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Abstract

Knowledge and information resources in enterprises are rapidly growing. The International Data
Corporation (IDC) forecasts that significant yearly growth of data will result that the so-called global
datasphere will have grown to 163 zettabytes (ZB) by 2025, which is 10 times of the 16.1 ZB of data
generated in 2016. This happens while IT staff to manage it will grow less than 1.5 times (Reinsel,
Gantz, & Rydning, 2017). A substantial number of these resources are documents that are potentially
valuable for intentional reuse. Knowledge workers and engineers in particular, require specific
knowledge and information embedded in different types of knowledge objects stored in internal or
external resources (Hertzum & Pejtersen, 2000). However, identifying relevant knowledge from a large
number of unstructured enterprise resources is challenging for users. There is a strong need for an
approach that identifies users’ required information and automatically explores their preferred

documents.

This PhD project focuses on improving knowledge access, sharing, and reuse challenges that people,
engineers, are faced with in their daily (knowledge-based) work tasks. The proposed solution is a
recommender system in professional settings to provide relevant documents for users in specific work
contexts based on domain-specific ontologies. A prototype has been developed and validated on a
multidisciplinary engineering use case and its performance has been evaluated. The results show that
the developed system is a useful tool for improving information access in traditional engineering

projects compared to the currently applied solutions. The main contributions of this thesis are:

C1: In-depth analysis of the context of users and the document corpus in an engineering setting by

applying information retrieval tools and semantic annotation.

C2. Proposing a framework for a knowledge access system combining recommendation approaches,

ontologies, and information retrieval and extraction tools.

C3. Construction of a contextual ontology as knowledge domain, derived from users’ work contexts
and evaluating its retrievability and coverage against existing documents as resources of knowledge and

information.

C4. Validation of the concept of the recommender system for improving knowledge and information
access in engineering context by developing a system that uses the proposed ontology-based profiling

approach and evaluating the performance of the developed system on a case-study.
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1 Introduction

Knowledge and information resources play a pivotal role in enterprises and they are rapidly growing.
As shown in Figure 1.1, IDC forecasts that by 2025 the global data sphere will grow by 163 zettabytes
(atrillion gigabytes). That’s ten times the 16.1ZB of data generated in 2016 (Reinsel, Gantz, & Rydning,
2017). The world’s information is significantly growing while IT staff to manage it will grow less than
1.5 times. These valuable resources have a reuse potential in similar works and projects to save
significant time that is being spent on searching and recreating them. However, since the amount of
archived knowledge and information is extensive and usually not very well annotated, it has become a

challenge for people to find existing pieces of information that are reusable.

180

. Data created
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Figure 1.1. The trend of digital data growth. (Reinsel, Gantz, & Rydning, 2017)

As knowledge workers, people in an enterprise — engineers in particular — require specific knowledge
and information embedded in different types of knowledge objects stored in internal or external
resources. Specifically, in any discipline, engineers with different tasks and level of expertise need to
find their required information (Hertzum & Pejtersen, 2000) — within and especially across different

engineering disciplines in large, multidisciplinary design and engineering projects.

However, despite being a regular or frequently occurring activity of critical importance to most
engineers, effective and efficient search is often not straightforward. Searching for information (defined
as the search barrier; people are unable to easily find what they seek) is identified as one of four main
barriers to collaboration in a study of 107 companies from various industries including manufacturing,
financial services, high-tech, consumer goods/retail, healthcare, professional services and energy (M.

Hansen, 2009; M. T. Hansen & Nobhria, 2004).

The survey performed in (Williams, Figueiredo, & Trevelyan, 2013) discusses different types of
interactions that engineers have for accessing knowledge and information in an organization. These

interactions are classified into three groups of face to face, through documents, and interactions with



abstract systems and data. Such interactions are identified as searching for information in a file system,
databases, the Web etc. for design, modeling, simulation and creating software code etc. (Williams et

al., 2013). The interactions with systems are the focus of this research.

This Ph.D. thesis addresses the importance of knowledge and information management in enterprises
in terms of reusing the existing knowledge and information in similar projects and products. The
methods of improving knowledge and information access and reducing the spent time for acquiring
knowledge from experienced people are discussed. As stated by IDC, the number of unstructured data

in enterprises are rapidly growing compared to structured data as shown in Figure 1.2.

There is a strong need for an approach that identifies users’ required information and explores their
preferred documents. The main focus of this research is to exploit relevant knowledge and information
from large number of archived unstructured documents that meet users’ information needs in varied
work contexts. In order to achieve this, a recommender system has been developed which is named
ProRecSys. The overall framework of the proposed system for improving knowledge and information
access in the engineering settings is presented in Figure 1.3. This framework consists of the essential

components that are identified to develop the target system. Detailed description is addressed in
(Mehrpoor et al., 2015).
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This chapter starts with describing the motivation and research goals of this Ph.D. work. Afterwards,
the research questions, the contributions, and published results to address the research questions have

been described. At the end, the structure of the thesis has been presented.

1.1 Motivation

Data repositories in enterprises contain a vast number of documents in different types that may contain
valuable knowledge and information to be reused in future works and projects which may have common
or similar parts. As projects proceed, the number of generating documents are growing and being stored
in common or individual repositories and they are not managed appropriately (Louis-Sidney, Cheutet,
Lamouri, Puron, & Mezza, 2012) (Denkena, Shpitalni, Kowalski, Molcho, & Zipori, 2007). This large
number of documents (that might be structured or unstructured) lead to the challenge of information
overload in enterprises. Many of the enterprises admit that they are not aware of the actual extent of
knowledge that exists in their organizations (Le Duigou, Bernard, Perry, & Delplace, 2012). It is
evidenced that significant amount of time is dedicated to searching and acquiring the knowledge that
actually already exist in the organization (Lowe, McMahon, & Culley, 2004). Depending on what
method is used for storing the documents, finding and searching existing documents might be more

challenging for accessing the potentially reusable resources.

One of the solutions that are used in enterprises to find the reusable knowledge and information is to
rely on the experiences and memory of the personnel that have worked on a specific field for years
(Bruno, 2015). However, this may lead to a time-consuming communication process and also these
people may not remember all the similar past works or even the relevant people might have left the
organization and their knowledge is taken away, thus not accessible. To enhance engineers’

productivity, available data sources should be efficiently re-useable and refundable without expensive



user annotations to avoid wasting time on searching knowledge that already exists within the

organization, contributing to a lean enterprise (Kristensen, Krogstie, Ahlers, & Mehrpoor, 2016).

In each engineering discipline, people have different levels of expertise and deal with different tasks.
To accomplish their tasks, they search through the relevant existing knowledge and information that
meet their information needs to find out about facts, best practices, procedural information for doing a
task, relevant tools to use, similar examples to reuse, and any other inputs that help them perform the
assigned tasks. Many studies and research have been done on this issue to assist the people in enterprises

in finding the related knowledge and information required to perform their tasks.

In general, a method for automating the identification of reusable and relevant resources could be
beneficial to speed up design and manufacturing a product. In particular, individualizing these resources
for each user can be helpful since each one has specific requirements depending on the specifications
of the assigned tasks. Therefore, more detailed understanding of users’ needs could lead to better
identification of those pieces of knowledge and information that match better with their information

needs.

In this thesis, major challenges that enterprises are faced with in accessing and identifying existing
knowledge and information are addressed particularly in engineering projects to use them in their tasks.
The methods and approaches that are applied to improve knowledge management will be discussed and
the applied solution on the case-study (cf. Section 3.1) will be presented from early stages of system

analysis to late stages of system development, experiments, and evaluation.

1.2 Research goals and research questions

In this research, the main objective is to explore different approaches that are applied in engineering
settings for improving knowledge and information access during project development processes by
identifying the relevant resources that meet users’ information needs. Based on the motivation stated in
the previous section, the research questions are addressed in this thesis and correspond to a number of

large themes that have been discussed below.
Users’ context and their challenges for knowledge access in engineering settings

The situation of the users in a professional setting has a set of characteristics or factors that define the
specific context of a user. Inspecting what factors describe the context of a user and influence on his/her

information needs, is one of the key points of this work. Thus, the first research questions are:

RQ1.What are the challenges that users deal with to identify their information needs in engineering

settings?

RQ?2. What factors characterize the context of a user in a professional setting and their effect on the

type of information that he/she needs?



Knowledge and information context in engineering settings

Knowledge and information are documented in different methods in enterprises. Different types of
repositories are used to store and manage these resources. Based on the case-study which is an example
of a traditional engineering project, this work examines networked shared file system databases and
how documents of different formats are managed and organized in these types of repositories. Hence,

the research question on this topic is:

RQ3. What are the features and specifications of knowledge repositories and knowledge resources in a

traditional engineering setting? And how they can be explored to meet users’ information needs?
Knowledge and information management tools and technologies in engineering settings

Enterprises employ different methods and tools for managing and organizing the growing amount of
knowledge and information. As mentioned, the aim is to enable systematic identification of relevant
documents that match users’ professional context. Therefore, recent methods of information retrieval
and access tools and more particularly search engines, recommender systems, and ontologies have been
studied and investigated how well these tools can be utilized in a traditional engineering context to

improve knowledge and information access. In this context, the research questions are as follows;

RQ4. What is a tailored framework for the development of target recommender system according to the

analyzed specifications of users and document corpus?

RQS5. How can enterprises utilize and combine the synergy of ontologies, information retrieval
techniques, and recommendation approaches to improve knowledge management in professional

settings?

RQ6. How can the developed system for knowledge access improvement in professional settings be

validated and evaluated?

1.3 Contributions
The contribution of this PhD research is to combine existing solutions with the proposed approach
which is applying ontology-driven concept profiles in the process of recommendation. These

contributions answer the research questions as follows:

C1. The context of users and knowledge in a traditional engineering context has been investigated

through a detailed analysis on these concepts using the engineering case-study (cf. Section 3.1).

C2. The framework of a knowledge access system has been proposed that consists of the synergy of
recommendation approaches, ontology as knowledge domain, and information retrieval and extraction

tools.



C3. The proposed contextual ontology derived from aspects of users’ work context has been developed
and validated through the proposed ontology-based content matching approach and the level of

retrievability and coverage of the ontology has been evaluated against the document corpus.

C4. The concept of the recommender system for improving knowledge and information access in
engineering context has been validated and the proposed system has been developed using the proposed

ontology-driven concept profiles and evaluated in an engineering case-study.

The exploration of the research questions was published through several articles and the main
contribution of each article is listed in the Table 1. The detailed steps will be discussed later in the

Section 3.2, Figure 3.4.

Table 1. Research contributions

RQ Contribution Paper Focus
R1,R2 C1 P1 (Mehrpoor, Gjarde, & Sivertsen, 2014) Conceptual
R4 C1,C2 P2 (Mehrpoor, Gulla, Ahlers, Kristensen, Ghodrat, & | Analysis, Design
Sivertsen, 2015)
R3 Cl1,C3 P3 (Mehrpoor, Ahlers, Gulla, Kristensen, & Analysis, Evaluation
Sivertsen, 2017)
RS, R6 C4 P4 (submitted to KAIS journal) Development, Evaluation

To give an overview on the contributions of this Ph.D., the list of main publications are represented in
Table 2 and each publication will be described in more detail in chapter 4. In addition, the results of
further contributions are listed in Table 3 as supplementary publications to the Ph.D. work. Paper 5
(Ahlers, Mehrpoor, Kristensen, & Krogstie, 2015) discusses the challenges of data management in
larger engineering scales, engineers’ information needs, and search tasks. It discusses the use of
information retrieval, recommender systems, and knowledge management methods and tools to
improve the daily information seeking workflow in knowledge-intense disciplines. Paper 6 (Ahlers &
Mehrpoor, 2015) discusses methods of managing and sharing documents in professional settings and
the challenges that engineers have to find their information needs using ordinary search tools. An
approach is proposed to improve professional search by joining content and metadata analysis, link
derivation, grouping, and other measures to arrive at high-level features suitable for semantic similarity
and retrieval to improve information access. The related contribution in the book chapter (Kristensen,
Krogstie, Ahlers, & Mehrpoor, 2016) refers to proposing context-aware recommender systems for
knowledge access improvement in multi-disciplinary engineering projects. The idea of investigating the
context of the engineers in workplaces is proposed to provide better solutions for semantically
identifying pieces of knowledge and information the meet their information needs by applying
recommender systems and ontologies. Such systems improve the shortcomings of ordinary search

engines and help engineers access to their information needs.



List of papers in the main body (Appendix A)

Table 2. List of publications in the main body

Intelligent Services: A Semantic Recommender System for Knowledge
Representation in Industry

Paper I | Authors: Mahsa Mehrpoor, Andreas Gjarde, Ole Ivar Sivertsen
ICE Conference, 2014 (Peer-reviewed)
Using Process Ontologies to Contextualize Recommender Systems in Engineering
Projects for Knowledge Access Improvement

Paper Il | Authors: Mahsa Mehrpoor, Jon Atle Gulla, Dirk Ahlers, Kjetil Kristensen, Soroush
Ghodrat, Ole Ivar Sivertsen
ECKM Conference, 2015 (Peer-reviewed)
Investigating contextual ontologies and document corpus characteristics for
information access in engineering settings

Paper Il | Authors: Mahsa Mehrpoor, Jon Atle Gulla, Dirk Ahlers, Kjetil Kristensen, Soroush
Ghodrat, Ole Ivar Sivertsen
Journal of Information Technology Case and Application Research, 2017
Development and Evaluation of a Knowledge Access System for Engineering
Workspaces Based on Recommendation and Filtering

Paper IV | Authors: Mahsa Mehrpoor, Dirk Ahlers, Jon Atle Gulla, Ole Ivar Sivertsen
Submitted to Journal of Knowledge and Information Systems, Feb. 2018

List of supplementary papers (Appendix B)

Table 3. List of supplementary papers

Paper V

Challenges for Information Access in Multi-Disciplinary Product Design and

Engineering Settings

Authors: Dirk Ahlers, Mahsa Mehrpoor, Kjetil Kristensen, John Krogstie

ICDIM Conference, 2015

Paper VI

Everything is Filed under File: Conceptual Challenges in Applying Semantic Search
to Network Shares for Collaborative Work

Authors: Dirk Ahlers, Mahsa Mehrpoor, Kjetil Kristensen, John Krogstie

ACM Conference on Hypertext and Social Media, 2015

Book
chapter

LEAP Collaboration System

Authors: Kjetil Kristensen, John Krogstie, Dirk Ahlers, Mahsa Mehrpoor

Taking the LEAP book: The Methods and Tools of the Linked Engineering and
Manufacturing Platform (LEAP), 2016




1.4 Thesis organization

This thesis is divided into 5 chapters. The first chapter presents the motivation of the research and states
the problem, the research goals and research questions are represented and afterwards, the contributions
to achieve the goals and address the research questions have been described. The second chapter is
about the research areas that have been studied in this Ph.D. work. The third chapter briefly introduces
the case study in the engineering context and continues with describing the applied research method.
The fourth chapter represents an overview of the results of the research published in conferences and

journal papers and the last chapter draws the conclusions and discusses future work.



2 Background and state-of-the-art

This chapter discusses related work from relevant research areas that are a basis to understand the
contributions in the following chapters. First, the concept of knowledge and information in enterprises
is described along with the applied methods of knowledge and information management. Then, recent
technologies that have been utilized to improve knowledge access, sharing, and reuse in the professional

settings are elaborated.

2.1Knowledge and information management in organizations

Knowledge and information are valuable resources in enterprises and have a significant role in their
success (Davenport & Prusak, 1998; Wellman, 2009). Therefore, managing and organizing them is
highly important in an enterprise. In this section, the concept of knowledge and information is defined
along with the type of knowledge that is the emphasis of this research. Furthermore, the challenges that

stakeholders deal with for managing, sharing, and accessing the required knowledge will be discussed.

2.1.1 Knowledge and information definition

For describing information and knowledge, we first need to define what data is, since their definitions
are closely related. According to (Thierauf, 1999), data means “unstructured facts and figures that have
the least impact on the typical manager.” To exemplify in an engineering context, 19mm is known as
data that represents the measurement of an object or artifact. The definition of information is “For data
to become information, it must be contextualized, categorized, calculated and condensed” as stated in
(Davenport & Prusak, 1998). In our example, we know what data means: The master cylinder is 19mm.
Here, we have more input about the object that is 19mm. And regarding knowledge, “Knowledge is
closely linked to doing and implies know-how and understanding.” as stated in (Davenport & Prusak,
1998). To follow the example, a master cylinder with 19mm is the right size to be combined with the
caliper to make a brake pedal. Therefore, knowledge is information about information which guides

people on how to accomplish a task.

2.1.2 Various types of knowledge

Knowledge can be categorized into two groups of explicit knowledge and tacit knowledge (Nonaka &
Takeuchi, 1995). Explicit knowledge is a type of knowledge that is formalized and codified and it is
usually referred to as know-what (Brown & Duguid, 1998). Knowledge management tools are usually
effective in storing and retrieving them. However, it has been also a challenge to ensure that explicit
knowledge is accessible to the people who need it, it is appropriately stored and can be identified and
retrieved easily. These type of knowledge is found in databases, memories, documents, notes, and so

on.

Tacit knowledge is a type of knowledge that is usually referred to as know-how. It is intuitive, hard to

define and mainly based on experience (Brown & Duguid, 1998). It is known as the most valuable



source of knowledge particularly in organizations (Wellman, 2009). This type of knowledge is
challenging to convey from experienced people to beginners in a field. Tacit knowledge is found in the
mind of people which include expertise, skills and capabilities, attitudes, values, mental models, and so
on (Botha, 2008). In this Ph.D. work, the focus is on explicit knowledge and how to improve its

management in the professional settings.

2.1.3 Current Challenges of knowledge management in enterprises

Engineers’ interactions for knowledge access and sharing

To perform a task, relevant knowledge and information is required to analyze task specifications and
requirements. To find and access the required information, engineers employ different ways such as
direct collaboration with informed people, through reading documents, and interactions with software-
based systems (Williams et al., 2013). However, these communications and interactions with people
and searching through documents are time-consuming processes. As evidenced by several studies,
engineers may spend about 40-66% of their time for finding the needed input to their assigned tasks
(King, 1994). On the other side, finding the relevant knowledge and information is critical, since they

might have valuable content to be reused in new tasks.
Information overload and search for information needs

Search for information is reported as one of the four challenges of collaboration among people in
enterprises (M. T. Hansen & Nohria, 2004). Finding the required information is not straightforward and
people need to collaborate with other experts to get the input for their work. However, sometimes the
experts are not accessible to assist those that need their expertise. Increasingly growth of knowledge
and information makes search more challenging to find and access the required documents stored in
varied data repositories (Ahlers, Mehrpoor, Kristensen, & Krogstie, 2015). Using desktop search
engines may not be efficient enough for engineers’ information needs and expectations (Ahlers &
Mehrpoor, 2015). Moreover, task complexity increases the complexity of information needs and the
success of information seeking decreases (Bystrom & Jarvelin, 1995). A solution that improves
knowledge access and sharing are required to be able to identify the right knowledge and information

that meet engineers’ information needs for performing different tasks.

2.1.4 Knowledge and information retrieval
“Information retrieval (IR) is finding material (usually documents) of an unstructured nature (usually

text) that satisfies an information need from within large collections (usually stored on computers).”

(Manning, Raghavan, & Schiitze, 2008).

In this section, different document types are described along with commonly used data management

systems and search tools in organizations. Afterwards, the common subjects and terms that have been
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used in an information storing and retrieval domain are described such as metadata, annotation, and

indexing documents.
Structured and unstructured documents

In any database management system used in organizations, knowledge and information is embedded in
different document types that might be unstructured, semi-structured, or structured. When a document
is structured, it means that some method is used to give the whole, or parts, of the document various
structural meanings according to a schema for organizing data. While, in the unstructured documents,
information can appear in unexpected places on the document and is not based on a defined template or

outline such as a letter or a hand-written note (Van Ittersum & Spalding, 2005).
Document storing and management systems

For storing and retrieving documents, organizations employ data storage and document management
systems (DMS). File systems are one of the common systems used for managing data in engineering
workplaces. In these systems, groups of data are given a name which makes the information to be easily
identified. Each group of data is called a file that is stored in hierarchical directories. Any file needs to
have a specific name and path to be used for storing and retrieving data. Many organizations have a
standard convention for naming file and path, including the utilization of version numbers, states flag,
file creation dates, filenames, and information regarding the person or system used to create a file (Eck

& Schaefer, 2011).

In order to retrieve the documents, file systems are explored by search systems known as desktop search
tools to search a user’s own computer files. Desktop search tools typically collect three types of
information about files; file and folder names, metadata, and file content (only for supported types of

documents).
Metadata, annotation, and indexing

To find the documents that meet engineers’ information needs, firstly, documents need to be searchable.
At the beginning, a sort of information needs to be specified for a document to annotate the document
based on them which is known as metadata. Metadata means data representing a set of properties of a
given type and meaning about the contents of an object and provides extra information about it.
Examples of metadata properties in the application software system include names, dates and times,
comments, locations, descriptions, sizes, dimensions, exposure data, keywords and phrases, links,
ownership, and so on (Horn, 2016). File systems define different metadata that is used while searching
for stored documents. A document might have some annotations as well; annotations are actually
metadata that was not originally associated with an object, but which is defined or specified by either

the user or the system for organizational purposes (Horn, 2016).
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After specifying the required metadata for a document, the document can be indexed based on the
specified metadata and becomes available for searching. During the process of indexing, every
document is stored and organized based on the specified metadata and it optimizes the speed and

performance in finding relevant documents and make the documents more accessible.

2.1.5 Users’ information seeking in work environments, task-based search, and context-
driven search
As data and information are rapidly growing, the need of searching increases in enterprises as well as

other environments. Finding a piece of useful information that can be applied in a problem or task is
challenging among a large number of documents. There are many factors that need to be considered
about the user in a particular work situation to figure out the type of their information needs (Mehrpoor
et al., 2014). In recent years, these factors have studied in different research such as in (Freund, 2008)
that investigates the role of contextual factors in determining how professionals in workplaces search
and select information and affect their search behavior. In this work, among identifying the contextual
factors, work tasks and information tasks were found to be significantly associated with document

genres (Freund, 2008).

Task types have been shown to influence search behaviors. As another research work, user behaviors
associated with different task types have been investigated. An investigation is performed on a group
of users and was asked to search on four tasks from four different dimensions of complexity, task
product, task goal, and task level (Jingjing Liu et al., 2010). The results report regular differences in
different task characteristics in several search behaviors. These behaviors can be used as implicit
indicators of the user’s task type. For predicting potentially useful documents based on the type of tasks,
multiple use behavioral measures were modeled in (C. Liu, Liu, Cole, Belkin, & Zhang, 2012) as
evidence for implicit relevance feedback. The results show that combining multiple behaviors on

content pages and search results can improve the prediction of useful documents.

Another research on investigating people’s behavior in information search tasks reports on relationships
between tasks and individual reading behavior at task level (Cole et al., 2011). Users’ information
seeking behaviors and their task types have been regarded to be very effective in identifying their

information needs and providing the documents that can be relevant to users’ tasks (P. Hansen, 2011).

2.2 Semantic web technologies

“The semantic web is not a separate Web but an extension of the current one, in which information is
given well-defined meaning, better enabling computers and people to work in cooperation” (Berners-
Lee, Hendler, & Lassila, 2001). The aim of the semantic web is to provide meaning for representing
information and enabling it to be processed by computers. This section describes the concept ontology
which is used as a tool in semantic web technologies. The methodologies for constructing ontologies

are described and the role of ontologies in knowledge management is discussed.
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2.2.1 Ontology definition and its components

According to a definition by Gruber, “An ontology is a formal, explicit specification of a shared

conceptualization.” (Gruber, 1993). To describe the description in more detail, the specified attributes

are denoted in (Domingue, Fensel, & Hendler, 2011) that are summarized below:

Formal: It refers to representing the specification in a formal language such as RDF in the
semantic web which can be processed by machines.

Explicit: It refers to how much of a domain should be contained in a specification: the level of
granularity and the level of genericity

Specification: It refers to an ontology which is a description of the artifact and is independent
of the entity described.

Shared: It refers to an ontology if it is shared by a community of use. The purpose of ontologies
is that they support interoperability between the designer and the user.

Conceptualization: It refers to an abstract simplified view of a domain of interest which is

required for some task or purpose.

In order to define the relationships between entities in a domain, ontologies use different components.

Common components are listed in the following:

Classes or concepts: a class represents a group of individuals that share common
characteristics and it is known as the core component of ontologies. For example, Engineer is
a class that refers to any individual that has the characteristics that define an engineer.
Individuals or instances: They are the objects that the ontology describes. For example, John
is an individual for the class Engineer.

Relations: It describes the ways in which classes and individuals can be related to each other.
For example, a relation between two individuals: John has role Analyst.

Attributes: It refers to the aspects, properties, characteristics, or parameters that a class can
have. For example, an engineer has personal information such as name and age, or professional

information such as role, skills, tasks, and so on.

Figure 2.1 represents a simple ontology regarding the mentioned example on Engineer and Role classes.

Engineer Role

| [ l I

John

Designer | | Developer

Mary I Analyst

Figure 2.1. An example of a simple ontology to represent Engineer and Role concepts
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2.2.2 Methodologies for building ontologies

In order to build ontologies, varied methodologies have been used in different areas namely
METHONTOLOGY!, On-To-Knowledge?, DILIGENT?, and NeOn* methodology that contain
guidelines for single ontology construction from the early stages of ontology specification to the late
stages of ontology implementation. In this Ph.D. work, NeOn methodology was applied for building
the ontology (Suérez-Figueroa, Gomez-Pérez, & Fernandez-Lopez, 2012). In contrast with other
methodologies and approaches, NeOn methodology suggests a variety of pathways and does not
prescribe a rigid workflow for building ontologies. In addition, this methodology supports the
collaborative aspects of ontology development and re-use, as well as the dynamic evolution of ontology

networks.

The NeOn methodology contains nine flexible scenarios for building ontologies and ontology networks
with the emphasis on reuse of ontological and non-ontological resources, re-engineering and merging,
and considering collaboration and dynamism. Each scenario is decomposed into different processes and
activities as represented in Figure 2.2. Note that, these scenarios can be combined in flexible ways

including the first scenario which contains the core activities and is required for any building process.

In this research, there was not any ontology available that describes the knowledge domain of our case
study and the ontology needed to be created from scratch through studying the domain and collecting
the involved concepts. Thus, the first scenario is used. This scenario is called “From specification to
implementation” and is used when the ontology is developed from scratch without reusing any
knowledge resources. Following this scenario, firstly the requirements that the ontology should fulfill
is specified through ontology requirement specification activity. To perform this activity, NeOn

methodology proposes a filling card which is shown in Figure 2.3.

. www.semanticweb.org/wikiiMETHONTOLOGY
. www.ontotext.com/research/otk

. www.semanticweb.org/wiki/DILIGENT

. Www.neon-project.org/

A w N e
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Figure 2.2. Scenarios for building ontologies by NeOn methodology (Sudrez-Figueroa et al., 2012)

. Ontology Support Activities: Knowledge Acquisition (Elicitation); D ion;
i E i =
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This activity contains 8 tasks for building an ontology that is represented in Figure 2.4. The output of
this activity is collected as Ontology Requirement Specification Document (ORSD). After performing
ORS activity, candidate knowledge resources should be identified for reuse intention. Then, ontology
building process is scheduled and eventually, three phases are carried out by ontology developers.
Firstly, “ontology conceptualization activity” where knowledge is organized and structured into
meaningful models at the knowledge level. Secondly, “ontology formalization activity” where the
conceptual model is transformed into a semi-computable model. And thirdly, “ontology implementation
activity” where the computable model is implemented by an ontology language and gets generated

(Suarez-Figueroa et al., 2012).
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Ontology Requirements Specification

Definition

Ontology Requirements Specification refers to the activity of collecting the requirements
that the ontology should fulfil (for example, reasons to build the ontology, identification of

target groups and intended uses). Such requirements may be reached through a
CONSensus process.

Goal

The activity states why the ontology is being built, what its intended uses are, who the end-
users are, and what the requirements the ontology should fulfil are.

Input Output
P ——— g&gggy Requirements Specification Document
Who

Software developers and ontology practitioners, who form the ontology development team
(ODT), in collaboration with users and domain expers.

When

This activity must be carried out at the beginning of the ontology project and in parallel
with the knowledge acquisition activity.

Figure 2.3. Ontology requirements specification filling card (Sudrez-Figueroa et al., 2012)

2.2.3 Ontologies for knowledge management in organizations

Usage and benefits of ontologies

It is reported by major knowledge management applications that ontologies are mainly used for three
general purposes (Abecker & van Elst, 2009; Davies, Fensel, & Van Harmelen, 2003):

1.

Ontologies support knowledge search, retrieval, and personalization

2. Ontologies serve as a basis for information gathering, integration, and organization

3. Ontologies support knowledge visualization
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Task 1. Identifying the purpose,
scope and implementation

Users, Domain Experts and language
Ontology D Team (ODT) l

I

Task 2. Identifying the intended
end-users

I

Users, Domain Experts and ODT l

Task 3. Identifying the intended
uses

I

Users, Domain Experts and ODT l

Task 4. Identifying requirements

I

Users, Domain Experts and ODT l

Task 5. Grouping functional
requirements
Users, Domain Experts and ODT l

I

Task 6. Validating the
set of requirements

I

Users, Domain Experts and ODT

Are they valid?

Yes

Task 7. Prioritizing requirements

I

Users, Domain Experts and ODT l

Task 8. Extracting terminology and
its frequency

Ontology Development Team

Figure 2.4 Tasks for ontology requirements specification (Sudrez-Figueroa et al., 2012)

Regarding the first usage of ontologies, an ontology-based tool is built for processing loads of
heterogeneous, distributed, and semi-structured documents. This system exploits the power of
ontologies to provide automated support for acquiring, maintaining, and accessing weakly structured
information sources (Fensel, 2002). In (McGuinness, 1998), taxonomies are proposed to improve
information retrieval during browsing and querying. In case of having not sufficient input for querying,

taxonomic knowledge is used for extending the query by super-concepts and sub-concepts.

For improving design tasks in an engineering context, a document model is proposed with aim of
semantic tags for annotation. Regarding their case study which is digital camera families, they illustrate
how the faceted search and retrieval of product information can be accomplished based on the
semantically annotated camera family ontology (Lim, Liu, & Lee, 2009). In order to improve

engineering information retrieval during product lifecycle, a computational framework is proposed in
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(Li, Raskin, & Ramani, 2007) and an engineering ontology, EO, is developed for representing
established design and manufacturing knowledge. The proposed framework for EO-based search
system outperforms the keyword-based search in retrieving unstructured engineering documents. Its
experimental results report that the system understands users’ query at concept level when exact query
terms are not available and therefore improves engineering information retrieval that is not properly

handled by traditional information retrieval systems.

Regarding the second usage of ontologies, having a more formal way of gathering and organizing
information leads to better inferencing and deriving new knowledge. Ontologies are a tailored basis for
such inferencing and structuring informal knowledge resources. In (Alani et al., 2003), to improve
knowledge extraction from unstructured text on the web using a knowledge extraction tool, a domain-
specific ontology is used to determine in detail what type of knowledge needs to be harvested and it is
linked to the extraction tool. The ontology uses concepts and relations to classify domain knowledge
and then used in the knowledge extraction process to match extracting knowledge to the classification

structure.

Referring to an example in enterprises, an ontology-based workflow system is constructed for
accumulating and integrating knowledge during the business process and the developed prototype
system is applied on two cases of an aircraft industry and a barcode management project (Huang &
Diao, 2008). In (Chang, Sahin, & Terpenny, 2008) a graphical modeling tool is developed to support
designers at the conceptual design stage. The developed modeling tool works with an ontology-based
approach for knowledge management and promotes the systematic capture of design knowledge and
improves reusing of design knowledge. The proposed ontology-based method improves integrating

heterogeneous data resources and provides more accurate and comprehensive data.

Regarding the third usage of ontologies, visualization of content structure is valuable for finding useful
knowledge items and their relations. In order to support users’ interaction on shared resources, and
support information discovery, developing a visualization ontology is proposed by UK national e-
science program (Duke, Brodlie, & Duce, 2004). For capturing architectural knowledge, an ontology-
driven visualization of architectural design decisions is proposed in (De Boer, Lago, Telea, & Van Vliet,
2009) for helping software product audits in product quality assessment. They combine a tabular
information representation with a real-time ontological inference of decision attributes used by auditors.
The proposed solution enables auditors in efficient knowledge reuse and also assists them in their

decision-making process.

Due to the complexity of patient data which might be heteronomous, found in different formats and
structures, and carry different semantics, ontology concept is utilized for visualizing these types of data
to assist clinical decision support systems in exploring similar patients. They aim to map patient data

onto a relevant fragment of ontologies and inferred ontological structures as a basis for improving
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patient data visualization, comparison, and analysis (Zillner et al., 2008). Ontologies are adopted to
solve the challenge of finding information in the engineering contexts. As an example, ontology is
utilized for semantical representation of the content of manuals for mechanics (Ha et al., 2014). A
tailored ontology is modeled after analyzing aircraft maintenance processes together with preprocessing
of raw data of maintenance manuals to well-formed format. Then, a set of rules are created for mapping
the well-formed documents and ontology schema. The proposed solutions enable the mechanics to
easily obtain the information to given tasks, reduce their time for searching required information, and

understand the information through visualization.

2.3 Recommender systems

In Resnick and Varian’s seminal article, a recommender system is defined as: “In a typical
recommender system people provide recommendations as inputs, which the system then aggregates and
directs to appropriate recipients. In some cases the primary transformation is in the aggregation; in
others, the system’s value lies in its ability to make good matches between the recommenders and those
seeking recommendations.” (Resnick & Varian, 1997).

2.3.1 Recommendation approaches

In order to select a proper recommendation approach in a domain, firstly knowledge about the users
and the features of the items to be recommended is required. This knowledge is categorized in three
groups of social, individual, and content (Burke & Ramezani, 2011) that are illustrated in Figure 2.5.
Based on the availability and necessity of knowledge in different groups, an appropriate
recommendation approach is followed which is described in the following. The Social group refers to
the knowledge about the larger community of users other than the target user; individual group refers
to the knowledge about the target user; and content group refers to the knowledge about items being

recommended and about their uses.

There are varied recommendation approaches being used in different areas for personalized information
retrieval (Jannach, Zanker, Felfernig, & Friedrich, 2010) (Ricci, Rokach, Shapira, & Kantor, 2011).
Content-based filtering and collaborative filtering are the two major approaches that are broadly used
in different cases. In the content-based filtering approach, on one side the knowledge about users’
interests and preferences are collected explicitly or implicitly through asking their opinions by rating or
reviews, or through analyzing their behavior, interactions, and history of activities. On the other side,
the features and specifications of items are analyzed and annotated to be used in comparing with users’

interests. The objective of this approach is to identify the similarities between the items and the given
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users’ preferences and then recommend the items that better match the type of items that the given user

would prefer (Pazzani & Billsus, 2007).

Context Ratings
Opinions < Tags
Social Behavior Reviews

Demographics

Ratings
Opinions < Tags

Reviews
Knowledge Individual Query
source Behavior
Constraints
Demographics
Preferences
Requirements
Context
Item Features
Means-ends
Content Domain Knowledge
Feature
Contextual Ontology
Knowledge .
Domain

Constraints

Figure 2.5. Taxonomy of knowledge sources in recommendation (Burke & Ramezani, 2011)

In the Collaborative filtering approach, the items are recommended to the users according to the
opinions, interactions, and behaviors of other people. While the number of users is large, having large
interconnected communities, this approach is a right choice for filtering the substantial quantities of

data and personalize them for the given users (Schafer, Frankowski, Herlocker, & Sen, 2007).

Another recommendation approach that is inspired in this Ph.D. work is the context-aware
recommendation. According to the definition in (Dey, 2001), context is defined as “Context is any
information that can be used to characterize the situation 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 themselves.”

Elements to the description of this context information fall into five categories: individuality, activity,
location, time, and relations that are represented in Figure 2.6. The individuality category contains
properties and attributes which describe the entity. The activity category contains any activities and
tasks that the given entity is involved. The time and location categories provide the spatio-temporal
coordinates of the given entity. And eventually, relations category refers to the information about any
possible relationship that the given entity might have with other entities (Zimmermann, Lorenz, &

Oppermann, 2007).
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In context-aware recommendation approach, the emphasis is on the situation of a user in a specific
domain. Any entity that is involved in the situation of the user is taken into consideration to provide the
recommendations that match the respective situation (Adomavicius & Tuzhilin, 2011; Verbert et al.,
2012).

P

individuality

Figure 2.6. Five fundamental categories for context information (Zimmermann et al., 2007)
2.3.2 Content-based recommendation approach

2.3.2.1 Content-based Recommender systems framework

Content-based recommender systems have been vastly used in different areas and varied frameworks
have been proposed to provide relevant recommendation for target users through content-based
recommendation approach that mainly contains major components such as content analyzer, profile
learner, and filtering component (Lops, De Gemmis, & Semeraro, 2011) that are represented in Figure
2.8.

o Content analyzer: At the first step, the items to be recommended need to be analyzed and
processed to make them structured. As an example, if these items are unstructured documents,
they first need to be structured through extracting some information such as metadata for them
and organize this information for documents to be used later by next components that are profile
learner and filtering component.

o Profile learner: The second step is to analyze what the user interests and preferences are, collect
and generalize them, and create a user profile for each user. Machine learning techniques
(Mitchell, 1997) are mostly used for generalization strategy. Using machine learning enables the
system to infer a user model through the items that he or she liked/disliked in the past. This model

is then used in recommending the items that are more likely relevant to the respective user.
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o Filtering component: The task of the third step is to exploit user profiles and match them against
the analyzed items and find the right items for recommendation. Some similarity metrics are used
to identify the level of relevancy of items which will be explained later in this section. Finally,

the results of filtering are ranked and potentially relevant items are represented to the given users.
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Figure 2.7. High level architecture of content-based recommender (Lops et al., 2011)
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2.3.2.2 Item representation in content-based recommender systems

Each item to be recommended to users is associated with a set of properties and features that describe
the key points of the respective item. These set of specific properties and attributes make the item
structured and which improves finding and identification of relevant items easier during the
recommendation process through matching users’ interests collected in user profiles against attributes

of structured items.

However, it should be considered that item properties are mainly textual and in some cases, they cause
complications while learning user profiles and because of possible ambiguities in natural language. As
the main challenge of traditional key-word based profiles, they lack semantically comparing users’
interests with items since they perform matching process through string matching operation. String
matching causes some problems such as polysemy that means the presence of multiple meaning of one
word, and synonymy that means multiple words with the same meaning. Due to these problems, some
relevant information can be missed since they might contain synonyms that are collected in user

profiles, or according to polysemy wrong documents might be considered as relevant (Lops et al., 2011).

In the following, keyword-based approaches for document representation are described and then more
advanced systems that apply semantic analysis through using ontologies as domain knowledge are

described, respectively.
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Key-word based vector space model

Keyword matching and Vector Space Model (VSM) are broadly used in content-based recommender
systems as retrieval models. VSM is a geometric representation of text documents where each document
is represented by a vector in an n-dimensional space and the dimensions are based on all document
terms with associated weights (Turney & Pantel, 2010). In such these systems, any document is
represented as a vector of terms. Each term in the vector contains a weight that represents its value and
association to the given document. For calculating the weight of associated terms, VSM uses TF-IDF
(Term Frequency-Inverse Document Frequency) which is a commonly used term weighting scheme.
According to (Salton, 1989), multiple occurrences of a term in a document are not less relevant than
single occurrences (TF assumption); rare terms are not less relevant than frequent terms (IDF
assumption); and long documents are not preferred to short documents (normalization assumption).
Similar to representing documents as weighted term vectors, user profiles are also represented as
weighted terms vectors based on collected users’ preferences. In order to predict how relevant a
document is to a user’s interests, cosine similarity is calculated between the document vector and user
profile vector; the less value shows the more relevant document to be recommended to the respective

user.

Varied keyword-based recommender systems have been developed in different areas of music, movie,
e-commerce, new, etc. As the example of these systems, a user interface agent called Letizia is
implemented that tracks user behavior and attempts to anticipate items that are interesting for target
users. It builds personalized models that contain the keywords that describe users’ interests (Lieberman,
1995). Syskill & Webert is another example which is a software agent that learns to rate pages on the
web and determines the pages that might be interesting for users. The documents are represented by a
number of informative words. The process of building user profiles is through analyzing the pages that
have been rated by a user (Pazzani, Muramatsu, & Billsus, 1996). In the field of news recommendation,
a personalized news system named YourNews is developed that maintains separate interest profiles
main 8 topics and in each user profile, the interesting topics are represented as weighted prototype terms
vectors that are extracted from the history of users’ activity. It manages both short-term and long-term
profiles by limiting the number of recent top-weighted extracted terms from the recent views as a short-
term profile and considers all the past extracted terms as a long-term profile from all past views (Ahn,

Brusilovsky, Grady, He, & Syn, 2007).

There are many other examples in different fields that can be found in (Lops et al., 2011) about
traditional keyword-based recommender systems. The main lessons learned from these systems is that
for getting promising recommendations that meet users’ needs in this method, usually sufficient number
of evidence of user interests should be available and actually they are syntactic pieces of evidence. In

other words, a shortcoming with these systems is lack of intelligence (Lops et al., 2011). More advanced
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methods and strategies are required to augment content-based recommender systems to have semantic
intelligence as well to identify the items that are relevant to a user, although they are not associated with

explicit keywords that are collected in user profiles but semantically relevant to their interests.

In addition to the above approaches of identifying users’ interests for personalization intention, broad
analysis has been performed on users’ activities on the web to investigate and model their behavior
while browsing, searching, and interacting with different web pages. As the examples of this approach,
a user modeling framework was developed for a news recommendation context (Twitter) and several
advantageous of semantic entity-based, topic-based, and hashtag-based user modeling strategies
through this framework (Abel, Gao, Houben, & Tao, 2011). It is reported that further enrichment with
semantics extracted from news articles, improves the constructed user profiles and accuracy of

recommendations.

In another work in similar context, Google News, users’ history were investigated by tracking their past
click behavior (J. Liu, Dolan, & Pedersen, 2010). A Bayesian framework was developed for predicting
users’ current news interests from the users’ particular activities. In this work, content-based
recommendation mechanism is combined with a collaborative filtering mechanism to generate
personalized news recommendation which leads to improvement of the quality of news
recommendation and traffic to the site. In another work, users’ data on social media is studied to be
aggregated in another system with the aim of addressing the cold-start problem. Based on a large
aggregated dataset from the social web, distributed form-based and tag-based user profiles were studied.
The consistency, completeness, and replication of form-based profiles, which are explicitly created by
users in social web systems, were analyzed along with investigating tag-based profiles, which are the
results of social tagging activities. Through developing and evaluating the performance of several cross-
system user modeling strategies in the context of recommender systems, the evaluation results show
that the proposed solution improve the challenge of cold-start problem and provides better

recommendation quality (Abel et al., 2011).

Semantic analysis by using ontologies

In this part, the performance of ontologies as a semantic web technology are described and how they
can bring semantics to recommender systems and improve their performance are elaborated through

some examples of developed applications in different fields.

As the examples of the recommender systems that applied ontologies, an ontology-based method is
presented in (Ge, Chen, Peng, & Li, 2012) for personalizing recommendation of knowledge in a
heterogeneous environment to minimize repetitive retrieved information for users. A domain ontology

is built by integrating multi-source and heterogeneous data and a user’s interest ontology is generated
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through analyzing users’ personal preferences and demographic characteristics. The developed
recommender system can suggest proper information to the users that meet their interests through

matching the results of a domain ontology, interest ontology, and user’s query requests.

A recommendation system is proposed in e-commerce for a book recommendation. The architecture of
the system which is depicted in Figure 2.9, classifies system tasks in two phases: ontology generation
and recommendation. Ontology generation consists of constructing two types of ontologies: the general
ontology that contains conceptual relations among documents and preference ontology to represent the
weight of preference concepts. In order to recommend the books, the applied web robot collects web
documents. Then, the documents are analyzed by the recommender system to define the relations
between the concepts and properties that are stored in the general ontology. In the next step, the concept
of the documents that are visited by users are analyzed and their weights get updated. The developed
system provides relevant documents to users through identifying semantic relations between an

ontology that semantically represents documents and user behavior history (Kang & Choi, 2011).

To recommend online academic research papers, two recommender systems called QuickStep and
Foxtrot. Through monitoring users’ behavior and activities, and relevance feedback, user profiles are
created, and they are represented in terms of a research paper topic ontology. In this work, a hybrid
recommendation approach is applied that consists of content-based recommendation and collaborative
filtering recommendation approach. Research papers are classified by ontological classes and then the
papers are recommended to the users who have a similar topic of interest by using collaborative
recommendation. The performed experiments show that ontological inferencing improves user
profiling. In addition, profile visualization and profile feedback have substantial role in profiling

accuracy and recommendation process (Middleton, Shadbolt, & De Roure, 2004).

In addition to ontologies, for structuring and organizing data, another method of publishing structured
data has been broadly used known as Linked Data. In this method, data can be interlinked and becomes
more useful for semantic querying. These days, enterprise knowledge graph has emerged as known as
one of the most useful applications in graph database technology that is based on a linked enterprise
data approach for determining the relations between individual nodes of data and graphs. The synergy
of semantic technologies with modern developments in artificial intelligence provides better
opportunities for enterprises in managing knowledge and information in this context (Aasman, 2017).
A knowledge graph is described in (Duan et al., 2017) as a graph that is constructed by representing
each item, entity, and user as nodes and linking those nodes that interact with each other via edges and
the architecture of knowledge graph has been clarified from data, information, knowledge, and wisdom

aspects.
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General Ontology Generation & Indexing
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Figure 2.8. A proposed architecture of an ontology-driven content-based recommender system (Kang & Choi, 2011)

As an example of using linked data, for identifying and measuring relatedness between resources, an
approach is proposed in (Passant, 2010) to compute semantic distance on linked data by considering the
existing links between resources. Several algorithms have been discussed for measuring resources and
how they can be applied for recommending resources. As another example in recommender systems,
linked data has been used to mitigate the challenges of new-user, new-item, and sparsity in collaborative
filtering recommender systems (Heitmann & Hayes, 2010). Thorough decreasing data acquisition
problem, linked data about object-centered sociality can be used to improve the mentioned challenges.
As more examples, a systematic literature review of linked-data based recommender systems has been
presented in (Figueroa, Vagliano, Rocha, & Morisio, 2015) describes the use of structured data

published as linked data in recommender systems.

In conclusion, utilizing ontologies in recommender systems provide better and more accurate results

compared to traditional recommender systems and improves the quality of recommendations.

3 Research design

This chapter presents the research method during this Ph.D. work. At first, the use-case in the
engineering domain is described and afterwards, the design research approach is elaborated to address
the research questions. At each stage of the work, particular approaches are implemented to cover the

research questions from the early phases of analysis to the late phases of development and evaluation.
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3.1 Case study: DNV GL fuel fighter

The applied use-case is a multi-disciplinary engineering team at Norwegian University of Science and
Technology, NTNU, that collaborate to design and develop energy-efficient vehicles. This use-case has
many similarities with the challenges that engineers deal with in large-scale commercial projects such
as heterogeneous data, unknown file structures, large amounts of data, personnel turnover, the need of
reusing knowledge and information, knowledge access and sharing, and so on. The objectives of this
project come from Shell Eco Marathon' that organizes an annual competition and encourages students
around the world to design and develop ultra-energy-efficient vehicles. Since 2007, a group of students
of engineering fields at NTNU has participated to this competition and work on a machine called DNV-
GL fuel fighter’ (Bovre, Kyllo, Aalberg, Nordal, & Imaz Abal, 2014) (Buodd & Halsey, 2015). The
students are from different engineering backgrounds of mechanics, electronics, cybernetics, and others
involved from design planning, materials, aerodynamics, and safety. As shown in Figure 3.1, each user
could have one or more work context in the project and each context has specific information needs that
are stored in different unstructured document formats.

Every year, a large number of documents are created and used containing knowledge and information
about the process of developing the machine in different stages of the project, from analysis to test and
evaluation. Transferring the existing knowledge from the past teams to the next teams has been a
challenge and the new teams find it difficult to find, reuse, and share these valuable resources. It is very
important to learn from the past teams in order to improve their work and make more innovative plans
to provide better results. Having a knowledge access system is required to improve knowledge access,
reuse, and share in such a context, save time spent on searching, and reduce the need to start from

scratch. Figure 3.2 represents the designed vehicles in two racing and urban concept classes.

Mechanics Discipline — ) A I’ Cybernetics Discipline 1
O cumen wonesoation: e ) ' © on :
i - »@ B - , Current Work Situation: I
- Roles Design Engineer — T —— - Roles: Analyst, Design Engineer I

-Tmlﬁ_ Modeling N - 1 - Tasks: RequirementsAnalysis, Modeling
- Machine Components: Wheel, Brake, Steering system 1 —— 1 - Machine Components: Spead measuring system I

—»
/ — I
F \

L

Unstructured documents/
different document formais

Figure 3.1. Engineers in particular work contexts and their required documents

' www.shell.com/energy-and-innovation/shell-ecomarathon.html
2| http://www.fuelfighter.no
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Figure 3.2. DNV GL fuel fighter prototypes. The left side: Racing machine designed in 2014; The right side: Urban concept
machine designed in 2014

3.2 Research Method

In order to conduct the research work, Design Science Research Methodology proposed by (Peffers et
al., 2007) in information systems development is followed since it incorporates principles, practices,
and procedures required to carry out such research. In addition, this methodology suggests three
objectives: it is consistent with previous literature, it provides a nominal process model for doing
design science research and it provides a mental model for presenting and evaluating design science
research in information systems. Depending on the type of problem in a research, the research process
can be sequential, or it can be started from different activities. Four possible research entry points are
suggested in (Peffers et al., 2007) which is represented in Figure 3.2.

A problem-centered approach can be adopted if the idea for the research derived from observation of a
problem. An objective-centered approach can be adopted if it is triggered by an industry or a research
need that can be addressed by developing an artifact. A design and development-centered approach can
be adopted if an existing artifact is not realized as a solution yet for an explicit problem domain. And
another approach called client/context initiated solution that can base on observing a practical solution

that worked and it can start with activity four.
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Since the focus of this Ph.D. research is on observing the case study and prototyping the proposed
system, a problem-centered approach is selected. The suggested research process which is nominal
sequence is followed and described in the activities in the following. These activities are also visualized
in the graph represented in Figure 3.4 and are adapted to the thesis contributions and steps.

Activity 1: Problem identification and motivation: In this activity, a specific research problem is
defined and the value of a solution is justified. The problem statement and the objective in this research
are explained in sections 1.1 and 1.2 in more detail which is about the challenges of knowledge
management in traditional engineering settings regarding knowledge access, sharing, and reuse.
Problem definition is actually a basis for the artifact to be developed and to be efficient for providing a
solution to the given problem. Required resources for this activity are literature studies of the state-of-
the-art of research topics including knowledge management in enterprises, and related technologies

such as recommender systems, ontologies, and information retrieval tools.

Activity 2: Objectives for solution: In this activity inferring the objectives of the solution from a
problem definition and knowledge of what is feasible and possible are required. These objectives can
be quantitative or qualitative. According to the methodology, they refer to a description of how a new
artifact is expected to support solutions to the problem. Required resources include knowledge of the
state of problems and current solutions if any. In this research, the introduced use-case is studied and
analyzed in detail from different aspects of involved people, their work context, features, and
specifications of existing knowledge sources and applied knowledge repositories through organizing
semi-structured and unstructured interviews with the people from different engineering disciplines.
Their challenges in knowledge access and sharing and the current solutions are identified.

Activity 3: Design and development: In this activity, the artifact will be created in the form of a model,
a construct, a method, or an instantiation. Determining the desired functionalities for the artifact and its

architecture are included in this activity.

In this research, the identified applied technologies and tools in similar works are analyzed and their
synergies are investigated for structuring the target solution. Then, the architecture of the tailored
system is proposed including the essential required components.

Activity 4: Demonstration: In this activity, the use of the artifact is demonstrated to solve one or more
instances of a problem that could involve experimentation, simulation, case study, proof, or other related
activities. In this research, the archived unstructured documents are indexed and became searchable;
the ontology as domain knowledge of the recommender system is constructed through analyzing
people’s work context and the engineering domain. Then, the built ontology is validated against indexed

documents to validate retrievability of documents by ontology concepts. The recommender system
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prototype is developed in two phases of initial system and revised system by integrating varied
approaches of recommendation, explicit feedback functionality, the constructed domain-specific
ontology, and advanced information retrieval tools. These activities are described in detail in the journal
publications.

Activity 5: Evaluation: In this activity, the artifact is evaluated and its performance is measured to see
how well it supports a solution to the problem. The objectives of the solutions are compared with the
actual observed results. Here, knowledge of relevant metrics and analysis techniques is required. This
process can be iterative to improve the artifact and is dependent to the nature of the artifact. In this
research, the developed system is evaluated in two phases of the initial and revised system through
testing its performance by a group of involved people, students as engineers, in the use-case. Planned
qualitative and quantitative evaluations are done by using questionnaires and analysis of logged data of
users’ explicit feedback respectively.

Activity 6: Communication: Communicate the problem and its importance, the artifact, its utility and
novelty, and its effectiveness to researchers and other relevant audiences. Regarding this activity, 4
articles have been published and submitted in relevant conferences and journals with the focus of
knowledge management and information systems. A list of papers is represented in chapter 1 along with

the supplementary published articles.
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4 Approach and results

This chapter gives an overview of the results of the research conducted in this thesis. For each research
paper, its relevance to the thesis, the contribution, approach, and results are briefly described and

addressed in the following. The actual papers can be found in the Appendices.

4.1 Paper I: Intelligent Services: A Semantic Recommender System for Knowledge
Representation in Industry

Abstract: Intense competition in industrial area pushes companies to increase pace and efficiency of
development. During process plant design projects, large amount of information causes a challenge in
stakeholders' collaboration in decision making and it breeds lower development speed. An intelligent service is
required to improve knowledge and information accessibility by personalizing the knowledge and information
based on the stakeholder's situation in their working life which is known as a recommender system. This paper
describes the early phases of a PhD project that explores the idea of applying a semantic recommender system in
process plant design. To achieve this goal we aim to employ various recommendation approaches, data analysis
and ontology engineering. The resource of data is provided by an industrial partner, Aker Solutions. The results
of discussion show that similar to the way recommender systems personalize information in Web search, it is also
feasible to develop an ontology-based recommender system for industry to explore the most relevant explicit and

implicit knowledge and information for a given stakeholder.

Relevance to the thesis: This paper discusses the problem of knowledge and information access and
sharing in enterprises and gives a state of the art research on the applied technologies for improving the
discussed challenges. This paper addresses RQ1 and RQ2 and proposes the initial idea of applying
recommender systems in a professional context for knowledge access improvement.

Approach and contributions: A broad literature review was conducted on the usage of recommender
systems and how they are applied in different fields such as e-commerce and web search to improve
relevant recommendation and personalization to the given users of varied domains. The objective is to
investigate the performance of recommender systems and how applicable they are in a professional
context such as enterprises and manufacturing workplaces to improve the challenge of information
overload. Since ontologies have been utilized in recommender systems as an improvement tool for
identifying relevant items, a literature view is conducted on the ontology concept and their
specifications and contribution in recent recommender systems. Besides commonly used
recommendation approaches, context-driven recommendation approach is considered to investigate the

involved entities that characterize the professional situation of people in enterprises.

Results: This paper presents the understanding of applied tools and technologies for improving
knowledge and proposes the general idea of how applying a recommender system along with a domain-
specific ontology can be beneficial in providing relevant documents to the knowledge workers. In

addition, a broad literature review has been performed on key aspects that define the context of people
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in a professional setting. People’s interactions for accessing their information needs in an engineering
context are investigated and analysis results are collected from different views of historical and personal
information, collaborative, and environmental situation presented as a domain model. Each view
indicates a group of entities and informative relations between them. In addition, the components of the

planned prototype system have been mentioned in general as future work.

4.2 Paper II: Using Process Ontologies to Contextualize Recommender Systems in
Engineering Projects for Knowledge Access Improvement

Abstract: Knowledge and information are highly important resources in today’s knowledge economy and vital
in achieving organization’s goals. Particularly in engineering projects, users’ tasks are highly dependent on
accessing, using, and reusing these resources and users already spend a lot of time searching for relevant
knowledge. As the total volume of documents across different sources and repositories increases, users face
additional overhead related to search and retrieval. Knowledge workers across multiple disciplines experience
fierce competition and a persistent pressure to deliver value-added contributions in a competitive global business
environment with complex, multidisciplinary problems. Simple search engines are often not sufficient since they
are not designed to retrieve those relevant documents that match the user’s current work situation and information
need. Therefore, the need for a semantics-based solution has been identified. This paper describes the early stages
of a PhD project that proposes a tailored recommender system for improving knowledge accessibility in an
engineering setting. The recommender system will be developed for and validated in a multidisciplinary
engineering project as a case study. We take advantage of content-based filtering and collaborative filtering along
with semantic technologies to provide relevant and accurate recommendations. In order to contextualize users’
work situations during a project development process, the recommender system utilizes a tailored process
ontology to be able to explore different dimensions of users’ situations. By merging the concepts derived from the
ontology, the current work situation of a given user is identified and varied fine-grained user profiles will be
created at real time, so-called dynamic user profiles. Therefore, the recommender system is able to set the scope
of users’ interests to the exact level that a user desires in the current situation. To classify the identified relevant
documents, we propose creating concept profiles that originate from process ontology concepts for further
recommendation according to a collaborative approach. This paper describes the recommender system
components, proposes a framework for the target recommender system, and discusses how its components are

integrated and interact in order to improve information access in engineering projects.

Relevance to the thesis: In this paper, a high-level framework is presented for the proposed system
following the initial idea proposed in P1, and the essential components for creating the proposed system
have been described. This paper briefly addresses RQ4 and contributes towards C1 and C2. In paper 3,

the research question and contributions are thoroughly addressed in detail.

Approach and contributions: This paper investigates the shortcomings of the current solutions for
finding relevant documents in a professional context in more detail and starts to structure a system that
aims to improve these challenges. In particular, the use-case is briefly described in terms of the status

of engineers, knowledge resources, and current ways that engineers apply for accessing knowledge to
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assign their tasks. According to the specifications of these concepts and the results of studies, the
framework of a tailored recommender system is presented along with the essential components that

need to be considered in the target system.

Results: In this paper, a structured framework is proposed for creating the planned recommender
system. Essential components that are required for the target system are described that are the built
ontology as knowledge domain for contextualizing users’ work situations, static and dynamic user
profiles, recommendation approaches, concept profiles derived from the constructed ontology, indexer

to manage documents for search, and feedback collection approach.

Regarding the profiling approach, the creation of varied fine-grained user profiles has been proposed
by combining ontology concepts that characterize users’ information needs. The aim of this
functionality is to enable users to narrow down their scope of information needs to find those documents
that are closer to their current work situation. This may lead to spending less time in the information

retrieval process and more accurate results.

4.3 Paper III: Investigating contextual ontologies and document corpus characteristics
for information access in engineering settings

Abstract: Knowledge and information resources play a pivotal role in enterprises and are valuable for solution
reuse and learning through information access. However, identifying relevant information from a rapidly growing
number of unstructured resources is challenging for users. We discuss a personalized information access tool for
professional workplaces based on the recommender systems to provide relevant documents for users in specific
work contexts based on domain-specific ontologies. Our use case is a multidisciplinary engineering project
building an energy-efficient vehicle. We provide an in-depth analysis of document corpus characteristics of this
real-life shared engineering workspace to understand the content and context of documents using information
retrieval methods and semantic annotations. Upon this, we build a contextual ontology as our knowledge domain
for the recommender system. We validate our ontology-based content matching approach by evaluating the level
of retrievability and coverage of the ontology against the indexed document corpus through experiments on the
corpus and ontology. Our results provide insight into engineers’ document workspaces and show that even a
simple domain ontology is able to match a majority of documents from a domain-oriented corpus. The findings

support our approach of using ontology-based recommendation for domain-specific workspaces.

Relevance to the thesis: The focus of this paper is detailed analysis of document corpus, construction
of ontology, and evaluation of retrievability and coverage of the ontology against the document corpus.

In this paper, RQ3 is completely addressed, along with C1 and C3.

Approach and contributions: This paper is a detailed version of the second publication. This paper
consists of three main contributions. First, the live, in-the-field document corpus has been analyzed in
depth from real projects to understand the structure of existing documents in the engineering context.

Second, the requirements and specifications of users have been investigated through semi-structured
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interviews with engineers of different disciplines. The focus of the interviews was to identify users’
regular tasks, their information needs and information seeking challenges. Third, an ontology as the
knowledge domain has been constructed, using NeOn methodology, and its use and suitability have
been verified for the engineering domain by validating it against the document corpus. In order to assess
the retrievability and coverage of ontology concepts against the documents, the ontology-based content
matching approach has been examined with an advanced search tool to measure the performance of the

created knowledge domain.

Results: The contributions described above provided the following results. In-depth analysis of
document corpus provided a deep insight on the existing documents and their specifications. Documents
have been grouped in two groups of textual and non-textual based on their formats. The number of non-
textual documents has been significantly more than textual documents and images have a large
proportion in the non-textual group. Regarding retrievability and coverage of the constructed ontology
against the document corpus, the results show that the provided knowledge domain could cover a
majority of documents, with up to 95% for textual and still 43% for non-textual files. Regarding non-
textual documents, additional metadata and annotations could be a complementary solution to the
proposed approach to improve information access and retrievability. In addition, the results indicate a
cold-start problem for some concepts that are either too wide or too narrow according to the level of
matching with the document corpus. This causes retrieving too many or too few documents. However,
it proves valuable insight to refine the matching towards better specificity for certain concepts based on

the document corpus, especially for very specific concepts.

In addition, it is examined and validated that the approach of building a domain-specific ontology for
the engineering domain for a semantically improved recommender system is suitable for a typical
scenario that collects a huge number of varied documents in a shared file system for an engineering
project; and this approach forms a suitable basis for the proposed knowledge access system for the

engineering case.

4.4 Paper 1V: Development and Evaluation of a Knowledge Access System for

Engineering Workspaces Based on Recommendation and Filtering

Abstract: The research presented in this paper is a follow-up of our prior works involving evaluation of the
developed knowledge access system prototype, named ProRecSys. The aim is to examine ProRecSys performance
in terms of recommendation and filtering in our engineering case-study to provide relevant documents for users
in specific work contexts using domain-specific ontologies. We start with describing the process-driven system
architecture and the logic behind interaction of processes and information retrieval strategies. We follow a
content-based recommendation approach to identify relevant documents to users’ work context by proposing a
novel approach for profiling at ontology concepts level. The concept of ProRecSys has been validated in an
engineering context by evaluating the system in two stages. Firstly, evaluating the initial system that filters

documents based on explicit terms of work context derived from our ontology and secondly, the revised system
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that works with the collected content of concept profiles that are initialized with a sort of significant terms and
strengthened with the results of users’ explicit feedback. In general, the results indicate that ProRecSys is
potentially an appropriate tool for enhancing knowledge sharing and reuse in traditional engineering projects.
We present promising experimental results by comparing the performance of two approaches in initial and revised
systems. The results show that collecting semantic terms in concept profiles could provide recommendations with
higher quality that better fit users’ information needs. At the end, future research directions for improving

ProRecSys performance are suggested.

Relevance to the thesis: This paper represents the process of developing and evaluating the proposed
system following the results gained in the former publications. RQ5 and RQ6 are addressed, and it
contributes towards C4.

Approach and contributions: This paper follows the finding and achieved results during the process
of developing the target recommender system. System development is elaborated from a technical
aspect and describes in detail the two phases of developing ProRecSys, the initial system, and revised
system. Both qualitative and quantitative approaches of evaluation are applied to examine and evaluate

the performance of ProRecSys in the engineering use-case.

Results: The qualitative and quantitative evaluation on the performance of two approaches in initial
and revised systems reports that the recommendations derived from SWP approach could provide more
relevant results in earlier hits for users in their specific work contexts compared to RRD approach. This
concludes that the content of concept profiles have been more successful in scoping users’ information

needs and identifying the documents that meet their preferences.

Applying a system with ProRecSys capabilities is valuable for users with different levels of expertise
since it collects all the existing documents, organizes and analyzes them through indexing and make a
huge number of documents structured and accessible through different approaches. Note that the role
of such a system is stronger at the beginning of a project when users want to start working on a task and
need to collect some information to learn about the task, finding some facts and instructions, finding
examples to reuse (best practices) and similar past works. Therefore, their search scope is wider for
investigating retrieved information and recommendations are helpful to reach them. As the project
proceeds, the users need more specific information and tend to try a direct search for specific pieces of
information using a specified search system rather than a recommender system. Mainly, recommender
systems are more useful for novices and less for experienced engineers since they better know what

they want and where to find it in a specific domain.
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5 Conclusion

In this chapter, the concept of a recommender system in workplaces is discussed in more detail together
with the features and specifications that need to be considered for developing such a system. The future

work to improve this research work is also suggested in the following.

5.1 Discussion

In this Ph.D. research, the main objective is to study the challenge of information overload in enterprises
and the difficulties that engineers are faced with for accessing to their required knowledge and
information to perform their assigned tasks. Similar works both in e-commerce and enterprises, applied
approaches, technologies, and tools have acted as sources of inspiration for improving knowledge
access, sharing, and reuse in an engineering context. A prototype system has been developed,

ProRecSys, to improve identifying relevant items to the right people in a respective domain.

The results of examining the prototype system show that compared to the existing solutions that users
apply for finding their information needs in the studied use case, the performance of ProRecSys is
promising in exploring documents that are close and relevant to users’ work context. The role of such
a system is stronger at the beginning of a project (Journal paper submitted to KAIS on 13.02.2018)
when users want to start working on a task and need to collect some information to learn about the task,
finding some facts and instructions, finding examples to reuse (best practices), and similar past works.
Therefore, their search scope is wider for investigating retrieved information, and recommendation
results are helpful to reach them. As the project proceeds, the users need more specific information and
tend to try a direct search for a specific piece of information using a specified search system rather than
a recommender system. Mainly, recommender systems might be more useful for novices and beginners
and less for experienced engineers since they better aware what they want and where to find it in a

specific domain.

Another interesting point of this research is the usage of an ontology as knowledge domain to compose
varied concepts and build dynamic work profiles for identifying relevant recommendations (Mehrpoor
etal., 2017; Mehrpoor et al., 2015). It enables the system to be applicable to other domains for exploring
relevant documents. The ontology can be extended, modified, or re-designed to match the specifications
of the target domain and then ProRecSys works as explained in the case study. Another advantage of
using ontology is to use the relations between its entities for identifying new semantically relevant
articles that might not be found by recommendation techniques and text-mining. In order to strengthen
and improve the collected terms for ontology concepts, the content of concept profiles can be used to
link semantically relevant terms to each concept and expand the built ontology for better query results
from the preliminary phases of system life cycle for next versions of the system. Note that, over time,

the concept profiles might get closer and closer to each other. As a solution, following an approach
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employed in news recommendation (Gulla, Fidjestel, Su, & Castejon, 2014), the system should keep
the feedback results of the latest documents that were relevant to a work context by versioning the
indexes that carry the content of concept profiles to manage and classify relevant document contents in
different periods of time. Using such an approach can help investigate the latest ranked documents. In
some cases, it might be a better approximation of the user’s work context and interests.

Overall, the developed system is a useful tool for improving information access in engineering cases to
save spent time for searching the required information. However, system functionality and features can
be improved in further iterations and examinations to optimize its performance to provide closer

recommendations to work contexts and increase the number of relevant documents in the early hits.

5.2 Generalization and Adaptation

ProRecSys has been developed and examined in a small engineering use case. However, the approach
of its performance has been designed and developed in a way to be generalized and adapted to other
application domains as well. There are general principles and limitations in the current system that need
to be considered for developing such a system. The idea of having a context-driven ontology is useful
for scoping users’ work context and search for the documents that meet their specified work contexts.
The constructed ontology for the prototype recommender system is based on the studied use-case and
the identified dimensions for characterizing users’ work contexts can be different or more expanded in
other domains. Therefore, key dimensions need to be selected if the application domain requires

investigating more aspects of users’ contexts for building the ontology.

Similar to the limitation for dimensions of work context used in creating the ontology, the specified
metadata for the documents can be expanded. Depending on the key information that is found important
for target users and document specifications, additional metadata may be selected and used during

document indexing process.

The results of evaluating the two approaches of RRD and SWP show that SWP was more successful in
identifying relevant documents that meet users’ information needs. This means that the collected terms
in ontology concept profiles can be used to improve the semantic definition of ontology concepts and

consequently improve information retrieval using ontology concepts.

Implementation approach and required settings

As an advantage of the proposed system, ProRecSys is designed to be easily extended and applied in
other use cases. There are two resources that need to be prepared to make the system work in different

contexts.

Firstly, the knowledge domain, which is the contextual ontology, need to be reviewed and customized
for the involved concepts. Adding, editing, or removing any concept requires a person who is familiar

with RDF framework. In the current version of the ontology, the relations between concepts are simple
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and limited to e.g. “concept B is sub-class-of concept A” which can be easily applied using a simple

text editor when the relations and hierarchy of concepts are determined.

Secondly, the archived documents and ontology concepts need to be indexed using Elasticsearch!. The
indexing process is embedded in ProRecSys as well. It is only required to specify where the root
directory is, and all the existing documents will be indexed under that location. Note that an

Elasticsearch instance needs to be running on the system that performs the indexing process.

While the ontology is ready, there is a preparation stage to index documents and concept profiles using
administration panel which is available in the system. After document and concept profiles are indexed,
in case any initialization of concept profiles is desired for the given use case, it can be performed through
the system. In addition, it is required to initialize some values in the configuration file that are mentioned

below:

e The path of RDF file which contains the ontology concepts

e The index names for documents and concept profiles

As described, ProRecSys is flexible to be applied and examined in different contexts that apply file
systems for managing documents. All the process of identifying users’ work profile and filtering the
documents based on that, is the same as what is discussed mostly in (Journal paper submitted to KAIS
on 13.02.2018).

5.3 Future work
As future work, extending the functionalities of the developed system is suggested and examining the
system in similar professional contexts to better evaluate the system performance and improve it in

further iterations. The following improvements are suggested:

e Improving the built ontology using the collected terms in concept profiles for each concept and
define semantic and informative relations between ontology concepts to improve
recommendation process and include inference and reasoning and consequently identify more
diverse recommendations.

e Improving the solution of recommending non-textual documents through collaborative filtering
recommendation approach

e Examining the system with an ontology in another domain to evaluate the extendibility of the
developed system.

e Examining a multi-lingual ontology is some cases that documents might be created on different

languages and not only on a single language.

! www.elastic.co/products/elasticsearch
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e Investigating any other aspects that characterize users’ work contexts and could be a lead to

identify which type of documents can be more relevant to users’ information needs.

Overall, the rapid increase of data growth, particularly in professional workplaces, is critical and
demands to apply new tools and technologies to control and manage these valuable resources. Broad
research and studies on recommender systems have proven that they are very useful tools for
identifying pieces of information that are relevant to different task types and therefore can meet
users’ information needs. The synergy of recommender systems and ontologies improves the
performance of recommender systems by including semantics, reasoning, and inferencing to the
approach and methodologies that a recommender system follows for identifying the relevant
documents out of a large number of documents. Recommender systems have a very important role
in early stages of projects where there are many existing resources that are reusable but due to
inappropriate management strategies, it is very hard and challenging to explore them. Identifying
reusable knowledge and information saves significant time and money that needs to be spent for

finding or regenerating them.
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Abstract: Knowledge and information are highly important resources in today’s knowledge economy and vital
in achieving organization’s goals. Particularly in engineering projects, users’ tasks are highly dependent on
accessing, using, and reusing these resources and users already spend a lot of time searching for relevant
knowledge. As the total volume of documents across different sources and repositories increases, users face
additional overhead related to search and retrieval. Knowledge workers across multiple disciplines experience
fierce competition and a persistent pressure to deliver value-added contributions in a competitive global
business environment with complex, multidisciplinary problems. Simple search engines are often not sufficient
since they are not designed to retrieve those relevant documents that match the user’s current work situation
and information need. Therefore, the need for a semantics-based solution has been identified. This paper
describes the early stages of a PhD project that proposes a tailored recommender system for improving
knowledge accessibility in an engineering setting. The recommender system will be developed for and
validated in a multidisciplinary engineering project as a case study. We take advantage of content-based
filtering and collaborative filtering along with semantic technologies to provide relevant and accurate
recommendations. In order to contextualize users’ work situations during a project development process, the
recommender system utilizes a tailored process ontology to be able to explore different dimensions of users’
situations. By merging the concepts derived from the ontology, the current work situation of a given user is
identified and varied fine-grained user profiles will be created at real time, so-called dynamic user profiles.
Therefore, the recommender system is able to set the scope of users’ interests to the exact level that a user
desires in the current situation. To classify the identified relevant documents, we propose creating concept
profiles that originate from process ontology concepts for further recommendation according to a
collaborative approach. This paper describes the recommender system components, proposes a framework for
the target recommender system, and discusses how its components are integrated and interact in order to
improve information access in engineering projects.

Keywords: Work situation; Recommender Systems; Semantic recommendation; Process ontology; Dynamic
User profile; Information Access

1. Introduction

Knowledge and information are highly important resources in today’s knowledge economy and are vital in
achieving organization’s goals. One of the issues that organizations are concerned about is how to manage
these important resources in order to be able to align them with their objectives and goal achievement
strategies. The more complicated the corpus of organization and knowledge resources is, the more effort they
need to spend to come up with a tailored solution of knowledge management. Users’ tasks are highly
dependent on accessing, using, and reusing the knowledge resources. There are many factors that need to be



considered about the user in a particular work situation (Mehrpoor et al. 2014) since the way the users
interact with the system for exploring their required information influences the management of knowledge
resources (Freund 2008). Common search engines have been used for information retrieval but their results
are based on the search keywords entered by the user. Search engines are not designed to filter search results
according to user’s work situation. Finding semantic relations between user’s interest and knowledge resource
content might be helpful to retrieve more relevant results. Semantic search engines (Jayavel et al. 2013)
consider contextual meaning of the search query and provide more relevant results. However, the search
keywords might lack the essential concepts that lead to a proper context identification. So, the approach that
we have chosen for relevant information retrieval is recommender systems (Ricci et al. 2011) to improve
context identification (Ahlers and Mehrpoor 2014) of semantic search engines. Recommender systems can
assist knowledge managers to provide the right information for the right users and also reduce search costs.

We propose a tailored recommender system for knowledge management improvement in an engineering
setting. This paper describes the early stages of work and is organized as follows: Section 2 provides an
overview of related work in the area of recommender systems and using ontologies and user profiles for
recommendation improvements. Section 3 elaborates the case study and formulates the challenges of
knowledge access in the engineering settings. Section 4 describes the proposed recommender system to
address these challenges. Section 5 is about the future research and Section 6 concludes the paper.

2. Background

This section discusses the background for the proposed solution of knowledge access improvement in the
engineering projects, namely recommender systems, ontologies as semantic technologies, vector models,
information extraction and indexing tools, and user profiling in recommender systems.

The two fundamental approaches of recommender systems are content-based filtering and collaborative
filtering. The content-based approach focuses on the similarities between the items and combines it with
users’ preferences (Lops et al. 2011). The collaborative filtering approach focuses on the similarity between
the preferences of the target user with other users (Schafer et al. 2007). The preferences of the user are
derived from different explicit and implicit methods such as the history of users’ activities in the system as user
behavior or by explicitly asking users’ interests and storing them in user profiles (Pazzani and Billsus 2007).
User profiles might be created statically or dynamically (Hong et al. 2013). Static user profiles contain the
information manually added by user; dynamic user profiles are derived from users’ behavior, history of their
activities and so on. To improve performance, both approaches can be combined into hybrid recommender
systems (Garcin et al. 2012). The level of relevance for documents is most commonly calculated using the
vector space model in content-based filtering approaches (Werner and Cruz 2013). In addition, the context-
aware approach focuses on the contextual information (Dey 2001) and how the main contextual information
of the user play a role in identifying the relevant information which fits the user’s interests (Adomavicius and
Tuzhilin 2011, White et al. 2009, Bouneffouf 2013). Especially when there are only a few ratings available from
the users, contextual information becomes more important to be taken into account and analyzed to know the
users in more detail (Ma et al. 2011).

In order to improve the recommendation solutions, semantic technologies are applied. Ontologies are a main
semantic tool that have been used for knowledge management and constructing semantic models for the
concepts of a domain in order to provide more semantic relations between the concepts and avoid the
limitations in text-mining techniques (He 2013). Ontologies have been used in different recommender
systems: (Paiva et al. 2013) proposes a common hierarchical architecture for ontology-based recommender
systems that consists of four layers of context, discovery, recommendation and ontology to provide the
relevant recommendation for a given user. For presenting semantic description of both items and user profile,
(Werner et al. 2013) proposed an ontology-based recommender system for recommending economic articles.
In addition to the usage of ontology for knowledge modeling, they have been used as a fundamental tool for



indexing and annotating articles, which makes a system less dependent to a specific area. (Yu et al. 2007) used
ontology to contextualize the user, content, and domain in three individual ontologies. Then, a
recommendation method with four steps of semantic relevance calculation, recommendation refining,
learning path generation, and recommendation augmentation, is proposed for providing relevant
recommendations. Recommender systems should be able to extract the information in order to analyze it and
identify similarities between the objects. There are available libraries for information extraction and retrieval
like Elasticsearch (Banon 2012), which is used in this work. It supports different document formats and will
enable the recommender system to search and analyze in real time.

3. Case study: Knowledge access in a multidisciplinary engineering project and its challenges

Shell Eco-Marathon is an annual competition that challenges student teams to design and build ultra energy-
efficient vehicles. Every year a team of master students at NTNU participates in this competition and designs
the DNV GL fuel fighter vehicle (Bgvre et al. 2014). The team consists of different engineering disciplines such
as mechanics, electronics, materials, cybernetics, aero-dynamics and other sub-disciplines. They are working
together in a multidisciplinary work environment over one year.

One of their challenges is knowledge access and sharing. During the project development, engineers would
often benefit from reusing archived knowledge and information from previous competitions, but having loads
of unstructured documents in different formats makes it difficult for them to search and to get access to all the
relevant information for reuse, and it often causes them to start from scratch, failing to make full use of
available and potentially valuable resources. The current solution of the team for knowledge access is to
communicate with other students of past years’ competitions to ask for the required knowledge and how to
explore the relevant archived knowledge resources. They organize meetings with the past team members or
send emails, which can be time-consuming and inefficient. This mirrors a standard situation in industrial
companies, where new people always come into the company or new project teams are formed, who then
have to learn their way around knowledge management and document storage systems.

An appropriate solution for knowledge access improvement in the engineering project requires analysis of
both users and knowledge resources. We need to explore more information to figure out how well it is
possible to tailor the documents to the users’ assigned tasks. These issues are addressed in the following.

3.1 User information needs

Engineers with different proficiencies and different levels of expertise are involved in the project. Particular
responsibilities are assigned to engineers in different phases of the project development from requirements
analysis to design, implementation, test and evaluation. Some of the engineers are more involved to the early
stages such as mechanical engineers, some of them contribute more in the late stages such as electrical
engineers, and some people like project managers have constant responsibilities in the whole project
development process. Their responsibilities contain certain role(s) and task(s) and they work with specific
machine component(s). During their task performance, the engineers need to interact with each other. For
instance, the design engineer needs to interact with the aero-dynamics engineer to come up with an aero-
dynamics form of the vehicle. Also, electronics and cybernetics work together in some phases to make a
component of the machine. In addition, there are some inter-relations between machine components and
they themselves break into some sub-components, which makes them dependent for design concerns.

As an example, the mechanical engineer may have one or more roles such as team leader with some assigned
tasks such as requirements analysis and designing of specific components of the machine such as steering
system, brake and wheels. In order to find the relevant information, the mechanical engineer looks for those
directories in the document storage that look related to his assigned tasks but since the document storage is
not well-structured and not all the information that he needs is stored in the place that he expects, it makes



knowledge exploration challenging and he has to spend more time on knowledge and information seeking
rather than on efficient task performance. Therefore, a tool that helps him in finding his desired knowledge
and information is missing.

3.2 Document storage analysis

Available archived documents are stored in a shared file system. According to the analysis of the document
storages of the last three years of the competition, the type of stored documents are quite varied. Many
different unstructured documents have been identified in different formats such as text-based, multimedia,
modeling, programming formats, html files and other types that are created along with the output of the
specified applications. In the case of the mechanical engineer, he is interested in modeling documents, a group
of textual documents and a sort of modeling images. A proper solution for the identification of relevant
documents for both textual and non-textual document types is required. Figure 1 depicts engineers in two
disciplines of mechanics and cybernetics and their particular contexts.
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Figure 1. Engineers in particular work situations and their required documents
4. Tailored recommender system for knowledge access improvement

This section describes the essentials for the target recommender system. Each sub-section introduces a
component of the recommender system and discusses why it is used and how it will be employed. The
proposed framework consisting of all the introduced components is presented and the integration and
interaction of the components is described.

4.1 Recommendation approaches

Recommendation techniques follow varied approaches according to the conducted literature review.
Depending on the features and specifications of the use case, one or more of these approaches are used to
provide the potentially right knowledge and information for the right users. In our use case, from one side
there are users in certain work situations and from the other side there are documents that are classified in
two groups of textual and non-textual documents.

Textual document formats are mostly office documents and PDFs. Non-textual document formats are mostly
binary files such as multimedia documents, CAD files and so on. In order to identify similar documents to the
given user’s preferences, the content of the documents needs to be analyzed. Therefore, we follow the
content-based recommendation approach. To explore the content of documents precisely, one of the available
techniques is to index the documents and make them searchable by using textual search engine libraries
(Hatcher and Gospodnetic 2004). In addition, meaningful meta-data included in the document itself might be
helpful in document’s content identification. Information extraction libraries are used to annotate and index
the content of documents. According to the background of our work, we use Elasticsearch (Banon 2012) for
information extraction and indexing the documents. In our example of the mechanical engineer, mainly those
documents that have the most information pieces about mechanics, designing and modeling of wheels, brake
and steering system are likely to be relevant for him. However, it should be taken into consideration that the
work situation of the user is not constant during the project development and at each stage his required



information narrows down to a specific scope; for instance, in the early phases, he may work on modeling the
wheels. So, information about another component is not his interest in this phase.

In the two document groups, the results of content analysis would be different. In textual documents group,
since they are text-based, the probability of exploring similar information pieces that fit user’s interests are
higher than non-textual documents. Since there is not enough meaningful text-based content embedded in
non-textual documents, it limits the information extraction and indexing process for annotating these types of
documents. So, another recommendation approach should also be applied. For this part, we need to
investigate the users’ side more and focus on the information that we can gain from their behavior. Therefore,
we follow collaborative filtering approach along with content-based approach to study user’s side more and
come up with better recommendation results. If the mechanical engineer uses an image and rates it, specifies
it as relevant, then it is inferred that this image is included in such a situation. Consequently, for another user
in a similar situation, the identified document is more likely to be the right candidate for recommending to this
user. However, it remains uncertain how accurate the explicit feedback of the first user is in general. Explicit
feedback is the feedback given directly by the user like scoring the document. The users do not always tend to
rate the documents and not all the time their rating results are reliable. Implicit feedback is also considered
which is inferred from the user’s behavior indirectly like the amount of time that users spend for studying a
document or whether users open the document at all. Another challenge is the number of available users, new
users and new documents which causes the cold-start problem where the relevance of new or unrated items is
unknown (Gunawardana and Meek 2009). Since at the early phases of this approach very few documents are
viewed by the users, the numbers of identified relevant documents are fewer and not sufficient for a
collaborative filtering recommendation process.

Identifying the documents that are similar to user’s interest only provides potentially relevant documents.
However, the question still remains how we can identify the level of relevancy of each potentially relevant
document or in other words, how we can rank the documents. We need to identify how close each document
is to the given user’s situation. To do this, we score the documents with techniques like VSM, Vector Space
Model (Werner and Cruz 2013). In addition to this method, we also rank the documents using the explicit and
implicit feedback.

To take more advantage of the two discussed recommendation approaches, the documents that are viewed by
users can be classified according to the situation of their viewers. For classification of the documents, we
propose creating profiles that match users’ contextual features, which we elaborate in section 4.3.

4.2 Process ontology and factors of user’s context identification

In this research, we aim to apply ontologies as one of the knowledge management tools with the inspiration
from OBIE systems, Ontology-Based Information Extraction (Wimalasuriya and Dou 2010). In our
recommender system, ontology is used as the fundamental resource of contextual knowledge to help us in
identifying the situation of the user. For building the ontology, a scenario-based methodology called NeOn
methodology is used. The NeOn methodology supports a knowledge reuse approach (Suarez-Figueroa et al.
2012).
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Figure 2. Main concepts of the process ontology



Among nine scenarios defined by this methodology, the first scenario is selected which is “From specification
to implementation” since the development of the ontology is from scratch. In ontology requirements
specification activity, ORSA, the requirements for the ontology have been specified. The ontology environment
has been studied by interviewing the project team. In the conceptualization phase, the extracted terms of
ORSA are conceptualized. Afterwards, the conceptual model has been transformed into a formal model and
implemented using Protégé (Protege 2015). The main concepts are shown in Figure 2 that consists of five
dimensions of user, discipline, role, task, and machine component. Every dimension describes a part of the
work situation of the user and by combining their leaf concepts, the concepts defined in the last level of the
ontology graph, different work situations are described. Figure 3 illustrates some of the leaf concepts of the
ontology.
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Figure 3. Parts of the hierarchical structure of the concepts of the ontology

4.3 User profiling and Concept profiles

Recommending the relevant documents to the user requires collecting some information about users’
preferences in order to compare documents with users’ preferences to identify similarities. The scope of users’
preferences includes all the essential entities that characterize the situation of the user in his work
environment. These entities might be different according to different duties of the user and it causes some
modification in users’ preferences scope.

We use process ontology as the generic static user profile that contains different aspects of users’ situations.
Utilizing the process ontology also enables the system to create many different fine-grained user profiles
which we call dynamic user profiles. Creating dynamic user profiles help the recommender system to set the
scope of users’ interest to the exact level that the user desires. Therefore, the recommended items are much
closer to the users’ information needs and not too many relevant and irrelevant documents are explored from
the document storage. Without considering the dynamic user profiles, a recommender system covers all the
preferences of the user in all the project stages and many documents will be recommended that are partially
not relevant at this stage of the project. The dynamic user profile is the combination of the individual leaf
concept profiles of the ontology and we call them dynamic since they are mutable and are only alive until the
end of the lifetime of the current work situation of the given user.

As discussed earlier, identified relevant documents will be classified to some profiles. These profiles match the
leaf concepts of the ontology; so we have a profile for mechanics, a profile for electronics, a profile for
reporting, and so on. The identified relevant documents will be appended to these profiles for further
recommendations to the users who have similar work situations.



In our example, different combinations of the involved aspects to engineer’s work situations might cause
varied user profiles. Figure 4 (a) illustrates the maximum number of possible user profiles for a particular user.
Also, in (b), the maximum number of possible user profiles for the whole system, which can be created by leaf
ontology concepts, is depicted. The more roles and tasks the user has, the more situations are identified and
consequently the more user profiles could be created in the whole project development process. However, it
should also be considered whether there are any constraints on the relations between disciplines, roles, tasks
and components. For instance, wheels are related to steering system and also brakes but they are not related
to batteries, technically. So the number of possible combination is reduced. These relations are inferred from
the built process ontology. This knowledge can also be used to improve the indexing of documents.
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Figure 4. Users’ work situations and possible dynamic user profiles
4.4 Framework of the proposed recommender system

After introducing the essential components of our recommender system, we now describe how these
components are integrated and interact with each other as the framework of the recommender system as
represented in Figure 5.
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Figure 5. The framework of the ontology-driven context-aware recommender system

The process ontology as the context-based domain knowledge is used in multiple parts of the recommender
system. The stored documents in the document storage are posted to Elasticsearch to be indexed and become
searchable. Notice that not all the documents may index properly and have only limited metadata available.
When one of the users e.g. the mechanical engineer logins to the system, he selects his current work situation
derived from the process ontology. At this stage, we consider the ontology as the static user profile. The
current identified user’s situation is the dynamic user profile. The indexed documents that are similar to the
identified user’s situation are explored by Elasticsearch according to their level of relevance. Ranked



documents are represented to the mechanical engineer and here we use explicit/implicit feedback such as
asking the user to score the selected document or considering the time spent for studying the document. So,
we capture how well the document matches user’s context. At this stage, we need to classify the identified
relevant document in concept profiles for later recommendations to all those users’ situation that have
similarities with the features of this document according to collaborative approach. Here again we take the
advantage of the synergy of collaborative filtering and content-based approach. For those documents that are
not indexed properly, we aim to use collaborative filtering approach by using some feedback from the users’
side and follow the similar approach for textual documents; however, as mentioned earlier, the cold-start
problem is still a challenge. Also notice that, the ontology will be developed and improved based on the results
that we achieve in the process of documents exploration to improve the ontology concepts and the matching
by adapting it to documents inputs.

5. Future work

In our future work, we intend to expand the development of the process ontology. We will investigate how
matchable the indexed documents are with the concepts defined in process ontology. We will investigate
possible ways to explore all the relevant resources from the document storage. We should be able to match
the documents with the ontology and if required involve more aspects to the ontology such as how the
documents are classified in the file system and what document formats are specified in each classification
group particularly for those documents that are not indexed properly.

To take further advantage of the ontology, we will utilize the relations among concepts of the process ontology
to identify more possibilities for recommendation. While the users’ contexts are compared, these defined
semantic relations help the recommender system to logically infer more items for recommendation since
ontology supports inference and reasoning. These inferred recommendable items might not be identified if the
approach is only limited to users’ behavior and feedback. The task of the recommender system is not only to
recommend more, but to recommend more accurate and relevant.

6. Conclusion

The advantages of using the recommender systems in the professional workplaces are discussed in this paper
and a structured framework is proposed to create a tailored recommender system. This is a novel approach in
knowledge management in the engineering domain by using recommender systems that contextualize users’
current work situation by using ontologies. We take advantage of the two fundamental approaches of
recommendation, content-based filtering and collaborative filtering, along with studying user’s context,
inspired from context-aware approaches. Monitoring the users from different aspects helps us to provide
more relevant recommendations for the target users.

We propose the solution of creating varied fine-grained user profiles on the fly by utilizing the ontology. These
dynamic user profiles help the recommender system to focus on the current scope of user’s interest and
retrieve those items that are closer to this particular area and do not involve all the user’s preferences. This
leads to spending less time in the information retrieval process and more accurate results. Any user is able to
define a new situation during the project development process at real time and utilize the recommender
system for relevant knowledge access.
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Abstract

Knowledge and information are valuable resources in enterprises for solution reuse. However,
identifying relevant information from a rapidly growing number of unstructured resources is
challenging for users. We discuss a personalized information access tool for professional workplaces
based on recommender systems to provide relevant documents for users in specific work contexts based
on domain-specific ontologies. Our use case is a multidisciplinary engineering project. We provide an
in-depth analysis on the content and context of documents using information retrieval methods and
semantic annotations. Upon this, we build a contextual ontology as our knowledge domain for the
recommender system and evaluate the level of retrievability and coverage of it against the documents.
Our results provide insight into engineers’ document workspaces and show that even a simple domain
ontology is able to match a majority of documents from a domain-oriented corpus. The findings support

our approach of using ontology-based recommendation for domain-specific workspaces.

Keywords: Document corpus analysis, Information Access, Engineering settings, Work context,

Ontology, Relevance, Recommender Systems

Introduction and Motivation
Knowledge and information resources have a highly important place in enterprises. In a study of 1998-

2005, 70% of all US jobs could be classified primarily as “tacit jobs” - typical knowledge intensive
jobs, drawing on deep experience and “tacit knowledge”, making complex decisions based on
knowledge, judgment, experience, and instinct (Johnson, Manyika, & Yee, 2005). Similar patterns can
be observed in other economies and knowledge workers involved in tacit interactions represent the
quickest growing segment of workers. As knowledge workers, people in an enterprise — engineers in
particular — have different levels of expertise and require specific knowledge and information

embedded in different types of knowledge objects stored in internal or external resources. Retrieving



effective and efficient “tacit knowledge” remains challenging. Better identification, transfer and
management of knowledge helps organizations to retain their resources of knowledge and reuse them

in other projects instead of having to recreate it (Owen, Burstein, & Mitchell, 2004).

A survey performed in (Williams, Figueiredo, & Trevelyan, 2013) classifies different types of
interactions that engineers have for information access into three groups of face-to-face, reading
documents, and interactions with abstract systems and data. Abstract systems comprise conceptual and
non-physical systems such as software-based systems. Interaction with systems comprises searching
for information in file systems, databases, the Web, and other resources for design, modeling,
simulation, and programming. File systems continue to be one of the common systems used in
engineering projects for managing data. Many companies try to follow a standard naming convention
for a document names and paths to improve accessibility (Eck & Schaefer, 2011). Yet directory
hierarchies have challenges such as re-finding or quick browsing of filed away information that could
be easily forgotten, since it is out of sight and the folder hierarchy can be rather large and complex
(Jones, Phuwanartnurak, Gill, & Bruce, 2005; Ahlers & Mehrpoor, 2015). Other approaches to help
groups of users access unstructured knowledge can be bookmarking or tagging systems to support

knowledge sharing within organizations (Parise, Guinan, Iyer, Cuomo, & Donaldson, 2009).

Further, in many engineering projects, there is little consistent standard for creation of documents,
naming and locating them. Engineers spend a lot of time on browsing and searching directories.
Furthermore, the most obvious solution, such as personalized desktop search tools or existing search
built into the operating system as tools to search users’ own computer files, may not be sufficient for
engineers’ expectations and needs. A solution would have to enable for example refinement along
workflow, classifications, topics, and other domain-specific features (Ahlers & Mehrpoor, 2015).
These shortcomings make it difficult to assess which documents are available in the first place, where
they are located, and how relevant they are to a specific task. The problem keeps increasing in

complexity and scope with the constant growth of archived documents.

To enhance engineers’ productivity, available data sources should be efficiently re-useable and re-
findable without expensive user annotations to avoid wasting time on searching knowledge that already
exists within the organization, contributing to a lean enterprise (Kristensen, Krogstie, Ahlers, &
Mehrpoor 2016). We aim for a system that identifies users’ information needs and relevant documents
fitting their needs. Such systems are known as search engines and in particular as recommender systems
that are useful tools for interacting with large and complex information spaces, as e.g. used in e-
commerce (Ricci, Rokach, Shapira, & Kantor, 2011. We adapt existing recommender system
approaches for dealing with the information access challenge to filter and prepare information

according to engineers’ project work context (Mehrpoor, Gjarde, & Sivertsen, 2014).



The purpose of this research is improving access to relevant existing resources in an enterprise, for
engineers in multi-disciplinary engineering projects. In our prior research, we discussed challenges for
information access in collaborative engineering workplace settings (Ahlers, Mehrpoor, Kristensen, &
Krogstie, 2015), dealing with heterogeneous documents stored in shared networked file systems
(Ahlers & Mehrpoor, 2015), and the framework of our proposed system in an engineering use case
(Mehrpoor et al., 2015).

In this paper, our contributions are twofold. First, we present a detailed corpus analysis of a real-life
shared workspace file system from an engineering setting to better understand the available documents
from an indexing and retrievability perspective and understand the characteristics and distribution of
files; and second, to evaluate the document corpus against a developed domain ontology for document
coverage and retrievability to validate the degree to which an ontology-based content matching

approach can annotate this corpus and make the documents accessible for improved information access.

Literature review
This section discusses fundamental issues in the proposed information access system. It includes

concepts such as search engines, file systems, information retrieval, recommender systems, ontologies

as knowledge management tools in enterprises, and content extraction and analysis.

Information retrieval and search engines in file systems
People use different types of information retrieval systems in their daily life to satisfy their information
needs such as web search engines, for example Google or Bing. Search engines are tools that index and
search documents for specific keywords and return a list of documents that match query keywords. This
is an application of information retrieval technology. “Information retrieval (IR) is finding material
(usually documents) of an unstructured nature (usually text) that satisfies an information need from
within large collections (usually stored on computers)” (Manning, Raghavan, & Schiitze, 2008). Apart
from well-known public search engines, there are other more specialized search tools. One example
designed to work offline is Desktop Search for searching internal documents stored in a local computer.
File systems of local computers or shared servers contain loads of data and information embedded in
different files and directories. In order to search and access such files, prototypical search engines have
been developed for different use cases. Eureka (Bhagwat & Polyzotis, 2005) is a file system search
engine that infers the relations among files for improving the ranking of search results. For inferring
semantic links between files, it defines three types of semantic links, content overlap, name overlap, and
name reference link. They are automatically identified based on content and metadata of files. Another
file system search tool called Connection (Soules & Ganger, 2005) combines traditional content-based
search with context information that is collected from user activity. It identifies relations among files by

tracing file system calls and uses them for reordering traditional content-based results. As discussed in



the introduction, such functionalities of file system search are not powerful enough for relevant
information retrieval and especially recommendation in our setting. A next step in information access
leads to using additional semantic solutions and hierarchical naming towards attribute-based naming in
early work in semantic file systems (Gifford, Jouvelot, Sheldon, & James W. O'Toole, 1991). Thus,
analysis and retrieval of engineering documents stored in file system could be augmented through
utilizing semantic-based systems such as semantic search engines to provide more relevant results (Esa,
Taib, & Thi, 2010; Jayavel, Anouncia, & Kapoor, 2013). This also feeds into the topic of enterprise
search. Regarding measurement and evaluation, the effect of a retrieval system on users’ ability for
information access is investigated and a method to capture the level of retrievability of documents is
proposed (Azzopardi & Vinay, 2008).

Yet existing systems either are too general or do not apply domain-specific tools and knowledge to
improve information retrieval against stored data and information in file systems with the engineering
focus and cannot satisfy engineering needs, which is why we propose a new system matching these
requirements. We follow the approach of domain-specific understanding of the documents to allow
suitable filtering. In short, we use some existing software, but combine, adapt, and extend it in a novel
way to be able to add semantic capabilities through the domain-specific ontology into a search system

that we adapt to recommend documents based on semantic user context.

Recommender systems

Recommender systems are tools that suggest relevant items to users according to their interest
identification (R. Burke, Felfernig, & Goker, 2011; Mahmood & Ricci, 2009). Recommender systems
follow different approaches to match knowledge sources of a given domain. Knowledge sources are
classified in three groups of social, individual and content; depending on what sources are available in
the domain, the appropriate recommendation approach is selected (R. D. Burke & Ramezani, 2011).
The two major approaches are content-based filtering and collaborative filtering. In content-based
filtering, an item is recommended based on the similarities between item specifications and the profile
of user’s interests (Pazzani & Billsus, 2007). When the number of users is large, collaborative filtering
can utilize the similarities between the preferences of a given user with other users. Items highly rated
by similar users are then ranked higher in the recommendation (Schafer, Frankowski, Herlocker, &
Sen, 2007). Context-aware recommendation is another approach that considers contextual information
such as time and location along with the two basic entities of users and items in order to provide more
personalized recommendations for target users (Adomavicius & Tuzhilin, 2011). Any effective
contextual variable of the situation of the user is considered to individualize recommended items that
fit the given user in certain circumstances (Verbert et al., 2012). Each of the recommendation
approaches has its own strengths and weaknesses. For augmenting their performance, hybrid systems
can combine recommendation approaches so that they complement the performance of each other and

enable better recommendations.



Ontologies as knowledge management tools in enterprises

An ontology can be defined as a formal description of concepts and their relationships (Staab & Studer,
2013). The role of ontologies is widely examined in knowledge sharing and reuse and they have been
accepted as an important tool for managing and integrating knowledge in enterprises. Ontologies have
been used for knowledge integration of processes and to support complex workflow systems (Huang
& Diao, 2008). In product life-cycle management, PLM, data integrity can be realized through defining
a modular extendable reference ontology and integrating data along the whole product life cycle to
allow semantic search and knowledge reuse (Bruno, Antonelli, Korf, Lentes, & Zimmermann, 2014).
In another studied industrial case, an ontology for knowledge management is developed to support
designers in generating design concepts. The developed ontology promotes knowledge reuse and
systematic capture of design knowledge and helps the integration of the heterogeneous data sources
(Chang, Sahin, & Terpenny, 2008). The use of ontologies for knowledge management in engineering
industry is increasing as evidenced by (El Kadiri & Kiritsis, 2015; Rao, Mansingh, & Osei-Bryson,
2012; Zhen, Wang, & Li, 2013).

Furthermore, ontologies have been used in many recommender systems to improve the shortcomings
that some recommendation approaches may have in different domains. A domain ontology based on
users’ interest in a heterogeneous environment for personalizing recommendation can minimize
repetitive and tedious retrieved information (Ge, Chen, Peng, & Li, 2012). The recommendation
mechanism proposed in (Zhen, Huang, & Jiang, 2010) formalizes an ontology-based context model
from both the user and knowledge side and performs a semantic matching between for a more proactive

way of recommendation.

Content-based filtering, content analysis and semantic annotation

Recommender systems, as well as search engines, need to build internal representations of documents.
There are different item representation techniques from traditional text representation to more advanced
techniques such as integrating ontologies for exploring features of the objects to be recommended and
allowing to take domain-specific document features into account (Ge et al., 2012; Kang & Choi, 2011).
A general concept is that only document features that are extracted and indexed can be used for search,
filtering, and recommendation. This poses specific challenges to highly domain-specific systems, but
also makes them more powerful than for example general search engines such as Google or Bing or
general Desktop Search Tools. A high level architecture described in (Lops, De Gemmis, & Semeraro,
2011), defines three main components for a content-based recommendation process: content analyzer,
profile learner and filtering component. The content analyzer component performs information and
feature extraction from unstructured or semi structured documents that are machine-readable.
Structured information becomes input for the profile learner and filtering components. Our focus in
this paper is mainly on the content analyzer stage to study the document corpus and explore structured

information and extractable features for our specific domain.



To enable information retrieval, documents need to become searchable and semantically annotated.
Key information and features of documents are identified, and meta-data is extracted for documents to
assist document retrieval. Meta-data represents a set of properties of the documents (Horn, 2016) and
can be understood as semantic annotations for each document. An efficient retrieval process needs a

central database (an index) for content and meta-data storing (Eck & Schaefer, 2011).

Case study: A multi-disciplinary engineering context
We choose the engineering scenario of interdisciplinary student groups working at our university

towards building an ultra-energy-efficient vehicle. The scenario mirrors many aspects of real-world
scenarios in companies (heterogeneous data, unknown file structures, large amounts of data, personnel
turnover, aim to reuse knowledge, need for learning, multidisciplinary teams) and has the added benefit
that we have easy access to the actual users. The Shell Eco Marathon' competition (SEM) is held yearly
and encourages student teams around the world to design and build an ultra-energy-efficient vehicle.
Since 2007, a new student team of NTNU has participated in SEM each year and worked on a vehicle
called DNV GL fuel fighter? (Buodd & Halsay, 2015). The main engineering disciplines involved are
mechanics, electronics, and cybernetics with others involved such as design planning, aerodynamics,
materials, and safety. During the project, students from different technical backgrounds work together
with different levels of expertise. Since the project is repeated annually, the experiences and lessons
learned of past teams are important for the current team. Building on the documented experience of
past teams, every team can formulate innovative plans and consequently deliver improved results along

with saving significant time, while avoiding starting from scratch.

Common ways of handover communication are sending emails or organizing meetings to transfer
knowledge to the new team which is time-consuming and not efficient and sustainable. Document
sources contain loads of unstructured documents of different file types that do not follow standard
convention for naming and distributing in the file system. Therefore, the team still has the challenge of
exploring relevant knowledge related to their assigned tasks from early to late project phases. As
discussed above, ordinary desktop search tools have shortcomings when searching through a huge
amount of domain-specific data. For example, documents in the Windows file system search are
indexed based on generic metadata from the file system. Specialized file formats may still contain
valuable content that cannot be recognized, indexed, and therefore not searched. Moreover, some
documents might be only related to a particular field such as electronics or might be related to both
fields of electronics and cybernetics. In such a situation, while a document is located in a folder under
the root directory of electronics, it is hard to be found by a cybernetics engineer since he might not

know how electronic documents are organized or not all the key terms of electronics are familiar to

! www.shell.com/energy-and-innovation/shell-ecomarathon. html
2 www.fuel-fighter.com/



him to search for the required ones. These valuable and potentially reusable resources should be

organized in a way to be more accessible for the team.

Approach

To be able to tailor the development of the engineering-domain recommender system, we start by
examining the available document corpus to understand content and context. In this case it is a typical
shared file system with content from the engineering domain as discussed above in the case description.
Existing resources and their storage are studied in detail. Both qualitative and quantitative analyses are
provided. Users’ requirements and their expectations are studied during the process of building the
specific knowledge domain in the form of an ontology. Furthermore, we perform a user study in an
early part of the development process to elicit requirements and context; this is accomplished through
semi-structured interviews with a user group from our scenario comprising 15 students from different
engineering backgrounds that might have multiple roles and responsibilities due to the limited number
of team members. After designing the conceptual knowledge model, the ontology building process is
continued to formalize the domain knowledge and finally development phases following an

evolutionary method.

According to the characteristics of information resources, appropriate techniques for extracting
information from unstructured documents are identified. Documents are semantically annotated and
indexed based on a list of existing metadata from file system and additional metadata extracted from
content of documents. Thereafter, the built knowledge domain is examined against indexed documents
to evaluate the retrievability of documents through ontology concepts. The goal is to evaluate to what
extent the ontology concepts cover existing knowledge and information resources. These individual

contributions are described and evaluated in detail in the following sections.

System corpus analysis
Any Information Retrieval or Recommendation system works by matching features of a user query or

context to available features within or about the items to be found. Therefore, for specialized systems,
the starting point is an in-depth analysis on the available document corpus, to understand the content

and context. In this section, we elaborate the results of our analysis of the file storage.

Knowledge and information storage

The data storage used in our case study is a shared networked file system on a university server
containing files from the past three years of the competition. A sample of the file system structure for
one year is shown in Figure 1, which shows top levels of a hierarchical directory structure. The top

levels of the directory structure are similar in the years studied. However, there is not much consistency



in organizing deeper levels as demonstrated in Figure 2 in terms of common names per discipline and

common methods of arranging them.
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Figure 1. A sample of the file Figure 2. The same part of the hierarchical directories
system of the DNV GL project shown in Figure 1, demonstrated in deeper levels

Knowledge and information resources

Many different document types from the engineering domain are found in the collection. They included
domain-specific formats such as computer aided design (CAD), finite element analysis modeling,
programming documents etc. as well as common document types such as multimedia and text-based

documents, such as office documents, PDFs, or various graphics formats.

To gain a quantitative understanding, a detailed overview of different types of documents is required
in terms of their amount, size, format, associated metadata and other important aspects. We first
examine metadata features such as document formats and sizes. Then, we examine the textual content
of the documents in more detail to understand availability and broadness of keywords and the presence

of technical terms.

The initial document type analysis is depicted in Figure 3 for multiple years. Documents are classified
initially in two rough groups of textual and non-textual. Textual documents contain Microsoft Office
documents, PDFs, texts, code, and other text-based document formats, while non-textual documents
contain multimedia documents such as images or photos, as well as CAD models, analysis sheets, and
other document types derived from specified engineering applications with no substantially or easily

accessible textual content. As shown in Figure 4, a significant number of the non-textual documents



are images of different formats and Figure 5 represents size of documents from these groups of

documents.

In terms of naming convention, similar to the problem with directory name, there is not any standard
for naming documents of different types. Some of the documents have information-rich filenames and
give an idea about the content of the file but there are many documents that are named with seemingly
arbitrary alphanumerical combinations or are otherwise not informative enough to describe the content.

This impedes the search system aiming at keyword extraction.
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Figure 3. Number of documents in ~ Figure 4. A detailed view of Fig3; Figure 5. Size of documents from
two groups of textual and non-  non-textual documents and different groups represented in Fig4.
textual in recent years. substantial amount of images.

In addition, the documents from both groups are semi- or unstructured which means that documents
are not based on a fixed organized model or template. Potentially valuable information is stored in
archived documents but there is not any consistency in information structure in the majority of the
documents. Thus, classical information retrieval systems extract keywords, but not necessarily strong
semantic relations between them. As mentioned earlier, files are linked to associated metadata of the
file system that can be used to explore some documents’ features. However, there is a lack of metadata
about content and semantic information to support browsing documents, which needs to be derived by
the search system. In other scenarios where documents are stored in a document management system
(DMS), this may change as metadata entry is mandated for users, but many work groups are using the

shared file system for ease-of-use. In the following, both groups of documents are analyzed in detail.

Textual documents in the corpus

As shown in Figure 6, archived textual documents of the past three years are analyzed. The result shows
that most of the archived knowledge is stored as PDF documents, with Word documents and Excel files
following. We also see a decline in overall numbers. This may be due to more information from
previous years available and useful, and also possible due to a stronger use of online collaboration tools

with their own storage. This needs to be explored in future work and possibly included in our system.



Next, we examine the actual textual content of these documents. To access the textual content, we use
application-specific adapters such as Apache Tika! for text extraction. In addition, the information
retrieval tool, Elasticsearch? is applied for document indexing and statistical analysis. The bar charts in

Figure 7, 8 and 9 illustrate the numbers of terms (individual words) for each format in recent years.

m.DOC ®m.DOCX ®m.PDF m.PPTX ®W.PPT B.XLSX ®.XLS W.TXT

Document amount

2013 2014 2015
Year

Figure 6. Existing document formats in textual documents group

The results are classified in 5 ranges to study the amount of stored content to understand how much
retrievable content exists to later make it searchable and accessible for users. On the low end, a large
number of PDFs and Word documents contain no textual content. We noticed that they are actually
scanned PDFs or only images copied into documents with no textual content. These documents are
very hard to access through textual retrieval and can only be searched by metadata. The range of terms
between 0 and 1000 represents documents that contain up to two pages of textual content. The results
show that the majority of archived documents are in this range. Documents with more than 1000 terms

are mainly PDF and Word documents.
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Figure 7. Number of terms per document format in year 2013
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Figure 9. Number of terms per document format in year 2015

Overall, among these documents, the number of documents with no textual content is considerable.
Although scanned PDFs might contain valuable information to reuse, the embedded input is hard to
extract and there is same challenge for word documents and any other format with no textual content.
On the other side, through file system investigation, it is found that embedded images in scanned PDFs
are often duplicated individually and stored in other locations which could make them accessible. Also,
if these documents are named properly to define their content, they can be explored by taking the file
name and path name into account as a feature in the system (Ahlers & Mehrpoor, 2015). Overall, we

see that other documents contain a suitable amount of content to make them searchable.

Non-Textual documents in the corpus

We repeat the analysis of the textual documents for the non-textual documents. As shown in Figure 4,
images and photos make up the bulk of non-textual documents. Other non-textual document formats
are quite varied; average of about 250 varied formats in each year. Figure 10 shows a list of the most
frequent formats in this group. The number of .PRT files is significantly higher than other formats.

PRT is a common file format in CAD applications for designing 3D components such as NX,



SolidWorks and Abaqus. Other formats are also strongly related to specific disciplines such as .C files
that refer to programming and cybernetics tasks (which would formally count as textual documents).
Others, such as .O or .LOG are output files of processes that will not be useful for recommendation and
should therefore be filtered out in the system (Ahlers & Mehrpoor, 2015). More generic formats such
as .PRT, .SLDPRT (Solidwork part) and .FEM (Finite element analysis) refer to design and
development of mechanical tasks for users from mechanics, body, aerodynamics, or fuel cell
disciplines.
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Figure 10. Some of the most frequent technical non-textual document formats

Overall, varied document formats makes it challenging to extract potentially embedded textual content.
Several convertor applications are applied for image processing to extract text associated with images
and also from more frequent technical document formats. However, the text extraction results were not
satisfactory due to incomplete or incorrect spelling of extracted terms which is not sufficiently
meaningful to give a description of the document. Similar to what was mentioned for textual
documents, document name and path might contain useful content that helps in identifying subject of
the given document. In the content analysis section below, we elaborate the use of other available

textual metadata.

Contextual ontology as knowledge domain
As mentioned in literature review, ontologies have been utilized by enterprises for knowledge

management and sharing in many cases. Our objective is to describe and structure our knowledge
domain by developing a tailored ontology and to investigate how the built ontology can improve

knowledge sharing and reusability through the recommender system.

For creating the ontology, we chose the NeOn methodology since it supports a knowledge reuse
approach (Suérez-Figueroa, Gomez-Pérez, & Fernandez-Lopez, 2012). The first scenario among 9
different scenarios by this methodology is suitable for our system which consists of 8 tasks (Mehrpoor

et al., 2015). In the early tasks of Ontology Requirements Specification Activity, ORSA, the purpose



and scope of creating the ontology is identified by holding a set of semi-structured interviews with
users from different disciplines (more particularly with the system engineer) with focus of users’
regular tasks in the project, their information needs and information seeking behavior (see Appendix
A). In addition, other available resources such as master theses of past years were used to improve the
collected information about ontology environment. According to the results of the interviews, the scope
of our knowledge domain should cover main concepts that characterize the work context of users during

the project life-cycle.

During the middle tasks of ORSA, functional and non-functional requirements of the ontology are
identified. As a non-functional requirement, the terminology of the ontology should be able to support
users’ identified requirements. For identifying functional requirements, a list of Competency Questions
(CQ) is prepared and posed to users (See Appendix B). The collected results out of CQs and their
answers are categorized in three groups of engineers’ discipline, engineers’ work tasks, and machine
components. Thereafter, generic concepts of the ontology are identified that cover main aspects of
engineers’ work context and also a pre-glossary of the terms is extracted as specific concepts and
assigned to their respective generic concepts. Figure 11 depicts the generic and specific concepts of the
ontology developed by Protégé!. The conceptualization stage is iterated to check the validity of
concepts with leaders of each discipline. Then, validated terminologies are formalized by means of
ontology super-classes and their associated sub-classes. A detailed partial view of the final ontology is
represented in Appendix C; the whole ontology consists of 134 concepts.
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Collecting required metadata for document indexing and annotation
In order to make documents searchable, the first step is to assess what information is extractable from

documents if there is any metadata available. A list of key features is collected from different resources
and the reasons of choosing them are elaborated as well. Each of the features could be a lead in users’
decision making process in identifying relevant information. These features are stored in so-called
fields in the indexing process. Some of them are explored from file system metadata such as document
name, size, format, year and path. Textual content and possible short description are extracted using
Apache Tika. Note that these are only provided for textual documents. For non-textual documents, no
content is extracted, leading to a shorter list of features. All the fields for indexing the documents are

listed below:

*  Document name: it is one of the main properties that users look into while looking for relevant

information.

*  Document short description: early sentences of a document might be a lead to its subject.

* Document content: it contains substantially more text to match with users’ information need

and therefore a rich resource to identify relevant information.

* Document format: it is closely related to users’ technical background, roles and also their

assigned tasks.

*  Document size: larger documents identified as more relevant would contain more valuable and
reusable inputs. Conversely, although some documents might have quite relevant names, not

much information is embedded in them, which could be inferable by their size.

*  Year of competition: users are interested to see what is done in a particular year.

*  Document path: quite useful because of the hierarchical structure of the file system; it guides
users to those resources that are located in deeper levels of hierarchies, and surrounding
documents might be interesting for users as well. Moreover, the document path is useful in

annotation and classification of documents (Ahlers & Mehrpoor, 2015).

Information extraction and retrieval libraries are applied for document analysis in content-based
filtering. In our research work, Elasticsearch is applied to perform this task. To extract specific textual
content, specific analyzers are required. For indexing a document, an analyzer tokenizes a given content
into individual terms and stores them in an index. It also performs other operations such as removing
punctuations and common words, stemming (reducing words to a root form) and any other required

specific operations.

In terms of language, the majority of documents are in English and our knowledge domain is also in
the same language. Therefore, the Elasticsearch English analyzer is selected since it understands the

rules of English grammar and also supports stemming. According to our recommendation approach,



the frequency of indexed terms is important for each document. The analyzer enables counting any
existing word from the same root. For example, the root term for terms “detachable”, “detached” and
“detachment” will be “detach”. This leads to improved term frequency counts and improves the
recommendation process which will be discussed in our later works. As using the analyzer changes
textual content, certain fields such as document name and document path and metadata are also kept in
the raw (original) format for the purpose of presentation in the recommender system interface. Figure
12 illustrates how fields with different textual structures are indexed and how terms are transformed.
As shown in part a), a simple text is split into five stemmed tokens and common words in English are
removed and not indexed. Part b) shows the analysis result of a document path that is split into five
tokens. Finally, all archived documents are indexed and become structured and searchable. Following
the recommendation approach, we need to evaluate how well the built ontology is compatible with

indexed documents. The results of the evaluation are addressed in the next section.
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Figure 12. An English analyzer is applied for different types of textual fields; a) an example of indexing a simple text. Input
text: “monocoque section, detachable in 3 parts” b) an example of indexing text with path structure. Input text:
“Z:\ecomarathod2014\Systems\Mechanical\Steering\”

Evaluation of the constructed ontology against the corpus
The evaluation is designed to estimate which terms from the ontology can, in raw or processed form,

be used to match documents that contain the same or similar keywords. To ease this process, we use
an Elasticsearch function called percolator. The normal operation of a search system is to retrieve those
documents from a corpus that match a given query. The percolator works in the opposite direction.

Generated queries from the ontology are indexed based on the same schema used for documents and



then the documents are matched against the indexed queries to see which queries match with
documents. Figure 13 depicts the functionality of percolator. This gives us an easy initial measure of
the number of documents that can be matched by terms from our developed ontology.

To give a more technical description, a list of queries are generated that each query is pointing to a
specific ontology concept that might contain one or several terms. Therefore, the number of generated
queries is equal to the number of ontology concepts, 134 queries. The important point in query indexing
process is to index queries exactly based on the same schema that is used for indexing documents.
Otherwise, documents will not match to the query since the given field might not be compatible. After
two indexes are ready, the evaluation process is started by running the query index against indexed
documents one by one. This experiment reveals the level of retrievability and coverage of our ontology

against the document corpus.
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Figure 13. Percolator functionality: Matching a document against a group of queries

Evaluation results for textual documents

We start with statistical results shown in Figure 14 on the numbers of documents that generated queries
could catch. Generated percolators represented on the x-axis show all the ontology concepts and the y-
axis shows the number of matched documents per built percolator/ontology concept. The results show

that more core and generic concepts of the ontology could match more documents. Those ontology

~—4—Document count

-E 1500
H »
2 oo A2 X

SIPADODH DN S o oY
TTLFEIILIFFES

(=]
=11 |
1 el o
ﬂ(, [o—— |
M
L

pota

.

EESFFEIEERERSERIIIFISSISIRSI88 = Matched = Not matched
Generated percolators
Figure 14. Number of matched textual documents with ontology concepts



concepts that contain any of the terms “control”, “motor” or “system” could catch substantial number
of documents as a match, which is not that surprising when comparing to more specialized terms. Note
that a document could match with multiple queries. Specific concepts such as components of machine
subsystems catch less number of documents compared to generic terms, but will have a higher matching
specificity. Certain terms match only a few documents, but all ontology concepts could be matched to

documents in the corpus.

Looking at this from the document side, the pie chart in Figure 14 shows that around 95 percent of
available textual documents retrievable by direct ontology concepts without any adaptations or
relaxations in the matching and only 5 percent of documents are not retrievable, i.e. are not matched
by any ontology concept term. This would be an important fraction, so we examine these in detail in
terms of their name, format and content. In Figure 15, these 5% of non-matched documents are
examined based on their file type. We see that more than half of them are PDF documents, and around

two fifth are Word and text documents, with a small number of other document formats.
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Figure 15. Number of non-matched document from different formats in textual group

In order to assess why these documents could not be matched, we examine their textual content in more
detail. Figure 16 represents how many terms could be extracted from non-matched documents. No
terms could be extracted from about a third of documents, mostly from PDFs. These documents can be
scanned PDFs or documents with image content only as we had discussed above. One fifth of
documents contain a maximum of 100 extractable terms and only around one third of documents
contain more than 100 terms. These documents mainly belong to administrative, financial and personal
directories where non-technical content is stored such as traveling information, expenses etc. In
addition, a few documents are in Norwegian language. As the created ontology is in English, this limits
the matching process for non-English terms. It shows also that future work could work towards a
multilingual ontology.

It is worth mentioning that all the document names and document paths of those non-matched textual
documents did not have meaningful technical terms to be matched with ontology concepts. Usually,

file name and path are more valuable in the absence of file content, but in this case both main features



failed to be useful. It is observed that documents and paths are mostly named with people’s name,
numbers, combination of letters, joint words e.g., “systemanalysis” or Norwegian terms.

Evaluation results for non-textual documents

We repeat the previous process for non-textual documents where we can match only file name and file
path against ontology concepts. With less content to work with, fewer matched documents are expected
as represented in Figure 17. The matching results show a drop to around 43% compared to the previous
95%. Among matched documents, there is a similar trend as for textual documents. Generic and core
concepts of the ontology could again match with more documents and as terms become more specific,
the number of matched documents decreases. Yet, only 6 queries could not find any match, which is
surprising, given the usually lower information density in these features. Although no textual content
is extracted from documents of this group, fields of document name and path contain useful content to

make a group of non-textual documents retrievable by ontology concepts.
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Figure 16. Number of terms embedded in non-matched textual documents

We then investigate the reason of mismatching more than half of the non-textual documents as seen in
the pie chart of Figure 17. Choosing a random sample, we observe that we have the same challenge of
insufficient naming system for both document name and path. Analytical results reveal that many of
the documents that could not match to any of the queries are from the same cluster as before. This
cluster covers personal information that refers to team members, many photos captured during project
development from team activities per year etc. Furthermore, duplicated documents are observed quite
often in both groups of textual and non-textual documents even within the same year.

Overall, mostly those documents that are located in directories with specific and suitable names or
having such terms in the file name — often containing machine system structure terms — are retrievable
by ontology concepts. Besides the content-based recommendation approach, a complementary

approach is required to identify those important non-textual documents that could not be caught by



ontology concepts. This would be an argument for extending the approach we outlined in (Ahlers &

Mehrpoor, 2015) of how to use clustering and relation analysis to spread semantic labels.
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Figure 17. Number of matched non-textual documents with ontology concepts

Constructed ontology and profiling approach
In the professional scope, the context of users describes their interests. Our ontology can model users’

preferences since it consists of different dimensions of users’ work context. As described in (Mehrpoor
et al., 2015), our ontology can be understood as the combination of all possible static user profiles
which means that we actually create profiles at ontology level and not as user level in the target
recommender system. The content of these profiles will be used later in the developed recommender
system to provide more relevant documents for users. Figure 18 depicts the user interface for
identifying users’ work context from ontology concepts. A user’s work context is mutable during
project development. By combining different concepts of the ontology, dynamic user profiles are built.
Using dynamic profiles enables users to create varied fine-grained user profiles on the fly and narrow

down their scope of context. Figure 19 illustrates a preview of a selected work context.

Please select your specified Discipline, Role(s), Task, and Machine Components(s).

Discipline: Seisct... -
List of selected roles:

Remove Role:

SO
Machine Ce  Front i Bl Poras
 Fuel Cell Subsystem |

Figure 18. User interface snapshot for selecting work context driven from ontology



& &

Your current Work Profile:
Discipline: Mechanics
Role(s): Analyst,

Task: Requirement Analysis

Machine Ci ): M , Ventil Wheels,

Figure 19. A view of selected work context (Dynamic work-profile)

Future work
In our future work, we aim to further evaluate our proposed system in the engineering context by

evaluating the initial and revised systems with a group of users. We aim to investigate the level of
accuracy and relevance of search results against different users’ work context in the traditional
engineering project. Moreover, we investigate our non-personal profiling approach and assess the idea
of generating semantic content for ontology concept profiles using the results of users’ explicit
feedbacks and improving the profile content gradually during the system lifecycle. Through this
approach, collected terms in concept profiles could be useful in redesigning the ontology and improving
the potential cold-start problem with existing ontology concepts. This would give us an interesting
angle to extend and grow the ontology naturally. Overall, in our future work we will evaluate the
proposed system from different quality perspectives to be able to deliver more precise recommendation

results for this challenging domain.

Discussion and Conclusion
In this work, we have analyzed a document corpus from a multidisciplinary engineering project, to

better understand the setting of an engineering-domain recommender system. The objective of such a
system is to alleviate the problem of information overload by providing relevant knowledge and
information for engineers from different disciplines by focusing on their work context. Our study

consists of three main contributions.

First, we analyzed in depth a live, in-the-field document corpus from real projects to understand the
structure of existing documents in the engineering context. While this has been only one project, we
have seen other very similar systems in our work, even if we could not analyze them in depth. Also,
appropriate information extraction and retrieval tools have been applied to analyze valuable input of

documents along with annotating the documents semantically.

Second, we investigated the requirements and specifications of users through semi-structured
interviews with engineers of different disciplines. The focus of the interviews was to identify users’

regular tasks, their information needs and information seeking challenges. The information gained out



of the interview results outlined the scope of our knowledge domain to cover the work context of users

during the project.

Third, we constructed an ontology as our knowledge domain and verified its use and suitability for the
engineering domain by validating it against the document corpus. All the concepts that characterize
users’ work context are collected and represented by building domain specific ontology. In order to
assess the retrievability and coverage of ontology concepts against the documents, we examined our
ontology-based content matching approach with advanced search tool to measure the performance of

created knowledge domain.

The results show that the provided knowledge domain could cover a majority of documents, with up
to 95% for textual and still 43% for non-textual files. Regarding non-textual documents, additional
metadata and annotations could be a complementary solution to our approach to improve information
access and retrievability. In addition, the results indicate a cold-start problem for some concepts that
are either too wide or too narrow according to the level of matching with the document corpus. This
causes retrieving too many or too few documents. However, it proves valuable insight to refine the
matching towards better specificity for certain concepts based on the document corpus, especially for
very specific concepts. Refinements and improvements in the ontology development can then focus on
relations between concepts and identifying more semantically related terms per concept to cover more
semantically relevant results and improve the cold-start problem. Any combination of ontology
concepts could create dynamic work profile for users in different stages of the project. Therefore varied
fine-grained work profiles could be created from user side in real-time. This feature enables the
recommender system to dynamically narrow or widen the scope of search and focus on current user

preferences and thus provide recommendation that is closer to his information needs.

Our findings here and the overall research have relevant implications for academia and industry. We
point to a common challenge of information overload and knowledge reuse in multidisciplinary
engineering teams. This links to improved engineering processes in all fields to improve efficiency and
reduce waste. We expect the research to be generalizable with limited constraints. The results of our
experiments on the specifications of knowledge and information resources reveal key aspects that
should be considered for analysis of such contexts and domain ontologies. In addition, we examined
and validated that the approach of building a domain-specific ontology for the engineering domain for
a semantically improved recommender system is suitable for a typical scenario that collects a huge
number of varied documents in a shared file system for an engineering project; and this approach forms

a suitable basis for our information access system for the engineering case.
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Appendix A

List of questions and issues for interview with users

Introduction:

The interview is started with asking about engineer’s/user’s work tasks during project development.

Questions:

1.

10.
11.
12.

13.

14.
15.
16.

How engineers/users usually work with documents?
a) How do you decide if a document is the right one for you to take a look?
b) What is important about the document to take your attention in first overview?
= Title, Format, Date modified any other information?
Which sorts of documents are related to your discipline?
How much do you use the archived documents of past projects?
Are different disciplines related to each other? If yes, which ones? And on which parts and

activities? (Collaboration aim)

Are there any overlaps in the responsibilities of different roles with each other?
What are the project stages?
a) Are the project stages something regular each year?
b) In each project stage which disciplines are involved and in which responsibilities?
How much duplication is there in the document storage in each year?
How much the predefined technical rules from SEM affect the documents that you want to

reuse from past years?

What sorts of documents are more likely to be reused from past projects?
What sort of information sources associates with each task?
How do you prioritize the disciplines according to their level of importance in the project?
How do you prioritize documents according to their types in your work area?

a) Descriptions, modeling, guidelines, rules, etc.
What are the challenges that you face with while looking for required information and
knowledge?

What kinds of tasks are assigned to experts and what kind of tasks are assigned to novices?
What document storages do you have in DNV GL? And by which one you usually work with?

How disciplined the documents are stored in the folders in the information resources?



Appendix B

Competency Questions

—_

What are different disciplines in DNV GL project?

Are different disciplines related to each other? If yes, which ones?

What are different roles in each discipline?

What are different tasks for each role?

Is there any overlapping in the responsibilities?

Elaborate each task in each project stage, in each discipline, for each engineering role?
Which disciplines are involved in each project stage?

What are the main subsystems of the vehicle to be designed?

e T A L o

What are the components embedded in each of the subsystems?

10. Which subsystems are related to each other and how?
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Chapter 5
LEAP Collaboration System

K. Kristensen!, J. Krogstie?, D. Ahlers?, M. Mehrpoor!

"Department of Engineering Design and Materials, NTNU, 7491 Trond-
heim, Norway, kjetil.kristensen@ntnu.no, mahsa.mehrpoor@ntnu.no
’Department of Computer and Information Science, NTNU, 7491 Trond-
heim, Norway, john.krogstie@idi.ntnu.no, dirk.ahlers@idi.ntnu.no

Abstract

The LEAP collaboration system is a compilation of models, con-
cepts, elements and technology components that — when combined
and structured in a meaningful way to teams of end users — enable
companies to execute split location engineering projects in a way
that represents a competitive advantage. Written specifically for
split-location and multidisciplinary teams, this chapter contains a
description of these elements in the context of split location engi-
neering. Furthermore, the chapter describes how to develop and op-
erationalise such a system in a way that it represents a holistic,
meaningful and value-adding collaborative working environment
that enables engineers and other knowledge workers to make deci-
sions, solve problems and address multidisciplinary issues effective-
ly and efficiently. Based on lean thinking, the LEAP Collaboration
System approach identifies ways of reducing waste in collaboration
processes. An evaluation of knowledge sources is described, togeth-
er with approaches supporting knowledge creation in lean engineer-
ing environments. The chapter concludes with a toolbox that com-
panies can use to diagnose collaboration problems and challenges,
and systematically improve collaboration in their teams.

Keywords. Collaboration system, collaborative engineering,
knowledge sources, knowledge creation, collaborative diagnostics,
waste in collaboration



Is not included due to copyright



	96450_PhDCover_Mahsa Mehrpoor
	96450_Thesis_MahsaMehrpoor_83
	Blank Page
	Blank Page
	Blank Page
	Blank Page
	Blank Page
	Blank Page
	Blank Page
	Blank Page
	Blank Page
	Blank Page
	Blank Page
	Blank Page
	Blank Page




