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Abstract: The digital transformation of the manufacturing industry is promising itself as a new competitiveness
lever, operationalized by the availability and use of digital data and supported by information and communication
technologies. Specifically, the generation of transparency across production environments, enabled by the
introduction of technologies such as the internet of things, is considered as one of the key catalysts for achieving
operational performance improvement through the support of decision-making processes. However, due to the
infancy of the field, there is a need for empirical research identifying how the enabled transparency can be applied to
solve actual business problems supporting decision-making and improving operational performance. This research,
performed in collaboration with a Danish dairy manufacturer, addresses this need by investigating how transparency
across a production line can be translated into value by using available data for supporting the improvement of
quality performance and the reduction of waste. It has been observed and demonstrated how the increase of digital
maturity, going from the generation of transparency across the production line to the use of analytics on the
collected data, increased the support provided to decision makers for improving quality performance and reducing

production waste by augmenting the knowledge concerning the different quality issues.
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1. Introduction

The digital transformation of the manufacturing industry,
often labelled as Industry 4.0 or “fourth industrial
revolution”, emerged in the early 2010s as an answer to
the need for a new competitiveness lever for western
manufacturers (Colli et al., 2020). In fact, in the last years,
this has become the main focus in the development
agenda of many manufacturing companies all over the
wortld (Colli et al., 2020). This transformation, consisting
of the integration of a number of “digital” technologies
which, taking advantage of connectivity and data
processing capabilities, are promising a wide spectrum of
new value generation possibilities(Porter & Heppelmann,
2014). Their enabling and use of transparency — or
availability of data - across supply chains and its use to
support decision-making processes is seen as one of the
key wvalue creation mechanisms behind this industrial
digital transformation (McKinsey and Company, 2015;
Ellram et al., 1999; Winkler, 2000, Vaccaro and Madsen,
20006; DiPiazza and Eccles, 2002; Turilli et al., 2009).

The adoption of digital technologies, due to their different
needs and complexity, has been framed as a maturity
progression (Colli et al., 2019). This implies, along with a
“digital” maturity increase, a progressive increase of the
enabling and use of transparency and, consequently, of
business potential.

While specific technologies, as well as their potential
application cases, have been extensively discussed, there is

still a need for empirical research investigating the value
creation mechanism behind the (increasing) use of
transparency in manufacturing settings (Nguyen et al.,
2017).

This research addresses this issue through a case study,
empirically investigating how production data can be used
for supporting quality performance improvement in a
Danish dairy manufacturer. Data sharing and visibility has
already been pinpointed as one of the most important
means for reducing waste (Mena et al., 2011; Thron et al.,
2007) as the availability of information for supporting
decision making positively impacts quality performance
(Kagermann, 2015). The authors focus their investigation
on how the increase of digital maturity — under a
technology point of view — and, hence, of transparency,
supports such improvement.

In order to build a foundation for this research, the paper
starts presenting a review of the literature concerning
digital maturity and the availability of data for improving
operational performance. After a presentation of the
research approach, the case study is described, consisting
of an analysis of production waste and of its causes
supported by data collected from different production
stations. Eventually, the role of transparency and the
positive effect of digital maturity increase in supporting
quality performance improvement and waste reduction are
discussed.
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2. State of The Art

2.1. Unlocking value through maturity growth

With the advent of the Industry 4.0 agenda, in order to
answer the need for guidance companies had to
strategically address it, both research institutions and
consulting firms have been working on the definition of
maturity models for structuring this novel technology-
driven agenda (Colli et al., 2019).

The concept of maturity originated from the quality
management domain in the 1930s (Shewhart, 1931) with
the aim of describing the development of an entity
through the definition of a number of stages this is
consisting of (Crosby, 1979; Nolan, 1973) and of
dimensions to be considered in the development process
(Crosby, 1979). These stages outline an anticipated,
desired or typical evolution path (Becker et al., 2009) as
they are based on a progression of cumulative capabilities
(Miller et al., 1994). The underlying thinking is that
increased maturity releases a higher value potential. The
assessment of digital maturity has been used to support
entities in their evolution process by identifying the
current and desired development stage (Kohlegger, 2009),
identify current weaknesses (Solli-Saether & Gottschalk,
2010) and recommend evolution activities (Solli-Sacther &
Gottschalk, 2010).

In order to structure the Industry 4.0 agenda as a maturity
progression, the focus has been initially put on the
technology and connectivity capabilities dedicated to the
generation and use of transparency. This progression
implies a transition from a descriptive stage, implying the
ability to use data to describe a situation, to a diagnostic
one, implying the understanding of such situation, to a
predictive stage, where the understanding of a situation
would help to forecast a future one, reaching, eventually, a
prescriptive one, implying the ability to change the
forecasted situation according to our needs (Gartner,
2012). This progression is, indeed, enabled by an increased
availability and use of data — ie. transparency — that
progressively enhance the understanding of a considered
entity (or environment) and supports eventual decisions
accordingly. Latter digital maturity models stressed the
importance of considering additional dimensions to
successfully facilitate this progression in a company. These
are mostly related to its governance structure and the
involved people and their competences (e.g. Colli et al,
2019; Schuh et al., 2017).

2.2. Translating data into value

The availability and use of data coming across supply
chains to support decision-making processes has been
considered as a new means for improving both their
efficiency and effectiveness. The deployment of
technologies such as the IoT, which generates
transparency across supply chains increasing integration,
and analytics, which help us in gaining insights from
available data, catalyzes this data-driven decision-making
(Banerjee et al., 2013; Barbosa et al., 2017; Davenport,
2016; McAfee & Brynjolfsson, 2012; Zhong et al., 2016).
The need for transparency in a supply chain is increasingly

evident, since supply chains are becoming more complex
and dependent on accurate and up-to-date information
for regulating the execution of their activities
(Gunasekaran & Ngai, 2004). Furthermore, a higher
degree of transparency enhance analytical capabilities
(Arunachalam, Kumar, & Kawalek, 2017; Kache et al,
2015; Yuanyuan Lai, 2004; Zhong et al., 2016).However, it
is still not clear how to become more data-driven or how
the use of data impacts the business (Nguyen et al., 2017).
Extant literature highlights the need for taking into
account the specific supply chain needs when addressing
the use of data, as this needs to be adapted to the specific
context (Arunachalam et al., 2017; Jonsson & Holmstrom,
2016; Kache et al,, 2015; Nguyen et al., 2017; Zhong et al.,
20106).

Nguyen et al. (2017), while investigating how data is being
used to support supply chain management, identified that
there is a lack of research concerning the use of data to
address quality issues in a manufacturing setting. At the
same time, it is proven that the enabling of transparency
in production through the integration of IoT is catalyzing
the reduction of waste caused by quality issues, through
the improvement of the existing waste reduction practices
(Jagtap et al, 2019). However, a way to cleatly identify
such practices is missing due to the lack of understanding
of the root causes of such quality issues, hence limiting
the quality improvement potential.

3. Research approach

While the use of data for improving operational
performance is not new, to understand its
operationalization in a specific context (i.e. quality
performance in a manufacturing setting) and to identify
how the increase of digital maturity is increasing the
support to such improvement deserves attention. The
authors performed this research analysing a focus case and
adopting a case study approach due to the exploratory
nature of this study (Eisenhardt, 1989; Voss et al., 2002).
The case study approach allows the authors to answer
‘how’ and ‘why’ questions (Yin, 2013), generating an in-
depth understanding of how quality performance
improvement can be supported through the adoption of a
data-driven approach and through the increase of digital
maturity.

The analysis (see Table 1) is performed on top of data
collected through company visits, official documentation,
production stations’ databases (i.e. quality control and
packaging stations) and semi-structured interviews with
the dairy engineer and the production manager. The
obtained insights are, therefore, triangulated (Jick, 1979),
as rich data sources and the supplemental nature of the
data increases the validity of our study (Voss et al., 2002;
Yin, 2013).

At first, through a company visit and through the study of
the company’s value stream map, the manufacturing
processes have been analyzed with the support of the
dairy engineer and the production engineer in order to
provide a knowledge foundation for the investigation and
identification of focus for the analysis.
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Table 1: Analysis framework

Phase Activity Data source

1 Process mapping (and ~ Value stream map
understanding) (process expetts for

triangulation)

2 Waste mapping: Quality control
identification of station database
typologies and related  (process expert for
quantities triangulation)

3 Proposal of root Process expert
causes for the most
critical waste typology

4 Root cause Quality control

verification for the
most critical waste

station database and
process stations’

typology databases

Secondly, a quantitative analysis of quality issues has been
performed by the analysis of recorded and structured data
from the quality control station, located at the end of the
production line. The outcome of the analysis has been
triangulated through an interview with the dairy engineer.
Thirdly, the dairy engineer has been questioned in relation
to the potential root causes concerning the most critical
waste typology. Eventually, data concerning the
manufacturing processes pinpointed as potential causes
for the selected quality issues has been correlated to the
quality data. Any potential correlation has been
investigated in order to prove (or disprove) the
hypotheses concerning the quality issues causes proposed
by the dairy engineer. The results of the analysis have
been presented, discussed, and validated by an interview
with the dairy engineer. Eventually, the outcome of this
investigation and, more specifically, the used data-driven
approach  for  addressing  quality  performance
improvement has been discussed. The paper is concluded
by reflecting on the contribution of this research to the
existing knowledge base concerning the improvement of
operational performance through the use of data and the
increase of digital maturity. Further research efforts have
been identified.

4. Case study

The addressed case is a medium-size dairy, part of a large
Danish cooperative operating on a global scale, producing
a particular type of cheese. The current aim of the dairy is
to improve its quality performance reducing the
production waste - and its related cost - caused by quality-
related issues. Among the 150 employees of the dairy,
thete are 33 educated dairymen and seven dairy trainees
whose aim is to ensure the quality of the products
supported by sensor measurements along the production
processes. However, the company is interested in
identifying how to use historical data collected by such
sensors in order to further support quality performance
improvement and reduce waste.

In order to do so, the company has acquired a cloud-
based platform for generating transparency across
production through the collection, storage and sharing of
data coming from several stations across the production
line. This is meant to act as a support for further data
analysis, which could provide employees with further
insights  concerning the manufacturing processes.
However, the use of data has, at its current state,
presented close to no benefits in identifying quality issues.
There are several unanswered questions such as how is
relevant data identified, how should the data be processed,
from which systems should the data be gathered, and how
can the data be translated into information supporting
quality performance improvement.

After a company visit and the initial process mapping
supported by official documentation, the investigation
started by quantitatively analyzing the waste related to
internal quality issues. The study is built on top of data
registered, between July the 7%, 2016 and November the
14, 2017, in the last quality inspection station along the
production line, located after the packaging process, see
figure 1. This is done in order to have an overview of all
the waste generated along the whole manufacturing
process. The station automatically records in a local
database quality data for each inspected product. They
consist of measured parameters, measuring procedure,
data sink/log specification and time of the measurement.
In case of rejection, notes about error properties and
possible causes are manually added to the record, due to
the current need for a visual evaluation by the quality
operator. The quantitative modelling is based on weight
measurements. This is due to the variation of density in
the transformation process of the raw materials into the
final product and due to the different density between
different products. Three categories of waste have been
identified: these consist of downgraded cheese, which has to
be sold at a lower price, partial waste, which represents 99%
of the waste and needs to be further processed to discard
a portion of it, and thrown away cheese. The presence of
waste, independently from its category, reduces the value
of the production output and, as a consequence, the dairy
profit margin. The dairy is therefore interested in tackling
the root causes of this waste, currently representing
almost four percent of the production output, in order to
increase it. About sixty percent of the registered waste is
related to a wet cheese issue. Wet cheese has to be either
reworked generating partial waste, either downgraded and
sold at a lower price. At the end of the quantitative
analysis, it has been agreed with the company stakeholders
that the focus of the analysis was on reducing wet cheeses.
This activity and level of transparency provided the
authors with the descriptive capabilities necessary to
understand the current situation (Gartner, 2012).

The investigation continued by qualitatively analyzing,
supported by the interview with the dairy engineer, the
causes related to the wet cheese issue. Three qualified
guesses of what can cause a wet cheese have been
proposed by the dairy engineer. These concern:

= Acidification process: cheese reaches a wrong pH level
after the acidification process
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Figure 1: Data collection for performing waste modelling

®  Starter culture: the characteristics of the bacteria added
to the milk in order to start the acidification process
are not within the specifications

®  Packaging age: The cheese becomes wetter if it takes
too long from the start of production to the
packaging of the cheese.

The authors intended to verify such guesses by analyzing
available data collected from the different production
processes. To do so, they mapped all the available data in
the production databases and identified that there was no
data available to verify the first two potential root causes.
Due to that, these have been verified against available
academic literature addressing the problem. The relation
between the “acidification process”, specifically the pH
level, with cheese moisture (and therefore linked to “wet
cheese”) has been discussed and verified in academic
literature (Watkinson et al., 2001). The relation between
“starter culture” and moisture has been discussed and
verified as well for a specific type of cheese (Najafi et al.,
2011).

Instead, “packaging age” could be studied as a “wet
cheese” root cause as it is one of the variables collected,
from the packaging station, in the production database,
see figure 2. The relation between “wet cheese” as a
registered waste cause and “packaging age” has been then
plotted using a box plot that takes into account the waste
data distribution, see figure 3. It could be observed that,
for all the products where “wet cheese” has been
registered as a waste cause, the severity of the waste cause
was directly proportional to “packaging age”. The role of
“packaging age” as a root cause for “wet cheese” was
therefore considered verified.

Moreover, while the use of academic literature to verify
root causes (ie. “acidification process” and “starter
culture”) only confirmed the link between a quality issue
and a potential cause, the availability and analysis of data
concerning such cause (i.e. possible for “packaging age”)
allowed the identification of its behavior in the specific
industrial setting, supporting the formulation of waste
reduction practices, i.e. quality issues severity due to wet
cheese has a steep growth after approximately 70 days
from the packaging (see Figure 3).
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Figure 2: Data collection for performing waste root cause
analysis

packaging_age

Figure 3: Waste root cause analysis — Cortrelation between
packaging age and wet cheese (on its increasing degrees of
severity, from left to right)

5. Discussion

The aim of this paper was to gather empirical knowledge
concerning how the increase of digital maturity and, more
specifically, of data processing capabilities and integration,
can be translated into actual business value. This is
becoming increasingly relevant as supply chains are
becoming dependent on the availability and use of data
for better regulating their activities (Gunasekaran & Ngai,
2004). This research studies, in particular, how the use of
transparency first and the application of analytic
capabilities on available data afterwards can support the
identification — and the understanding - of quality issues in
a manufacturing setting (Nguyen et al., 2017), in order to
identify  specific ~measures for supporting  the
improvement of quality performance. The investigation
has been built on the foundation that a data-driven
approach provides actual support in managing production,
as informed decisions are supported by the availability of
data (Giannakis & Loius, 2016; Zhong et al., 2016).

The authors observed, while following the analysis
framework presented in Table 1, the positive effect — in
terms of quality performance support - of an increase of
digital maturity and of the degree of transparency. The
initial level of transparency (i.e. visibility of data from the
quality support station) facilitated the identification of
different waste typologies and of the related quantities.
The following discussion with a field expert and the use of
available academic knowledge led to the identification of
their root causes (ie. “acidification process”, “starter
culture” and “packaging age”).
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The extension of the transparent infrastructure used for
collecting data on one hand (i.e. not only quality control
station but also packaging process), and the increase of
data processing capabilities concerning the introduction of
analytics to correlate available data, made possible,
however, to study waste behavior in regards to a specific
root cause (ie. “packaging age”, see Figure 4) in the
considered industrial setting. This made possible to
formulate  case-specific waste reduction practices,
providing tangible support for quality performance
improvement (Jagtap & Rahimifard, 2019).

It can be argued whether this transition towards a data-
driven approach will rely on IT experts and reduce the
need for production experts. However, for a successful
translation  of  transparency into actual  quality
performance, production-specific knowledge appeared to
be essential in this case. In particular, the formulation of
hypotheses concerning the potential root causes
concerning the detected quality issues was crucial for
scoping the data analytics process. Without that, the
amount of data to be correlated for identifying quality
issues root causes would have been outstanding, and the
complexity of the analytic process would have most likely
killed this project, due to the need for time and resources.

It is worth noticing that, in order to succeed in
operationally  performing this investigation, several
prerequisites have been identified. They concerned the
traceability of the product along the manufacturing
processes — with the related processing data (i.e. available
for “packaging age” and not for the two additional root
causes) - as well as a consistent data structure, necessaty to
correlate data from manufacturing processes with quality
data. In addition to that, a qualified worker who can setup
the IT system for extracting data concerning
manufacturing processes and an analyst who was able to
process and analyze the data were necessary.

The mechanism which led to value creation in this project
did not come from the automation of business processes;
on the contrary, it came from the capability to support
human operations in order to improve their effectiveness.

As the performed investigation is abstracting the use of
data from the case-specific product, the research findings
are  considered representative for manufacturing
companies addressing the improvement of production
quality performance through the use of data.

6. Conclusion

Through this investigation, the authors observed how the
digital maturity increase in a production setting and, more
specifically, the enabling of transparency first and the
introduction of analytics afterwards, are supporting quality
performance improvement.

Initially, using data concerning the quality control process,
the different quality issues and the related magnitude have
been identified. After the proposal (from a process expert)
of potential root causes concerning the most critical
quality issue, one of these root causes has been verified.

Digital maturity

Availability of -
quality and
processes related
data; data analytics
capabilities

Availability of
quality related
data; data visibility
capabilities

Waste Waste root cause
modelling verification

Quality performance
improvement support

Figure 4: Correlation between digital maturity and quality
performance improvement support

This has been done by correlating data from the quality
control process and from the manufacturing process
suspected to act as the root cause for the addressed issue.
This provided the company with tangible guidance for
performing  punctual improvement activities for
addressing key quality issues, hence supporting the
improvement of the production quality performance.

Additional research is, however, needed in order to
further support the arguments stated in this paper. In the
first place, this consists of designing, based on the
outcome of this research, practices to address the quality
issues by better identifying them and by identifying
actions to lower their amount. In addition to that, in order
to extend the generalizability of the outcome of this paper
and, therefore, its impact on the existing knowledge base,
the use of transparency has to be tested in different
production settings (e.g. different industrial fields),
addressing different quality issues and verifying its
effectiveness in identifying and validating the related root
causes.

References

Appelbaum, D., Kogan, A., Vasarhelyi, M., & Yan, Z.
(2017). Impact of business analytics and enterprise
systems on managerial accounting. International
Journal of Accounting Information  Systems,
25(March), 29-44.
https://doi.otg/10.1016/j.accinf.2017.03.003

Arunachalam, D., Kumar, N., & Kawalek, J. P. (2017).
Understanding big data analytics capabilities in supply
chain management: Unravelling the issues, challenges
and implications for practice. Transportation Research
Part E: Logistics and Transportation Review, 114,
416-436. https://doi.org/10.1016/j.tre.2017.04.001

Banerjee, A., Bandyopadhyay, T., & Acharya, P. (2013).
Data Analytics: Hyped Up Aspirations or True
Potential? Vikalpa, 38(4), 1-12.
https://doi.org/10.1177/0256090920130401

Barbosa, M. W., Vicente, A. de la C., Ladeira, M. B., & de
Oliveira, M. P. V. (2017). Managing supply chain
resources with Big Data Analytics: a systematic review.
International Journal of Logistics Research and
Applications, 21(3), 177-200.
https://doi.org/10.1080/13675567.2017.1369501



XXV Summer School “Francesco Turco” — Industrial Systems Engineering

Colli, M., Berger, U., Bockholt, M., Madsen, O., Moller,
C., & Wzhrens, B. V. (2019). A maturity assessment
approach for conceiving context-specific roadmaps in
the Industry 4.0 era. Annual Reviews in Control, 48, 165-
177.

Colli, M., Cavalieri, S., Cimini, C., Madsen, O., &
Wahrens, B. V. (2020). Digital Transformation
Strategies for Achieving Operational Excellence: a
Cross-Country Evaluation. Proceedings of the 53rd
Hawaii International Conference on System Sciences.
Retrieved from URL:
http://hdlhandle.net/10125/64303

Crosby, P. B. (1979). Quality is Free: The Art of Making
Quality Certain. New York, McGraw-Hill

DiPiazza, S. A., & Eccles, R. G. (2002). Building public
trust: The future of corporate reporting. New York:
Wiley.

Davenport, T. (2016). Competing on Analytics. Havard
Business Review, 84(1), 98—-107.

De Ugarte, B. S., Artiba, A., & Pellerin, R. (2009).
Manufacturing execution system - A literature review.
Production Planning and Control, 20(6), 525-539.
https://doi.otg/10.1080/09537280902938613

Eisenhardt, KM. (1989). Building theories from case
study research, The Academy of Management Review, Vol.
14 No. 4., pp. 532-550

Ellram, L. M., La Londe, B. J., Weber, M. M. (1999).
Retail Logistics, International  Journal — of — Physical
Distribution & Logistics Management, Vol. 29 Nos 7/8,
pp. 477-494

FAO (2011). Global Food Losses and Food Waste:
Extent, Causes and Prevention. Food and Agriculture
Organization of the United Nations, Rome

Giannakis, M., & Loius, M. (2016). A multi-agent based
system with big data processing for enhanced supply
chain agility. Journal of Enterprise Information
Management, 29(5), 706-727.
https://doi.otg/http://dx.doi.org/10.1108/MRR-09-
2015-0216

Gunasekaran, A., & Ngai, E. W. T. (2004). Information
systems in supply chain integration and management.
European Journal of Operational Research, 159(2
SPEC. ISS), 269-295.
https://doi.org/10.1016/j.¢jor.2003.08.016

Gustavsson, J., Cederberg, C., Sonesson, U., wvan
Otterdijk, R., Meybeck, A. (2011). Global Food Losses
and Food Waste, Food and Agriculture Organisation
of the United Nations (FAO), Rome

Hahn, G. J., & Packowski, J. (2015). A perspective on
applications of in-memory analytics in supply chain
management. Decision Support Systems, 76, 45-52.
https://doi.org/10.1016/].DSS.2015.01.003

Halloran, A., Clement, J., Kornum, N., Bucatariu, C,,
Magid, J. (2014). Addressing food waste reduction in
Denmark. Food Policy, Vol. 49, pp. 294-301

Hult, G. T. M., Slater, S. F., & Ketchen, D. J. (2004).
Information Processing, Knowledge Development,
and Strategic Supply Chain Performance. The
Academy of Management Journal, 47(2), 241-253.
https://doi.org/10.1016/S0890-6955(97)00137-5

Jensen, J. D. (2011). Vurdering af det okonomiske omfang
af madspild i Danmark. Fedevareskonomisk institut,
Copenhagen

Ishaya, T., & Folarin, M. (2012). A service oriented
approach to Business Intelligence in Telecoms
industry. Telematics and Informatics, 29(3), 273—-285.
https://doi.org/10.1016/j.tele.2012.01.004

Jagtap, S., & Rahimifard, S. (2019). The digitisation of
food manufacturing to reduce waste — Case study of a
ready meal factory. Waste Management, 87, 387-397.
https://doi.org/10.1016/j.wasman.2019.02.017

Jeon, B. W., Um, J., Yoon, S. C., & Suk-Hwan, S. (2017).
An architecture design for smart manufacturing
execution system. Computer-Aided Design and
Applications, 14(4), 472-485.
https://doi.org/10.1080/16864360.2016.1257189

Jiang, P. Y., Zhou, G. H., Zhao, G., Zhang, Y. F., & Sun,
H. B. (2007). E2-MES: An e-service-driven networked
manufacturing platform for extended enterprises.
International ~ Journal of Computer Integrated
Manufacturing, 20(2-3), 127-142.
https://doi.org/10.1080/09511920601020664

Jick, T. D. (1979). Mixing Qualitative and Quantitative
Methods: Triangulation in Action. Administrative Science
Quarterly, Vol. 24 No.4, Qualitative Methodology
(Dec., 1979), pp. 602-611

Jonsson, P., & Holmstrém, J. (2016). Future of supply
chain planning: closing the gaps between practice and
promise. International Journal of Physical Distribution
& Logistics Management, 46(1), 62—81.

Kache, F., & Seuring, S. (2017). Challenges and
opportunities of digital information at the intersection
of Big Data Analytics and supply chain
management. International ~ Journal — of ~ Operations &
Production Management.

Kagermann, H. (2015). Change Through Digitization—
Value Creation in the Age of Industry 4.0. In:
Management of Permanent Change, Albach,
H., Meffert, H., Pinkwart, A., Reichwald, R. (Eds.),
Springer NewYork Heidelberg Dordrecht London

Kaipia, R., Dukovska-Popovska, I., Loikkanen, L. (2012).
Creating sustainable fresh food supply chains through
waste reduction. International  Jowrnal — of  Physical
Distribution & Logistics Management, Vol. 43 No. 3, 2013,
pp- 262-276

Lavalle, S., Lesser, E., Shockley, R., Hopkins, M. S., &
Kruschwitz, N. (2011). Big Data, Analytics and the
Path From Insights to Value. MIT Sloan Management
Review, 52(2), 21-32.
https://doi.otg/10.0000/PMID57750728



XXV Summer School “Francesco Turco” — Industrial Systems Engineering

McAfee, A., & Brynjolfsson, E. (2012). Big data: The
Management Revolution. Harvard Business Review,

90(10), 61-67. https://doi.otg/00475394

McKinsey and Company (2015). Industry 4.0: How to
navigate digitalization of the manufacturing sector,
McKinsey and Company.
www.mckinsey.de/files/mck industry 40 report.pdf

Mena, C., Adenso-Diaz, B., Yurt, O. (2011). The causes of
food waste in the supplier-retailer interface: evidences

from the UK and Spain, Resources, Conservation and
Regyeling, Vol. 55 No. 6, pp. 648-658

Najafi, M.N.; Koolcheki, A.; Mahdizadeh, M. (2008)
Studies on the effect of Starter culture concentration
and renneting pH on the Iranian brine cheese yield.
Am Eurasian ] Agric Environ Sci 3:325-332

Nguyen, T., Zhou, L., Spiegler, V., Ieromonachou, P., &
Lin, Y. (2017). Big data analytics in supply chain
management: A state-of-the-art literature review.
Computers and Operations Research, 0, 1-11.
https://doi.org/10.1016/j.cor.2017.07.004

Nolan, R. L. (1973). Managing the computer resource: a
stage hypothesis. Communications of the ACM, 16(7),
399-405.

Porter, M. E., & Heppelmann, J. E. (2014). How smart,
connected products are transforming
competition. Harvard business review, 92(11), 64-88.

Townsend, M., Le Quoc, T., Kapoor, G., Hu, H., Zhou,
W., & Piramuthu, S. (2018). Real-Time business data
acquisition: How frequent is frequent enough?
Information and Management, 55(4), 422—429.
https://doi.otg/10.1016/§.im.2017.10.002

Thron, T., Nagy, G., Wassan, N. (2007). Evaluating
alternative supply chain structures for perishable
products, International Journal of Logistics Management,
Vol. 18 No. 3, pp. 364-384

Smith, L., Ball, P. (2012). Steps towards sustainable
manufacturing through modelling material, energy and

waste flows. International Journal of Production Economics,
Vol. 140, Issue 1, November 2012, pp. 227-238

Thurilli, M., & Floridi, L. (2009). The ethics of information
transparency. Ethics and  Information Technology, 11(2),
105-112

United Nations (2018). Sustainable Development Goals,
Sustainable Development Knowledge Platform,
Department of FEconomics and Social Affairs.
https://sustainabledevelopment.un.org/?menu=1300

Voss, C., Tsikriktsis, N., & Frohlich, M. (2002). Case
research in operations management. Inzernational journal
of operations & production management, 22(2), pp. 195-219

Watkinson, P.; Cocker, C.; Crawford R.; Dodds, C,;
Johnston, K.; McKenna, A.; White, N. (2001). Effect
of cheese pH and ripening time on model cheese
textural properties and proteolysis. Int. Dairy J., v.11,
p-455-464, 2001.

Vaccaro, A., & Madsen, P. (2000). Firm information
transparency: Ethical questions in the information age.
In Social informatics: An information society for all?
In remembrance of Rob Kling (pp. 145-156). New
York: Springet.

Winkler, B. (2000). Which kind of transpatency? On the
need for clarity in monetary policy-making. Frankfurt:
European Central Bank

Yin, R. K. (2013). Case Study Research: Design and
Methods. SAGE Publications, 7 May 2013

Yuanyuan Lai, H. S. and J. R. (2004). Understanding the
determinants of big data analytics (BDA) adoption in
logistics and supply chain management An empirical
investigation. International Journal of Manpower,
25(0), 564-589.
https://doi.org/10.1108/01437720410560451

Zhong, R. Y., Newman, S. T., Huang, G. Q., & Lan, S.
(20106). Big Data for supply chain management in the
service and manufacturing sectors: Challenges,
opportunities, and future perspectives. Computers and
Industrial Engineering, 101, 572-591.
https://doi.org/10.1016/j.cie.2016.07.013


http://www.mckinsey.de/files/mck_industry_40_report.pdf
https://doi.org/10.1016/j.cor.2017.07.004

