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Abstract: In the early 1900s, together with the birth of mass production, modern managerial approaches 
were conceived, under the motto “you can’t manage what you don’t measure”. Since then, operations 
managers throughout the world had been getting used to measure the productivity of materials, machines 
and workers to control and improve their own businesses. Nowadays, in the Industry 4.0 era, the 
emphasis is shifting toward data, under the new motto “data is the new oil”. Despite many managers 
pledging allegiance to the principles of data driven decision making, still no comprehensive approach 
exists to measure how good a company is at exploiting the potential of its own information assets; in 
other words, no “data productivity” measure exists. In this paper, we present a first method to define and 
measure data productivity. Relying on a comprehensive literature review, and inspired by the traditional 
OEE framework, this new method brings some innovative perspectives. First, data productivity is broken 
into data availability, quality and performance of the decision-making process using those data. Second, 
it includes both technical and organizational factors, helping companies to evaluate their current level of 
productivity, and actions to improve it. The model has been tested through three cases studies and it 
results as effectively implementable. The results obtained from its application reflect the expectations of 
companies‘managers accelerating the cultural shift needed to fully express the potential of Industry 4.0. 

Keywords: Data productivity, Performance measurement, data driven decision making, Industry 4.0, 
Information Management. 



1. INTRODUCTION 

The industrialization phenomena that characterized different 
historical centuries, has been strongly influenced by 
technological progresses called Industrial Revolutions. These 
revolutions have always drive business to drastic increase in 
productivity. The first was triggered by the introduction of 
the steam power, in the middle of the eighteenth century; the 
second started conventionally in 1870 with the establishment 
of electricity, chemical products and crude oil, together with 
the changing concept of mass production; the third, one 
century later, referred to the effects provided by the 
increasing usage of electronics and IT in manufacturing 
industry; finally, in 2011, the term Industrie 4.0 was 
introduced at the Hannover Messe in Germany. 
Industry 4.0 is “a vision of the future of Industry and 
Manufacturing in which Information Technologies are going 
to boost competitiveness and efficiency by interconnecting 
every resource (data, people and machinery) in the Value 
Chain” (Politecnico di Milano 2017).  
The interconnection between the resources is the cardinal 
element of this revolution and the exchange of data is 
becoming the new flow to manage with the same relevance of 

the management of the materials and products one. Indeed, 
digitalization, intelligence and connection are the three pillars 
of the Industry 4.0 that poses the data as the principal actor of 
this new paradigm. 
According to the research reported by the Industry 4.0 
Observatory of Politecnico di Milano in 2017, companies 
currently have acquired knowledge and mastery of the 
Industry 4.0 paradigm. However, this knowledge is still 
linked to the theoretical concepts on the importance of data 
and there are currently no tools that measure their 
productivity). 
 
In this scenario, companies’ attention is more and more 
moving towards data and towards the information asset that 
they own. Indeed, companies are aware of the importance of 
the data and their potentiality, but currently they have not 
metrics to measure the efficiency and the value that their 
information asset is giving or can give to them. In addition, 
before the current data-revolution, the value of their 
information asset has been not proper valuated, because of 
the difficulties of set a proper measure and the limited 
attention of top managers to this asset. This research has the 
aim to provide a structure measure of data productivity, 
answering to the questions: What’s mean that a data is 



     

productive? How much a data can produce value for a 
company? 
The structure of the paper is the following: in the first part, all 
the topics on which the research is based are presented; 
afterwards the definition of data productivity is introduced 
and its related assumptions; then the procedure to calculate 
the data productivity measure is presented; finally, there are 
the main insights of the model application. 

2. LITTERATURE REVIEW 

2.1 Industry 4.0 and Data 

Data is one of the main pillars of Industry 4.0, the 4th 
generation of manufacturing that uses concepts such as 
cyber-physical systems, virtual copies of real equipment and 
processes, and decentralized decision making to create a 
smart factory or “Factory 4.0”. 
Within the Industry 4.0 world, big data impact can be 
summarized in six Cs: connection (sensors and networks); 
cloud (computing and on-demand); cyber- (model and 
memory); content/Context (meaning and correlation); 
community (sharing and collaboration); customization 
(personalization and value). In this new paradigm, a key role 
is played by the Industrial Internet of Things (IoT). IoT 
allows companies to capture data about process and products 
more quickly, to have global visibility on the overall supply 
chain, to work with more efficient and intelligence operations 
that, thanks to autonomous data collection and analysis, 
allows on-the-fly decision making (IDC Digital Universe 
2014). The effective extraction and use of information 
embedded in the data have become the next frontier to drive 
innovation, competitiveness, and growth in manufacturing, as 
highlighted by McKinsey in a series of studies see McKinsey, 
2011, 2015. 

2.2   Data versus Information 

 “Data can be defined as a symbol, sign, or raw fact”, see 
Mingers, 2006. Usually in literature the concept of data is 
associated or put in contrast with the information one. So far, 
two different definition of information are present: 
1.  information is “data that has been processed in some way 
to make it useful [..] information can be objectively define 
relatively to a particular task or decision”, see Mingers, 1996. 
This definition of information implies that the concept of data 
is objective. 
2. “Information equals data plus meaning”, see Checkland et 
al., 2000. This definition implies that information is 
subjective, from a set of data different information can be 
created. Information is subjective because depends on the 
receiver and on the context in which the message is conveyed 
see Jumarie, 1990. Information cannot be viewed as an 
independent entity because has attributes and reflects the 
intention of the sender and the receiver, see Oppenheim et al., 
2003. Different observers may generate different information 
from the same data given their differing values, beliefs, and 
expectations, see Lewis, 1993.  

2.3 Data and Information Asset 

During the late 1990s theories of knowledge asset and their 
contribution to organisational wealth become popular 
together with the definition of information as an asset. The 
role of information as an asset was introduced in 1994 by the 
Hawley committee, which define information asset as: “data 
that is or should be documented and that has value or 
potential value”. This concept, in addition, treated 
information like traditional assets such as plant and 
machinery, see S.H Black et al., 1982. Information asset is 
defined also as “the ability to provide data and information to 
users with the appropriate levels of accuracy, timeliness, 
reliability, security, confidentiality, connectivity, access and 
the ability to tailor these in response to changing business 
needs and directions”, see Mithas et al., 2011. “Value should 
be assigned not only to data but also to the system allowing 
for its exploitation”, see Ahituv, 1989. Because Information 
Asset is an intangible asset it is difficult to measure, see 
Evans et al., 2015. 
Data can be in the form of structured, semi-structured, or 
unstructured data. There are several data types such as Master 
data, that provides the most business relevant information 
about a product, a supplier, a customer, etc. or Transactional 
data, that describes the event that happens in a moment 
referring to one or more master data element. These two 
types of data together with Tacit Knowledge can be consider 
the Information Asset of a company. Tacit Knowledge is 
hidden in human brains and refers to communication among 
people who share their knowledge and observations, in both 
formal and informal ways. 

2.4 Measuring productivity in a manufacturing company 

Productivity is commonly defined as a ratio of a volume 
measure of output to a volume measure of input use. While 
there is no disagreement on this general notion, productivity 
literature and its various applications proposes different 
measure of productivity, see OECD Manual, 2001. 
Looking at the Efficiency aspect of productivity, a production 
process is operating in full efficiency, in an engineering 
sense, if it achieved the maximum amount of output that is 
physically achievable with current technology, and given a 
fixed amount of inputs, see Diewert E. W. et al., 1999.  
Manufacturing companies are often interested in measure 
productivity in terms of efficiency. The Overall Equipment 
Effectiveness (OEE) measure gives a comprehensive response 
to this need, underling different losses of the manufacturing 
process under analysis. Measuring OEE is, indeed, a 
manufacturing best practice that provides insights on where it 
is necessary to act to improve the productivity. The most 
significant way to calculate the OEE index is based on three 
factors: Availability, Performance, and Quality. 

2.5 Data value and Productivity 

In literature there are not researches that provides to 
managers and academics a metrics or a model that allow 
them to measure the Data productivity. The main insights 
coming from the literature on the theme are: 
1)  some companies are aware of the potentially of the data 
they own, but are not able to exploit them see Ladley, 2010; 
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