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Abstract

The advent of Industry 4.0 where humans and intelligent machines coexist, allows machines to assist humans on production
lines. During such processes, humans work with other humans and/or machines to produce the required products, forming
human-related collaborations. Therefore, Industry 4.0 goes beyond a digital ecosystem by being considered as a System of
Information Systems which matches heterogeneous systems. This heterogeneity causes poor information interoperability,
weakening the effectiveness of collaboration. This poses an issue: how to facilitate human-related collaborations on produc-
tion lines into Industry 4.0? Addressing it requires better information interoperability and the definition of indicators that can
be used to generate recommendations during collaborations. In this article, we focus on indicators of collaboration context
and integrate them into a collaboration context ontology to enhance human-related collaborations into Industry 4.0. We then

show how to use it in generating context-aware collaborator recommendations.

Keywords Human-related collaboration - Collaboration context ontology - Information interoperability - Industry 4.0 -

Context-aware recommendation

1 Introduction

Industrial revolutions upgrade production by providing
new supports in the manufacturing process. The first three
industrial revolutions have brought steam, electronic and
automated machines to humans (Tay et al. 2018), empow-
ering humans to respectively work with these supports on
production lines. With the fourth revolution—Industry 4.0,
intelligent machines become available (Schumacher et al.
2016). Humans are allowed to produce in a more flexible and
efficient manner by working with other humans and/or intel-
ligent machines on production lines. During such processes,
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both humans and machines aim to achieve a common goal:
manufacturing the required products. Thus, human-related
collaborations are formed, including human-to-human and
human-to-machine collaboration.

As a group work pattern, a collaboration involves at
least two collaborators (Li et al. 2018), which can be either
humans and/or intelligent machines in Industry 4.0. While
collaborating, they adjust their own activities to attain com-
mon goals (Patel et al. 2012) that would be difficult or costly
to reach when compared to working individually. Thus, col-
laboration is an indispensable and efficient way of working
(Mattessich and Monsey 1992), which is thus critical for
greater productivity in manufacturing (Schuh et al. 2014).
Particularly in Industry 4.0, human-related collaborations
on production lines belong to the vertical system integration
(Saucedo-Martinez et al. 2018; Alcacer and Cruz-Machado
2019) which combines systems related to production lines.
Thus, a digital ecosystem (Nayyar and Kumar 2020) is
formed in Industry 4.0, where humans and machines col-
laborate in digital production.

Given that a digital ecosystem is a System of Informa-
tion Systems (Saleh and Abel 2016), Industry 4.0 can also
be seen as a System of Information Systems. Accordingly,
humans and machines are heterogeneous information
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systems, which lead to poor information interoperability
between them. Besides, these systems also need to process
relevant information for achieving transparency in their
collaborations on production lines. However, the massive
quantity of such information (Weyer et al. 2015) leads to
information overload, weakening the effectiveness of their
collaborations and decreasing productivity. Therefore,
one of the current issues is how to facilitate these human-
related collaborations into Industry 4.0.

To solve this issue, it is necessary not only to improve
information interoperability between heterogeneous sys-
tems, but also to generate recommendations for humans by
filtering out irrelevant information. These recommenda-
tions are expected to assist humans in analyzing and facili-
tating their collaborations in Industry 4.0. To this end,
various indicators that may impact collaborations must be
considered, such as collaborators (Mattessich and Monsey
1992; Patel et al. 2012), resources (Mattessich and Monsey
1992; San Martin-Rodriguez et al. 2005), and goals (Mat-
tessich and Monsey 1992; Patel et al. 2012; Oliveira et al.
2011). However, it is insufficient to just deal with these
impacting indicators. As a special indicator, the context
of the collaboration also has an impact on other indica-
tors (e.g., activity, resources). Here, context indicates any
characteristic information that can be used to describe the
situation of an entity (e.g., human, object, event) (Li et al.
2018, 2019). In our research, the entity is the collabora-
tion, a macro entity composed of certain indicators. Thus,
in addition to concentrating only on the indicators, con-
sidering them within the context is necessary to assess
and therefore facilitate collaborations (Taylor-Powell
and Rossing 2009). As part of our research, we propose
to integrate these indicators into a collaboration context
model and employ this model in generating context-aware
collaborator recommendations to enhance human-related
collaborations into Industry 4.0.

While constructing the collaboration context model, we
are interested in adopting ontology. On the one hand, one
method to improve information interoperability is applying
a common language to describe information so that it can
be interpreted by different systems (Bowen and Sahin 2010).
The establishment of a common knowledge base using
ontology in a System of Information Systems (Saleh and
Abel 2016) proves that ontology is a such language. On the
other hand, ontology is also a machine-interpretable (Obrst
2003) and reasonable (Heflin 2004) knowledge representa-
tion. This enables both humans and machines in Industry 4.0
to interpret the context of collaboration.

Therefore, we intend to construct a collaboration context
ontology. This ontology can improve information interop-
erability and define the indicators that are used to generate
context-aware collaborator recommendations for humans to
enhance human-related collaboration into Industry 4.0.
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Fig.1 Nine key pillars of Industry 4.0 [adapted from Tay et al.
(2018), Saucedo-Martinez et al. (2018) and Alcacer and Cruz-
Machado (2019)]

The remainder of this paper is organized as follows. Sec-
tion 2 introduces Industry 4.0 and System of Information
Systems. Besides, we also analyze impacting indicators of
collaboration, make a survey of approaches to model context
and investigate context-aware recommendations (cf. Sect. 2).
We then present the collaboration context ontology and how
to use it in generating context-aware collaborator recom-
mendations (cf. Sect. 3). Section 4 discusses the advantages
and disadvantages of the collaboration context ontology.
Finally, some conclusions and future work are put forward
(cf. Sect. 5).

2 Related work

Section 2.1 introduces Industry 4.0 and its relation with
collaborations. Then the notion of System of Information
Systems is studied from the perspectives of its origins and
features (cf. Sect. 2.2). After, we analyze impacting indica-
tors of collaboration and discuss the collaboration context
(cf. Sect. 2.3). Section 2.4 investigates different approaches
of context modeling. Finally, context-aware recommenda-
tions are presented (cf. Sect. 2.5).

2.1 Industry 4.0 and collaborations
Industry 4.0 describes the future of global manufacturing

with intelligent and digital production (Nayyar and Kumar
2020; Brettel et al. 2014). It seeks to produce more efficiently
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and less costly through nine key pillars (see Fig. 1), includ-
ing (1) big data and analytics; (2) autonomous robots; (3)
simulation; (4) horizontal and vertical system integration;
(5) the industrial internet of things; (6) cyber-security; (7)
additive manufacturing; (8) augmented reality; (9) cloud
computing (Tay et al. 2018; Saucedo-Martinez et al. 2018;
Alcécer and Cruz-Machado 2019).

These nine key pillars connect with each other to inte-
grate intelligent machines and humans into production lines
(Schumacher et al. 2016). For example, the industrial Inter-
net of Things enables production sectors (i.e., production
lines, products, and machines) to be digitized with sensitive
devices and connected with human (Tay et al. 2018; Alcacer
and Cruz-Machado 2019). It can also help to gather relevant
information on entire production lines (Tay et al. 2018).
Such information is too enormous so that its processing and
storing require the use of Cloud Computing and Big data.
This makes the producing process transparent (Weyer et al.
2015; Salkin et al. 2018). Besides, Cyber-security is used to
protect the information on production lines.

In addition, while the horizontal system integration builds
a network of enterprises along the whole value chain from
suppliers to customers, the vertical system integration organ-
izes and controls processes from the production to the dis-
tribution of products or services (Tay et al. 2018; Alcacer
and Cruz-Machado 2019; Salkin et al. 2018; Schuh et al.
2014; Camarinha-Matos et al. 2017). Particularly, the verti-
cal integration creates a combination of hierarchical subsys-
tems relevant to production lines (Tay et al. 2018; Alcacer
and Cruz-Machado 2019; Salkin et al. 2018; Schuh et al.
2014; Camarinha-Matos et al. 2017), where the subsystems
(e.g. management systems and logistic system) are digitized
and connected through using the other eight pillars. Through
such integration, all production lines within a factory can
be controlled and organized intelligently (Suri et al. 2017;
Camarinha-Matos et al. 2017; Salkin et al. 2018). In doing
so, smart factories (Salkin et al. 2018) are achievable with
flexible production lines (Tay et al. 2018), which can be
reconfigured to cope with different types of products (Nay-
yar and Kumar 2020), such as small-lot sizes and customized
products (Salkin et al. 2018). This signifies that within verti-
cal integration, humans and intelligent machines can work
together on production lines to manufacture products based
on customers’ orders.

Specifically, the manufacturing processes on production
lines are considered as collaborations between humans and/
or intelligent machines, instead of other similar concepts,
such as cooperation and teamwork. In a collaboration, its
members must have one or more common goals. They are
willing to adjust their own activities and share their respon-
sibilities to achieve these goals, such as coordinating (Li
et al. 2018; Patel et al. 2012; San Martin-Rodriguez et al.
2005; Camarihna-Matos and Afsarmanesh 2008). However,

the members of a cooperation do not share responsibilities or
necessarily have a common goal (Hoc 2001; Piaget 1977).
Cooperation emphasizes the interference between members’
goals and makes use of such interference to facilitate mem-
bers’ activities (Hoc 2001; Millot and Hoc 1997). Particu-
larly, this interference can be positive (e.g., compatible or
common goals) or negative (e.g., conflicts between goals)
(Millot 2007; Camarihna-Matos and Afsarmanesh 2008). On
production lines, both humans and intelligent machines aim
to manufacture certain products required in orders, which
are their common goals. To achieve such goals, they interact
with each other to jointly plan, implement, and evaluate their
activities, such as making decisions. This implies that such
manufacturing processes involve sharing risks, resources,
and responsibilities, which are therefore more than coop-
eration. Besides, teamwork emphasizes its members and
their various activities, including collaborative activities
and individual activities (Salas et al. 1995). In our research,
we focus on analyzing activities during the manufacturing
process of an order, not including individual activities that
are irrelevant to manufacturing. Therefore, we consider the
manufacturing process of an order within vertical integration
as a collaboration where at least two collaborators carry out
activities to achieve a common goal (Li et al. 2018). Notably,
three types of collaborations are available: human-to-human,
human-to-machine and machine-to-machine collaborations
(Hermann et al. 2016). In our research, we focus on human-
to-human and human-to-machine collaboration on produc-
tion lines, which can be summarized as human-related col-
laboration within vertical integration.

However, achieving vertical integration requires replac-
ing or upgrading all machines on production lines, until
a digital ecosystem is attained (Nayyar and Kumar 2020;
Salkin et al. 2018). Such a digital ecosystem includes all
intelligent machines and humans involved in the production
lines. This implies that Industry 4.0 is a digital ecosystem
where humans and/or machines collaborate at a high level of
digitization to accomplish production. Therefore, for better
production, we need to facilitate these human-related collab-
orations on production lines into Industry 4.0. For this pur-
pose, effective transfer and communication of information
between humans and/or machines are indispensable (Qin
et al. 2016). This signifies that humans and machines can
be regarded as independent systems handling information.
Together, they can form a System of Information Systems
(SolIS) (Saleh and Abel 2016). With the aim to have a high-
level understanding of the relationship between Industry 4.0
and SolS, SolS should also be explored.

2.2 System of information systems (SolS)

A SolS is a special type of system of systems (SoS). A SoS
is an integrated network of systems that are heterogeneous
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Fig.2 An example of SolS: internet

and independently operable on their own, but are networked
together for a common goal (Jamshidi 2008). In other words,
a SoS can be separated into two parts: component systems
(which are those independent and heterogeneous systems)
and a global system (which is the result of gathering the
component systems) (Assaad et al. 2016). Particularly, if
each component system in a SoS is an information system,
such a SoS is a SolS (Saleh and Abel 2016).

Hence, the specificity of SolS lies in the difference
between the information system and other systems. An
information system contains a set of interrelated components
that perform activities for collecting, processing, storing and
distributing information, while a system is a set of elements
dynamically interrelated to perform activities aiming at
achieving a specific goal (Neto et al. 2017). In comparison,
the unique character of the information system lies in its
high relevance to the information. Thus, the characteristics
of SolS are also relevant to the information. A SolS uses
information from separated systems to aggregate existing
services and produce new ones. For example, the Internet is
a SolS that contains different information systems providing
various services to users (see Fig. 2).

Particularly, Saleh and Abel (2016) pointed out that a
SolS can be considered as a digital ecosystem by treating
the component systems as digital species. This relationship
between SolS and the digital ecosystem signals that, as a
digital ecosystem, Industry 4.0 is also a SolS. Thus, intel-
ligent machines and humans are autonomous component
systems in a SolS. They collaborate on production lines to
manufacture certain products following customers’ orders.
Based on the requirements in orders (i.e., goals of their col-
laborations), these component systems can be identified for
adding and/or removing in such a SolS by the human manag-
ers that are responsible for the corresponding orders. These
identified component systems are heterogeneous because of
the huge disparity between humans and machines, which
create barriers to information exchange. This leads to poor
information interoperability between heterogeneous systems
in Industry 4.0, and thus has a negative impact on produc-
tion efficiency.

To solve this issue, one method is to create a common
language for describing data, where each information system
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can represent its data such that other systems may interpret
(Bowen and Sahin 2010). Hence, it is necessary to apply a
language into Industry 4.0, which can be interpreted by both
humans and machines.

However, it is not enough to only consider interpreta-
tions of humans and machines. This language should also
be able to define and represent indicators (e.g., goals) for
analyzing and facilitating collaborations, which is crucial
to enable the adjustment of humans and machines on pro-
duction lines, thus enhancing human-related collaborations
within vertical integration (Camarinha-Matos et al. 2017).
Without such indicators, humans need to make decisions on
their own during collaborations from unfiltered and over-
loaded information about collaborations. Therefore, we need
to explore and identify these impacting indicators in the con-
text of collaboration.

2.3 Impacting indicators of collaboration
and collaboration context

With a common goal to achieve (Mattessich and Monsey
1992; Patel et al. 2012; Oliveira et al. 2011; Li et al. 2018),
a collaboration involves two or more collaborators and com-
prises a set of their activities (Li et al. 2018). To investi-
gate indicators that can influence collaboration, a literature
review of previous studies, including Hara et al. (2003),
Bruneel et al. (2010), San Martin-Rodriguez et al. (2005),
Patel et al. (2012) and Mattessich and Monsey (1992), was
performed in one of our previous papers: Li et al. (2019). A
summary of the results is reported in this section.

These previous studies (Hara et al. 2003; Bruneel et al.
2010; San Martin-Rodriguez et al. 2005; Patel et al. 2012;
Mattessich and Monsey 1992) seek to analyze and facilitate
collaborations through several indicators. Each concerns
on the indicators in its own field of research, which is why
these indicators are so diverse. Sometimes, certain indicators
are not universal and cannot qualify collaborations in other
fields. For example, research work connections (Hara et al.
2003) is only suitable for scientific collaborations. In com-
mercial collaborations, this indicator is no longer adoptable.
Other similar indicators include inter-organizational trust
(Bruneel et al. 2010) and business climate (Patel et al. 2012).

Moreover, all research methods in these previous stud-
ies (Hara et al. 2003; Bruneel et al. 2010; San Martin-
Rodriguez et al. 2005; Patel et al. 2012; Mattessich and
Monsey 1992) can be divided into two main classes: (1)
directly explore indicators, e.g., (Hara et al. 2003; Bruneel
et al. 2010); (2) integrate indicators into different levels by
grouping/categorizing, e.g., (Mattessich and Monsey 1992;
San Martin-Rodriguez et al. 2005; Patel et al. 2012). Such a
difference indicates that each indicator has a specific impact
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on collaboration. And its impact depends on the domain of
collaboration.

Besides, many shared indicators are identified and sum-
marized as below, based on (Patel et al. 2012; Mattessich
and Monsey 1992; San Martin-Rodriguez et al. 2005; Hara
et al. 2003; Bruneel et al. 2010):

e Goal: This is essential for collaborations and is men-
tioned by the definitions of collaboration in Liu et al.
(2018). A goal can refer to desired outcomes, products,
or states but must be shared by collaborators.

e Collaborators: This is also basic for collaboration, which
signifies members of a collaboration. In some cases, it
can be represented by a group of indicators that are used
to describe a collaborator, including relationships and
compatibility with other collaborators, individual activi-
ties/experiences, individual abilities/skills, and trust. Par-
ticularly in Industry 4.0, a collaborator refers to either a
human or an intelligent machine.

e Activity: This indicates the actions that collaborators
take to progress towards the goals of collaboration. This
consists of collaborators’ individual actions and interac-
tions with other collaborators, such as coordination for
sub-tasks and decision-making. Specifically, collabora-
tors’ individual actions that are not directly related to col-
laboration are not considered here, but in collaborators
above.

e Resources: This covers various forms of assets used to
support collaborations, such as documents, tools, tech-
nologies.

e Context: This involves the surroundings of collaboration
that do not define the collaboration but are closely tied
to and influence it. It can be a cultural, organizational,
or environmental indicator. For example, if humans col-
laborate with intelligent machines on a production line,
then the location and surroundings of the production line
belong to this kind of indicator when belonging to envi-
ronments of collaborations. And they have an effect on
humans’ activities and effectiveness of their collabora-
tion in Industry 4.0.

While these indicators have some similarities and differ-
ences, they complement each other to some extent. For
example, collaborators can achieve shared control dur-
ing collaborations using their abilities/skills and activities
(Flemisch et al. 2019). In other words, jointly considering
collaborator and activity helps describe another feature of
collaboration (i.e., shared control). Thus, the collaboration
is not determined by a single indicator, but by the integra-
tion of all these indicators. In turn, such indicators can assist
in the assessment of collaboration and suggest adjustments
accordingly. That is, refining these indicators can directly
or indirectly facilitate collaboration. For instance, Liu et al.

(2018) tried to encourage scientific collaborations by recom-
mending collaborators.

Besides, goals, collaborators, activities, resources, and
context are five key indicators, which implies common fea-
tures of collaboration from the above analysis. Particularly,
the indicator context is so complex that it may influence
other indicators by influencing collaborators’ behaviors,
such as activity (collaborators’ actions) and resources (their
used tools). It also has an impact on both the actual process
and the effectiveness of collaboration (Patel et al. 2012).
This necessitates taking these indicators into account within
the context rather than merely integrating them together.

Therefore, we focus on collaboration context, which is
identified by the definition of context (Dey 2001): context
is any information that can be used to characterize the situ-
ation of an entity. An entity is a person, place, or object that
is considered relevant to the interaction between a user and
an application, including the user and applications them-
selves. Particularly in Industry 4.0, we consider the entity
as a human-related collaboration on production lines. Any
information that can be used to characterize the situation of
a human-related collaboration on production lines belongs to
the collaboration context, whether it concerns all or part of
the production lines. Defining a collaboration context model
can deepen the comprehension of collaboration and facilitate
it (Li et al. 2019). However, in Industry 4.0, heterogeneous
information from diverse systems on production lines places
higher demands on context modeling, requiring us to inves-
tigate different approaches of developing the collaboration
context model.

2.4 Context modeling

A large number of context modeling approaches were pro-
posed. Based on the scheme of data structures, Strang and
Linnhoff-Popien (2004) classified six approaches of con-
text modeling, as follows: key-value model, markup model,
graphical model, object-oriented model, logic-based model,
and ontology-based model. Moreover, Bettini et al. (2010)
added a spatial model that concentrates on the location
information.

Particularly, ontology provides a formal and explicit
structure for manipulating domain-specific knowledge or,
more broadly, knowledge bases. An ontology-based model
specifies a shared, agreed, and detailed conceptualization
of information (Gruber 1993; Du et al. 2019; Munir and
Anjum 2018). Based on Du et al. (2019), Negre (2017) and
Strang et al. (2003), an ontology-based model includes two
components (see Fig. 3):

1. T-Box defines the nature of concepts (classes of sub-
jects) and their interrelationships that constitute model.

@ Springer



80

Cognition, Technology & Work (2022) 24:75-91

locates at
T-Box Location Person
J A

Location_1
— locates at Person_1
A-Box Building: Gl <
Layer:1 Name: Siying LI
Number: 136

Fig.3 An example of the user’s location represented by an ontology-
based model

2. A-Box explains the relationships between instances of
the concepts and relations that are defined in T-Box.

By splitting into two components, ontology-based models
are able to reuse the T-Box component in existing ontolo-
gies. Specifically, ontologies that are fully documented' can
provide useful input for ontology reuse.

Ontology-based models also offer flexibility and extensi-
bility in distributed systems by supporting distributed stor-
age and multi-author creation (Strang et al. 2003). The avail-
able reasoning tools of ontology can check both consistency
and completeness (Bettini et al. 2010; Strang and Linnhoff-
Popien 2004). This implies that such a model is machine-
interpretable, which signifies that ontology is a common lan-
guage for both humans and intelligent machines in Industry
4.0. Therefore, applying ontology in the SolS, Industry 4.0,
can ease information communications between heterogene-
ous systems (humans and machines) and thus achieves better
information interoperability. This viability is evidenced by
the fact that ontology was implemented in a SolS to interpret
the information gathered from various information systems
(Saleh and Abel 2016).

Besides, ontology has already been used to conceptual-
ize and formalize context. Gu et al. (2004) developed an
ontology-based context model in intelligent environments.
Moreover, Yu et al. (2007) modeled user context ontology
for e-learning. Strang et al. (2003) proposed Context Ontol-
ogy Language (CoOL) to enable context-awareness and con-
textual interoperability in a distributed system. However,
to the best of our knowledge, there is no existing ontology
about collaboration context.

Regarding context as a specific type of knowledge (Bettini
et al. 2010), ontology-based modeling approach is favored
among all mentioned approaches, because of its reusabil-
ity, flexibility, extensibility, and interpretability. Thus, we
decide to build a collaboration context ontology and employ
it in generating context-aware recommendations to enhance
human-related collaborations into Industry 4.0.

! https://www.w3.org/wiki/Good_Ontologies.
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2.5 Context-aware recommendation

Recommendations are generated through recommender sys-
tems (RS) that are designed and applied to find the informa-
tion most relevant to users’ needs and transfer it to users
(Nunes and Jannach 2017). Typically, RSs deal with two
dimensions of data: users and items (Adomavicius et al.
2005). Here, items is the general term to indicate the objects
that RS recommends to users, while users indicates peo-
ple who will receive these recommended items (Ricci et al.
2011). For example, in Industry 4.0, intelligent machines
can be recommended to humans for manufacturing certain
products. An item refers to a machine, a user as a human.

To provide recommendations, RSs need to identify and
sort items by their utilities (ratings) (Ricci et al. 2011) that
indicate how a particular user preferred a specific item
(Adomavicius and Tuzhilin 2005). Thus, the core task of
RS is: given an initial set of ratings that users explicitly or
implicitly give for items, RSs try to calculate/compare items’
unknown/missing ratings and decide which items to recom-
mend, by storing and applying known ratings of items (Ricci
et al. 2011; Adomavicius and Tuzhilin 2011).

Adomavicius and Tuzhilin (2005) modeled utility (rating)
function of the RSs with two dimensions of data (written as
2D RS in the following part of this paper) as follows:

Ryprs © User X Item — Rating (1)

where Rating is a totally ordered set (e.g., non-negative inte-
gers or real numbers within a certain range).

Recently, a new branch of RS, Context-Aware Recom-
mender System (CARS), was proposed by Adomavicius
et al. (2005). A CARS is constructed by incorporating con-
text into recommendation generating processes, which can
result in more accurate recommendations (Palmisano et al.
2008), namely context-aware recommendations.

CARS aims to recommend items to users (Ricci et al.
2011) based on contexts. Here, context is any information
that can be used to characterize the situation of users, items,
or interaction between users and items (Dey 2001). In the
above example, context refers to the fact that certain prod-
ucts need to be manufactured by humans and/or machines
on production lines. Based on the three dimensions of
data: user, item, and context, utilities (ratings) of items in
CARS indicate how a particular user preferred a specific
item (Adomavicius and Tuzhilin 2005) in a certain context.
Therefore, the rating function of a CARS is (Adomavicius
et al. 2005):

Rcags @ User x Item X Context — Rating )

As part of our research, context in Eq. (2) indicates the col-
laboration context. In other words, the collaboration con-
text is implemented and applied in a CARS to recommend
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items for a particular human in Industry 4.0. Here, an item
is a collaborator, either an intelligent machine or another
human. Accordingly, a rating of collaborators signifies how
a particular human preferred to collaborate with a specific
collaborator in a certain context of collaboration. Through
humans’ known ratings of collaborators, it is possible to
predict those unknown ratings and thus recommend collabo-
rators with higher ratings to humans. These context-aware
collaborator recommendations are intended to suggest col-
laborators for humans, with the aim of enhancing human-
related collaborations on production lines and thus leading
to more efficient production in industry 4.0.

3 Contributions

We consider Industry 4.0 as a System of Information Sys-
tems (SolS) (cf. Sect. 2). In such a SolS, component sys-
tems are heterogeneous information systems, which can be
humans and/or intelligent machines. These systems collabo-
rate on production lines to manufacture products based on
customers’ orders. From their collaborations, massive and
heterogeneous information can be collected, thus resulting in
poor information interoperability and information overload.
This affects the efficiency of their collaborations and leads to
less production. To enhance such collaborations into Indus-
try 4.0, we make the choice to construct a collaboration con-
text ontology that can improve information interoperability
and define specific indicators for generating context-aware
collaborator recommendations.

Therefore, Sect. 3.1 identifies the indicators of collabora-
tion context. We then explain the modeling of these indica-
tors in the collaboration context ontology, MEMOR Ae-Col-
laboration-Context (MCC) (cf. Sect. 3.2). Finally, Sect. 3.3
presents and demonstrates how MCC can be employed to
describe the collaboration and generate context-aware col-
laborator recommendations, thus facilitating human-related
collaborations into Industry 4.0.

3.1 Indicators of collaboration context

As analyzed in Sect. 2.3, five key indicators that signify
common characteristics of collaboration are identified: goal,
collaborator, activity, resource, and context. Particularly, the
special impact of context demands to consider the other four
indicators within the collaboration context. In other words,
the other four indicators (goal, collaborator, activity, and
resource) also serve as indicators of collaboration context.
Furthermore, considering the complexities of the indica-
tors and their impacts on collaboration, they can be catego-
rized in two different levels: indicator and indicator group
(group of indicators). Due to the critical impact of the four
indicators (Goal, Collaborator, Activity, and Resource), we

handle them as four indicator groups in the collaboration
context ontology. Each indicator group consists of several
relevant indicators. For example, the indicator group Activ-
ity may include indicators like activity type and actor.

Besides, the collaboration context involves any informa-
tion that can be used to characterize the situation of col-
laboration over a given period (Li et al. 2018, 2019). As two
basic characteristics, the temporal and spatial information
of the collaboration can also be expressed by two indica-
tor groups: Time and Location. Since collaborations are
connected, we also define an indicator group Relation to
encompass the indicators that are relevant to these relation-
ships between collaborations. Finally, the indicator group
Satisfaction allows collaborators to give their personal views
about the collaboration.

Therefore, eight indicator groups are proposed to facili-
tate collaboration: goal, collaborator, activity, resource,
time, location, relation, and satisfaction. The indicators asso-
ciated with each indicator group are summarized as follows.
Particularly in Industry 4.0, the indicator group Collabora-
tor can support the representation of humans and intelligent
machines in human-related collaborations.

1. Goal includes desired products from the collaboration.

2. Collaborator is represented by collaborator’s abilities
and demographic information.

3. Activity specifies type, actors, resources involved, time,
and location in activities.

4. Resource covers resources’ types, and identifications.

5. Time contains start time and end time of the collabora-
tion.

6. Location holds all places involved during the collabora-
tion with their identifications, types and corresponding
geographical information, such as longitude and latitude.

7. Relation has other related collaborations and their rela-
tionships with the collaboration.

8. Satisfaction provides collaborator’s degrees of satisfac-
tion and comments about the collaboration.

To define and represent these indicator groups and associ-
ated indicators in the collaboration context ontology, it is
necessary to explore how to deploy them in an architec-
ture of context model. Based on an architecture structured
by three interdependent concepts (contextual information,
factor and dimension) (Li et al. 2018) (see the left side of
Fig. 4), a contextual dimension of collaboration can be
transformed as an indicator group. Thus, a contextual factor
equals an indicator whose value is represented by the corre-
sponding contextual information (Adomavicius and Tuzhilin
2011). For example, for the indicator start time in the indica-
tor group Time, its value is 01/02/2020. Hence, with such
a transformation, the collaboration context ontology should
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Fig.4 From an architecture of context models to the architecture of
the collaboration context ontology (Li et al. 2019)

be developed following the architecture presented on the
right side of Fig. 4.

3.2 Modeling indicators in the collaboration
context ontology

To model the eight indicator groups (goal, collaborator,
activity, resource, time, location, relation, and satisfac-
tion) in the collaboration context ontology, we first need
to describe the entity (i.e., collaboration) based on the
architecture shown on the right side of Fig. 4. Given that
a collaboration consists of a common goal and at least two
collaborators, the collaboration context ontology MEMO-
RAe-Collaboration-Context (MCC) employs user groups to
represent collaborations: a user group has a goal and at least
two members that hold their accounts to access different
information systems in a SolS.

Then, it is necessary to link the user group with the eight
indicator groups. While modeling them in MCC, the reus-
ability of ontology greatly simplifies this process and saves
effort by extending other existing ontologies. This implies
that these existing ontologies can be integrated into MCC.
Thus, we explore two existing ontologies of collaboration:
MEMORAe-Core2 (MC2) (Abel 2008, 2015; Wang et al.
2016) and MEMORAe-SoIS (MS) (Saleh and Abel 2017).

e MC?2 aims to support the collaborations between users
in a web-based collaborative platform (Abel 2008, 2015;
Wang et al. 2016). These collaborations occur in organi-
zations that are considered as collections of humans
belonging to groups. Thus, MC2 concentrates on three
main modules (Deparis et al. 2014; Wang et al. 2016):
individuals and groups of individuals, resource, and
activity.

e Extended from MC2, MS provides assistance for col-
laborations happening in a SoIS (Saleh and Abel 2017).
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Within MS, users can interact with different resources
coming from separated information systems. Thus, MS
concerns about two main modules: resource and activity.

Specifically, MC2 establishes the fundamental modules for
collaborations between users in organizations. MS deals
with users’ collaborations in a SoIS by accounting for the
complexity and diversity of resource systems. Both MC2 and
MS are close to our focus: human-related collaborations in
Industry 4.0 considered as a SolS. Such proximity signifies
that MC2 and MS are worth reusing to construct MCC. Plus,
they have been validated and proved by developing web plat-
forms (Abel 2015; Wang et al. 2016; Saleh and Abel 2017).

Besides, the mains modules of MC2 and MS already
cover three indicator groups. Particularly, Individuals and
groups of individuals module corresponds to the indicator
group Collaborator by specifying users and groups. The
other two modules match the two indicator groups with same
names: resource and activity. Note that these three indicator
groups are not fully represented in MC2 and MS, suggesting
they need extra modifications in MCC.

Therefore, MC2 and MS are indispensable to MCC. This
necessitates that four other ontologies reused by MC2 and
MS should also be integrated into MCC, including: FOAF,?
PROV,’ SIOC," and VCard.’

Within these existing ontologies (MC2, MS, FOAF,
PROV, SIOC, and VCard), MCC defines collaboration using
a concept of user group, mcc:UserGroup (see Fig. 5). Sur-
rounding mcc:UserGroup (marked with a circle), the eight
indicator groups (goal, collaborator, activity, resource, time,
location, relation, and satisfaction) are represented by dif-
ferent concepts and/or their interrelationships in MCC, as
specified with rectangles in Fig. 5.

3.3 Useinindustry 4.0

To demonstrate the usage of MCC, a scenario of human-
related collaboration on production lines in Industry 4.0 is
provided. We then explain how MCC can be applied to rep-
resent the collaboration in the scenario and enhance it by
generating context-aware collaborator recommendations to
humans.

A scenario of collaboration in Industry 4.0 As a smart
beverage factory, CokeX focuses mainly on the beverages
production. Meantime, It also accepts customized orders
from its clients. Particularly, CokeX produces three different
beverages: CoKel, CoKe2, and CoKe3. Each beverage may

2 http://xmlns.com/foaf/spec/.

3 https://www.w3.org/TR/prov-overview/.

4 https://www.w3.org/Submission/sioc-spec/.
5 https://www.w3.org/TR/vcard-rdf/.
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Fig.5 Eight indicator groups in MCC (T-Box component)

Table 1 Summary of production lines in CokeX

Table 2 Summary of employees in CokeX

Pro- Ingredient Product
duction
line
A Water, phosphoric acid CoKel, no sugar

Water, caffeine CoKe2, no sugar
B Water, caffeine CoKe2, no sugar

Water, phosphoric acid, CoKe3, no sugar

caffeine

C Water, phosphoric acid CoKel, no sugar
S Sugar, coke Coke, normal or double sugar
T Sugar, coke Coke, normal or double sugar

contain different amounts of sugar: no sugar, normal sugar,
and double sugar. However, CokeX does not offer different
flavors of the three beverages, such as cherry CoKel. If such
beverages are required by clients’ orders, then the product
development department needs to work with the production
department for creating special flavors of beverages.
CokeX owns five production lines in the production
department. Specifically, three lines serve to manufacture
no-sugar beverages and two lines control amounts of sugar
in beverages. When operating, each production line requires
one employee to supervise it and check product quality.
Moreover, the ingredients on all production lines are con-
trolled by an ingredient management software. A summary
of these lines is presented in Table 1. Particularly, the three

Employees Responsibility

Antoine Supply ingredients for beverage production
Benoit Develop different beverage flavors

Claude Operate and supervise production line A, B and C
Dominique Operate and supervise production line B and C
Emilie Operate and supervise production line B
Guillaume Operate and supervise production line S

Julien Operate and supervise production line T

lines (A, B, and C) occupy the second floor, while the other
two lines (S and T) are situated on the first floor.

Besides, there are seven employees working in CokeX. A
summary of these employees is presented in Table 2.

Recently, CokeX received two orders from a client, Uni-
LAB. UniLAB purchased 150 bottles of CoKel (normal
sugar), CoKe2 (normal sugar), and CoKe3 (normal sugar)
on December 16, which was already completed by Antoine,
Claude, Dominique, and Emilie with production line A, B,
C, and S on December 30. On January 19, UniLAB placed a
customized order, including: 70 bottles of CoKel (no sugar),
70 bottles of CoKel (double sugar), 100 bottles of CoKe2
(no sugar), and 40 bottles of CoKe3 (double sugar). Once
the customized order was received, Antoine, Claude, Emilie
and Guillaume immediately collaborated on production line
A, B, and S to produce the required beverages. However, on
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Fig.6 The group collaborator
in MCC (T-Box component) (Li
et al. 2019)
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January 24, the customized order was updated by adding:
60 bottles of CoKel (normal sugar) and 30 bottles of cherry
CoKe?2 (normal sugar).

MEMORAe-Collaboration-Context (MCC)

As shown in Fig. 5, collaboration is defined through
mcc:UserGroup in MCC. Thus, the human-related col-
laboration of the customized order in the scenario can
be represented by an instance of mcc:UserGroup. Such a
user group provides a group space for four humans (i.e.,
Antoine, Claude, Emilie, Guillaume) and three intelligent
machines (i.e., production line A, B, and S) in CokeX to
interact with each other and access to the available resources
(e.g., ingredients). Every user group is held by a mc2:Group,
equivalent to foaf:Group. A mc2:Group represents a group
of agents in real world. Here, an agent indicate a thing that
do stuff, such as person and intelligent machine. Members of
an mc2:Group can collaborate multiple times, while mem-
bers of a mcc:UserGroup are limited to a single collabora-
tion. Hence, an mc2:Group can create multiple instances of
mcc:UserGroup to stand for different collaborations.

By using the eight indicator groups (Goal, Collaborator,
Activity, Resource, Time, Location, Relation, and Satisfac-
tion), a mcc:UserGroup in MCC is established for a time
period, has a goal and at least two collaborators with their
accounts. These collaborators are agents that are members
of a collaboration, such as humans, groups, organizations
(Li et al. 2018), and intelligent machines, which is detailed
in Fig. 6. In the scenario, the instance of mcc:UserGroup
created for the customized order includes accounts of
Antoine, Claude, Emilie, Guillaume, production line A,
B, and S, rather than themselves. These accounts are man-
aged in the global system of a SoIS. Through their accounts,
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NS FOAF Module SIOC Module VCard Module

collaborators can access to different information systems in
the SolS. In the scenario, Claude can login to his account
to remotely and/or manually check the status of production
line A that is also considered as an information system in
Industry 4.0. Besides, collaborators can carry out different
activities using various resources and provide their degree
of satisfaction with the user group.

Associated with mcc:UserGroup, mcc:Goal represents
the goal of collaboration. It can be composed of anything,
expressed as owl:Thing in MCC. In the scenario, the goal of
the customized order on January 19 is to produce 70 bottles
of CoKel (no sugar), 70 bottles of CoKel (double sugar),
100 bottles of CoKe2 (no sugar), and 40 bottles of CoKe3
(double sugar). To represent this goal in MCC, an instance
of mcc:Goal is built, containing the four required beverages
and held by the user group of the corresponding collabora-
tion (Fig. 7).

Besides, MCC applies MC2, MS, FOAF, SIOC, and
VCard to model the indicator group—Collaborator (see
Fig. 6). Especially, MC2 and VCard aim to construct pro-
files for humans, including their demographic information

rdf:type

#customized_order_UniLAB

mcc:has_goal
Of | 5 ]_mecisC

|_order
of mecisC of

rdf:type

#Goal

C:isCi

of
#CoKe2_normal_sugar|
#CoKe1_no_sugar

) mce
#CoKe1_double_sugar|‘
| mccisC
#CoKe3_double_sugar

Fig.7 The goal of the customized order
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Fig.8 Emilie’s profile

and abilities. In the scenario, to arrange production lines A,
B and S between Antoine, Claude, Emilie and Guillaume,
the profiles of these employees can be consulted. Figure 8
illustrates Emilie’s profile, indicating that she can operate
and supervise production lines B and C. This suggests that
production line B should be assigned to Emilie.

Regarding resources, MC2 defines them as vectors of
information and classifies them into simple and compos-
ite resource Saleh and Abel (2017). In MCC, resources are
still divided into the two categories based on their complex-
ity levels. Particularly, information systems are composite
resources. This is because information systems can not only
be manipulated by collaborators during some activities, but
also store other resources in a SolS. For example, produc-
tion lines need to store some ingredients and/or products
while waiting for product transportation. Notably, these
resources are digitally contained in the information system
where they were originally stocked, whether it is the global
system or a component system in the SolS. Thus, we apply
reference keys to bind these resources with the global sys-
tem. Each reference key is included in the global system
and has an index key that is visible to certain group spaces.
This ties resources to user groups. Through mc2:IndexKey
and ms:ReferenceKey, the global system of SolS can access
and manage heterogeneous resources originating from dif-
ferent systems. In the scenario, the ingredients on production
lines are considered as resources, which are organized by
the ingredient management software via mc2:IndexKey and
ms:ReferenceKey.

As for activities, MCC combines the two activity modules
(in MC2 and MS) together to collect collaborators’ traces.
An activity can utilize and/or generate anything, such as
resources and goals. In the scenario, when UniLAB updates
the customized order, the goal of the corresponding user
group in MCC is therefore modified (see Fig. 9). By reusing
PROV, location information can be specified and attached
to activities. This enables MCC to track which resources
are used in which activity at which location. In the scenario,
ingredients water and phosphoric acid are used by Claude
and production line A to produce CoKel (no sugar) on the
second floor (see Fig. 10).

rdf:type

rdf:type
Mw' #Updating_customized_order_activity M
mccused
rdf:type

Fig.9 Activity of modifying the goal of the customized order
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#Claude

Fig. 10 Activity of producing CoKel

For the other three indicator groups (time, relation and
satisfaction), they are all related directly to mcc:UserGroup.
With them, MCC can register collaborators’ feedback and
analyze relationships between different collaborations. In
the scenario, the collaboration of the customized order on
January 19 is linked to the previous order on December 16.
Thus, the two user groups are connected with each other
(see Fig. 11). Besides, Fig. 11 also demonstrates the com-
mon collaborators, their satisfactions and start time of the
two user groups.

Using MCC, human-related collaborations on produc-
tion lines in Industry 4.0 can be presented around the con-
cept, mcc:UserGroup. Such a concept is linked to the eight
indicator groups (Goal, Collaborator, Activity, Resource,
Time, Location, Relation, and Satisfaction) in MCC. Spe-
cifically, Time, Relation and Satisfaction are directly related
to mcc:UserGroup (see Fig. 5), others indirectly.® Besides,
as an ontological model, MCC can specify all information
by the semantic 3-uple <Subject, Predicate, Object>, such
as <mcc:customized_ order_UniLAB, mcc:startedAtTime,
“19/01/2020> representing the start time of the custom-
ized order. Considering mcc:UserGroup as the subject

6 A summary of the indirect relations between mcc:UserGroup and
the five indicator groups (Goal, Collaborator, Activity, and Resource)
is available in Fig. 12.
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and values of the eight indicator groups as objects, both
direct and indirect relations between mcc:UserGroup and
the eight indicator groups are therefore predicates. Specifi-
cally, for direct relations, a predicate is the relation itself
(e.g., mcc:startedAtTime). Whereas for indirect relations,
a predicate is a succession of relations and associated con-
cepts. For example, the set of mcc:hasGoal, mecc:Goal, and
mcc:isComposedOf is the predicate between mcc:UserGroup
and the indicator group Goal. Concerning such indirect rela-
tions, a distribution of concepts and interrelations according
to their role in the semantic 3-uple is illustrated in Fig. 12.
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Indicator Groups

Therefore, a mcc:UserGroup can be formulated as a set of
such semantic 3-uples.

An instance of mcc:UserGroup ¢ can be represented as a
collection of 3-uple
C= {< c,pij,o; >|g <G, k<8, g,ke N+} .
Pk = {p’;lg <G.g€ N+} (k= 1,2, ... 8)is the set of pred-
icates between the user group c and values of one indicator
group; p’g‘(g <G.k<8,gkeNT)is a predicate between
the user group c¢ and values of indicator groups;
0° = {oglg <G.ge€ N+} is the set of all values of the

Here,
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indicator groups that the user group ¢ has; 0¢ (E 0°) is the
corresponding value of the predicate p G, represents the
number of predicates that the user group c relates; k repre-
sents the 8 types of predicates between the user group ¢ and
values of the eight indicator groups (Goal, Collaborator,
Activity, Resource, Time, Location, Relation, and
Satisfaction).

Based on the semantic 3-uple, the context-aware collabo-
rator recommendation problem in Industry 4.0 is formulated
as:

Given a human u in a user group ¢ (u € O°) containing a
collection of 3-uple
C= {< c,p’;,og > g <G, k<8,gkeNt },thetochol—

laborators that can facilitate u’s collaboration in the user
group ¢ with the highest probabilities will be recommended
to u, either intelligent machines i, (i,, € O°) or humans
i,(i, # u,i, & 0°). Here, based on MCC, i,, and i, are values
of the indicator group Collaborator.

The main steps in generating context-aware collaborator
recommendations’ are as follows:

1. Calculate similarity S(c;, c)(i = 1,2,...,N — 1) between
the user group c and other user groups c;(c; # ¢). Here,
N is the number of all user groups.

2. Rankuser groupsc;(i =1,2,...,N — 1)based on S(c;, ¢)
in decreasing order.

3. Filter out irrelevant intelligent machines i, (i,,  O°) and
humans i,,(i;, # u, i,  O°) that are not involved in ¢; with
the K highest values of S(c;, ¢), then get relevant intel-
ligent machines i/, and humans ).

4. Find the intelligent machine and/or humans with the
MM < K,M € N) highest rating(u, i/ ).

5. Find the human with the K — M highest rating(u, i) ).

6. Recommend/return the intelligent machines with the
M highest rating(u, i/ ) and the humans with the K — M
highest rating(u, 7;) to the human u for facilitating u’s
human-related collaboration in the user group c.

To calculate the similarity between the two collaborations
among members in two user groups, we need to measure the
common values in two sets with different user groups but the
same predicate. Based on Tversky (1977) and Carrer-Neto
et al. (2012), the semantic similarity between the user group
¢ and another user group x is:

0%, 0 05|

S(x, ¢ . =

o 0) = ZZ |OF, N O°,| +alOF, — O, | + p|O°, — O]
Pa Pa Py P P P

=1 a=1
x Weight(P¥)
3

7 Notably, the two different ratings, rating(u, i" ) and rating(u, ), are
the given data. We do not discuss how to obtain them in this paper.

where G,(G, < G., G, € N*) represents the number of pred-
icates that the user group c relates of type k; OC indicates a

z

set of objects of predicate p that the user group c relates;
0" O; denotes the relative complement of OL in 0"‘,

a

IO’C no°¢ o | represents the number of common objects associ-

ated to x and ¢ through the predicate pu Weight(P¥)
expresses the significance of the type of predicate PX in the
formula (k=1,2,...,8);a,f > 0.

Besides, the values of K and M in the steps above are
specified according to the needs of the human u. In our
scenario, we consider K = 2 and M = 1 to illustrate how to
recommend an intelligent machine and a human to a given
human u. Specifically, after updating the customized order
on January 24, an employee and a production line can be
recommended to Antoine for producing the required bever-
ages: 60 bottles of CoKel (normal sugar) and 30 bottles
of cherry CoKe2 (normal sugar). Therefore, the human u
above indicates Antoine, while c refers to the user group of
the customized order.

Besides, UniLAB purchased 100 bottles of CoKel (nor-
mal sugar), 70 bottles of grape CoKe2 (normal sugar), and
60 bottles of CoKe3 (normal sugar) on January 1, which
was already completed by Antoine, Benoit, Claude, and
Dominique with production line A, B and S on January 15.
The user group for this order is represented by ¢,. And ¢,
indicates the other user group for the order on December 19
in the scenario.

Following the steps listed above, we need to calculate
S(cy,c) and S(c,, ¢) for ranking c; and c,. Suppose that
We]ght(Pgoal) — Welght(Pcollaborator) — Welght(Presource) —
a = f = 1, and there is not any common objects of other ﬁve
predicates, so the range of the similarities S(x, c¢) is [0, 1]. We
can also summarize the objects of the three types of predi-
cate (pgoal, peollaborator " apnq presource) 59 shown in Table 3.
Each of the three types has only one predicate. Besides, with
the given ratings in [0, 5], we know rating(u, Benoit) = 4.7
and rating(#, Dominique) = 3.8.

=_2 1 5 1

Then we car:wget S(cy,0) = 1 <3 5+%+2 ;
+4+8+0 X = ? + 0= . @ ~ 0.725 and S(Cz, C) 3255 5
toom X3 T o X3 + 0= = =0.597S(c,;,c) > S(c,,0)

indicates that c, is more s1m11ar to ¢ than ¢,. Particularly, ¢,
has more common objects in the indicator groups Goal and
Collaborator, including: non-regular beverage required by
clients, the same production lines and employees.

Next, the production lines that we can recommend to
Antoine are C and T. Because production lines A, B and
S are already employed in c. Besides, production line T is
filtered out since it does not exist in ¢, or ¢,. Finally, produc-
tion line C will be recommended to Antoine.

As for the humans, Claude, Dominique and Guillaume are
not candidates because they already participated in c. Then,
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Table 3 Summary of objects

User grou Goal
of the three predicates (P2, group

Collaborator Resource

Pcolluboramr and Presourae)
B

c CoKel (no sugar),
CoKel (double sugar),
CoKe?2 (no sugar),
CoKe3 (double sugar),
CoKel (normal sugar),

Antoine,
Claude,
Emilie,
Guillaume
A,B,S

Water, phosphoric acid, caffeine, sugar

cherry CoKe?2 (normal sugar)

c CoKel (normal sugar),
grape CoKe?2 (normal sugar),
CoKe3 (normal sugar)

cy CoKel (normal sugar),
CoKe?2 (normal sugar),
CoKe3 (normal sugar)

Antoine,
Benoit,
Claude,
Dominique
A,B,S
Antoine,
Claude,
Dominique
Emilie
A,B,C,S

Water, phosphoric acid, caffeine, sugar

Water, phosphoric acid, caffeine, sugar

Julien is excluded because he does not appear in ¢, nor in
¢,. Finally, between Benoit and Dominique, a higher value
of rating(u, Benoit) implies that Benoit becomes the most
appropriate employee to help Antoine.

Within MCC, the collaboration context can be integrated
into recommendation generating processes to filter out irrel-
evant collaborators. And the eight indicator groups can be
used to examine the semantic similarity between collabora-
tions, and thus propose context-aware collaborator recom-
mendations to facilitate human-related collaborations into
Industry 4.0.

4 Discussion

The collaboration context ontology MCC is an ontology-
based model that can manage heterogeneous information in
a System of Information Systems (SolS) from a semantic
perspective. This is mainly approached through two parts:
T-Box and A-Box.

Specifically, the T-Box enables us to define a uniform
semantic structure of the information in a SolS. Such a
structure is unconnected to the representation manner or the
language of the information, but is only concerned with its
meaning. In such a structure, different levels of information
representation can be specified in ontologies, e.g., a factory
ontology for describing the responsibilities and functions
of factory departments. Based on this structure of T-Box,
ontology, as a common language in the SolS (Saleh and
Abel 2016), can interpret heterogeneous information from
different information systems. Then, the A-Box instantiates
the matching information into the corresponding instances.
Also, these instances are expressed using ontology, making
them interpretable by the information systems of a SolS.
Thus, the information contained in a SolS can be represented
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in a unified and standardized way, through which useful
knowledge can be reasoned and extracted.

By considering Industry 4.0 as a SolS, useful knowledge
from MCC can support and improve the capacity and adapt-
ability of the manufacturing process on production lines
(Sokolov and Ivanov 2015), thus resulting in more efficient
production. This signifies that MCC serves as a common
knowledge base in Industry 4.0 to interpret heterogene-
ous information and improve information interoperability.
Without MCC or without regarding Industry 4.0 as a SolS,
humans cannot access knowledge obtained from heteroge-
neous information and must make decisions on their own
without any external help during their collaborations. In
our research, MCC is used to represent human-related col-
laborations (i.e., human-to-human and human-to-machine
collaborations) and generate context-aware collaborator rec-
ommendations to humans in Industry 4.0. Meantime, MCC
is also implemented into a SoIS web platform (Saleh and
Abel 2017) which is tested by the students at the Univer-
sity of Technology of Compiegne (UTC) while collaborat-
ing in their courses. This signifies that MCC supports not
only human-related collaborations in Industry 4.0, but also
collaborations nowadays. However, machine-to-machine
collaborations are not concerned in this article, which is
also involved in Industry 4.0. Mainly because intelligent
machines are less in need of recommendations than humans.
Considering recommendations as information-filtering sug-
gestions, machines have better capability than humans in
filtering irrelevant information and in processing a huge
amount of information.

Besides, defining the eight indicator groups of collabora-
tion context (Goal, Collaborator, Activity, Resource, Time,
Location, Relation, and Satisfaction) and their associated
indicators in MCC permits to clarify the characteristics of
collaboration and its context in different phases: (1) to pre-
pare a collaboration, with a well-determined goal, suitable
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collaborators can be found according to their past activities
and abilities presented in MCC; (2) during a collaboration,
the progress of the collaboration can be assessed by com-
paring the distance between the goal and the achievement
to date, which allows collaborators to determine appropri-
ate adaptations; (3) after collaboration, it is possible to
analyze and understand the collaboration from eight dif-
ferent perspectives. These characteristics assist humans to
deepen their comprehension of human-related collaborations
in Industry 4.0, ultimately making it possible to facilitate
human-related collaborations.

Particularly, the assessment of the respective significance
of the eight indicator groups to collaboration is also available
with MCC. Using the semantic 3-uple <Subject, Predicate,
Object>, the occurrence frequencies of the eight indicator
groups in collaboration can be calculated. These frequencies
reflect the significance that indicator groups have in col-
laboration. Besides, through comparing these significations
in collaboration, the different impacts that these indicator
groups have on various collaborations can be shown and
explained. Then, by adjusting the most influential indica-
tor group(s), collaboration can be improved. This type of
work is never included or discussed in previous studies on
collaboration (Hara et al. 2003; Bruneel et al. 2010; San
Martin-Rodriguez et al. 2005; Patel et al. 2012; Mattessich
and Monsey 1992).

In addition, MCC can also be broadened by defining other
concepts that are relevant to collaboration. For instance,
competitive activities (Vanderhaegen et al. 2006) and learn-
ing process (Vanderhaegen 2012) are linked with collabora-
tions, which can therefore serve to extend MCC and provide
a fuller coverage of the manufacturing process on production
lines in Industry 4.0.

Lastly, generating context-aware collaborator recom-
mendations to enhance collaboration becomes possible
because of the collaboration context defined in MCC. Such
recommendations were already produced by other studies.
For instance, Liu et al. (2018) concentrated on context-
aware academic collaborator recommendations to support
scientific collaborations. However, these previous studies
usually focus on either user context or item context. None
of them takes into account users and items together. With
the collaboration context represented in MCC, users and
items are considered jointly in collaboration. This deep-
ens the comprehension of both users and items in context-
aware collaborator recommendation problems. Particularly,
through comparing the similarity between two collabora-
tions, the recommended items must have involved in simi-
lar collaboration(s) in terms of the eight indicator groups.
This explains the context-aware recommendations based
on MCC, such as “human X is recommended because X
has collaborated with others for a similar goal and applied
some similar resources”. However, these recommendations

have a serendipity problem (De Gemmis et al. 2015): the
recommended items are not ‘surprising’ to users. This leads
to insufficient diversity of recommendations: it is often the
same items that are recommended to users. Based on the rec-
ommendation generating process, each item recommended
to the user must have involved in collaborations with high
similarities. Such items are obvious to facilitate users’ col-
laborations, but not the good ones. The items that have not
involved in the same collaborations with the user should
also be included in the recommendation generating process,
which may result in surprising and diverse recommenda-
tions. Besides, the collaboration context in MCC also offers
the opportunity to generate multi-context recommendations
by applying it with user context and/or item context.

5 Conclusion and future work

Considering Industry 4.0 as a System of Information Sys-
tems, humans and intelligent machines face problems while
collaborating on production lines: poor information inter-
operability and information overload. To facilitate these
human-related collaborations into Industry 4.0, we propose
to develop a collaboration context ontology and employ it for
generating context-aware collaborator recommendations to
humans. This collaboration context ontology not only ena-
bles better information interoperability between heteroge-
neous information systems (whether humans or intelligent
machines), but also defines eight indicator groups of the col-
laboration context that can support generating context-aware
collaborator recommendations. Particularly, these indicator
groups are Goal, Collaborator, Activity, Resource, Time,
Location, Relation, and Satisfactions, each of which has a
significant impact on collaboration. Accordingly, adopting
the collaboration context ontology into Industry 4.0 can help
humans deepen their comprehension of collaboration from
the eight perspectives of indicator groups, thereby improving
their efficiency in human-related collaborations.

The generated context-aware collaborator recommen-
dations are directly related to the indicator groups of
the collaboration context. These indicator groups can be
extended by broadening the scope of collecting informa-
tion in Industry 4.0, such as specifying the role of humans
in activities. It is also possible to enrich the collabora-
tion context by defining some particular indicators and/
or indicator groups only suitable for Industry 4.0. More
information we have about the collaboration context, more
accurate the context-aware recommendation will be.

Besides, when calculating the similarity between col-
laborations, we concentrate exclusively on the common
elements that both collaborations share. This applies
to qualitative elements but not to others. For those
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quantitative elements, their distances matter in comput-
ing similarities. Hence, an improvement of the similarity
between collaborations can be reached by distinguishing
qualitative and quantitative elements in the calculation.

Based on the potential improvements above, our future
work focuses on refining the context-aware collaborator
recommendations. Thus, we will further optimize the cal-
culation method for the similarity between collaborations
and test it through databases on collaborations. Mean-
while, the performance of this similarity can be evalu-
ated by implementing it in different context-aware col-
laborator recommendation algorithms. Particularly, these
recommendation algorithms apply the similarity in the
different phases of the recommendation generating pro-
cess to preserve ’surprising’ and diverse items, solving
the serendipity problem. Finally, we can also apply the
collaboration context with the user context and/or the item
context for generating multi-context recommendations to
enhance collaborations.
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