
Istat’s Pilot Use Case 1 

Pilot identification  

1 IT 1 

Reference Use case  

X 1) URL Inventory of enterprises  2) E-commerce from enterprises’ websites  

    

 3) Job advertisements on enterprises’ websites  4) Social media presence on enterprises’ web pages 

 

Synthesis of pilot objectives  

The objective of this pilot consists of identifying (if it exists) the most probable official website for a set of 

enterprises (with an associated set of identifiers such as the denomination, the fiscal code, the economic 

activity, etc.) by using a semi-automated procedure. In order to obtain a list of URLs for a particular 

enterprise its name can be searched using a search engine and the obtained URLs must be scraped, stored 

and analyzed. In the analysis phase the list of enterprises with a website known in advance will be used as a 

training set for the learners, while the remaining enterprises and their associated URLs found by the 

procedure will be used as a test set. 

Pilot details 

 

Figure 1: Pilot Details 



General description of the flow on the logical architecture 

Our input is a set of enterprises having at least 10 employees obtained from existing sources (Business 

Register and some administrative sources);  for each enterprise we have several information: 

denomination, address, telephone number, fiscal code, etc. 

We pass the list of enterprises as input to a program named UrlSearcher that for each enterprise contained 

in the list: 

 Introduce the denomination into a search engine (we used Bing) 

 Obtain a list of the first 10 resulting web pages (URLs) 

 Print the obtained web addresses in a file usually named seed.txt 
 

We pass the seed.txt as input to our web scraper called RootJuice that retrieves the textual content of each 

URLs and prints it on a CSV file that will be loaded into a storage platform named Solr. 

Once we have the scraped information stored in Solr as documents (one Solr document per URL) we launch 

UrlScorer that reads these documents and assigns to each of them a score on the basis of the values of 

some binary indicators, for instance: 

 the URL contains the denomination (Yes/No); 

 the scraped website contains geographical information coincident with already available in the 
Register (Yes/No); 

 the scraped website contains the same fiscal code in the Register (Yes/No); 

 the scraped website contains the same telephone number in the Register (Yes/No); 

 … 
 

On the subset of enterprises for  which the URL is known (training set), we use custom Java SW and custom 

R scripts in order to model the relation between the binary indicators plus the score, and the 

success/failure of the found URL. At the end we apply the model to the subset of enterprises for which the 

URL is not known, in order to decide if an automatically found URL is acceptable or not. 

Functional description of each block  

UrlSearcher is a custom Java application that takes as input a list of enterprises names and identification 
numbers and, for each of them, performs a query to a search engine obtaining a text file containing the first 
10 URLs returned by the search engine. We used this program in order to collect a list of websites for a 
given enterprise name. The underlying assumption is that, if an enterprise has an official website, this 
should be found within the first 10 results provided by a search engine. 
 
RootJuice is a custom Java application that takes as input a list of URLs and, on the basis of some 
configurable parameters, retrieves the textual content of that URLs and prints it on a file that will be loaded 
into a storage platform named Solr. 
 
Apache Solr is a NoSQL database. It parses, indexes, stores and allows searching on scraped content. 

Providing distributed search and index replication, Solr is highly scalable and, for this reason, suitable to be 

used in Big Data context. 

UrlScorer is a custom Java program that reads one by one all the documents contained in a specified Solr 

collection and assigns to each of them a score on the basis of the values of some indicators. In particular it 



calculates the value of binary indicators, for instance: the URL contains the denomination (Yes/No); the 

scraped website contains geographical information coincident with already available in the Register 

(Yes/No); the scraped website contains the same fiscal code in the Register (Yes/No); the scraped website 

contains the same telephone number in the Register (Yes/No); etc. 

Custom R scripts are used in the analysis phase, which is the last phase of the process. 

In our case study, our input training dataset consisted of 81912, of which 73006 records had at least one 

page fetched. On the basis of the output scoring dataset we first associated to each enterprise of the 73006 

sized set 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. 

Different learners have been fitted and evaluated, namely Neural Networks, Random Forest and 
Logistic Model. Their performance has been evaluated by considering the classic indicators, that is 
accuracy, sensitivity, specificity and F-measure (harmonic mean of recall and precision). Their values are 
reported in Table 1. 
 

Table 1  Evaluation of Neural Networks, Random Forest and Logistic Model. 

Learner Accuracy Sensitivity Specificity F-measure 

Neural Networks 0.7960 0.8011 0.7890 0.8194 

Random Forest 0.7999 0.8278 0.7616 0.8270 

Logistic Model 0.7918 0.7857 0.8002 0.8135 

     

 

The difference in performance is not significantly different for the three learners, this can be seen also 
visualizing the ROC and the curves of precision/recall in Figure 2. 



 
Figure 2: Performance of the three learners 

Taking into account the statistical properties of the logistic model, this learner has therefore been 
preferred to the others, also because of the interpretation of the score as a probability. In Figure 3, the 
fitting results of the logistic model applied to the training set are shown.  

 



 
Figure 3: Logistic model fitting 

Once applied to the test set, units have been sorted in ascending order with respect to the score 
assigned by the logistic model, and have been grouped in 10 balanced classes (Table 2). 

By taking all the links in a given class, the error rate depends on the number of false positives in that 
class. It is clear that the error rate decreases as the score (i.e. the probability of correct link) increases.  

If the acceptation threshold value is set to of 0.573 as the one to decide if a link is correct or not, the 
upper five classes are accepted in toto and the mean error that can be expected is 0.13, and the total recall 
is 0.75. In other words, 75% of correct links ca be found, together with 13% or erroneous ones. 

 
 

Table 2  Class of units by their scores 

Group scores True positives False positives Error rate 

1 [0.0312,0.124] 440 3239 0.88 

2 (0.124,0.254] 628 3312 0.88 

3 (0.254,0.369] 859 2569 0.75 

4 (0.369,0.507] 1473 2290 0.61 

5 (0.507,0.573] 1895 1555 0.45 

6 (0.573,0.725] 3038 830 0.21 

7 (0.725,0.862] 2958 561 0.16 

8 (0.862,0.921] 3188 428 0.12 

9 (0.921,0.936] 1397 141 0.09 

10 (0.936,0.943] 5222 480 0.08 

     

 

If the refusal threshold value is set to 0.507, the lower five classes are discarded, losing in this 23% of 
correct links. 

It is possible to choose the 5th class (containing about 9.5% of cases), where true and false positives are 
balanced, as the one to be controlled interactively . 



For our case study, i.e. the survey “ICT usage in enterprises”, the population of interest of the survey is 
composed by enterprises with at least 10 employees and operating in different branches of industry and 
services, the size of such a population is around 200000. By the ICT survey estimates, it is known that about 
70% of these enterprises do own a website, used for different purposes.  

Starting from our input train set (specifically the part of it with at least one page fetched, of size 73003) 
a logistic model has been fitted, and threshold values chosen, to be used in order to find additional URLs for 
remaining enterprise websites. 

So, on the complementary set of enterprises for which the URLs are not available, the three steps 
procedure (searching, crawling and scoring) has been applied. Here, we report the results of the application 
of the logistic model to the 106019 enterprises for which URLs were not available (i.e. 205759-
73006=132753, of these at least one link has been crawled for 106019): 

o 26097 (24.6%) URLs have been evaluated as reliable, and associated to the corresponding 
enterprises; 

o 68885 (64.9%) have been considered as erroneous, and excluded; 
o 11037 (10.4%) have been addressed to interactive controls. 
This latter component is expected to contain about 45% of false positive (see Table 2, the 5th class). 

So, after the controls about 55% of the 11037 URLs, let us say 6000, should be individuated as correct.  
In conclusion, at the end of the process we should obtain a total number of identified URLs equal to 

about 105000. If we consider a total amount of 140,000 websites pertaining to the enterprises population 
(70% of reference population), we obtain a coverage of near 75%, which can be deemed a satisfactory one. 
 

Description of the technological choices  

 We developed a set of ad-hoc Java programs, including: URLSearcher, RootJuice and URLScorer. 

 We used Bing search engine because it let us execute a great number of automatic queries for free 
without any restriction. 

 All of the programming was done in Java and R due to in-house expertise. 

 Due to the particular domain (Big Data) we decided to use Solr that is not only a NoSQL DB but also 
an enterprise search platform usable for searching any type of data (in  this  context it was used to 
search web pages). In fact its major features include full-text search, hit highlighting, faceted 
search, dynamic clustering,  database integration, rich document handling, distributed search, 
index replication and high scalability. 

 In order to decouple the logical layers and because it is a very common and easy to manage data 
format, we often used csv files to store intermediate data. 

 When it was possible we wrapped up already existing pieces of SW (e.g. Crawler4J) 
 

Concluding remarks 

Lessons learned 

 Methodology: a machine learning task was set up for this use case. The used learners (namely 
Neural Networks, Random Forest and Logistic Model) proved to have similar performance. Taking 
into account the statistical properties of the logistic model, and in particular because of the 
interpretation of the score as a probability this learner has been preferred to the others. 

 Legal: there was an issue related to the massive search engine queries to be done according to the 
Terms of Use conditions provided by the different search engines (Bing, Google, etc.) 

 IT: all used SW is free and open-source, this means that everyone can easily test and improve the 
tools and the whole process for free; this implies an initial effort that can be difficult to estimate 
because not always you can rely on a good documentation or on a detailed guide to make 
everything work. 
In terms of performance of the used IT tools, some details are provided in the following. 



We set up a testing environment with the characteristics shown in Table 3. Let us notice that, being the 
task massive and resource consuming, this environment is quite under-sized (in terms of RAM and CPU). 

 
Table 3  Environment configuration 

 

CPU 2 cores running at 2.2 GHz 

RAM 16 GB 

O.S. Red Hat Enterprise Linux 7 

Kernel version 3.10.0-327.22.2.el7.x86_64 

 

 
Table 4  Performances 

 

 TrainSet TestSet 

# of enterprises 81912 132753 

UrlSearcher execution time 14h 3min 22h 17min 

# urls in seed file 814577 1321323 

UrlCrawler execution time 8h 39min 13h 4min 

# urls filtered out 470039 846052 

# urls after filter 344538 475271 

# urls reached 241202 305488 

% of reached urls 70.01 64.27 

# of enterprises found 76976 117998 

# of enterprises with 0 pages 

fetched 
3970 11979 

# of enterprises with at least 1 

page fetched 
73006 106019 

Output CSV file size 8.6 GB 10.1 GB 

 

Table 4 shows the performance for our running case study. 
The execution time of searching and crawling programs take several hours: this means that explicitly 

programmatic control to manage failures have been designed and developed in order to manage this long-
running feature and get at a result. In terms of dimension of the generated files, being it several Giga bytes 
it was necessary to adopt a dedicated storage platform (Apache SOLR). The usage of this platform 
permitted an indexed access to the generated document base. 
 

Open issues 

 Evaluation of accuracy of the result set for the task by considering different search engines 

 Need to set up human-based controls to complete the matching task between enterprises’ names 
and retrieved URLs. 


