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In recent times, the diffusion of the Internet has generated a revolution in many 

areas of Social Sciences. Today, people increasingly share information online, 

creating a huge amount of available data; for that reason, the Web represents 

today the first source of the so-called “Big Data”. As extensively reported in the 

literature, they represent a huge and important source of information for social 

research, even if many open questions about the extraction and the utilization of 

them persist. In this paper, we show how Big Data could improve the knowledge 

of social phenomena through a specific project developed in the Italian context. 

After a brief literature survey on Big Data, we introduce a pilot project we are 

carrying on with the Italian National Institute for Insurance against Accidents at 

Work regarding the monitoring of media news related to occupational injuries, 

with the aim of observing how mass media deal with safety and health at work. In 

a first phase of this project, a selection of online newspapers articles about work 

accidents were collected; to analyse these documents, we use several text mining 

techniques. The results show how Big Data utilization can enlarge the know-how 

of social phenomena, providing different aspects, perspectives and causes for 

reflection.         

 

 

 

 

INTRODUCTION 

 

Social Sciences are now experiencing an historic change coming from the availability of 

enormous quantity of highly informative data in every field (King, 2014). In fact, in the 

last half-century the information base of social science research was primarily the 

survey; it consists of a systematic and standardized approach to the collection of 

information on individuals, households, or other entities through the questioning of 

systematically identified individuals, and it is coming into prominence as a research 

technique only in the last 50 years (Rossi, Wright and Anderson, 2013). The domain of 

that instrument in research finds motivation in many strong points, such as the low costs 
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for large sample reaching, the low work for data collection and elaboration and the high 

level of standardization of the process.  

Thanks to technology evolution, in the course of time the development of new kind of 

survey data collection (telephone and computer assisted interviews) has been entailed to 

improve performances; indeed, in the last years the growing diffusion of the Internet use 

has determined a crucial turning point for the research: the emergence of web data, 

generated by the interaction between individuals and the cyberspace. They belong to 

what we know as “Big Data”, defined as those data sets where traditional software of 

data management and data analysis are not capable to deal with them. With the rise of 

the online users, these data become ever much significant. The United Nations 

specialized agency for information and communication technologies (ITU) has 

estimated that the in 2017 the 48% of the total population used internet; indeed, the 

proportion of households with Internet access at home is now equal to 53.6% (ITU, 

2017). According to Cisco's Visual Networking Index initiative, that estimates the 

communication capacity of the Internet measuring the traffic moving through it, in 2016 

global IP traffic was 1.2 Zettabytes per year or 96 Exabytes (one billion Gigabytes) per 

month2; the 90% of these data are unstructured and many types: photos, texts, likes, etc. 

They represent an important source of information, providing additional knowledge we 

may use to understand the characteristics of modern society more in-depth, especially 

regarding the reports on events whose measurement is out of reach. However, the 

crucial point in treating these data is not just the dimensionality, but mainly the 

heterogeneity; they are raw, messy and unstructured, so it is necessary to use good and 

correct statistical methods in order to extract meaningful information from them.  

Today Big Data, especially those ones coming from the Web, play a crucial role in 

information production; they create numerous occasions to improve official statistics 

and they also influence the system where measurements are produced. Many projects at 

institutional level are now in progress; one of the organizations that is now involved in 

this challenge within the Italian context is the National Institute for Insurance against 

Accidents at Work (INAIL), by way of a mass media observation project.  

In this paper, we face with the emergent subject of Big Data; after a short review of this 

topic, we present a joined project developed with the Italian National Institute for 

Insurance against Accidents at Work (INAIL), connected to the monitoring of media 

news. Using the data from the news collected in the first phase of this project, we use 

the texts of this dataset to analyse how mass media deal with safety and health at work, 

through Automatic Text Analysis techniques.   

The article is structured as follow: in section no. 2, a brief review of the literature 

concerning Big Data subject is exposed and some applications are analysed; in section 

no. 3, the INAIL experience is presented; in section no. 4, conclusions and future steps 

are drawn. 
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complete-white-paper-c11-481360.pdf 
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BIG DATA: THE THEORETICAL FRAMEWORK 

 

Big Data is the way to call that kind of information we can identify through three main 

properties, also known as the Three V’s (Laney, 2001): 

1. Volume. Even if the definition of this aspect depends on many factors, generally 

Big Data exceed the capacity of traditional computing methods; 

2. Variety. It refers to the structural heterogeneity of these data. Big data are mostly 

unstructured – like texts, images, audio tracks and videos – and raw, messy and 

not ready to be used by traditional data analysis software; 

3. Velocity. It concerns to the rate or the frequency at which data are produced and 

the speed at which it should be analysed – due to the growing need for real-time 

analyses.     

In addition to these dimensions, recently other factors have been identified as Big Data 

properties. The first one is the veracity: IBM defined the fourth V as the implicit 

unreliability of some data sources. There is also variability: SAS describes this element 

as the constant variation in the data flow and in the Big Data velocity. Complexity, 

according to SAS, refers to the fact that these data are generated through several 

sources. The last one is value: Oracle introduced this attribute as the ratio of the data 

value on its volume. Based on the Oracle’s definition, Big Data are often characterized 

by “low value density”.  

Starting from the source, we may identify three main types of Big Data (Iacus, 2014): 

1. Administrative data. They are generated and stored by persons or organizations 

for regulatory or government activities; 

2. Transaction data. They come from high frequency financial transactions, like 

credit/debit card operations; 

3. Social media/networking data. They are generated by the voluntary interaction 

of people with the express purpose of sharing with others (Couper, 2013; Iacus, 

2014). These data are created on social media, which refers to online platforms 

that allow users to create and exchange content (Gandomi and Haider, 2015); 

they are mainly composed of digital texts – i.e. opinions and comments written 

by people who want to share their own thought with others – containing a lot of 

noise.  

In the last class we might include also web data like media news and newscasts, that are 

coming from mass media channels; actually, in this sorting these data are not explicitly 

included, and to our knowledge few studies have taken account of mass media data as 

Big Data. Anyway, starting from the main properties (three V’s) we may assume that 

mass media information are highly numerous and frequent, heterogeneous (texts, 

images and videos) and then they belong to this subject. The interest in these kind of 

data lies in the fact that, as widely shared in the literature, mass media are able to shape 

public consensus and public opinion (Wanta and Ghanem, 2007) by driving the 

attention to certain issues (Ceron, Curini and Iacus, 2016a). Actually, scholars have 

already used newspaper texts in order to analyse ideologies and opinions. Pollak et al. 

(2011) have used news reports about the 2007 Kenyan election and post-election crisis 

in order to provide ideological differences between local and international press 

coverage. Balahur and Steinberger (2009) explored sentiment analysis in newspaper 

articles, establishing guidelines for positive/negative opinions. Fortuna et al. (2009) 

investigated patterns in media through the observation of terms choices in different 
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topics. These data can be used also by institutions to investigate general opinions about 

specific themes; indeed, these information could be used to integrate and enhance 

official statistics, in order to have a better comprehension of the observed phenomena. 

To give an example, the European Joint Research Centre has founded the Europe Media 

Monitor3, a research project of daily monitoring of online news from different media, 

that aims to extract and synthetize information from the articles.    

Big Data diffusion is having a huge impact also on institutions where production of 

statistics and data analysis is the core dealing; specifically, we are talking about 

organizations responsible for official statistics production (National Statistical 

Institutes). The role of official statistics is fundamental for the society, so the way Big 

Data will be involved has consequences for everyone. The need of National Statistical 

Institutes (NSIs) in using Big Data and integrating sources has been realized in many 

projects. Within the Nation Institute of Statistics (ISTAT), a new organization aims to 

move from a vertical to a horizontal approach, supporting a model where survey data, 

administrative data and data from new sources are integrated in a single data asset; it is 

the Integrated System of Statistical Registers, whose aim is to increase quality, 

efficiency, time saving and statistical outputs (Alleva, 2017). In this scenario, the 

ISTAT has also developed the ARCHIMEDE project (Integrated Archive of Economic 

and Demographic Micro Data) that brings together microdata related to individuals and 

households living in Italy; starting from the integration of administrative sources, it 

intends to expand databases by collections of microdata that can be used for research, 

planning and public policy evaluation (Mazziotta, 2017). At the European level, 22 

partners between NSIs and Statistical Authorities are carrying out the ESSnet Big Data 

project, in order to prepare the European Statistical System (ESS) for integration of Big 

Data sources into the production of official statistics (Struijs et al., 2017).  

 

 

A PRATICAL EXAMPLE: THE INAIL PROJECT ON MASS MEDIA 

MONITORING 

Background 

In the last years, a group of researchers belonging to the Italian National Institute for 

Insurance against Accidents at Work (INAIL) has launched an experimental project 

about mass media monitoring on safety and health at work (INAIL, 2015); the idea is 

that the storage and the organization of news could improve the knowledge of the 

phenomenon, in terms of how mass media deal with safety and health at work. With this 

vision, the Institute has created a relational database of news concerning work-related 

injuries and diseases, filled with information obtained from the newspapers about 

occupational accidents and incidents. This database, called “News Repository”, was not 

created to replace the official statistics based on accidents reports or to provide 

quantitative data on job-related injuries, but it should be considered as a tool for 

observing how mass media deal with safety and health at work. However, this should 

not preclude the possibility of carrying out comparisons between data from the 

newspapers and other existing information systems, so the repository has been 

structured allowing comparisons with information from other sources. Then, the main 

                                                           
3 http://emm.newsbrief.eu/NewsBrief/clusteredition/it/latest.html 
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objective of this project is to observe the culture in terms of safety and health at work 

shared by mass media agencies; in this way, new elements could be provided to 

describe safety knowledge, also establishing collaborations with journalists in order to 

enhance the communication. Our theory is that between reality and journalists’ 

narrations there is an information asymmetry, probably due to the need of authors to be 

interesting for the readers. In the first phase of the project, we declined our hypothesis 

in three specific interrogation, trying to solve them through distinctive analyses. We 

synthetized these queries using three explicit questions we attempted to answer: 

- Q.1: Do journalists give the same importance to all the work accidents? 

- Q.2: Which are the principal arguments in news texts? 

- Q.3: Is there a tendency to narrate accidents as something that is inevitable? 

Until now a preliminary phase of this project was carried on; the first repository was 

created reporting articles about occupational accidents occurred in five Italian regions 

(Apulia, Lazio, Campania, Sicily and Emilia-Romagna), in order to verify through a 

smaller dataset the good performance of the procedure. The news have been selected 

from the websites of the national and local newspapers using the Google Alert tool with 

the following keywords (both singular and plural forms): work accident; work injury; 

white death; on-the-job fatality.   

 

Data and methodology  

At the end of the data collection the repository was composed of 1,858 articles, 

regarding 580 different work accidents (Table 1). On articles and events, we involved 

different analyses. Initially, to answer the first question we analysed some events 

characteristics – economic activity, fatality, ongoing and road accident variables – 

comparing their distributions with official data4, in order to examine if mass media give 

the same relevance to all the accidents. After that, we focused our attention on the news, 

analysing them through text mining methods (Bolasco and De Mauro, 2013; Feldman 

and Sanger, 2007; Lebart, Salem and Berry, 1997). Text mining, or more generally 

Automatic Text Analysis, is the set of methods and procedure that allows to extract 

structured and useful information from a collection of unstructured texts. In order to 

analyse the communication features of mass media concerning our topic, we used 

several methods on the collected texts; in particular, we explored by way of textual 

analysis many aspects of the language used by the journalists to narrate the events. With 

the aim of solving the second interrogation, we performed through the IRAMUTEQ 

software a content analysis using the Reinert’s method (Reinert, 1983); it is a 

descendant hierarchical classification algorithm that, using the words co-occurrences 

matrix, produces groups of similar lexical units. Finally, to respond the last issue, we 

applied on the corpus a Sequence Analysis (also known as Markovian Analysis) in 

order to investigate sequences of words (T-LAB, 2017). This method allows to calculate 

for all the predecessors and successors of each lexical unit the transition probabilities 

between pairs of words (also known as Markov chains). 

 

 

 

                                                           
4 Official statistics are provided by INAIL on the basis of accidents reports  
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TABLE 1 

REPOSITORY VARIABLES 

Labels Meaning 

Year When the accident happened 

Newspaper In which journal the article was published  

Article Text of the news 

Event Accidents listed by sequential numeration 

Area Area of worker’s residence  

Economic activity Economic activity where the worker is employed 

by the NACE Rev. 2 classification   

Place Where the injury took place 

Gender Worker’s gender 

Nationality Worker’s nationality 

Fatality  Fatal accident or not 

Ongoing If the accident occurred ongoing 

Road Road accident or not 

Motivation Cause of the injury 
 

 

Main results and discussion 

As previously mentioned, in the first part of the analyses we considered the events 

connected to the news. We focused on four variables (Table 2-4), comparing the data 

from the repository with the INAIL official statistics of accidents reports.  

 

TABLE 2 

WORK ACCIDENTS BY ECONOMIC ACTIVITY 

Economic activity (NACE Rev. 2 classification) News Repository 

(%) 

INAIL official 

statistics (%) 

C. Manufacturing  31.03 25.05 

F. Construction  29.59 10.75 

H. Transportation and storage 18.85 10.95 

G. Wholesale and retail trade 5.49 13.64 

N. Administrative and support service activities 2.63 7.15 

E. Water supply 2.15 2.76 

Q. Human health and social work activities  2.15 11.24 

B. Mining and quarrying  1.67 0.17 

I. Accommodation and food service activities  1.67 6.86 

S. Other service activities 1.19 1.97 

D. Electricity, gas, steam and air conditioning supply 0.95 0.38 

J. Information and communication 0.95 1.48 

M. Professional, scientific and technical activities 0.72 2.58 

R. Arts, entertainment and recreation  0.48 1.18 

K. Financial and insurance activities 0.24 1.43 

P. Education 0.24 1.46 

L. Real estate activities 0.00 0.91 

T. Activities of households as employers 0.00 0.02 

U. Activities of extraterritorial organizations  0.00 0.03 
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TABLE 3 

WORK ACCIDENTS BY MORTALITY 

Fatality News Repository 

(%) 

INAIL official 

statistics (%) 

Fatal accident 25.00 0.20 

Non-fatal accident 73.45 99.80 

Not classified 1.55 - 

 

TABLE 4 

WORK ACCIDENTS BY SITUATION 

Ongoing and/or road accident News Repository 

(%) 

INAIL official 

statistics (%) 

Ongoing accident 3.10 3.94 

Ongoing road accident 8.89 4.20 

Road accident 25.11 12.84 

Other 62.90 79.02 
 

 

The tables show that, regarding to the observed variables, there is an asymmetry 

between accidents reports and the events described by mass media. Through the 

comparison, we observed that newspapers tend to focus on certain accidents rather than 

others: road accidents, on-the-job fatalities and those economic activities perceived 

more dangerous for workers – like construction or manufacturing sectors – are 

characteristics connected to a higher level of journalists’ attention toward these injuries. 

In the second part of our analysis, we worked on the news texts; from the collection of 

the 1,858 articles, we obtained a corpus of medium dimension, composed of 326,938 

occurrences and 14,057 types. On the corpus, we applied a pre-processing procedure 

consisting of lemmatization, exclusion of some stop-words – i.e. auxiliary verbs, 

prepositions, articles and conjunctions – and elimination of words with frequency lower 

than ten. 

To identify the subjects within the corpus, we performed a content analysis using the 

Reinert’s method for descending hierarchical classification. The algorithm detected four 

clusters of words (Figure 1), identifying some distinct contents within the corpus: 

1. EVENT (32.1%). In this group, the largest one, we found all those terms 

that are connected to the accidents description; 

2. RESCUE (31.5%). This segment is related to the part of the narration within 

the news where it is described the first aid given to the worker after the 

injury; 

3. ROAD (21.4%). This cluster identifies the focus given in the media news to 

road accidents by journalists. This group is very interesting, because it 

confirms the relevance given to injuries that took place on the road, as 

showed in the previous analysis; 

4. CIRCUMSTANCES (15%). This last group is related to the description of 

the conditions and the circumstances connected to the accidents. 
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Fig. 1  Words clusters  

 

As a final point, we applied a Sequence Analysis to the corpus. We selected several 

words in order to analyse their predecessors and successors; we reported only the chains 

with transition probability higher than 0.1 (Table 5). In the results it is not important to 

focus on predecessors rather than successors (and vice versa), but the objective of this 

analysis is the association – i.e. the closeness – between pairs of words, independently 

from the order.  

 

TABLE 5 

SEQUENCE ANALYSIS – MARKOV CHAINS 

Terms Predecessor Successor Probability 

Fatality Tragic  0.40 

Accidentally Equipment  0.20 

Accidentally To slip  0.20 

Distraction Instant  0.13 

Tragic  Event 0.15 

Tragic  Destiny 0.30 

Terrible Misfortune  0.17 

 

With this technique we investigated connections between some selected words and the 

others. Specifically, we concentrated on terms like fatality, tragic, accidental, to find if 

accidents have been communicated by media like something that is predictable, or not. 

As shown in the table, there are many significant chains; in fact, the association of 

specific words in the texts – e.g. tragic fatality, tragic destiny, an instant of distraction – 

transmits the idea that work injuries are random, fortuitous, and most important, 

something we cannot prevent. 
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The analyses conducted in this first phase gave us many causes for reflection. There are 

several asymmetries between accidents reports and media news, in terms of both 

quantitative and qualitative aspects. If mass media have the power to create public 

opinion on specific issues, it is clear the importance in monitoring the information and 

encouraging truthful communication. This goal could be achieved with a strict 

collaboration with institutions and journalists, through the improvement of knowledge, 

capabilities and awareness. The National Institute for Insurance against Accidents at 

Work is widely undertaken toward the improving of safety knowledge and accidents 

prevention through the monitoring of the information. Until now, a preliminary phase 

was carried on in order to identify the potentiality of the project; in the future, the 

monitoring will be systematic, and more advanced techniques will be implemented on 

data in order to have a continuous and constant update on mass media production.    

 

 

CONCLUSIONS 

 

Social Sciences are undergoing a complex transformation, which has been called “Big 

Data revolution” (Ceron, Curini and Iacus, 2016b); even if they are categorised as 

“Big”, they are firstly “Data”, therefore good statistical techniques are required in order 

to extract meaningful results from these sources. Then, the emergence of new data 

sources and the availability of these data require new tools and methodologies. The 

answer to these challenges lies in the integration of sources, methods, and skills (Alleva, 

2017).  

Big Data, such as structured data, have strengths and weakness. Limitation of web data 

make unlike them to replace traditional survey data collection; however, these new data 

are more and more accessible and they can be easily managed. Moreover, web data 

contain different and additional information, such as opinions or sentiments, that can be 

quickly collected and analysed. So, the point is not if Big Data will replace the survey, 

but in which way we could integrate the two approaches, in order to expand the range of 

research methods. 

Statistical organizations are more and more undertaken toward the integration of data 

sources; the requirement is to expand the knowledge and increase the quality of the 

information provided. In fact, if survey remains a crucial tool for the quantification of 

the phenomenon, new data are now available and they could be used in order to improve 

the understanding of the society. Many examples have been shown; the one we focused 

in this paper deal with mass media monitoring with the intention of analysing the 

general opinion concerning safety and health at work. The National Institute for 

Insurance against Accidents at Work has recently launched this project; until now a 

preliminary phase was carried on and first results on work accidents have been 

collected. What we found shows that if official statistics provide the quantification of 

the phenomenon, the mass media monitoring offers a different point of view connected 

to the construction of prevention culture in the occupational environment. This 

knowledge acquisition has relevant implications, firstly because potential asymmetries 

could be reduced in order to improve prevention and safety in workplaces, maybe 

shrinking jo-related accidents. Obviously, there is still much to be done; Big Data 

remain even now an open and debated question. Which data? Which methods? Which 

implications?    
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