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A Decision Support System using ANFIS to allocate resources. An economic and 

patent-based analysis on European regions 

Francesca Pipitone 

Sommario 

Questo lavoro di tesi è il risultato di un progetto di ricerca, svoltosi da Ottobre 2016 a 

Febbraio 2017 presso l’École Polytechnique de Montréal, in Canada. Il progetto ha 

riguardato la costruzione di un Decision-Support System allo scopo di fornire ai policy maker 

indicazioni utili per una migliore allocazione delle risorse, nell’ottica della Strategia di 

Specializzazione Intelligente (SSS), che mira a consolidare i punti di forza regionali, attraverso 

un efficace ed efficiente utilizzo degli investimenti pubblici in R&S. In seguito ad una 

revisione della letteratura, basata sulle tecniche di previsione usate per scopi innovativi, 

abbiamo scelto ANFIS per capire come – e quanto – i driver competitivi promuovano lo 

sviluppo tecnologico e come quest’ultimo contribuisca alla crescita economica delle regioni 

europee. Abbiamo usato dati economici, geografici e brevettuali per allenare, testare e 

validare i modelli. Ciò che emerge è che un aumento degli investimenti in R&S, sia privati che 

pubblici, accresce il tasso di impiego ed il numero di brevetti pro-capite che, collegati a varie 

combinazioni di indicatori di specializzazione e diversificazione tecnologica, portano ad un 

aumento del PIL pro-capite. 

Abstract 

This thesis is the result of a research project carried out from October 2016 to February 2017 

at École Polytechnique de Montréal, Canada. The developed research mainly focused on the 

building of a Decision-Support System to provide policy makers useful indication for a better 

allocation of resources, with a view to the Smart Specialisation Strategies (SSS) which aimed 

to consolidate the regional strengths and make effective and efficient use of public 

investment in R&D. After a literature review basing on forecasting techniques for innovative 

purposes, we chose ANFIS to understand how - and to what extent – the competitiveness 

drivers promote technological development and how the latter contributes to the economic 

growth of European regions. We used both economic, spatial and patent-based data to train, 

test and validate the models. What emerges is that an increasing of investments on R&D, 

both private and public, enhances the employment rate and the number of patents per 

capita, which related to several combinations of specialization and diversification indicators, 

lead to an increasing of GDP per-capita of the regions. 
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1. SCOPE OF THE THESIS 

In a context characterized by the increasing globalization and the economic crisis involving 

Europe, the Smart Specialization program, fostered by the European Commission (EC), has 

become one of the main political initiatives to promote the growth and the economic 

development at a regional level. Precisely, Smart Specialization (SS) is a set of policy and 

guidelines designed to promote the efficient and effective use of public investment in 

research and development. In order to reduce the fragmentation and duplication of R&D 

investments, SS Strategies focus on the more effective spending of public resources, 

concentrating on certain domains of knowledge or expertise and the creation of synergies 

between public support mechanisms for R&D and innovation, industrial promotion and 

training institutions. This research aims to find a relationship between public and private 

investment on R&D and indicators of technological development, at both socio-economic 

and patent-based level, to develop a Decision-Support System. For this purpose, a hybrid 

technique, based on adaptive network and fuzzy systems (ANFIS), has been chosen after a 

literature review on forecasting techniques, to forecast the value of GDP per capita passing 

through the technological development, in turn forecasted through investment indicators.     

2. METHODOLOGY 

Table 1 summarizes the main phases of this work. 

Phase Objective Methodological steps Thesis chapter 

Context definition  

Acquisition of the general concepts of 
SSS and of the indicators used, in 
order to frame the overall research 
objective 

- Database description 
- Objective definition 2 

Literature review 

Study of literature to investigate the 
principal forecasting techniques used 
in innovative environments, to select 
the most suitable for the building of 
the Decision Support System 
 

- Framing of the topic 
- Search for the literature 
- Selection and classification 
- Database construction and 

analysis 
- Forecasting techniques 

framework development 
- Result synthesis 
- Selection of the technique 
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Decision-Support 
System 
construction 

Investigating the capability of ANFIS to 
fit the data. 
Forecasting, using ANFIS, the regional 
growth by means of indicators of 
technological development and the 
technological development by means 
of investment on R&D 

- Data preparation 
- Data analysis (training, testing 

and validating of the models) 
- Choice of the models to 

interpret 
- Data interpretation through a 

fuzzy language 
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Results and 
discussion 

Analysing the results of the previous 
phase to provide useful indication 
about their use 

- Discussion of DSS1 and DSS2 
through extrapolating the main 
information from the fuzzy 
language. 

- Combining of DSS1 and DSS2 
through a case study 

5 

Table 1. Phases and methodologies of the thesis 
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3. CONTEXT DEFINITION 

We started our study by first acquiring the general concept of Smart Specialization and 

Smart Specialization Strategies (SSS). In order to better understand the logic used in the 

present project, it is important to underline that both diversification strategies – here 

represented by Related Variety (RV) and Unrelated Variety (UV), which describe respectively 

the extent to which a region is diversified in different ‘main classes’ of the Fraunhofer 

Technology Classification and the extent to which a region is diversified in similar Fraunhofer 

domains – and specialization strategies – represented by Herfindahl, an indicator that 

analyses the level of concentration of applications, and Number of Specialized Fields - are 

considered as alternative to foster innovation at regional level. The final database, used for 

the present study, constructed collecting data from Eurostat and PATSTA, contained socio-

economic data (GDP per capita and indicators of investment on R&D), patent-based data and 

spatial data (Latitude and Longitude) for 134 EU-27 regions disaggregated at NUTS 2 level, 

for years comprised between 2002 and 2011 (For additional information about the database 

see Appendix 1). The table below shows variables of the final dataset. 

Variable Formula Description 

 Socio-Economic Variables  

Business R&D share of GDP 
(%) 

 The Research and Development activities conducted by 
private companies as a percentage of the total GDP in a 
region 

Business investment (€ per 
employee) 

 The Research and Development activities conducted by 
public institutions as a percentage of the total GDP in a 
region 

Public R&D expenditure (%) 
 The Research and Development activities conducted by 

public institutions as a percentage of the total GDP in a 
region 

GERD per capita (€ per 
inhabitant) 

 This represent the total intramural R&D expenditure (or 
Gross Domestic Expenditure on Research and Development) 
per inhabitant 

Number of Enterprises  Number of operative enterprises in a region 

Employment Rate 

 It is a measure of the extent to which available labour 
resources (people available to work) are being used. They 
are calculated as the ratio of the employed to the working 
age population in a region 

GDP per capita (€ per 
inhabitant) 

 The Gross domestic product - GDP at current market prices - 
is the result of the production activity of resident producer 
units 

Spatial Variables 

Latitude 
Arithmetic mean of the 
latitude coordinates of 
Regions’ boundaries  

It is the angular distance north or south from the equator to 
the centroid of every Region 

Longitude 
Arithmetic mean of the 
longitude coordinates 
of Regions’ boundaries 

It is the angular distance east or west from the north-south 
line that passes through Greenwich, England, to the centroid 
of every Region 

Patent-based Variables 

Number of Patents 
 Total number of EPO (European Patent Office) applications 

per year   

Patents per capita 
 Number of EPO applications per year per million of 

inhabitants 



3 

 

Unrelated Variety (UV) 2

1

1
log

G

g

g g

UV S
S

 
   

 
  

gS : share of the main class g in the regional technology 

portfolio. It can be obtained summing the Fraunhofer shares 

iS  for all domains belonging to the main class considered: 

g

g i

i T

S S


 , where 
gT  with g= 1,…,5 indicates the main 

classes.  
UV measures the extent to which a region is diversified in 
very different types of technology (‘main classes’). 

Related Variety (RV) 
1

G

g g

g

RV S H


  
Where: 

2

1
log

g

i
g

i T g i g

S
H

S S S

 
   

 


, RV measures the extent to 

which a region is diversified in similar domains. 

Herfindahl 
2

1

N

i

i

H s


  

Where 
is : share of patenting of the technological domain i 

in the regional technology portfolio, i.e. in one of the 35 
Fraunhofer domains. N : number of technology domains in 

which the respective region is active. This indicator analyses 
the level of concentration of applications by region by year. 

Number of Specialized Fields 
Number of Fraunhofer 

domains in which 
RTAij >2 

Where: ij j

ij

i ij

PijP
RTA

Pij Pij



 

  with P the number of EPO 

applications, i = technological Fraunhofer domain and j = 
region grouping variable. It indicates the number of 
Fraunhofer domains in which a Region has an outspoken 
technological strength.  

Table 2. Database Variables 

Next step was the construction of a Decision-Support System, basing on the conceptual 

framework below, with the final purpose of helping European policy makers allocating 

resources. 

 
Figure 1. DSS conceptual framework 

4. LITERATURE REVIEW 
The literature analysis focuses on the creation of a database of articles to find the method to 

build the DSS concerned. The main steps in this phase are summarized in the table 3. 

Phase Details 

Framing of the 
topic 

We first defined the characteristics that the method would have had in order to perform the 
research: quantitative method able to extract information from historical data with a good 
approximation capability and able to perform multivariable – and obviously multivariate - 
analysis. Besides it should have been easy to interpret. Then an initial list of keywords has been 
developed: ‘Forecasting’, ‘Innovation’, ‘Policy makers’, ‘Policy’ 

Search 

Search of relevant articles was performed on SCOPUS using the following criteria  

Search terms 
1. Forecasting AND Innovation 
2. Forecasting AND Innovation AND Policy makers 
3. Forecasting AND Innovation AND Policy 

Search mode Boolean/Phrase 
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Published date From 01/2006 to 12/2016 

Publication type Academic Journal 

Document type Article 

Language English 

We decided to focus on the third combination, which provided 360 results 

Selection and 
Classification 

A first restriction was performed considering only the articles relating to Business, 
Management and Accounting fields. Then the title and the abstract of the 124 remained 
articles were read and they were classified basing of their degree of pertinence to our study 
(from 5, very pertinent, to 1 not pertinent). The selection ended with 48 articles 

Database 
construction and 

analysis 

A database was built with a Microsoft Excel sheet, composed by these fields: Number of the 
article (#) – Title – Authors – Year –Source – Techniques – Specific Subject – Results – 
Connection with other articles in the database – Why it is interesting for the thesis – Complete 
Reference.  
After a first classification, we decided to categorize the articles basing on the following 
recurrent topics observed during their lecture, in order to facilitate their analysis. 

- Technique: it refers to the general - quantitative or qualitative – and specific – i.e. 
Delphi method -  kind of forecasting techniques used in the article; 

- Field: it refers to the general argument of the article, to which statistical techniques 
are applied. The fields identified are: Grand challenges, Resources allocation, SSS, 
Technology and Innovation development, Forecasting techniques; 

- Approach: it is divided into Empirical/Application and Theoretical/Methodological 

Forecasting 
techniques 
framework 

development 

By using Microsoft Visio, we created a conceptual map in order to facilitate the interpretation 
of the articles and the selection of the suitable class of techniques for our study. The main 
focus of the framework was on the fields, relating them to the forecasting technique and to the 
approaches (see Appendix 2) 

Result synthesis 

The result synthesis was developed separately for each Field (Grand challenges, Resources 
allocation, SSS, Technology and Innovation development, Forecasting techniques). Particularly, 
the attention was focused on Resources allocation, SSS and Forecasting techniques in general: 
the first 2 because of their affinity to the argument of the present thesis, the last because it 
sometimes provided general information about evolution and trend of the techniques and 
comparisons among classes of them  

Selection of the 
method 

The final decision was focus on the selection of a class of techniques among: 
- Regression and auto-regression techniques which estimate the relationship between 

two or more variables, particularly focusing on ARMA, ARIMA and ARIMAX; 
- Artificial Intelligence, particularly Adaptive network. 

At the end, basing on paper publication trend and on articles that conduct comparison 
between these two classes of techniques, we chose the second one.  
Besides, in order to improve its interpretability, we decided to use a hybrid technique, called 
ANFIS – Adaptive Network Fuzzy Inference System – which mainly combines the approximation 
capabilities of Neural Network with the easy interpretability of Fuzzy Systems thanks to their 
rule based design 

Table 3.  Main steps of literature review 

5. DECISION SUPPORT SYSTEM CONSTRUCTION 
After a brief description of ANFIS architecture and its mode of operation, we have started 

the analysis and the construction of the DSS, following the steps below. 

5.1 Data preparation 

We have arranged the data in several ways, in order to capture as many variations as 

possible and to understand which model could have better fitted the data. First of all, the 

investigation has been split into two main parts:  

1. Forecasting. We wanted to understand if, starting with the competitiveness drivers 

(CD), the model would have been able to predict the intermediate performances (IP) 

at time T+1 and then, with these predicted ones, to predict the final GDP per capita 
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at time T+1, T+2 and T+3 (the time lag is compared to the time of competitiveness 

drivers, which are at time T).  

2. Classification. The first part (CDIP) is the same of the forecasting analysis; 

concerning the second one, we wanted to investigate if the model would have been 

able to classify the various regions in the right zones of GDP per capita, in time T+1, 

T+2, T+3. 

Table 4 shows a summary of the models constructed. 

Without Spatial Variables 

Forecasting Classification 

Model E Model D Model R K-means clustering Model 

With Spatial Variables 

Forecasting Classification 

Model E Model D Model R K-means clustering Model 

Table 4. Summary of the models 

Model E: it contains the original exact values of all the variables, without any arrangements. 

Model D: the data of each variable was differenced, taking its value at time T and subtracting 

its value time T-1. 

Model R: The data of each variable was divided, taking its value at time T and subtracting its 

value time T-1. 

It has been chosen not to include the competitiveness driver Public (government) R&D 

expenditure (%) neither in the “difference dataset” nor in the “ratio dataset” since more 

than 80% of the data registrations do not change through the time. 

K-means clustering Model: we performed a cluster analysis using k-means algorithm: GDP 

per capita has been divided into clusters, fixing the number of clusters, k, to 5. We chose this 

number in order to split the data in: very small, small, medium, high, very high. 

For all the models explained above, Latitude and Longitude have been added in input, 

together with the competitiveness drivers to investigate if the geographical collocation of 

the regions themselves can help to forecast the intermediate performances and therefore to 

forecast or classify GDP per capita. 

Once the data has been prepared, each dataset (Model E, Model D, Model R and K-means 

clustering Model) has been divided into three parts:  

- Training set: the larger amount of data used to train the FIS model to emulate them. 

This set represents all the features of the data so that the model can be as general 

and precise as possible on unknown data. 
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- Validation set: this is the set of data used for model validation. Validation is the 

process by which the input vectors from input/output data sets on which the FIS was 

not trained, are presented to the trained FIS model – the one built with the training 

set - to see how well the FIS model predicts the corresponding dataset output values. 

- Hidden set: a very small partition of data used, at the end, to construct the final 

model (CDpredicted IPpredicted GDP).  

5.2 Data analysis 

The analysis has been performed on Matlab using different combinations of membership 

functions, both Gaussian and bell-shaped types, different number of training epochs and 

different optimization methods, both backpropagation algorithm and hybrid learning 

technique, to investigate which one would provide the best results. 

To develop a Sugeno-type fuzzy inference system, that is the one necessary for ANFIS, we 

used grid partitioning algorithm if the number of inputs was less than 4, and subtractive 

clustering algorithm if the number of inputs was equal or more than 4.  

Figure 2. General procedure performed on Matlab 

Each variable of the intermediate performance has been forecasted using one ANFIS, having 

as inputs, in the analyses without the spatial variables, the four competitiveness drivers, in 

the analyses with the spatial variables, both the four competitiveness drivers and latitude 

and longitude. Hence, at the end of the first phase, 8 ANFIS have been created. Once the 8 

indicators of intermediate performance have been forecasted, we used them as inputs to 

another ANFIS to forecast or classify the outcome, GDP per capita. The general procedure is 

illustrated in the figure 3. 

The goodness of the models was calculated basing on following indicators: 
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Where, taking as example GDP per capita:  

max minEL GDP GDP 
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Classification 
Number of forecasted values in the right cluster

Fitness Performance: 100
Total number of observations

HFP    

Table 5. Goodness indicators of the models. 

 After collecting the values of RMS and FP, we have been able to decide the combination to 

use during the building of the final models: 2 membership Gaussian function, 1000 epochs of 

training and Simple back propagation as optimization method. The final results have been 

collected and summarized in the table 6. The values of RMS and FP of each model refer to 

the final value of the GDP per capita, forecasted using the indicators of the intermediate 

performance, which, in their turn, have been forecasted using the variables of investments 

on R&D of the competitiveness drivers (and latitude and longitude in the models with the 

spatial variables). Hence, the only real data employed to build the final model have been the 

competitiveness drivers and the spatial variables, used as inputs to each model. 

Table 6. Error and Fitness Performance values of the final models 

5.3 Data interpretation 

According to the data in the table above, we chose to interpret two models, building two 

different Decision Support Systems.   

1. Model D without spatial variables at time T+1 

2. K-means clustering with spatial variables at time T+1 

The methodology of the data interpretation is described in the table 7 

Phase Description 

Numerical analysis 
of the FIS 

For the inputs, the system, basing on the number of membership functions set at the 
beginning, calculates mean and variance of each variable belonging to each membership 
functions. For what concerns the output, the system provides some coefficients which, 

 

CD —> IP —>GDP 

without spatial variables with spatial variables 

T+1 T+2 T+3 T+1 T+2 T+3 

Forecasting 

Model E 
RMS 6.89E+03 7.57E+03 7.16E+03 9.02E+03 9.59E+03 9.20E+03 

FP 87.4171 83.0585 85.2112 81.4364 78.2774 80.4037 

Model D 
RMS 2.08E+03 2.89E+03 2.67E+03 2.11E+03 2.98E+03 2.23E+03 

FP 96.1141 93.3670 94.5192 95.8075 93.1078 95.3845 

Model R 
RMS 2.11E+03 2.97E+03 2.74E+03 2.19E+03 2.97E+03 2.98E+03 

FP 95.3817 93.1637 93.7792 94.2752  93.1871 93.1141 

Classification 
K-means 

clustering 
% in 

cluster 
59.4595 
(44/74) 

51.3514 
(38/74) 

47.2973 
(35/74) 

64.8649 
(48/74) 

54.054 
(40/74) 

52.7027 
(39/74) 
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linearly combined with the inputs, return the final value of the variable of outcome 

Graphical analysis 
of the FIS 

This step has been possible thanks to the Matlab toolbox ‘neuroFuzzyDesigner’, which 
provides tools to analyse, for example, the membership functions and the rules 

Construction of the 
DSS 

Using the ‘Rule Viewer’ provided by Matlab, we have interpreted the two DSSs following 
a fuzzy logic 

Table 7. Data interpretation methodology 

Since the number of tables constructed per DSS is too high to be exposed in the present 

synthesis, we just show the first one, referring for the complete analysis to the paragraphs 

4.2.2 and 4.2.3 of the thesis.  

Rules 
Business R&D share of 

GDP (%) 
Business investment (€ per 

employee) 
GERD per 

capita 
Number of 
enterprises 

[1 1 1] - - - ~ 

[1 1 2] - - + ~ 

[1 2 1] - + - ~ 

[1 2 2] - + + ~ 

[2 1 1] + - - ~ 

[2 1 2] + - + ~ 

[2 2 1] + + - - 

[2 2 2] + + + + 

Table 8. DSS interpretation 

Taking as example the first rule [1 1 1] in the table 8, which in that case corresponds to [- - - 

~] it has to be read as: 

If input 1 decreases and input 2 decreases and input 3 decreases then output does not vary 

significantly 

6. RESULT AND DISCUSSION 

Concerning the Decision Support System 1 - Model D without spatial variables at time T+1 – 

we found that the competitiveness drivers which promote the technological development 

are Business investment and GERD per capita; increasing these two variables, indeed, 

Employment Rate, Patents per capita and Related Variety increase as well. These latter 

variables are positively related to the growth of GDP per capita, enhancing the economic 

development of the regions. It is important to underline the relationship between Patent per 

capita and Herfindahl: if the number of patents per capita increases relating to a decrease of 

the specialization index, GDP per capita increases, otherwise it decreases. 

According to the results, the best combination to improve the regional growth, is the follow: 

 
Business 

R&D share 
of GDP (%) 

Business 
investment (€ 
per employee) 

GERD 
per 

capita 

Employment 
rate 

Patents 
per 

capita 

Related 
Variety 

Herfindahl 
Number of 
specialized 

fields 

Rules - + + + + ~ - + 

Table 9. Best combination of variables for DSS Model D 
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Concerning the Decision Support System 2 - K-means clustering with spatial variables at time 

T+1 - Regarding the first part - Competitiveness Drivers + Spatial Variables  Intermediate 

Performance – it is interesting to observe principally two things: 

1. The behaviour of each output when, in the same zone, the inputs change. This 

occurrence appears principally in zone 3 and zone 4 and sometimes in zone 2, for 

which several combinations of inputs per output are provided by the model (see 

Appendix 3). 

2. The different results, in terms of output, in different zones when the combination of 

inputs is almost the same.  

Analysing the DSS from the first point, it is possible to highlight the influence of the inputs on 

the final results, independently from the geographical collocation. Focusing, instead, on the 

second point, the reasoning is opposite: it is possible to evaluate the influence of the 

position of the various regions, basing on the zones, on the final results, comparing solutions 

with similar inputs.   

After discussing each DSSs we decided to provide a practical example on the combined 

implementation of both DSS1 and DSS2 through the analysis of the zone 5 (see Appendix 3) 

composed by regions from Czech Republic and Poland. The results of the DSS2 underline low 

general investment on R&D, with a common structure of the inputs (competitiveness 

drivers) of the following type: 

Input 1 LOW and Input 2 LOW and Input 3 MEDIUM and Input 4 LOW 

which should not improve the technological development of the regions in the following 

years, not improving the economy of the regions in terms of GDP per capita. 

In order to take corrective measures to try to lift the economy of the zone 5, it is important 

to focus on Input 2 and Input 4, respectively Business investment and GERD per capita. The 

results of the DSS1, indeed, suggest that an increasing of these two competitiveness drivers 

elicit a growth of Employment rate and Patents per capita and a reduction of Herfindahl, 

suitable combination for an improvement of GDP per capita in the following years.  

7. CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS 
The first conclusion that needs to be done regards the appropriateness of ANFIS as the 

method for the present study, basing on the values of the errors and on the general 

goodness of all the models that have been built during the research. 
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Therefore, compatibly with our purpose, ANFIS had provided adequate results, with a 

goodness of more than 90% in the forecasting models and around 2/3 of the regions 

classified in the right zone in the classification models.  

Concerning the results of the investigation, it has been possible to affirm that, among the 

competitiveness drivers, Business Investment and GERD are the ones that enhance the most 

the technological development.  

The growth of a region, in terms of GDP per capita, is positively related to the Employment 

Rate regarding the socio-economic variables of the intermediate performance and to high 

values of Patents per capita, related to low values of the index of specialization Herfindahl. 

In addition, the indicator of diversification Related Variety seems to have a direct positive 

influence on GDP per capita, confirming the results of two previous work thesis.  

Hence, the investment on R&D in a region should be concentrated in different Fraunhofer 

domains of each main class, promoting a diversification strategy rather than a specialization 

one. Indeed, if the number of patent per capita inside a region increases, with a view to the 

economic growth of the region, it is suggested that the additional patents (with respect to 

the preceding year) are in new or not consolidated technological domains. 

Future researches could add to the ANFIS model a priori and a posteriori human knowledge, 

derived from the studies carried out on SSS, to improve its generalization capabilities and its 

optimization. Besides it is recommendable to carry out a similar analysis on a larger amount 

of years, on which training and testing the models, above all the years included between 

2012 and 2016 and to evaluate the results on disaggregated levels (e.g. at NUTS3 level). 

Finally, other socio-economic and patent-based variables could be evaluated and inserted in 

the model to contribute with further evidence in supporting the Smart Specialization.   
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Appendix 1 - Additional information about the database used for the empirical analysis 

The database used for the empirical analysis was set up by Peretti et al.1 for a study analyzing how 
technological diversification and specialization affect the regional performance. This database contained socio-
economic data (from EUROSTAT) as well as data for indicators of specialization and diversification. These last 
derived from a panel dataset for the period 1990-2012 containing patent data (from PATSTAT), specifically the 
total count of EPO applications divided by region, by year and by technological domain for 268 EU-27 regions 
(NUTS 2 level2). The table below shows the complete disaggregation in main classes and technological domains 
(Fraunhofer domains) used by Peretti for the computation of specialization and diversification indicators with 
patent data.  
 

N° 
main Class 

N° Technological domain 
(Fraunhofer domain) 

IPC Code 

I 
Electrical 

engineering 

1 Electrical machinery, 
apparatus, energy 

F21#, H01B, H01C, H01F, H01G, H01H, H01J, H01K, H01M,H01R, 
H01T, H02#, H05B, H05C, H05F, H99Z 

2 
Audio-visual technology 

G09F, G09G, G11B, H04N-003, H04N-005, H04N-009, H04N-013, 
H04N-015, H04N-017, H04R, H04S, H05K 

3 
Telecommunications 

G08C, H01P, H01Q, H04B, H04H, H04J, H04K, H04M, H04N-001, 
H04N-007, H04N-011, H04Q 

4 Digital communication H04L 

5 Basic communication 
processes 

H03# 

6 Computer technology (G06# not G06Q), G11C, G10L 

7 IT methods for 
management 

G06Q 

8 Semiconductors H01L 

II 
Instruments 

9 Optics G02#, G03B, G03C, G03D, G03F, G03G, G03H, H01S 

10 
Measurement 

 

G01B, G01C, G01D, G01F, G01G, G01H, G01J, G01K, G01L,G01M, 
(G01N not G01N-033), G01P, G01R, G01S; G01V,G01W, G04#, 

G12B, G99Z 

11 Analysis of biological 
materials 

G01N-033 

12 Control G05B, G05D, G05F, G07#, G08B, G08G, G09B, G09C, G09D 

13 
Medical technology 

A61B, A61C, A61D, A61F, A61G, A61H, A61J, A61L, A61M, A61N, 
H05G 

III 
Chemistry 

14 
Organic fine chemistry 

(C07B, C07C, C07D, C07F, C07H, C07J, C40B) not A61K,A61K-008, 
A61Q 

15 
Biotechnology 

(C07G, C07K, C12M, C12N, C12P, C12Q, C12R, C12S) not 
A61K 

16 Pharmaceuticals A61K not A61K-008 

17 Macromolecular 
chemistry, polymers 

C08B, C08C, C08F, C08G, C08H, C08K, C08L 

18 
Food chemistry 

A01H, A21D, A23B, A23C, A23D, A23F, A23G, A23J, A23K,A23L, 
C12C, C12F, C12G, C12H, C12J, C13D, C13F, C13J,C13K 

19 
Basic materials chemistry 

A01N, A01P, C05#, C06#, C09B, C09C, C09F, C09G, C09H,C09K, 
C09D, C09J, C10B, C10C, C10F, C10G, C10H, C10J, C10K, C10L, 

C10M, C10N, C11B, C11C, C11D, C99Z 

20 Materials, metallurgy C01#, C03C, C04#, C21#, C22#, B22# 

21 Surface technology, 
coating 

B05C, B05D, B32#, C23#, C25#, C30# 

22 Micro-structure and nano-
technology 

B81#, B82# 

                                                 

1 Peretti, A., Callaert, J., Appio F.P., Martini, A. & Van Looy, B. (2015), “Technological specialization: a pathway to wealth 
creation?”, R&D Conference 

2 The NUTS classification (Nomenclature des Unités Territoriales Statistiques) is a hierarchical system for dividing the 
economic territory of the EU. Specifically, the Regions eligible for support from funds of Cohesion policy (e.g. ERDF) are 
defined at NUTS 2 level.  
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23 

Chemical engineering 

B01B, B01D-000#, B01D-01##, B01D-02##, B01D-03##, B01D-
041, B01D-043, B01D-057, B01D-059, B01D-06##, B01D-
07##,B01F, B01J, B01L, B02C, B03#, B04#, B05B, B06B, 
B07#,B08#, D06B, D06C, D06L, F25J, F26#, C14C, H05H 

24 
Environmental technology 

A62D, B01D-045, B01D-046, B01D-047, B01D-049, B01D-
050,B01D-051, B01D-052, B01D-053, B09#, B65F, C02#, 

F01N,F23G, F23J, G01T, E01F-008, A62C 

IV 
Mechanical 
engineering 

25 Handling B25J, B65B, B65C, B65D, B65G, B65H, B66#, B67# 

26 Machine tools 
 

B21#, B23#, B24#, B26D, B26F, B27#, B30#, B25B, B25C,B25D, 
B25F, B25G, B25H, B26B 

27 
Engines, pumps, turbines 

F01B, F01C, F01D, F01K, F01L, F01M, F01P, F02#, F03#, F04#, 
F23R, G21#,F99Z 

28 
Textile and paper 

machines 

A41H, A43D, A46D, C14B, D01#, D02#, D03#, D04B, D04C, D04G, 
D04H,D05#, D06G, D06H, D06J, D06M, D06P, D06Q,D99Z, B31#, 

D21#, B41# 

29 
Other special machines 

A01B, A01C, A01D, A01F, A01G, A01J, A01K, A01L, A01M, A21B, 
A21C, A22#, A23N, A23P, B02B, C12L, C13C, C13G, C13H, B28#, 

B29#, C03B, C08J, B99Z, F41#, F42# 

30 Thermal processes and 
apparatus 

F22#, F23B, F23C, F23D, F23H, F23K, F23L, F23M, F23N, F23Q, 
F24#, F25B, F25C, F27#, F28# 

31 Mechanical elements F15#, F16#, F17#, G05G 

32 Transport B60#, B61#, B62#, B63B, B63C, B63G, B63H, B63J, B64# 

V 
Other fields 

33 Furniture, games A47#, A63# 

34 
Other consumer goods 

A24#, A41B, A41C, A41D, A41F, A41G, A42#, A43B, A43C,A44#, 
A45#, A46B, A62B, B42#, B43#, D04D, D07#, G10B,G10C, G10D, 
G10F, G10G, G10H, G10K, B44#, B68#, D06F,D06N, F25D, A99Z 

35 
Civil engineering 

E02#, E01B, E01C, E01D, E01F-001, E01F-003, E01F-005, E01F-
007, E01F-009, E01F-01#, E01H, E03#, E04#, E05#, E06#, E21#, 

E99Z 

Table 10.ISI Fraunhofer Technology Classification (Source: WIPO IPC-Technology Concordance Table) 

Three reductions of the original dataset were applied: 
1. Those Regions who had the mean of the patent application per year lower than 10 were filtered out, 

in order to exclude Regions with inadequate technological profile for making inferences (65 of 268 EU-
27 were eliminated);  

2. Years from 1990 to 2001 were filtered out, since missing data for many of the 203 Regions analyzed in 
these years that would not be tolerated by the techniques used in the present work (ANFIS); 

3. Some regions were filtered out because of missing data for entire variables. 

  



13 

 

Appendix 2 - Conceptual map of forecasting techniques 

Figure 3. Conceptual map of forecasting techniques 
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Appendix 3 – Geographical zones from ANFIS subtractive clustering 

The map below shows the geographical zones descending from the subtractive clustering algorithm performed 
by Matlab. As it is possible to observe from the figure, some regions are not considered in the model. The 
reasons are principally two: some entire nations were not present in the cleaned database (e.g. United 
Kingdom) because of their missing data, other regions because ANFIS did not capture their values as significant 
or distinctive from the other clusters (e.g. regions of Sweden). 

Figure 4. Geographical zones from ANFIS subtractive clustering 

 

 

 

 

 

 

 
Table 11. Geographical zones from ANFIS subtractive clustering 

 

  

ZONE COLOR REGIONS from 

1 YELLOW Spain, Portugal 

2 DARK BLUE France 

3 GREEN 
Belgium, France, Germany, 
Luxembourg, Netherlands 

4 RED Austria, Italy, Switzerland 

5 LIGHT BLUE Czech Republic, Poland 

6 PINK Denmark, Germany 
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Appendix 4 – La mia esperienza a Montréal 

Se dovessi definire con pochi aggettivi la mia 

esperienza a Montréal userei sfidante, stimolante 

ed entusiasmante. Quando ho iniziato il corso 

magistrale di Ingegneria Gestionale ho subito 

pensato che mi sarebbe piaciuto concludere questo 

percorso con una tesi di ricerca all’estero. Le 

motivazioni principali sono state sia di tipo 

‘professionale’ che personale. Per quanto riguarda 

le prime, la volontà di migliorare il mio inglese e di 

acquisire confidenza con questa lingua è 

sicuramente stata la principale, seguita dalla 

consapevolezza che inserire un’esperienza 

all’estero nel Curriculum Vitae avrebbe migliorato 

le mie possibilità lavorative. Le motivazioni personali sono state la voglia di mettermi alla prova, lontano da 

casa, dalla famiglia e dagli affetti, e la volontà di crescere confrontandomi e conoscendo nuove culture. Così, 

quando la Professoressa Martini, durante il colloquio, mi chiese se avessi una preferenza su dove andare tra le 

mete disponibili, risposi che avrei voluto svolgere il progetto di tesi in Canada, considerandola una tra le mete 

più sfidanti data la grande distanza dall’Italia e le famose leggende sul clima invernale. Arrivata a Montréal le 

prime settimane sono state di adattamento: la lingua ufficiale del Québec è il francese, quindi il loro inglese, 

seppur perfetto, è contaminato da questo accento francofono che non lo rende immediatamente 

comprensibile; gli orari dei pasti sono anticipati, con pranzo alle 11.30-12.00 e cena alle 17.30-18.00; la 

presenza di una ‘città sotterranea’ perché il freddo invernale e la neve, seppur giunti dopo qualche mese, non 

sono effettivamente soltanto una leggenda.  

Per quanto riguarda il progetto di tesi, ho svolto la mia 

ricerca all’ École Polytechnique de Montréal, università che 

fa parte del complesso maggiore Université de Montréal: 

l’accoglienza che ho ricevuto è stata fantastica, calorosa e 

amichevole, sia dal Prof. Sofiane Achiche, sia da tutti i 

ragazzi (circa 15 ragazzi provenienti da molti paesi: Francia, 

Perù, Iran, Taiwan, Canada, Algeria e altri ancora) che 

lavoravano ad un proprio progetto nel ‘Labo’, l’uffcio nel 

quale mi era stata riservata una postazione. Il progetto di 

tesi è stato molto stimolante: ho appreso tecniche a me 

sconosciute, ho imparato ad usare programmi mai provati, 

come ad esempio Matlab, e mi sono confrontata con i 

numerosi scogli che caratterizzano la maggior parte dei 

progetti di ricerca. Grazie alla Professoressa Martini, al 

Professor Appio ed al Professor Achiche ed anche a Chin-

Wei Huang, il dottorando che mi è stato affiancato al Polytechnique, quello che all’inizio mi sembrava un lavoro 

impossibile, si è concluso con la stesura della presente tesi. 

Sono tornata in Italia cresciuta e maturata, con un bagaglio culturale arricchito e con tante nuove amicizie, per 

questo sono infinitamente grata a chi mi ha concesso questa opportunità ed a chi mi ha accolto dall’altra parte 

del mondo.  


