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Abstract

In this dissertation we investigate the patterns of technological diversification in European

regions. Specifically we inquire on the factors that contribute to the feasibility of a

diversification option. Our focus in this work is to provide a context rich assessment that

bridge different gaps in the literature namely relatedness, network positions, institutions,

and the role of space. To operationalise this contextualised assessment we first address

methodological and conceptual issues in the relatedness constructs.

Our methodological alternative is a machine learning training strategy that shift relatedness

from a descriptive exercise to a predictive exercise. Our alternative approach enables us to

construct a bidirectional network that’s inherently more granular and informative than

conventional technology space approaches. Similarly, our approach also enables us to

quantify the feasibility of a specific technology for each region, we call this quantity regional

technological potential.

With these two constructs, we divide technologies into two categories based on their role in

the network structure, bridging technologies and enabling technologies. Then we investigate

which technologies are more feasible, and whether the industrial alignment between the

region’s portfolio of technologies and a target technology moderate that relationship.

Additionally, we incorporate national ecosystem co-variates that describe institutional and

market conditions into our analysis to investigate their contribution in the feasibility of

a diversification option. Lastly, we investigate whether or not these dynamics are space

dependent and whether this dependency is stable at different effect channels.

Our results shows four main conclusions. First, we validate that our regional technological

potential is an adequate predictor of entry to new technologies. Second we confirm

that different network structures are strong predictor or technological potential. Third

industrial alignment is our strongest predictor here and moderates the relationship between

network structures and potential. Forth, we show that national entrepreneurial ecosystem

characteristics are substantial predictors of regional technological potential and that their

effect is stable but heterogeneous for different pillars. Fifth, and lastly, we confirm the
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spatial dependency at the regional portfolio level, and show that the average characteristics

of these portfolios in terms of their endowment of bridging and enabling technologies

are similarly strong and consistent predictors of aggregate regional potential and that

industrial alignment remains a substantial moderation mechanism that’s stable across all

effect channels.
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1 Introduction

The Covid-19 pandemic made visible what researchers had been studying for years: some

regions recover quickly from economic shocks, others do not. The difference comes down, in

large part, to how diversified their economies are. A region that relies on a narrow portfolio

of technologies is far more exposed than one whose portfolio covers multiple domains and

capability combinations.

The capacity to adapt, to resist, recover, and reconfigure existing knowledge stocks is

what the literature calls resilience (Xiao, Boschma, and Andersson 2018). To this end,

economies build resilience through diversification by investing in new technologies, new

sectors, new capabilities and new applications. However, not all diversification options

are equally feasible for all regions. Because of that, regions do not diversify freely or

randomly. They tend to move into activities related to what they already do well. This is

because tacit knowledge (the know-how embedded in firms, workers, and local institutions)

is fundamentally local and path-dependent (Balland, Rigby, and Boschma 2015).

This insight is formalised and grounded in the Relatedness and Economic Complexity (REC)

literature, and has produced an influential set of empirical, methodological, and theoretical

contributions. These contributions are operationalised via co-occurrence-based proximity

measures, mainly relatedness and relatedness density both widely used in academia and

by policy practitioners, including under the European Smart Specialisation Strategy. The

core idea is that a region is more likely to develop a new technology when it already

has many related technologies in its portfolio. However, Balland, Rigby, and Boschma

(2015) and Pinheiro (2025) also criticises the literature in this context for ignoring key

explanatory dimensions that are central to evolutionary accounts of regional change;

technological relatedness, network structures, and institutions. They argue, that the

current understanding of regional dynamics lacks these key contextualisation layers.

In this work we align with this direction, but we argue that adding these contextual layers

on a foundation that obscures context would only partly address these gaps. With that in

mind, we identify three core issues. First, relatedness is measured through co-occurrence
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frequencies, but when the number of technologies exceeds the number of regions, those

frequencies are noisy (Tacchella et al. 2023). Second, the resulting measures treat the

relationship between two technologies as equally strong in both directions, when in reality

technological dependencies are often hierarchical. Third, relatedness density aggregates

pairwise scores in a simple linear sum that discards the combinatorial interactions among

capabilities that actually matter for whether diversification is feasible (Albora et al. 2023).

This work is a direct response to this gap. We reform the measurement foundation shifting

from a descriptive paradigm to a predictive one that captures the complex interactions

within the data. Then use these richer measures to investigate what conditions shape

diversification feasibility across four contextual layers: technology characteristics, portfolio

alignment, national ecosystem conditions, and space. With all this in mind we formulate

our research questions and hypothesis as follows:

RQ1: Is regional technological potential a better predictor of technology entry

than relatedness density?

Relatedness density is the standard benchmark for assessing diversification feasibility. We

test whether our ML-derived potential carries at least as much, and potentially more,

predictive information about observed entry, which would justify the subsequent mechanism

decomposition.

H1: Regional technological potential is at least as informative as relatedness density in

predicting technology entry.

RQ2: How do technology-specific characteristics shape regional technological

potential?

Technologies occupy structurally distinct positions in the capability network, bridging and

enabling roles imply different relationships to diversification feasibility. We ask whether

these structural roles predict how feasible it is for regions to diversify into them.

H2a: Technologies with a bridging role are positively associated with regional technological

potential.
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H2b: Technologies with an enabling role are negatively associated with regional technolog-

ical potential.

RQ3: Does industrial alignment condition the influence of technology charac-

teristics on potential?

The value of a technology’s structural position may depend on whether the region’s portfolio

is aligned with the industrial level capabilities that position implies. We ask whether

coherence moderates the relationship between network position and potential, and whether

this moderation operates differently for bridging and enabling technologies.

H3a: Industrial alignment (coherence) between a region and a technology is associated

with higher regional technological potential.

H3b: Technologies with a bridging role are more beneficial for regions with low coherence

than for regions with high coherence, meaning that bridge technologies matter most as

diversification pathways when direct alignment is limited.

H3c: Technologies with an enabling role are more beneficial for regions with high coherence

than for regions with low coherence, meaning that enabling technologies matter most as

upgrading pathways when direct alignment is high.

RQ4: Do national ecosystem characteristics explain variation in regional tech-

nological potential beyond dyadic portfolio mechanisms?

We ask whether national entrepreneurial ecosystem characteristics contribute explanatory

power beyond portfolio structure and technology network mechanisms.

H4: National entrepreneurial ecosystem characteristics shape regional technological po-

tential beyond what dyadic portfolio and network mechanisms account for. Meaning that

the national institutional and market context is an independent layer of the feasibility

landscape. Effects are expected to be heterogeneous across ecosystem dimensions.

RQ5: How do aggregate portfolio characteristics and spatial interdependence

structure regional potential at the portfolio level?
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Moving from the technology–region dyad to the regional portfolio as a whole, we ask whether

the aggregate composition of a region’s portfolio predicts average regional potential, and

whether this relationship operates through spatial interdependence with neighbouring

regions.

H5a: Regions with higher average potential tend to neighbour other high-potential regions,

meaning that regional feasibility landscapes are spatially interdependent rather than locally

contained.

H5b: Regions with portfolios concentrated in bridging technologies have higher average

potential when their portfolio coherence is sufficient, meaning that the portfolio-level value

of bridging technologies depends on whether the aggregate industrial alignment supports

them.

H5c: Regions with portfolios concentrated in enabling technologies have higher average

potential, meaning that foundational technology endowments are a structural portfolio-level

advantage, amplified further by coherence.

This thesis is organised following around the following structure. We describe our method-

ological approach in ?@sec-methodand, how we build the machine learning models,

what regional technological potential and the FITS network are, and how coherence is

constructed. The empirical design is covered in Section 3. Results are presented in Section 4.

We close with discussion and conclusion in Section 5.

2 Methodology

2.1 A machine learning alternative

We address the limitations we discussed above by treating relatedness as a prediction

problem rather than a correlation exercise. Following Albora et al. (2023), Fessina et al.

(2024), and Tacchella et al. (2023), we train a separate Random Forest classifier model

for each target technology, using a region’s full portfolio as input and the observed entry

outcome as the target.
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This shift offers mainly advantages. First, it captures non-linear interactions among

technologies that density-based measures cannot: if technology 𝑡1 predicts entry into 𝑡3

only when 𝑡2 is also present, this emerges naturally from the tree structure. And second,

because each technology is modeled separately, it produces directed, asymmetric importance

scores that reflect the observed hierarchical structure of technological dependencies.

The key innovation of this approach lies in training separate models for each technology

rather than constructing a single global model. For every technology 𝑖 ∈ 𝒯, we train a

binary classification model where:

• Outcome: 𝑧𝑟,𝑖,𝑦 indicates whether region 𝑟 specialises in technology 𝑖 at year 𝑦

(RTA ≥ 1)

• Features: {RTA𝑟,𝑡,𝑦−𝛿 ∶ 𝑡 ∈ 𝒯, 𝑡 ≠ 𝑖} comprises RTA values for all other technologies

𝛿 years prior

This technology-specific approach enables each model to learn unique dependency patterns.

The lag 𝛿 = 4 years balances predictive horizon with data availability, following conventions

in the literature on capability accumulation (Andreoni and Chang 2019).

We predict specialisation for target years 𝑦𝑡 ∈ {2008, … , 2018} using data from 1978

onward. For each target year 𝑦𝑡 and technology 𝑖:

Training set:

𝑋train = {RTA𝑟,𝑡,𝑦 ∣ 𝑦 ∈ [1978, 𝑦𝑡 − 2𝛿], 𝑡 ≠ 𝑖}

𝑌train = {𝑧𝑟,𝑖,𝑦 ∣ 𝑦 ∈ [1978 + 𝛿, 𝑦𝑡 − 𝛿]}

Test set:

𝑋test = {RTA𝑟,𝑡,𝑦𝑡−𝛿 ∣ 𝑡 ≠ 𝑖}

𝑌test = {𝑧𝑟,𝑖,𝑦𝑡
}

This temporal structure ensures strict separation: models predict future specialisation

using only information available at the prediction date. The expanding training window

incorporates historical diversification patterns while the fixed lag prevents information
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leakage. From these models we extract two core constructs:

Regional Technological Potential (𝑝𝑟,𝑡,𝑦) is the predicted probability that region 𝑟

develops a specialisation in technology 𝑡 at time 𝑦, given its past portfolio. Rather than

asking how many related technologies a region has, it asks: given everything we know

about how regions diversify, how likely is this region to develop this technology? High

potential means the region’s portfolio strongly predicts future specialisation. Low potential

means there are capability gaps that make diversification unlikely under current conditions.

Feature Importance Technology Space (FITS) is an asymmetric, directed network

extracted from the feature importance scores of the Random Forest models. For each

target technology, the feature importance of every other technology captures how much it

contributes to predicting the target’s adoption across regions. This produces a directed

graph where an edge from technology 𝑡 to technology 𝑡′ has weight proportional to how much

𝑡 predicts 𝑡′ without requiring any symmetric relationship in the reverse direction. FITS

replaces the conventional co-occurrence technology space with a predictive, hierarchical

capability network (Fessina et al. 2024).

The directed structure of FITS allows us to classify technologies by their structural role.

Technologies with high betweenness centrality lie on many shortest paths between other

technologies: they bridge otherwise disconnected domains, analogous to General Purpose

Technologies. Technologies with high eigenvector centrality are well-connected to other

well-connected technologies: they occupy authoritative, capability-dense positions in the

network, analogous to Key Enabling Technologies.

2.2 Coherence: measuring industrial alignment

Having a technology space and a feasibility score still leaves a key question open: does

the value of a technology’s network position depend on how well a region’s industrial

structure is organised around it? Two regions can have the same potential score for the

same technology but differ substantially in whether their existing specialisations share the

industrial infrastructure that the technology’s FITS dependencies imply.

10



We capture this with coherence. For each technology-region pair, coherence quantifies

how closely the region’s industrial embeddedness profile – which industries its current

specialisations connect to in FITS – matches the industrial embeddedness profile of the

target technology. When the region’s portfolio is concentrated in industries that the

target technology draws from and feeds into, coherence is high. When the portfolios are

industrially misaligned, coherence is low.

The measure draws on Teece et al. (1994) and Nesta and Saviotti (2005), who established

that the performance of a diversification strategy depends not just on how much a firm

or region does but on how coherently its activities hang together. We adapt this to the

regional level and consider the IPC industrial sections.

3 Empirical Design

3.1 Overview

Our empirical investigation operates at two levels. At the dyadic level, each observation

is a combination of a technology, a region, and a year. We ask how a technology’s position

in the FITS network predicts regional technological potential, and whether this relationship

changes with coherence and national ecosystem conditions.

At the spatial level, we aggregate to region-year and ask whether regions with high

average potential cluster geographically, and whether aggregate portfolio composition

predicts average potential conditional on coherence.

We implement this through four models:

• Model 0 (Entry benchmark): compares the predictive power of potential versus

relatedness density for observed technology entry.

Entry𝑟,𝑡,𝑦+1 = 𝛽1Density𝑟,𝑡,𝑦 + 𝛽2Potential𝑟,𝑡,𝑦 + Z𝑟,𝑡,𝑦𝛾 + 𝛼𝑦 + 𝛼𝑟 + 𝜀𝑟,𝑡,𝑦

where Density𝑟,𝑡,𝑦 is the standardised relatedness density (z-scored), Potential𝑟,𝑡,𝑦 is the

standardised technological potential (z-scored), Z𝑟,𝑡,𝑦 contains controls (regional complexity,
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technology complexity, patent count), and 𝛼𝑦, 𝛼𝑟 are year and region fixed effects. Standard

errors are clustered by region and technology to account for the dyadic structure of the

data.

• Model 1 (Fixed effects OLS): tests the network position and coherence moderation

hypotheses using within-region variation. we adopt a two-way region and year fixed

effects as our preferred specification to assess the within region variations with

standard errors clustered by region and technology. This choice accounts for the

structural correlation of the observations in the same region or technology.

The general specification is:

𝑝∗
𝑟,𝑡,𝑦 = 𝛼𝑟 + 𝛼𝑦 + X𝑟,𝑡,𝑦𝛽 + 𝜀𝑟,𝑡,𝑦

where 𝛼𝑟 are region fixed effects, 𝛼𝑦 are year fixed effects, and X𝑟,𝑡,𝑦 is the covariates

matrix.

• Model 2 (Hierarchical random effects): tests national ecosystem effects, accounting

for the nested structure of regions within countries. For that we estimate linear

mixed models with the following nesting structure:

𝑝∗
𝑟,𝑡,𝑦 = X𝑟,𝑡,𝑦𝛽 + 𝜁𝑡 + 𝑢𝑐 + 𝑢𝑟|𝑐 + 𝜀𝑟,𝑡,𝑦

where 𝑢𝑐 ∼ 𝒩(0, 𝜎2
𝑐 ) is a country-level random intercept and 𝑢𝑟|𝑐 ∼ 𝒩(0, 𝜎2

𝑟|𝑐) is a region-

within-country random intercept. Year is included as a dummy (𝜁𝑡) to absorb common

temporal dynamics.

• Model 3 (Spatial autoregressive panel): tests spatial interdependence and portfolio

composition effects at the aggregate level. We estimate the Spatial Autoregressive

(SAR) model with two-way (region and year) demeaning. In this model, the spatial

autoregressive parameter 𝜌 tests H5 where a positive and significant 𝜌 indicates that

regions tend to exhibit higher potential when neighbouring regions also display high
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potential.

𝑃𝑟,𝑦 = 𝜌W𝑃𝑟,𝑦 + X𝑟,𝑦𝛽 + 𝛼𝑟 + 𝜁𝑦 + 𝜀𝑟,𝑦

The covariates matrix X𝑟,𝑦 includes regional patent count, regional complexity, average

coherence, average betweenness, and average eigenvector, along with their interactions.

3.2 Data

We use European Patent Office (EPO) data covering 641 technologies (4-digit IPC classi-

fication) across 245 NUTS2 regions in 30 European countries over 2008–2018. Regional

specialisation is measured via the Revealed Technological Advantage (RTA). Technology

network positions (betweenness and eigenvector centrality) are derived from the FITS

network. National entrepreneurial ecosystem conditions are captured through the Global

Entrepreneurship Index (GEI) pillars (Acs, Autio, and Szerb 2014; Varga et al. 2020),

which combine individual and institutional dimensions.

The geographic distributions in Figure 1 and Figure 2 reveal clear spatial structure: Western

European regions tend to have higher potential and higher coherence, while peripheral and

Eastern European regions cluster at lower values.

4 Results

4.1 Does potential predict entry better than relatedness density?

We begin with the benchmark question: can regional technological potential predict whether

a region enters a new technology at least as well as relatedness density? Table 1 reports

these results.

In all specifications, both measures are positive and precisely estimated. When both are

included together, relatedness density drops substantially (from 0.089 to 0.028), while

potential remains stable at around 0.086. Model fit is also higher when potential replaces
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relatedness density.

This evidence is consistent with H1: potential carries at least as much predictive content

as relatedness density and subsumes much of its signal when both are included.
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Table 1: Regional Potential vs Relatedness density – Entry (year + 1, LPM with fixed effects)

baseline1 baseline2 full1 full2 full3

(Intercept) 0.069*** 0.070***
(0.002) (0.001)

patent_n 0.008 -0.007** 0.017* 0.004 0.004
(0.007) (0.002) (0.008) (0.003) (0.003)

relatedness_density 0.055*** 0.089*** 0.028***
(0.002) (0.006) (0.002)

reg_comp -0.003*** -0.003*** -0.001*** -0.000 -0.001**
(0.001) (0.001) (0.000) (0.000) (0.000)

tech_comp -0.015*** -0.005*** -0.013*** -0.004*** -0.003***
(0.002) (0.001) (0.002) (0.001) (0.001)

pred11 0.081*** 0.089*** 0.086***
(0.002) (0.002) (0.002)

Num.Obs. 1571364 1571364 1571364 1571364 1571364
R2 0.043 0.086 0.046 0.092 0.093
R2 Adj. 0.043 0.086 0.046 0.092 0.093
R2 Within 0.014 0.062 0.062
R2 Within Adj. 0.014 0.062 0.062
AIC -36976.1 -109812.6 -41129.6 -119089.6 -120205.8
BIC -36914.8 -109751.3 -37375.8 -115335.8 -116439.6
RMSE 0.24 0.23 0.24 0.23 0.23
Std.Errors by: region & tech by: region & tech by: region & tech by: region & tech by: region & tech
FE: region X X X
FE: year X X X
+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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4.2 Network position, portfolio alignment, and ecosystems

With the benchmark established, we turn to the main mechanism question. Table 2 reports

Model 1 (fixed effects OLS). Table 3 reports Model 2 (hierarchical random effects, with

national ecosystem covariates).

Across all specifications, coherence is the strongest predictor of regional technological

potential: at mean values of the network variables, a one-standard-deviation increase in

coherence is associated with an increase of around 0.706–0.709 in potential. Regions whose

industrial portfolio aligns well with the structural dependencies of a target technology are

substantially more likely to have high potential for that technology. This confirms H3a.

For bridging technologies (betweenness centrality), the relationship is consistently positive

but conditional. At mean coherence, bridging technologies are associated with higher

potential (around +0.388). This association is stronger for regions with lower coherence (the

interaction between betweenness and coherence is negative −0.284). Bridging technologies

matter most as diversification pathways precisely when direct industrial alignment is limited.

The marginal effect of betweenness remains positive across the full empirical distribution

of coherence. This confirms H2a and H3b.

For enabling technologies (eigenvector centrality), the pattern is different. These technolo-

gies are consistently associated with lower potential (−0.221), regardless of coherence level.

The interaction between eigenvector and coherence is non-significant in all specifications:

portfolio alignment does not make it easier to enter enabling technologies. They are

structurally difficult, and that difficulty is coherence-invariant. This confirms H2b but

does not support H3c.

These patterns are fully stable in Model 2. The national ecosystem covariates in Model

2 are uniformly stable and significant: human capital, competition, product innovation,

and high-growth orientation are positively associated with potential; process innovation,

internationalisation, and risk capital are negatively associated. This confirms H4. The neg-

ative coefficient on internationalisation is particularly notable. Export-intensive ecosystems

appear to constrain regional diversification potential, consistent with evidence of lock-in into
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low-complexity activities (Sebestyén, Braun, and Elekes 2024). The positive competition

effect aligns with Komlósi et al. (2025), who identify competition as a near-necessary

condition for regional economic performance across EU regions.
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Table 2: Network Interactions – Regional Potential (with fixed effects)

baseline network interaction_a interaction_a1 interaction_b interaction_b1 interaction_c interaction_c1

(Intercept) -2.528*** -2.462*** -2.476*** -2.516***
(0.070) (0.074) (0.074) (0.071)

patent_n 0.211*** 0.088*** 0.213*** 0.215*** 0.088*** 0.091*** 0.212*** 0.088***
(0.054) (0.023) (0.053) (0.054) (0.023) (0.024) (0.053) (0.023)

coherence 1.026*** 0.779*** 0.898*** 0.909*** 0.706*** 0.723*** 0.944*** 0.780***
(0.038) (0.039) (0.039) (0.040) (0.037) (0.038) (0.039) (0.039)

rawdist -0.028 -0.039 -0.011 -0.029 0.036 0.009
(0.028) (0.028) (0.027) (0.027) (0.046) (0.045)

reg_comp 0.741*** 0.013 0.746*** 0.741*** 0.010 0.010 0.745*** 0.013
(0.065) (0.018) (0.066) (0.065) (0.017) (0.017) (0.065) (0.018)

tech_comp -0.213*** -0.256*** -0.212*** -0.198*** -0.254*** -0.238*** -0.212*** -0.255***
(0.035) (0.040) (0.035) (0.034) (0.039) (0.038) (0.035) (0.040)

betweenness 0.131*** 0.249*** 0.266*** 0.388*** 0.407*** 0.101*** 0.147***
(0.023) (0.039) (0.040) (0.037) (0.038) (0.028) (0.029)

eigenvector -0.237*** -0.206*** -0.201*** -0.221*** -0.216*** -0.209*** -0.233***
(0.030) (0.028) (0.029) (0.027) (0.028) (0.030) (0.030)

betweenness ×coherence -0.184*** -0.191*** -0.284*** -0.292***
(0.032) (0.033) (0.030) (0.031)

coherence ×eigenvector -0.015 -0.001 -0.001 0.013
(0.030) (0.031) (0.028) (0.030)

betweenness ×rawdist 0.067 0.057
(0.081) (0.078)

rawdist ×eigenvector -0.081*** -0.080***
(0.023) (0.023)

Num.Obs. 1906137 1906137 1906137 1922371 1906137 1922371 1906137 1906137
R2 0.354 0.659 0.366 0.367 0.665 0.658 0.364 0.659
R2 Adj. 0.354 0.659 0.366 0.367 0.665 0.658 0.364 0.659
R2 Within 0.356 0.368 0.367 0.357
R2 Within Adj. 0.356 0.368 0.367 0.357
AIC 7682716.6 6466221.8 7645396.3 7738488.6 6429417.5 6556534.8 7650873.9 6461334.5
BIC 7682791.4 6470084.6 7645520.9 7738600.8 6433305.2 6560412.7 7650998.5 6465222.2
RMSE 1.82 1.32 1.80 1.81 1.31 1.33 1.80 1.32
Std.Errors by: region & tech by: region & tech by: region & tech by: region & tech by: region & tech by: region & tech by: region & tech by: region & tech
FE: year X X X X
FE: region X X X X

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 3: Hierarchical Random Effects Model – Regional Potential

inter_a inter_a1 inter_b inter_b1 h_a h_b h_b1

(Intercept) -2.577*** -2.667*** -2.573*** -2.666*** -2.817*** -2.711*** -2.807***
(0.088) (0.087) (0.088) (0.088) (0.227) (0.230) (0.227)

patent_n 0.109*** 0.108*** 0.088*** 0.088*** 0.090*** 0.090*** 0.089***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

rawdist -0.032*** 0.008*** -0.029*** 0.009*** -0.037*** -0.027*** 0.010***
(0.001) (0.002) (0.001) (0.002) (0.001) (0.001) (0.002)

betweenness 0.427*** 0.200*** 0.388*** 0.147*** 0.133*** 0.398*** 0.147***
(0.002) (0.001) (0.002) (0.001) (0.001) (0.002) (0.001)

coherence 0.729*** 0.802*** 0.706*** 0.780*** 0.784*** 0.709*** 0.785***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

eigenvector -0.212*** -0.223*** -0.221*** -0.233*** -0.240*** -0.222*** -0.235***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

betweenness ×coherence -0.270*** -0.284***
(0.001) (0.001)

coherence ×eigenvector 0.000 -0.001 0.002
(0.001) (0.001) (0.001)

betweenness ×rawdist 0.061*** 0.057***
(0.004) (0.004)

rawdist ×eigenvector -0.080*** -0.080*** -0.082***
(0.001) (0.001) (0.001)

reg_comp 0.010*** 0.014*** 0.015*** 0.011*** 0.015***
(0.001) (0.001) (0.002) (0.002) (0.002)

tech_comp -0.254*** -0.255*** -0.243*** -0.241*** -0.241***
(0.001) (0.001) (0.001) (0.001) (0.001)

x8_human_capital 0.044*** 0.044*** 0.044***
(0.003) (0.003) (0.003)

x9_competition 0.088*** 0.088*** 0.088***
(0.005) (0.005) (0.005)

x10_product_innovation 0.016*** 0.017*** 0.016***
(0.002) (0.002) (0.002)

x11_process_innovation -0.020*** -0.022*** -0.020***
(0.004) (0.004) (0.004)

x12_high_growth 0.008** 0.009** 0.008**
(0.003) (0.003) (0.003)

x13_internationalization -0.080*** -0.082*** -0.080***
(0.003) (0.003) (0.003)

x14_risk_capital -0.035*** -0.034*** -0.035***
(0.002) (0.002) (0.002)

coherence ×betweenness -0.292***
(0.002)

rawdist ×betweenness 0.050***
(0.004)

SD (Observations) 1.346 1.356 1.307 1.318 1.310 1.296 1.308
SD (Intercept regioncountry) 1.029 1.036 1.028
SD (Intercept country) 1.124 1.135 1.123
SD (Intercept region) 1.497 1.489 1.513 1.499
Num.Obs. 1999432 1999432 1906137 1906137 1506300 1506300 1506300
R2 Marg. 0.190 0.186 0.202 0.198 0.197 0.201 0.198
R2 Cond. 0.638 0.631 0.659 0.651 0.659 0.668 0.659
AIC 6864439.5 6894186.6 6431985.8 6463890.4 5090780.3 5059555.4 5086578.2
BIC 6864689.6 6894436.8 6432259.9 6464164.5 5091110.4 5059909.9 5086932.7
ICC 0.6 0.5 0.6 0.6 0.6 0.6 0.6
RMSE 1.35 1.36 1.31 1.32 1.31 1.30 1.31
+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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4.3 Space and portfolio composition

The large between-country variance from Model 2 already signals that the feasibility

landscape is geographically structured. We test this directly in Model 3 with a Spatial

Autoregressive (SAR) panel model estimated on regions annual averages.

Table 4 reports the SAR estimates. The spatial lag parameter 𝜌 is approximately 0.376,

this directly confirms H5a: high-potential regions tend to neighbour other high-potential

regions. Spatial spillovers account for approximately 36% of the total effect of each portfolio

characteristic on average potential.

The portfolio-level results complements the dyadic findings. Average betweenness (bridging

portfolio) has a positive effect on average potential only when coherence is high enough.

Below a coherence threshold of approximately −0.67 standard deviations, the total effect

of average betweenness turns negative, and is consistent across other effect channels (direct

and indirect) as well. This confirms H5b with an important qualification: bridging

technologies are a portfolio-level asset only when baseline industrial alignment is sufficient.

Without that alignment, accumulating more bridging technologies does not improve, and

may reduce, a region’s average (potential) feasible opportunities.

For enabling technologies (average eigenvector), the portfolio-level story is the reverse of

the dyadic finding. While individual enabling technologies are hard to enter, portfolios

concentrated in enabling technologies are associated with higher average potential (+0.0354

at mean coherence), and this effect never reverses across the coherence distribution, and

confirms H5c: enabling technology endowment is a structural portfolio-level advantage.

Once enabling technologies exist in a portfolio, they support the feasibility of many other

technologies, i.e.: they enable at the aggregate level rather than blocking. The positive

indirect effect (+0.0127) suggests this advantage also spills over to neighbouring regions.

Coherence remains the central organising condition at the spatial level. Its total effect at

mean portfolio compositions (+0.1044) is the largest main effect among all portfolio-level

covariates, and it propagates spatially with indirect effects accounting for approximately

36% of the total.
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Table 4: Spatial Autoregressive Model (SAR) – Regional Potential

baseline network interaction
(Intercept) 0.116*** 0.136*** 0.132***

(0.003) (0.003) (0.003)
reg_comp 0.060*** 0.055*** 0.054***

(0.003) (0.003) (0.003)
patent_count 0.077*** 0.062*** 0.062***

(0.003) (0.003) (0.003)
rho 0.464*** 0.375*** 0.376***

(0.015) (0.016) (0.016)
avg_coherence 0.055*** 0.065***

(0.003) (0.003)
avg_betweenness -0.009** 0.009*

(0.003) (0.004)
avg_eigenvector 0.018*** 0.022***

(0.003) (0.003)
avg_coherence ×avg_betweenness 0.013***

(0.002)
avg_coherence ×avg_eigenvector 0.006***

(0.002)
Num.Obs. 3223 3223 3223
Log.Lik. 4350.51 4559.40 4578.55
AIC -8693.02 -9104.81 -9139.09
BIC -8668.71 -9062.26 -9084.39
Sigma 0.161 0.149 0.148
Res.Var 0.024 0.021 0.021
EDF Total 4 7 9
+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
The spatial lag parameter rho confirms positive spatial interdependence of regional average
potential. Direct effects capture own-region responses; indirect effects capture average
spillovers to neighbouring regions; total effects are their sum.
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5 Discussion and Conclusion

5.1 What we found

This dissertation started from a straightforward observation: regions vary enormously in

their capacity to adopt new technologies, and the standard tools used to study and advise

on this variation are methodologically limited in ways that constrain how much context

they can incorporate. We reformed the measurement foundation and investigated four

contextual layers that the standard approach leaves out.

First, regional technological potential is at least as informative as relatedness density in

predicting technology entry, and subsumes much of the relatedness signal when both are

included. This validates our approach and shows that potential can be used as a reliable

context-rich alternative.

Second, the structural role of a technology in the capability network matters strongly for

its feasibility. Bridging technologies connecting otherwise separated knowledge domains,

are consistently accessible diversification options. Enabling technologies on the other hand,

are consistently difficult to enter, regardless of portfolio characteristics (Antonietti and

Montresor 2021).

Third, industrial alignment (coherence) moderates the value of bridging technologies and

governs whether portfolio-level bridging concentration is an asset or a liability at the spatial

level. Coherence is the central organising condition of the regional feasibility landscape

(Teece et al. 1994; Nesta and Saviotti 2005).

Fourth, national ecosystem conditions contribute independently and significantly beyond

portfolio mechanisms. Competition and human capital are the most consistent positive

contributors. Internationalisation is consistently negative, which points to a potential

lock-in dynamic in heavily export-oriented economies. These results are consistent with the

argument that highlights the importance of the institutional and demand-side conditions,

as they also shape the fesibility of a diversification option (Pinheiro 2025; Acs, Autio, and

Szerb 2014).
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Fifth, space structures the feasibility landscape. High-potential regions cluster geograph-

ically. The results reveals another layer of the mechanism. Enabling technologies that

are hard to enter individually become portfolio-level assets once they are in place, while

bridging technologies require adequate industrial alignment to generate aggregate potential

benefits. Bridging technologies should be understood as targeted diversification options

that support the build-up of alignment a means to coherence, not a substitute for it.

5.2 Limitations

The most fundamental limitation is the absence of causal identification. Coherence is built

from the same portfolio information the Random Forest uses to generate potential, which

creates a shared construction that two-way fixed effects can only partially address. All

findings should be read as conditional associations, not causal effects.This is a limitation

that we will address in future iterations as it remains the bottleneck for actual informative

policy recommendations.

The machine learning training strategy was computationally constrained, using a fixed

set of hyperparameters rather than a full cross-validation protocol for each model. How-

ever, Albora et al. (2023) show that even without tuning, Random Forest outperforms

conventional baselines, but the models would improve with more rigorous calibration.

The four-year prediction window is also fixed across all technologies – a limitation, since

capability building takes very different amounts of time for different technological domains

(Hidalgo 2023).

5.3 Policy implications and future research

For regions on the technological periphery, bridging technologies offer accessible entry

points – but as a means of building industrial alignment, not as an end in themselves. For

regions with stronger alignment, investment in ecosystem conditions (competition, human

capital, high-growth support) appears to generate the largest returns. For all regions, the

spatial evidence underlines that technological diversification policy cannot be designed

in isolation: where a region is and who its neighbours are is a structural condition that
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portfolio engineering alone cannot override.

The most productive directions for future work involve three extensions: applying

significance-based filtering to FITS link construction; building a regional analogue of FITS

that generates an inter-regional dependency matrix; and incorporating patent co-invention

collaboration patterns to capture knowledge import and inter-regional learning channels

currently invisible to single-region portfolio models.
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