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Approaching the problem
Characterizing a company

(a) Official surveys, General
Business Register, Chamber of
Commerce, etc.

(b) Data providing companies
Figure: Traditional methodology
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Figure: Traditional methodology

Proposed new methodology: Web
scraping [ten Bosch et al., 2018]

Field of growing importance for
Official Statistics Institutes.
Valuable way to supplement
administrative sources and metadata
systems.
Web data are more volatile and usually
unstructured but in many cases also
richer and more frequently updated.
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Text Mining
Web Scraping

State-of-the-Art
Linkage between business websites addresses (URLs) and a business
population frame [Van Delden et al., 2019].
Supervised Learning model to determine if a company is innovative by
studying the text on its website [Daas and van der Doef, 2020].
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Linkage between business websites addresses (URLs) and a business
population frame [Van Delden et al., 2019].
Supervised Learning model to determine if a company is innovative by
studying the text on its website [Daas and van der Doef, 2020].

(a) Text in html body
+

(b) Html tags

Figure: Scraped variables
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Text Mining
Preprocessing

Removal of characters: numbers and punctuation marks.
Converting words to lower case.
Words cleaning by language detection:

Detection and removal of stop words.
Stemming (mapping of the different morphological variants to their base form).

Figure: Processed text
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Grouping and feature selection techniques

Clustering
Grouping words by their weights βj in a classification model.

Penalized logistic regression: ridge regression

min
β

n∑
i=1

(yi − β0 −
p∑

j=1

βjxij)
2 + λ ·

p∑
j=1

β2
j , λ > 0

Density-based clustering: DBSCAN [Ester et al., 1996].
Designed for the clustering of large noisy datasets.
Clusters with arbitrary shape.
Detection of outliers.
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Clusters with arbitrary shape.
Detection of outliers.

Figure: Clustering according to the weights
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Grouping and feature selection techniques

Fisher’s Exact Test
Determining the dependence between two categorical variables: X : the variable
appears yes/no in the company’s website; Y : the company is innovative yes/no.

Appearance Non-appearance
Innovative a b

Non-innovative c d

Table: Contingency table

p-value ≤ threshold → we assume that there is a significant dependence between
the appearance and the innovative character.
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Appearance Non-appearance
Innovative a b

Non-innovative c d

Table: Contingency table

p-value ≤ threshold → we assume that there is a significant dependence between
the appearance and the innovative character.

(a) Rejecting independence (b) Assuming independence

Figure: Examples of Fisher’s Test
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Grouping and feature selection techniques

Figure: Selected clusters for the features of the model
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Classification model
Random Forest

Model variables
1310 instances (companies).
4336 features 87 features:

4204 words 48 clusters
(30 noise + 18 groups).
132 html tags 39 html tags.

Response: Innovative YES/NO. Figure: Machine Learning model:
Random Forest
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Prediction label

1 0

1 228 34

0 92 79

Table: Confusion matrix over test set

Effectiveness measures
0.7 CV accuracy
0.87 sensitivity
0.46 specificity
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Classification model
Interpretation of results and definition of innovation

Figure: Variable relative importance
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Classification model
Interpretation of results and definition of innovation

Figure: Partial dependence plot (PDP): long_head and long_body

Figure: Individual Conditional Expectation (ICE) plot: n_imagenes
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Conclusions and further work

Conclusions
The webpage content of innovative companies in Andalusia is more
homogeneous than that of non-innovative ones.
How the webpage is constructed prevails over its content.
It is possible to carry out a study in time of the concept of innovation
through the importance of the variables.
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It is possible to carry out a study in time of the concept of innovation
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Further work
Extrapolate the model to small companies.
Enhance interpretability:

Exploiting background knowledge, e.g., semantic meaning clustering:
Must-Link and Cannot-Link constraints (C-DBSCAN [Ruiz et al., 2010]).
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Thank you for your attention!

ecarrizosa@us.es

This work has been carried out within the framework of the research project “Una
herramienta de Machine Learning para la actualización y el desarrollo del
Directorio de Empresas y Establecimientos con actividad en Andalucía”
CEI-23-FQM329, which has received funding from the Junta de Andalucía
(Consejería de Economía, Conocimiento, Empresas y Universidad).
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▪ 31 associated members: 

o 27 research groups belonging to 18 universities and 

research centres.

o 1 institutional member 

o 3 sponsor members.  


▪ +400 researchers

math-in research groups
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Our aims


o To provide solutions and to 
t r a n s f e r m a t h e m a t i c a l 
technology to industry and 
organizations.


o To introduce innovations and 
improvements through the 
application of today's latest 
and most demanded 
mathematical technologies.



math-in, Spanish node of 
EU-MATHS-IN

• European project promotion from EU-MATHS-IN


• Cloud HPC


• ROMSOC (Reduced Order Modelling, Simulation and 

Optimization of Coupled Systems): EID Marie Curie Network 


• European Technology Platform (ETP) for 

Mathematical Modelling, Simulation, and 

Optimisation (MSO): ETP4MSO


• Success Stories: https://www.eu-maths-in.eu/success-stories/

EUROPEAN SERVICE NETWORK OF MATHEMATICS FOR INDUSTRY AND 
INNOVATION (EU-MATHS-IN)

https://www.eu-maths-in.eu/success-stories/


Companies

• ABB CORDOBA


• ABENGOA SOLAR


• ACSUG


• ADDLINK RESEARCH


• ADIF	 

• ADVANCED DYNAMICS


• AIMEN


• AFI

• ALCOA – INESPAL


• AMADIX

• BALIÑO
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• CNES -  Centre Nacional Etudes 
Spatiales


• CESGA
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• GRANITOS MONTE FARO


• IBERDROLA
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• IKERLAN

• INDITEX

• INGETEAM


• INDRA	 


• INDUSTRIAS GONZÁLEZ


• INSTITUT ESTADÍSTICA DE    
CATALUNYA


• INSTITÜT FUR 
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• INSTITUTO GALEGO DE 
ESTATÍSTICA


• INSTITUTO NACIONAL DE 
ESTADÍSTICA


• JUNTA DE ANDALUCÍA


• JUNTA DE CASTILLA Y LEÓN

• LABORATORIOS ISDIN 
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• NOVOTEC CONSULTORES
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• PROCEDIMIENTOS UNO


• RENFE 


• REPSOL  EXPLORACIÓN 

• SGL CARBON 

• SIDENOR


• TECNOLOGÍAS AVANZADAS 
INSPIRALIA (ITAV)


• TOTEMA ENGINEERING

• TURGALICIA


• TRANSPORTES URBANOS DE 
SEVILLA


• TSK FLAGSOL

• UDX

• UFISA SOLUZIONA
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Mathematical technologies  

CAD/CAE | 
Simulation

ST | Stats, 
Machine 
Learning

OR | 
Optimization

OMT | Other 
Maths Tools Resolve the depth of 

satellite images

TAMI | UIB

Modelling and installation of 
geothermal systems


InterTech  | UPV

Maps risk of weed infestation

MODES | ITMATI, UDC 

Dynamic draft study with constant environmental variables. 

mat+I, M2NICA | ITMATI, USC, UDC


 i4sea.
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Mathematical technologies 

Stats, Machine Learning (ST)

▪ Classification. 


▪ Forecasting. 


▪ Quality control.


▪  Risk analysis. Credit scoring. 


▪ Customer analysis. Market/product 
studies.


▪  Experimental design. 


▪ Clinical analyses. Biostatistics 

Watermark of the discharges made by five aircraft that 
participated in the extinction of a fire that occurred in Galicia in 

the summer of 2017. 

MODES | ITMATI, USC, 


Coremain

Information Systems for Health Planning

US


CARTO



Mathematical technologies 

Stats, Machine Learning (ST)

▪ Off the shelf Machine Learning tools, e.g. (deep) neural networks 


Image analysis. 

UIB



Mathematical technologies 

Stats, Machine Learning (ST)

▪ From back to gray boxes. The search of 
explainability. 


Detecting innovative firms through their web pages 

US


IECA



Mathematical technologies 

Operations Research (OR)

▪ Supply Chain Management. 


▪ Production.


▪ Routing. 


▪ Strategic decision-making.


Efficient implementation of 2D nesting problem to 
minimize waste of metal. 


BCAM

 Lantek

Optimal vectorization of airspace. 

US


 CRIDA, ENAIRE

Solar Tower Plants  Design and Maintenance. 

US


 TSK,  Abengoa Solar



Mathematical technologies 

Operations Research (OR)



Mathematical technologies

CAD/CAE

▪  Mechanical or structural.


▪  Thermal or thermodynamic.


▪  Manufacturing processes.


▪  Electronic and/or electromagnetic.


Efficient Metal Purification Strategy

mat+i | ITMATI, USC


Ferroglobe

▪ Fluids.


▪  Acoustic or vibro-acoustic.


▪  Environmental.


▪  Other, such as multi-physics.

Intelligent Buildings

US


ILUNION Hotels



Mathematical technologies 

Other maths techniques (OMT)

▪ Digital images.


▪ Geometric analysis.


▪ Digital signal processing. Search and 
processing         of information


▪ Design of geographical tracking systems.


▪ Communication networks. 


▪ Codification of information.


▪ Computation, computational algebra.


▪ Bio-informatics, Bio-mathematics, genomics 
and proteomics.

Mapping high-resolution soil properties with 
geoadditive models. Predicted R-factor Map (left), R-

factor by month (above). BCAM, Neiker
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Big thanks!!!

emilio.carrizosa@math-in.net
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