
ESSnet Big Data WP2: Webscraping Enterprise Characteristics 
Methodological note 

The ESSnet BD WP2 performs joint web scraping experiments following in multiple countries, using as much as 

possible the same methodological concepts. The aim is to derive experimental statistics on enterprises from 

information found on the web, especially the websites of enterprises. It should be noted that these statistics 

have not reached maturity in terms of harmonisation, coverage or methodology. At this point they are to be 

treated as the output of research experiments and they do not necessarily align with the official statistics 

published on this subject. 
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Data sources 
 

- The Italian Business Register (ASIA)  

- Administrative data (CONSODATA) 

- Indications of website address from 2015, 2016 and 2017 rounds of Italian ICT survey (responses 

from about 14,000 enterprises)  

- Websites from enterprises (2017) 

 

Population 
The 184,000 enterprises as defined by the ICT survey (>10 persons, limited NACE) 



Methodology 
 
The overall procedure is based on the following steps: 

 

 

 
In step 1 (building the input training dataset) we consider the units for which the URLs are known as 

well as the specific features of such units that could be useful to identify them on the Web. We built 

such a dataset by integrating different sources, namely: third party information (Consodata) and “ICT 

in enterprises” survey editions of 2014, 2015, 2016. The resulting dataset was composed by 81912 

enterprises with URLs. 

In step 2 (URLs searching), the objective is to retrieve for each unit in the input training dataset, one 

or more URLs to scrape based on identifying information that is present in such a dataset. We 

decided to set up an automated procedure that used “enterprises’ denominations” (in Italian 

“Ragioni Sociali”) for searching the enterprise on the Internet via a search engine. In particular, we 

used the denomination of the enterprise as a search string, then we queried the search engine (Bing) 

and collected the first ten links returned as the result of the search query. Each of the link was 

visited.  

In step 3 (URLs crawling) the objective is to retrieve, for each potential URL collected at the previous 

step, the textual content of the corresponding page. We used ad-hoc developed software that is 

available at the links: https://github.com/SummaIstat/UrlSearcher, 

https://github.com/SummaIstat/RootJuice/ 

In step 4 (URLs scoring) , for each text collected in the previous step  a score vector is computed and 

a score is assigned. For our case study, the resulting dataset, i.e. the output scoring dataset, contains 

the following fields: enterpriseId, linkPosition, URL, scoreVector, score. The score vector contains the 

following elements: 

 

https://github.com/SummaIstat/UrlSearcher


 Simple URL (is the URL in the form www.name.com or not ?) 

 VAT (is it present in the page or not ?) 

 city (is it present in the page or not ?) 

 province code (e.g. NA, is it present in the page or not ?) 

 link position (from 0 that means that that was the first link provided by the search 
engine to 9) 

 telephone number (is it present in the page or not ?) 

 zip code (is it present in the page or not ?) 
For each element/characteristic we computed the confusion matrix obtained by using just that 

element for classification purposes. Based on that confusion matrix we computed the standard 

performance measures, i.e. precision, recall and f-measure. Then, we assigned the f-measures of the 

corresponding confusion matrixes as raw weights to elements; lastly we normalized the raw weights 

so that the sum of the final (adjusted) weights is 1000). In order to assign a final score to a link, we 

summed up the normalized weights of those elements that were actually present in the vector. In a 

nutshell, we multiplied each number of the vector with a specific coefficient and summed up all the 

results in order to obtain a score for that link.  

In step 5 (machine learning) taking into account that a subset of enterprises for which the correct link 

is already indicated is available, it is possible to adopt a machine learning approach under which a 

model is fitted in this “training” set, and then applied to the set represented by all other enterprises. 

Our input training dataset consisted 57,000 records that had at least one page fetched. On the basis 

of the output scoring dataset we first associated to each enterprise the link with the highest score. As 

we know if the link is correct or not, a dichotomous variable correct_Yes_No says if the URL is the 

right one or not: this variable plays the role of the Y variable, to be predicted by the model. Together 

with this information, variables indicating success or failure of the search of telephone, VAT code, 

municipality, province and zip code play the role of the X variables (predictors), together with the link 

position and coincidence of the central part of the URL with the name of the enterprise (simple URL). 

This initial set is split into two equal size subsets, the first acting as the proper training set to fit the 

model, the second as the test set used to evaluate the performance of the model. Three different 

models were fitted: logistic, neural network and random forest. Their performance was almost 

equivalent, and logistic was chosen for the interpretability of its parameters. 

In step 6 and 7 we applied the logistic model to the set of enterprises for which the website URL was 

not known.  

Results 
 
Accordingly to the predicted score, we decided if the found link was acceptable or not in terms of 

reliability. By so doing, we were able to find about 36,000 new URLs that, added to the already 

available, allowed a total number of about 101,000 URLs. Considering that the estimate (from the ICT 

survey) of enterprises with a website is around 133,000, the obtained coverage is 76%. 



 

 

Conclusions 
Our results show the feasibility of addressing the URL retrieval problem  with solution that gets good 

results both in terms of quality and efficiency. This solution can be in place to retrieve URLs in all 

cases where they are missing or a quality control on collected ones is appropriate.   

 

 

 


