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II 

Kurzfassung 

Industrie 4.0 bezeichnet die vierte industrielle Revolution, wobei es um die intelligente 
Gestaltung von Fabriken und Produktionsstätten geht. Um eine solche intelligente Her-
stellung zu gewährleisten wird der Ansatz verfolgt Produktions- und Instandhaltungs-
strategien mit Hilfe analysierter Daten möglichst „smart“ zu gestalten. Dabei wird eine 
Vielzahl von Daten analysiert, wodurch dann beispielsweise die Effizienz der Produk-
tionsstätte oder der Zustand einer Maschine in Echtzeit ermittelt werden kann. Durch 
das Sammeln und Analysieren sämtlicher verfügbaren Daten können produktionsrele-
vante Rückschlüsse gezogen und die Produktionsplanung sowie -steuerung ange-
passt werden Eine erkennbare Lücke existiert jedoch in der Erfassung und Analyse 
textueller Daten, die in Form von Instandhaltungsberichten oder Maschinendatenblät-
tern vorliegen. Diese textuellen Daten sind zwar oft vorhanden, werden jedoch oftmals 
nicht weiter analysiert und mit anderen Daten kombiniert. Dadurch geht wertvolles, in 
Texten gespeichertes Wissen oft verloren. Dies ist insbesondere im Falle der Instand-
haltung fatal. Fehlende Informationen aus Instandhaltungsberichten können zu einem 
höheren menschlichen Versagen und verspäteten Fehlerentdeckungen führen, da zu-
künftige Instandhaltungsaktivitäten nicht durch bereits vorhandene, analysierte In-
standhaltungsberichte unterstützt werden können. Daher versucht das vorgestellte 
prototypische Text Mining Tool TU-MARS ein menschenähnliches Textverständnis zu 
erzielen, um somit mehr Informationen aus Instandhaltungsberichten extrahieren zu 
können und dadurch künftiges menschliches Versagen zu minimieren und Fehler mög-
lichst schnell zu detektieren. TU-MARS ist in der Lage Informationen wie die Lesbarkeit 
der Berichte, die Stimmung der Berichte sowie die Assoziationen innerhalb der Be-
richte zu ermitteln. Dazu erfolgt im ersten Schritt eine Literaturrecherche zum Thema 
Industrie 4.0, wobei insbesondere auf Smart Factories sowie deren wesentliche Eck-
punkte eingegangen wird. Im zweiten Kapitel erfolgt die Erarbeitung des Themas Text 
Mining. Im Zuge dessen werden die wesentlichen Aspekte des Text Minings und die 
Möglichkeiten zur Informationsgewinnung aus Text aufgezeigt, sowie die dazu ange-
wandten Algorithmen. Durch das Aufgreifen des Themas Instandhaltung in der Indust-
rie 4.0 wird aufgezeigt, welche Instandhaltungsstrategien im Bereich der intelligenten 
Herstellung existieren und welche Daten dazu benötigt werden. Ein wesentlicher Punkt 
sind dabei die Informationen aus den von Instandhaltungsmitarbeitern verfassten In-
standhaltungsberichten. Daher wird mit TU-MARS eine Software entwickelt, welche in 
der Lage ist für Instandhaltungsberichte einen Wert für die Textverständlichkeit, sowie 
einen zugehörigen Assoziationsmessungsindex zu berechnen.  
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Abstract

Industry 4.0 refers to the fourth industrial revolution, focusing on intelligent manufac-
turing. In order to achieve smart manufacturing processes, production and mainte-
nance strategies are designed, through analysing large amounts of data. Therefore, a 
lot of data is captured and analysed in real-time, making it possible to determine the 
efficiency of a factory or the condition of a machine. By collecting and analysing all of 
the available data, production relevant conclusions can be drawn which can then be 
used to adapt the production-planning and -control. However, there is a gap when it 
comes to collecting and analysing textual data, that exists in form of maintenance re-
ports or machine data sheets. The textual data is often present but ignored and not 
combined with other data. By ignoring that kind of data, the stored knowledge in these 
documents is lost. In case of maintenance, this can be fatal. Missing information can 
lead to a higher human failure rate as well as a late failure detection, since future 
maintenance actions cannot be supported by already written and analysed mainte-
nance reports. In this work, a concept for knowledge extraction from textual data in the 
context of Industry 4.0 is presented. The therefore proposed text mining tool TU-MARS 
aims to achieve a human like text understandability that helps to increase the explica-
tion of human knowledge, prevent human failure and make an early failure detection 
possible. TU-MARS extracts information such as the readability, the sentiment and the 
associations from maintenance reports. For this matter in a first step, a comprehensive 
literature search is done covering the subject of Industry 4.0 and especially the core 
building blocks, the smart factory, as well as its significant key features. In the second 
step, the aspects of text mining are discussed, especially how to extract information 
from text and which algorithms can be applied in order to achieve a human like text 
understanding. The discussion of maintenance for Industry 4.0 presents the existing 
maintenance strategies for intelligent manufacturing as well as the relevant data for 
maintenance. An important point is the information that can be extracted from mainte-
nance reports written by maintenance employees. Hence, TU-MARS, a software pro-
totype that is capable of analysing reports and calculating a value for text understanda-
bility as well as an association measuring index, is developed. 
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1 Introduction 

1.1 Motivation, Problem Description and Research Objec-

tives 

Industry 4.0 describes an era of digitization, where smart connectivity via sensors and 
internet of things (IoT) in production plants is becoming essential, so machines can 
always be monitored. By connecting the sensors to data networks, the collected data 
can be used to obtain useful information and therefore to improve the overall produc-
tion plant performance including maintenance efficiency as well as effectiveness. By 
this large amount of data collected from sensors, textual data, inter alia unstructured 
data, often recedes unanalysed into the background due to the considerable pre-pro-
cessing efforts required to prepare unstructured/semi-structured sources for statistical 
analysis and knowledge discovery. However, the textual data contains significant in-
formation e.g. provided by the machine itself in the form of xml-files or by machine 
operators and maintenance employees who write down significant information as a 
report of their activities or recommendations. If a machine malfunction occurred or a 
preventive activity like an inspection or an on-site check is necessary, a maintenance 
employee will check the machine. Depending on the assignment the operator will either 
check for the failure cause and resolve it or check on the machines current condition. 
After the inspection task, the operator will then have to file a report where information 
about the machine itself, the repair or inspection procedures and the condition of a 
machine are stated.1 To make sure that this kind of information will not vanish into 
nothingness but can be used for the future, it is necessary to run text analysis tools on 
these kinds of textual data to extract relevant information and explicate undocumented 
knowledge and hidden causalities. By using knowledge discovery techniques and ex-
plainable deep learning in text, past reports about malfunctions and repair actions as 
well as machine data can be used to extract relevant information and can therefore 
even be able to solve different problems with similar approaches from past repair pro-
cedures. In addition, the hidden relations and semantics can be identified which sup-
ports better identification and reasoning process. However, textual analysis faces the 
challenges of limited data availability, since a lot of reports provided are not available 
in a digital format. Besides that, the textual data quality differs highly, which can lead 
to suboptimal decision strategies or operations. This leads to the following problem 
statements P(x): 

P(1) Digitalized reports, i.e. quality reports, shift books, etc. that are holding 
valuable information, are not further analysed. 

 
1 Cf. Rivas, et al., 2018 
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Introduction  8 

P(2) Knowledge stored in these reports that could contribute to informed de-
cisions is lost. 

P(3) Lacking research approaches on knowledge extraction form text in the 
context of Industry 4.0, lead to an underestimation of knowledge stored 
in textual data. 

Therefore, this work aims to develop a concept for the explication of human knowledge 
from maintenance reports. Based on the demands of industry 4.0, suiting machine 
learning supported knowledge discovery techniques will be implemented in a prototyp-
ical software, that can extract valuable information from textual data. To get closer to 
a humanlike text understandability, the prototypical software will include and combine 
various knowledge discovery techniques, while taking into account information quality 
measures. The knowledge discovery techniques will be evaluated after a comprehen-
sive literature research on knowledge discovery and information extraction techniques, 
considering the context of industry 4.0. Therefore the following research question 
emerges: 

“What knowledge discovery techniques are essential to provide a human like text un-

derstandability that is capable to explicate human knowledge, make it usable to lower 

the human failure rate, and detect failures early, in the context of industrial mainte-

nance?” 

1.2 Research Methodology 

The aim of this work is to provide a concept for humanlike text understandability in the 
context of industry 4.0. The proposed methodology is based on the paper “Design Sci-
ence in Information”.2 In the course of the work, a prototypical knowledge-discovery 
tool will be presented. Before the concept for this text analytics tool will be presented, 
there will be a comprehensive, systematic literature review on knowledge discovery 
techniques and explainable deep learning for text mining, including natural language 
processing. To get a better understanding on why the usage of text mining in smart 
factories is essential, the application areas will be discussed. Considering that, there 
is not a wide range of literature regarding text-mining or knowledge discovery from text 
(KDT) in the context of Industry 4.0, this work will focus on generally evaluating the 
text mining process as well as the knowledge discovery techniques. Keeping the ap-
plication of text mining in smart factories and therefore in Cyber Physical Production 
Systems (CPPS) in mind, the knowledge discovery techniques must meet specific re-
quirements. Depending on the required knowledge discovery techniques, a theoretical 
concept for a text mining tool, meeting those requirements, will be created. It will in-
clude the pre-processing of the unstructured text, like tokenizing and removing stop 

 
2 Cf. Hevner et al. 2004. 
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Introduction  9 

words as well as the combination of further knowledge extraction techniques, e.g. 
through sentiment analysis and association measurement to achieve text understanda-
bility. With the theoretical concept as a guideline, the prototypical text-mining tool will 
be created. The finished prototype tool will then be analysed and its results will be 
evaluated using information quality measures and context specific measures. A sche-
matic concept image is shown in Figure 1. 

 

Figure 1: Graphical Research Methodology 
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2 Theoretical Background 

2.1 Industry 4.0 and its Technological Building Blocks 

In the history of industry, there were several turning points, as shown in Figure 2. The 
first industrial revolution, which started in the 18th century, is marked by important tech-
nological milestones, most importantly the development of the steam engine, which 
concluded with the first steam train at the beginning of the 19th century. Through the 
first industrial revolution production plants where introduced, starting to partly replace 
human and animal muscle power as the primary working force. This led to an enor-
mous step forward in production.3, 4 

Starting at the end of the 19th century/the early 20th century, the second industrial rev-
olution opened the era of the controlled usage of electricity. This made things like the 
electric drive, electric light as well as telecommunication possible. This huge techno-
logical progress also marked the start of mass production, led by Taylorism and Ford-
ism. 5, 6 The third industrial revolution, known as the digital revolution, had its begin-
nings between the 1950s and 1970s, when a wave of digitization and automatization 
hit the working world. Through a steady advance in electronics, a technological leap 
was made. Advances in microelectronics led to automatization in production (CNC-
machines) as well as the evolution of personal computers.7, 8 

Historically seen the concept of smart manufacturing started to evolve much earlier 
than the concept of industry 4.0. As early as 1970, computer integrated manufacturing 
(CIM), was a first approach in the field of automated, computer-integrated production. 
However, in the approach of CIM humans were kept out completely from the produc-
tion process. Humans supposedly only played a role as an observer. CIM could not be 
implemented and therefore survive, mainly due to a missing IT infrastructure, data sys-
tems and data transmission.9 Another approach was lean production, which aimed to 
use production factors economically and efficiently. However, because of rising cost 
pressure and decreasing product life cycles, lean production was not fully able to keep 
up with the requested requirements.10 

Contrary to CIM humans play an important role in today’s smart factories. Humans are 
the decision-making authority and via suitable human-machine interfaces like virtual 

 
3 Cf. Reinhart 2017, XXXI. 
4 Cf. Hofmann 2017, 3–4. 
5 Cf. Hofmann 2017, 6–7. 
6 Cf. Reinhart 2017, XXXI. 
7 Cf. Hofmann 2017, 7. 
8 Cf. Reinhart 2017, XXXII. 
9 Cf. Roth 2016, 20–1. 
10 Cf. Roth 2016, 21–2. 
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Theoretical Background  11 

reality (VR) and augmented reality (AR) they are fully included in the production and 
controlling process.  

 

Figure 2: Four Industrial Revolutions11 

The expression Industry 4.0 (I4.0) was first introduced by the German government, 
marking the 4th industrial revolution which established the so-called I4.0-plan in order 
to maintain competitiveness in manufacturing.12 The official definition by the German 
government reads as followed: 

“The term Industry 4.0 stands for the fourth industrial revolution, a new level of organ-

ization and controlling the value chain over the lifecycle of production. The lifecycle 

orients on individual customer requests and goes from the request, to the development 

and production as well as the delivery of a product to the final customer, including the 

recycling and the related services.” 13 

In Austria, too, I4.0 has arrived. Thus, in 2015 the “Association Industry 4.0 Austria - 
The Platform for Smart Production” was founded with the aim of a dynamic develop-
ment of the manufacturing sector in Austria by encouraging research, innovation, and 
qualification. A high-quality working environment with a high employment level is 
forced.14 

Nowadays the term I4.0 is used as an approach to describe the current trend in pro-
duction systems as well as operation management systems towards enhancing the 
automation degree and therefore the data exchange degree. The aim is to increase 

 
11 Cf. Thoben et al. 2017, 6. 
12 Cf. Thoben et al. 2017, 6. 
13 Obermaier 2016, 7–8. 
14 Cf. Über den Verein 2020. 
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automation and data exchange to a degree, where self-learning and self-organizing 
function systems in production systems are an option.15 In order to achieve such high 
standards in automation people, data, processes and things must be intelligent. 16, 17  

Making every component, contributing to manufacturing, intelligent leads to the term 
“intelligent manufacturing”. Transforming conventional manufacturing to intelligent 
manufacturing has been introduced by I4.0. With the rise of intelligent manufacturing, 
Artificial Intelligence (AI) technologies are evolving in the industry. Even though there 
is no universal definition of AI, several proposed definitions exist. At the Dartmouth 
Conference, a gathering of scientists in 1956 that lead to the establishment of the re-
search field of AI18, AI was understood as the ability of a machine to act and react like 
an intelligent human. Similarly, one of the AI-pioneers, Marvin Minsky, defined AI as 
the machines’ ability to act in a way only possible with the intelligence of a human, 
while Nils J. Nilsson from Stanford University states AI as the ability to make machines 
so intelligent, they can act with foresight of their environment.19 Integrating AI into the 
industry is called industrial artificial intelligence (I-AI). In case of I-AI, AI technologies 
(speech recognition, computer vision, natural language processing, machine depth 
learning, virtual reality, big data knowledge/intelligence, etc.) are integrated with indus-
trial processes. It is aimed to achieve intelligent functions on all stages of an industrial 
value change. Through I-AI, production plants should be self-precepting, self-control-
ling, self-adapting, self-feedbacking, self-organizing, self-deciding and autonomous. 
The huge amounts of data produced continuously every day are a driving force when 
it comes to improving AI-algorithms as well as AI-chips. The massive data amounts 
contribute more input for AI-algorithm models and with improved AI-Chips the AI-algo-
rithms speed is increasing massively.20, 21 Even though the development of AI is far 
from completion, AI-technologies like machine learning, neural network optimization 
and enhanced learning are already introduced in the industrial sector.22 

The key technologies, used in I4.0, to make components smart, are information and 
communication technologies (ICT) as well as embedded and sensory systems. These 
technologies result in the internet of everything (IoE) and cyber physical production 
systems (CPPS).23, 24 Futuristic, automated manufacturing systems, using these key 
technologies, can be described as smart factories with integrated production systems, 

 
15 Cf. Ansari et al. 2018 - 2018, 1. 
16 Cf. Ansari et al. 2018 - 2018, 1. 
17 Cf. Roth 2016, 20. 
18 Cf. Artificial Intelligence (AI) Coined at Dartmouth 
19 Cf. Zhang et al. 2019b, 2369. 
20 Cf. Zhang et al. 2019b, 2368. 
21 Cf. Zhang et al. 2019b, 2367. 
22 Cf. Zhang et al. 2019b, 2372. 
23 Cf. Ansari et al. 2018 - 2018, 1. 
24 Cf. Roth 2016, 20. 
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Theoretical Background  13 

enabled by the IoE and CPPS.25, 26, 27 Big data analytics and cloud computing build the 
base of any smart factory and lead to an improved connected supply, compared to 
conventional factories.28 However, humans are still a key aspect in I4.0. Even though 
data driven machine learning technologies are on the rise, humans cannot simply be 
replaced by AI and automated systems. Human capabilities are not replaced, but ra-
ther supported by smartly designed, customized solutions for specific areas.29 (see 
chapter Human Aspects in Smart Factories) 

Smart Factories, as proposed in the concept of I4.0, represent the physical manufac-
turing environment, aimed for in I4.0 (see Figure 3). Even though “smart factory” is a 
concept term introduced by the German government over the course of I4.0, smart 
manufacturing is not limited to Germany. Many other economically and industrially de-
veloped countries like USA and China (and numerous others) have started initiatives 
for research and investment strategies, in order to support progression of smart man-
ufacturing, often referred to as “factories of the future”.30 Looking at the structure of a 
smart factory, the CPPS can be considered as the heart, or in other words, the main 
component of a smart factory. 

 

Figure 3: Concept Image: Smart Factory31 

 
25 Cf. Roth 2016, 20. 
26 Cf. Ansari et al. 2018 - 2018, 1. 
27 Cf. Thoben et al. 2017, 5. 
28 Cf. Thoben et al. 2017, 7. 
29 Cf. Thoben et al. 2017, 7. 
30 Cf. Meng et al. 2018, 2. 
31 Cf. Thoben et al. 2017, 7. 

https://www.tuwien.at/bibliothek
https://www.tuwien.at/bibliothek


D
ie

 a
pp

ro
bi

er
te

 g
ed

ru
ck

te
 O

rig
in

al
ve

rs
io

n 
di

es
er

 D
ip

lo
m

ar
be

it 
is

t a
n 

de
r 

T
U

 W
ie

n 
B

ib
lio

th
ek

 v
er

fü
gb

ar
.

T
he

 a
pp

ro
ve

d 
or

ig
in

al
 v

er
si

on
 o

f t
hi

s 
th

es
is

 is
 a

va
ila

bl
e 

in
 p

rin
t a

t T
U

 W
ie

n 
B

ib
lio

th
ek

.
D

ie
 a

pp
ro

bi
er

te
 g

ed
ru

ck
te

 O
rig

in
al

ve
rs

io
n 

di
es

er
 D

ip
lo

m
ar

be
it 

is
t a

n 
de

r 
T

U
 W

ie
n 

B
ib

lio
th

ek
 v

er
fü

gb
ar

.
T

he
 a

pp
ro

ve
d 

or
ig

in
al

 v
er

si
on

 o
f t

hi
s 

th
es

is
 is

 a
va

ila
bl

e 
in

 p
rin

t a
t T

U
 W

ie
n 

B
ib

lio
th

ek
.
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Cyber Physical Production Systems (CPPS) merge computation and physical pro-
cesses, combining therefore characteristics of both, cyber and physical, systems, as 
shown in Figure 3.32 These thereby created CPPS are then ideally intelligent, real-time 
adaptive, predictive, at best with wireless sensing and actuation using humans as key 
players.33 Looking deeper into the structure of a CPPS, the CPPS can be identified as 
a network of several sub cyber physical systems (CPS), building the basis of CPPS. 
Therefore, by networking CPS, a CPPS emerges.34 These CPS help controlling the 
manufacturing system decentral and context adaptive, even above company bounda-
ries. Functioning networking and communication among machine plants, manufactur-
ing components and humans is indispensable within a CPS. Hence, appropriate inter-
faces are crucial.35 By using these sub-systems (CPS), a decentralized structure with 
small modules with a decreased level of complexity emerges from an otherwise very 
complex production system.36 Nonetheless, these kinds of self-organizing, autono-
mous, intelligent and interacting decisional control entities, also result in an increase 
of unpredictive behaviour and a rise of the system’s complexity.37  

2.1.1 SWOT Analysis I4.0 

In Table 1, a SWOT analysis is provided that evaluates the strengths, weaknesses, 
opportunities and threats of I4.0. 

Table 1: SWOT Analysis I4.0 

SWOT Analysis I4.0 

Strengths 

• Smart Factories are very efficient and have an increased 
productivity. Since there are only high skilled people working 
there. 38 

• Smart Factories can be very flexible and adaptive and can there-
fore, be customized easily, which leads to a higher satisfaction 
of a customer. 39 

• Growth in high skilled jobs.40 

• Availability of real-time data.41 

Weaknesses • There are huge investments in the current production necessary 
to achieve I4.0 standards.42 

 
32 Cf. Ansari et al. 2018, 91. 
33 Cf. Ansari et al. 2018 - 2018, 1. 
34 Cf. Roth 2016, 23. 
35 Cf. Roth 2016, 23. 
36 Cf. Kolberg and Zühlke 2015, 1872. 
37 Cf. Bonci et al. 2019, 1598. 
38 Cf. Deuse Jochen et al. 2015, 103 
39 Cf. Ansari et al. 2018, 97 
40 Cf. Deuse Jochen et al. 2015, 103. 
41 Cf. Roth 2016, 29–30. 
42 Cf. Ansari et al. 2018, 97. 
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Theoretical Background  15 

SWOT Analysis I4.0 

• There will be a need of more highly trained people.43 

• Data Security, security systems will have to be updated to stand 
against physical and cyber-attacks.44 

• There is less manual labour needed and therefore, there will be 
less jobs. 

• High dependence of stability of used technologies. 

• Data ownership when working with third party providers -> legal 
aspects might become a barrier to implementation. 

Opportunities 

• Opportunity for a whole knowledge-based Industry. 

• The flexibility can be an advantage against other competitors. 45 

• More job opportunities for engineers and more high-quality work 
in general. 46 

• Application of big data in various industrial sectors, that can then 
work together. 

Threats 

• Lack of acceptance among employees, due to decreasing the 
number of unskilled jobs. 

• Cyber Security is an upcoming issue. New updated security sys-
tems must be introduced. Otherwise smart factories are vulner-
able against cyber or physical attacks.47  

• Reliance on all stakeholders to achieve big data. Everyone must 
contribute to big data. 

• Small companies might not have the capital to switch to full dig-
itization. 

• Lack of standardization, due to heterogenous systems. This 
may cause troubles when trying to integrate several hetero-
genous CPS to a CPPS.48  

• Lack of digital skills. 

 

 

 

 
43 Cf. Deuse Jochen et al. 2015, 103. 
44 Cf. Ansari et al. 2019, 3. 
45 Cf. Ansari et al. 2018, 97. 
46 Cf. Deuse Jochen et al. 2015, 103. 
47 Cf. Ansari et al. 2019, 3. 
48 Cf. Ansari et al. 2019, 3. 
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Theoretical Background  16 

2.1.2 Cyber Physical Systems 

As mentioned above a CPPS, according to the concept of smart factories, emerges by 
connecting CPS within production systems.49 CPS combine computation and physical 
processes. Therefore, CPS feature both, cyber and physical, characteristics, linking 
real and virtual world.50, 51 Looking at a CPS it can be differentiated between the phys-
ical space, the cyber space (CS) and the socio space. Whereas the physical space 
simply describes the actual physical space with all its components in a manufacturing 
environment, the socio space describes the interactions of humans. The CS can be 
understood as the connection and interface of physical and socio space, shown in 
Figure 4.52 It operates through sensing and actuating in the physical and the socio 
space, which enables the exchange of information. By executing models implemented 
or configured by humans and the usage of machine learning, the CS manages tasks 
in this space.53  

 

Figure 4: Cyber-Physical-Socio Space54 

 
49 Cf. Deuse Jochen et al. 2015, 100. 
50 Cf. Ansari et al. 2018, 91. 
51 Cf. Rúbio et al. 2019, 293. 
52 Cf. Ansari et al. 2018, 92. 
53 Cf. Ansari et al. 2018, 92. 
54 Cf. Ansari et al. 2018, 92. 
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CPS integrate production resources (featuring embedded computing technology) into 
the physical world.55 Due to the use of wireless sensors, CPS are able to collect and 
interpret data from sensors. Based on the analysed data and by using wireless, smart 
actuators, CPS can adapt production processes in loop and real-time.56 The objects, 
featuring embedded software and electronics, are connected with each other via inter-
net of Everything (IoE) in order to create a single network system (see chapter: 2.1.3 
Internet of Everything). Therefore, the IoE merges the physical world and cyber 
space.57 The central part of a CPS is the ability to be self-controlling and self-adaptive. 
This can only be achieved once, all the production equipment is smart and featuring 
embedded electronics, enabling the possibility to combine all production resources and 
systems to one network. This enables a full data exchange and therefore decisions 
based on data, generated by the production systems.58 

The explanation above results in two main features of a CPS as listed below:  

• An advanced connectivity and controlling, by real-time data acquisition and in-
formation feedback.  

• Intelligent data management and data analytics.59 Due to the high quantity of 
sensors and the networked object, the amount of data increases. This leads to 
so called big data.60 In order to achieve automated, self-adaptable systems, 
CPS (and CPPS) must be able to handle big data.61 (see chapter: Data in Smart 
Factories/CPPS)  

2.1.3 Internet of Everything 

The IoE can be understood as an enabling technology for a smart factory, similar to 
the CPPS. In order to ease communication between all possibly connected entities, 
the IoE connects the physical world with the virtual world. IoE involves the Internet of 
Things (IoT), the internet of Services (IoS) as well as the Internet of Humans (IoH). To 
be able to build such connected environments physical entities are obligated to include 
smart concepts, making communication, data processing and/or a sensing capability 
possible. The requirements, necessary for communicating via IoE are almost analogi-
cal to those need by I4.0.62, 63  

 
55 Cf. Konstantindis Fotios K. et al. 2018, 1. 
56 Cf. Roth 2016, 29–30. 
57 Cf. Rúbio et al. 2019, 293. 
58 Cf. Deuse Jochen et al. 2015, 100. 
59 Cf. Frontoni et al. 2018, 423. 
60 Cf. Frontoni et al. 2018, 423. 
61 Cf. Frontoni et al. 2018, 423. 
62 Cf. Thoben et al. 2017, 8. 
63 Cf. Ansari et al. 2018 - 2018, 1. 
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2.1.4 Digital Twin 

As already stated, the cross-linkage between real and virtual systems is key for a 
nearby real-time optimization in CPPS.64 Therefore, the concept of the digital twin is a 
core component of I4.0, linking and coupling the physical to the virtual world and paving 
the way to an optimized production. Digital twins are able to simulate the behaviour of 
real-world components of the production system. The digital twin (see Figure 5) there-
fore operates with three key components, the physical entities in the physical world, 
the virtual models in the virtual worlds and the data that fills the gap between physical 
and virtual world. The usage of a digital twin aims to guide physical processes in the 
physical world towards optimization. By optimizing manufacturing and maintenance 
processes in the simulation, optimal actions for physical processes can be selected.65 
Since the digital-twin is ideally real-time, the state of an equipment or process can be 
checked and analysed in real-time. The concept of a digital twin is made possible due 
to the massive amounts of product and process data produced in manufacturing. This 
data allows the simulation of different scenarios as well as failure prediction.66  

 

Figure 5: Schematic Conception of Digital Twin 

 
64 Cf. Uhlemann et al. 2017, 336. 
65 Cf. Frontoni et al. 2018, 424. 
66 Cf. Frontoni et al. 2018, 427. 
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2.1.5  Data in Smart Factories/CPPS 

The great number of sensors as well as networked machines and systems in smart 
factories result in a large quantity of data.67 Sensing devices, mobile devices, RFID 
(radio frequency identification) devices, machines, systems, humans, they all generate 
data in variety of formats (textual, numeric, graphic, signal, etc.) resulting to big data 
space. The datatypes vary depending on their sources, varying from electrical signals 
and log files to manual operator data (see Figure 6).68, 69 With the gathered data and 
real-time data-networking, the production process can be improved efficiently, espe-
cially by integrating collected new data and therefore new actionable information into 
the value chain.70, 71 Using data coming from various sensor installations such as tem-
perature or vibration data, the condition of a system can be perfectly monitored, and 
conditions can be maintained or adjusted depending on the data, related correlations 
and thresholds. Additionally, older, stored data can be establishing a ground truth and 
then making predications (see Digital Twin), which is especially useful for mainte-
nance.72  

 

Figure 6: Big Data Taxonomy in Smart Factories  

 
67 Cf. Frontoni et al. 2018, 423. 
68 Cf. Feng et al. 2018, 1. 
69 Cf. Nagorny et al. 2017. 
70 Cf. Fasel and Meier 2016, 40. 
71 Cf. Jardim-Gonçalves 2017, 1. 
72 Cf. Jardim-Gonçalves 2017, 1. 
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These large quantities of various data fall under the concept of big data. The original 
definition for big data includes the 3 V’s, the first V standing for Volume, which refers 
to the huge volumes of data which ranges between several terabytes to zettabytes. 
The second V, Variety, referring to the variety of data (signals, text, graphics, audio, 
etc.), in the form of structured, semi-structured and unstructured data being present in 
big data. The third V and indicator for big data standing for Velocity, which implies that 
data streams are being analysed in real time.73, 74 However, today the definition was 
expanded to 10 V’s (see Figure 7): including now also 

• Variability, which addresses the inconsistencies in data (inconsistencies in the 
dimension of datatypes, data sources, velocity of data processing, …), 

• Veracity, stating the reliability of data sources considering context and meaning, 

• Validity, standing for the accuracy and correctness considering a given reason, 

• Vulnerability, considering cyber security and data security issues, 

• Volatility, including the changing rate of values in saved data in a certain time, 

• Visualization and  

• Value.75  

 

Figure 7: 10 V's for Characterisation of Big Data 

 
73 Cf. Fasel and Meier 2016, 6. 
74 Cf. Nagorny et al. 2017. 
75 Cf. Ansari and Glawar 2018, 322. 
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Noting that the concept of I4.0 builds on the usage of sensors and networked machines 
and systems, an important criterion for intelligent manufacturing is to extract relevant 
information and knowledge from the data, which can be used to support all kinds of 
informed decisions during the overall producing process. These decisions occur 
throughout the whole production process and include decisions and choices, all kinds 
of fields in production and logistics management, like material handling and planning, 
process planning, equipment design, etc.76 Therefore, the actual processing of big data 
into useful and applicable information is the key to a sustainable, efficient smart fac-
tory.77  

Since the collected data comes in various forms, it is classified as structured, semi-
structured or unstructured data. The difficulty of the data analysis depends on the struc-
ture of the data. Structured data is a lot easier to process than unstructured data. Struc-
tured data has usually a certain length, a certain format, contains numbers or contains 
words in a certain order as strings. This kind of data can be stored easily in relational 
databases and due to their structured format, are easy to process. Nevertheless, world-
wide only about 20% of the collected data is structured.78 Another form of data is semi-
structured data, which contains information in a specific order in specific format, e.g. 
an automatically generated log file from a machine.79 The third form of data is fully 
unstructured data, coming in form of text-documents, video- or audio-files, that needs 
pre-processing.80  

A big part of unstructured data and semi-structured data is textual data, collected in 
form of log-files, reports or production documentation. These kinds of data do not show 
the same, easy-to-analyse structure as sensor data, since they don’t have a clear data 
structure that can be easily transferred into a table to analyse. To consider textual data, 
the data must be pre-processed to a form that shows a higher degree of structure. In 
order to extract information and knowledge from these documents, text-mining mech-
anisms, like association measurement, sentiment analysis and information extraction, 
must be applied (see chapter Text mining).81 

However, in the literature, there is only a very limited number of work that reflect on 
the knowledge extraction under the context of I4.0 and smart manufacturing. 

 

 
76 Cf. Jardim-Gonçalves 2017, 1. 
77 Cf. Jardim-Gonçalves 2017, 1. 
78 Cf. Fasel and Meier 2016, 85. 
79 Cf. Fasel and Meier 2016, 85. 
80 Cf. Fasel and Meier 2016, 85. 
81 Cf. Jardim-Gonçalves 2017, 1. 
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2.1.6 Human Aspects in Smart Factories 

Even though automation is increasing and ICT is peaking, humans’ abilities and skills 
are still key players in smart factories. Their flexibility and creativity simply cannot be 
replaced by autonomous systems. The competences from humans and machines dif-
fer, while humans can be flexible and creative, machines can be intelligent and auton-
omous. However, humans and machines can complement each other in a manufac-
turing process.82 The active inclusion of humans in the overall production process even 
leads to an increased competitiveness between producing companies.83 It is sug-
gested that optimal results in the manufacturing industry can be achieved with a hu-
man-centred approach.84 Therefore, the potential of humans should be considered as 
a key feature when designing a CPPS. In order to achieve the full potential of humans, 
their abilities should be enhanced by intelligent technology like sensors, IoE and ICT.85, 

86 A successful production process, involves setting goals in different levels of the pro-
duction, globally, locally and functionally. In order to achieve these set goals humans 
and machines must work together towards the same goal. Therefore, a cooperation 
between humans and machines to share information at strategic, tactical and opera-
tional levels is indispensable. I.e. through human assistance robots can be part of a 
fully automate production process.87, 88 Having said that, it is worth noting that the role 
of humans in the intelligent manufacturing shifts compared to conventional manufac-
turing. Humans are not simply executors of ordinary tasks anymore but are now deci-
sion makers in order to optimize complete systems (optimizing processes etc.). Thus, 
the competence and knowledge level of human employees must be increased. A con-
dition for successful human involvement enables humans to understand complex work-
flows and production processes.89 Hence, new interdisciplinary skills, like analytical 
thinking, programming and complex problem solving in order to support implementa-
tion and optimization processes are necessary.90 

Thus, the terminology of human-centred cyber physical production systems is in-
troduced. While a user-centred system is designed to be convenient for users working 
with the system and treats humans simply as technology users, human-based systems 
include humans in several levels of interaction and conversation, ensuring social co-
hesion as well as human integrity.91 The goal of a human centred CPPS is a tight 
collaboration of humans and machines, resulting in the achievement common goals 

 
82 Cf. Ansari, 3. 
83 Cf. Deuse Jochen et al. 2015, 100. 
84 Cf. Bonci et al. 2019, 1598. 
85 Cf. Ansari et al. 2020, 88. 
86 Cf. Deuse Jochen et al. 2015, 103. 
87 Cf. Bonci et al. 2019, 1598. 
88 Cf. Ansari et al. 2020, 88. 
89 Cf. Deuse Jochen et al. 2015, 103. 
90 Cf. Ansari et al. 2020, 89. 
91 Cf. Ansari et al. 2018, 92. 
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on different levels, e.g. the reduction of failure rates in assembly activities. Instead of 
aiming for services or assistances to ease human jobs, a common goal is achieved, 
by human and machines working together on shared tasks.92, 93 In order to understand 
the cooperation between humans and machines, human competence levels and ma-
chine competence levels, i.e. autonomy degree of technology, should be introduced.  

Human competence levels can be ranked according to the human qualifications, skills, 
abilities and experience levels within a specific field.94 According to the “Dreyfus-
Model” five levels of competence can be listed.95 

1. Novice 
2. Competent 
3. Proficiency 
4. Expert 
5. Mastery96  

On the other hand, the automation degree of technology can be defined by five auton-
omy levels. Generally, the autonomy degree of technology defines the cognitive and 
mechanical capacity of a CPPS in order to create and control the execution of its own 
strategies and plans as well as to make action on tasks or detected problems. 

1. Providing information to alert a human labour of occurrence of an event within 
production systems through warning, indication or notification 

2. Providing mechanical or digital assistance to support human labour 
3. Performing certain tasks on behalf of human labour (partial autonomy) 
4. Performing certain tasks on behalf of human labour (conditional autonomy) 
5. Making decisions independent of human labours (full autonomy)97  

As mentioned before, with the aim of a close collaboration of humans and machines, 
the interaction between human and machine shifts to a more interactive way.98 Since 
humans and machine have complimentary skills to each other (either superior od infe-
rior), there exist 2 groups of knowledge actors and knowledge (k) related instances.99 

• K-holder: storing knowledge 

• K-producer: completing existing knowledge and creating new one 

• K-user: transforming knowledge to skills 

• K-receiver: selecting and receiving knowledge from the k-holder 

 
92 Cf. Ansari et al. 2018 - 2018, 1. 
93 Cf. Ansari et al. 2018 - 2018, 2. 
94 Cf. Ansari et al. 2018 - 2018, 2 
95 Cf. Dreyfus 2004, 176. 
96 Cf. Ansari et al. 2018 - 2018, 2. 
97 Cf. Ansari et al. 2018 - 2018, 2. 
98 Cf. Ansari et al. 2018, 91. 
99 Cf. Ansari, 1599. 
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Therefore, CPPS can learn new concepts from humans, while humans can receive 
new knowledge from CPPS. Due to this exchange of knowledge both sides are benefit. 

Not only the CPPS holds and creates knowledge, but also humans are an implicit and 
explicit source of knowledge and experience. However, humans can also be a source 
of failure in the environment of a smart factory. Textual data in the form of reports 
makes it possible to access the implicit and explicit knowledge of humans. Sharing the 
knowledge stored in textual data cannot only help the CPPS to gain valuable infor-
mation, but it can further also prevent human failure.  

2.1.7 Smart Factory and Sustainability 

As already mentioned, I4.0 is a term used for the 4th industrial revolution. Needless to 
say, that the beginning of the industrial revolutions has improved the economic living 
standard of residents continuously. However, emissions (greenhouse gases like CO2 

or CH4), produced by industry, are rising steadily and are therefore a big part of the 
global warming process.100 Considering, that due to current world events a new wave 
of environmental awareness is taking over in the industrialized world, the question 
arises whether smart manufacturing is consistent with sustainable manufacturing. Alt-
hough environmental awareness is rising, there is only a limited amount of research 
work, addressing the overlap of smart manufacturing and sustainable manufactur-
ing.101 

Sustainable manufacturing with the goal of a green production is achieved, when little 
or no harm is done to environment and society (meaning almost no toxic emissions to 
air, land or water, little to no greenhouse gas emissions, etc.), being energy efficient, 
accessing mostly natural resources and using only little to non-renewable resources. 
Looking closely, smart manufacturing and sustainable manufacturing partly do work 
together and intersections can be found in modern industries, trying to achieve smart 
manufacturing. Considering that energy is one of the main cost drivers in modern in-
dustries, a big aim in smart manufacturing is the reduction of energy costs and there-
fore an improvement in energy efficiency. Operating in an energy efficient way is cru-
cial in terms of environmental issues.102, 103 Besides the cost factors forcing manufac-
turing companies to be more energy efficient, more countries are picking up on the 
environmental subject and therefore emphasize sustainability. For example, the pro-
gram called “factories of the future” has been triggered by the European Union, sup-

 
100 Cf. Meng et al. 2018, 2. 
101 Cf. Meng et al. 2018, 2. 
102 Cf. Meng et al. 2018, 2. 
103 Cf. Meng et al. 2018, 5–6. 
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porting smart manufacturing as well as sustainable manufacturing. The aim of this pro-
gram is to develop clean and environmentally friendly manufacturing.104, 105 However, 
even though smart manufacturing is partly intersecting with sustainable manufacturing, 
smart manufacturing still focuses mainly on the increase of process efficiency, speed 
and reliability, while reducing resources and energy waste.106 When it comes to making 
a smart factory more sustainable, all factors should be taken into account. This means 
that every factor can contribute to an improved sustainability. Even the analysis of tex-
tual data can contribute. I.e. by analysing former digital quality reports or maintenance 
reports, the knowledge stored in these reports can help to prevent or at least delay 
machine malfunctions and machine errors, leading to a longer equipment lifetime and 
thus leading to more sustainable manufacturing.  

2.1.8 Discussion Summary on Industry 4.0 

To conclude the chapter about I4.0 and the contributing factors, a knowledge summary 
is presented in Table 2, where the most important key elements are summarized. As 
discussed in the chapter CPPS are ideally intelligent, real-time, adaptive and predic-
tive, therefore the knowledge stored in textual reports, like maintenance reports or 
other operational reports must contribute to the CPPS. The extracted information can 
help, especially to help prevent human failure and to predict machine failures earlier. 
However, literature shows a huge gap when it comes to knowledge extraction from 
textual documents. 

Table 2: Knowledge Summary: Industry 4.0 

Knowledge Summary Industry 4.0 

Industry 4.0 • Approach to describe the current trend in production systems to-
wards enhancing the automation degree and therefore the data 
exchange degree, introduced by the German government 

• Aim is to increase automation and data exchange 

• People, data, processes and things must be intelligent. 

Smart Factory • Represents the physical, futuristic, automated manufacturing en-
vironment, aimed for in I4.0., enabled by the IoT and CPPS 

CPPS • Represents the integration of computation and physical processes  

• CPPS are ideally intelligent, real-time, adaptive and predictive net-
worked and/or distributed, possibly with wireless sensing and ac-
tuation and in loop with a human  

• Consists of several sub Cyber Physical Systems (CPS), therefore 
CPS can be seen as the basis of CPPS 

 
104 Cf. Meng et al. 2018, 6. 
105 Cf. Javied et al. 2016 - 2016, 21. 
106 Cf. Mohamed et al. 2019, 18010. 
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Knowledge Summary Industry 4.0 

• Important factor in smart factories are still humans and their abili-
ties and skills - their flexibility and creativity cannot be replaced by 
autonomous systems - best results in producing factories can be 
achieved with a human-centred approach. 

CPS • Production resources featuring embedded computing technolo-
gies are being integrated into the physical world - by using sensors 
and actuators, CPS can then gather data and react instantly to 
occurrences by producing mechanical movements and therefore 
interact in the production process 

• Central part of a CPS is the ability to be self-controlling and self-
adaptive 

IoT • Objects, featuring embedded software and electronics, are con-
nected to each other via internet (IoT) in order to form a single 
network system - this leads to merging the physical world and 
cyber space using the IoT. 

Data in Smart 
Factories 

• Great number of sensors as well as networked machines and sys-
tems, in smart factories, results in large quantities of data 

• Sensing devices, mobile devices, RFID devices, machines, sys-
tems, humans, all generate data in varied formats (textual, nu-
meric, graphic, signal, …) -> big data 

• The datatypes of the collected data vary depending on their 
source, going from electrical signals and log files to manual oper-
ator data 

• With the gathered data and real-time data-networking the produc-
tion process can be improved efficiently 

• Big part of the data is unstructured data and semi-structured data 
in the form of textual data, collected in form of log-files, reports or 
production documentation (they do not show the same, easy-to-
analyse, structure as sensor data) 

• In order to extract information and knowledge from these docu-
ments text-mining mechanisms, like information extraction and a 
sentiment-analysis must be applied 

• In the field of knowledge extraction from text there is still a huge 
gap that needs to be filled -> only a very limited number of work 
dealing with knowledge extraction from text under the context of 
I4.0 and smart manufacturing 

Conclusion  
Remarks 

• First part of the research question emerges: Knowledge extraction 
tools for textual data under the context of I4.0 and smart manufac-
turing are almost inexistent. 

• Extracting knowledge from textual data, helps to provide another 
in input parameter for data analysis. Based on the knowledge 
stored in textual data more informed decisions are possible, which 
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Knowledge Summary Industry 4.0 

is especially important in terms of maintenance. Otherwise explicit 
or implicit knowledge of employees is simply ignored. 

• By analysing previous textual data and reports, humans can be 
supported and human failure can be prevented and machines 
have a longer lifespan due to an improved maintenance strategy. 
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3 Text mining  

3.1 Terminology and Definition 

In order to define the concept of text mining, a better understanding of the term “text” 
should be established. From a computational linguistic perspective, text is understood 
as an unstructured form of data that can be interpreted as human-readable text (ac-
cording to the OXFORD dictionary) (see Chapter Data in Smart Factories/CPPS), con-
sisting of a sequence of strings, called words.107 Text, however, is not limited to a cer-
tain amount of strings. It can even be composed of a collection of unstructured docu-
ments.108 Since text consists of string together words, which can only be interpreted 
and understood by the appliance of a wide range of rules, known as grammar.109 Yet, 
considering the term text in a pure linguistic context, the definition of text is not at all 
clear and unified. Brown & Yule (1983) define text as a “verbal record of communicative 
art”, whereas Halliday & Hasan (1976) who refer to text as any passage spoken or 
written, independent of the length forming a unified whole. In particular Halliday & Ha-
san specify text as “unit of language in use”, meaning text cannot be simply seen as 
extension of a sentence, but has to be differentiated, whether a sequence of words 
can be called text, depending on the structure of semantically coherent texts.110 Be-
sides these two attempts, defining text, a wide range of other efforts trying to bring forth 
a definition exists.  

Text mining can be defined as a computational effort of understanding text, which in-
cludes the process of implicit knowledge extraction from textual data. Knowledge ex-
traction is usually done by analysing and processing textual data, using information 
retrieved from storage.111, 112 Thereby the expressions “knowledge extraction from text” 
and “data mining on text” are often used interchangeably in literature for the term text 
mining. 

Since text mining is a subcategory of data mining, it inherits several characteristics 
from data mining.113 Data mining, a term that labels the processing of large amounts 
of produced data, refers to finding essential patterns in data.114 However, in order to 
perform data mining measures a highly structured format of data is necessary. There-
fore, the data already either exists in a highly structured form or has to be transformed 
to such a highly structured state. In order to convert unstructured or semi-structured 

 
107 Cf. Jo 2019, 3 
108 Cf. Weiss et al. 2015, 2. 
109 Cf. Jo 2019, 3. 
110 Cf. Shen 2012. 
111 Cf. Aggarwal and Zhai 2012, 2. 
112 Cf. Jo 2019, 3 
113 Cf. Jo 2019, 3. 
114 Cf. Weiss et al. 2015, 1. 
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data types to a highly structured format, data pre-processing steps are applied, e.g.in 
the form of text mining.115 Text mining is a way of converting unstructured data to a 
structured format, by using algorithms, showing large similarities to algorithms used in 
data mining, which leads to the often-used term “data mining on text”. Both, data mining 
and text mining are based on machine learning concepts.116 However, a big difference 
can be detected when reflecting on these two mining techniques, as summarized in 
Table 3. In text mining, all values of an attribute will be positive matches, i.e. there are 
no concerns of whether words are absent in text, while in comparison, in classical data 
mining, all values of an attribute are considered (positive and negative), using statisti-
cal learning approaches.117, 118 The process of extracting knowledge from text must be 
overcome in order to make important decisions also based on textual data, while in 
classical data mining, knowledge is extracted from relational data items.119 Data mining 
usually follows the steps: classification where categories are assigned to the data 
items, clustering where data is split into subgroups and association, the extraction 
of association rules of the data items.120  

Table 3: Summary of the Differences between Data Mining and Text Mining 

Features Data Mining Text Mining 

Data Type • Highly Structured • Unstructured 

Pre-processing 
Steps 

• In order to achieve a highly 
structured data type “pre-
processing” like e.g. text 
mining is necessary  

• To perform text mining, 
there are no explicit pre-pro-
cessing steps, concerning 
the datatype, necessary. 

• But, when wanting to apply 
certain algorithms on a text, 
pre-processing steps e.g. 
POS, stemming, … are nec-
essary 

Main objective • Detection of essential pat-
terns in data 

• Extraction of Information 
from Text and therefore the 
conversion of an unstruc-
tured data type to a struc-
tured data type 

Steps  • Classification 

• Clustering 

• Association 

• Information Extraction 

• Sentiment Analysis 

• Association Measurement 

 
115 Cf. Weiss et al. 2015, 1. 
116 Cf. Weiss et al. 2015, 1. 
117 Cf. Aggarwal 2015, 3. 
118 Cf. Weiss et al. 2015, 4  
119 Cf. Jo 2019, 16. 
120 Cf. Jo 2019, 16. 
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3.2 Processing and Analysis of Text 

An enabling technology for text mining is natural language processing (NLP). NLP is 
providing (pre-)processing and analytical methods that can be used in order to extract 
information from text.121 It is worth noting that in this work the term text mining is pre-
dominantly used to address text processing, -analytics and also knowledge discovery 
from text. 

3.2.1 Psycholinguistic Background in Text Understanding 

By using all aforementioned different terminologies and methodologies in text mining, 
the main goal is to reach a human like understanding of text and therefore language. 
In order to enable reaching such an advanced level of computational language under-
standing, cognitive science and its subcategory cognitive linguistics need to be further 
considered. 

Cognitive science, a term first introduced in the 1960s122, is an interdisciplinary science 
that combines at least six fields of study, namely psychology, linguistics, neuroscience, 
computer science, anthropology and philosophy. Psychology, linguistics and computer 
science can be seen as fundamental disciplines (see Table 4), whereas the other fields 
are complementary. All of these disciplines can be displayed in a hexagon (see Figure 
8), pointing out the connections and dependencies of the individual fields to each other 
in the form of connecting lines.123 Each line in the hexagon represents an interdiscipli-
nary relation. The fundamental interdisciplinarities are highlighted in red. 

Table 4: Fundamental Interdisciplinarity in Cognitive Science 

Interdisciplinarities Explanation 

Cybernetics uses concepts developed by computer science, to model 
brain functions elucidated in neuroscience 

Computational linguistics linking computer science and linguistics 

Psycholinguistics linking linguistics and psychology 

 

In this manner, all 15 possible links could be displayed with a research field connecting 
these disciplines.124  

 
121 Cf. Biemann and Mehler 2014, 115. 
122 Cf. Miller 2003, 143. 
123 Cf. Miller 2003, 143. 
124 Cf. Miller 2003, 143 
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Figure 8: Hexagon of Cognitive Science according to G.A. Miller125 

Psycholinguistics, the linkage between psychology and linguistics as outlined above, 
is defined as the study of the use of structured language126. It is a crucial part of the 
foundation for the computational understanding of text. Only by implementing psycho-
linguistics “rules”, a close to human like text understanding is possible. From a psy-
cholinguistic perspective, text understanding takes place, when the explicit or implicit 
meaning of every component of a text (words, phrases, sentences and paragraphs), 
can be determined and brought into context considering the given characteristics of a 
text127. Humans have the ability to understand an almost infinite number of sentences, 
even if the sentences are ill-formed.128 Essential text comprehension models like “the 
construction integration model” by Kintsch, 1988 or “the resonance model” by Gerrig & 
McKoon, 1998 suggest, that the understanding of text does not only depend on the 
information stored in the text, but by the prior gathered knowledge gathered by a hu-
man.129 Therefore, the reading skill of a person depends on the her/his underlying 
knowledge of words and the rules of the underlying language, e.g. grammar.130, 131  

The art of computational text understanding is usually done by handcrafted, complex 
parsing programs paired with statistically learnt models.132 Further, (deep) machine 
learning algorithms are applied, tokenizing a given text into words, phrases, sentences 
and paragraphs and the then adding a statistical classification algorithm to the before-
hand filtered structures.133 This advanced form of language processing is called deep 
linguistic processing. 

 
125 Cf. Miller 2003, 143. 
126 Cf. Ervin-Tripp and Slobin. 
127 Cf. Xiang Zhang 2016, 1. 
128 Cf. Ervin-Tripp and Slobin. 
129 Cf. Verhoeven and Perfetti 2008, 295. 
130 Cf. Verhoeven and Perfetti 2008, 294. 
131 Cf. Ervin-Tripp and Slobin. 
132 Cf. Xiang Zhang 2016, 1. 
133 Cf. Xiang Zhang 2016, 1. 
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3.2.2 SWOT Analysis Text Mining 

In order to gain a better understanding of the advantages and difficulties of text mining 
a short SWOT-analysis is presented in Table 5. 

Table 5: SWOT Analysis Text Mining 

SWOT Analysis Text Mining 

Strengths 

• Text mining makes it possible to extract implicit and explicit infor-
mation from unstructured and semi-structured data134  

• Unstructured and semi-structured data is converted to structured 
data and is therefore made accessible to data mining135  

• By extracting knowledge from text, informed decisions can be made 
depending on the extracted data136 

• Via sentiment analysis, a knowledge extraction technique for text 
mining, even the sentiment of a text can be extracted137 

Weaknesses 

• Application of fixed algorithms to a text, after the pre-processing 
steps is usually limited to a specific language. Different languages 
usually mean different grammar rules – when dealing with a differ-
ent language many of the applied rules must be reconstructed.138 

• The unstructured form of text makes multiple processes necessary 
in order to come even close to extracting entire knowledge stored 
in textual data. While a database is usually organized in tables and 
therefore structured, entities and their attributes in texts are hard to 
extract because they do not have a fixed position in the given text 
and even the labels of the entities and attributes differ from text to 
text.139 

• Machine learning approaches for text understanding consist in to-
kenizing a string of characters into structures such as words, 
phrases, sentences and paragraphs and applying then a statistical 
application on the pre-processed text.140However, human language 
includes imitation, comprehension and remembrance. In other 
words the underlying knowledge defines the understanding of text, 
therefore text mining techniques are still lagging behind.141 

• Multilingual text mining is still off the norm, since a lot of text mining 
tools are using monolingual supervised ML-algorithms. Therefore, 
e.g. the ML-algorithm used for the sentiment analysis is trained on 
monolingual labelled training data. If multilingual texts are analysed 
the sentiment analysis will present inaccurate results.  

• Context specificity is important, since depending on the application 
field different expressions are used. In order to still analyse a text 

 
134 Cf. Jo 2019, 3. 
135 Cf. Weiss et al. 2015, 5. 
136 Cf. Jo 2019, 16. 
137 Cf. Hutto and Gilbert. 
138 Cf. Xiang Zhang 2016, 1. 
139 Cf. Weiss et al. 2015, 9. 
140 Cf. Xiang Zhang 2016, 1. 
141 Cf. Ervin-Tripp and Slobin. 
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SWOT Analysis Text Mining 

accurately, even if the text contains special terms, these expres-
sions must be defined in a context or company specific dictionary.  

• In order to analyse a text at all, the text must be present in form of 
a digital text or a document, so the text analysis can take place.  

Opportunities 

• Until now, the art of text mining is still behind other new techniques, 
like face recognition or speech recognition. Text mining therefore 
has the opportunity to catch up.142 

• Making human intelligence possible e.g. human level categoriza-
tion. 

•  Creating an infrastructure for industrial text mining systems 

• A big amount of human knowledge and expertise in the industrial 
sector is often stored in previously written reports. By being able to 
extract the stored knowledge from these reports a lot of information 
can be gained.143 

• Human failure can be reduced by analysing previously written re-
ports and support their present knowledge by supporting them with 
previously already analysed text in context with an event 

Threats 

• Poor data is a big problem especially in industrial context and crucial 
information can be missed due to poor data, which can result in fi-
nancial losses, when systems rely on text mining systems.144 

• Text Mining, in its current state can lead to misunderstandings by 
misinterpretations of the text mining tool concerning human humour 
and sarcasm which get lost in translation145  

 

3.2.3 Quality of Textual Data  

An important factor in the text mining process is the assurance of quality for the to-be 
processed text documents. If an accurate output of a text mining tool is expected, per-
haps to make decisions based on the data, the input information must be of high qual-
ity.146 The usage of poor-quality data constitutes a significant problem, since it can lead 
to generate low quality or misinformation leading to poor decisions concerning e.g. 
strategies, maintenance actions, or to neglecting important information that should 
have been perceived. Consequences can then be (financial) losses.147 Whenever the 
origin of provided texts is a data warehouse or a databank the quality of the texts can 
be usually rated as quite high.148 However, in most cases it cannot be presumed, that 

 
142 Cf. U et al. 2018. 
143 Cf. Matyas 2019, 123–4. 
144 Cf. Kiefer Cornelia, 2. 
145 Cf. Matyas 2019, 333. 
146 Cf. Kiefer Cornelia, 1. 
147 Cf. Kiefer Cornelia, 2. 
148 Cf. Weiss et al. 2015, 14. 
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texts are of high quality. Therefore, it is essential to determine the quality of documents 
and whether these documents are applicable for knowledge discovery processes.149 

When wanting to define the quality of data, especially textual data, the quality of infor-
mation must be specified, because information can be generated by connecting data. 
Quality of textual data includes text readability factors as well as information quality. 
Whereas unconnected quantitative or qualitative items, without context can be classi-
fied as data, information actually answers questions or gives statements about situa-
tions or facts. Therefore, data can become information when related to other data and 
information is potential knowledge, when correctly interpreted and connected with prior 
knowledge (see Figure 9).150  

 

Figure 9: Connection between Data, Information and Knowledge151 

Since between data quality problems and information quality problems can be evi-
dently distinguished (see Table 6). The same also applies to the approaches for solving 
these problems. While data quality problems can be solved by using cleansing algo-
rithms, data profiling algorithms or dictionary matching routines, information quality 
problems need a different approach. In order to sort out information quality problems, 
a fundamental analysis is indispensable, and measures have to be taken, e.g. by de-
signing guidelines, publishing policies, authoring training, source validation rules, 
etc.152 

 

 
149 Cf. Weiss et al. 2015, 13. 
150 Cf. Eppler 2006, 19. 
151 Cf. Eppler 2006, 19. 
152 Cf. Eppler 2006, 27. 
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Table 6: Data Quality vs. Information Quality Problems153 

Data quality problems Information Quality Problems 

• Duplicates, multiple data sources 

• Missing data relationships 

• Meaningless entries 

• Spelling errors 

• Obsolete or outdated entries 

• Inconsistent data formats or naming 
conventions 

• Misplaced data that is saved in the 
wrong database 

• Complicated query procedures 

• Wrong data entries because of lack of 
source validation 

• Manipulation of stored data (deletion, 
modification) 

• Conflicting recommendations in a study 
or analysis 

• Unclear casual effects in a diagnosis 

• Wordy reports, that have no logical flow 

• Untidy language that contains grammati-
cal errors 

• An analysis is not updated according to 
recent discoveries or changes in the or-
ganizational context 

• Inconsistent layout or navigation struc-
tures 

• Lost or “buried” documents 

• Difficult information navigation and re-
trieval 

• Unsubstantiated conclusions with inade-
quate evidence 

• Manipulation of decision process (over-
loading, confusing, diverting) 

 

Generally, information quality can be divided into four categories: relevant information, 
sound information, optimized process, reliable infrastructure (see Table 7), to which 
the management criteria can then be assigned to.154 Figure 10 shows an information 
quality framework, which points out, that “relevant information” and “sound information” 
can be listed as content quality, whereas “optimized process” and “reliable infrastruc-
ture” belongs to media quality. The arrows suggest the potential conflict between dif-
ferent quality criteria.155 

 
153 Cf. Eppler 2006, 25. 
154 Cf. Eppler 2006, 59. 
155 Cf. Eppler 2006, 61. 
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Table 7: Categories of Information Quality according to M.J Eppler156 

Categories of Information Quality Explanation 

Relevant Information 

 

 

Defines the relevance of a given information ac-
cording to 

• accuracy, 

• comprehensiveness and 

• clarity depending on the usage 

Sound Information 

States whether the information is  

• consistent 

• current 

• correct 

Optimized Process 
Refers to the process in which the information is 
created and distributed, whether the process is con-
venient. 

Reliable Infrastructure 

Decides on the quality of the infrastructure of the in-
formation running process, depending on whether 
the system is 

• easily accessible 

• reliable  

 

 

Figure 10: Information Quality Framework157 

When it comes down to the information quality criteria, as many as 70 criteria can be 
listed as in the literature, discussed as information criteria. Since these criteria also 

 
156 Cf. Eppler 2006, 60. 
157 Cf. Eppler 2006, 61. 
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contain redundancies as well as inconsistencies, according to M.J. Eppler the number 
of criteria can be shortened significantly.158 Therefore, a shortened list of criteria 
emerges, in order to specify these criteria clearer. Also the opposite of the criteria is 
listed (see Table 8).  

Table 8: Selected Information Criteria and their Opposites159 

Levels of Infor-
mation Quality 

Information Qual-
ity 

Criteria 

Opposite Sample Indicators 

Relevant 
Information 

Comprehensive-
ness 

Incomplete-
ness 

% of pages with more than 
10 hits per day on the inter-
net 

Accuracy Inaccuracy Number of digits after the 
decimal point 

Clarity Obscurity User feedback, number of fol-
low-up 

Applicability Uselessness User ratings, number of 
downloads 

Sound Infor-
mation 

Conciseness Prolixity Number of pages in a report, 
% of reports with summaries 

Consistency Inconsistency Number of convention breaks 
during an intranet navigation 

Correctness Falsity Number of errors in a docu-
ment 

Currency Obsolescence Number of outdated items in 
a database 

Optimized Pro-
cess 

Convenience Inconvenience Number of necessary pro-
cess steps to access infor-
mation online 

Timeliness Lateness Time from creation to publi-
cation 

Traceability Indeterminacy Percentage of items without 
author and date indicators on 
the internet 

Interactivity Rigidity Number of user options or 
data views 

 
158 Cf. Eppler 2006, 63–4. 
159 Cf. Eppler 2006, 68. 
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Levels of Infor-
mation Quality 

Information Qual-
ity 

Criteria 

Opposite Sample Indicators 

Reliable Infra-
structure 

Accessibility Inaccessibility Downtime of an information 
system per year 

Security Exposure Level of data encryption, 
number of required pass-
words 

Maintainability Neglect Number of required adminis-
trator hours per time period 

Speed Slowness Response time of the server 

 

Even though the list of quality criteria is already shortened, there is one criterion, ac-

curacy that is widely seen as the number one information quality criteria. Thus, several 
definitions exist, but one approach for a definition is the measurement of how close a 
given information matches the real world.160 Nevertheless, it must be captured how 
these criteria can be measured quantitatively. Therefore, M.J Eppler gives indicators 
how to measure these criteria (Table 8). 

Having generally defined information quality, text quality must be brought into context. 
According to M.J. Eppler, the information quality differs depending on the information 
use, and therefore varies from discipline to discipline. However, the following charac-
teristics are frequently cited when defining information quality regardless of the disci-
pline, such as accuracy, timeliness, relevance, currency, objectiveness, validity (em-
pirical evidence for a given information), completeness, comprehensiveness, clarity, 
interpretability, and conclusiveness.161 These attributes can then be further limited to 
accuracy, relevancy and interpretability as most relevant text quality attributes accord-
ing to C. Kiefer.162 

Determining the accuracy of a text is difficult, because knowledge needs to be pre-
existent. However, accuracy may be indicated by evaluating metrics such as precision. 
In order to evaluate these metrics, the text can be compared to manually annotated 
gold standard corpora, by using statistical classifiers. In this way, it can be determined 
whether classified entities, really belong to a class and hence calculating the accu-
racy.163  

 
160 Cf. Eppler 2006, 68–9. 
161 Cf. Eppler 2006, 8–10. 
162 Cf. Kiefer Cornelia, 7. 
163 Cf. Kiefer Cornelia, 9. 
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The relevancy of a text can be determined dependent on the text, for instance by meas-
uring the text similarity. In this case information needed, can be stored using keywords 
and then comparing these keywords to frequent keywords in the analysed text. Another 
way to determine the relevancy of a text is specificity. Specificity can give an index on 
how relevant a text is to the reader.164  

Interpretability in the context of text quality considers noisy data in a text as well as the 
ability to classify a text. Noisy data addresses all factors leading to a more difficult to 
interpret text (see Table 9).To texts, containing too much noisy data statistical classifi-
ers like part of speech taggers or sentiment classifiers cannot be applied sensibly.165 

Table 9: Detecting Noisy Data166 

Noisy Data Detection 

Misspelled words Usage of a spell-checker 

Unknown abbreviations Usage of regular expressions 

Unknown words Using a part of speech tagger 

Punctuation Usage of regular expressions  

Too long/short sentences Tokenizing the sentences in order to count 
the words 

Incorrect casing Using a supervised ML learning approach 

Special characters Usage of regular expressions 

Emoticons Usage of regular expressions 

Pause filling words Usage of regular expressions 

 

3.2.4 Text Readability 

As shown in Table 9, not all texts are equally understandable and readable for humans, 
due to noisy data hidden in the text. In order to evaluate the readability of a text, read-
ability formulas have been introduced. These formulas calculate a readability factor by 
evaluating attributes of a text, i.e. the number of syllables, words, or sentences. But it 
must be noted that these formulas usually have a very low accuracy and are language 
depended. One of the earliest readability formulas introduced is the so-called “Flesch-

 
164 Cf. Kiefer Cornelia, 8–9. 
165 Cf. Kiefer Cornelia, 7. 
166 Cf. Kiefer Cornelia, 8. 
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Kincaid GradeLevel” formula (see Equation 1), which includes the average number of 
words per sentence and the average number of syllables per sentence.167  

0.39 ∗ |𝑤𝑜𝑟𝑑𝑠||𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠| + |𝑠𝑦𝑙𝑙𝑎𝑏𝑙𝑒𝑠|𝑤𝑜𝑟𝑑𝑠 − 15.59 

Equation 1: Flesch-Kincaid GradeLevel168 

However, formulas like the Flesch-Kincaid GradeLevel have been highly criticized by 
researchers like Arthur C. Graesser, who claims that in order to be able to determine 
the readability of a text, a deeper level of text processing, cohesion, syntactic complex-
ity and rhetorical organization is necessary. Especially from a psycholinguistic point of 
view, reading is a multicomponent skill, that operates at a number of different levels of 
processing (lexical, syntactic, semantic and discoursal).169 

When using ML-algorithms to determine the text-readability a much higher accuracy 
can be achieved. While traditional formulas are often hand-crafted for one language, 
ML-approaches can also take word-frequency and language models into account. Usu-
ally regression or classification algorithms are used.170 “Coh-Metrix” is a proposed ML-
supported tool that uses pattern classifiers, POS tagging, syntactic parser and shallow 
semantic interpreters in order measure cohesion and text difficulty.171 

3.2.5 Pre-Processing of Textual Data 

Processing Text, and as a result, extracting knowledge, consists of multiple processing 
steps, including several pre-processing steps. Pre-processing is done in order to be 
able to feed algorithms. The conclusion suggests that pre-processing is not necessarily 
relevant if the quantity training data is large enough. However, they are relevant if the 
trainings data is small. Pre-processing includes tokenizing, the removal of stop-words, 
lowercasing, lemmatizing (stemming), part of speech tagging, the application of a par-
ser as well as the application of a dependency analyser.172 These pre-processing steps 
will be applied on sample text, shown in Table 10:  

Table 10: Sample Report for Pre-Processing 

Original Load Point Interface Error !Shuttle is not in! 
 

All the pre-processing steps were applied in Python using the nltk (natural language 
tool kit) module. 

 
167 Cf. Mohammadi and Khasteh 2019, 2. 
168 Cf. Mohammadi and Khasteh 2019, 2. 
169 Cf. Crossley et al. 2008, 3. 
170 Cf. Mohammadi and Khasteh 2019, 1. 
171 Cf. Crossley et al. 2008, 7. 
172 Cf. Camacho-Collados and Pilehvar 2017. 
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Tokenizing is usually the first step, done in text pre-processing. By applying tokenizers 
to text, the text is split into tokens. The step of splitting up text into tokens is essential 
for further knowledge extraction. Each token is an instance of a type, for this reason, 
the number of tokens outnumbers the number of types.173 Applying the word tokenizer 
in python, we achieve the following output (see Table 11): 

Table 11: Tokenized Sample Report 

Original Load Point Interface Error !Shuttle is not in! 

Processed 'Load', 'Point', 'Interface', 'Error', '!', 'Shuttle', 

'is', 'not', 'in', '!' 

 

Stop-Words are the words, that almost never have any important meaning, such as 
articles like ‘a’ and ‘the’ or pronouns such as ‘you’ and ‘its’. Therefore, in many cases 
they are removed.174 Removing stop words in python leads to the following output, 
displayed in Table 12:  

Table 12: Removal of Stop-Words from Sample Report 

Original Load Point Interface Error !Shuttle is not in! 

Processed Load Point Interface Error ! Shuttle ! 

 

Lowercasing is a simple pre-processing step and labels the technique of lowercasing 
the tokens (see Table 13). Because of its simplicity, lowercasing is often used in deep 
learning packages and word embedding packages. Besides that, the sparsity and the 
vocabulary size are reduced. However, it has to be considered that lowercasing can 
also impact the system's performance negatively by increasing the ambiguity. E.g. “Ap-
ple”, the company and “apple” the fruit would be considered as the same entity.175  

Table 13: Lowercasing of Sample Report 

Original Load Point Interface Error !Shuttle is not in! 

Processed load point interface error !shuttle is not in! 

 

Lemmatizing, also known as stemming, is the art of converting tokens to its lemma 
and is application-based applied, when pre-processing text, as shown in Table 14. For 
document-classification, there can be noted advantages in some cases. For neural-
based systems, this technique is used rarely. With stemming the sparsity and therefore 
the number of distinct types in a text is reduced drastically. However, it has to be noted 
that important syntactic nuances can be missed. Some algorithms benefit from the 

 
173 Cf. Weiss et al. 2015, 17. 
174 Cf. Weiss et al. 2015, 22. 
175 Cf. Camacho-Collados and Pilehvar 2017. 
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stemming techniques, i.e. algorithms that take the frequency under account, while for 
others this pre-processing step does not bring specific benefits.176, 177  

Table 14: Stemming of Sample Report 

Original Load Point Interface Error !Shuttle is not in! 

Processed Load Point Interface Error !Shuttle be not in! 

 

Tokens are allocated to its part of speech (noun, adverb, etc.). There are as many as 
179 speech tags, the most important tags are displayed in Table 15. Because relations 
of entities are usually defined through verbs, the art of part of speech tagging is cru-
cial for Information Extraction (IE) from text.178 POS applied on the sample report is 
shown in Table 16. 

Table 15: Tags of Speech179 

Tags Meaning 

CC Coordinating conjunction 

CD Cardinal number 

DT  Determiner 

EX  Existential there 

FW  Foreign word 

IN  Preposition or subordinating con-
junction 

JJ  Adjective 

JJR  Adjective, comparative 

JJS  Adjective, superlative 

LS  List item marker 

MD  Modal 

NN  Noun, singular or mass 

NNS  Noun, plural 

POS  Possessive ending 

UH  Interjection 

 
176 Cf. Camacho-Collados and Pilehvar 2017. 
177 Cf. Weiss et al. 2015, 19. 
178 Cf. Aggarwal 2018, 384–5. 
179 Cf. Weiss et al. 2015, 32. 
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Tags Meaning 

VB  Verb, base form 

VBD  Verb, past tense 

VBG  Verb, gerund or present participle 

VBN  Verb, past participle 

VBP  Verb, non-3rd person singular pre-
sent 

WDT  Wh-determiner 

 

Table 16: POS of the Sample Report 

Original Load Point Interface Error !Shuttle is not in! 

Processed (Load, NNP), (Point, NNP), (Interface, NNP), (Error, 

NNP), (!, .), (Shuttle, NNP), (is, VBZ), (not, RB), 

(in, IN), (!, .)  

 

By applying a parser, a hierarchical structure from every sentence can be detected 
(see Figure 11). The hierarchical structure is presented in the form of a parse tree, 
where the lower subtrees group parts of speech into syntactically coherent phrases, 
i.e. noun phrases and verb phrases. This is useful in case of the named entity recog-
nition as well as the relationship extraction. 180 

 

Figure 11: Parser applied on a Sample Report 

The dependency analyser is able to check the dependency from words to each other. 
The dependencies are displayed in the form of dependency graphs, where nodes rep-
resent words and direct edges represent dependencies.181  

A pre-processing techniques summary, including their application is provided in Table 
17. 

 
180 Cf. Aggarwal 2018, 384–5. 
181 Cf. Aggarwal 2018, 384–5. 
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Table 17: Pre-processing Techniques 

Pre-processing Summary Application 

Tokenizing 
• Text is split into tokens – 

mostly these tokens are 
words 

• For almost every text 
mining algorithm 

Removal of stop-
words 

• So called stop-words are re-
moved from the text, be-
cause they usually do not 
provide any further infor-
mation 

• Depends on the use 
case 

Lowercasing 

 

• Tokens/words are being low-
ercased 

• Sparsity and vocabulary size 
is reduced 

• ambiguity is reduced 

• for a lot of deep learning 
algorithms 

Lemmatizing/ 
Stemming 

• tokens are converted to its 
lemma 

• sparsity and distinct types 
are reduced 

• syntactic nuances can be 
missed 

• algorithms that take to-
ken frequency under ac-
count 

• document classification 

Part of speech 
tagging 

• tokens are assigned to their 
part of speech • Information Extraction 

Parser 
• Detects the hierarchical 

structure of a sentence and 
displays are parse tree 

• Named entity recognition 

• Relationship extraction 

Dependency analyser 
• Checks dependency of 

words to each other 
• Depends on the use 

case 

 

3.3 Knowledge Discovery from Text  

To achieve an ideally complete knowledge extraction from text, several components 
contribute to a close to human like understanding from text by a machine (aka algo-
rithm or AI agent). Considering e.g. only association measurement, sentiment analysis 
and text quality as factors for understanding text, text understanding can be imagined 
as vector in a three dimensional space (see Figure 12), that results depending on x-, 
y- and z-offsets, whereas the x, y and z values are contributions to text understanding, 
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the goal of the knowledge extractions.182 The x-, y- and z-offsets display the compo-
nents (knowledge discovery techniques), relevant for the understanding text. Taking 
into account all factors contributing to text understanding, the vector of “Text Under-
standing” would be in a multidimensional space. 

 

Figure 12: Construct of Text Understanding 

A mistake often made, when it comes to text mining, i.e. mistaking the art of information 
retrieval for text mining. In contrast to text mining, information retrieval uses some sort 
of input information (usually keywords), to match relevant, stored information. For ex-
ample, in case of the homepage Scopus, as a scientific database, a few key terms are 
entered and depending on the entered expressions Scopus will present papers, that 
match these key terms.183, 184  

3.3.1 Sentiment Analysis  

Sentiment Analysis is used for opinion evaluation, wherefore it is often called opinion 
analysis or opinion mining.185 A sentiment or an opinion can be positive, negative or 
neutral.186 When running a sentiment analysis tool on a text, it extracts the sentiment 
of the text and then provide a local or global results, whether the each text segment or 

 
182 Cf. Ansari 2020, 2. 
183 Cf. Weiss et al. 2015, 6–7. 
184 Cf. Weiss et al. 2015, 7. 
185 Cf. Weiss et al. 2015, 153. 
186 Cf. Hao et al. 2012. 
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entirely was formulated positive, negative or neutral (see Figure 13).187 Sentiment anal-
ysis can be applied in several fields, e.g. marketing and advertising, psychology and 
sociology or in political science. Frequently sentiment analysis also finds a practical 
use in social media like Twitter and Facebook.188  

 

Figure 13: Document Sentiment Analysis 

Sentiment analysis on document level can be differentiated with sentiment analysis on 
feature or sentence level. When using opinion mining on a document level the text is 
classified in either a positive, negative or neutral document. Sentiment analysis on 
document level can therefore be called a text classification technique.189 A simple ap-
proach on performing a sentiment analysis on document level and classifying a text 
would be to evaluate the text sentiment by calculating the term frequency of positive 

and negative words. The overall sentiment then corresponds to the amount of posi-
tive or negative words.190 Another use case for opinion mining is the so-called feature-

based sentiment analysis. For this form of analysis, every noun or compound-noun 
is seen as a potential feature. It is then relevant to determine to what attribute or feature 
a sentiment refers to.191 Many sentiment analysis tools rely on underlying senti-
ment/opinion lexicons. Such a sentiment lexicon contains lots of terms, which are then 
labelled according to their sentimental orientation (positive or negative).192 However, 
since creating ideal sentiment lexicons are often very labour and time intensive, usually 

 
187 Cf. Jo 2019, 93. 
188 Cf. Hutto and Gilbert. 
189 Cf. Jo 2019, 94. 
190 Cf. Weiss et al. 2015, 154. 
191 Cf. Hao et al. 2012. 
192 Cf. Hutto and Gilbert. 
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a machine learning approach is chosen in order to determine the texts sentiment. Ma-
chine learning algorithms are able to automatically detect sentiment relevant features 
in text, based on annotated training data.193 In Table 18 techniques for sentiment de-
tection in text are summarized. 

Table 18: Techniques for Sentiment Detection in Text194,195 

Techniques Types 

Machine 
Learning 

Supervised 

 

Relies on an-
notated input 
data – relies 
on input data 
in order to pre-
dict the output 

Naïve Bayes 

Relies on the Bayesian prob-
ability and assumes that fea-
ture probabilities are inde-
pendent of one another 

Maximum Entropy (ME) 

Belongs to the class of expo-
nentials models, that use lo-
gistic regression. In contrast 
to NB, ME makes no condi-
tional independence assump-
tions between features 

Support Vector Ma-
chine (SVM) 

Is a linear classifier. Linear 
classifiers are able to deter-
mine good separators, ac-
cording to which the classifi-
cation takes place. 

Unsupervised 

 

Neural Network Do not depend on annotated 
training data and overcame 
the difficulty of collecting and 
creating labelled training data 
by themselves 

Semantic Orientation 

Lexicon  

 

Manual approaches 

Opinion words are collected 
manually based on the indi-
vidual knowledge and lan-
guage understanding. This 
approach is usually quite time 
consuming 

Dictionary based 

Opinion words with a known 
orientation are collected, then 
synonyms, antonyms and hi-
erarchies are looked up in or-
der to determine these words 
opinion 

 

 

 
193 Cf. Hutto and Gilbert. 
194 Cf. Tiwari et al. 2018, 444–5. 
195 Cf. Hutto and Gilbert. 
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Techniques Types 

Corpus based 

Uses the syntactic patterns 
co-occurring words as well as 
opinion words in order to 
identify opinions in a large 
corpus (less efficient than the 
dictionary based approach) 

Hybrid  
 Combining ML and lexi-

con based approach 
Using labelled data as well as 
sentiment lexicons 

3.3.2 Association Measurement 

Cognitive psychological theories imply that human reading is a composition of the text 
seen by the reader and the internal knowledge, present in the reader. Those two fac-
tors working together leads to understanding the text in front of the reader.196 

Association measurement considers the linkage between explicit and implicit infor-
mation. Text mining tools are often not fully capable of handling the contextual back-
ground information that can be found in text.197 This happens a lot since the information 
extraction approaches in text mining frequently use high-order vector representations 
of text, which leads to a loss of the original information expressed in the text.198 By 
losing this important implicit information, knowledge stored in the textual-document is 
lost. In order to extract as much knowledge as possible from the text, explicit and im-
plicit information must be extracted from text.199 The following concepts enable identi-
fying word associations in various extents: 

• The Adaptive Control of Thought (ACT) suggest that seeing words, in a spe-
cific order leads to a stimulation of a specific association. For example, the 
words “Noah”, in combination with the words “Bible” and “Animals” and “Flood” 
will address a specific knowledge of a person. Being presented one of these 
words alone, the association will be much weaker.200  

• Concept for the Imitation of the Mental Ability of Word Association (CI-

MAWA) is able to express the association between keywords with a numeric 
value. Symmetric and asymmetric word association are considered, therefore a 
significant part of human word associations are included. For the calculation of 
associations between key words the co-occurrence of the data in the corpus as 

 
196 Cf. Bai et al. 2017, 2. 
197 Cf. Bai et al. 2017. 
198 Cf. Bai et al. 2017, 2. 
199 Cf. Bai et al. 2017, 2. 
200 Cf. Bai et al. 2017, 3. 
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well as the frequencies of the words are considered. Based on these facts CI-
MAWA is able to predict the co-occurring word.201 

 

3.3.3 Information Extraction in Text Mining 

Another factor contributing to knowledge extraction from text, that would develop the 
Text-Understanding vector in Figure 12 to a four dimensional vector, is Information 
Extraction (IE). IE in text mining aims to discover specific types of characteristics of 
tokens as well as their relationships and interrelationships. An important key to IE is 
“named entity recognition”, where named entities (e.g. people or locations) are ex-
tracted from text as well as “relationship extraction”, where semantic relationships 
between named entities are extracted.202 The roots of IE lie in natural language pro-
cesses, wherefore most algorithms for IE are based on NLP and textual-data is pre-
processed by the laws of NLP.203 The procedure of IE from text usually follows these 
steps: tokenizing, sentence segmentation, part of speech tagging and named entity 
identification. Then the text is parsed for used phrases and sentence relations. After 
performing semantic interpretations template filling and finally merging takes place.204 
Different IE approaches exist, as shown in Figure 14. In so-called open, unsupervised 

IE tasks, specific entities, relation tuples and binary relations are extracted from plain 
text, without any initial entities or relations, to work with. In the case of semi super-

vised IE methods, there are either given initial entities and relations or they are ac-
cessed via other knowledge bases (external sources) at the beginning of the mining 
process. As stated earlier, textual data has to be converted to a structured form, i.e. 
given an unstructured text document, such a partly supervised IE should return an 
automatically filled table. In other words, data mining works with highly structured data, 
whereas textual data is naturally unstructured. To structure textual data, IE techniques 
have to be applied. After semi-supervised IE has been applied, the now newly struc-
tured form of data can be used for data mining.205  

 
201 Cf. Klahold et al. 2014, 40. 
202 Cf. Aggarwal 2018, 381. 
203 Cf. Aggarwal 2018, 384. 
204 Cf. Weiss et al. 2015, 118. 
205 Cf. Weiss et al. 2015, 9. 
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Figure 14: Information Extraction Techniques 

Notably, accurate text mining tools are using handcrafted, complex language pro-
cessing modules. This represents in-depth experience in linguistics, artificial intelli-
gence and computational linguistics. Besides that, a domain-specific knowledge is 
needed in order to program a proper text-mining tool. Therefore, it is tried to build train-
able information extraction systems by means of machine learning approaches.206  

3.3.4 Discussion Summary on Text Mining 

To conclude the chapter about Text Mining a knowledge summary about the most im-
portant aspects is presented in Table 19. Since the chapter Industry 4.0 and its Tech-
nological Building Blocks explained the necessity of data for I4.0, this chapter provided 
information on how to extract knowledge from text. These knowledge discovery tech-
niques can therefore be applied, to extract information from maintenance reports. Due 
to the manufacturing context, extracting text quality, text readability, associations and 
sentiment is essential since important measures can be drawn from this information. If 
further decisions are made based on the information drawn from maintenance reports, 
text quality and text readability must be assured. Association measurement helps to 
point out associations that would be lost otherwise while the sentiment analysis helps 
to extract implicit knowledge from text, especially if the report is very short. 

Table 19: Knowledge Summary Text Mining 

Knowledge Summary Text Mining 

Text Mining 

• Computational understanding of text  

• Subcategory of data mining  

• Defined as the process of implicit knowledge extraction from tex-
tual data 

 
206 Cf. Weiss et al. 2015, 119. 
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Knowledge Summary Text Mining 

• Text understanding takes place, when the explicit or implicit 
meaning of every component of a text (words, phrases, sen-
tences and paragraphs), can be determined and brought into 
context considering the given characteristics of a text 

Difficulties in Text 
Mining 

• Unstructured form of text makes multiple processes necessary in 
order to extract the entire knowledge stored in textual data 

• The different languages, and therefore the different grammar 
rules for different language, applied rules must be constructed 
new 

Pre-Processing 

• Text mining usually consists of several pre-processing steps 

• Pre-processing is done in order to be able to apply algorithms to 
the pre-processed texts 

• E.g. tokenizing, lowercasing, removing stop-words, stemming, 
POS, Parser 

Text Quality 

• Quality of a text must be assured 

• Decisions could be made based on poor data 

• Most important factors of text quality are interpretability, accuracy 
and relevancy 

Text Readability 

• Text Readability is supposed to measure the readability of text 

• In order to assess the text readability, text readability formulas 
have been introduced that determine a readability factor based 
on attributes like the number of syllables, words or sentences. 

• However, these formulas have been highly criticized due to their 
low accuracy and incompletion. 

• ML-algorithms are able to achieve a much higher accuracy and 
can take far more psycholinguistic aspects into account. 

Knowledge ex-
traction from Text 

• Sentiment analysis: 

o is used for opinion evaluation 

o sentiment or an opinion can be positive, negative or neu-
tral 

o used on a document level or on feature/sentence 

o usage auf sentiment lexicons 

• Association measurement: 

o Measures the association between keywords 

• Information extraction: 

o Used to discover specific types of characteristics of to-
kens as well as their relationships and interrelationships 

o important key to IE is “named entity recognition”, where 
named entities (people, locations, etc.) are extracted from 
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Knowledge Summary Text Mining 

text as well as “relationship extraction”, where relation-
ships between named entities are extracted 

o unsupervised, partly supervised and supervised ap-
proaches 

 

Conclusion  

Remarks 

• Various options to extract knowledge from text exist. The most 
common approaches in literature are sentiment analysis and IE. 

• However, when considering a manufacturing context text quality 
and text readability as well as association measurement and sen-
timent analysis is very important. 

• When considering reports based on which future decisions might 
be derived, the text quality and readability must be assured. 

• Association measurement is able to point out associations that 
would be lost otherwise. 

• Sentiment analysis is especially helpful when wanting to extract 
implicit knowledge from a text, which is especially important 
when texts are short and do not contain a lot of information, as in 
case of some maintenance reports. 
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4 Maintenance 4.0 

4.1 Definitions and Terminologies 

Maintenance aims to maintain and at best increase the technical capability of a pro-
duction system, while keeping maintenance and failure (follow-up) costs low by pre-
serving the plant availability in a manufacturing environment.207 According to the DIN 
EN 13306:2017 maintenance is defined as 

“combination of all technical, administrative and managerial actions during the life cycle 

of an item intended to retain it in or restore it to a state in which it can perform the 

required function”208 

Since production plants are getting more complex every day, the importance of mainte-
nance is increasing continuously. Today repair actions once a failure occurred (correc-
tive maintenance) are not enough anymore. Maintenance actions are not only im-
portant to avoid cost-intensive machine downtimes, but also to prevent risks for safety 
and environment.209 Therefore intelligent maintenance approaches like predictive 
maintenance are on the rise. According to a market research the global predictive 
maintenance market is expected with a growth rate of 40% within the period of 2018-
2024.210 

Several types of maintenance strategies and approaches exist that strongly vary in 
complexity. Between these maintenance strategies it can be further differentiated on 
whether they can be supported by sensors and computer technology, as shown in 
Figure 15. Besides the maintenance strategies, shown in Figure 15, complete man-
agement strategies like Total Productive Maintenance (TPM), Total Life Cycle Cost 
strategy (TLC) and Reliability-Centred Maintenance (RCM) exist. Those strategies pro-
vide determined recommendations and standard measures for the implementation of 
maintenance activities, including the distribution of tasks, cost control, controlling strat-
egies, quality management and performance management, etc.211 

 
207 Cf. Schreiber et al. 2018, 935. 
208 DIN Deutsches Institut für Normung 2017. 
209 Cf. Matyas 2019, 27. 
210 Cf. Scully 2019. 
211 Cf. Ansari and Glawar 2018, 320. 
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Figure 15: Types of Maintenance Strategies 

Corrective maintenance is simply the fix of an existing problem. A failure is thereby 
corrected until the system works again. Usually the maintenance action goes un-
planned.212 However, in a modern production environment, corrective maintenance is 
reasonable in very few cases. If there are no redundant machines or failure does ac-
tually matter, it is likely better to rely on a different kind of maintenance.213 The risk of 
a complete plant failure due to the failure of one single component is high and would 
lead to high costs due to long down times of the machine plant.214  

In case of preventive maintenance, solutions for malfunctions are ideally found be-
fore a malfunction occurs. Unplanned corrective maintenance is, therefore, ideally 
avoided. Still, preventive maintenance does not guarantee that there are no future mal-
functions.215 Usually the maintenance actions are performed periodically (time-based 
maintenance), leading to a decreased failure probability. Since the maintenance ac-
tions are performed periodically and not depending on the condition of a machine part, 
the maintenance costs are high.216 As a result, a time-based maintenance approach 
would only be reasonable in case of security- and environmental concerns or if the 
lifespan of a part is known.217  

 
212 Cf. Rivas et al. 2018. 
213 Cf. Matyas 2019, 121. 
214 Cf. Ansari and Glawar 2018, 320. 
215 Cf. Rivas et al. 2018. 
216 Cf. Ansari and Glawar 2018, 320. 
217 Cf. Matyas 2019, 122. 
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Proactive maintenance takes an approach of maintaining the condition of a machine 
plant. Therefore, errors and breakdowns are ideally avoided.218 It is attempted to de-
termine the cause of a machine failure and plan actions to prevent such failures from 
happening in the future.219 When talking about proactive maintenance it can be differ-
entiated between two kinds of maintenance approaches namely:  

1) The perfect maintenance, where the machines conditions is basically healed 
after maintenance actions. The downside of perfect maintenance are high costs. 

2) The imperfect maintenance, in which the condition of the machine is evaluated 
periodically in short intervals, starting when the machine is in perfect condi-
tion.220  

Condition based maintenance (CBM) analyses sensor data, i.e. a sensor signal reg-
isters the error of a machine part, and then the element will be replaced or repaired.221 
Humans usually carry out the maintenance actions.222  

Predictive maintenance is an overlapping of corrective and planned maintenance. In 
this case of maintenance, parameters like the machine vibrations are being monitored 
and analysed. Therefore, possible failures can be determined. Predictive maintenance 
is usually a form of smart maintenance that relies on sensor data, analysed by condi-
tion monitoring programs. Based on the sensor data a remaining useful lifetime (RUL) 
can be calculated. The aim is to achieve an optimum utilization of the production plant 
while avoiding malfunctions and machine downtimes.223, 224  

Prescriptive maintenance, is able to provide recommendations for the decision-mak-
ing and improvement of upcoming maintenance processes. For prescriptive mainte-
nance even a further development towards enhancing the self-organization and self-
direction capabilities of a CPPS is possible. The goal would be a self-diagnostic and 
self-scheduled maintenance.225 

Maintenance in Smart Factories: As described previously, smart factories differ 
widely from conventional factories. Less employees carrying out more advanced tasks 
and having to understand complex production processes (see chapter Human Aspects 
in Smart Factories). Furthermore, the complexity levels of production plants are rising 
while humans still carry out major part of maintenance actions.226 Under the consider-

 
218 Cf. Rivas et al. 2018. 
219 Cf. Ansari and Glawar 2018, 320. 
220 Cf. Rivas et al. 2018. 
221 Cf. Ansari and Glawar 2018, 320. 
222 Cf. Matyas 2019, 124. 
223 Cf. Rivas et al. 2018. 
224 Cf. Schreiber et al. 2018, 935. 
225 Cf. Ansari et al. 2019, 4. 
226 Cf. Matyas 2019, 119. 
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ation of more complex and efficient systems, maintenance evolves. Therefore, mainte-
nance in smart factories can and must be smarter and more advanced than in conven-
tional factories. Considering maintenance in a smart manufacturing environment the 
terms maintenance 4.0 and smart maintenance are often brought up.227 However, even 
though these terms are brought up in literature regularly, there is no uniform definition 
found, that characterises so-called “smart maintenance” or “maintenance 4.0”. Ansari 
et.al. 2019, suggests that smart factories have the following five capabilities:  

1) Capability to monitor, analyse and forecast patterns as well as anomalies, to 
predict certain events (e.g. time of failure) 

2) Capability to determine the ideal time for maintenance activities, under consid-
eration of the highest economic efficiency for humans, physical resources and 
knowledge 

3) Capability to react and adapt to unexpected events and to reconfigure accord-
ingly 

4) Capability to learn from previous events (e.g. failure events, maintenance deci-
sions, etc.) 

5) Capability to act intelligent and self-regulating in order to automate the mainte-
nance workflow and the decision support systems for an autonomous mainte-
nance management-system228 

However, these five technical and non- technological capabilities are a major challenge 
for smart factories. The implementation therefore depends on the technological readi-
ness level of a smart factory as well as the ability to also overcome non-technological 
difficulties.229 

In a literature research it was attempted to review the current proposals of maintenance 
systems in the context of smart factories. The results are displayed in Table 20. It can 
be noted that most papers consider a predictive maintenance approach, using different 
mathematical and statistical models. All reviewed papers use a form of data-analysis 
for their predictions. However, they don’t contain any further information on how un-
structured data, like maintenance reports will contribute. Therefore, there is a huge 
research gap when it comes to analysing maintenance reports as a contributing part 
for data analysis. 

 
227 Cf. Matyas 2019, 138. 
228 Cf. Ansari et al. 2019, 2 
229 Cf. Ansari et al. 2019, 2. 
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Table 20: Literature Research: Proposal for Maintenance Systems 

Title Description and Discussion 

Framework and case 
study of cognitive mainte-
nance in Industry 4.0230 

Description: 

• Cognitive maintenance is a maintenance approach simi-
lar to predictive maintenance and attempts to focus on 
technologies related to big data, computational intelli-
gence and self-maintenance. 

• Approach is based on deep data mining algorithms, that 
analyse collected data (sensor data, key equipment, pro-
duction process data and enterprise resource data) and 
provide support to determine the machine health and to 
decide upcoming maintenance actions 

Discussion: 

• Claims to take a big data approach, but only considers 
structured data formats for their deep learning algorithm, 
it remains unclear if the inclusion of unstructured data is 
planned  

Integrated Production and 
Maintenance Planning for 
Cyber-physical Produc-
tion Systems231 

Description: 

• Approach for a predictive maintenance tool, that orients 
towards the decision-making process 

• A data model provides essential information of capacities 
and condition of the elements of the production systems 
(including important information for production system, 
production orders and maintenance measures 

• A decision theory is the basis of a procedure for an inte-
grated production and maintenance planning 

• Target System includes all necessary criteria for an inte-
grated production and maintenance planning approach 

Discussion: 

• Approach focuses on an integrated production and 
maintenance planning 

• Only structured sensor data seems to be considered 

Lean Smart Maintenance 
– Efficient and Effective 
Asset Management for 
Smart Factories232 

Description: 

• Aims to improve efficiency and effectiveness of asset 
management by combing a lean and smart maintenance 
approach 

• Through the lean path, the input perspective of a mainte-
nance management system is represented (maintenance 
costs and structures of an observed period are tracked) 

 
230 Cf. Li et al. 2019. 
231 Cf. Schreiber et al. 2018. 
232 Cf. Kinz et al. 2016. 
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Title Description and Discussion 

• The smart path uses risk analysis data analytics on data 
from different sources like the production, quality control, 
condition monitoring as well as recordings from mainte-
nance activities 

Discussion: 

• Approach for a predictive maintenance solution 

Proactive Learning for In-
telligent Maintenance in 
Industry 4.0233 

Description: 

• An adaptive learning approach is taken, where the sys-
tem is able to adapt to new emerging conditions 

• An unsupervised ML algorithm is fed with input data and 
measures the difference by comparing the live data to ex-
isting data in a knowledge base and updated the 
knowledge base accordingly 

• Expert opinions are needed in order to decide whether 
data should be included and how the result of data should 
be measured (then the data is cleansed, the missing data 
is estimated and the detected faults are gathered and 
added to the historical data)  

Discussion: 

• Proposal suggests that the manufacturing process can be 
continuously improved by using an adaptive learning 
maintenance approach that updates the knowledge base 
continuously 

Prescriptive Equipment 
Maintenance: A Frame-
work234 

Description: 

• An end-to-end maintenance framework (HeePMF) is 
proposed.  

• A knowledge base (built from historical data), which is 
continuously updated is used. 

• Predictive analytics can identify impending failures and 
the time of the failure, HeePMF then generates recom-
mendations to schedule part procurements and equip-
ment shutdowns 

• Also, non-continuous data like operator feedback can be 
incorporated  

Discussion: 

• One of very few attempts of a prescriptive maintenance 
system 

• Approach also includes unstructured data like textual 
data 

 
233 Cf. Noureddine et al. 2020. 
234 Cf. Suresh Choubey et al. 
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4.1.1 Knowledge Based Maintenance 

Since smart factories have all the instruments to connect data intelligently and to pre-
dict upcoming failures, production plants will soon act data-driven and knowledge 
based, leading to the term Knowledge-Based-Maintenance (KBM).235 KBM overarches 
multiple maintenance concepts that are knowledge driven including, diagnostic mainte-
nance, descriptive maintenance, predictive maintenance and prescriptive mainte-
nance.236 The concept of KBM is to take a holistic approach on maintenance, by con-
sidering all influencing components that can lead to an increase of knowledge in order 
to decrease maintenance costs and achieve a competitive advantage.237 Due to the 
holistic approach, KBM is very complex, since multidimensional maintenance organi-
sations, stakeholders, IT-Systems, multimodal data as well as various maintenance 
strategies and approaches have to be considered.238 Through KBM, maintenance can-
not be considered as a subdomain of the production system any longer, but hast to be 
seen as a whole, contributing to value adding chain. KBM evaluates all long-term ef-
fects of the maintenance strategies and decisions from an economical point of view. 

Knowledge is generated on three different levels, on a strategic, a tactic and on an 
operational level, by considering the consequences from maintenance action, system 
states and processes and collecting machine, process and product data. This is then 
transferred into three areas, shown in Figure 16. 

• Risk based maintenance 

• condition based maintenance, 

• total productive maintenance, life cycle coasting and lean maintenance.239  

 
235 Cf. Ansari and Glawar 2018, 318. 
236 Cf. Ansari et al. 2019, 2. 
237 Cf. Ansari and Glawar 2018, 327. 
238 Cf. Ansari and Glawar 2018, 319. 
239 Cf. Ansari and Glawar 2018, 328. 
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Figure 16: Holistic Approach of KBM240, 241 

A KBM-system can differ depending on maturity level and the complexity level of KBM, 
as displayed in Figure 17. In case of a low maturity level and a low complexity level, 
the maintenance actions taken, can be described as descriptive maintenance. De-
scriptive maintenance can answer the question “what happened?”, by analysing stored 
information from previous maintenance actions. The information level is increased by 
collecting and analysing data. The next step for KBM, is a low maturity level and a 
middle complexity level, leading do diagnostic maintenance, that answers the ques-
tion “why did it happen?”, by analysing the cause-effect relationship. Conclusions for 
the analysis are drawn from information about previous maintenance actions. For a 
middle maturity level and a high complexity level of KBM, predictive maintenance is 
applied, which is able to answer the question “what will happen, when?” by learning 
from historical data and ideally real-time data. Therefore, predictive maintenance sys-
tems try to predict future events. Prescriptive maintenance, combines descriptive, 
diagnostic, and predictive analytics, needing a high level of KBM-maturity and a high 
level of KBM-complexity. Hence prescriptive maintenance can answer the question 
“how can the occurrence of a specific event be controlled?”, by providing recommen-
dations to support the decision finding and optimizing upcoming maintenance pro-
cesses. Past events are not only understood, but the likelihood of future events and 
potential effects of each decision alternative can be anticipated. This type of mainte-
nance has the capability of self-management, meaning it is self-diagnostic and sched-
ules maintenance activities itself.242 Between predictive maintenance and prescriptive 

 
240 Cf. Ansari and Glawar 2018, 327. 
241 Cf. Pawellek 2013, 9. 
242 Cf. Ansari and Glawar 2018, 330. 
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maintenance a feedback-loop is installed, helping to check former predictions and try-
ing to improve the maintenance actions and recommendations. 

 

Figure 17: Development of KBM243 

A big driving force for increasing the maturity level of KBM is big data. Big data helps 
to extract necessary knowledge for a self-managing maintenance system.244 Espe-
cially predictive maintenance and prescriptive maintenance are prime examples for 
data-driven maintenance. By using a data driven form of maintenance, process deci-
sions can be influenced proactively, leading to a higher planning security and an in-
crease of the overall plant productivity, as well as reduced costs.245 However, the po-
tential of big data is currently hardly taken advantage of. A lack in data quality and 
granularity often prevents these significant analytics. In order to provide efficient and 
accurate maintenance support concerning failure or malfunction patterns, appropriate 
sensor installations and the tracking of a wide range of signals, e.g. plant vibrations, 
are necessary. Data, relevant for maintenance planning includes sensor data, malfunc-
tion-documentations, condition monitoring data, process parameters, quality-manage-
ment software data, maintenance software data and many more forms of data.246 How-
ever, getting these kinds of data into a knowledge database is not always that easy. 
Often information is only available through the implicit knowledge of an employee or in 
an unstructured data format. Other times, available data sources are not being merged, 

 
243 Cf. Ansari and Glawar 2018, 329. 
244 Cf. Ansari et al. 2019, 5. 
245 Cf. Matyas 2019, 313. 
246 Cf. Matyas 2019, 314. 
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which leads to an inefficient, incomplete knowledge database. Therefore, it is neces-
sary to collect the knowledge and connect different data sources from different data-
bases efficiently. The aim is the accessibility and collection of maintenance data to be 
able to generate simple maintenance instructions to assure efficient maintenance ac-
tions and prevent human failure.247  

4.1.2 Difficulties in Knowledge Based Maintenance 

In order to implement an advanced KBM-system, there are still many challenges to 
overcome. These difficulties are summarized in Table 21.  

Table 21: Difficulties in Knowledge Based Maintenance 

Difficulties in Knowledge Based Maintenance 

Heterogeneous 
Infrastructure 

Most production plants, introducing a knowledge-based form of mainte-
nance have had their plant-equipment established year by year, having 
therefore heterogeneous cyber and physical components. This leads to 
a major complexity when it comes to analysing the data from these het-
erogeneous components due to different notions of time across differ-
ent scales.248, 249 

Model selection 

Model selection is based on the complexity of the system, as well as 
the usage of labelled data of a supervised ML algorithm or unlabelled 
data in case of an unsupervised ML algorithm. Another criterion is the 
time efficiency and accuracy of the model.250 

Data Quality 

Even though data-driven systems are being introduced, there are still 
factors that must be considered and improved when wanting an opti-
mised output by knowledge-based maintenance systems. Key-factors, 
leading to incomplete output of KBM-systems are often redundant, in-
conclusive or missing data, leading to an incomplete database. These 
weaknesses can be caused by not considering specific types of data, 
e.g. maintenance reports written by maintenance operators containing 
the cause of a component failure that would need specific pre-pro-
cessing. Another problem is provided though missing linkage of differ-
ent data sources. Often process-, machine-, quality-, and environmental 
data are not being linked. Whereby interfering data is not being linked 
and therefore leading to an incomplete knowledge of the system. All 
these mentioned factors lead to an unused potential of this kind of data 
driven systems. Even though data-based analysis is applied, still an in-
correct RUL of a machine will be calculated251  

Heterogeneous 
Data 

In order to take a big data approach all forms of data, including unstruc-
tured, semi-structured and structured data, must be considered. This 
needs advanced models, especially for the processing of unstructured 
data in order to extract knowledge to support the decision making and 

 
247 Cf. Matyas 2019, 314. 
248 Cf. Koutroulis and Thalmann 2019, 4. 
249 Cf. Ansari et al. 2019, 3. 
250 Cf. Zhang et al. 2019a, 5. 
251 Cf. Ansari, 325. 
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Difficulties in Knowledge Based Maintenance 

self-adaption ability.252 While highly structured data can be used imme-
diately (e.g. sensor data), unstructured data like textual documents 
about a machine cannot be accessed directly. In order to include un-
structured data into the feedback loop, pre-processing is necessary, es-
pecially when trying to extract knowledge from text.253  

Security and re-
strictions 

Difficulties in installing a data-driven knowledge system, are caused 
due to security and restrictions when it comes to collecting data. It 
hast to be expected that restrictions in terms of data collection will be 
established. Especially data revealing information from the cyber-
physical-socio space can be critical. Another difficulty could be the 
dealing with possible cyber-attacks. Therefore, tools for cyber-security 
for CPPS and maintenance systems must be installed.254, 255 

4.1.3 Digital Reports in Knowledge Based Maintenance 

Textual documents are essential when it comes to knowledge-transfer from humans to 
CPPS. Therefore, an approach for preserving explicit or implicit knowledge, are textual 
documents like maintenance reports, quality reports or inspection reports. When it 
comes to performing maintenance operations based on historical data and real time 
sensor data, a big concern is that companies do not have computer supported mainte-
nance planning or computer supported maintenance/management control systems. 
Therefore, no complete malfunction documentation exists and a lot of knowledge that 
is only provided by maintenance employees cannot contribute to automated mainte-
nance planning systems.256  

Further, people designing KBM-models, e.g. like predictive maintenance models, de-
pend on accurate and complete input data that includes sensor data, manually com-
puted measures and operator data. Therefore, a computerized maintenance manage-
ment system (CMMS) is urgently needed in order to design an accurate model. The 
feedback of maintenance operators is extremely important for adapting the model and 
providing correct predictions, since they are in the best position to observe and check 
the condition of the parts they are working with.257 E.g., when the predictive mainte-
nance system calls a maintenance employee to replace an item, the maintenance em-
ployee can give feedback on the actual state of the item. Therefore, the operator can 
determine whether the prediction was correct. Hence, there needs to be an effective 
way for maintenance employees to add feedback, into the feedback-loop. 

 
252 Cf. Ansari et al. 2019, 3. 
253 Cf. Ansari-Ch. Fazel et al. 
254 Cf. Zhang et al. 2019a, 5. 
255 Cf- Ansari et al. 2019, 3. 
256 Cf. Matyas 2019, 123–4. 
257 Cf. Smoker and French 2017, 1. 
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In case of CMMS, maintenance workers can usually enter their feedback into a com-
puter-system by using a combination of drop-down menus and free text fields. In other 
cases the feedback is either written on paper or typed directly into a tablet or a com-
puter. The challenge is then to extract useful information from this combination of semi-
structured and unstructured data.258 Standardization through using drop-down menu 
has its benefits when it comes to analysing these reports, since the information is eas-
ier to work with and easier to interpret. However, technologies are improving, making 
a complete computational understanding of free text possible. Further, unstructured 
free text, provides more detailed information and the maintenance operator can be 
more descriptive and can even show emotions. This information goes missing in case 
of drop-down menus.259 As shown in the literature analysis (Table 20) and the difficul-
ties analysis of KBM (Table 21), there is still a huge research gap when it comes to the 
analysis of such reports.  

4.1.4 Discussion Summary on Maintenance 4.0 

To conclude the chapter on Maintenance 4.0 a knowledge summary is proposed in 
Table 22. In the context of Industry 4.0 maintenance is an essential component of the 
production process, that cannot be viewed individually. Especially with the holistic ap-
proach of KBM, data is more important than ever. However, there are still massive 
gaps when it comes to analysing unstructured forms of data, like maintenance reports. 
By not extracting the knowledge stored in these documents, a big amount of data can-
not contribute to an informed decision. Therefore, in the chapter Design and Develop-
ment of a Proof-of-Concept Software Demonstrator for Text Understandability in 
Maintenance, a concept on how to extract knowledge from textual data in the context 
of maintenance is proposed. 

Table 22: Knowledge Summary Maintenance 4.0 

Knowledge Summary Maintenance 4.0 

Definition and 
Terminologies 

• Maintenance is the combination of all activities during the life cy-
cle of an item, it takes to retain or restore it to a state, where it 
can perform the required function 

• The different types of maintenance can be split into management 
strategies (TPM, LCC or Lean Maintenance), sensor-based strat-
egies (CBM, predictive maintenance and prescriptive mainte-
nance) and conventional strategies (corrective maintenance, pre-
ventive maintenance and proactive maintenance) 

Maintenance in 
Smart Factories 

• Smart factories differ widely from conventional factories and 
need therefore different maintenance strategies (smart-mainte-
nance, maintenance 4.0). 

 
258 Cf. Smoker and French 2017, 2. 
259 Cf. Smoker and French 2017, 6. 
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Knowledge Summary Maintenance 4.0 

• In literature the terms smart maintenance and maintenance 4.0 
are usually used as a synonym for predictive maintenance 

• Maintenance in smart factories should be capable of the follow-
ing points. 

o Capability to monitor, analyse and forecast patterns and 
anomalies 

o Capability to determine the ideal time for maintenance op-
erations 

o Capability to react and adapt to unexpected events 

o Capability to learn from previous events 

o Capability to act intelligent and self-regulating 

Knowledge-based 
Maintenance 

• Maintenance approaches that act data driven (KBM overarches 
multiple maintenance types) 

• KBM takes a holistic approach by considering all influencing fac-
tors that can lead to knowledge increase in order decrease 
maintenance costs and achieve a competitive advantage 

• For the holistic approach knowledge is created on a strategic, a 
tactic and an operational level. The collected data is then trans-
ferred into risk-based maintenance, condition-based mainte-
nance, TPM, LCS and lean maintenance 

• Depending on the complexity level and the maturity level of the 
KBM-system, the maintenance strategy varies  

Big Data as driv-
ing force for 
maintenance 

• Big data is a driving force for maintenance in smart factories. 

• Especially predictive maintenance systems and prescriptive 
maintenance systems take a data driven approach 

• Through big data, process decisions can be influenced, leading 
to a higher planning security and an increase of the overall plant 
productivity as well as decreased costs 

Difficulties in 
KBM 

• Heterogeneous Infrastructure 
• Model selection 
• Data Quality 
• Heterogeneous Data 
• Security and restrictions 

Digital reports in 
KBM 

• Textual documents like maintenance reports are essential when 
it comes to the knowledge transformation from humans to the 
CPPS 

• Often maintenance reports are not considered in the data analy-
sis 

• Approaches to extract knowledge from these reports are still very 
rare 

https://www.tuwien.at/bibliothek
https://www.tuwien.at/bibliothek


D
ie

 a
pp

ro
bi

er
te

 g
ed

ru
ck

te
 O

rig
in

al
ve

rs
io

n 
di

es
er

 D
ip

lo
m

ar
be

it 
is

t a
n 

de
r 

T
U

 W
ie

n 
B

ib
lio

th
ek

 v
er

fü
gb

ar
.

T
he

 a
pp

ro
ve

d 
or

ig
in

al
 v

er
si

on
 o

f t
hi

s 
th

es
is

 is
 a

va
ila

bl
e 

in
 p

rin
t a

t T
U

 W
ie

n 
B

ib
lio

th
ek

.
D

ie
 a

pp
ro

bi
er

te
 g

ed
ru

ck
te

 O
rig

in
al

ve
rs

io
n 

di
es

er
 D

ip
lo

m
ar

be
it 

is
t a

n 
de

r 
T

U
 W

ie
n 

B
ib

lio
th

ek
 v

er
fü

gb
ar

.
T

he
 a

pp
ro

ve
d 

or
ig

in
al

 v
er

si
on

 o
f t

hi
s 

th
es

is
 is

 a
va

ila
bl

e 
in

 p
rin

t a
t T

U
 W

ie
n 

B
ib

lio
th

ek
.

Maintenance 4.0  66 

Knowledge Summary Maintenance 4.0 

Conclusion  

Remarks 

• Data-driven maintenance strategies are essential  

• There, are still a lot of difficulties especially when it comes to het-
erogenous forms of data 

• There is still a huge research gap when it comes to including 
maintenance reports to the data-analysis for maintenance.  

• Hence a lot of knowledge that is crucial for informed mainte-
nance decisions is ignored.  
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5 Design and Development of a Proof-of-Concept 

Software Demonstrator for Text Understandability 

in Maintenance  

In this chapter an approach is taken to analyse maintenance reports, provided by the 
anonymous company COMP (annotation: COMP is used as a placeholder for the com-
panies’ name). Further, all names have been changed in order to protect anonymity. 
Through applying text analysis steps, a first attempt is made to present a factor, re-
sembling the degree of understandability of the given reports.  

A proof-of-concept software demonstrator is created for this purpose called as TU-

MARS: Text Understanding by measuring Associations, Readability and Senti-

ment. TU-MARS is a first level prototype that can be upgraded accordingly.  

In a first step the provided maintenance reports will be discussed, in a second step the 
requirements, TU-MARS is based, on will be evaluated concluding with an image of 
the proposed concept. Then the implemented features and their backgrounds are ex-
plained. Finally, there is a discussion on the potential of the text mining tool as well as 
a discussion on possible improvements. 

5.1 Overview of Provided Maintenance Reports 

The initial maintenance reports are provided by COMP in form of an excel table (see 
Figure 18). 

 

Figure 18: Initial Form of Maintenance Reports for the Prototype 
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Besides the actual maintenance reports that are listed under the column “AKTION”, 
several other attributes related to the maintenance reports are displayed as well (Table 
23). 

Table 23: Attributes of the Maintenance Reports 

Attributes of a maintenance report displayed and explained for the following report: 

Slit Door PM 1 not Close => PM1 Rocker Valve Solenoid Block neu gesteckt => o.E. => 
Software Reset => o.E. 

Attributes 
Description Example 

EQUIPMENT The equipment, states the machine on 
which the registered malfunction oc-
curred 

L2302 

TIME_STAMP The time stamp states when the warn-
ing/malfunction initially occurred 

10.01.2018  05:01:44 

GUI_BUCHUNG-
STEXT 

The “GUI_BUCHUNGSTEXT” shows 
the initial error post written by the ma-
chine itself or an operator noticing the 
warning 

bergest     transport 

DOWN_EVENT The column DOWN_EVENT states the 
nature of the downevent (LV, ST, …) 

ST 

AUTHOR The author of the maintenance reports 
is displayed in the “AUTHOR” column  

Auer Martin 

CREATED “CREATED” - shows the creation date 
of the maintenance reports 

10.01.2018  05:45:54 

CONTACT_PERSON “CONTACT_PERSON” - shows the 
person responsible after the fix, the 
person listed is often identical with the 
author of the maintenance report 

Weiss Max 

 

Therefore, the received data is already in a semi-structured format. An unstructured 
format is provided by the warning/error reports, as well as by the maintenance reports, 
meaning that these columns need further processing. Performing an explorative anal-
ysis of the given data, shows where possible difficulties arise when trying to analyse 
the reports (see Table 24). 
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Table 24: Characteristics of the Maintenance Reports 

Characteristics of the maintenance reports  Examples 

Format  

Usually the format of the maintenance re-
ports is not in a common format respecting 
grammatical rules and correct sentences. 
The format of the reports takes more after 
short texts, mostly used in a social media 
context like Twitter or Facebook. Meaning 
that that the reports are generally held 
short, often featuring careless spelling mis-
takes, multilingual expressions, special 
characters and abbreviations 

“TCU resetet und befüllt -> 
Temp. wieder ok!         
MS/Klara” 

“retry ok      EC” 

“APC Alarm beim Nachs-
tarten eines Wafers 
aufgetreten, ok            
RodeF” 

Text Length 

The text length of the maintenance reports 
varies, but usually does not exceed a 
length of 8 characters. In many cases, the 
reports are held even shorter, containing 
only 5 words or less. 

“retry ok      EC”  

“Wafer ausgeladen, HE Flow 
bei Folgewafer ok         
RodeF” 

Language  

Many times the language of the mainte-
nance reports is not clearly detectable, 
since often the reports are often held in a 
mixed form including English and German. 

“Prozessabbruch im Stabl 
Step wegen He-Flow.  

Restart nicht möglich.  

 

He-Flow bei mehreren Fol-
gewafer OK     WM” 

Spelling 
Generally, a few spelling mistakes can be 
noted, mostly noticeable when checking 
case sensitivity  

“FOlgewafer He-Flow ok!         
HP” 

Special 
Characters 

Often special characters are used (e.g. to 
display an arrow) in order to keep the re-
ports as short as possible  

“Slit Door PM 1 not Close => 
PM1 Rocker Valve Solenoid 
Block neu gesteckt => o.E. 
=> Software Reset => o.E.” 

Abbrevia-
tions 

Since the maintenance reports are held 
short, often abbreviations are used.  

“LLL OK    TF” 

“APC Alarm im TSG nicht 
vorhanden     “ 

“Hw.-Anko ok -> weiter mit 
SF.-Anko           MS“ 

White Space 
Usage 

The correct usage of whitespaces is regu-
larly violated 

 

“Horde neu gestartet... ok         
MS“ 
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5.2 Conception and Design of TU-MARS 

The purpose of the programmed prototype TU-MARS is to provide a proof-of-concpet, 
which reveals possibilities of extracting knowledge from maintenance reports and 
measuring the extracted information. This leads to an overview of the interpretability of 
given reports by evaluating the extracted partial information. As stated in chapter (3.3 
Knowledge Discovery from Text), information hidden in textual documents can be the 
sentiment, measured associations or the actual information transported throughout the 
text. TU-MARS focuses on the extraction of the text quality (text readability), the sen-
timent and the association measurement. Information extraction is excluded since the 
extracted information is meant to be as generic as possible, not focusing on a special 
attribute that should be extracted from a report.  

The precondition to extract these stated features from a text is assuring the text quality. 
Thus, text quality is seen as a key characteristic of the maintenance reports. Text 

quality and text readability is used interchangeably from now on. Notably, text quality 
includes the following readability factors of a given maintenance report, i.e. text length, 
detectable language, usage of special characters, and correct spelling. In order to rate 
the quality of a given text, it is necessary to define criteria how textual documents are 
ranked as high-quality texts. Usually the quality of a text is classified by the demands 
that are applied to the document and therefore the use of the information stored in the 
text. Therefore, the quality of textual data can be seen as a multidimensional construct, 
in which every dimension has an impact on the quality of data, especially the features 
interpretability, relevancy and accuracy, as displayed in Figure 19.  

 

Figure 19: Key-Features: Text Quality 

Furthermore, a challenging task is assuring a quantitative measurement of quality 
when it comes to text. Approaches concerning a quantitative measurement could be 
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rating the interpretability depending on previous training data and noisy data, the rel-

evancy depending on frequent keywords, and the accuracy through rating the preci-
sion.260 Since this is a first prototype, the text quality focuses strictly on the interpreta-
bility of the maintenance reports by considering the following factors: 

• Language detection 

• Text Length 

• Correct Spelling 

• Usage of Special Characters 

Since sentiment analysis is very helpful to get an idea of peoples’ opinions when it 
comes to marketing, social media posts or review posts, another requirement of TU-
MARS will be the extraction of the sentiment of the maintenance reports. By performing 
a sentiment analysis on the maintenance reports, it can give valuable information, 
about the report’s sentiment towards the reported maintenance action. This is espe-
cially helpful if the report is very short. Supported by a supervised ML-algorithm, TU-
MARS will be able to detect the sentiment of each report, as well as the sentiment that 
can be assigned to a group of reports (report level and attribute level), i.e. the sentiment 
of all reports that were written for a certain machine. It will be determined whether the 
sentiment is positive or negative, as well as the accuracy of the determined sentiment.  

Since it is considered that a big part of text understanding is connected to the readers 
internal knowledge, by knowing which words in a text are associable, associations 

measurement is the final requirement of TU-MARS.261 TU-MARS will be able to meas-
ure associations within maintenance reports. The text mining tool will be able to display 
an index for association for those expressions that indicate a strong connection. This 
can be done for each report, but also for each reportgroup that belongs to an attribute. 
Therefore, it can be evaluated which associations can be assigned, i.e. to a certain 
equipment, or person. For this first prototype it will be attempted to measure the asso-
ciation depending on the term frequency and the evaluated bigrams. 

The underlying concept of for implementing TU-MARS in revealed in Figure 20. The 
concept schematically displays the text analysis flow of the maintenance reports. The 
text analysis happens on two levels, the report level and the attribute level. Text Anal-
ysis on report level only considers a single report, while text analysis on attribute level 
considers the all reports belonging to a maintenance report attribute.  

 
260 Cf. Kiefer Cornelia, 7. 
261 Cf. Bai et al. 2017, 2. 
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Figure 20: TU-MARS Concept Image of the Prototype 

In a first step, the text readability factors are evaluated. For that matter, the text length 
of every maintenance report is calculated and analysed. Then it is evaluated whether 
the language of the report is either English, German or neither. In order to evaluate the 
correct spelling, a spell check is performed on each report. Lastly, it is evaluated 
whether the report contains any special characters besides the usual punctuation.  

For analysing the associations found in the reports, pre-processing steps are applied. 
All words are lower-cased and stop-words are removed. Then the association is eval-
uated by analysing the term frequency (TF) of the words and the found bigrams. 

The sentiment of the report is determined by a trained ML algorithm, returning the sen-
timent and accuracy of each report.  

Finally, there are two dashboards that present the collected extracted information. 
There is a dashboard, that displays the extracted text mining stats on report level and 
additionally there is a dashboard presenting the extracted text mining stats on an at-
tribute level. 
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5.3 Implementation of TU-MARS 

The implementation platform of TU-MARS is Python262. The following sections elabo-
rate on the functionalities and related features, based on the concept provided in Fig-
ure 17.  

5.3.1 General Layout of TU-MARS 

When first starting TU-MARS, a window appears (see Figure 21), where an excel file 
containing the maintenance reports can be selected. The excel file must always have 
the same format in order to be interpretable by TU-MARS. 

 

Figure 21: TU-MARS Select File Window 

After selecting the maintenance report file the main window appears within a few sec-
onds of waiting time, depending on the file size. TU-MARS is organised by using tabs, 
i.e. tab by tab the results of the text analysis are presented. The first tab “Parameters” 
simply displays the input of the read file in an unprocessed manner. In order to only 
process the most relevant data the attributes TIME_STAMP, GUI_BUCHUNGSTEXT, 
CREATION_DATE and CONTACT_PERSON from the original excel input file were 
omitted (see Table 23). With the help of a filter, the reports can then be categorized by 
the user by choosing an attribute, as shown in Figure 22. 

 
262 Python can be downloaded here: https://www.python.org/downloads/ 
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Figure 22: TU-MARS Parameters Tab 

5.3.2 Pre-Processing of Maintenance Reports 

By examining the reports it can be noticed that the reports vary in form, language and 
size (see Table 23). Some reports are written in English, some are written in German 
and some are written in both, English and German. Also, generally the readability-
quality of the reports varies widely. Special characters (e.g. →) are used, as well as 
more whitespaces than usually in a grammatically correct sentence. Further, some 
reports consider case sensitivity, and others do not. 

The pre-processing steps in TU-MARS are executed as follows. Each report is stripped 
from any additional white spaces. Further pre-processing steps are only applied for 
association measurement.  

In order to measure the readability of the maintenance reports four factors are consid-
ered:  

1) text length  
2) ability to detect the used language in the report  
3) usage of special characters in the text  
4) correct spelling in the report  

https://www.tuwien.at/bibliothek
https://www.tuwien.at/bibliothek


D
ie

 a
pp

ro
bi

er
te

 g
ed

ru
ck

te
 O

rig
in

al
ve

rs
io

n 
di

es
er

 D
ip

lo
m

ar
be

it 
is

t a
n 

de
r 

T
U

 W
ie

n 
B

ib
lio

th
ek

 v
er

fü
gb

ar
.

T
he

 a
pp

ro
ve

d 
or

ig
in

al
 v

er
si

on
 o

f t
hi

s 
th

es
is

 is
 a

va
ila

bl
e 

in
 p

rin
t a

t T
U

 W
ie

n 
B

ib
lio

th
ek

.
D

ie
 a

pp
ro

bi
er

te
 g

ed
ru

ck
te

 O
rig

in
al

ve
rs

io
n 

di
es

er
 D

ip
lo

m
ar

be
it 

is
t a

n 
de

r 
T

U
 W

ie
n 

B
ib

lio
th

ek
 v

er
fü

gb
ar

.
T

he
 a

pp
ro

ve
d 

or
ig

in
al

 v
er

si
on

 o
f t

hi
s 

th
es

is
 is

 a
va

ila
bl

e 
in

 p
rin

t a
t T

U
 W

ie
n 

B
ib

lio
th

ek
.

Design and Development of a Proof-of-Concept Software Demonstrator for Text 
Understandability in Maintenance  75 

Each report is analysed based on these four factors stated above. Therefore, for each 
report the text length, the detected language as well as the usage of special characters 
in the report is identified and displayed for the user. However, in order to draw valuable 
information from these categories, TU-MARS does not calculate a readability value 
only based on one single report, but on all reports belonging to this attribute group. In 
other words, the user is able to choose a report attribute based on which a text quality 
calculation is performed, as displayed in Figure 23.  

“Overall Text Quality” is computed by including 

1) the average text length of all reports,  
2) the average ability to detect the used language in the reports, 
3)  the average usage of special characters in the reports as well as correct 

spelling rate in the reports belonging to the chosen attribute.  

For the user the calculated stats are then presented in a compact dashboard. The 
results are marked green if a value equal or higher to 80% is achieved. 

 

Figure 23: TU-MARS Readability Page 

Moreover, in order to calculate the text length of a report and further the text length 
ratio of a group of reports, only the words in a report are considered. Special characters 
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within a report are being filtered, so they do not interfere with the calculated text length. 
Since most of the reports are held quite short it was chosen a minimum number of 
three words in order to rate a report as report with an accurate length. The text length 
ratio (see Equation 2) is simply the number of reports containing more than three words 
to the number of all reports. 

𝑇𝑒𝑥𝑡 𝐿𝑒𝑛𝑔𝑡ℎ 𝑅𝑎𝑡𝑖𝑜 = 𝑁𝑅𝑒𝑝𝑜𝑟𝑡𝑠 > 3 𝑊𝑜𝑟𝑑𝑠𝑁𝐴𝑙𝑙 𝑅𝑒𝑝𝑜𝑟𝑡𝑠  

Equation 2: Text Length Ratio 𝑁𝑅𝑒𝑝𝑜𝑟𝑡𝑠 > 3 𝑊𝑜𝑟𝑑𝑠  Number of reports containing 4 words or above 𝑁𝐴𝑙𝑙 𝑅𝑒𝑝𝑜𝑟𝑡𝑠   Number of all Reports 

 

If the text length ratio of all maintenance reports corresponding with an attribute is 
greater or equal to 0.8 (equal to 80%), the text length is considered as readable. Since 
literature covering the matter of text readability only notes that texts too short or too 
long are worsening the text readability, a minimum text length of three has been cho-
sen.  

In order to attempt to detect the language used in the reports, the Python module “lan-

gid” has been used (see Table 25). 

Table 25: Python Module for Language Detection 

Python Modules for Language Detection 

Langid • trained by a Naïve Bayes classifier with a multinomial event 
model263  

• 97 languages detectable 

• Trained with training data from 5 different domains264  

 

With the help of langid the reports are then categorized into three groups, namely: 
German reports, English Reports and Reports with an undetectable language. For 
every maintenance report the detected language is displayed. The language detection 
ratio is calculated on attribute level, i.e. the number of reports that shows a detectable 
language divided by the number of all reports (see Equation 3). 

 

 
263 Cf. Lui and Baldwin. 
264 Cf. Lui and Baldwin. 
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Design and Development of a Proof-of-Concept Software Demonstrator for Text 
Understandability in Maintenance  77 𝐿𝑎𝑛𝑔𝑢𝑎𝑔𝑒 𝐷𝑒𝑐𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑖𝑜 = 𝑁𝑅𝑒𝑝𝑜𝑟𝑡𝑠 𝑤𝑖𝑡ℎ 𝑑𝑒𝑡𝑒𝑐𝑡𝑎𝑏𝑙𝑒 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒𝑁𝐴𝑙𝑙 𝑟𝑒𝑝𝑜𝑟𝑡𝑠  

Equation 3: Language Detection Ratio 𝑁𝑅𝑒𝑝𝑜𝑟𝑡𝑠 𝑤𝑖𝑡ℎ 𝑑𝑒𝑡𝑒𝑐𝑡𝑎𝑏𝑙𝑒 𝐿𝑎𝑛𝑔𝑢𝑎𝑔𝑒 Number of reports with a detectable language 𝑁𝐴𝑙𝑙 𝑅𝑒𝑝𝑜𝑟𝑡𝑠    Number of all Reports 
 

Further, for every report it is determined whether special characters besides the ordi-
nary punctuation are used by applying regular expressions. Therefore, in order to avoid 
ordinary punctuation marks “.”, “!” and “?” are excluded from the special character de-
tection. The no special character usage rate (see Equation 4) is then simply calculated 
again on attribute level by dividing the number of reports using no special characters 
by the number of all reports belonging to an attribute. 

𝑁𝑜 𝑆𝑝𝑒𝑐𝑖𝑎𝑙 𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟 𝑈𝑠𝑎𝑔𝑒 𝑅𝑎𝑡𝑒 =  𝑁𝑅𝑒𝑝𝑜𝑟𝑡𝑠 𝑢𝑠𝑖𝑛𝑔 𝑛𝑜 𝑠𝑝𝑒𝑐𝑖𝑎𝑙 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠𝑁𝐴𝑙𝑙 𝑟𝑒𝑝𝑜𝑟𝑡𝑠  

Equation 4: No Special Character Usage Rate 𝑁𝑅𝑒𝑝𝑜𝑟𝑡𝑠 𝑢𝑠𝑖𝑛𝑔 𝑠𝑝𝑒𝑐𝑖𝑎𝑙 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠  Number of reports no special characters 𝑁𝐴𝑙𝑙 𝑟𝑒𝑝𝑜𝑟𝑡𝑠    Number of all Reports 

 

It is worth noting that the special character detection is only happening in its simplest 
form. In the current state of TU-MARS, hyphenises are marked as unintended special 
characters, even though in some cases they are grammatically correct. In further de-
velopment steps, the process of special character detection can be refined. This could 
include the detection of the co-occurrence of special characters as well as excluding 
special characters being detected at the beginning or the end of a report.  

For every word used in a maintenance report a spell check is performed. For the per-
formed spell check the Python module “SpellChecker” (see Table 26) is used.  

Table 26: Python Modules for Spell Checking 

Python Modules for Spell Checking 

SpellChecker • Using the levenshtein distance algorithm in order to find permuta-
tions, then all permutations are compared to known words in a 
word frequency list 

• Multiple languages are supported, including English and Ger-
man265 

 

 
265 Cf. pyspellchecker. 
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The correct spelling rate is then calculated on attribute level by dividing the number of 
reports that are spelled correctly by the number of all reports belonging to an attribute 
(see Equation 5). 

𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑆𝑝𝑒𝑙𝑙𝑖𝑛𝑔 𝑅𝑎𝑡𝑒 =  𝑁𝑅𝑒𝑝𝑜𝑟𝑡𝑠 𝑡ℎ𝑎𝑡 𝑎𝑟𝑒 𝑠𝑝𝑒𝑙𝑙𝑒𝑑 𝑐𝑜𝑟𝑟𝑒𝑐𝑙𝑡𝑦𝑁𝐴𝑙𝑙 𝑟𝑒𝑝𝑜𝑟𝑡𝑠  

Equation 5: Correct Spelling Rate 𝑁𝑅𝑒𝑝𝑜𝑟𝑡𝑠  𝑡ℎ𝑎𝑡 𝑎𝑟𝑒 𝑠𝑝𝑒𝑙𝑙𝑒𝑑 𝑐𝑜𝑟𝑟𝑒𝑐𝑙𝑡𝑦 Number of reports that are spelled correctly 𝑁𝐴𝑙𝑙 𝑟𝑒𝑝𝑜𝑟𝑡𝑠    Number of all Reports 

 

Even though a correct spelling rate is calculated, it must be considered that the python 
module (SpellChecker) used for the spell check is comparing the terms used in the 
maintenance reports to words in a word frequency list. However, in the maintenance 
reports, a lot of maintenance specific terms and abbreviations are used, that are then 
marked as incorrect by SpellChecker, even though the spelling would be correct, lead-
ing to a low accuracy. In a further version of TU-MARS this must be improved, by 
including a feedback loop in order to exclude maintenance specific terms and abbrevi-
ations from being detected as a spelling mistake. Another concern is that an English 
spell check is performed in case of a detected English report and a German spell check 
is performed in a case of a detected German report. However, in many cases in an 
English report German words are used and vice versa. Therefore, words are detected 
as misspelled even though they are correct in their language.  

The overall text quality is then calculated under the consideration of text length ratio, 
language detection ratio, no special character usage rate as well as the correct spelling 
rate (see Equation 6).  

𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝑇𝑒𝑥𝑡 𝑄𝑢𝑎𝑙𝑖𝑡𝑦 =  𝑇𝑒𝑥𝑡 𝐿𝑒𝑛𝑔𝑡ℎ 𝑅𝑎𝑡𝑖𝑜 + 𝐿𝑎𝑛𝑔𝑢𝑎𝑔𝑒 𝐷𝑒𝑐𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑖𝑜 + 𝑁𝑜 𝑆𝑝𝑒𝑐𝑖𝑎𝑙 𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟 𝑈𝑠𝑎𝑔𝑒 𝑅𝑎𝑡𝑒 +  𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑆𝑝𝑒𝑙𝑙𝑖𝑛𝑔 𝑅𝑎𝑡𝑒4  

Equation 6: Overall Text Quality 

 

For a future work, it would be reasonable to weigh text length ratio, language detection 
ratio, no special character usage rate as well as correct spelling rate according to their 
contribution to the overall text quality.  

5.3.3 Sentiment Analysis 

Another important information that can be extracted from a textual document is the 
sentiment of the text (see Sentiment Analysis). Therefore, TU-MARS attempts to ex-
tract the sentiment of the given maintenance reports.  
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Figure 24: TU-MARS Sentiment Analysis Tab 

The sentiment extraction in TU-MARS is based on a supervised ML-approach. For a 
first set of training data, an already pre-existing, openly accessible set of annotated 
movie reviews has been chosen. Those already annotated movie reviews can be ob-
tained from the Python module NLTK. In order to obtain both, training and testing data, 
the movie reviews are split in half. To achieve the most accurate outcome for the im-
plementation of the sentiment analysis, several machine learning algorithms (Linear 
SVC, MNB, Bernoulli NB, Logistic Regression - these ML-algorithms are already im-
plemented on the Python module Sklearn266) are taken under consideration. Then the 
algorithms are tested by training them with half of the movie reviews, functioning as 
training data and then evaluating the accuracy of the ML algorithms, by testing the 
algorithm with the second half of the movie reviews. Due to achieving the highest ac-
curacy on the annotated test data, the Bernoulli NB classifier has been chosen for the 
sentiment analysis of the reports. 

For every maintenance report, the classifier then returns a sentiment as well as the 
accuracy of the returned sentiment (see Figure 24). Even though TU-MARS returns a 
sentiment and accuracy for every maintenance report, it has to be considered that the 

 
266 Can be downloaded at: https://scikit-learn.org/stable/install.html 
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training data were English movie reviews. Therefore, the calculated sentiment for the 
German reports is not accurate and the accuracy of the English reports is only based 
on the movie reviews. 

In order to achieve a correct sentiment output, in a further version of TU-MARS a hybrid 
approach, mixing the lexicon-based approach and a supervised ML approach should 
be taken. Then the sentiment defining key terms from the reports could be added to a 
sentiment lexicon and could then be used in combination with a supervised ML ap-
proach, trained on similar data to the maintenance reports.  

5.3.4 Association Measurement 

As mentioned in the section Association Measurement (see Association Measure-
ment), seeing a specific word, as well as co-occurring words around this word, leads 
to an association depending on the knowledge of the reader. Considering that every 
maintenance report has different attributes, two kinds of associations can be found 
(see Figure 25). 

 

Figure 25: TU-MARS Association Measurement tab 

Firstly, associations can be found that connect expressions to a chosen attribute. To 
give an illustration, when filtering all reports for equipment several words should be 
associable with the chosen equipment, if the sample size of reports is big enough. 
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Secondly, associations between co-occurring words in the maintenance reports can 
be found. Therefore, two levels of associations are detectable using TU-MARS, the 
base level of associations, linking expressions to chosen attributes and on an ad-
vanced level, then linking these attribute-associated words with their co-occurring 
words (bi-grams). 

In order to receive expressions correlated to an attribute, several approaches can be 
employed. The approach used in TU-MARS is the calculation of the term frequency 
(TF). Like the inverse term frequency (TF-IDF), TF is are used for calculating the weight 
of terms in a document.267 It is differentiated between the absolute TF, whereas it is 
counted how many times an expression appears in a text and the relative TF (see 
Equation 7), where the ratio of the occurrence of a term in a document to the number 
of words in the document is calculated.268 

𝑇𝐹𝑖 = 𝑤𝑖𝑁  

Equation 7: Relative Term Frequency269 𝑇𝐹𝑖 relative term frequency of a word i 𝑤𝑖 number of times a term appears in a document (all reports for an equipment) 𝑁 number of terms in all documents (all reports for an equipment) 
 

Another option of weighting the terms in a document is the TF-IDF (see Equation 8). 
Unlike the (relative) TF, TF-IDF considers the relevancy of a term in a document, by 
treating terms that appear several times in a text as less relevant than terms that only 
occur sporadically.270 

𝑇𝐹 − 𝐼𝐷𝐹𝑖𝑗 = log ( 𝑁𝐷𝑓𝑖)(1 + log(𝑇 ∗ 𝐹𝑖)) 

Equation 8: Inverse Term Frequency271 𝑇𝐹 − 𝐼𝐷𝐹𝑖𝑗 inverse term frequency 𝑁  total number of texts in a collection 𝑇 ∗ 𝐹𝑖  number of occurrences of the word in a text 𝐷𝑓𝑖  number of texts that include the word 
 

For the matter of the prototypical software TU-MARS, TF has been chosen as a way 
of showing the associations to an attribute, since the majority of the reports are held 

 
267 Cf. Jo 2019, 24. 
268 Cf. Jo 2019, 24–5. 
269 Cf. Weiss et al. 2015, 25. 
270 Cf. Weiss et al. 2015, 25. 
271 Cf. Weiss et al. 2015, 25. 
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very short and therefore no significant correlations where found using the TF-IDF. Fur-
thermore, to calculate the TF-IDF, the information of all documents belonging to an 
attribute must be considered. The words weigh proportional to their occurrences in the 
given text and reversely proportional to their occurrences in other texts.272 To put it in 
another way, using TF-IDF resulted in weighing meaningless words very high due to 
short reports. 

In order to be able to use TF in an efficient manner, the formula had to be adjusted 
slightly in order to meet the criteria of the mostly very short reports. Instead of calcu-
lating the TF on document level, the TF is calculated on an attribute level. For calcu-
lating the TF, the following pre-processing steps were performed: all words were lower-
cased and in order to avoid unnecessary output, stop words were removed (see Pre-
Processing of Textual Data). 

When looking at the calculated TF of the words it can be noted that even though stop-
words were removed, still words like “ok” or the abbreviation of a report author are 
usually the words ranked with the highest TF. For a further version of TU-MARS, the 
most common words appearing in the output, not carrying any important information 
should be excluded as well. For this matter, a user triggered feedback loop could be 
introduced. 

Besides, bi-grams of each report are considered to get information about which terms 
are usually used together in a maintenance report. Due to the shortness of the reports 
a n- gram higher than a bi-gram is not an option. Therefore, additionally to the words 
ranked by their TF, when clicking on that word, all bi-grams including that words are 
shown. To put it in other words, for the words associable with an attribute, the most 
frequent word-pairs, containing that word are ranked by their number of occurrences. 

5.3.5 Text Analysis on Report Level 

TU-MARS provides an overview of the text analysis results on report level, meaning 
that every report is evaluated by itself (see Figure 26). When clicking on a report, all 
information extracted from the report is presented and a pdf report can be created. The 
readability statistics show the text length and the detected language as well as the 
occurrence of special characters. The sentiment statistics display the detected senti-
ment of the report as well as the accuracy. 

 

 
272 Cf. Jo 2019, 25. 
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Figure 26: Text Analysis on Report Level – Dashboard 

The text understandability rate on report level relies on the text quality features men-
tioned above, i.e. language detection, text length, special character usage, and the 
correct spelling rate. In order to get percentage values for these quality features on 
report level the formulas for the quality features have been adjusted slightly. In case of 
the language detection ratio, only two results are possible: 0% in the case of no lan-
guage recognition, and 100% in the case of language recognition. To scale the text 
length ratio between 0% and 100% could not be handled that easily. Therefore, the 
text length of a report is categorized into three categories, and then is assigned by a 
percentage value in dependence of these categories. 

• Category 1: A text length of 3 words or less got assigned a percentage value 
of 30% 

• Category 2: A text length between 4 and 5 words got assigned a percentage 
value of 70%  

• Category 3: A text length greater than 5 words got assigned a percentage value 
of 100%  
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For the no special character usage rate, the formula used for the special character rate 
formula (see Equation 4) on attribute level has been adjusted slighted for the report 
level (see Equation 9). 𝑁𝑜 𝑠𝑝𝑒𝑐𝑖𝑎𝑙 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟 𝑢𝑠𝑎𝑔𝑒 𝑟𝑎𝑡𝑒𝑟𝑒𝑝𝑜𝑟𝑡 𝑙𝑒𝑣𝑒𝑙= 1 −  𝑁𝑆𝑝𝑒𝑐𝑖𝑎𝑙 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠 + 𝑁𝑊𝑜𝑟𝑑𝑠 𝑤𝑖𝑡ℎ 𝑠𝑝𝑒𝑐𝑖𝑎𝑙 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠𝑁𝑆𝑝𝑒𝑐𝑖𝑎𝑙 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠 +  𝑁𝑊𝑜𝑟𝑑𝑠 𝑤.  𝑠𝑝𝑒𝑐𝑖𝑎𝑙 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠 +  𝑁𝑊𝑜𝑟𝑑𝑠 

Equation 9: No Special Character Usage Rate – Report Level 𝑁𝑆𝑝𝑒𝑐𝑖𝑎𝑙 𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠  Number of special characters  𝑁𝑊𝑜𝑟𝑑𝑠 𝑤𝑖𝑡ℎ 𝑠𝑝𝑒𝑐𝑖𝑎𝑙 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠  Number of words containing special characters 𝑁𝑊𝑜𝑟𝑑𝑠     Number of words in a report containing no special characters 

 

The correct spelling rate is once more a modification of the formula (see Equation 5) 
used on attribute level (see Equation 10) 

𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑠𝑝𝑒𝑙𝑙𝑖𝑛𝑔 𝑟𝑎𝑡𝑒𝑟𝑒𝑝𝑜𝑟𝑡 𝑙𝑒𝑣𝑒𝑙 =  𝑁𝑊𝑜𝑟𝑑𝑠 𝑖𝑛 𝑎 𝑟𝑒𝑝𝑜𝑟𝑡 𝑠𝑝𝑒𝑙𝑙𝑒𝑑 𝑐𝑜𝑟𝑟𝑒𝑐𝑙𝑡𝑦𝑁𝑊𝑜𝑟𝑑𝑠 𝑖𝑛 𝑟𝑒𝑝𝑜𝑟𝑡  

Equation 10: Correct Spelling Rate – Report Level 𝑁𝑊𝑜𝑟𝑑𝑠 𝑖𝑛 𝑎 𝑟𝑒𝑝𝑜𝑟𝑡 𝑠𝑝𝑒𝑙𝑙𝑒𝑑 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 Number of reports that are spelled correctly 𝑁𝑊𝑜𝑟𝑑𝑠 𝑖𝑛 𝑎 𝑟𝑒𝑝𝑜𝑟𝑡   Number of all Reports 

 

By choosing an attribute the TF of all words in the reports belonging to the attribute is 
calculated. Lowercasing and stop word removal is performed earlier as mentioned 
above. The words are then listed in descending by their TF. Even though stop words 
were removed, there are still outliers like abbreviations or short insignificant terms used 
with a high frequency, that score a high TF, which in turn blurs the actual association 
of the words. Therefore, in order to avoid outliers, the lowest and the highest scores of 
the ranked words are removed. The remaining words with their TFs are then scaled 
between 0 and 100% associability. Thus, every word is assigned a value between 0 
and 100%, representing the connection of the word to the chosen attribute. The num-
ber of terms showing an associability then add up to AMITF (see Equation 11). When 
the word has a percent value greater than 30%, it is considered being associable to 
the attribute. The number of terms showing an associability then add up to AMITF. The 
three words showing the highest associability to an attribute are displayed under the 
Association Statistics. 
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Design and Development of a Proof-of-Concept Software Demonstrator for Text 
Understandability in Maintenance  85 𝐴𝑀𝐼𝑇𝐹 = 𝑁𝐴𝑠𝑠𝑜𝑐𝑖𝑎𝑏𝑙𝑒 𝑊𝑜𝑟𝑑𝑠𝑁𝐴𝑙𝑙 𝑊𝑜𝑟𝑑𝑠 𝑖𝑛 𝑎 𝑅𝑒𝑝𝑜𝑟𝑡 

Equation 11: Association Measuring Index – Term Frequency 𝐴𝑀𝐼𝑇𝐹   Association Measuring Index – Term Frequency 𝑁𝐴𝑠𝑠𝑜𝑐𝑖𝑎𝑏𝑙𝑒 𝑊𝑜𝑟𝑑𝑠 Number of words in a report showing an associability greater than 30% 𝑁𝐴𝑙𝑙 𝑊𝑜𝑟𝑑𝑠 𝑖𝑛 𝑎 𝑅𝑒𝑝𝑜𝑟𝑡 Number of all words in a report 

 

Similar to the AMITF the bigrams for all reports belonging to the chosen attribute are 
listed descending by their frequency and then scaled from 0 to 100% depending on 
their associability. Then for each report, individually all bigrams and their associability’s 
are listed. When the bigram has a percent value greater than 30%, it is considered 
being associable to the attribute. The number of terms showing an associability then 
add up to AMIBigram (see Equation 12). The top three bigrams showing an associability 
percent value greater than 30% are listed under Association Stats.  

𝐴𝑀𝐼𝐵𝑖𝑔𝑟𝑎𝑚 = 𝑁𝐴𝑠𝑠𝑜𝑐𝑖𝑎𝑏𝑙𝑒 𝑏𝑖𝑔𝑟𝑎𝑚𝑠𝑁𝐴𝑙𝑙 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑎 𝑟𝑒𝑝𝑜𝑟𝑡 

Equation 12: Association Measuring Index – Bigram Level 𝐴𝑀𝐼𝐵𝑖𝑔𝑟𝑎𝑚  Association Measuring Index – Bigram  𝑁𝐴𝑠𝑠𝑜𝑐𝑖𝑎𝑏𝑙𝑒 𝐵𝑖𝑔𝑟𝑎𝑚𝑠 Number of bigrams in a report showing an associability greater than 30% 𝑁𝐴𝑙𝑙 𝐵𝑖𝑔𝑟𝑎𝑚𝑠 𝑖𝑛 𝑎 𝑅𝑒𝑝𝑜𝑟𝑡 Number of all bigrams in a report 

 

By using these two levels of association (AMITF and AMIBigram) described above, an 
Association Measuring Index (AMI) of a report can be calculated (see Equation 13). 
The AMI of a report depends on the perspective and therefore the chosen attribute, 
under which perspective the report is looked at. For instance, when filtering all given 
maintenance reports by a specific author (author A), the report (report X) will show a 
different AMI, as if the reports were filtered by a specific equipment (equipment E). 
Report X can have a high AMI for the author A and a low AMI for equipment E and vice 
versa.The AMI reflects the associability of the words and bigrams in a report with an 
attribute of the report. Since the associability of a report cannot be determined without 
the other reports related to an attribute, the other reports must be taken under account 
as well.  

These two sub-indexes are weighted with a factor of 0.5 and then added up to the 
association-measurement-index. The association-measurement-index is converted to 
a value varying between 0 and 100%, with 0 showing no association to the selected 
feature and 100 showing a very strong association to the feature.  
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Design and Development of a Proof-of-Concept Software Demonstrator for Text 
Understandability in Maintenance  86 𝐴𝑀𝐼 =  (𝐴𝑀𝐼𝑇𝐹 ∗ 0.5 + 𝐴𝑀𝐼𝐵𝑖𝑔𝑟𝑎𝑚 ∗ 0.5) ∗ 100 

Equation 13: Association Measuring Index 𝐴𝑀𝐼  Association Measuring Index on Report Level 

5.3.6  Text Analysis on Attribute Level 

Besides the overview on the text analysis reports on report level, a dashboard present-
ing the results on an attribute level is presented. For this purpose, an attribute can be 
selected, whereby all text mining statistics of the reports belonging to this attribute are 
displayed (see Figure 27). E.g. for the Author “Eggchr” (not the real name) the text 
understandability stats are presented. TU-MARS presents the average language, the 
average text length, the usage of any special characters as well as the average senti-
ment of the authors written reports. Besides that, the most frequently used words are 
displayed. In this case the most frequently word used is “ec”, since that is an abbrevi-
ation of the authors name. Further, the most common bi-grams used in his reports are 
shown. For these stats a PDF-report can be generated. The text analysis on attribute 
level therefore gives insights considering a certain attribute, like in this case the au-
thor.This can lead to insights into which equipment the author is usually using and 
which maintenance measures he usually takes. 

 

Figure 27: Text Analysis on Attribute Level – Dashboard 
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5.4 Impact of TU-MARS on Maintenance 4.0 

TU-MARS focuses on extracting meaningful information from the maintenance reports, 
that can be linked to maintenance events. Each of the extracted factors, text readabil-
ity, sentiment and association measuring index, provides useful information about the 
early stage detection of failure, reduction of human failures and the improvement of 
explication of human knowledge. The text readability factor correlates with the reduc-
tion of human failure rates and the improvement of the explication of human 
knowledge. If a text is written in a detectable language with very few misspellings and 
special characters, as well as an average text length, humans as well as machine are 
able to interpret the content of the report. If a maintenance employee has to take 
maintenance actions on behalf of an earlier written report, the report must have a cer-
tain readability factor. If the readability factor is too small, the operator might have trou-
ble following the instructions, which can lead to human failure. Besides that, the stored 
information in the report cannot be added to the knowledgebase, if a text analysis tool 
is not able to extract any information. The extracted sentiment is especially useful, for 
analysing really short reports, that are not evaluative. The association measurement 
has the ability, to contribute to an early stage detection. If past reports of a certain 
machine are evaluated and one adjective like “vibrating”, appears quite frequently, this 
could indicate an unknown anomaly of the machine that could lead to a failure. Further 
through the measured association human failure rates can be reduced. E.g. if the op-
erators’ report is analysed, after the maintenance operation ,by an algorithm, and the 
algorithm detects an important missing step, since a certain word that is usually asso-
ciated with the machine during a certain maintenance procedure is missing, the mainte-
nance employee could be informed to redo the maintenance procedure. Besides that, 
through measuring associations in a report, the equipment which is usually used for a 
procedure can be extracted. Therefore, the next time a similar procedure happens, the 
system can already suggest the right equipment. Besides that, specific tricks when 
handling the machine only known by the maintenance employee, can be incorporated 
into the knowledge base. Thus, the knowledge of the employee is not lost.273 

Due to the possibilities that arise through analysing maintenance reports, the following 
schematic graph (see Figure 28) can be drawn. The dependencies of human failure 
rate, time of failure detection and knowledge explication from the report are shown. 
The higher the text understandability, the lower the human failure rate, the earlier the 
time of failure detection and the higher knowledge exploitation from the report. 

 
273 Cf. Ansari 2020, 7. 
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Figure 28: Text Understandability Dependencies 

5.5 Summary of Key Features and Improvement Potentials 

of TU-MARS  

TU-MARS is a first level proof-of-concept software demonstrator for a text under-
standability tool. As already noted in the software description, TU-MARS still leaves 
room for improvement. Right now, a lot of features are implemented in a very rudi-
mental and simple way. A comparison of the current version vs. a possible future ver-
sion is displayed In Table 27. It discusses the current weaknesses of TU-MARS and 
possible improvements of the already implemented features. Based on the comparison 
a new concept for TU-MARS 2.0 is presented. 

Table 27: TU-MARS - Possibilities for Improvement 

Category Sub-Category Current State 

Improvements 

 

 

Text Readability 

 

 

Text Length 

• In the current version a minimum number of 
three words was chosen as an acceptable 
text length. 

• Finding an accurate text length that is appli-
cable to text types like maintenance reports 
and defining the minimum report length of a 
reasonable interpretable report. 

https://www.tuwien.at/bibliothek
https://www.tuwien.at/bibliothek


D
ie

 a
pp

ro
bi

er
te

 g
ed

ru
ck

te
 O

rig
in

al
ve

rs
io

n 
di

es
er

 D
ip

lo
m

ar
be

it 
is

t a
n 

de
r 

T
U

 W
ie

n 
B

ib
lio

th
ek

 v
er

fü
gb

ar
.

T
he

 a
pp

ro
ve

d 
or

ig
in

al
 v

er
si

on
 o

f t
hi

s 
th

es
is

 is
 a

va
ila

bl
e 

in
 p

rin
t a

t T
U

 W
ie

n 
B

ib
lio

th
ek

.
D

ie
 a

pp
ro

bi
er

te
 g

ed
ru

ck
te

 O
rig

in
al

ve
rs

io
n 

di
es

er
 D

ip
lo

m
ar

be
it 

is
t a

n 
de

r 
T

U
 W

ie
n 

B
ib

lio
th

ek
 v

er
fü

gb
ar

.
T

he
 a

pp
ro

ve
d 

or
ig

in
al

 v
er

si
on

 o
f t

hi
s 

th
es

is
 is

 a
va

ila
bl

e 
in

 p
rin

t a
t T

U
 W

ie
n 

B
ib

lio
th

ek
.

Design and Development of a Proof-of-Concept Software Demonstrator for Text 
Understandability in Maintenance  89 

Category Sub-Category Current State 

Improvements 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Text Readability 

Language Detec-
tion 

• Right now, the language detection only re-
turns whether an English or a German report 
was detected. 

• It would be useful to implement a language de-
tection algorithm, that displays the percentage 
of English and German words in a report. 

Special Character 
Detection 

• In the current state of TU-MARS, all special 
characters that are not simple punctuations 
are marked as a match. 

• In a future version the regular expressions 
used to detect these special characters must 
be refined and e.g. the co-occurrence of spe-
cial characters could be considered, so the 
meaning behind special characters can be 
detected automatically. 

Correct Spelling 

• Currently, reports are being separated into 
English and German reports and depending 
on the detected language a spell check is per-
formed. However, in many reports both Eng-
lish and German is used. Therefore, words are 
detected as misspelled even though they are 
correct in their language.  

• Improvement of the used spell checker, ideally 
with an integrated feedback loop. Since a lot 
of maintenance specific terms and abbrevia-
tions are used, these terms must be included 
into the library of the spell checker. 

• Besides that a multilingual spell check, check-
ing for both, English and German spelling 
would be necessary. 

Overall Text 
Readability 

• In the current version text length, language 
detection ratio, no special character usage 
rate as well as the correct spelling rate con-
tribute all equally to the overall text readability. 

• For a future work it would be reasonable to 
weigh text length ratio, language detection ra-
tio, no special character usage rate as well as 
correct spelling rate according to their contri-
bution to the overall text quality. 

Sentiment Anal-
ysis 

 • Currently only supervised ML-approach is im-
plemented.  
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Category Sub-Category Current State 

Improvements 

 

 

 

Sentiment Anal-
ysis 

Choosing a hybrid sentiment analysis approach 
that includes both supervised ML as well as a lex-
icon-based approach: 

• the lexicon-based approach should contain 
the knowledge of an individual that is able to 
interpret a sample size of maintenance reports 
in terms of opinion of the reports 

the supervised ML approach should include train-
ing data, more similar to the maintenance reports 

Association 
Measurement 

Baselevel Asso-
ciation Measure-
ment (TF) 

• Currently words like “ok” or the abbreviation 
of a report author are usually the words 
ranked with the highest TF. 

• For a further version of TU-MARS, the most 
common words, not carrying any important 
information, appearing in the output, should 
be excluded as well – just like the stop-
words. For this matter a user triggered feed-
back loop could be introduced. 

Text Analysis on 
Report Level 

Text Under-
standability Rate 
– Report Level 

 

• The language detection contributing to the text 
understandability can only take 0% or 100.  

• In a further version of TU-MARS is should 
therefore be considered to introduce values in 
the range of 0% and 100%, including the op-
tion of multilingual reports.  

• Besides that, the already mentioned future as-
pects for the text length, the special charac-
ters and spell check should be taken under ac-
count. 

 

Considering all these improvement possibilities for TU-MARS a new concept image 
(Figure 29) is created, trying to include all these new approaches.  

The new version of TU-MARS (TU-MARS 2.0) includes a stricter readability check, 
reports not meeting these criteria are not included further. Therefore, if a report is too 
short according to the new definition, the reasonable text length or the language check 
fails the report is automatically excluded.  

For the spellcheck a feed-back loop is introduced, where a knowledge export rechecks 
the misspelled words and evaluated whether the word is truly misspelled or just a 
maintenance specific term. Terms that are actually maintenance specific terms or ab-
breviations are then stored, so the spell check takes these newly added terms into 
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account. The special character usage is refined. After the readability check is con-
ducted, the next level of information extraction takes place.  

In case of the sentiment, analysis the ML-algorithm is trained with appropriated anno-
tated maintenance reports and further a sentiment lexicon is created by a knowledge 
expert, adding maintenance relevant sentiment terms to the lexicon. This should lead 
to an improved accuracy of the evaluated sentiment of the reports. Since the stop-word 
removal did not remove all frequent terms carrying no relevant information, a mainte-
nance knowledge expert determines words that occur regularly in maintenance re-
ports, but do not carry any relevant information. These words are then removed addi-
tionally to the stop words, when pre-processing the reports. The extracted knowledge 
from the reports is then stored in a knowledge database, which allows other systems 
to access the data. 

 

Figure 29: Conception of TU-MARS 2.0 
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6 Conclusion and Future Outlook 

The proposed concept to create a human like text understanding tool (TU-MARS), 
which is able to extract knowledge from maintenance reports, provides a structured 
approach to adopt text mining in the application field of I4.0. TU-MARS is an answer 
to the huge research gap that exits when it comes to knowledge extraction from text 
under the consideration of I4.0. By providing an extensive literature research of the 
topics I4.0, text mining and maintenance 4.0, it has become possible to show the ne-
cessity of knowledge extraction from text. In the process of the literature research, 
essential information, which can be extracted from the reports, has been evaluated. It 
has been determined that the information from maintenance reports can contribute to:  

• an increased explication of human knowledge 

• a reduction of the human failure rate 

• an earlier failure detection  

Further, information extraction techniques, that are able to extract essential information 
and are able to attempt a close to human text understandability, have been evaluated 
and chosen: 

• measuring text readability 

• sentiment analysis 

• association measurement  

With this concept in mind, an approach of a prototypical software (TU-MARS) has been 
taken. TU-MARS is able to measure the readability of the given maintenance report, 
analyse the sentiment and measure associations. Yet, the text analysis has been done 
on a limited amount of maintenance reports. Even though TU-MARS is only a first 
proof-of-concept demonstrator, i.e. a prototypical software, it is able to show a glance 
of the potential of text mining, especially when it comes to maintenance. When analys-
ing maintenance reports written by maintenance employees, different forms of infor-
mation can be extracted leading to an increase of knowledge, to reduced human failure 
and earlier failure detection. Through the detailed literature research, especially on 
current maintenance approaches in smart factories, it can be concluded that still a 
major work and research needs to be done in order establish knowledge extraction 
from text in maintenance strategies. Since there is not a lot of research revolving 
around text mining under the context of maintenance, context specific approaches are 
notable missing. In order to get more advanced knowledge extraction tools in this field, 
already existing approaches for text mining in different fields like marketing or social 
media could be adjusted and further developed. Another approach would be to rely 
more on machine learning and deep learning in order to create efficient knowledge 
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extraction modules. Right now, these gaps lead to textual data receiving little attention, 
even though valuable information could be extracted.  

Looking forward, TU-MARS gives a potential starting point for further text analysis tools 
in the application area of I4.0, especially at the Research Group of Smart and 
Knowledge-Based Maintenance (SKBM). However, there are still a lot of issues that 
should be dealt with in the future. For each pre-analysis contributing to text under-
standability, more advanced approaches must be taken. An important key feature must 
be the implementation of a feedback loop, allowing algorithms to be trained with the 
knowledge of experts. Another important feature must be the training of ML algorithms 
on actual annotated maintenance report data. Through analysing these reports, failure 
patterns can be detected and assistance for future maintenance actions can be pro-
vided. Further important factor is the improvement of production processes by feeding 
the extracted information back into feedback loops. Including textual data into a data-
controlled system brings huge potential for the production process as a whole, but also 
for maintenance concepts like prescriptive maintenance. In general, it is important to 
take maintenance reports seriously and to encourage maintenance employees to write 
the maintenance reports in the best possible manner, e.g. by means of work-based 
training and incentive systems. If maintenance reports are not processed any further, 
chances are high that the employees writing these reports are not putting enough effort 
in writing these reports. This leads to more difficulties when trying to computationally 
extract information from these reports, since the reports are in a suboptimal form. 
Therefore, it is important that text mining achieves a higher economic significance in 
the manufacturing and producing environment in order to benefit from the extracted 
knowledge. 
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