms as
adaptive, but coherently bounded, organizations: diversification is typically related
and limited, while specialization along dimensions aligned with their capabilities is

the default outcome.
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The notion of core competences pushes this argument inside the firm and shift
the focus to knowledge. Prahalad and Hamel conceptualize core competences as
bundles of skills and technologies that underpin multiple product lines, but that
are themselves relatively narrow and difficult to build 303 In their view, the firm’s
ability to grow depends on its capacity to redeploy these competences across related
domains; attempts to diversify far from the core typically destroy rather than create
value. This is consistent with evolutionary perspectives in which firms are seen
as carriers of specific, path-dependent routines and knowledge bases, so that the
scope for diversification is strongly constrained by internal coherence requirements.
More related works show that multi-technology firms systematically “know more
than they make”: their knowledge base is broader than their actual production
scope, in order to coordinate loosely coupled networks of suppliers and cope with
uneven technological change>”!%2, The product scope remains limited relative to
the underlying knowledge base, reinforcing the idea that firms occupy relatively
specialized niches.

Related to this literature, different works used the same argument to see how
firms’ focuses their research in few related technological domains. Early analyses of
patent portfolios showed that large firms accumulate competences along persistent,

289 Historical

path-dependent trajectories and rarely branch into unrelated fields
studies confirm that diversification tends to deepen existing technological strengths
rather than open entirely new ones®!. Granstrand’s work characterizes technology-
based firms as balancing the need for some knowledge breadth with the pressure to
maintain internal coherence >3, Patent-based evidence reinforces this view: firms

3 and

tend to enter technological classes closely related to their prior competences
innovative performance depends more on the coherence of the knowledge base than
on sheer variety?”>. Recent work shows that scientific capabilities also condition
which technological domains firms can enter, again emphasizing the importance of
internal coherence in shaping diversification paths®3.

Relevant to the rest of this chapter, recent empirical approaches operationalize

270 shows that

these ideas through measures of skill- and knowledge-relatedness.
inter-industry worker flows reveal a latent structure of “skill relatedness,” predicting
which industries firms are likely to diversify into. Diversification patterns align
with these skill proximity: firms overwhelmingly expand into activities that reuse
the competences of their existing workforce?®®. Relatedly,??” analyse the skill
and knowledge content underlying production structures. A complementary strand
examines firm-level functional complexity. Coad, Mathew and Pugliese”® quantify
firms’ hierarchical capability profiles using a nestedness framework and show that

the accumulation of more complex functions predicts growth, survival, and the
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ability to enter new related domains. These approaches situate firms as coherent,
adaptive entities whose specialization—diversification strategies are shaped by the

tacit, path-dependent nature of their routines.

4.2.2 Regional and national diversification, related variety and

smart specialization

A large body of work in evolutionary economic geography highlights that regions
diversify by branching into activities related to their existing technological and
industrial structures. The tone and arguments are similar to the firms related literature
described in the previous section, diversification happens coherently to the previous
industrial structure of the region. However, while at the firm level the scholars try
to find a reason why firms would be interested in diversification®%?, at the regional
and national level the idea that diversification is an important driver of economic
growth is undisputed'®>. Also macro-level studies have demonstrated the broad
empirical regularity that economies diversify as they grow. Saviotti and Frenken
argue that economic development involves a systematic increase in the variety of
goods, functions and technologies?3. Their theory of variety-led growth offers a
formal link between the accumulation of knowledge, the expansion of economic
activities and long-run productivity gains. The mystery to solve in this literature is
why this regional diversification happens to be related, not why the diversification
happens to begin with.

Indeed, this “related diversification” mechanism has been observed across coun-
tries, sectors and time periods. Klepper’s industry life-cycle framework shows that
regional clusters grow through entry of firms whose knowledge accumulates locally,

208 Boschma

generating spin-offs that remain technologically close to their parents
and Wenting provide a historical demonstration of this mechanism in the evolution of
the British automobile industry, where new firms emerged from related pre-existing
capabilities in bicycle and engine manufacturing®®. Such studies frame regional
diversification as the outcome of a cumulative, path-dependent process in which
new activities draw on the capabilities embodied in incumbent industries.

A complementary strand links regional diversification to variety in knowledge

and technologies. Kogler et al. 2%

examine US patent data and show that techno-
logical variety and relatedness strongly predict regional inventive output as well
as future diversification paths. Balland and Rigby3? use patent co-classification
networks to map the geography of technological knowledge, showing that regional
diversification depends on recombining locally embedded technological capabilities

and on the structure of related technologies present in the region. These approaches
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converge on the idea that regional development is driven by the recombination of
existing, localized knowledge structures.

At the national scale, classic structural-change theories already stressed that de-
velopment entails the progressive expansion of the productive structure. Pasinetti’s
multi-sectoral model formalizes how increasing variety in consumption and pro-
duction leads to continuous structural change, with sectors emerging as per capita
income grows2®. Cimoli et al.”” emphasize that catching-up requires broadening
the technological base, especially in middle-income economies, where the ability to
diversify into more complex sectors is a key determinant of long-run performance.
Structuralist and evolutionary approaches thus converge: successful development
depends on accumulating a portfolio of capabilities that supports diversification into
related but progressively more complex activities.

Recent work in international trade further emphasizes the role of relatedness in
structural transformation. Atkin, Khandelwal and Osman show that export upgrad-
ing in Bangladesh’s garment sector depended on related product capabilities already
present in local firms, and that relatedness constraints shape which varieties coun-
tries can enter?>. Javorcik and co-authors document how foreign direct investment
stimulates related diversification in host economies, especially when multinationals

198

introduce technologies close to domestic capabilities '”°. These findings reinforce

the notion that relatedness governs which sectors can be developed in a given place.

4.2.3 Measuring relatedness and diversification: Economic Com-
plexity

Economic complexity approaches characterise development through the structure
of countries’ productive capabilities, building quantitative indices of capabilities

171 aims to nter-

based on diversification. ECI introduced by Hidalgo and Hausmann
pret diversification and product ubiquity as reflections of an underlying capability
set, showing that more advanced economies tend to be both more diversified and
specialised in rarer products. However, Mealy et al. >* demonstrate that, mathemat-
ically, ECI is orthogonal to simple measures of diversity, implying that complexity
and diversification capture distinct dimensions of economic structure. This cri-
tique strengthens the case for non-linear alternatives such as the Fitness—Complexity

algorithm of Tacchella et al.3%

, where country Fitness is explicitly extensive in
diversification and product Complexity depends on the least-fit exporters, aligning
more directly with the idea that diversification itself is a driver of competitive-
ness. The economic complexity framework constitutes a “new paradigm” linking

complexity to industrial policy32-3%;
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At the regional level, complexity approaches have been increasingly applied
to understand subnational productive structures and their diversification dynamics.
Early work by Balland et al.3! demonstrated that the geography of complex knowl-
edge is highly uneven across regions, and that regional technological portfolios

298

shape their ability to enter new knowledge domains, and Pinheiro et al. ~”° showed

how diversity in the knowledge basket affects between regions inequality, while pre-

vious results highlighted the impact on within regions inequality 3>

. More recently,
applications of the Fitness—Complexity framework have shown how regional pro-
ductive capabilities can be inferred from detailed export or occupational structures.
For Italian regions, Sbardella et al.??® document persistent territorial divides in
regional fitness, suggesting that regional growth trajectories are constrained by path-
dependent capability accumulation. Extensions of these tools for policy evaluation
have been proposed by Diodato et al.*®, who develop regional fitness indicators to
support smart specialisation strategies in Europe. Complementary evidence from
Turkey shows that regional fitness correlates strongly with sectoral LP and structural
upgrading’6. Together, these contributions reveal how economic complexity metrics
can be meaningfully applied to subnational territories, providing a micro-founded
account of regional diversification and structural change. Particularly relevant to this

work, Operti et al. 34

apply the Fitness framework to Brazilian states, introducing
an exogenous estimation of regional Fitness computed through the interaction of
regional and national level.

Few works applied economic complexity inspired techniques to analyze differ-
ences in the measures at different scales, and they are therefore extremely relevant for
this work. In particular Pugliese et al. 3* look at the interaction of geographical and
technological scales, noticing how emerging properties of the technological diversi-
fication process are persistent at different geographical scales if observed with a finer
technological lens at the same time. Straccamore et al.>* look at the relationship
between diversification and coherence at different scales. De Stefano et al.®?, using
the same data used in this work, look instead at diversification in export destinations

as a proxy of complexity.

4.2.4 Skills, workers and multi-scale capabilities: from individ-

uals to firms to regions

Knowledge diffusion across industries has been modelled through labour-flow net-

works, where worker mobility reveals how capabilities spread between related activ-

271

ities?’?. Building on this approach, the Skill Space developed by Neffke 2! provides

a micro-founded map of how occupations are connected through shared knowledge
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requirements, offering a quantitative basis for analysing capability diffusion. Further
research using job postings links regional skill coherence to economic performance,
emphasizing that the composition of occupational skills in a territory constrains its
diversification potential 9. Such findings are consistent with the complexity liter-
ature at the urban scale, where occupational diversity and functional specialization
jointly account for differences in city-level complexity and growth. The aggregation
of worker skills into firm capabilities, and of firm capabilities into regional capa-
bility portfolios, leads to a multi-level view of development. Diodato et al.*® make
this explicit at the extensive industry margin: countries expand into new industries
when their occupational structures already embed many of the required skills. This
nested, multi-layered approach provides a bridge between micro-level constraints on

firm diversification and macro-level patterns of regional structural change.

4.2.5 Spatial scale, aggregation and geometric approaches

Most empirical studies of regional diversification rely on administrative regions
Nomenclature of Territorial Units for Statistics (NUTS)2/NUTS3, provinces or
metropolitan areas as the fundamental spatial unit. While convenient, such bound-
aries may not capture the true geography of labor markets, supply chains or knowl-
edge spillovers. Evolutionary economic geography typically acknowledges this
limitation but seldom departs from administrative units in practice*%!38,

A smaller methodological literature explores more flexible spatial representa-

tions. van Dam et al.>>°

propose an information-theoretic framework that unifies
measures of localization, specialization and coagglomeration, and can in principle
operate on arbitrary spatial partitions. Yet empirical applications that systemati-
cally vary the spatial scale, moving smoothly from the footprint of individual firms
to clusters and then to regions, are rare. Likewise, studies employing geometric
divisions of the territory, rather than institutional borders, remain limited despite
their potential to reveal how specialization—diversification trade-offs change across
scales.

This gap is especially relevant when connecting firm-level dynamics to regional
patterns. If firms specialize due to internal coherence, while regions diversify be-
cause they must mobilize a broader capability base, then the spatial scale at which
these dynamics are observed becomes an empirical question. Recent work has
begun to highlight this multi-scale tension, but a fully integrated analysis remains
lacking. By constructing a continuous spatial transition and examining how diver-
sification—specialization patterns evolve across scales, the present work contributes

directly to this underdeveloped area.
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Beyond the substantive question of “what is the right region?”, empirical results
can change when the same underlying phenomenon is represented on different
spatial supports. This sensitivity is commonly discussed under the modifiable areal
unit problem (MAUP), which captures both a scale effect (changing the level of
aggregation) and a zoning effect (changing the partition at a given scale)?%?. From a
statistical perspective, aggregation/disaggregation can be viewed as a transformation
of a latent spatial process through a measurement operator defined by the chosen
territorial partition; consequently, inference may conflate the scale of the process
with the scale of observation. In this spirit, Arbia and Espa12 frame territorial
databases as transformed images of an underlying “original” geographical process
and organize a taxonomy of transformations across point, areal and continuous
representations, highlighting how analytic choices can introduce distortions that
resemble (or compound) MAUP-type effects.

Methodologically, changing spatial support often requires cross-areal conver-
sion (or areal interpolation), where values observed on a source partition S must be
transferred to a target partition 7 with different boundaries covering the same terri-
tory 12287 A key distinction concerns whether the conversion should respect a con-
servation constraint (““mass preservation” or pycnophylactic property) and whether
the variable is extensive (additive over area) or intensive (e.g., rates), which typi-
cally requires converting to a compatible extensive form prior to interpolation 48227,
These issues are pervasive in official statistics and GIS integration because admin-
istrative boundaries, sampling frames, and analytic units often do not coincide?®’.

Classic areal interpolation methods range from simple to model-based ap-
proaches. Simple methods include areal weighting/map overlay, which redistributes

source totals proportionally to intersection areas'*8

. Volume-preserving methods
enforce mass conservation while producing smoother internal surfaces; the canon-
ical example is Tobler’s pycnophylactic interpolation>?, discussed in broader re-
views of spatial interpolation and areal methods??’. More “intelligent” approaches
exploit auxiliary information (e.g., land use, covariates) and statistical models, in-
cluding EM-based formulations that treat target-zone values as missing data®>!%%
In this line, Bee and Espa® propose an EM algorithm for continuous variables
that explicitly leverages auxiliary variables to improve disaggregation and reconcile
incompatible zonal systems.

A further step is to represent the change-of-support problem within a fully prob-

287 centers on the

abilistic framework that encodes spatial dependence. Panzera
Bayesian Interpolation Method (BIM) introduced by Benedetti and Palma*?, which
combines an aggregation matrix with a spatial prior (e.g., CAR-type dependence) to

disaggregate areal totals while accounting for autocorrelation. Related families in-
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222 and methods for linking misaligned

153

clude geostatistical area-to-point approaches
aggregated datasets through geostatistical modeling '°>. More broadly, hierarchical
Bayesian models provide a principled route to combining information across scales
by defining a latent process and explicit measurement models at each resolution%°.

These issues are directly relevant for H3-based multi-scale analysis. A hi-
erarchical hexagonal grid offers a controlled family of nested supports, which is
useful for diagnosing scale effects and running systematic sensitivity analyses; how-
ever, MAUP does not disappear, and comparisons with administrative geographies
still require careful change-of-support treatment!>283-287  In practice, H3 aggre-
gation can be complemented with cross-areal interpolation when translating esti-
mates to non-nested target partitions, choosing among mass-preserving overlays,
EM/regression-based conversion, or Bayesian approaches depending on whether
conservation constraints, auxiliary variables, and spatial dependence are central to

the application*287,

4.3 Dataset

The data that we used have been produced by Istat, by looking at data collected for
tax purposes and official registries for the firms and at customs for the export data.
The data gathered have been used to create the following ASIA databases' for each

year:

1. ASIA businesses which contains the information about the main structural
characteristics of each business including the region, province, postal code

and address of the firms;

2. ASIA economical results with which contains information about the econom-
ical performances of the firms like their revenues, the costs and the added

value;

3. TECFRAME-SBS which contains information about exporting firms like what

they export and where they export;

4. ASIA occupation which contains information about each one of the employees
of the firms including the academic qualifications, in particular if he/she has

a bachelor or master degree and what kind of degree he/she has, and what

"Notably, these datasets do not contain information about the agricultural enterprises that are
contained in a different statistical registry and that would be extremely hard to properly georeference
given that they are mainly composed by individual farmers whose address can be extremely far away
from the fields where the actual production happens
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percentage of the year the employee has worked in the firm as a fraction,
namely working for the whole year counts as 1 and working just for six

months counts as 0.5.

These different statistical registries have then been unified as a single dataset
of by the Italian chambers of commerce study center Guglielmo Tagliacarne which
also geo-referenced all the firms using the address of the headquarters of the firms.
This procedure has been repeated for several years, in particular here the data for the
years from 2015 to 2019 will be used, creating five datasets of around 4.4 millions
firms each 2.

The data used in this work can be used to create usefull descriptive statistics like
the one presented in Figure 4.1 with the scolarisation level of the workforce for the

last available year.

Master or PhD

14.2% Bachelor

4.9%

80.9%

Secondary

Figure 4.1: Levels of scolarisation for the year 2019

>The geo-referencing process was impossible for about 2 — 3% of firms whose precise latitude
and longitude could not be computed and they have been discarded
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4.4 Methodology

In this section we present the methods that we implemented, first we will present the
H3 spatial index used to create a functional partition of the territory, then we will
introduce the problem of quantifying the diversification of academic qualifications
and how we approached this problem using Entropy, lastly we will introduce Exoge-
nous Fitness and how we used it to create a capability measure that can be scaled

from the single firm to the region size hexagons.

4.4.1 H3 spatial index

In this section we present the H3 spatial index, the hexagonal grid and how the firms
have been grouped in the hexagons.

The H3 spatial index by Uber>* is a geospatial indexing system designed to
efficiently handle spatial data across various scales.
It uses a hexagonal grid system that offers some advantages over traditional square
grids, for example the hexagons naturally tile the earth with fewer distortions than
squares, especially near the poles, which makes H3 ideal for applications that require
consistent area representations across latitudes.
This hexagonal grid enables the division of the earth’s surface into finer resolution
levels, allowing flexible scaling from large regions down to very fine details.
There are 16 resolution levels in total ranging from 0, the largest one, up to 15. Table

4.1 sums up the characteristics of the hexagons.

For each resolution level, the hexagons cover the entire surface of earth and each
hexagon has its own unique identifier (index) that represents its location and level of
detail, making it effective for spatial analysis, data visualization. It is also possible
to move through the resolution levels because each hexagon is uniquely associated
to its "parent" hexagon at a lower resolution level®. Given that the firms have been
geo-referenced it is possible to associate to each firm’s latitude and longitude, for
any given level of resolution, the corresponding hexagon and cumulate the vari-
able associated to the same hexagon. For instance, the number of employees of an
hexagon is computed as the sum of the number of employees of each firm within the

hexagon.

3This in theory could be used to pass from one scale to the other given that all the quantities of
interest presented in this work are additive in the sense that the value of one hexagon can be computed
by adding up the corresponding value of the "children". In practice, to avoid any possible error and
to decrease the computational effort, all the computations have been performed iteratively for each
resolution level and than they have been put together.
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Resolution Average Average Number Average Median  Average  Median
Area in Edge of number number of number of number of
km? Length inHexagons  of em-  employees firms per firms per
km ployees per hexagon hexagon hexagon

per

hexagon
04357449.421107.71 155388157.90 357134.291286508.07 125908.00
1609788.44 418.67 204035451.31 2929726.20 962936.00 650917.00
2 86801.78 158.24 601345238.64 355113.79 320964.45 116065.00
312393.43 59.81 255316926.84 112537.70 75668.04 42430.00
4 1770.35 22.61 1113 72579.88 25835.46 17323.68  7910.00
S 25290 8.54 6405 12615.43 3267.68 3011.55 1071.00
6 36.13 3.23 34536 2339.35 440.41 558.30 153.00
7 5.16 1.22 164948 489.84 59.68 116.86 22.00
8 0.74 0.46 637254 126.82 12.82 30.27 5.00
9 0.11 0.17 1711404  47.22 7.36 11.26 3.00
10 0.02 0.07 4084633 19.78 4.33 4.71 2.00
11 0.002 0.02 7582633 10.64 2.93 2.52 1.00
12 0.0003 0.00910226124 7.89 2.00 1.86 1.00
13 0.00004 0.003611659432 6.91 2.00 1.63 1.00
14 0.000006  0.001312056302 6.68 2.00 1.57 1.00
15 0.000001  0.000512133332 6.64 2.00 1.56 1.00

Table 4.1: The different resolution levels that can be created using H3 spatial indexing.
Very low levels of resolution create hexagons not well centered on the country, leading to
noisy results and had to be discarded. Very high levels of resolution create hexagons with
just one firm per hexagon and lead to redundant results and therefore will be omitted in the
analysis. Note that given the non perfectly spherical shape of earth some hexagons covering
the world can have different size, this is not relevant when considering adjacent hexagons
over a single country like in our case but to be precise we still called it the "average" area of
the Hexagon.

The variables that have been computed this way for each hexagon are the added
value, the overall number of employees, the number of employees for each kind of

academic qualification, and the exogenous fitness as defined in 4.4.3.

The effect of the H3 spatial indexing can be simply modeled by introducing an
indicator function ]l;r; where h = 1,...,N(r), f = 1,..., Ny and the total number of
Hexagons N (r) is a function of the resolution level r and the total number of firms

is N¢. The indicator function is simply defined as follows:
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10 1, if firm f falls within hexagon #/ at resolution level r @1
A 0, otherwise '

With this definition, starting from the firm level value of any variable X, and a
certain resolution level r, it is possible to obtain the hexagonal aggregate X }(lr) value

simply as

X = 10X, (4.2)
f

This aggregation procedure can be computed for all firm level variables and

used to create composite variables, for instance the aggregated added value for the

hexagon h at resolution r, ¥ }Er) can be used in combination with the aggregate size

of workforce Zg) to compute the LP

p(r)
—w Y

LP) = - (4.3)
Lh

This kind of analysis can be repeated for each resolution level and each year?.
The productivity measure is shown in Figure 4.2 for the year 2019 and resolution
level 9.

4.4.2 Entropy of academic qualification

In this section, we look at metrics of diversification of academic qualifications of the
workforce (These data include information on employees, independent employees,
temporary employees, and external employees).

In order to quantify the degree of diversification of the workforce we start by counting
the number of employees within each firm for each education level and scientific-
disciplinary group (these groups are available only for people with bachelor and
master level of education), we present in Figure 4.3 the aggregate for the entire
workforce and all the groups for one year. The number of employees for each

education group and each firm E, y can be grouped similarly to Eq. 4.2

20 _ N ()
Ey) = 1)Ey, (4.4)

4We avoided introducing another index just for the year to avoid making the notation too heavy,
we will introduce it later when the data from different years are put together in a panel
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Labour Productivty (Low to High)

Figure 4.2: Levels of LP for the year 2019 and resolution level 9. It is possible to clearly
identify the North-South divide in the country, with the highly productive areas in the
North, which benefit from positive spillover effects, and the less productive South, with the
exception of urban areas.

and the fraction f, of the workforce of with a certain kind of education at

resolution r can be simply computed as

()
E
r h
g = == 4.5)
2o E hg'

We can simply use these frequencies to compute the Entropy of the academic

qualification as
H" = Z fillog £ (4.6)

One important aspect that we addressed was the fact that it is possible that
the scolarisation S;lr) level itself could play a key role; for instance, it could be
possible that a highly educated workforce could influence positively the economic
performance, irrespective of what kind of education it received. To address this
issue, another "scolarisation" variable has been created that gives the fraction of the
workforce of the hexagon that has more than a secondary school level of education.
This variable can be simply computed starting from the fraction of the workforce
that has a secondary education or lower, namely

s =1-f 4.7)

sec,h
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Figure 4.3: Distribution of academic qualifications for the year 2019, all the group codes
starting with 5 refer to bachelor level education, groups starting with 6 refer to master level
education, all secondary level education and below have been grouped together in a sec

group.

4.4.3 Exogenous fitness

In this section we look at how we computed the economic complexity score of
hexagons using the Exogenous Fitness approach. For each year the Economic
Fitness and Complexity index at world level can be computed using the algorithm
implemented in Tacchella et al.?** and can be used to compute the exogenous
Fitness as presented in Operti et al.?3*. The idea is that, starting from a qcp matrix
containing the the monetary export flows for country ¢ for product p, it is possible
to obtain the so-called RCA as follows:

dcp
ZC’ de'p

v derp_
Zc’,p’ qc’p’

RCA., = (4.8)

This RCA_), can be transformed into an unweighted bipartite graph that imposes
a threshold:

1,
0,

if RCAp > 1

M, = 4.9)

otherwise

From this matrix it is possible to compute the Fitness F. and the Complexity Q,

scores using the following iterative algoritm:

e
Fc(n) = Z Mch;”_l) an) <F~,(Cn)>
C
() _ e = () (4.10)
" e MCpﬁ Q;n) - <Q~(Z)>
Ty
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where:

. Fc("_l) and Q;”_l) denotes the fitness and complexity at iteration n — 1;

. (FC("))C represents the average value of Fc(”) computed across all countries;
. (Q;") )p represents the average value of Q;,") computed across all products.

Assuming that the algorithm reaches convergence, the fitness (complexity) of
each country(product) can be computed as

f. = lim F"

n—0o0

Q, = lim Q"

n—oo

4.11)

These product complexities computed at world level give a good reference level
for the complexity of the products at lower level and therefore can be used to compute
the fitness of the hexagons. We say that the fitness of a hexagon is simply the sum

of the complexities of the products exported from it, namely:

GRS
F =310, (4.12)

P
P

where the indicator ]l;lrp) is defined as

]lﬁl’) _ 1, if at least one firm from hexagon & exports product p 4.13)
P 0, otherwise

Once that fitness value has been computed for each hexagon and for each reso-
lution level, it has been used to rank the hexagons like presented in?%* in percentile
form°.

To address the possibility that what matters is not what is exported but rather if
anything is exported, a dummy variable has been introduced which is one if in the
hexagon there is at least one exporting firm. This becomes extremely relevant for
high resolution levels (i.e. small hexagons) where there can be one single firm per

hexagon.

>We used the python cnde from the Pandas library Pandas.dataframe.rank(method="average’,
pct=True)
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4.5 Results

4.5.1 Firm level analysis
Panel of firms

In this subsection we present the analysis performed by looking at the firm-level
data. We performed a FE regression analysis on the unbalanced panel of firms, the

regression looks like this:

log (LP);, = B1 log (size) ;s , + B2 entropy s, + B3 scolarisationy , + controls + yi s + €1
(4.14)
The results are shown in Table 4.2. The dependent variable is the logarithm
of the LP of the firms and the independent variables included the Entropy of the
academic qualifications and a "scolarisation" variable with the fraction of workforce
of the firm with a tertiary education, completely analogous to the one introduced in
4.7. The time fixed effect is based on the year ¢ of the observation, and the sectorial
fixed effect is based on the two-digit NACE?%® activity sector s of the firm. The

control variables included in the regression are

1. the logarithm of the size of the firm measured as the number of employees of
the firm;

2. aflag stating if the firm exports its products abroad®;
3. the age (in years) of the firm;

4. the fraction of females employees over the total number of employees in the

firm;
5. the fraction of employees under 30 years of age in the firm;
6. the fraction of employees over 50 years of age in the firm;

7. the fraction of employees born outside of Italy but within the EU over in the

firm;
8. the fraction of employees born outside the EU in the firms;

9. the fraction of apprentices over the total number of employees;

5we didn’t include the Fitness of the firms at this stage to avoid confusion, it will be included in
the next stage when regressions with hexagons will be included
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10. the fraction of managers over the total number of employees;
11. the fraction of executives over the total number of employees.

The errors of the regression have been computed as clustered errors, where the

clusters are the years and the individual firms labels.

The regression results show that the diversification of academic qualifications
contributes significantly and positively to the productivity of the firm, even when
controlling for the fraction of workforce with a degree in the firm, which gives an
overall estimate of how skilled is the workforce of the firm. This is particularly
relevant because it shows that ceteris paribus, i.e.: with the same organizational
structure of the firm and with the proportion of people with degrees in the firm,
having a more diversified workforce leads to better productivity and performances.
This is coherent with the idea that having a diversified workforce helps to develop a
portfolio of competences that can help sustain the firm in its growth process.

The regression includes all the firms available in the panel with 16 or more em-
ployees. In the following subsection we will show why this threshold is far from
arbitrary and that this skill diversification process has an even stronger effect as firm

size grows.

Analysis for different sizes

We repeated the panel analysis presented in the previous section but dividing the
employees in 10% quantiles of size from 16 employees onward. We had to cut at
16 because smaller firms have a very noisy and hetereogeneous behaviour and this
threshold proved to be particularly relevant and far from random. There is a famous

Italian law called The Workers® statute 343

that protects and and makes harder to fire
employees when firms have more than 15 workers. This forces firms that want to
grow above this threshold to be more organized and coherently managed. Several
subsequent laws followed similar structures and are based on the same threshold.
This creates an (apparently arbitrary) change in behaviour for firms above or under
this threshold.

In Figure 4.4 we present the regression coeflicient of the Entropy variable, where

the regression has been repeated each time for firms with different size interval.

4.5.2 Changing scale analysis

In this section we show the results of applying the H3 index to see how the regres-

sion results scale from the region-wide level to the firm level scale. This allows
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Table 4.2: FE regressions on the panel of firms

Log-LP
(1) 2) 3)
Log-size 0.089%** 0.001 0.014%%*%*
(0.004) (0.004) (0.003)
Entropy -0.075%* 0.064** 0.129%**
(0.029) (0.018) (0.014)
Scolarisation 0.350%** 0.138%%*%* 0.166%**
(0.023) (0.022) (0.014)
Flag exporting 0.154%*%* 0.102%**
(0.003) (0.002)
Firm age 0.003*** 0.003***
(0.000) (0.000)
Female fraction -0.338#** -0.1997%**
(0.014) (0.006)
Under 30 fraction -0.233%** -0.138%**
(0.018) (0.021)
50 or more fraction -0.080%#** -0.052%*%*
(0.019) (0.006)
EU extra Italy fraction -0.003 -0.003
(0.013) (0.013)
Extra EU fraction -0.188*** -0.115%%*
(0.012) (0.005)
Apprentices fraction 0.237%%* 0.115%**
(0.028) (0.022)
Managers fraction 0.925%*%* 0.741%%**
(0.018) (0.018)
Executives fraction 1.529%*%* 1.364%*%
(0.053) (0.045)
Year - - X
Activity sector - - X
Observations 744527 744527 744527
S.E. clustered by: Year+Firm labelby: Year+Firm labelby: Year+Firm label
R? 0.034 0.331 0.422
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Effect of Entropy on Labour Productivity (10% Quantile Segments)
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Figure 4.4: Regression § coefficients for Entropy with the associated error. Each regression
in is made using firms in a certain size range, note that the number of employees is a
fractional number because it takes into account part time employees, newly hired people,
etc. The effect becomes larger and more significant as the size increases, testifying the
increasing importance of diversification as firms scale up.

identification of how the impact of the variables of interest scales when looking at
the phenomena at different levels of agglomeration. This is a different approach
compared to the one presented in the previous sections because we do not look at
how "tall" firms grow but rather how "dense" the ecosystem becomes. The regres-
sion is completely analogous to the one presented in the previous section but rather
than having a panel of firms we have a panel of hexagons with fixed resolution r.
For instance, the LP has been computed as the quotient between the total added value
of the firms within the hexagon and the total number of employees as described in
Equation 4.3. Similarly all the control variables have been computed taking into
account the fact that there are possibly many firms within an hexagon; for instance
the age of the firms is computed by looking at the average of the age of all the firms
within the hexagon. Similarly, the fraction of workers under 30 has been computed
by summing the number of employees under 30 years of age within the hexagon and
dividing it by the total number of employees within the hexagon.

The only differences between these regressions and the ones presented in the previ-
ous section are: the Exogenous Fitness computed as in 4.12; a "Counter" variable
that counts how many firms are present within each hexagon and the absence of the
sector fixed effect because there is more that one firm in each hexagon.

Each one of the regressions, for each different values of the resolution r, presented

in Equation 4.15, takes the form:
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Figure 4.5: Regression results at different scales vs the area of the hexagons. On the left

the 8 coefficients, on the right the associated |¢| values and on the bottom the R>.
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(r (r) ()
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+ 14 Manager_ fractlon( )

sl

+ B15s Executive_fraction,

(4.15)
The results of the regressions are presented in Figure 4.5. Each point of the plots
represent one regression with a different resolution r.
The graphs on the left side identify the S coeflicients for some relevant variables with
the associated error bars vs the average area of the hexagons. On the right there are
the associated ¢ values in absolute values to understand the statistical significance
of the coefficients with the area of statistical non-significance at 5% highlighted
in red. The errors have been computed with clustered errors on the year of the
observations and therefore the significance levels are not affected by the sample
size in the regression. On the bottom the R? of the regressions that decreases with
the detail of the level of resolution. This indicates that larger hexagons average
out a lot of the firm level heterogeneity. The first row with the Entropy graph
shows that workforce diversification has a negative effect on productivity at low
resolution(large hexagons) but when increasing resolution(smaller hexagons up to
the individual firms) the impact becomes positive, this is coherent with the idea that
on one hand territories have an advantage of having a coherent workforce specialized
in a certain domain that can share skills, and on the other hand, on the contrary, firms
have an advantage at diversifying the workforce and including different departments
with different skills and purposes within their organization. The graph on the right
in the first row shows that for a certain level of aggregation there is a transition from
negative to positive, and the two effects balance out leading to an overall null effect.
The second row presents the size effect on productivity, which corresponds in
practice to the size of the overall workforce for a territory and the number of
employees in a firm. The low resolution part shows that having a large workforce
has a positive but relatively small and barely significant effect on the productivity
of the territory. The high resolution shows the well known result that the number
on employees has a huge impact on productivity, with larger firms more productive

that smaller firms.
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The third and forth row refer to the importance of exporting on productivity: the
third row presenting the Exogenous Fitness of the hexagons which gives an idea of
the importance of producing complex products on productivity; and the forth row
presenting a dummy variable if at least one firm is exporting within the hexagon.
The Fitness shows that what is exported matters for larger hexagons as it is a good
proxy for skills and capabilities embedded within a territory, and it becomes less
impactful for individual firms, this is coherent with the idea that product complexity
is important for export but what is really important is to acquire the skills to export
and acquire resources from the global market. This is confirmed by the fourth row,
where having at least one firm exporting in the hexagon is trivially true (and non-
significant) for territories but becomes fundamental for individual firms because it
tells i f the firm is capable of exporting its products and is competitive in the global
market.

The last row presents the R? of the regressions; it shows that more aggregate data
averages out the heterogeneity of individual firms, and therefore, just with the
information available, it is possible to explain up to about 80% of the variance at
the aggregate level. On the contrary looking at the individual firm the noise and
heterogeneity become dominant, and the information available is able to explain

only 14% of the total variance’.

4.6 Conclusions

This chapter has investigated how the tension between specialization and diversifica-
tion plays out differently for firms and for territories, moving “from macro to micro”
through a continuous change of spatial scale. Building on a uniquely rich firm level
dataset for Italy, we connected individual workers, firms and regions within a unified
framework. We did so by combining detailed information on academic qualifica-
tions, a geometric partition of space based on the H3 spatial index, and a capability
measure derived from exogenous Fitness. This allowed us to characterise how func-
tional diversification in the workforce and export based capabilities correlate with
LP at different scales, from single firms to region-sized hexagons.

At the firm level, our panel regressions show that both the level and the diversifi-
cation of academic qualifications are robustly associated with higher LP, even after
controlling for firm size, age, exporting status, workforce composition and sector-

year FE. Importantly, the impact of the entropy of academic qualifications becomes

"Note that this firm level R? is lower that the one for the regressions in 4.2 because here we did
not impose any cut-off on the size of the firms and therefore the numerous micro-firms which are
extremely heterogeneous lead to a smaller R>.
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stronger as firm size increases. In other words, conditional on having a sufficiently
structured organization (above the 15-employee threshold), firms appear to benefit
from combining diverse types of human capital within their boundaries. This is
consistent with the view of firms as carriers of coherent yet multi-functional capa-
bilities: a diversified internal knowledge base supports more complex organizational
structures and more productive use of resources.

The multi scale analysis using H3 hexagons reveals that these relationships are
not scale invariant. When we aggregate firms into larger and larger hexagons, the
sign and magnitude of key coefficients change in a systematic way. Workforce di-
versification, as captured by the entropy of academic qualifications, tends to have a
negative or weak effect on productivity at coarse resolutions (large hexagons approx-
imating regions), while turning positive at fine resolutions approaching individual
firms. This suggests that, for territories, having a more specialised pool of skills
can be beneficial, in line with arguments about localized specialization and coherent
industrial structures. For firms, by contrast, internal diversification of competences
is advantageous. The apparent paradox between diversified regions and specialised
firms is thus resolved by explicitly accounting for scale: what is diversification at
one level may correspond to specialization at another.

A similar pattern emerges for export-related variables. The exogenous Fitness
index, built from world level product complexities and aggregated at the hexagon
level, is strongly associated with productivity at larger spatial scales, where it proxies
for the capability portfolio of the local economy. Its role becomes less important
as we move to very fine resolutions. At the firm level, what matters is less which
complex products are exported in the surrounding area and more whether the firm
itself is able to export. Accordingly, the simple exporting dummy is weakly informa-
tive at coarse scales (where almost all productive territories contain some exporters)
but becomes more relevant at the firm scale. Together with the scale-dependent
behaviour of the R?, these results indicate that aggregation smooths out a substantial
share of micro-level heterogeneity and makes macro patterns easier to explain with
a small set of variables.

Overall, the chapter contributes to the literature in three main ways. First, it
provides firm-level evidence that the diversification of workers’ academic qualifica-
tions is associated with higher productivity, above and beyond the average education
level, and that this effect grows with firm size. Second, it offers a systematic, geo-
metric multi-scale analysis of specialization—diversification trade-offs, showing how
the sign and significance of key relationships change when moving from firms to
regions. Third, it operationalizes exogenous Fitness as a scalable capability measure

that can be consistently applied from the export basket of individual firms to that
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of region-sized hexagons, thereby linking firm capabilities, regional complexity and
productivity within a single empirical framework.

Our approach also has limitations. The entropy measure captures variety in
formal academic qualifications, but does not fully reflect task-based skills, on-the-
job learning or informal competences. The exogenous Fitness index is derived from
export data and therefore focuses on tradable activities, potentially underrepresenting
local services and non-tradable sectors that are nonetheless crucial for regional
development. Moreover, while we use rich controls and FE, our regressions remain
correlational and cannot definitively establish causal effects of diversification or
capabilities on productivity. Finally, the use of H3 hexagons deliberately abstracts
from administrative borders, which is a strength for scale analysis but makes direct
comparison with policy-relevant units (regions, provinces) less immediate.

Despite these caveats, the findings provide a coherent picture of how complexity,
capabilities and human capital interact across scales. Firms appear to grow by
layering additional functions and competences, benefitting from diversified internal
skill portfolios, while territories gain from hosting specialized yet complementary
activity clusters that share compatible skill bases. The H3-based geometric approach
shows that these patterns emerge gradually as we move across spatial resolutions,

rather than being confined to a single “natural” unit of analysis.

Future research

Our work opens several paths for future research. A first natural extension is to
move from static productivity levels to dynamic outcomes such as firm growth,
entry and exit, and regional upgrading trajectories. This would allow us to test
whether diversified workforces and higher exogenous Fitness predict not only higher
contemporaneous productivity but also faster growth, greater resilience to shocks
and more intense diversification into new activities over time. Relatedly, quasi-
experimental strategies or instrumental-variable approaches could help move from
correlation to causation, especially around institutional thresholds (such as the 15-
employee rule) or policy changes affecting labour regulation and export conditions.

Second, the multi-scale framework could be applied to other countries and in-
stitutional contexts to assess the generality of our findings. Comparing economies
with different labour-market institutions, education systems and export specialisa-
tions would clarify whether the scale-dependent trade-offs we document are specific
to the Italian productive structure or represent a broader empirical regularity. Cross-
country analyses using a harmonised H3 grid and comparable microdata could also

shed light on how national policies shape the interplay between firm-level capabili-
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ties and regional diversification.

Third, future work could refine the way skills and capabilities are measured. On
the labour side, combining academic qualifications with task-based skill taxonomies,
occupation-level information or data from job postings would offer a more granular
view of the worker capabilities that matter for firm and regional complexity. On the
production side, integrating product-based Fitness with technology or patent-based
complexity measures would help disentangle the role of export complexity from that
of underlying technological knowledge. Non-linear specifications and interaction
terms could also be explored to capture threshold effects and complementarity
between specialization and diversification.

Finally, the geometric perspective on space can be pushed further. Here we
have treated H3 hexagons as independent units, but the underlying grid naturally
defines adjacency and neighbourhood relations. Future research could study how
capabilities and skills diffuse across neighbouring hexagons, or how commuting
patterns and supply chains interact with the geometric partition of space. This would
bring the analysis closer to network-based representations of regional systems while
retaining the clarity of a scale-explicit approach. On the policy side, translating our
multi-scale findings into guidance for smart specialization strategies, for instance,
by identifying the scales at which diversification or specialization policies are most
effective, represents an important avenue for collaboration between researchers and

policymakers.
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“If I have seen further than others, it
is by standing upon the shoulders of

giants.”

Isaac Newton

Conclusions

This thesis has investigated how productive and innovative activity is organised
across space and across levels of aggregation, and how such structure can be mea-
sured and analysed with modern data and methods. Starting from the view of
economic systems as complex, spatially embedded configurations of heterogeneous
agents, capabilities, and technologies, the thesis has pursued a unifying goal: to
move beyond purely aggregate representations of regional development by linking
macro-level indicators of complexity and diversification to micro-level data on firms
and workers, while taking spatial dependence and uncertainty seriously.

A first, general lesson that emerges across the three empirical chapters is that the
spatial and technological fabric of regional economies is strongly heterogeneous, and
that this heterogeneity is only partially visible through administrative aggregates or
standard complexity indicators. Macro measures remain informative as descriptive
summaries and as comparative benchmarks, but they can conceal distinct local
configurations of capabilities. The multi-scale perspective adopted in this thesis
therefore supports a shift from treating regions as homogeneous units to modelling
them as layered systems made of firms, labour markets, and localised networks of
related activities.

Chapter 2 contributes to this agenda by developing a graph-based ensemble
clustering framework for innovative startups in Lombardy. The combination of spa-

tial bootstrap resampling with consensus clustering, encoded as a bipartite graph
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between firms and cluster labels and solved through bipartite modularity maximisa-
tion, provides a transparent way to separate stable cluster structure from algorithmic
and sampling-induced variability. Substantively, the chapter shows how innovation
ecosystems can be characterised as spatially and sectorally differentiated communi-
ties, and how the resulting partitions can be related to observable dimensions of firm
performance and innovation. Methodologically, it demonstrates how ideas from
network science can be used to obtain clustering results that are both interpretable
and robust in spatial microdata settings.

Chapter 3 focuses on the methodological challenges raised by Spatial ML on
firm-level microdata, particularly the need for uncertainty quantification when obser-
vations are spatially dependent and covariates are high-dimensional. The proposed
pipeline combines entity embeddings and deep clustering to construct strata that are
jointly meaningful in attribute space and coherent in geographic space, and it uses
these strata within a stratified spatial bootstrap procedure. By comparing uncer-
tainty estimates and variable-importance patterns, the chapter illustrates why naive
validation and resampling schemes can be misleading in Spatial ML applications,
and how bootstrap design can be integrated into the modelling workflow rather than
treated as an afterthought.

Chapter 4 moves from a purely firm-centred view to an explicitly multi-scale
framework linking workers, firms, and territory. By combining linked employer—
employee information with export-based complexity metrics and a hexagonal grid
representation of Italy, the chapter examines how worker diversity, firm character-
istics, and regional productive structure co-vary as one moves from firms to local
clusters and broader areas. Using a continuous-space partition reduces the need for
administrative boundaries and makes it easier to compare things at different spa-
tial resolutions. The chapter clarifies how the specialisation—diversification tension
manifests differently across scales, and it provides a concrete bridge between capa-
bilities as inferred from macro networks and capabilities as embodied in workers
and organisations.

Taken together, the thesis makes three main contributions. First, it contributes
methodologically by showing how resampling-based inference can be adapted to the
realities of spatial microdata. In both the ensemble clustering setting (Chapter 2)
and the deep clustering setting (Chapter 3), bootstrap procedures are used not only
for variance estimation, but as tools to assess the stability of learned structures and
the robustness of model-based conclusions under spatial dependence.

Second, it contributes a set of practical, interpretable frameworks that con-
nect ML flexibility with economic structure: bipartite graph representations and

modularity-based consensus for clustering; hexagonal grids for multi-resolution spa-
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tial measurement; and representation learning as a way to handle high-cardinality
firm attributes without abandoning transparency about the units and relationships
being modelled.

Third, it contributes empirically to the documentation and interpretation of
Italy’s high-tech and innovative business ecosystem, with particular emphasis on
Lombardy. By integrating business registers and linked microdata with network-
based complexity measures and spatial partitions, the thesis provides an evidence
base that complements standard territorial statistics with micro-founded descriptions
of local capability structures.

These contributions have direct implications for innovation and regional devel-
opment policy, especially in the context of smart specialization. The results support
policies that are sensitive to within-region heterogeneity and that build on place-
specific capability combinations, rather than relying exclusively on coarse sectoral
targets or aggregate rankings. They also motivate a more explicit treatment of
uncertainty in empirical diagnostics used for policy design: when the stability of
clusters, importance rankings, or inferred specialisation profiles depends on spatial
dependence and sampling variability, robustness checks are not ancillary but central
to credible evidence.

Several limitations also delineate avenues for future research. The analyses
largely rely on observed and codified attributes of firms and workers, which only
imperfectly proxy for informal knowledge flows, organisational practices, and insti-
tutional complementarities. Dynamic feedback mechanisms over longer horizons
are only partially captured, suggesting extensions using richer longitudinal designs
and explicit modelling of path dependence. Methodologically, promising direc-
tions include integrating the proposed spatial bootstrap logic with causal inference
frameworks for policy evaluation, incorporating inter-firm collaboration and mobil-
ity networks to model capability diffusion more directly, and extending the network
perspective with graph neural networks and other architectures that can represent
multi-layer relations between firms, workers, technologies, and places.

In conclusion, this thesis advances the analysis of spatially embedded productive
structures by linking complexity and relatedness concepts to microdata, and by em-
bedding modern ML within workflows that remain attentive to spatial dependence,
interpretability, and uncertainty. By combining multi-scale measurement with ro-
bust clustering and Spatial ML inference, it offers both a set of methodological tools
and a coherent empirical perspective on how local capabilities are organised and

how they shape regional economic evolution.
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Monopartite graph

In order to verify the robustness of the biLouvain clusters and the number of clusters
produced, another approach has been tried.

Starting from the adjacency matrix of the bipartite graph A; ;, where the i index runs
over the startups of the dataset and the j index runs over the various clusters of the
clustering algorithm in the clusters ensemble, it is possible to create a monopartite
graph by combining the startups and the clusters and interpret them just as nodes of
a monopartite graph.

This procedure requires the imposition of the constraint that two nodes corresponding
to two startups cannot be connected by an edge and, analogously, that two nodes
describing two clusters cannot be connected either.

In practice, this is possible by defining a square adjacency matrix as in Equation

A.l.
0 A

AT 0

(A.1)

where A is the adjacency matrix of the bipartite graph, AT is its transpose.

The size of the M matrix is K, - | X| X K;or - | X|, where K, is the total number of
clusters in the clusters ensemble and | X| is the number of data points in the dataset.
This graph is presented in Figure A.1 and shows that even with this other matrix
and using other community detection algorithms, the number of clusters produced
is still 5.
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Chapter A. Monopartite graph

Figure A.1: Graph associated to the M adjacency matrix, implementing the strategy pre-
sented in*’, it is possible to see that the Modularity of this graph is 0.601 and that there are 5
communities which are composed of both data points and clusters. This allows to see that the
5 rows communities and the 5 column communities identified by the biLouvain algorithm
have a 1 to 1 correspondence because in the monopartite graph the pairs of corresponding
communities fuse together into just 5 hybrid communities.
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List of features used

In this appendix, the list of all the features that have been used to run the algorithms
will be presented.

Note that several other variables were available but they have been removed because
they were highly correlated (|corr|) > 0.8) to the other ones and therefore would
give redundant information. In particular when the categorical variables, like the
province or the ATECO codes (which is the Italian localized version of the European
NACE codes), have been encoded using dummy variables, it is common practice 33°
to remove one of the dummy variables because it would just be a linear combination
of all the other variables introducing multicollinearity.

The variables that have a number in parenthesis in their names have been obtained
by the official registry of innovative startups and are some of the requisites that a
business should have to be considered an innovative startup. Most of them have been
kept, but some of them, the ones referring to the activity sector of the startup, have
been removed because they were highly correlated with the ATECO columns that
convey the same kind of information. The three features that have a (6) in the name
are important because each business must have at least one of them to be considered
an innovative startup.

The variables that start with the acronym SBS are obtained from the Frame SBS '
which is the extended registry of economic variables at firm level from ISTAT within

the ASIA database.
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Chapter B. List of features used

The variables with u/ in the name have been obtained by summing over the corre-
sponding value for each one of the local units, for instance the overall number of
employees of a firm is the sum of the number of employees of each one of its local
units.

The extended list of the variables is:

* start_date: Start Date of Activity (format = YYYYMMDD) (from this vari-
able the day and the month have been discarded and only the year has been

kept as a numerical variable);

* independent_workers: Number of independent workers who carries out their
activity without formal subordination constraints and whose remuneration has

the nature of mixed income;

« artisan_flag: Artisan Flag which tells if the firm respects all the requisites to

be considered an artisan enterprise;

e revenue_class: There are four revenue class brackets: less than 2 million Eu-
ros, between 2 million and 10 million, between 10 million and 50 million and
more than 50 million, that gives an approximate idea of the overall economical

size of the firm;

* business_age_class: Business Age Class which is 1 if the business has 0-2
years, 2 if the business has 3-5 years, 3 if the business has 6-10 years, 4 if the

business has 11-15 years and 5 if the business has 16 or more years;

* sbs_n_countries_imp: Number of countries from which imports are made
by the firm;

 sbs_n_countries_exp: Number of countries to which exports are made by the

firm;
* sbs_valimp: Total imports (in Euros);
* sbs_valesp: Total exports (in Euros);
* sbs_imp_migs_20: Intermediate goods imports (in Euros);
* sbs_exp_migs_20: Intermediate goods exports (in Euros);
* sbs_exp_migs_41: Durable consumer goods exports (in Euros);

* sbs_exp_migs_42: Non-durable consumer goods exports (in Euros);
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Chapter B. List of features used

* sbs_exp_germany: Exports to Germany (in Euros);

* sbs_exp_russia: Exports to Russia (in Euros);

* sbs_imp_usa: Imports from the USA (in Euros);

 sbs_exp_usa: Exports to the USA (in Euros);

* sbs_exp_china: Exports to China (in Euros);

* sbs_exp_japan: Exports to Japan (in Euros);

* sbs_exp_brasil: Exports to Brazil (in Euros);

* sbs_imp_area_15: Imports from non-EU European countries (in Euros);
» sbs_exp_area_15: Exports to non-EU European countries (in Euros);
 sbs_exp_area_17: Exports to North Africa (in Euros);
 sbhs_exp_area_18: Exports to other African countries (in Euros);
 sbs_imp_area_23: Imports from the Middle East (in Euros);

» sbs_exp_area_23: Exports to the Middle East (in Euros);

* sbs_exp_area_24: Exports to Central Asia (in Euros);

» sbs_exp_area_25: Exports to East Asia (in Euros);

» sbhs_exp_area_99: Exports to Oceania, other territories, and other destina-

tions (in Euros);
* sbs_revenue: Total revenue from the sale of goods and services (in Euros);

 sbs_labour_costs: Costs that a firm has to pay (in Euros) associated with

labour like salaries, etc.;

» sbs_value_added: Value added (in Euros) computed as the total sources of

revenue of the firm minus the sum of all the costs;
* n_ul number of local units that compose the firm;
* emp_ul_qual_worker number of employees with worker qualification;

* emp_ul_qual_executive number of employees with executive qualification;
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* emp_ul_qual_apprentice number of employees with apprentice qualifica-

tion;
* emp_ul_qual_manager number of employees with managerial qualification;
» emp_ul_qual_other_kind number of employees with other qualification;
* emp_ul_age_50_over number of employees in the age group 50 or over;
* emp_ul_gender_m number of employees with male gender;
* emp_ul_naz_eu number of employees born within the EU;
* emp_ul_naz_extraeu number of employees born outside the EU;
» flag_g: Flag that tells if the business belongs to business groups;
» flag_exp: Flag that tells if the business exports;

* revenue_sales_perform_ul: Current revenues from sales (in Euros) exclud-

ing VAT, gross of indirect taxes;
* other_revenues_ul: Other revenues (in Euros) and income of the firm;
 services_ul: Costs (in Euros) for services of the firm;

* enjoy_asset_ul: Costs (in Euros) due to enjoyment of third-party assets (like
rent, etc.) of the firm;

« sal_ul: Total expenses (in Euros) due to salaries of the firm;
* other_costs_ul: Miscellaneous management costs (in Euros) of the firm;

 Date of registration in the startup section Year of inscription in the innova-

tive startups registry;

» Date of registration in the Company Register Year of inscription in the

national registry of firms;

 Final year production class (1) Production class of the innovative startup
as defined in the innovative startups registry and conveying the approximate

information of the total revenues of the firm for the last year;

* class of employees last year (2) Employees class of the innovative startpup
as defined in the innovative startups registry and conveying the approximate

information of the total number of employees;

Alessio Bumbea 139



Chapter B. List of features used

 Capital class (3) Capital class of the innovative startp-up as defined in the
innovative startups registry and conveying the approximate information of the

share capital of the firm;

* 1° req. (6) Flag that tells if the firm has R&D expenditures equal to at least
15% of the higher of cost and total production value;

* 2° req. (6) Flag that tells if the firm employs highly qualified personnel (at
least 1/3 PhDs, PhD students or researchers, or at least 2/3 with a master’s

degree);

* 3°req. (6) Flag that tells if the firm is the owner, depositary or licensee of at
least one patent or holder of registered software;

 female prevalence (8) The prevalence of females in the firm: 0-> no preva-
lence (under 50% of the average between the percentage of the share capital
of the firm and the percentage of administrative positions is held by women),
1->majoritarian prevalence (over 50%), 2->strong prevalence (over 66%),

3->exclusive prevalence (100%);

 youth prevalence (8) The prevalence of young employees in the firm: 0-
> no prevalence (under 50% of the average between the percentage of the
share capital of the firm and the percentage of administrative positions is held
by people under 35 years of age), 1->majoritarian prevalence (over 50%),

2->strong prevalence (over 66%), 3->exclusive prevalence (100%);

* foreign prevalence (8) The prevalence of people non born in Italy in the
firm: 0-> no prevalence (under 50% of the average between the percentage
of the share capital of the firm and the percentage of administrative positions
is held by people not born in Italy), 1->majoritarian prevalence (over 50%),

2->strong prevalence (over 66%), 3->exclusive prevalence (100%);
* long Longitude of the main registered office of the firm;
* lat Latitude of the main registered office of the firm;

 sector_SERVICES Flag that tells if the firm operates in the services activity

sector;
* legal_form_1320 Flag that tells if the firm is a Ltd (limited liability company);

* legal form_1330 Flag that tells if the firm is a Ltd with a single shareholder;
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* legal_form_1520 Flag that tells if the firm is a consortium company;
 cpro_13 The firm is in the Como province;

* cpro_14 The firm is in the Sondrio province;
 cpro_15 The firm is in the Milano province;
 cpro_16 The firm is in the Bergamo province;

* cpro_17 The firm is in the Brescia province;

* cpro_18 The firm is in the Pavia province;

* cpro_19 The firm is in the Cremona province;

* cpro_20 The firm is in the Mantova province;

* cpro_97 The firm is in the Lecco province;

* cpro_98 The firm is in the Lodi province;

* cpro_108 The firm is in the Monza-Brianza province;

 ateco2_13 The firms corresponding European NACE code is Manufacture of

textiles;

 ateco2_14 The firms corresponding European NACE code is Manufacture of

wearing apparel;

 ateco2_15 The firms corresponding European NACE code is Manufacture of

leather and related products;

 ateco2_18 The firms corresponding European NACE code is Printing and

reproduction of recorded media;

« ateco2_20 The firms corresponding European NACE code is Manufacture of

chemicals and chemical products;

 ateco2_21 The firms corresponding European NACE code is Manufacture of

basic pharmaceutical products and pharmaceutical preparations;

 ateco2_22 The firms corresponding European NACE code is Manufacture of
rubber and plastic products;

 ateco2_23 The firms corresponding European NACE code is Manufacture of

other non-metallic mineral products;
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 ateco2_24 The firms corresponding European NACE code is Manufacture of
basic metals;

 ateco2_25 The firms corresponding European NACE code is Manufacture of
fabricated metal products, except machinery and equipment;

 ateco2_26 The firms corresponding European NACE code is Manufacture of

computer, electronic and optical products;

 ateco2_27 The firms corresponding European NACE code is Manufacture of

electrical equipment;

 ateco2_28 The firms corresponding European NACE code is Manufacture of

machinery and equipment n.e.c.;

 ateco2_30 The firms corresponding European NACE code is Manufacture of

other transport equipment;

 ateco2_31 The firms corresponding European NACE code is Manufacture of

furniture;

 ateco2_32 The firms corresponding European NACE code is Other manufac-
turing;
» ateco2_33 The firms corresponding European NACE code is Repair and

installation of machinery and equipment;

 ateco2_35 The firms corresponding European NACE code is Electricity, gas,

steam and air conditioning supply;

» ateco2_43 The firms corresponding European NACE code is Specialised

construction activities;

 ateco2_45 The firms corresponding European NACE code is Wholesale and
retail trade and repair of motor vehicles and motorcycles;

* ateco2_46 The firms corresponding European NACE code is Wholesale trade,
except of motor vehicles and motorcycles;

» ateco2_47 The firms corresponding European NACE code is Retail trade,

except of motor vehicles and motorcycles;

» ateco2_56 The firms corresponding European NACE code is Food and bev-

erage service activities;
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 ateco2_58 The firms corresponding European NACE code is Publishing ac-

tivities;

» ateco2_59 The firms corresponding European NACE code is Motion pic-
ture, video and television programme production, sound recording and music

publishing activities;

 ateco2_61 The firms corresponding European NACE code is Telecommuni-

cations;

 ateco2_62 The firms corresponding European NACE code is Computer pro-

gramming, consultancy and related activities;

» ateco2_63 The firms corresponding European NACE code is Information

service activities;

* ateco2_64 The firms corresponding European NACE code is Financial service

activities, except insurance and pension funding;

 ateco2_66 The firms corresponding European NACE code is Activities aux-

iliary to financial services and insurance activities;

» ateco2_68 The firms corresponding European NACE code is Real estate
activities;
» ateco2_69 The firms corresponding European NACE code is Legal and ac-

counting activities;

» ateco2_70 The firms corresponding European NACE code is Activities of

head offices; management consultancy activities;

» ateco2_71 The firms corresponding European NACE code is Architectural

and engineering activities; technical testing and analysis;

» ateco2_72 The firms corresponding European NACE code is Scientific re-

search and development;

 ateco2_73 The firms corresponding European NACE code is Advertising and

market research;

 ateco2_74 The firms corresponding European NACE code is Other profes-

sional, scientific and technical activities;

 ateco2_75 The firms corresponding European NACE code is Veterinary ac-

tivities;
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 ateco2_77 The firms corresponding European NACE code is Rental and leas-

ing activities;

 ateco2_78 The firms corresponding European NACE code is Employment

activities;

 ateco2_79 The firms corresponding European NACE code is Travel agency,

tour operator and other reservation service and related activities;

 ateco2_82 The firms corresponding European NACE code is Office adminis-

trative, office support and other business support activities;
 ateco2_85 The firms corresponding European NACE code is Education;

» ateco2_86 The firms corresponding European NACE code is Human health
activities;
» ateco2_90 The firms corresponding European NACE code is Creative, arts

and entertainment activities;

 ateco2_93 The firms corresponding European NACE code is Sports activities

and amusement and recreation activities;

» ateco2_96 The firms corresponding European NACE code is Other personal

service activities.
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Database structure of ASIA

In this appendix the list of all the variables contained in the ASIA databases is

shown. There are duplicate variables between the different databases that have been

removed and all the data have been carefully examinated and preprocessed before

using them to train the neural networks.

Table A.1: Variables in ASIA Businesses

postal code Postal code (redundant)

province code |[Province identifier

start date of Year business began

activity (day/month discarded)

region code
municipality
code

legal form

Variable Description Variable Description

business code [Unique identifier for each [tax code Business’s tax
business identification code

business name [Name of the business address Physical location (later

discarded)
Region identifier

Municipality identifier

Legal classification

Continued on next page
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Table A.1 — continued from previous page

Variable

Description

Variable

Description

average number
of independent

workers

sum of average
independent and
dependent

workers

artisan flag

Avg. independent workers

Combined average

workers

Artisan business indicator

average number

of employees

flag for address

completeness

revenue class

Avg. employees

Address completeness
(discarded)

Revenue class

economic Ateco2007 activity code |business age Business age class
activity class
classification
Table A.2: Variables in ASIA Local Units
Variable Description Variable Description

business code

tax code

local unit region
code
municipality
code

postal code of

local unit

local unit
economic
activity
classification
number of
employees in

the local unit

Unique identifier for each
business

Tax identification code
Region code of the local
unit

Municipality code

Postal code

Ateco2007 activity code

Number of employees

local unit code

business name

province code

address

legal form

headquarters

flag

number of

workers

Identifier for the local unit

Name of the business for

the unit

Province code

Physical address of the

local unit

Legal classification of the

business

Is it the headquarters?

Total number of workers

Continued on next page
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Table A.2 — continued from previous page

employees in
other categories
number of
employees aged
3049

number of
employees with

unavailable age

number of male

employees

number of

employees born

Employees aged 3049

Unknown age

Male employees

Born in Italy

employees aged
1529

number of
employees aged
50 and above

number of
female

employees

number of
employees with
missing gender

information

number of

employees born

Variable Description Variable Description

number of Total employees number of Apprentices
employees apprentices

number of Middle managers number of Executives

middle executives

managers

number of Other employee categoriesnumber of Employees aged 15-29

Employees aged 50+

Female employees

Unknown gender

Born in EU countries

in italy in eu countries
number of Born outside EU number of Unknown birthplace
employees born employees with
in non eu missing
countries nationality
information
active for six  |Active at least 6 months
months flag
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Table A.3: Variables in ASIA tecframe-sbs

Variable

Description

Variable

Description

business code

economic
activity
number of
countries from
which imports

are made

number of
geographic
areas from
which imports

are made
number of
imported
products
number of
imported

product groups
total imports
energy imports

intermediate
goods imports
capital goods
imports

durable
consumer goods
imports

non durable

consumer goods

imports

Business Code

Ateco2007 activity
(5-digit)

Countries of origin for

imports

Import geographic areas

Imported products
(8-digit)

Product groups (CPA)

imported

Total imports (€)
Energy imports (<€)

Intermediate goods

imports (€)
Capital goods imports (€)

Durable consumer goods

imports (€)

Non-durable goods
imports (€)

total employees

province

abbreviation

number of
countries to
which exports

are made

number of
geographic
areas to which
exports are

made

number of
exported

products

number of
exported

product groups
total exports
energy exports

intermediate
goods exports
capital goods
exports
durable

consumer goods

exports

non durable

consumer goods

exports

Total Employees

Province abbreviation

Countries of destination

for exports

Export geographic areas

Exported products
(8-digit)

Product groups (CPA)

exported

Total exports (€)
Energy exports (€)

Intermediate goods

exports (€)
Capital goods exports (€)

Durable consumer goods

exports (€)

Non-durable goods
exports (€)

Continued on next page
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Table A.3 — continued from previous page

Variable

Description

Variable

Description

non classifiable
imports
imports from

germany

imports from

china

imports from

usa
imports from
india
imports from
japan
imports from

brazil

imports from

north africa

imports from

cast asia

revenue from
the sale of
goods and

services

value added

Non-classifiable imports

(€)

From Germany (€)

From China (€)

From USA (€)

From India (€)

From Japan (€)

From Brazil (€)

From North Africa (€)

From East Asia (€)

Revenue (€)

Value added (€)

non classifiable

exports

exports to

germany

exports to china

exports to usa

exports to india

exports to japan

exports to brazil

exports to north

africa

exports to east
asia

labor costs

costs for raw
materials
supplies
consumption
services and
third party
goods

Non-classifiable exports

(€)

To Germany (<€)

To China (€)

To USA (€)

To India (€)

To Japan (€)

To Brazil (€)

To North Africa (€)

To East Asia (€)

Labor costs (€)

Input, materials, and
third-party costs (€)
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Table A.4: Variables in ASIA Economic Results

Variable

Description

Variable

Description

business code

exporting

business

italian
controlled
business

resident abroad

other revenues
and income of

the local unit

costs for
services of the

local unit

salaries

value added

ASIA business code
0/1 binary variable if the

firm is exporting or not

[talian-controlled firm

abroad

Other income of local unit

Service costs

Salaries of local unit

Value added by the

business

belonging to
business groups
foreign
controlled
business

resident in italy

current revenues
excluding vat
gross of indirect
taxes of the

local unit

costs of goods
and services of

the local unit

enjoyment of
third party
assets of the

local unit

miscellaneous
management

COSts

Belongs to a business
group

Foreign-controlled firm in
[taly

Revenues excl. VAT

(gross of taxes)

Costs of goods/services

Use of third-party assets

Miscellaneous

management costs

C.1 Embeddings and network architectures

In this appendix the detailed technical description of how the embeddings have been

created and how they have been used to compute the clusters of firms will be shown.

The procedure employed is inspired by Entity embedding!>’. The idea is that an

ad-hoc regression problem is created, and then a deep neural network is trained

to solve it. By solving it, the neural network learns, in the process, a meaningful

representation of the data that can later be used in the clustering process.

In our work, the numerical representation in the embedding space has 128 dimen-
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sions. This number has been chosen because it is common practice to select powers
of two for the size of hidden layers, and this is the closest one to the original size of
the dataset. Therefore, this limits possible information loss associated with choosing
too small or too close to the output layer.

To create a regression task that the model must solve, one of the variables is chosen
as the target, and the other ones are used to try to predict the target. The choice
of the target variable is essential as it can affect the performance of the regressor
and, therefore, the overall quality of the data embedding. The dataset, in this case,
has a high degree of multicollinearity. Thus, most of the choices created a model
with high performances on test sets, as the regression tasks themselves were instead
"easy".

Two approaches for the choice of the target variable have been tried:

1. Given that the embedding subsequently will be used to create the strata for
the stratified Bootstrap for the computation of the correlation coeflicient of
the productivity for the years 2017, 2018, and 2019, the feature that, on
average, has the highest correlation with the productivity across the three
years. This choice has been subsequently discarded because, in this way,
the embedding used to compute the clusters had some information about
the productivity. Still, the clusters should be completely independent of the
productivity. Another approach has been adopted to avoid this subtle form of
data leakage.

2. The variable used as the target was the overall number of employees because
it was the most stable across the years and the most informative for assessing
a company’s actual health state. The a priori choice avoided any theoretical
data leakage. Still, in practice, it did not affect the model’s performance as

the high degree of multicollinearity made the results robust under this choice.

Once the target variable has been chosen, the data are split into a train set, a test set.
A neural network is trained on the train set (containing both numerical and cat-
egorical variables). The model’s performances are then tested on the test set; if
the performances are reasonable, the model has effectively learned a meaningful
representation of the input data and has used it to compute the target variable. After
the split, the numerical data were scaled in the range [0, 1] for the train, and then the
same exact transformation (to avoid any kind of subtle data leakage) was applied to
the test set. This scaling has been performed as it improves convergence speed and
the stability of gradient descent during the training of neural networks '31-228

A deep neural network has been created using Tensorflow !, which can take numeri-

cal values and categorical variables as input and is shown in figure B.2. The output
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of the dense layer with 128 neurons has been chosen as the embedding of the data
and the meaningful representation of the initial data. The reason for this choice
is that by choosing as an output layer for the embedding a layer not too close to
the input layers, the model has enough layers to properly abstract from the inputs
and create a meaningful representation of the data. The same is true for the output
layer; by choosing a smaller layer too close to the output, the model risks being too
influenced by the output of the regression, and it could incur information loss.

After fine-tuning, the best hyperparameters are:

1. Adam optimizer with a learning rate of 0.001;

2. Relu activation function for the dense layers;

3. Dropout rate of 0.4;

4. Batch normalization after each one of the dense layers;

5. A sigmoid activation function for the output layer, the output has been scaled
between 0 and 1 and this choice turned out to give better performance than

linear activation functions or other activation functions for the output.

With this configuration the model had a 0.000574 train error, a 0.000536 test error
with an R2 = 0.943599. These are deemed good test performances indicating that
the model has been able to learn and generalize on unseen data.

The embedded dataset is presented in Figure B.1 by implementing the t-SNE al-
gorithm3®; this algorithm creates a probability distribution in the original space
by assigning a higher probability to a similar pair of data points and a lower prob-
ability to dissimilar data points, and another distribution in the two-dimensional
space. Then, the KL divergence between the two distributions is minimized. This

algorithm is widely used %18

and has become one of the best options for visu-
alizing high-dimensional data. The correct use of this algorithm involves tuning
some hyperparameters like Perplexity; research with some best practices exists in

literature 368

, and in this work, the Perplexity has been tuned until a stable result has
been obtained.

From Figure B.1, IT services businesses are the more numerous and sparser cate-
gory. Some ICT Trade businesses are concentrated but very close to IT services
businesses. The largest companies are close to each other and confined in a particu-
lar region on the right; this means that when the size increases, the companies tend
to have more similar characteristics, irrespective of the activity sector.

The data generated has 128 dimensions, which are too many for computationally

intensive clustering algorithms and can be affected by the curse of dimensionality,
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therefore we applied a DEC algorithm.

First, an autoencoder neural network is trained as part of the model. The autoencoder
comprises an encoder comprising four layers, each containing 100, 100, 300, and 10
neurons, followed by a decoder with 300, 100, 100, and 128 neurons. Using a mean
squared error loss during training, the model efficiently learns a 10-dimensional
representation of the data in the last layer of the encoder. This representation must
retain all the information in the 128-dimensional data because the decoder needs it
to recover the original 128-dimensional data.

To train this architecture, data was divided into train and test sets. The model was
trained on the train set, and its efficacy in reducing and recovering data dimensions
was evaluated on the test set using the Mean Squared error between the original and

reconstructed data.

The model’s hyperparameters have been finetuned and are

1. Adam optimizer with a learning rate of 0.01.

2. Exponential Linear Unit (ELU) activation function for the dense layers.
3. Dropout rate of 0.5.

4. Batch normalization after each one of the dense layers.

5. A linear activation function for the output layer.

The fine-tuning process included trying the Stochastic Gradient descent optimizer;
the activation function ReLLU, ELU, Tanh; dropout rates between 0 and 0.5; Linear
activation function for the output lair and all possible combinations in a Grid-search
style of approach. The aforementioned hyperparameters combination turned out
to be the best ones. With these hyperparameters the model has on the train set a
Mean Squared error of 0.005612 an R2 of 0.992000 and a Mean squared error of
0.005416 and an R2 of 0.933725 on the test set. Once the autoencoder has been
trained, the decoder is removed and substituted with a clustering layer. The figure
of the neural network is presented in Figure B.3. The model works analogously
as the t-SNE algorithm: it computes a Student’s t-distribution of the compressed
10-dimensional data. Then,3® explained that a target distribution from the current
cluster assignments is created.

This encoder+clustering layer model is then trained to minimize the KL divergence
between the two distributions. Autoencoders are particularly useful for handling
spatial heterogeneity and learn latent features from spatial data, identifying underly-

ing patterns (e.g., regional economic structures) that traditional methods may miss.
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t-SNE visualization of the data
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Figure B.1: The embedded data are presented and projected in two dimensions using the
t-SNE algorithm. The above figure has been obtained by running the algorithm for 1000
iterations, setting the perplexity parameter to 100. Other parameter configurations yielded
similar results. Each dot represents a business and has been colored according to its activity
sector. Close dots mean that the represented businesses have similar characteristics. The
size of the dots gives the average number of employees of the business in 2019 year. Micro
businesses have up to 10 employees, small businesses up to 50, medium businesses up to
250, and large businesses have over 250 employees.

Spatial data often contains noise (e.g., measurement errors), and the autoencoders
can filter out irrelevant variations, isolating the core characteristics of each region.
The latent space generated by an autoencoder often reveals clusters of similar re-
gions.

The previously described procedure changes the data’s cluster assignments and low-
dimensional representation because it changes the encoder’s weights and, thus, how
the 10-dimensional representation is shaped. It is an essential feature because it
creates clustering-friendly data representation without the risk of information loss.
Once the algorithm converges, the clusters can be used as strata for the Stratified

bootstrap algorithm?!?
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C.2 Comparison with other approach

In the appendix the comparison of the DEC-based methodology with another similar
methodology aimed at clustering mixed categorical and numerical features will be
presented.

In particular, we applied the k-prototype algorithm to the same data that we used for
the DEC algorithm and we used the output clusters for the same stratified bootstrap
strategy presented in Subsection3.5.1 and Subsection 3.5.2.

We used the implementation of k-prototype in the Python package kmodes®? leaving
all settings to default values and just changing the number of clusters to 11 to obtain
comparable results with the ones produced by the DEC algorithm.

The two algorithms give radically different solutions to the same clustering problem,

leading to low values for comparison metrics, as shown in Table C.1. To see if the

Metric Score
Adjusted Rand Index (ARI) 0.0822
Normalized Mutual Information (NMI)0.1396
Homogeneity 0.1273
Completeness 0.1546
V-Measure 0.1396

Table C.1: Clustering comparison metrics. All these metrics are scaled to have a value
of 1 for perfect agreement. All the metrics agree that the clustering solutions proposed by
k-prototype and DEC are different.

differences between the two clustering solutions have an impact on the bootstrap
procedure, we used the k-prototype clustering solution for the bootstrap analysis of
correlation coefficients, creating the exact analogue of Figure 3.6 but with this other
clustering algorithm. This new bootstrap solution is presented in Figure C.1. A
correlation of 0.31 between productivity of two consecutive years is unrealistically
low and too far away from the value calculated on the whole sample. This under-
scores and justifies the importance of the use of new methodologies when clustering
is used for stratified bootstrap and highlights the fact that the outcomes and results

of all methodologies should be evaluated carefully.
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Distribution of the correlation coefficient
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Figure C.1: The correlation between the productivity between the years 2018 and 2019

computed using the k-prototype algorithm.
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