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Abstract

The daily work of a systems engineer involves the challenge of dealing with a large
number of natural language documents. This data is the source of the relevant
information for later systems engineering (SE) activities and therefore must be
elicited. Since this manual work is not only time-consuming, frequently recurring,
and very error-prone, it is worth considering a suitable software support. A research
gap was identified by conducting a systematic mapping study with an outcome of
27 relevant papers. Based on these results and a manual target search, we
describe the process of deriving and creating a prototype by following the CRoss-
Industry Standard Process for Data Mining (CRISP-DM). The prototype consists of
three different text mining approaches, namely TF-IDF, Word2Vec, Doc2Vec,
represented in five tool-chains. These text mining approaches extract information
in form of topic clusters, so-called product concepts, from a set of product-related
documents such as requirements specifications, use cases or tender documents.
In order to investigate the support of the results of the respective tool-chains for
SE experts' work, a case study was conducted. The results of the case-study show
potential for improvement and further development. In conclusion it must be stated,
that although not all relevant information was revealed, the tool-chains identified
information that has not been known by the experts.

Keywords: Text Mining, Systems Engineering, Product Concept, Systematic
Mapping Study, Case Study, TF-IDF, Word2Vec, Doc2Vec, tool-chain
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Glossary

Feature

A feature is a unit of functionality of a software system that
satisfies a requirement, represents a design decision, and
provides a potential configuration option.(Apel and Kastner 2009)

Product
Concept

The product concept is the working term for the extracted
information from natural language artifacts which describes the
essential content of the documents. A pattern or exemplary model
IS not described in our case, since we want to mine the relevant
aspects of the documents regardless of the structure of the
documents. Or in other words: We are searching for information
without knowing exactly what to search for.

Knowledge
worker

As stated by Davenport: “Knowledge workers are workers whose
main capital is knowledge. Examples include software engineers,
physicians, pharmacists, architects, engineers, scientists, design
thinkers, public accountants, lawyers, and academics, and any
other white-collar workers, whose line of work requires the one to
"think for a living™(Davenport 2005). Whereas the focus of this
work are engineers in the Software and Systems Engineering
domain.

DBMS

Database Management System

NLP

Natural Language Processing

Natural
language
document

A natural language document can be anything which describes a
product. This can be documents which are internal product
artifacts like use case descriptions, memos and even emails but
also final product specifications. The documents should have a
certain level of maturity regarding their content, otherwise it would
not be helpful to read them for an improved product
understanding.

POS

Part Off Speech

PLE

Product Line Engineering




1 Introduction

This chapter motivates the thesis work by stating the actual challenge in handling
natural language documents as a part of the work of a systems engineer. This
challenge is described in the following chapter in more detail including a first concept
for a solution. Subsequently, the research objectives and questions are defined in
order to describe the research method.

1.1 Motivation

Digital transformation challenges almost every company in different ways. One reason
is that businesses aim at digitization to become more flexible for upcoming changes of
the market and to acquire new customers through a high level of innovation of their
products.

That shift has impact on almost every business unit, but especially on the product
development. Therefore, product knowledge contained in existing document artifacts
(such as specifications, user documentation, development artefacts, contracts,
brochures, ...) needs to be transferred into data structures that support the digitization
process and hence the product development of the company (Plejic et al. 2008). If this
is neglected, pre-known knowledge is not included in the current development process
and thus endangers the digital transformations. In other words, expensive
development work may have to be carried out several times, or the decision making
process might be influenced negatively due to prior knowledge not being reused.

In the context of a product development many documents must be examined by
knowledge workers (e.g. domain, requirements or product line engineers) in order to
identify information that could influence the product development. Document artifacts
can be every document, which is created during the development process of a product.
Artifacts are also items, which are not necessary completed. One could assume that
the existing text in documents already has a structure that makes it possible to quickly
localize the information about the product, but this is often not the case (see 1.4).

The focus is therefore completely different from the creation of the documents and
inevitably leads to a different structuring of information. This structure may provide a
certain order within the document but does not necessarily support the task of
identifying the required information. Extracting information from a document is referred
to as “information mining”.

The employees of the Embedded Systems Engineering department of Fraunhofer
IESE! (where this thesis was supervised) are regularly confronted with this situation:
For project meetings in early project phases, documents, in most cases, are first to be
searched for relevant information, which is then discussed at the meetings and, if
appropriate, transferred into the project development.

! The Fraunhofer-Gesellschaft is the leading organization for applied science in Europe. Its research
activities are conducted by 72 institutes and research units at locations throughout Germany. They do
contract research for customers from industry and the public sector. (Fraunhofer-Gesellschaft e. V.
2017)



Depending on the size of the documents to be checked, this frontloading activity is
particularly time-consuming and ties up important personnel resources, as this work
can only be carried out by experts. These must be familiar with the product domain,
product development phases and must also be experts within the area of systems
engineering in order to realize further important information the documents provide,
which may be essential for further development. This relevant development information
includes e.g. possible interfaces, features, constraints and stakeholder roles.

This is the point this thesis refers to, in which an approach is to be developed that
extracts the key data of the documents automatically to a large extent and summarizes
them as kind of a “product concept”. These product concepts should only contain
relevant information that is already contained in the existing document artefacts. The
other information contained herein is not included in the product concept. The product
concept can be understood as a summary of the most important information from a set
of product artefacts. Furthermore these concepts should be independent for their later
use in order to be applicable as an input for different areas of product development.

The Embedded Systems Engineering Department practices different systems
engineering disciplines for building complex systems, e.g. requirements engineering
and product line engineering. Therefore, with an working approach of automatically
identified and created product concepts, a large range of systems engineering
activities could benefit from it. Figure 1 illustrates this idea of how a product concept
could be created and further used for development activities.

Input: Output: Further product
Text documents Product concept development activities:
— A
= N
p— Requirements
e Engineering )
— o AN
—_— Semiautomatic ( Product line
% Text Mining > Product ’L engineering
Concept
N N N
- And other systems
— engineering activities/

Figure 1 - Thesis overview — Input and Output

Since potential product concepts hidden in huge data cannot be manually analyzed by
few employees in an efficient way (see human aspects 1.4.1), it is important to use
linguistic software tools which support that kind of work.

This Master’'s Thesis presents an approach to structure document artifacts into
conceptual, domain-independent product concepts. This approach has been evaluated
with a case study. The procedure of the approach is based on the findings of a
systematic mapping study.



1.2 Problem

The amount of unstructured text appears to increase on a daily basis. Enterprise
servers store a large amount of documents that is increased every day by their
employees work. These documents contain an unknown amount of specific product
data. As mentioned before it is crucial to extract information in existing documents
since this information might be essential development process, but very often this filed
information remains untouched and is not reused for the process.

Publications, which address a similar description of the problem, face the challenge
that the problem is often described but no concrete evidence is given in order to
address the issue of information retrieval of existing documents.

While a few references mention the rule of thumb, which says that approximately 80%
of business information exists in the form of natural language documents, this
statement is not backed by trustworthy, scientific sources. A data analyst named
Grimes researched the often referred to number of 80% information, which is
supposedly contained in company documents on a global scale (Grimes 2008). He
provided an overview of sources beginning in the 1960s till today, which were
referenced as evidence for the 80%. Grimes was able to demonstrate that in this regard
there is no proof in favor of this statement, but also no evidence to disprove it, since
there has been no documented evidence. Even if the claim was true at that time, 30
years later the situation is likely to be completely different, as the handling and volume
of information in companies has changed substantially. Apart from the fact that it would
be difficult to present proof for the problem, the research effort on text mining in general
and the experience from projects should be sufficient reason to look for solutions in
this direction.

Furthermore, the personal experience of the author is that in public sector procurement
for large systems engineering projects, all tender documents must be available in text
form in order to review them from a legal point of view. Only in this case the tender
documents are valid documents, which are correct according to German law. Although
the entire product documentation is in text form, it is embedded in a large architectural
model (as usual in such large systems engineering projects). These models visualize
the structure and behavior of the product and often also the context. Only through this
kind of visual representation (boxes and lines), the architecture is of great use and
must be maintained throughout the entire life cycle of the product. For the tender,
however, all the information has to be exported into text. Once the export to text has
been executed, it is not possible to process the text with the usual office tools any
further. This is another example of the need for text mining.

However, some product data may be important for future activities of the company,
e.g. the further development of its products, and should be considered during
development. In addition, the large number of document artifacts can hardly be
mastered by humans due to their limited ability to remember and compare every
information they read (see section 1.4.1). Even though these activities mean much
effort for the engineers and project teams today, it is the only way to ensure that
existing knowledge is present and can be reused in other projects.



1.3 Solution Idea

The handling and analysis of natural language within the systems engineering domain
is an important part of the daily work at Fraunhofer IESE. The texts come in different
formats, concern different domains and may be formulated very differently. As stated
by IESE engineers, similar text analyses are being carried out regularly, such as weak
word analysis, similarity analysis, thesaurus comparison. These analyses support the
engineers work, but only to a certain extent. For all these small everyday analyses
there are lightweight tools (e.g. MS Office plugins like Fuzzy Lookup (Microsoft 2011)
or specialized web services). However, more in-depth analyses should be conducted
using a structured approach such as CRISP-DM (CRoss-Industry Standard Process
for Data Mining), a non-proprietary, documented, and freely available data mining
model. Developed by industry leaders with input from more than 200 data mining users
and data mining tool and service providers, CRISP-DM is an industry-, tool-, and
application-neutral model. This model encourages best practices and offers
organizations the structure needed to realize better, faster results from data mining
(Shearer 2014).

CRISP-DM covers the structured analysis of big data, but since the analysis of text is
a subgroup, this approach can be applied quite well.

Since this standard was developed and applied in cooperation with industry partners,
the procedure described in this paper should be directly understood by the industry.
CRISP-DM organizes the data mining process into the following six phases:

- The initial Business understanding discovers the project requirements
and objectives. This knowledge is then converted into a data mining
problem definition.

- The data understanding phase describes the initial data collection
process in order to get to know the data. Furthermore, quality problems,
further insights and interesting subsets of data should be revealed.

- The data preparation phase characterizes all the activities to prepare the
final dataset, which will be the later input for the data mining tool(s). Since
this activity is more related to structured database data, we must adapt
this step to our circumstances.

- The data modeling phase explains how the various data mining
techniques are selected, their parameters are configured and the utilized
tools are constructed to a holistic tool-chain. Data modeling and
preparation are a highly iterative process, because the data to be prepared
has to be optimized repeatedly.

- Inthe evaluation phase it is examined whether the results are satisfactory
and whether further optimization of the tool-chain or the data is required.
The phase ends with the decision if whether the approach can be applied
or if further development is required.

- Within the deployment phase the discussion takes place on how the
developed approach can be deployed in the organization. Every possible
impact on the organization and their processes has to be considered and
responsibilities have to be defined.



Business - Data
Understanding Jaa gmed Understanding
Data
T
oeemert > Eoe

Data

Figure 2 - C. Shearer (2000), “The CRISP-DM model: the new blueprint for data mining,”(Shearer 2014)

Applying CRISP-DM prevents the uninformed “trial and error” approach of trying out
different text mining technologies without knowing what kind of result is expected. With
the support of CRISP-DM, well-defined research objectives and a performed
systematic mapping study a text mining approach will be developed to support
identifying product concepts based on text mining technologies. It should be possible
to input some natural language documents and receive a product concept as an output
(see Figure 1). Since this approach shall support practitioners in their daily work, the
solution approach must be a highly automated one and not rely on end users being
seasoned experts in natural language processing.

1.4 Challenge

The biggest challenge is to search data for something without knowing exactly what is
being searched for. In other words, how can an algorithm decide which data is relevant
and could become important information that can then be declared as knowledge by a
domain expert’s review? How do you proceed if you only want to filter out "relevant”
information from a set of documents if you do not know their content? Exactly these
problems are addressed by methods of data mining respectively text mining. Classical
Data mining focuses on the analysis of structured data (e.g. data in large DBMS) while
text mining on unstructured data (Rentzmann 2006).

As stated by Feldman and Sanger: “Despite the somewhat misleading label that it
bears as unstructured data, a text document may be seen, from many perspectives,
as a structured object. From a linguistic perspective, even a rather innocuous
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document demonstrates a rich amount of semantic and syntactical structure, although
this structure is implicit and, to some degree hidden in its textual content. In addition,
typographical elements such as punctuation marks, capitalization, numeric-, and
special characters — particularly when coupled with layout artifacts such as white
spacing, carriage returns, underling, asterisks, tables, columns, and so on — can often
serve as a kind of “soft mark-up” language, providing clues to help identify important
document subcomponents such as paragraphs, titles, publication dates, author names,
table records, headers, and footnotes. [...] Documents that have relatively little in the
way of strong typographical, layout, or mark-up indictors to denote structure — like most
scientific research papers, business reports, legal memoranda, and news stories — are
sometimes referred to as free-format or weakly structured documents (Feldman and
Sanger 2006). In the context of natural language processing, every natural language
text is unstructured, independently of the typographical elements used to structure the
text for the readers. Therefore this work subsumes weakly structured documents under
unstructured documents.

Another important distinction is made between the terms analysis and mining. The
analysis always defines in advance what or which pattern is searched for, a search
term exists. Mining, on the other hand, describes the activity of obtaining information
that one did not know existed in this form before. Since we do not know the content of
the texts to be analyzed, the approach of this work focuses on methods of text mining
and not on those of analysis.

It should be mentioned that the area of research of text mining includes various
methods and procedures to address different questions regarding text analysis.
Nevertheless, text mining is an interesting and promising field of research, users'
expectations of the results are usually too high. Especially when text mining is applied
in a new domain, as in this case of systems engineering, experience has shown that
the first results are in considerable need of improvement. The results are usually not
literary high-quality, easily readable texts, but fragments or individual words to be
interpreted in sum.



1.4.1 Human aspects

Chapter 1.1 mentions that it is necessary to read certain documents, understand the
content and then draw conclusions for the current project. Therefore, much time is to
be invested by domain experts to manually extract information just by reading.
However, there are certain human limitations:

- The human being has only a relatively short attention span when reading documents
- People cannot remember every piece of information when reading the documents

- However, if a person remembers certain information, this person most probably
cannot remember where exactly he or she read the information (in which document,
on which page or paragraph).

Although a Canadian study recently conducted by Microsoft(Microsoft Canada 2015)
says that we have become much faster and more efficient at filtering information out of
digital media, but only if the information is interesting for your personal use and
therefore if it draws our attention.

For our use case, however, it can be assumed that a large part of the content of the
documents that the engineer has to read is neither exciting nor personally useful to
him or her. Although various studies (Microsoft Canada 2015) do not investigate
exactly how long the attention is drawn when reading texts, however, with all other
activities such as work in general, meetings at work, surfing the Internet, television, the
individual attention span varies only from seconds to approx. 5 - 10 minutes. In any
case, not long enough to read 2-5 documents of 100 pages each (which may not be
relevant at all). In short, humans are not able to make pairwise comparisons of
document contents on a sentence level.

If we look at current work on the brain's way of operating, it quickly becomes clear why
such information can only be stored so poorly by the brain.

Alan D. Baddeley (Baddeley 2012) describes in his model of the working memory? the
subdivision into three different modules. The phonological loop is useful for processing
voice-related information and the visuo-spatial sketch-pad processes all visual
information (e.g. what has been written or visualized). Both types of information storage
are coordinated by the central executive.(Rupp 2014)

The effect that information can be remembered much better when there are
connections between the linguistic and visual information led to the model being
extended by the episodic buffer. Only in this case the episodic buffer can link this
information to complex episodes.

Based on the author's project experience, it can be assumed that the natural language
artifacts examined in this paper were not written in the form that promotes the linking
of information between the visuo-spatial sketch-pad and the phonological loop. It can

2A hypothetical limited capacity system that provides the temporary storage and manipulation of
information that is necessary for performing a wide range of cognitive activities.(Baddeley 2012)



therefore not be guaranteed that all relevant information was found during a manual
review of input documents with unstructured text.

1.4.2 Technical aspects

The technical aspects are to identify which tools are able to support the knowledge
extraction to minimize the manual review effort as much as possible.

There exist various text mining approaches for certain project settings. In addition,
there are also generic tool approaches and collections of tools for natural language
processing. The main challenge from a technical perspective is to choose and combine
the tools in the correct order and with correct interchange formats.

Another aspect is the fact that this approach should be as easy as possible be utilized
by practitioners. Therefore, the solution must be very easy to use and ideally the input
documents are directly usable, i.e. do not need prior processing.

A general process for applying NLP techniques is introduced by (Li et al. 2017) and
gives a good overview of the different processing stages:

e - - 1
| Tokenisation } \
} POS tagging Text Pre-processing |
I |
L } ________ |
r 777777777777777 1
| TF-IDF }
‘ C-NC Value Term Weighting ‘ NLP
|
|- 1
R 2 1
| VSM }
| LSA Semantic Analysis |
| y
________ }_ ]
________________ ]
‘ Association Rule Mining |
- . |
Clustering Post-processing |
\

Figure 3 - General process for applying NLP techniques in reverse engineering variability from NL documents.(Li
et al. 2017)

However, before the step “Text Pre-processing” can be applied, the documents have
to be brought into the correct input format, which implements a further step.



Another challenge is to select the most suitable applications for the tool-chain to be
implemented. These NLP tools are usually written in Python and can therefore be
installed and used quite easily.

Examples of free available Python data mining toolkits are:

e NLTK

e scikit-learn

e Gensim

e TextBlob

e Tensorflow

e or also as Ruby on Rails variant: spaCy.io.

Commercial text mining solutions are for example:

Google Cloud Translation API

NVivo

IBM SPSS Analytics for Surveys (IBM Stafs)
IBM Watson Tone Analyzer

The latest approaches used by today's tools are those of vector-based methods. This
procedure, in which data is represented as vectors in a multi-dimensional space, has
been existing for some time, but has only been considered in a linguistic context for a
few years. Therefore, in the context of requirement engineering, systems engineering
and product line development, there is little information on their application in practice.

Al (artificial intelligence) and deep learning approaches also exist, but are not
considered in this work. This technology is still very recent and therefore experimental
to implement fast solutions. Furthermore, these solutions have special hardware and
software requirements that make the application expensive. And: the supporting
department of this work will not deal with this topic in the short term and therefore the
technology is not applicable.

1.5 Research Objectives and Questions

The expectation for this work is that the proposed solution provides a clear benefit for
knowledge workers in the analysis of product documents. Possible benefits are
reducing time spent on manual review, being able to comprehend a much larger
amount of data within a shorter time span and not missing important information. Since
this approach has to be automated, a prototype of this approach should also be
developed. First of all, it must be clarified which approaches exist to extract relevant
information from text, automatically or not. Based on the knowledge gained, it must be
decided which approaches are to be pursued further in the context of this work. These
approaches would then have to be implemented as far as possible with tools so that
automation is possible and the manual effort for the practitioners can be reduced. The
result of this work can therefore not be about the investigation of an improvement in
efficiency, but rather about a feasibility study whether the automated product concept
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extraction is possible at all. Furthermore, even if the product concept approach is
intended to be domain-independent, it is the result of the work in these disciplines and
thus focuses in the very first step on related approaches in these areas. This first step
actually refers to the research objectives and research questions that need to be
defined in the following.

Research objectives

The aim of this thesis is to derive product concepts out of unstructured texts. Based on
these overall goal, the following research objectives are defined:

O1: Characterize state-of-the-art approaches regarding the retrieval of product
concept and synonyms in engineering activities.

02: Identify the research gap in the context of product concepts in the area of systems
engineering.

O3: Evaluate if the examined approaches support the work of systems engineers who
have to examine product-related documents in natural language.

Research questions
These research objectives lead to the following research questions (RQ):

RQ1: Which systems engineering approaches exist that derive product concepts or
synonyms from natural language documents (Objective 1, Objective 2)

This question aims at summarizing all relevant approaches which follow a similar idea
of creating a product concept. Since the notion “product concept” is a constructed
working term of this thesis, it might be possible that other approaches aim at the same
goal, but use a different term for it.

RQ2: Which keywords describe the activity of deriving a product concept or synonym
from natural language documents in early project phases? (Objective 1, Objective 2)

For an academic work, like this Thesis, it is necessary to do some kind of literature
research. Therefore we have to define search strings which is used as a search query
in different scientific databases. Since the experts of the Fraunhofer IESE should be
supported with the outcome of this thesis too, they were asked for relevant keywords
also.

RQ3: How can a system identify information from natural language documents in order
to automatically identify a product concept? (Objective 2)

With this question we aim at the techniques, obtained in RQ2, which were used to
produce product concept similar results. We need to know their theoretical approach
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and how these approaches tackle the challenge to identify the desired information
elements. This research question will be directly answered form the obtained mapping
study (chapter 2.2) since the mapping study asks in the same direction: How
(techniques) and with which tools (concrete tools) can a system identify information

[...]?

RQ4: Which natural language processing software tools can be used in which order to
create a tool-chain to generate product concepts independently of domains?
(Objective 3)

We are interested, whether the techniques, acquired in RQ3, are suitable to build a
tool-chain which automatically creates product concepts. First of all, it must be clarified
if implementations for the techniques exist and if so, if these applications can be used
for the purpose of this work.

RQ5: How can systems engineers obtain new insights of a project when a product
concept was automatically identified in natural language documents by a tool-chain?
(Objective 3)

Finally, we want to know if the anticipated tool-chain produces results that represent a
potential added value for the employees of the department.

RQ6: Which method has to be used to evaluate the tool-chains regarding the automatic
identification of product concepts in real project settings? (Objective 3)

In addition to RQ5 we have to explore which evaluation method is suitable for the
evaluation. Since the combination of NLP methods used in the specific context of
systems engineering is new and therefore unique, a case study is a good possibility to
examine this real-life setting.(Kitchenham et al. 1995)

1.6 Research method

This section describes the research method used during this work and why it is
appropriate to use.

The idea for the thesis topic is based on experience from different systems engineers,
who described the same need in relation to analyzing large natural language
documents in their projects. As stated by them, the documents contain an unknown
amount of specific product data which has to be manual examined in order to reuse
the relevant information. As mentioned before, it is crucial to extract this relevant
information in existing documents, since this information might be essential for the
development process, but very often this filed information remains untouched and is
not reused for the process. Since every individual search for a solution did not come
up with an beneficial approach, this topic was declared as a possible Master thesis
topic.
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The first step was to define the research objectives and questions in order to get a
clear understanding of what is in scope of this work (chapter 1.5). In summary, the RQs
address the following issues:

Are there similar approaches? How and with which tools are these approaches
applied? What could be a possible solution for the above mentioned problem? And
finally, how can the result of this work be evaluated?

Starting with a first exploration of the topic it became clear that this issue of analyzing
natural language documents is a two-sided problem. We face human aspects (chapter
1.4.1) and technical aspects (chapter 1.4.2). Since the human aspects are inherent
regarding the inability of long and intense concentration phases and episodic memory
function of the human brain, we focus on a solution from the technical point of view.

For literature research and identifying the research gap, a systematic mapping study
(SMS) was conducted (chapter 2). By applying an SMS, it is ensured that current
research development in the area of product concept creation is taken into account, as
these types of results are explicitly included (Petersen et al. 2008). Another reason for
conducting a mapping study is that the field of research (product concept creation
based on NL (natural language) documents in the area of systems engineering) is
probably less explored. Therefore mapping studies have broader research questions,
aiming to identify the state of practice or research on a topic and typically identify
research trends (Wohlin et al. 2012). Besides, the coverage of the search area can be
determined, whereas the available research and results are identified in terms of
guantity and type (Petersen et al. 2008). By performing the SMS, research question
RQ1, RQ2, RQ3 and RQ4 will be answered.

The results of the mapping study were a list of 27 papers, which address a similar
research question or describe an approach of information mining in natural language
documents. These results are categorized by the means of used tools and frameworks,
applied techniques and input/output. Furthermore, a manual target search was applied,
which focused on company (Fraunhofer IESE) internal publications with regard to data
mining and interviewing employees of the data engineering department. The results
have demonstrated that no comparable approach exists so far, and therefore a new
approach must be developed to solve the problem.

After a presentation of the most applied tools and techniques in the SMS (chapter
2.2.3) we describe the development of the aforementioned new approach by following
the data mining model CRISP-DM (chapter 3). As already mentioned, the use of
CRISP-DM ensures that the right questions (regarding the data) are asked in order to
choose the right approaches and tools, which hopefully will answer the aforementioned
guestions. Utilizing the mining model CRISP-DM and developing an own conceptual
approach will answer research question RQ5. The outcome of this activity is a
description of three approaches which lead to five different tool-chains, which were
implemented as a prototype.

In order to perform tool-chain tests, a set of two real project documents was selected
as input. Like a large number of documents in the SMS, these documents contain
general product descriptions, requirements and use cases. These real project results
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of the tool-chains enabled us to evaluate the approaches (chapter 4). For this
evaluation a survey with experienced systems engineers was carried out, which are
able to make qualified statements on the results. After reviewing the results of the tool-
chains it was up to the subjective judgement of the experts whether the result would
have been helpful to him or her at an earlier point in the project to gain knowledge
before he or she knew all the project facts.

This described procedure indicates the methodical approach of a case study. A Case
Study "is an empirical method aimed at investigating contemporary phenomena in their
context" (Runeson and Host 2009). Furthermore, a case study investigates a real
project in an industrial setting (Wohlin et al. 2003). Wohlin (Wohlin et al. 2012)
describes 5 major process steps within a Case Study Research Process:

1. Case study design: objectives are defined and the case study is planned.

2. Preparation for data collection: procedures and protocols for data collection are
defined.

3. Collection of data: execution with data collection on the studied case.

4. Analysis of collected data

5. Reporting

This process is almost the same for any kind of empirical study and is also applicable
for this work.

The results of the case study showed a high degree of variance and made it difficult to
draw any significant conclusions concerning the beneficial applicability of the tool-
chains for the mining of product-concepts from natural language documents.
Nevertheless, these results were predictable since this procedure has so far not yet
been implemented in the area of systems engineering and therefore applicable tools
and methods have to be adapted to the according systems engineering challenges. In
conclusion it must be stated, that although not all relevant information was revealed,
the tool-chains identified information that has not been known by the experts.

Table 1 - Reference to Research Question Answers

Research Research questions are
Question ansvyered in the following
sections:

RQ1 2.2.2

RQ2 2.1.2

RQ3 2.2.2

RQ4 2.2.2

RQ5 3.1.4

RQ6 4.1.1.1
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1.7 Outline

The remainder of this thesis is structured as follows: chapter 2 describes the systematic
mapping study, lays down the whole procedure of the study and presents the results
at the end. Next, in chapter 3 the CRISP-DM process is instantiated. The findings of
the mapping study build the foundation for developing own tool-chains which create
product concepts out of natural language documents. The evaluation is described in
chapter 4. At the end, a summary of gained knowledge is presented in chapter 5, along
with a list of future work.
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2 Related Work

This chapter covers the methods and findings of the literature research conducted.
Chapter 2.1 describes the adopted method for the literature research. Chapter 2.2
contains a summary of the results.

2.1 Systematic Mapping Study

As stated by Petersen et al.: “A systematic mapping study provides a structure of the
type of research reports and results that have been published by categorizing
them.”(Petersen et al. 2008) The overall process is shown in Figure 4

Process Steps

Definition of
Research Quesiton

Classification
Scheme

Keywording using Data Extraction and

~ Q i g
Conduct Search Screening of Papers Abstracts Mapping Process

Review Scope All Papers Relevant Papers Systematic Map

Outcomes

Figure 4 - The Systematic Mapping Process (Petersen et al. 2008)

At first, the actual research questions for the SMS had to be defined, which allows a
first search for relevant papers to be conducted. These research questions are to be
understood as sub-questions of RQ1 in chapter 1.5. However, using this knowledge of
the first screening and the input of the colleges from the PLE department, the final
search strings were defined and the search was conducted. Before looking into the
papers to check their relevance for this work, the inclusion and exclusion criteria had
to be defined (2.1.4). Based on the findings, the context and research facet were
defined which is part of the classification scheme. The final step is the data extraction
and the actual mapping process, which results in a systematic map (Petersen et al.
2008)

2.1.1 Research questions

The first research question asks for existence of approaches, which extract information
from natural language artifacts in the domain of systems engineering activities. Since
these approaches are unknown so far, this is the necessary initial question. But in order
to be able to learn from existing approaches or even adopt parts of their tool-chain, we
have to ask more precisely in this systematic mapping study. To illustrate the relation
, first the research questions from chapter 1.5 are repeated and the respective
Structured Mapping Study questions (SMS_Q) are listed below:

RQ1: Which systems engineering approaches exist that derive product concepts or
synonyms from natural language documents without using search terms in order to
search for a specific pattern or information (Objective 1, Objective 2)
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SMS_Q1: Which of these approaches, obtained through RQ1, describe a
tool-chain? (RQ1)

RQ2: Which keywords describe the activity of deriving a product concept or synonym
from natural language documents considering systems engineering activities in early
project phases preferably?

SMS_Q2: Which keywords can be used to define a search string for the
structured mapping study?

RQ3: How can a system identify information from natural language documents in order
to create a kind of product concept? (Objective 2)

SMS_Q3: What are the types of natural language input documents from
which information is extracted?

RQ4: Which natural language processing software tools can be used to implement a
tool-chain to generate product concepts independently of domains? (Objective 3)

SM_Q4: Which tools and frameworks?® are used? (RQ4)

SM_Q5: Which of these approaches use software tools that are freely
available? (RQ4)

2.1.2 Search strings for online database research

Whereas this work was conducted in the department of Embedded Systems
Engineering and these employees should directly benefit from this work, they were
asked also for relevant keywords. The interviewed experts were mainly from the field
of product line engineering (PLE) since they have experience in a similar field of data
mining, the feature extracting or feature modelling.

The identified keywords were then checked for possible synonyms, related terms and
alternative spellings (Budgen and Brereton 2006). As usual, for defining a search
string, we used Boolean logic to either combine alternative terms with an OR and
connect terms with an AND. The resulted search string is as follows:

("application asset concept” OR "application concept extraction" OR "application
domain concept” OR "application extraction” OR "concept extraction” OR "domain
asset concept” OR "domain concept” OR "domain extraction® OR "domain
requirements concept” OR "domain requirements extraction" OR "feature concept” OR
("“feature extraction” AND "product”) OR "ple portfolio concept” OR "portfolio concept”
OR "product concept” OR "product extraction” OR "product line concept” OR "product
map concept” OR "scoping asset concept” OR "scoping concept” OR ("topic detection”

3 For our purposes, frameworks refer to a collection of tools. Throughout this work, the terms tool and
framework are used interchangeably.
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AND "product”) OR ("topic extraction" AND "product") OR "topic tracing” OR "variant
concept")

The search strings were applied to three scientific databases: ACM*, IEEE® and
ScienceDirect®. Basically, we searched for the search strings in “title” and “abstract”
since we expected the main topic is at least mentioned there. It must be mentioned
that the web presence of ScienceDirect has changed from the initial search till now.
When we conducted the search, we had to select scientific categories where we
wanted the search applied. The selected category was: Computer Science. Today, it
is not necessary to select a category, but probably helpful.

2.1.3 Manual target search

Manual target search has proven to bring up high-quality search results when
combined with the use of searches from digital libraries (Jorgensen and Shepperd
2007). We have included manual target search from the internal Fraunhofer IESE
library and internal resources (documentation of best practices, project reports and
IESE developed approaches in the context of PLE and Systems Engineering) of the
department. Furthermore, a colleague of the data engineering department was
interviewed about his suggestions regarding the objectives of the thesis.

2.1.4 Inclusion and Exclusion Criteria for search results
The criteria are used to ensure that only relevant and useful results are put forth.

IC1 Papers matching the search string and describe approaches within the
scope of this thesis.

Studies were considered irrelevant if they meet at least one of the following exclusion
criteria:

EC1 Papers not focusing on knowledge extraction from natural language
documents, i.e. knowledge extraction from medical diagnosis, pictures or
video material.

EC2 Papers not written in English or German.

EC3 Papers not accessible through one of the stated databases (IEEE, ACM
and Science Direct)

It should be noted that most mapping studies also define an exclusion criteria, which
limits the publication period of the papers. It would also have been quite valid to limit
the time span to the years of 2000 - now, since the work on the analysis of NL (natural

4 https://dl.acm.org/
5 https:/lieeexplore.ieee.org/
6 https://iwww.sciencedirect.com/
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language) documents only began during this time. However, this work not only deals
with the automatic extraction of information but also with the general question of what
a product concept might look like and whether such a concept has already been
developed. Therefore, a time limit regarding the time span of publications was not a
criterion.

2.1.5 Classification Scheme

We followed the original approach of Bailey (Bailey et al. 2007) put in concrete steps
from Petersen (Petersen et al. 2008) shown in Figure 5:

II Keywording

Update
Scheme

Classification
Scheme

Sort Article Into
Scheme

Systematic
Map

Figure 5 Building the Classification Scheme

The first step in order to build a classification scheme is to read through the abstracts
of the papers, identify keywords and concepts that reflect the contribution of the paper.
At the same time, the contributions context is examined. So, while reading the papers,
examine relevant keywords and trying to find context descriptions for each paper it
should be possible to develop a high understanding about the nature and contribution
of the research (Petersen et al. 2008). This knowledge is used to define categories
which make it possible to reflect every contribution therein. Depending of the quality of
the abstracts, the review must go deeper by reading the introduction, conclusion or
even the whole paper.

Three facets were created in total. One facet summarized the topic “Product Concept”
which is therefore called the “Product Concept Context Facet”. The other two facets
are more used in general to cluster the investigated contributions and therefore can be
adopted (Petersen et al. 2008)(Wieringa et al. 2006): Research Type Facet and the
Contribution Facet. The Research Facet reflects the used research approach in the
paper, these approaches are domain independent and can be reused without any
modification (see Figure 6).
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Category Description

Validation Research Techniques investigated are novel and have not yet been implemented in practice.
Techniques used are for example experiments, i.e., work done in the lab.

Evaluation Research ~ Techniques are implemented in practice and an evaluation of the technique is conducted.
That means, it is shown how the technique is implemented in practice (solution
implementation) and what are the consequences of the implementation in terms of
benefits and drawbacks (implementation evaluation). This also includes to identify
problems in industry.

Solution Proposal A solution for a problem is proposed, the solution can be either novel or a significant
extension of an existing technique. The potential benefits and the applicability of the
solution is shown by a small example or a good line of argumentation.

Philosophical Papers  These papers sketch a new way of looking at existing things by structuring the field in
form of a taxonomy or conceptual framework.

Opinion Papers These papers express the personal opinion of somebody whether a certain technique
is good or bad, or how things should been done. They do not rely on related work and
research methodologies.

Experience Papers Experience papers explain on what and how something has been done in practice. It has
to be the personal experience of the author.

Figure 6 - Research Type Facet (Petersen et al. 2008)

The third facet, the Contribution Facet, documents which contribution was made in
terms of e.g. process, method, or tool. In the following, the results of the SMS are
presented. The detailed results can be found in the Appendix: 7.2.

2.2 Results

In this section the result of the performed mapping study is presented. First, a brief
overview is described in chapter 2.2.1 and then the Mapping Study research questions
are answered in detail in the next section.

2.2.1 Results of Database Search

The pre-defined keywords led to a total amount of 1004 research papers. These can
be divided into a total of 654 on IEEE, 271 on ACM and 169 on ScienceDirect.

From these papers, 977 papers were excluded due to the exclusion criteria (2.1.4) and
the removal of duplicates. Hence, 27 papers have been considered to be relevant, and
thus, added to the list of primary studies. Conducting the research, two other literature
reviews where found, which aim at a similar questioning: Feature extraction
approaches from natural language requirements for reuse in software product lines: A
systematic literature review (Bakar et al., 2015) and Reverse Engineering Variability
from Natural Language Documents (Li et al., 2017). The results of their studies are
also considered in this work, but are not listed in the primary studies.

The following list of primary studies (Table 1) is already filtered, based on the inclusion
and exclusion criteria, duplicates and the two literature reviews are removed.
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ID | Year |Title Search Source
String

P06 | 2003 Integrating ontological and linguistic knowledge | "domain (Basili et al.
for conceptual information extraction concept” 2003)

P02 | 2008 Building Domain Ontologies from Text for "domain (Zouaq and
Educational Purposes concept” Nkambou

2008)

PO5 | 2008 A semantic extension model used in vegetable | "domain (Yue et al.
supply chain domain concepts acquisition concept” 2008)

P38 | 2009 Product Feature Categorization with Multilevel | "concept (Guo et al.
Latent Semantic Association extraction” 2009)

P03 | 2010 A Method for Domain Conception Clustering "domain (Dong et al.
with the Guidance of Domain Ontology concept” 2010)

P07 | 2010 Design analysis and implementation for "domain (Yang et al.
ontology learning model concept” 2010)

P14 | 2010 A Multiple-Domain Ontology Builder "domain (Salem and

concept” AbdelRahman
2010)

P08 | 2011 5W1H-based Conceptual Modelling "domain (Yang et al.
Framework for Domain Ontology and Its concept" 2011)
Application on STOPP

P10 | 2011 Enabling the development of base domain "domain (Hsieh et al.
ontology through extraction of knowledge from | concept"” 2011)
engineering domain handbooks

P15 | 2011 Mining Fuzzy Domain Ontology Based on "domain (Lu et al.
Concept Vector from Wikipedia Category concept” 2011)
Network

P17 | 2011 Key Characteristics Extraction Method In "domain (Du et al.
Product Concept Design concept” 2011)

P09 | 2012 Automatic construction of domain ontology "domain (Sureshkumar
using dependence parsing patterns and concept” et al. 2012)
WordNet similarity

P30 | 2013 A Systems Approach to Product Line "feature (Niu et al.
Requirements Reuse extraction” 2014)

AND "product”

P33 | 2013 Concept extraction and e-commerce "concept (Zhang et al.
applications extraction” 2013)

P11 | 2014 CFinder: An intelligent key concept finder from | "domain (Kang et al.
text for ontology development concept” 2014)

P13 | 2014 Unsupervised Approach for Shallow Domain "domain (Mukherjee et
Ontology Construction from Corpus concept” al. 2014)

P19 | 2014 Semantic and syntactic matching of e- "product (Mehrbod et
catalogues: Using Vector Space Model concept” al. 2014)

P12 | 2015 Domain specific information retrieval and text "domain (Lee et al.
mining in medical document concept” 2015)

P21 | 2015 Product concept evaluation and selection using | "product (Chang and
data mining and domain ontology in a concept” Chen 2015)
crowdsourcing environment

P04 | 2016 The research of concept extraction in ontology | "domain (Zhou et al.
extension based on extended association rules | concept" 2016)

P16 | 2016 Experiment on automatic functional "Domain (Wang and
requirements analysis with the EFRF's extraction” Zhang 2017)

semantic cases
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ID Year | Title Search Source
String
P23 | 2016 Concept detection and Cluster Analysis from "topic (Chikkamath
Newsfeed- Singular value decomposition detection” and Babu
based Approach 2016)
P27 | 2016 Extracting features from online software "feature (Bakar et al.
reviews to aid requirements reuse extraction” 2016)
AND "product”
P34 | 2016 Unsupervised Concept Hierarchy Learning: A "concept (Anoop et al.
Topic Modeling Guided Approach extraction” 2016)
P37 | 2016 FacetGist: Collective Extraction of Document "concept (Siddiqui et al.
Facets in Large Technical Corpora extraction” 2016)
P28 | 2017 RubE Rule-based methods for extracting "feature (Kang and
product features from online consumer reviews | extraction” Zhou 2017)
AND "product”
P36 | 2017 Unsupervised Concept Categorization and "concept (Krishnan et
Extraction from Scientific Document Titles extraction” al. 2017)

Table 2 — List of primary studies, ordered by year of appearance

The Mapping Study shows that all sources use NLP-techniques in the approaches they
introduce. Every one utilizes at least one method to prepare the input texts in order to
fit the texts in a format the tools can work with. The next typical step is to use a certain
“term weighting” or semantic analysis. A few work with the WordNet as lexical database
for their study.

About one third of the works, mentioned in the mapping study also use a sort of
clustering the data. They either sort them into partitional, fuzzy or neural clusters. The
results can be divided in feature models, vector models or ontologies.

Starting with pre-processing, all studies use more than one technique to edit and
structure the input data in a specific format the tools can handle. Tokenization and
POS-tagging are most often used together (P02, P09, 11, 16, 34, 36, 37), only a few
just use only one of them (21, 27, 28, 33, 38). When Lemmatization (P09, 10, 11, 16,
27) is part of the pre-processing the two already mentioned approaches were
embedded additionally. Stemming is not that often used (P02, 33) explicitly before
applying the other methods.

Several studies make use of different parser like slot grammar parser (13), ParsCit
(37), Stanford (P02, P09, P14, P16, P23) or not named NLP-tools (19). P14 additionally
uses Text20nto and Jena as tool next to Stanford. NLPT is used by PO7.

A low amount of works (P23, P38) also created their own algorithms to pre-process
the data which differ from the ones mentioned above. They are specialized to exactly
fit the needs of the studies and are most likely not easy to transfer to other approaches.

Not that often used methods in pre-processing data are building multi word terms (P11,
P13) instead of using single terms and creating dependency relations (P16, P21).
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Summarizing, a combination of tokenization, POS-tagging, lemmatization and
Parser/NLP-tool usage are the most common approaches to pre-process the data, no
matter what process and output format is strived for.

When it comes to term weighting, TF-IDF stands out as practice to use. Over half of
the works (P03, P04, P09, P14, P21, P23, P27, P33, P34) use it or a
modification/variation which is fitting their needs. Only one relies on C-/NC-value (P13)
based on the multi word terms that are built. Another approach is to create a new, own
weighting depending on what is needed. Namely depending on the phrases (P11),
constructed weight parameter (P15) or a calculation using customer requirement
weights (P17).

WordNet is used as lexical database in pre-processing (P05, P06, P09, P10, P12, P27)
to reduce complexity and shorten the input.

Semantic analysis is another important step in most of the studies to format the data
to be processed by the program. Semantic Models (P02, P13, P21) are used and
semantic role labelling (P02, P11, P13, P28, P37). In few works (P02, P13) both is
used while pre-processing the data. Latent Dirichlet Allocation (P34, P36, P37) is
utilized to structure the text and find relations. More algebraic approaches are Vector
Space Model (P15, P19, P23) and Latent Semantic Analysis (P23, P27, P34, P38)
where the textual representation gets transferred into a mathematical environment to
calculate important relations like similarity between the objects (now represented as
vectors/numbers). Further structuring is possible with different clustering methods. The
partitional clustering (P03, P10, P14, P21, P23, P27, P34, P37, P38) is the most used
one. It is easy to apply and modify but still flexible to most inputs. Fuzzy clustering
(P27) and neural clustering (P03, P16) are rarely used.

The different approaches lead to different outputs. Some studies end in showing a
model as result like feature models (P11, P16, P23, P27, P28, P38) or the more
mathematical vector models (P16, P19). Other studies come to an ontology (P02, P03,
P04, P05, P06, P07, P08, P09, P10, P12, P13, P14, P15), which is the most chosen
output format in the listed studies. These numbers fit to the Product Concept Context
Facet, which describes the results as follows: 30% of the papers focusing on
“Constructing ontologies from text”, 30% also try to “Improve Ontologies” and 11%
developing “Basic ontologies” which can be used as input to build up ontologies. The
rest of the works were “Extracting features from user feedback” 19% and 11%
described an approach for “Topic extraction from product reports and documentation”.

Looking at the other facets, the research facet was quite one-sided: 100% of the papers
can be described as a “Solution Proposal”. That means, every paper was written in the
context of a project with a specific described domain problem. A solution was then
proposed and most of the time a small case study was examined.

The results of Contribution Facet therefore show that 96% of the papers describe a
method, 44% a process, only 7% a model and none contributing a whole tool. Of
course, in that case multiple answers were permissible. 22% came up with a
description of a method and a process. The detailed table of results regarding the
different facets is documented in the Appendix 7.2.
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2.2.2 Answering research questions

The main goal of this mapping study is to identify the research gap, provide insights of
techniques used and get an overview of what can expected using the mentioned tools.
Therefore, five mapping study research questions are formulated in Section 2.1.1,
which are answered as follows.

SM_Q1: Which of these approaches, obtained through RQ1, describe
a tool-chain? (RQ1)

Every paper (100%) describes a tool-chain, including the different tools might be
proprietary development and could be considered code scripts which have only one
specific task. Some approaches are considered as “proprietary development” even
though they use linguistic algorithms. Since it was not stated which implementation
was used or a own implementation was developed they are categorized as proprietary
development. The fact that some linguistic implementations are self-developed doesn’t
mean that are any better or worse than the public available implementations. Quite a
few algorithms are easy to implement since the linguistic process is good documented
and basic math. One good example would be TF-IDF which is described in the next
chapter. Besides the utilized linguistic algorithms, “glue code” is needed to build a
processing pipeline to combine the results of the individual processing steps.

SM_Q2: Which keywords can be used to define a search string for the
structured mapping study? (RQ2)

The keywords were derived from the research questions and discussed with PLE
experts from the department. In parallel to the expert consultation, the keyword list
(Table 11) was expanded due to the first initial experience searching for papers. After
that, the keywords were combined to search strings. The initial list contained 12 search
strings and the final list contained 24 ones. Three search strings came up with a very
high amount of results which were, after a first scan, not directly related to the topic of
this thesis. Therefore, we had to combine different search terms in order to limit the
results in terms of quantity, so that they were reasonable. The search strings are stated
in chapter 2.1.2.

SM_Qa3: What are the types of natural language input documents from
which information is extracted? (RQ3)

The largest group of input documents classified as text (78%), of which the most
common class consisted of unspecified text (33%), i.e. text where the authors did not
go into further detail concerning the document contents, followed by 29% engineering,
24% web related and 14% miscellaneous.

The engineering class, the largest group of specified content, includes Software or
systems requirements specifications, scientific article titles, technical documents,
legacy requirements or texts of engineering domain handbooks. Some approaches
(24%) dealing with the type of web-related sources such as: web documents, twitter
messages, news articles, customer reviews and website content in general. The
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remaining papers within the category “miscellaneous” consist of e-catalogue data or
text from learning communities.

The part with ontologies as input documents counts 22%. One half of these
approaches only deals with ontologies as input documents, while the other half
describes a combination of ontologies and keywords, topics, terms or just other text.

At this point, it can be stated that an approach, developed at Fraunhofer IESE, also
inspired this work. This approach is called: “CaVE (Commonality and Variability
Extraction)’(John 2010) and extracted requirements from user documentation. This
approach points at a reuse of knowledge for product line activities, which is contained
in the user documentation. In any case, the challenge is quite similar to this work: the
effort for experts, who have to study documents, should be reduced. Since John’s
approach identifying requirements in user documentation, she applied different
patterns for topics of requirements and searched exclusively the headings of the
document.

SM_Q4: Which are the used tools or frameworks? (RQ4)

Most of the approaches (67%) used existing tools with self-developed glue code , the
other part (33%) used a combination of self-developed software and glue code. As
mentioned earlier, most of the algorithms in the area of natural language processing
are publicly available and can therefore be adopted more or less easily. That is the
main reason why quite a few approaches used and modified these algorithms
according to their needs.

Actually, it is not possible to exactly divide the approaches in the following way: those,
which have used the standard linguistic approaches and have adapted these
approaches. The authors do not have a clear explanation and since the code is not
available, it cannot be verified. But, since in the majority of cases the adoption is
explained and if the method was modified, we count the reference to a standard
linguistic algorithm as “using an existing tool”.

Nevertheless, if we go into more detaill and assign multiple categories to the
approaches, count every tool/framework and count the use of a linguistic algorithm
without mentioning the framework as proprietary development, we get a completely
different result: Then, 67% of the approaches use proprietary developed methods
(which might be used from existing frameworks, but we don’t know for sure). The next
most used tool is WordNet (22%). Stanford with the CoreNLP suite counts 7%, but
parts of it like Stanford dependency parser 11% and Stanford Part-of-Speech (POS)’
Tagger 11%. The framework NLTK (Natural Language Tool Kit ) is used in 11%. Only
4% and therefore mentioned only once in the SMS are the following tools: the resource
description framework, Protégé 2000, WEKA, Text20nto,

Furthermore, not only the tools themselves are important in order to understand what
the approaches were doing, but also the concrete used technique. This is even more

7 POS is the process of annotating the words of a text by their grammatical role. For the sentence “Dogs
like eating meat”, “dogs” is a noun plural, “like” is a preposition, “eating” is a verb and “meat” is a noun.
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important since different frameworks implement different techniques for example TF-
IDF, different parsers, lemmatization or stemming. Table 2 shows the whole range of
used approaches by the means of methods and techniques.

Table 3 - Used techniques from approaches in the SMS

Techniques

ID

Text Pre-
processing

NLP Techniques

Term Weighting

Semantic Analysis

Lexical Database

Tokenization

Part of Speech Tagging
Lemmatization
Stemming

Build multi word terms
Dependency Relations
Parser/NLP-Tool used
own algorithm

TF-IDF based
C-/NC-value

own algorithm

Semantic Model

Vector Space Model
Latent Semantic Analysis
Latent Dirichlet Allocation
Semantic Role Labeling

WordNet

P02/P09/P11/P16/P21/P33/P34/P36/P37/P38/

P02/P09/P11/P16/P27/P28/P34/P36/P37/
P09/P10/P11/P16/P27/

P02/P33/

P11/P13/

P02/P13/P16/P21/P28/P36/
P02/P07/P09/P13/P14/P16/P19/P23/P37
P23/P38/
P03/P04/P09/P14/P21/P23/P27/P33/P34/
P13/

P10/P11/P15/P17/

P02/P13/P21/

P15/P19/P23/

P23/P27/P34/P38/

P34/P36/P37/

P02/P11/P13/P28/P37/
P05/P06/P09/P010/P12/P27/

Clustering Partitional P03/P10/P14/P21/P23/P27/P34/P37/P38/
Techniques Clustering
Fuzzy Clustering P27/

Neural Clustering PO3/P16/

In addition to the results from the search in scientific databases, the manual target
search came to interesting results. Even though, quite a lot IESE internal documents
were reviewed for a solution, a college of the data science department and computer
linguist finally gave the decisive hint. He said that in recent years new linguistic
approaches were introduced, which also work with textual representations in form of
terms as a vector such as TF-IDF or VSM. The more advanced vector representations
of terms are word2vec or doc2vec. Basically, the common approaches (e. g. TF-IDF,
VSM) measure the relationship between two words and calculate this relation based
on the level of common occurrence in the documents. The more advanced vector
representations of terms, such as word2v or other distributed or distributional
representation, are based on Harris’ distributional hypothesis (Harris 1954): one can
determine the meaning of a word by looking at its company (its context). When two
words occur in a same "position" in two sentences, they are very much related either
in semantics or syntactics. The different techniques and how they work, are described
in more detail in Chapter 2.2.3.

SM_Q5: Which of these approaches use software tools that are freely

available? (RQ4)
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Besides the approaches which developed proprietary solutions, every approach
utilized tools which are feely available. This is not surprising since this market of
linguistic tools has been pushed by scientific projects in the past. One prominent
example is the Stanford POS tagger (Stanford NLP Group) of the Stanford University
which is very widely used. Other tools or more precisely, freely available frameworks,
are the ones already mentioned in 1.4.2. NLTK (Natural Language Tool Kit) offers a
whole set of methods and algorithms to analyze text, like the other frameworks. Since
not all publications have clearly described which implementation of semantic
algorithms was used, for example which TF-IDF implementation for term weighting, it
can be strongly assumed that the implementation of one of these large frameworks
was used.

As the research questions of the mapping study are derived from the overall research
guestions of this thesis, some of them are already answered at this point.

RQ1: Which systems engineering approaches exist that derive
product concepts or synonyms from natural language
documents without using search terms in order to search for
a specific pattern or information.

Our approach is based on the assumption that we know nothing about the documents
to be reviewed and therefore we cannot define search terms in advance. The same
applies to the use of a particular domain ontology, because it cannot be guaranteed
that the documents to be reviewed will not interfere with multiple domains. All
approaches of the mapping study use one or more search strings. These search strings
can also be elements of ontologies or search patterns to support categorization and
processing of the results accordingly.

RQ2: Which keywords describe the activity of deriving a product
concept or synonym from natural language documents
considering systems engineering activities in early project
phases preferably?

The keywords asking for the mentioned aspects from RQ2 were specified in the search
string of the mapping study. The complete search string can be found in chapter 2.1.2.

RQ3: How can a system identify information from natural language
documents in order to create a kind of product concept?

As shown in Table 2, a variety of techniques for identifying product concepts or at least
parts of them exists. First of all, none of the techniques mentioned in the SMS can be
excluded, since they have not been tested by taking the focus of this thesis in
consideration. Furthermore, we know that for each technique or algorithm, a large
number of alternatives and further development exist, which could all contribute to
gathering information for the product concept. In conclusion, it can be stated that there
is not one tool that bundles all functionalities. Rather a combination of tools assembled
into a tool-chain achieves the desired functionality.
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RQ4: Which natural language processing software tools can be
used to implement a tool-chain to generate product concepts
independently of domains? (Objective 3)

The tools from the SMS are all listed in the previous chapter in 2.2.1. In addition, the
following chapter summarizes the most important tools and algorithm implementations,
which have been introduced. Since every tool can contribute to the creation of product
concepts, no tool can be excluded at present. This also applies to the techniques.
Which tools were selected for our prototype can be read in chapter 3.1.4.

As aforementioned, the systematic mapping study was conducted to identify the
research gap.

Neither does an approach exist, which has the same understanding of the term
"product concept" nor has a similar domain-independent approach been presented that
deals with the same issue in early project phases of systems engineering.
Nevertheless, the mentioned techniques and frameworks are very helpful in order to
develop an own approach, which will suit our objectives.

2.2.3 Approaches and Tools

As most tools and approaches can be used in a wide range of use cases, we refrain
from mapping the resulting tools and approaches of the SMS to the practice areas of
text mining. Additionally, a detailed description of the different approaches will not be
provided, since such a summary would go beyond the scope of this work.
Nevertheless, it is important to provide an overview of the existing areas of text mining
in order to be able to comprehend where the used approaches originate from. Such an
overview is provided by Miner et al. in Figure 7.
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Outlink Extraction

Natural Language
Processing
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Correction
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’ Lemmatization
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Figure 7 - Seven text mining practice areas (Miner et al. 2012)

To put the SMS results in the overall context of data mining, this chapter presents the
most important combinations of tools and techniques. These are also used as input
values for the procedure described in the next chapter to develop the tool-chains.

2.2.3.1 TF-IDF

Counting the number of occurrences of terms within a given number of documents is
commonly referred to as term-frequency. First introduced in 1957 (Sparck Jones 1972)
, the “inverse document frequency” (IDF) measure is often used in combination with
“term frequency” and serves the purpose of reducing the weighting of words that have
less importance within given documents, i.e. stop words such as “the” or “and”. This
simple but effective TF-IDF measure is widely used in the field of information retrieval
where it is used to compute term rankings.

2.2.3.2 VSM (Vector Space Models)

In VSMs, information objects are represented by vectors. For our purposes only textual
information objects, such as paragraphs, sentences or words, are considered.

These approaches tend to compute vectors of very large dimension, which causes
them to be undecipherable to humans. An example of this difficulty can be
demonstrated by asking the following question: How would one plot a 200-dimensional
vector space into a 2-dimensional Cartesian coordinate system? One possible solution
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is to reduce the dimensionality by means of dimensionality reduction processes such
as truncated singular-value decomposition (SVD), latent semantic analysis (LSA) or
principal component analysis (PCA).

These processes are most commonly used to reduce the dimensionality of an existing
vector space prior to clustering. This has the benefit of reducing the required amount
of computation in the subsequent steps.

2.2.3.3 Word2Vec and derived approaches

Word2Vec is a mathematical approach that transforms words into vectors that form a
vector space. This is achieved by using machine learning approaches that are based
on a variation of the skip-gram model introduced by Mikolov et al. (Mikolov et al. 2013).
The advantage of Word2Vec is that can make accurate predictions of word meanings
based on prior occurrences. Additionally, word similarity is calculated mathematically
without human interaction. However, Word2Vec requires a pre-trained model in order
to make those predictions. Therefore, a text corpus for training the model is required.
Doc2Vec, an extension of Word2Vec, is introduced by (Le and Mikolov 2014) which is
based on the same approach but differs in some key mathematical methods. The
advantage of Doc2Vec is that input sequences of variable length, such as sentences,
paragraphs or documents, are supported. The resulting vectors describe more than
just single words.

Introduced by Moody (Moody 2016), Ida2vec is an approach that combines aspects
from both VSMs (latent dirichlet allocation (LDA), an approach similar to LSA) and
Word2Vec. In theory, this joint use of aforementioned techniques leads to even more
accurate results.

2.2.3.4 KMeans

KMeans is one of the most frequently used clustering algorithms within the area of data
mining and statistics (Hartigan 1975) (Duda and Hart 1973) (Hotho et al. 2005). This
method originates in the field of statistics, is easy to implement and is scalable to large
data sets. Basically, the algorithm is able to cluster a range of similar objects.

As KMeans does not automatically chose an appropriate number of clusters k, the
challenge is to predict the right k value manually. This most commonly achieved by
iteratively choosing different k values and evaluating the resulting output. Current
developments focus on improving the algorithm, which usually has a negative impact
on runtime performance or the quality of the results (Celebi 2015).
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3 Proposed solution

The mapping study provided an overview of current developments with regard to
product concepts and synonyms in the field of systems engineering. The next step is
to use these results as a basis for developing a procedure, which is then instantiated
in the form of prototypical tool-chains. As already mentioned, the established CRISP-
DM approach was chosen because it represents a structured approach to (big) data
analysis. The following section 3.1 includes the six phases of CRISP-DM and
represents the development of the own approach. By instantiating the tool-chains, RQ5
will be answered in Section 3.1.4.

3.1 Methodology — CRISP-DM

As seen in Figure 2 in chapter 1.3, CRISP-DM consist of six phases and within these
phases different activities are being defined (see Figure 8). The following six sections
represent these six phases of the approach.

Business Dete}'mine X . Determine Data Produce Project
. Business Assess Situation o
Understanding Objectives Mining Goals Plan
Data Collect Initial Describe Data Explore Data Verify Data
Understanding Data Quality
Data
. Select Data Clean Data Construct Data Integrate Data IREMERE:
Preparation Transform Data
Modeling Selizzm?qdimg Gens;astiznTest Build Model Assess Model
m Evaluate Results Review Process DS M
Steps
Plan Monitoring .
Deployment De Ea;ent and Pde:Cirimal Review Project
ploy! Maintenance P

Figure 8 - CRISP-DM Phases and Activities

The CRISP-DM procedure was developed in order to support a specific business case
with appropriate data analyses. Since we have a slightly different starting point with
this work, the activities of CRISP-DM are adapted in some places to meet our goals.
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3.1.1 Business understanding

3.1.1.1 Determine Business Objectives

Usually the customers’ requirements are explained in this section. One could say that
the customers' requirements in our case are the research questions, whose results
shall support the systems engineers (customers) in their work. In the conception phase
of this work, it was said that the most relevant things should be summarized in a simple
and comprehensible document. The synonymous "product concept" is used for "the
most relevant issues" in this work, without determining which attributes such a concept
has. The business objectives are derived from the research question three:

RQ3: How can a system identify information from natural language documents in order
to automatically identify a product concept? (Objective 2)

Business objective: We want to reduce the engineers effort in order to gain
knowledge by reading project related documents. Therefore, we want to identify
product concepts in natural language documents automatically.

The criteria for a successful outcome from this objective would be a positive feedback
from an engineer who used the approach within a project. However, the evaluation
procedure will be described in detail in 3.1.6.

3.1.1.2 Situation Assessment

The situation assessment describes the Inventory of resources, requirements,
assumptions and constraints, Risks and Contingencies, Terminology and Cost and
Benefits.

The Inventory resources are on one hand the working environment of the Fraunhofer
IESE, which includes computers and standard software packages (e.g. Microsoft
Windows, Microsoft Office, Microsoft Visual Studio.). Most important are user
privileges to install non-standard company software as the mentioned linguistic
software frameworks. The implementation and testing of the tool-chains was
performed on two personal computers. Their configuration is stated in Table 3.

Table 4 — Configuration of Workstations used for the Survey

Workstation 1 Workstation 2

OS Name Microsoft Windows 10 Enterprise Microsoft Windows 10 Enterprise

OS Version 10.0.16299 Build 16299 10.0.17134 Build 17134

OS Manufacturer | Microsoft Corporation Microsoft Corporation

System FUJITSU LENOVO

Manufacturer

System Model CELSIUS W530 20L7S06100

System Type X64-based PC X64-based PC

Memory 12,0 GB 16,0 GB

System SKU S26361-Kxxx-Vyyy LENOVO_MT_20L7_BU_Think_FM_T
hinkPad T480s
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Processor Intel(R) Core(TM) i7-4770 CPU @
3.40GHz, 3401 Mhz, 4 Core(s), 8

Logical Processor(s)

Intel(R) Core(TM) i7-8650U CPU @
1.90GHz, 2112 Mhz, 4 Core(s), 8
Logical Processor(s)

In addition, for two tools it is necessary to create a model of vectors first, which is a
very intense computing task. This task was performed on a big data server, which has
the following configuration shown in Table 4.

Table 5 - Configuration of Big Data Server

Big data server
OS Name CentOS Linux
Version 7.2.1511 (Core)
Architecture x86 64
Memory 1.0TB
CPU op-mode(s) 32-bit, 64-bit
Byte Order Little Endian
CPU(s) 64
On-line CPU(s) list 0-63
Thread(s) per core 2
Core(s) per socket 8
Socket(s) 4
NUMA node(s) 4
Vendor ID Genuinelntel
CPU family 6
Model 45
Model name Intel(R) Xeon(R) CPU E5-4620 0 @ 2.20GHz
Stepping 7
CPU MHz 1199.945
BogoMIPS 4426.53
Virtualization VT-x
L1d cache 32K
L1i cache 32K
L2 cache 256K
L3 cache 16384K

Another resource are the documents of IESE, which we were able access. Given that
the most prevalent class of the SMS results is of engineering documents and that the
aim of our novel approach is to support systems engineers within their daily work, the
decision was made to choose documents of similar type, i.e. engineering documents,
from the IESE project repository.

We choose documents from two projects taking in consideration that a sufficient
number of project members would be available for the subsequent evaluation. For both
projects we will provide samples, but without naming of companies. The first project
MANTIS® is an EU-funded project with over 45 project members. The second project,
henceforth referred to as project A, is a large (approx. 9.5 bn Euros) systems
engineering project in the public sector which cannot be disclosed for legal reasons.

Table 6 - Evaluation documents overview

Project Type of Documents Project Context Document input total

8 http://www.mantis-project.eu/
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- Use Case descriptions; Research project in the area | 12 original documents
MANTIS - System specifications, of large Cyber Physical 513 MS Word Pages

- Overall system Systems 116.885 Words

descriptions

- Detailed meeting minutes

Systems requirements Procurement project with a 5 original documents
Project A | specifications; high degree of operational, 144 MS Word Pages

Glossary; functional and technical 30588 Words

Overall system description descriptions

The primary high-level requirements are given through RQ3 and RQ4. In addition to
the high-level requirements we have elicit additional requirements for methodology and
tools:

R1. The anticipated tool-chains must achieve comparable, repeatable, clear
results.

R2. The input document language must be English or German.

R3. The subject of the study is text only. Tables and graphs are not considered.

R4. An analysis run should not take longer than a few hours (so a run can be
finished within one business day).

R5. Beside the inventory of resources, only additional tools that are freely
accessible may be used.

R6. Beside the inventory of resources, the additional software may not place

any special requirements on the hardware (e.g. CPU, RAM, GPU,...)

To ensure that this approach delivers reliable results, requirement (R1) must be met.
The decision to use English and German documents (R2) is due to the fact, that many
documents in the area of systems engineering are in English, since many project teams
are internationally staffed and it is therefore expected to make the greatest use of this
language. On the other hand, the systems engineers’ mother tongue in the department
is German and one of the projects we are able to evaluate holds German
documentation only. The techniques applied to text could also handle tables and
graphics, but would require special adjustments and extensions of the software. In this
work, however, the general feasibility is to be examined first, therefore initially only
pure text will be analyzed (R3). In order to be able to carry out rapid development
iterations during the development of the prototype, this time limit of one business day
runtime was defined (R4). It should be mentioned: No tool or procedure has been
excluded from the process due to this time limit. In the context of the work no
commercial tools could be procured, therefore only tools, which are freely accessible
are to be used (R5). Neither could special hardware be procured (e.g. special graphics
cards for faster calculation), but the hardware (and software environment) provided by
IESE had to be used (R6), (which was actually pretty good!).
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3.1.1.3 Determine Data Mining Goal

In the context of this thesis it is not possible to formulate precise targets in terms of
guantified targets, as the procedure would take an inappropriate amount of time.

As stated before: it will not be possible to show an empirical based evidence that the
approach reduces the work of an engineer by more than e.g. 20%. At least two similar
projects had to take place, with the same number of similarly skilled people, one team
using the conceptual approach and one using the “normal” approach (reading the
documents manually). Since this approach is not feasible within the framework of this
work, a case study involving project managers is carried out for evaluation, which can
make qualified statements on the results. For this purpose, documents from the various
projects are taken and processed with the developed tool-chains. Afterwards it is up to
the subjective judgement of the project manager whether the result would have been
helpful to him at an earlier stage of the project.

3.1.1.4 Procedure Project Plan

The CRISP-DM activities had a time frame within this Thesis. A section of approx. four
weeks was planned for the mapping study (research). During the completion of the
research first tests with the frameworks were undertaken (2 weeks) and ideas for an
initial solution concept were generated. Before the solution concept was final, the
implementation of the prototype had already begun. A first version was reached after
approx. four weeks. Subsequently, iterative tests were carried out for each of the three
individual approaches and the resulting tool-chains were continuously improved (two
weeks). The final evaluation of six weeks marks the completion of the project. In
summary, it can be claimed that the planned project was overall realized on schedule,
taking a disruption due to illness of approx. eight weeks in consideration. Table 6
visualizes the schedule.

Table 7 - Schedule of CRISP-DM Process

01/2018 | 02/2018 | 02/2018 | 03/2018 | 04/2018 | 05/2018 | 06/2018 | 07/2018 | 08/2018

Research

Solution concept,
first desian

First Prototy,

Disruption due to
illness

terative improvement
f approaches

- Evaluation

o
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3.1.1.5 Initial Assessment of tools and techniques

CRISP-DM appeals to initially assess the tools that provide the required functions in
order to identify possible threats as early as possible. Through SMS, insights about
available tools have already been gained, and the process of building up a possible
tool chain may also be used. At least the required techniques like document clustering,
information extraction, natural language processing and concept extraction seem to be
already fundamentally collected. At this point, we started to build up a development
environment with the aforementioned available hard- and software.

3.1.2 Data understanding

The initial data in this thesis is defined as documents, which include natural language
text with a relation to a product. These documents are structured through usual text
hierarchy elements, such as different levels of headings, paragraphs containing
sentences and additional elements like pictures, tables, figures. Since this work deals
with general feasibility, the initial implementation only aims to extract information from
text. However, pictures, tables, figures and other representations could also be
processed with the methods applied in the work.

The texts contain all the usual elements you have to deal with in natural language
processing: punctuation marks, stop words, formatting characters. These have to be
recognized and removed before mining so that the tools can process the data.

The initial test set of MANTIS documents describes the project in general, as well as
certain use cases. These documents were selected because some of them are publicly
accessible and therefore available to the reader.

Figure 9 gives an idea of how the MANTIS documents are structured. As of August
2018, the website http://www.mantis-project.eu/deliverables/ offers a numerous
amount of similar documents related to the project.
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Figure 9 - Example of MANTIS documents

The documents of Project A have similar characteristics, i.e. describe a large system
of systems from technological, organizational and functional viewpoints. The general
structure is similar to the CONOPS document template standardized in IEEE 1362-
1998°. Note that all documents are provided in Office Open XML formatted Microsoft
Word files.

3.1.3 Data preparation

After selecting the appropriate engineering documents, the next step was to convert
said documents into a format suitable for further processing. After reviewing the most
commonly used tools and their input format in the SMS, the choice was made to split
the documents into their paragraphs, as it provides a high degree of flexibility in the
later processing steps.

To this end, a conversion utility that reads .docx-formatted documents, reads the
paragraphs and saves them to plaintext files was developed. The resulting text-
paragraphs serve as the input for the following steps. Note that no post-processing
filters were applied, i.e. the paragraphs from the source documents are stored as is.

The reason being that the goal of our approach is to reduce the amount of frontloading
activities and therefore reduce the overall effort for the engineers.

Note that in the CRISP-DM approach this phase foresees the cleaning, construction,
integration and formatting of data in a more detailed manner. These activities are not

9 https:/lieeexplore.ieee.org/document/761853/
10 hitps://www.iso.org/standard/71691.html
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applicable for our purpose, as our data significantly differs from the traditional CRISP-
DM data, i.e. structured data stored in traditional databases.

3.1.4 Modelling

In the following section we describe the model of the novel approach that delivers the
data relevant to the product concept extraction. On a functional level, the model
describes a tool-chain that contains all the necessary processing steps required to
reach the aforementioned goal.

As is demonstrated in Figure 10, the high-level description of the tool-chain consists of
five processing steps. These steps are the result of breaking down the essential
activities required to achieve our goal, namely to extract the most relevant information
contained within the documents.

More specifically, the input must be analyzed and scored using some type of weighting
metric, after which the results must be aggregated based on some type of similarity
and be portrayed in a manner that allows engineers to comprehend the provided
output. To this end, our approach will consider frameworks from the SMS, the expert
knowledge from the manual target search within the SMS and internal knowledge from
the experts of the data engineering department at Fraunhofer IESE.

Furthermore, these individual high-level tool-chain steps may be implemented
individually by tools or are bundled as one comprehensive solution. It is also possible
that certain functionalities of the tools depend on previous processing outputs, which
causes certain implementations to bundle various functionalities together into one
feature. An example of such behavior can be demonstrated in the framework scikit-
learns’ TF-IDF implementation, as this solution handles aspects of pre-processing and
term weighting, i.e. stop word removal, n-gram!! construction and term weighting.
Additionally, some implementations may enforce a specific order by which the
computation must be executed.

Pre- Term Semantic Clustering Post-
processing weighting analysis techniques processing

Figure 10 - High-Level Tool-Chain Overview

3.1.4.1 Select Modelling Technique

After selecting the required techniques, the next step was to identify frameworks, which
offer these implementations. In order to minimize risks during development, we only
considered stable, established, well-documented and freely available solutions.

11 Possible word combinations of length n for a given series of words. Given the example “Dogs like
eating meat”, possible n-grams are “dog” (1-gram), “like eating” (2-gram) and “Dogs like eating” (3-
gram).
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Furthermore, in an attempt to minimize the effort to get familiar with the frameworks,
solutions that offer the most capabilities were preferred.

After a brief evaluation of these solutions, we decided to use Scikit-learn as it
implements TF-IDF, PCA, LSA and KMeans. For pre-processing, NLTK was chosen
as it offers tokenization and stemming in both German and English. Additionally, the
popular Python package Stop-words was used to identify stop words. Gensim was
chosen as it provides a stable implementation of Word2Vec and Doc2Vec. The post-
processing filters were developed in-house and partly rely on NLTK for NLP techniques
such as POS-tagging.

To fully understand the proposed solutions, the following list provides a brief summary
of the aforementioned tools and techniques:

Stop word removal

As stated by Frakes and Baeza-Yates: “The idea of stop word filtering is to remove
words that bear little or no content information, like articles, conjunctions, prepositions,
etc. Furthermore, words that occur extremely often can be said to be of little information
content to distinguish between documents, and also words that occur very seldom are
likely to be of no particular statistical relevance and can be removed from the
dictionary” (Frakes and Baeza-Yates 1992).

Stemming

According to Hotho et al.: “Stemming methods try to build the basic forms of words, i.e.
strip the plural ’s’ from nouns, the ’ing’ from verbs, or other affixes. A stem is a natural
group of words with equal (or very similar) meaning. After the stemming process, every
word is represented by its stem” (Hotho et al. 2005).

Tokenization

As mentioned by Hotho et al.: “In order to obtain all words that are used in a given text,
a tokenization process is required, i.e. a text document is split into a stream of words
by removing all punctuation marks and by replacing tabs and other non-text characters
by single white spaces” (Hotho et al. 2005).

TF-IDF

The occurrence of terms in one document put in relation to a set of documents is
described in section 2.2.3.1.

Word2Vec and Doc2Vec

As described in Section 2.2.3.3, word2Vec and Doc2Vec are distributed vector
representations that capture a large number of precise syntactic and semantic word
relationships (Mikolov et al.)
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LSA and PCA
As described in 2.2.3.2, LSA and PCA are dimensionality reduction algorithms
KMeans

As stated in the results of the SMS, KMeans is a very popular clustering algorithm used
to identify and categorize similar objects given a large set of various data. This is
commonly referred to as “a cluster”.

Semantic
analysis

Pre-processing

Term weighting Clustering

techniques

Post-processing

* Stopword o TF-IDF *LSA
removal * Word2Vec ¢ PCA
* Stemming e Doc2Vec * Word2Vec

* KMeans * Duplicate

removal

* POS filtering
* N-gram
sorting

 Tokenization e Doc2Vec

Figure 11 - Tool-Chain Overview with Possible Solutions

Figure 11 maps the aforementioned tools and techniques to the high-level tool-chain
introduced in Figure 10. Based on the possible choices we decided to explore three
promising approaches which are visualized by Figure 12. While the three approaches
use different combinations of techniques, the results must be comparable to allow a
subsequent evaluation.

The first approach uses TF-IDF, after which the clustering using KMeans is performed.
Prior to the clustering, an optional dimensionality reduction using either PCA or LSA is
applied.

Approach 1 Approach 2 Approach 3
(TF-IDF) (Doc2Vec) (Word2Vec)
( Read Data ) Load Wikipedia Doc2Vec Load Wikipedia Word2Vec
‘ Model Model
- \
( Tokenization ) Load Preprocesse Load Preprocessed
‘ Paragraph- document Paragraph-documents
( Remove stop words ) [
[ ( Tokenlzatlon ) ( Tokenization )
( Create n-grams ) [ [
[ ( Remove stop words ) ( Remove stop words )
( Compute TF-IDF ) | |
I Compute Vectors for Input Retrieve Vectors for Input
Optionally perform (Paragraphs) (Words)
dimensionality reduction ‘ . ‘ .
using PCA or LSA (Compute Clusters usmg) (Compute Clusters usmg)
: KM?ans KMe‘ans
Compute Clusters usin
( o Neans g) (" compute TF-DF ) ( Compute TF-DF )
\ \ \
( Post-processing ) ( Post-processing ) ( Post-processing )

Figure 12 - The 3 developed Text Mining Approaches
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The second approach uses Word2Vec to compute word vectors, followed by clustering
using KMeans.

Likewise, the third approach uses Doc2Vec to compute word vectors and KMeans to
compute the clusters. Unlike the prior approach, TF-IDF is computed and the resulting
information is used to summarize the individual cluster contents. Using the TF-IDF
data, a cutoff value? that filters out any terms occurring less than the defined value is
defined in order to limit the amount of summarization data to a manageable level.

Both the second and third approach rely on a pre-trained model that was trained using
a corpus containing all Wikipedia texts. In order to process German and English
language documents, two different language models were trained.

Note that for each approach the post-processing is identical. The resulting clusters are
evaluated using various combinations of custom filters in order to find the most
descriptive result. Currently the cluster contents are processed with the following filters:

e Removal of duplicate values and n-gram terms contained within larger n-
gram terms

e Filtering of terms using the following criteria: The presence of a noun in
conjunction with either an adjective or a verb

e Sorting of n-gram terms according to the number of terms n

Even though LSA2Vec is also a highly recommended approach, due to hardware
licensing issues, we were unable to implement this approach, as LSA2Vec relies on a
specific Tensorflow library that in turn requires GPU processing.

After presenting all tools and algorithms utilized by the three approaches, RQ5 is
answered by design of the tool-chains. The question of "how" is explained on an
abstract level in chapter 3.1.4.1 and in detail in this chapter. The implemented tool-
chains are the answer to the question.

3.1.4.2 Generate test design

Although we did not define quantifiable measures to assess the results of the
aforementioned approaches, we performed a manual review using our subjective
judgement using a representative subset of the available data.

3.1.4.3 Build Model

After implementing the previously mentioned approaches, the next step was to identify
and correctly configure the various parameter settings.

12 The cutoff value was set to 2
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The most descriptive results were reached by using the following parameter
configurations*:

TF-IDF

e Max_df = 0.5 [default = 1]

e Min_df = 2 [default = 1]

e Max_features = 10000 [default = none]
e Ngram_range = (2,4) [default = (1,1)]

PCA

e n_components = 256 [default = none]

LSA

e n_components = 256 [default = 2]

KMeans

e n_clusters = 350 [default = 8]

Doc2Vec and Word2Vec Model Training

e dm =0 [default = none]

e dbow_words = 1 [default = 0]
e vector_size = 200 [default = 5]
e window = 8 [default = 2]

e min_count = 19 [default = 1]

e iter = 10 [default = 1]

e workers = 64 [default = 4]

While all parameters are important, some are critical for the quality of the results. The
most challenging parameters were the minimal and maximal document frequency for
TF-IDF and the cluster size k for KMeans. For the latter, values ranging from 10 to 500
were evaluated.

13 Only values differing from the default configurations are listed.

41



3.1.4.4 Assess Model

After using the test data mentioned in Chapter 3.1.2, the full data set used to assess
the quality of the resulting model that was generated with the aforementioned tested
parameter configurations. Two data engineers assessed the resulting data from the
data engineering point of view, with the main focus lying on correctly applying the
techniques. Later, the data was ranked from an engineers’ point of view, where the
different output variations provided by the post-processing filters were ranked for their
usefulness. The output variations of first approach, using TF-IDF and all post-
processing filters, are in sum 16 different Microsoft excel tables. In order to judge the
usefulness from an engineer point of view, each table was examined by the following
parameters: distribution of data within the clusters and meaningfulness of each cluster.
These measures are closely related, as if the terms within a cluster contribute to an
aspect of the project the data of this cluster is potentially useful and therefore
summarized for all clusters the amount of data is distributed homogenously. Note that
one cluster is equivalent to one column in excel. Figure 13 provides an overview of
how the results of the approaches are portrayed in MS Excel.

Figure 13 - Example of clusters in MS Excel

These ranked results provided the starting point for the next phase of evaluating the
results.

3.1.5 Evaluation

The evaluation of CRISP-DM is documented in chapter 4, as the data situation requires
a case study. CRISP-DM usually only evaluates whether if and how well the business
objectives have been achieved. However, we have raised the question of the general
feasibility of the methodology in context of systems engineering and therefore analyze
the results in more detail.
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3.1.6 Deployment

This chapter outlines how the previously tested approach can be transferred into a
deployment strategy. Similar to the evaluation chapter, the approach of using CRISP-
DM varies slightly from our intended approach, as we do not introduce a finished
product. We would rather make a statement about whether it is reasonable to
investigate this product concept approach further. Nonetheless, there are general
guestions one should ask before deploying a new approach and some questions that
are specifically related to this Department here at IESE.

A common statement may be given that NLP application users need to be trained in
advance. It is important to understand the tools, but even more important is to
understand the data and what to achieve with its content. One indication for that fact
is the difficult differentiation of tools and linguistic procedures. There is almost no
separation between them, which implies that one must first understand the methods in
order to be able to make a tool selection at all.

However, the training effort in the methods and tools can be reduced from the
beginning, if one gets to choose between a given method and tool set which is
interesting for the respective field of operation. This is a major advantage, as though it
is not necessary to become well versed in the whole area of data mining.

In addition, users must be prepared that the tools either extract more information than
is actually present in the data (level 1 error) or that not all information is found although
it is present in the data (level 2 error).

The department for embedded systems engineering in particular has a team of experts
who are familiar with the methods and tools and who can be consulted by other
employees if they have any questions regarding NLP. Thus it is ensured that a
preliminary check is carried out as to whether data mining can be operated at all with
the existing data or whether special pre-processing steps are still necessary.

Since this work is already a separate project in Microsoft visual studio, it can be easily
integrated into the existing NLP infrastructure and thus be used by the NLP team.

However, there are still further case studies to be carried out before the approaches
presented here can be applied in projects in order to prove the real benefit. The results
are by no means too poor, but so far there has been too much variation in the results.
It is possible that this level of variance is normal for this approach, but this has to be
investigated with further case studies.
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4 Evaluation: Case Study

This chapter describes the structure and implementation of the case study. First, an
overview of the case study setting is provided in 4.1.1.1. The participating systems
engineers are briefly described in chapter 4.1.1.2. The activities carried out in the case
study are described in chapter 4.1.1.3 and the un-interpreted results are documented
in chapter 4.1.1.4. The further investigation of the case study results is carried out by
the analysis (4.1.1.5), interpretation (4.1.1.6), discussion (4.1.1.7) and final
presentation (4.1.1.8) of the results.

4.1 Introduction

In order to evaluate the results of our approach, we choose to carry out a case study.
As stated before, a case study is a good instrument to conduct a specific situation if
this situation is new. Since the overall question, if existing text mining methods can be
applied to the systems engineering context in early phases in order to support
engineers reviewing documents in representation of a product concept, is not
answered yet, as seen by the results of the mapping study, the situation to be
investigated is new. Therefore, the feasibility of this approach will be conducted by
asking systems engineers whether the results can support their work. More precisely,
support the results further development activities such as design decisions, documents
completeness checks or feature identification?

Since we do not randomly assign subjects to treatments this case study can be referred
as a research methodology of a quasi-experiment (Wohlin et al. 2012). Following
Robson’s classification scheme, we conduct a descriptive case study since we
portraying a situation or phenomenon. (Robson 2002). Furthermore is important, as
stated by Shull et al.: “Experimentation in software engineering has clearly shown, e.g.
when trying to replicate studies, that there are many factors impacting on the outcome
of a software engineering activity (Shull et al. 2002). Since our approach has many
impact factors, it is one more reason to conduct a case study instead of a controlled
experiment with a clear boundary between the phenomenon and its context.
Considering all the arguments for a case study, RQ6 can be answered by arguing that
a case study is the appropriate instrument to evaluate the matter under investigation.

As proposed by Kitchenham et al. we would like to use a comparison baseline for the
results, but since this is the first time such an approach is evaluated we cannot rely on
either a company baseline, a sister project or even data of individual product
components (Kitchenham et al. 1995). The typical fall back in such cases is the
subjective judgement of experts.

As mentioned in chapter 3.1.4.4, we judged the results of each tool-chain from the
engineering point of view and choose the favored tables from each tool-chain. The third
tool-chain, using Doc2Vec, was discarded because its results are very similar to the
word2Vec results, but less confident since some clusters were empty. The final tool-
chains to be examined are the following:
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Tool-chain 1, using none dimension reduction algorithm
Tool-chain 1, using PCA for dimensionality reduction
Tool-chain 1, using LSA for dimensionality reduction
Tool-chain 2, using Word2Vec

Hwnh PR

The aforementioned two projects, MANTIS and Project A, provided the necessary
documents which had to be processed by the developed tool-chain. The systems
engineering experts were recruited from the department of systems engineering for
embedded systems of the Fraunhofer IESE. Due to the fact that every approach should
be tested at least once, the number of available participants with project knowledge
must be four, for each project. In total, eight engineers attended. Therefore, our case
study design consists of a single case study with two real project sets. The case study
was carried out at the Fraunhofer IESE.

4.2 Participants

The participants had several years of professional experience in the field of systems
engineering. Their age differed from 28 to 55 years. Each of the 8 participants were
involved in MANTIS or Project A.

4.3 Procedure of the case study

Before focusing on the actual process of the case study, further relevant parameters
are described:

- The participants were asked to contribute to the case study, without
expecting any kind of compensation.

- Not time limit was predefined.

- The case study was carried out in standard offices where no interruption
was expected. Present phones were turned off.

First, the participants received a short, verbal introduction of our work. The
introductions content was similar to the first three chapters of this thesis: Motivation,
Problem and Solution Idea. Additionally, the participants were informed that no
personal data (e.g. name, gender, or comments) would be stored and that choosing a
specific answer will not influence our case study positively. After that, we described a
use case that they should have in mind while performing the given task of evaluating
the results. They should imagine that, at the beginning of joining the project, either
MANTIS or Project A, they would receive a summary of project facts. These facts were
represented in an excel file which was one of the results of the aforementioned
approaches. They were asked to go through each cluster and judge these clusters by
choosing one of the four possible answers. The Question was: “Is the information
included in this cluster rather:

- known and relevant?
- known and not relevant?

45



- unknown and relevant?
- unknown and not relevant?

Providing these four possible answers, we are able to explore two dimensions of
answers. One dimension states if the information, found by the algorithm, is known or
unknown to the participant. The other dimension considers the option that the
information in the cluster is either relevant or not relevant to the participant. Each
possible answer was included as a row in the table, where the participants were asked
to mark the respective row with the letter “x”. Figure 14 and Figure 15 are given
examples for typical clusters computed with either approach 1 and approach 2. It
should be mentioned that the optimal cluster size for MANTIS was 350 clusters and for
Project A 200 clusters. The participants thus had to work through 350 respectively 200
columns and had to choose one of the four possible answers.

After the participants finished the task, they were asked for any comments and how
useful would have been the information for the use case they had in mind.

known and relevant X

known and not relevant X
unknown and relevant

unknown and not relevant

table summary scenarios use
sUMmary scenarios use case
summary scenarios demonstrators
table summary scenarios
scenarios use case

store logs database component

uses store logs database

producer consumers allows configuration
using data interval collect

store logs database

summary scenarios use
summary scenarios
scenarios demonstrators

table summary
scenarios use

use case

logs database component
uses store logs

using rest api

producer consumers allows
using data interval
database component

store logs

logs database

rpc server

Figure 14 Example Questionnaire of the Case Study (TF-IDF + PCA)

known and relevant
known and not relevant
unknown and relevant
unknown and not relevant

programmable
modules
module
programmable
programmable
madule
modules

plcs

modules
maodule
programmable
programmable

predict related
predict related
verify related
predict related
analyse related
simulate related
analyse related
validate related
verify related
analyse related
validate related
refine related

Figure 15 - Example Questionnaire of the Case Study (Word2Vec)

remaining useful lifetin

air filter

oil separator
pressure drop
pressure level
useful lifetime
fuel filter
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4.4 Raw data

Since each participant was working with one table, the quantitative results were eight
tables of clusters categorized by the aforementioned four categories. The raw data is
described in Table 7. The values are total counts of the x’s in each category. For
reasons of simplicity, MANTIS has been abbreviated to “project M” in the following
result tables.

Table 8 — Quantitative Raw Data Results of the Case Study

Project Categories TF-IDF TF-IDF TF-IDF Word2Vec
NONE LSA PCA

Project M. known and relevant 49 113 175 62

Project M. known and not relevant 29 17 86 287

Project M. unknown and relevant 25 126 69 0

Project M. | unknown and not relevant 247 94 20 1

Project A known and relevant 76 95 100 57

Project A known and not relevant 95 26 16 45

Project A unknown and relevant 19 12 66 25

Project A unknown and not relevant 10 67 18 73

Besides the results of the categorization of the clusters, the participants were asked
how this received information would have been useful to them in the beginning of
joining the project team. The qualitative raw data are therefore the comments and
answers of the participants which were elicited after completing the task of categorizing

the clusters. The following comments were stated:

Seven out of eight participants stated that presented information would have been

“Some context information is missing in the clusters”

“Everything is written in lowercase-letters, which makes is hard to
concentrate”

“Some clusters are so small and therefore don’t have any meaning”
“Some clusters are too big and therefore | don’t realize the
meaning”

“Some clusters seam to include picture captions and random
numbers”

“Some clusters repeat information from previous clusters, | can'’t tell
the difference between them”

“One cluster talks about technical interfaces and on the other hand
of the overall adaptability of the whole system.”

helpful to them, but with some restrictions.

4.5 Analysis

The absolute values were converted into relative percentages in order to be able to

take a more differentiated perspective on the result.




Table 9 - Relative Value Results of the Case Study

Project Categories TF-IDF TF-IDF TF-IDF Word2Vec
NONE LSA PCA

Project M. known and relevant 14.0% 323 % 50.0 % 17.7%
Project M. | known and not relevant 8.3% 4.9 % 24.6 % 82.0%
Project M. | unknown and relevant 7.1% 36.0 % 19.7 % 0.0%
Project M. | unknown and not relevant 70.6 % 26.9 % 57% 0.3%
Project A known and relevant 38.0 % 47.5 % 50.0 % 28.5%
Project A known and not relevant 475 % 13.0% 8.0 % 225%
Project A unknown and relevant 9.5% 6.0 % 33.0% 125%
Project A unknown and not relevant 5.0% 33.5% 9.0% 36.5%

A first analysis has to come to the conclusion, that it will be difficult to make definite
statements. Only a few values are above 25%, everything below does not provide any
accurate conclusions. Since we have 4 possible categories to choose from, the normal
distribution would be 25% per category. Therefore, values that are used for closer
examination must lie significantly above this limit.

4.6 Interpretation

In this chapter we want to point out the values which are worth discussion. These seven
discussion worthy values are marked in Table 9. These values are significantly above
25% of the normal distribution and can therefore be considered as relevant.

The first overview indicates that there is no clear pattern recognizable. Each approach
scored differently in both projects. Nor can we provide overarching statements on the
categories, since these also vary significantly through the projects and tool
approaches. Therefore, we first look at the obvious outliers and then try to identify
further interesting patterns.

Table 10 - Relative Value Results of the Case Study - Interpretation

Project Categories TF-IDF TF-IDF TF-IDF Word2Vec
NONE LSA PCA

Project M. | known and relevant 14.0 32.3 50.0 17.7
Project M. | known and not relevant 8.3 4.9 24.6 82.0
Project M. | unknown and relevant 7.1 36.0 19.7 0.0
Project M. | unknown and not relevant 70.6 26.9 5.7 0.3
Project A known and relevant 38.0 47.5 50.0 28.5
Project A known and not relevant 47.5 13.0 8.0 225
Project A unknown and relevant 9.5 6.0 33.0 12.5
Project A unknown and not relevant 5.0 335 9.0 36.5

Project M achieved 70.6 % in the category "unknown and not relevant" with the TF-
IDF NONE approach. This value clearly differs from the other values in this approach.
This indicates that even though known and relevant information has also been found,
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the vast majority of the information is by far unknown and irrelevant. The same
circumstance with an even higher uniqueness can be stated in project M, approach
Word2Vec and category “known and not-relevant” data. In fact, this is an even worse
statement, because the participant could explicitly exclude that this data is relevant
because he already knew it.

The other notable values are between 36 and 50 percent, so they are only slightly
above the normal distribution but could still give some indication of a possible result.
One example of this is the 50% in the TF-IDF approach in the category "known and
relevant” across both projects. Apparently, a similar amount of already known, but
nevertheless relevant data is found in different projects. Since PCA and LSA are used
in this procedure for dimension reduction, a similarity can be recognized at least in
project A. Both approaches achieve close to 50%. The remaining values can hardly be
put into relation, even if interpretations of them might be possible. The interpretation of
the results will be given in the next chapter.

The aforementioned qualitative raw data is now clustered in positive and negative
feedback The potential of the information presented was:

- Positive, although important context information was sometimes
missing

- Positive, although different abstraction levels of the information are
mixed. One stated: “One cluster talks about technical interfaces and
on the other hand of the overall adaptability of the whole system.”

- Positive, although maybe not right for the intended use case, but
another use case. One stated: “In order to prepare a new project
team member, this would have been a great help in order to be
reminded of every relevant information. It would not be a problem
for me to ignore the irrelevant information.”

- Positive, as stated: “But | had to apply my own excel filters, in order
to being able to get a more precise picture of the information”.

- Positive, although it was hard to read through the data since every
word was written in lowercase letters.

- Positive, but abbreviations and numbers were distracting from the
overall meaning of the cluster.

- Negative, since “... | only received single words in a cluster. These
words are somehow meaningful, but not helpful without context.”

4.7 Discussion

As already mentioned in the previous chapter, only a few results are above the normal
distribution. These and values, which are only slightly above that limit, are not
considered further, as they may just be coincidental. Furthermore, it has to be pointed
out that the mono-operation bias is extremely relevant. The case study provides us
with exactly one statement on one result in one project. This is a purely subjective
statement, without a comparison to a gold standard or comparable.
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Since the main goal is to support the engineers, the first thing to do is to verify if the
tool finds as much information as is already known to the engineer. Only then it is
beneficial to use a tool.

In 5 of 8 cases the tool found significant "known and relevant” information. Although
this is still not a significant result, it leads us to the following discussion: Since the tool
does not miss any information in contrast to humans, all information should actually be
available in the clusters. Was it not possible to clearly identify the known and relevant
information because of the chosen presentation format?

Another reason could be a different level of knowledge among the participants in the
projects and therefore not being able to differ between relevant or not relevant.
Furthermore, we know that it is a challenge for humans to remember information and
that the concentration is decreasing fast over time. Even though, the participants
marked the information as known, it might be possible that they would not have found
the information by conducting the documents due to their inability to store and compare
the information. In contrast to this human cognitive performance, software capability
does not decrease.

The overall picture might also lead to the assumption that the data from project A was
"better" in some way than in project M. More relevant information was found in project
A (72.89%) than in project m (64.46).

A special case is the use of Word2Vec in project M. here an extremely high proportion
(82%) was marked as "known" and "not relevant”, but at the same time no details about
"unknown" information were given. One could assume that this person knew the
content of the project very well and actually nothing was unknown, or that the
expectation of the tool was so high to learn something new that this goal could not be
achieved and thus the survey was biased.

Although more possible patterns would be recognizable, the causes or explanations
for them are probably similar. The following list should summarize the causes:

- The participants have different project knowledge and therefore
judge the category “known” or “unknown”, as well as “relevant” or
“not relevant” differently

- Even though the participants knew the information they might have
forgotten either the relevance and that the information was known
before.

- The input documents were from different quality. Project M as a
research project with many different stakeholders and on the other
side a straight forward systems engineering project which might
lead to different results.

- The configuration of the tools might be wrong or can be improved.
Since the approaches have several parameters to adjust, this could
be a possible reason.

- The composition of the tool-chain could also be a problem. Either
the tools themselves or the computation order.
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- The amount of text might be too little for some algorithms in order
to learn from it and being able to compute as intended. Especially
the vector model based approaches function better with more initial
model data.

Most of the statements from the participants elicited after conducting the task were
positive in a way that they were surprised that the clustering was done without
interfering with manual effort. Therefore, they were probably well-disposed towards
results. Many comments were technically oriented. Regarding the missing context we
had tried another post-processing filter with POS tags, but it did not turn out as positive
as excepted, maybe due to language or implement errors. The lower-case letters are
a prerequisite of the used TF-IDF approach; there might be a better implementation,
which does not require lower-case letters.

Some comments mentioned a problem with occurring numbers and abbreviations.
Since we did not change the input documents, all the contained data, including
numbers and abbreviations, was processed by the tool-chain. Some approaches are
more efficient in reducing that so called “noise”, others fail or perform poorly. One
solution could be a preceding consequent “data cleaning step”, but that would imply a
higher more manual effort. Single words, as mentioned in one case, are only the output
of one specific tool-chain. The mentioned mixture of different abstraction levels of
information is a valid point, but currently not addressed in the tool-chains. Probably an
ontology-based solution would deliver the needed input for the preceding problem. As
one explained another use case might be more appropriate to use this data. This option
should be examined in the future.

To sum up, we can say that it is not a negative result at first. Since no clear statement
can be made, the case study should firstly be repeated to see whether this high
variance is at a similar level or different. Additionally, it is difficult to say, whether the
expert would have found more information than the tool, since there so far is no
standard as a basis of comparison. The launch of an according gold-standard should
not cause any greater difficulties or more work power since the activities, which occur
in any case have to simply be documented. Thereto first results could enable a
comparison basis.

Being aware of the range of parameters such as tool selection, tool-chain
configuration, data quality, data pre- and post-processing and all human factors, one
is lead to the conclusion that there is still a lot more room for improvement and further
research. This improvement is crucial concerning the selection of the right techniques
and tools since their impact is inevitable.
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4.8 Results

The results of the case study are not meaningful enough to provide clear statements.
We cannot compare our results with an according baseline since no similar approach
has been documented so far and therefore there is no existing standard yet (see
above).

However, a considerable amount of relevant information has been identified by the
overall approach of this thesis, regardless of whether this information was pre-known.
Considering that the approach still has a lot of potential for improvement in terms of
composition and configuration, further tests must therefore be carried out. Only by
doing so it is possible to gain the necessary experience in this new area of text mining
that is crucial for generating convincing statements.

Nevertheless, research question 6 was answered with a case study by giving various
arguments for assessing this situation. This situation is new by means of text mining
methods applied to the area of systems engineering, trying to conduct results in a
realistic setting.
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5 Conclusion and Future Work
Conclusion

This thesis focuses on the use of text mining approaches in the area of systems
engineering. A mapping study (chapter 2) demonstrated that text mining methods are
currently not applied in the early phase of projects in the field of systems engineering
activities. The most crucial issue in text handling arises when confronted with a larger
amount of text; the human cognitive abilities cannot comprehend and condense what
is most relevant on a greater scale. In order to support further systems engineering
activities it is necessary to generate the information from the documents and extract
the contained relevant information.

Due to this identified research gap, the mapping study and a survey with data
engineering experts identified suitable tools and techniques, which address the
previously mentioned text handling issues. These tools provided a solid access point
for the development of a solution approach, which would enable the creation of
product-concepts based on natural language documents. Guided by the CRISP-DM
process (chapter 3), three approaches were developed and implemented in five tool-
chains. The selection criteria for the components of the tool-chains included the
maturity of the frameworks, described experiences from the systematic mapping study
and limitation of the available computing resources.

In order to evaluate the results and measure their impact on the systems engineers’
work, a case study was conducted. The case study (chapter 4) consisted of two real
project sets of systems engineering documents. The participating experts were
engineers from the department of embedded systems engineering of the Fraunhofer
IESE, who were involved in the projects as subject matter experts. The results of the
case study showed a high degree of variance and made it difficult to draw any
significant conclusions in terms of statistical analysis concerning the beneficial
applicability of the tool-chains for the mining of product-concepts from natural language
documents.

Nevertheless, these results were predictable since this procedure has so far not yet
been implemented in the area of systems engineering and therefore applicable tools
and methods have to be adapted to the according systems engineering challenges.
Additionally it should be mentioned that the tool-chains have identified a considerable
amount of relevant information and that the multifold configuration options of the tools
indicate a high potential for improvement. In order to beneficially apply text mining
techniques and approaches we must adapt them carefully since the offer a variety of
configuration options. Especially, when they are applied in a new domain.

Even though not all relevant information has been identified, it was still possible to
identify information that was unknown to the experts.

Before the future work is discussed, the research questions and their answers are
summarized below.
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Research Questions and Answers

RQ1: Which systems engineering approaches exist that derive product concepts or
synonyms from natural language documents (Objective 1, Objective 2)

A list of 27 relevant works were identified through the structured mapping study
and are stated in Chapter 2.2.

RQ2: Which keywords describe the activity of deriving a product concept or synonym
from natural language documents in early project phases? (Objective 1, Objective 2)

The identified keywords are as follows:

Table 11 - Keywords for the Mapping Study

application asset domain requirements concept | product line concept
concept
application concept domain requirements product map
extraction extraction concept
application domain concept feature concept scoping asset
concept
application extraction feature extraction scoping concept
concept extraction ple portfolio concept topic detection
domain asset concept portfolio concept topic extraction
domain concept product concept topic tracing
domain extraction product extraction variant concept

RQ3: How can a system identify information from natural language documents in order
to automatically identify a product concept? (Objective 2)

The techniques revealed by the mapping study and manual target search are:

Text pre-processing: Tokenization, Part of Speech Tagging,
Lemmatization, Stemming, Build multi word
terms, Dependency Relations, NLP-Parser,
proprietary development

Term weighting: TF-IDF based, C-/NC-value based, proprietary
development

Semantic analysis: Semantic Model, Vector Space Model, Latent
Semantic Analysis, Latent Dirichlet Allocation,
Semantic Role Labeling

Lexical Database: WordNet
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Clustering Techniques:  Partitional-, Fuzzy-, and Neural Clustering

RQ4: Which natural language processing software tools can be used in which order to
create a tool-chain to generate product concepts independently of domains?
(Objective 3)

The tools and frameworks used in literature are the following:

Proprietary development tools, Wordnet, Stanford dependency parser,
Stanford POS tagger, NLTK, Stanford CoreNLP, Resource Description
Framework, Protégé 2000, WEKA, Text20nto, VSM, KMeans,
SegPhrase, MALLET Toolkit

RQ5: How can systems engineers obtain new insights of a project when a product
concept was automatically identified in natural language documents by a tool-chain?
(Objective 3)

Applicable techniques in order to develop a tool-chain are the following:
Pre-processing: Stop word removal, stemming, tokenization

Term weighting: TF-IDF, Word2Vec, Doc2Vec

Semantic analysis: LSA, PCA, Word2Vec, Doc2Vec

Clustering: KMeans

Post-processing:  Duplicate removal, POS filtering, N-gram sorting

RQ6: Which method has to be used to evaluate the tool chains regarding the automatic
identification of product concepts in real project settings? (Objective 3)

The applied evaluation method was a Case Study.

Future Work

Based on the quantitative and qualitative results of the case study, future work has
been identified.

First of all, from the quantitative perspective, it would be most helpful to use a gold-
standard to be able to make qualified statements about the added value of the results
of a tool-chain. In order to accomplish this, experts could manually review and
conceptualize a small set of documents. This will then benchmark future approaches.
In fact, the task of reviewing documents by systems engineers is performed on a
regular basis, but this knowledge often remains in the mind of the engineers and is
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thus only accessible by them. It would be very beneficial to record this knowledge in
full and perform the aforementioned comparison between expert results and tool-chain
results.

Furthermore alternative algorithms should be further investigated, which might provide
improved results. Moreover, a promising approach, lda2vec, was not evaluated for
hardware and license reasons. This should definitely be addressed, as the approach
combines two promising methods: Lda2vec expands Word2Vec with topics and
document vectors (Moody 2016).

In order to achieve higher qualitative satisfaction, the configuration of the applied tools
must be adjusted accordingly. Examples of this configurations are: providing more
contextual information, maintaining information abstraction levels and presenting the
results in upper and lower case letters. Adjusting the parameters can be very
challenging since the interrelations between the different tool-chain components are
not predictable and thus have to be adjusted manually. Besides the computational
challenge, the format of the result visualization must be verified as well.

Another improvement within future work tasks would be a precise definition of the
information required by a systems engineer. Cross-domain search patterns can
possibly be created in this way. An example could be a generic systems engineering
ontology containing the most relevant information elements.

Overall, the thesis demonstrates that it is recommended continuing research in the
direction of automated identification of product concepts and making use of the existing
potential of SE experts supported by suitable tool-chains.

56



6 Bibliography

Anoop VS, Asharaf S, Deepak P (2016) Unsupervised Concept Hierarchy Learning: A Topic
Modeling  Guided Approach. Procedia Comput Sci 89:386-394. doi:
10.1016/j.procs.2016.06.086

Apel S, Kastner C (2009) An overview of feature-oriented software development. J. Object
Technol. 8:49-84

Baddeley A (2012) Working Memory: Theories, Models, and Controversies - annurev-psych-
120710-100422. Annu Rev Psychol 63:1-29. doi: 10.1146/annurev-psych-120710-
100422

Bailey J, Budgen D, Turner M, et al (2007) Evidence relating to Object-Oriented software
design: A survey. doi: 10.1109/ESEM.2007.58

Bakar NH, Kasirun ZM, Salleh N, Jalab HA (2016) Extracting features from online software
reviews to aid requirements reuse. Appl Soft Comput J 49:1297-1315. doi:
10.1016/j.as0c.2016.07.048

Basili R, Vindigni M, Zanzotto FM (2003) Integrating ontological and linguistic knowledge for
conceptual information extraction. Proc - IEEE/WIC Int Conf Web Intell WI 2003 175-181.
doi: 10.1109/W1.2003.1241190

Budgen D, Brereton P (2006) Performing systematic literature reviews in software
engineering. Proceeding 28th Int Conf Softw Eng - ICSE ‘06 45:1051. doi:
10.1145/1134285.1134500

Celebi ME (2015) Partitional Clustering Algorithms. Springer Cham Heidelberg New York
Dordrecht London

Chang D, Chen CH (2015) Product concept evaluation and selection using data mining and
domain ontology in a crowdsourcing environment. Adv Eng Informatics 29:759-774. doi:
10.1016/j.2€i.2015.06.003

Chikkamath RC, Babu BS (2016) Concept Detection and Cluster Analysis from Newsfeed-
Singular Value Decomposition Based Approach. 2016 2nd Int Conf Comput Intell
Networks 130-135. doi: 10.1109/CINE.2016.30

Davenport TH (2005) Thinking for a Living: how to get better performance and results from
knowledge workers

Dong J, Wang S, Xiong F (2010) A method for domain conception clustering with the guidance
of domain ontology. In: 2010 International Conference on Intelligent Computation
Technology and Automation, ICICTA 2010. IEEE, pp 151-155

Du W, Mo R, Li S (2011) Key Characteristics Extraction Method In Product Concept Design. Int
Conf Comput Sci Netw Technol Key

Duda RO, Hart PE (1973) Pattern Classification and Scene Analysis
57



Feldman R, Sanger J (2006) The Text Mining Handbook: Advanced Aapproaches in Analyzing
Unstructured Data. Cambridge University Press

Frakes WB (William B, Baeza-Yates R (Ricardo) (1992) Information retrieval : data structures
and algorithms. Prentice Hall, p 504

Fraunhofer-Gesellschaft e. V. (2017) Annual Report 2017. Miinchen

Grimes S (2008) Unstructured Data and the 80% Rule. In: Clarabridge Bridg. Newsl.
https://breakthroughanalysis.com/2008/08/01/unstructured-data-and-the-80-percent-
rule/. Accessed 16 Jul 2018

Guo H, Zhu H, Guo Z, et al (2009) Product feature categorization with multilevel latent
semantic association. Proceeding 18th ACM Conf Inf Knowl Manag - CIKM ‘09 1087. doi:
10.1145/1645953.1646091

Harris ZS (1954) Distributional Structure. WORD 10:146-162. doi:
10.1080/00437956.1954.11659520

Hartigan JA (1975) Clustering Algorithms. Inf Retr Data Struct Algorithms. doi:
10.2307/2529577

Hotho A, Andreas N, Paal® G, Augustin S (2005) A Brief Survey of Text Mining. 1-37

Hsieh SH, Lin HT, Chi NW, et al (2011) Enabling the development of base domain ontology
through extraction of knowledge from engineering domain handbooks. Adv Eng
Informatics 25:288-296. doi: 10.1016/j.aei.2010.08.004

John | (2010) Pattern-based Documentation Analysis for Software Product Lines. Fraunhofer
Verl

Jorgensen M, Shepperd M (2007) A Systematic Review of Software Development Cost
Estimation Studies. IEEE Trans Softw Eng 33:33-53. doi: 10.1109/TSE.2007.256943

Kang Y Bin, Delir Haghighi P, Burstein F (2014) CFinder: An intelligent key concept finder from
text for ontology development. Expert Syst Appl 41:4494-4504. doi:
10.1016/j.eswa.2014.01.006

Kang Y, Zhou L (2017) RubE: Rule-based methods for extracting product features from online
consumer reviews. Inf Manag 54:166—-176. doi: 10.1016/j.im.2016.05.007

Kitchenham B, Pickard L, Pfleeger SL (1995) Case Studies for Method and Tool Evaluation. IEEE
Softw 12:52-62. doi: 10.1109/52.391832

Krishnan A, Sankar A, Zhi S, Han J (2017) Unsupervised Concept Categorization and Extraction
from Scientific Document Titles. Proc 26th ACM Int Conf Inf Knowl Manag 1339-1348.
doi: 10.475/123

Le Q, Mikolov T (2014) Distributed representations of sentences and documents. Proc. 31st
Int. Conf. Int. Conf. Mach. Learn. - Vol. 32 11-1188

58



Lee S, Zhao Y, Eid M, et al (2015) Domain Specific Information Retrieval and Text Mining in
Medical Document. 67—76. doi: 10.1145/2808719.2808726

Li Y, Schulze S, Saake G (2017) Reverse Engineering Variability from Natural Language
Documents. Proc 21st Int Syst Softw Prod Line Conf - Vol A - SPLC "17 133-142. doi:
10.1145/3106195.3106207

Lu CY, Ho SW, Chung JM, et al (2011) Mining fuzzy domain ontology based on concept vector
from Wikipedia Category Network. Proc - 2011 IEEE/WIC/ACM Int Jt Conf Web Intell Intell
Agent Technol - Work WI-IAT 2011 3:249-252. doi: 10.1109/WI-IAT.2011.140

Mehrbod A, Zutshi A, Grilo A (2014) Semantic and Syntactic Matching of e-Catalogues using
Vector Space Model. Proc 11th Int Conf E-bus 224-229. doi: 10.5220/0005115302240229

Microsoft (2011) Microsoft fuzzy lookup add-in for Excel. https://www.microsoft.com/en-
us/download/details.aspx?id=15011. Accessed 10 Jul 2018

Microsoft Canada (2015) Attention spans. In: Consum. insights.
https://de.scribd.com/document/265348695/Microsoft-Attention-Spans-Research-
Report#download. Accessed 5 Jul 2018

Mikolov T, Chen K, Corrado G, Dean J Distributed Representations of Words and Phrases and
their Compositionality

Mikolov T, Corrado G, Chen K, Dean J (2013) Efficient Estimation of Word Representations in
Vector Space. Proc Int Conf Learn Represent (ICLR 2013). doi:
10.1162/153244303322533223

Miner G, Delen D, Elder J, et al (2012) The Seven Practice Areas of Text Analytics. In: Practical
Text Mining and Statistical Analysis for Non-structured Text Data Applications. pp 29-41

Moody CE (2016) Mixing Dirichlet Topic Models and Word Embeddings to Make |da2vec

Mukherjee S, Ajmera J, Joshi S (2014) Domain Cartridge: Unsupervised Framework for Shallow
Domain Ontology Construction from Corpus. Proc 23rd ACM Int Conf Conf Inf Knowl
Manag 929-938. doi: 10.1145/2661829.2662087

Niu N, Savolaine J, Niu Z, et al (2014) A Systems Approach to Product Line Requirements Reuse.
|EEE Syst. J. 8

Petersen K, Feldt R, Mujtaba S, Mattsson M (2008) Systematic mapping studies in software
engineering. EASE’'08 Proc 12th Int Conf Eval Assess Softw Eng 68-77. doi:
10.1142/50218194007003112

Plejic B, Vujnovic B, Penco R (2008) Transforming unstructured data from scattered sources
into knowledge. In: 2008 IEEE International Symposium on Knowledge Acquisition and
Modeling Workshop. IEEE, pp 924-927

Rentzmann R (2006) Text Mining - Gesellschaft fiir Informatik e.V. In: Informatiklexikon.
https://gi.de/informatiklexikon/text-mining/. Accessed 8 Jul 2018

59



Robson C (2002) Real World Research. 2nd

Runeson P, Host M (2009) Guidelines for conducting and reporting case study research in
software engineering. Empir Softw Eng 14:131-164. doi: 10.1007/s10664-008-9102-8

Rupp C (2014) Requirements-Engineering und -Management: Aus der Praxis von klassisch bis
agil. In: Requirements-Engineering und -Management Aus der Praxis von klassisch bis
agil. Hanser Fachbuchverlag

Salem S, AbdelRahman S (2010) A multiple-domain ontology builder. Proc 23rd Int Conf
Comput Linguist 967-975

Shearer C (2014) The CRISP-DM Model: The New Blueprint for Data Mining. J Data Warehous
5:15

Shull F, Basili V, Carver J, et al (2002) Replicating software engineering experiments:
Addressing the tacit knowledge problem. In: ISESE 2002 - Proceedings, 2002 International
Symposium on Empirical Software Engineering

Siddiqui T, Ren X, Parameswaran A, Han J (2016) FacetGist: Collective Extraction of Document
Facets in Large Technical Corpora. Proc CIKM 2016 871-880. doi:
10.1145/2983323.2983828

Sparck Jones K (1972) A Statistical Interpretation of Term Specificity and its Retrieval. J Doc
28:11-21. doi: 10.1108/eb026526

Stanford NLP Group The Stanford Natural Language Processing Group.
https://nlp.stanford.edu/software/tagger.shtml. Accessed 27 Jul 2018

Sureshkumar G, Zayaraz G, Kumaravelan G (2012) Automatic construction of domain ontology
using dependence parsing patterns and WordNet similarity. 2012 IEEE Int Conf Comput
Intell Comput Res ICCIC 2012 0-4. doi: 10.1109/ICCIC.2012.6510220

Wang Y, Zhang J (2017) Experiment on automatic functional requirements analysis with the
EFRFs semantic cases. PIC 2016 - Proc 2016 IEEE Int Conf Prog Informatics Comput 636—
642. doi: 10.1109/PI1C.2016.7949577

Wieringa R, Maiden N, Mead N, Rolland C (2006) Requirements engineering paper
classification and evaluation criteria: A proposal and a discussion. Requir Eng 11:102—
107. doi: 10.1007/s00766-005-0021-6

Wohlin C, Host M, Henningsson K (2003) Empirical Research Methods in Software Engineering.
Springer, Berlin, Heidelberg, pp 7-23

Wohlin C, Runeson P, Host M, et al (2012) Experimentation in software engineering

Yang L, Hu Z, Long J, Guo T (2011) 5W1H-based Conceptual Modeling Framework for Domain
Ontology and Its Application on STPO. 2011 Seventh Int Conf Semant Knowl Grids 203—
206. doi: 10.1109/SKG.2011.31

Yang Q, Cai K, Sun J, Li Y (2010) Design analysis and implementation for ontology learning
60



model.  2nd Int Conf Comput Eng Technol V3-164-V3-167. doi:
10.1109/I1CCET.2010.5485818

Yue J, Sun W, Li D, Fu Z (2008) A semantic extension model used in vegetable supply chain
domain concepts acquisition. Proc World Congr Intell Control Autom 2098-2103. doi:
10.1109/WCICA.2008.4593247

Zhang Y, Mukherjee R, Soetarman B (2013) Concept extraction and e-commerce applications.
Electron Commer Res Appl 12:289-296. doi: 10.1016/j.elerap.2013.03.008

Zhou Y, Zhang L, Niu S (2016) The research of concept extraction in ontology extension based
on extended association rules. Proc 2016 IEEE Int Conf Online Anal Comput Sci ICOACS
2016 111-114. doi: 10.1109/ICOACS.2016.7563059

Zouag A, Nkambou R (2008) Building Domain Ontologies from Text for Educational Purposes.
IEEE Trans Learn Technol 1:49-62. doi: 10.1109/TLT.2008.12

61



7 Appendix

7.1 Mapping Study Search Strings

Science
ID Keywords IEEE ACM Direct
1 "application asset concept" 0 0 0
2 "application concept extraction" 0 0 0
3 "application domain concept" 0 0 0
4 "application extraction" 2 11 1
5 "concept extraction" 85 50 27
6 "domain asset concept" 0 0 0
7 "domain concept" 73 111 12
8 "domain extraction" 19 10 2
9 "domain requirements concept" 0 0 0
10 "domain requirements extraction" 0 0 0
11 "feature concept" 15 0 5
12 "feature extraction" AND "product" 267 47 59
13 "ple portfolio concept" 0 0 0
14 "portfolio concept" 2 1 16
15 "product concept" 85 33 36
16 "product extraction" 4 1 0
17 "product line concept" 6 1 0
18 "product map concept" 0 0 0
19 "scoping asset concept" 0 0 0
20 "scoping concept" 0 0 1
21 "topic detection" AND "product" 4 5 0
22 "topic extraction" AND "product" 2 1 1
23 "topic tracing" 0 0 0
24 "variant concept" 0 0 9
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7.2 Structured Systematic Mapping Study Research Facets

Product Concept Context Facet

Constructing
ontologies
from text

Improving
Ontologies

Developing basic
ontologies

Extracting
features from
user feedback

Extracting topics
from reports and
documentation

P02

X

P03

PO4

PO5

P06

X | X | X | X

P07

P08

P09

P10

P11

P12

P13

P14

P15

P16

P17

P19

P21

P23

P27

P28

P30

X | X | X | X

P33

P34

>

P36

P37

P38
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Research Facet

Contribution Facet

Validation
Research

Evaluation
Research

Solution | Philosophi-
Proposal | cal Paper

Opinion
Paper

Experience
Paper

Process

Method

Model

Tool

X

XIX|X|IX|X|X[|X|X|X|X|X|X|X|X|X

X IX|X|X[X[|[X|X[X[X[X[X|X[X|X|[X|X|X|X|X[|X|X|X|X|X|X|X

XIX|X|X|X|X[|X|X|[X]|X|X
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7.3 Hard- and Software Environment of experimental implementation

Workstation 1
OS Name Microsoft Windows 10 Enterprise
Version 10.0.17134 Build 17134

OS Manufacturer  Microsoft Corporation

System Manufacturer LENOVO

System Model 20L7S06100

System Type x64-based PC

Memory 16.0 GB

System SKU LENOVO_MT_20L7_BU_Think_FM_ThinkPad T480s

Processor Intel(R) Core(TM) i7-8650U CPU @ 1.90GHz, 2112 Mhz, 4 Core(s), 8
Logical Processor(s)

Workstation 2

OS Name Microsoft Windows 10 Enterprise
Version 10.0.16299 Build 16299

OS Manufacturer  Microsoft Corporation

System Manufacturer FUJITSU

System Model CELSIUS W530
System Type x64-based PC
Memory 12.0 GB

System SKU S26361-Kxxx-Vyyy

Processor Intel(R) Core(TM) i7-4770 CPU @ 3.40GHz, 3401 Mhz, 4 Core(s), 8
Logical Processor(s)
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Server

OS Name

Version
Architecture
Memory

CPU op-mode(s)
Byte Order
CPU(s)

On-line CPU(s) list
Thread(s) per core
Core(s) per socket
Socket(s)

NUMA node(s)
Vendor ID

CPU family

Model

Model name
Stepping

CPU MHz
BogoMIPS
Virtualization

L1d cache

L1i cache

L2 cache

L3 cache

CentOS Linux
7.2.1511 (Core)

x86_64

1.0TB

32-bit, 64-bit

Little Endian
64

0-63

4
Genuinelntel

6

45

Intel(R) Xeon(R) CPU E5-4620 0 @ 2.20GHz
7

1199.945

4426.53

VT-X

32K

32K

256K

16384K

NUMA nodeO CPU(s) 0-7,32-39
NUMA nodel CPU(s) 8-15,40-47
NUMA node2 CPU(s) 16-23,48-55
NUMA node3 CPU(s) 24-31,56-63
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Additional Software per workstation:

Development EnvironmentVisual Studio 2017 Professional
Pyhton packages:

nltk==3.3 NLP (POS, Tokenize, Stemming)
scikit-learn==0.19.1 (TFIDF/KMeans/PCA/LSA)
gensim==3.4.0 (Doc2Vec/Word2Vec)

7.4 CD Content

- Digital copy of this thesis

- Source code of the tool-chains
- Mapping study results

- Case study results
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