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ADstract

In the field of aircraft operations, maintenance is crucial for ensuring continued aircraft safety and
airworthiness. The maintenance is performed either scheduled as a preventive task, or unscheduled,
when an unexpected failure occurs on the aircraft. If immediate maintenance action is required, the
unscheduled tasks are executed during the turnaround time of the aircraft to ensure airworthiness
while minimizing the impact on the aircraft flight time. The limited time available during turnaround
causes the aircraft maintenance technician (AMT) to feel a pressure to perform as fast as possible,
to avoid costly flight disruptions. As AMTs still use paper-based documentation and have limited
access while on a task, finding the right information in this limited time can take up to 15-30% of the
task. In practice this means that during the execution of the task, the AMT must make a difficult
tradeoff between either searching the right documents which means spending valuable maintenance
time, or not using documentation and increasing the risk of errors. To avoid this, the search time
should be reduced. This can be achieved by a switch to digital documentation and using a system
to automate the information retrieval process, so that the AMT can focus on the actual repair of the
problem instead of searching for information. However, the functionality of such a system is not
available in the aircraft maintenance literature. Therefore, this thesis focusses on finding suitable
functionalities and techniques to use in such an automated documentation system. The main goal is
to formulate recommendations for how to create a system that can automatically identify and extract
relevant information from maintenance documentation to aid the AMT during unscheduled tasks.

As the literature in the aircraft maintenance domain is very limited towards these automated systems,
first an overview of possible approaches was created based on techniques and functionalities used
in other domains. Six major research domains were identified that focus on the retrieval and
extraction of information from text. These domains are: Natural Language Processing (NLP),
Information Retrieval (IR), Information Extraction (IE), Text Mining (TM), Machine Learning (ML) and
Knowledge Discovery in Text (KDT). Using the findings obtained from these domains, a novel
theoretical functional flow diagram (FFD) was created in this thesis based on an aggregation of the
information in the six identified domains. The developed FFD describes the functionalities that are
necessary in an automated documentation system and covers the pre-processing of documents and
information delivery to the user. Additionally, from the six domains a set of techniques was defined
that can be used in the functions in the FFD. Three groups of techniques are identified in the FFD:
document processing, pre-processing of document contents and the ad-hoc processing of a search
request. For document processing, techniques are found such as PDF2Text and tokenization, which
enable the processing of raw documents to plain text. The pre-processing techniques are used for
classification and clustering of the documents, the techniques in this group range from simple
Boolean techniques to more advanced Machine Learning techniques such as the Naive Bayes, k-
Nearest Neighbors (KNN) or fuzzy clustering techniques. Lastly, the ad-hoc processing can be
performed by the Boolean technique and advanced techniques such as Latent Semantic Indexing.

Based on this theoretical foundation a generic automated documentation system was developed. It
can work with any textual data source, technique or information request, so that it can be used in
many contexts. This novel system consists of three main elements: document processing, testing of
techniques (pre-processing) and a live search. The document processing functions are used to
convert raw pdf to tokenized documents, which can then be used by the testing functions. The testing
of techniques is based on a test setup that can be provided on a web client user interface. A test
setup is a combination of a technique, document sample and the information that should be identified

Vii



and extracted from the documents. The test results can be stored and accessed by the live search
system, which demonstrates the capabilities of such a system: provide an information query and
retrieve relevant documents to that query. This live search is also available on a web client interface.

This generic documentation system was extended to work with specific types of data. In this thesis,
it was chosen to select Airworthiness Directives (ADs) as the data source as these are available in
the public domain and in sufficient quantity to be able to perform ML techniques. A total of 14008 AD
documents were obtained from an EASA AD tool, from which 10571 were readable by a pdf text
extraction script and had meaningful content. To compare the performance of techniques on this
dataset of 10571 ADs, a use case was defined that determines which information is relevant to
extract from the documents: given an aircraft registration mark and a topic, identify the ADs that are
applicable / relevant. To implement this use case, the TAP aircraft fleet was used to have tangible
data to search for in the documents. Based on a selection of aircraft from the TAP fleet, five relevant
document properties are determined that must be extracted from the ADs to fulfil the use case:
Document Publisher, Document Language, Document Type, Document Superseded and Document
Aircraft Manufacturer. For each of these properties, three techniques were tested: the Boolean
technique and two Machine Learning techniques: Naive Bayes and kNN.

The performance assessment of the techniques was done based on the F-score, which is a
standardized combined score of precision and recall. The Naive Bayes technique performed best on
the Document Publisher and Language properties, with scores of 98.6% and 100%. Additionally, the
Boolean technique scored the highest on the Document Type and Document Aircraft Manufacturer
properties with a F-score of 97.1% and 93.1% respectively. Lastly, the Document Superseded
property was best extracted by the kNN technique with a score of 67.0%. Overall, almost all
properties could be extracted with a very high F-score (>93%). This is a positively surprising result,
as lower scores for more complex tasks were expected based on literature, which estimates scores
of about 80 to 85% for complex tasks.

It was found that each of the three considered techniques have their specific benefit depending on
the document property. The Boolean method performed best on properties that can be captured with
a single word in the text. However, if there is no single keyword describing the property, such as
Language or Publisher, the Machine Learning methods perform significantly better. Between the
Machine Learning methods considered, it can be concluded that the Naive Bayes method is better
if more words in a document are relevant for the classification of a document. On the other hand, the
kNN technique is better in distinguishing relevant and irrelevant words. It outperformed Naive Bayes
if there was only a set of relevant words in the documents.

It is concluded that for identifying and extracting information from ADs, the techniques to apply must
be selected based on the property to get the best performance. If another type of maintenance
documentation would be used in this system, such as the Aircraft Maintenance Manual, the process
of finding the best technique for each relevant property should be repeated. It means that for each
type of document and property in the documents, the system must be specifically designed and
tested before a selection can be made. By obtaining the results for the case of ADs and creating the
prototype system that can be modified for other types of maintenance documentation, a
recommended approach is established for how to design an automated documentation system to
aid the AMT during unscheduled tasks.
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1. Introduction

In the field of aircraft operations, maintenance is crucial for ensuring continued aircraft safety and
airworthiness (McDonald et al. 2000). Maintenance is performed either as a scheduled or
unscheduled task (Kinnison & Siddiqui 2012). Scheduled maintenance is a preventive task and
executed regularly when aircraft components are checked, repaired or replaced. Unscheduled
maintenance is performed in case of an unexpected event, such as component failure during flight.
If possible, these unexpected errors have to be repaired during the turnaround time of the aircraft to
ensure airworthiness while minimizing flight disruptions (Kinnison & Siddiqui 2012).

The limited time available during turnaround and the lack of information on the specific problem
causes the aircraft maintenance technician (AMT) to often feel a tension between safety and
economic interests (Atak & Kingma 2011). If AMTs are unable to perform their task during the
turnaround time, flight delays or disruptions can occur (Civil Aviation Authority 2002). The AMT has
the difficult task of obtaining the right information and fixing the problem in this limited time, for which
the AMT can either rely on his own knowledge and experience or consult maintenance
documentation. As AMTs still mainly use paper-based documentation during the execution of
maintenance tasks (Lee et al. 2008), finding the right information in those documents can take
between 15 and 30% of a task (Lampe et al. 2004; Taylor 2008). In practice, this means that during
the execution of the task the AMT has to make a difficult tradeoff between either finding the right
documents and spending valuable maintenance time on this search, or not using documentation and
increasing the risk of errors or mistakes (Zafiharimalala et al. 2014).

To avoid this tradeoff between undesirable options (delays vs. errors), the search time should be
reduced so that the AMT has more time to complete his task while using the right documents to
ensure a correct process. This can be achieved by moving to digital documentation and using a
system to automate the information retrieval process, so that the AMT can focus on the actual repair
of the problem instead of searching for information (Zafiharimalala et al. 2014). Such an automated
system would be able to identify and extract relevant sections from the documentation and provide
these to the AMT during the execution of an unscheduled task. This move toward digital
documentation is also supported from a regulatory perspective and fits in the IATA vision: “To simplify
maintenance operations by incorporating paperless technologies, thereby facilitating regulatory
compliance and enabling new processes to reduce costs” (IATA 2013). Although a vision is clearly
formulated, the functionality of such a system is not available in aircraft maintenance literature (Lee
et al. 2008; Verhagen & Curran 2013). As a step towards this goal, this thesis answers the following
research question:

What is the recommended approach to identify and extract relevant information from digital
maintenance documentation to aid a maintenance technician during unscheduled tasks?

An approach for an automated documentation system is defined as a combination of functionalities
and techniques to identify and extract the relevant information. As there are no automated
documentation systems available in literature, a new system is created from scratch. It is first
designed as a generic system that can perform any document processing task. In this way, this novel
prototype system can process documents and test different techniques for classification of these
documents. Additionally, the testing can be performed on different document properties, techniques
and other specific settings. After establishing the generic system, it is extended to work with the data



and techniques in this thesis. To compare the different techniques for a similar set of documents, it
is chosen to use Airworthiness Directivess (ADs) as test documents.

The functionalities and techniques required in this prototype system are obtained from six major
research domains that focus on the retrieval and extraction of information from data. These domains
are: Natural Language Processing (NLP), Information Retrieval (IR), Information Extraction (IE), Text
Mining (TM), Machine Learning (ML) and Knowledge Discovery in Text (KDT). A novel theoretical
functional flow diagram (FFD) is created in this thesis based on an aggregation of the information in
these six domains. This FFD describes the functionalities that are necessary in an automated system
and covers the pre-processing of documents and information delivery to the user. Additionally, from
these domains a set of techniques is defined that can be used for the functions in the FFD. These
techniques range from simple Boolean techniques to more advanced Machine Learning techniques
such as the Naive Bayes technique.

Based on the theoretical techniques and using the system, a comparison of these techniques is
made to formulate a recommended approach to identify and extraction relevant information from
ADs. The research objective encompasses all elements necessary to make this comparison. The
objective is to identify theoretical approaches, create a prototype system that serves as a test
environment, evaluate possible approaches in this system and lastly formulate recommendations for
the design of an automated documentation system.

This thesis is structured accordingly. First, Chapter 2 presents a literature review of automated
documentation systems, providing an overview of the state-of-the-art in the aircraft maintenance
domain and six other domains. Chapter 3 then describes the methodology used for testing the
different techniques, which shows details on the development of the system and the different
elements of the test setup such as the data and assessment criteria. Subsequently, Chapter 4
demonstrates the results of the tests for the established test setups. Finally, Chapter 5 discusses
the conclusions, research contributions, limitations and recommendations of this thesis.



2. Literature Review of Automated
Documentation systems

This chapter describes the literature regarding the use of automated systems for identification and
extraction of relevant information from documents. More specifically, top-level systems and
techniques used in these systems are discussed based on literature from the aircraft maintenance
domain and other domains. The chapter outline is visualized in Figure 2.1. After this introduction, an
overview of the state-of-the-art in the aircraft maintenance domain is provided in section 2.1. This is
followed by indicating the research gaps found in the aircraft maintenance domain in section 2.2,
which mainly boils down to the lack of systems and techniques related to maintenance
documentation in this domain. Therefore, an overview of the state-of-the-art in generic domains is
presented in section 2.3. These generic domains are Natural Language Processing (NLP),
Information Retrieval (IR), Information Extraction (IE), Text Mining (TM), Machine Learning (ML) and
KDT (Knowledge Discovery from Text). A novel functional flow diagram is then created based on all
functionalities described in these six domains. The functionality is divided in three groups of
processing: document pre-processing, ad-hoc processing and planned processing.

Having established the functionality required for an automated system for the identification and
extraction of information from documents, the next section focus on the available techniques to
perform these functions. First, section 2.4 gives an overview of assessment criteria that are used to
measure the performance of techniques. Subsequently, sections 2.5, 2.6, 2.7 and 2.8 describe the
document pre-processing techniques, ad-hoc processing techniques, planned processing
techniques based on text classification and planned processing techniques based on text clustering
respectively. These techniques are afterwards synthesized in section 2.9. After having created this
synthesis, the application of these techniques in other specific domains is briefly discussed in section
2.10. In contrast with the aircraft maintenance domain, there are many applications of these
techniques in the medical, biology and manufacturing domain. The last section of this chapter,
section 2.11, is a conclusion to this chapter. It is a discussion of the findings in the generic and
specific domains and it elaborates on how the identified research gaps are covered with this work.
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Figure 2.1: Outline of the Literature Review chapter



2.1. State-of-the-art in the Aircraft Maintenance Domain

Aircraft maintenance, while critical for ensuring the safety of aircraft, is an under researched area
when compared to other aircraft related research domains (Atak & Kingma 2011). The available
literature in the aircraft maintenance domain related to maintenance information systems is very
limited (Lee et al. 2008; Verhagen & Curran 2013). In the generic maintenance management domain
also very little research is performed related to maintenance information systems, as most of the
literature is related to maintenance optimization, maintenance techniques and performance
measurement (Garg & Deshmukh 2006). More specifically, it is found that most line maintenance
processes still rely on paper-based documents rather than using digital systems (Lampe et al. 2004;
Verhagen & Curran 2013).

The relevant available literature related to systems, methods and techniques can be grouped under
the term eMaintenance. It can be defined as excellent, electronic or a combination of efficient +
effective + enterprise Maintenance (Muller et al. 2008). The term has emerged early 2000 in the
literature and is defined as the “monitoring, collection, recording and distribution of real-time system
health data, maintenance-generated data as well as other decision and performance-support
information to different stakeholders independent of organization or geographical location, 24h a
day, 7 days a week” (Candell et al. 2009). In a broader fashion, eMaintenance is concerned with the
use and integration of IT solutions in the maintenance domain (Levrat et al. 2008). Examples are e-
technologies, e-monitoring, e-diagnosis, e-prognosis, etc.

Despite the limited research available in this domain, there are incentives to develop eMaintenance
platforms that cover (parts of) the research objective of this thesis. The next subsections provide an
overview of relevant platforms found in literature.

IDS project (1997)

The earliest mention in the literature of an applied system that uses digital maintenance
documentation is the IDS (Integrated Diagnostic System) project and is developed in the context of
the maintenance operations of Air Canada. It is aimed at creating a single point of information for
the line maintenance technician where he could access all kinds of maintenance related information
such as maintenance documentation (Wylie et al. 1997). The core process behind the IDS is filtering
and aggregating all information related to a maintenance task from various sources such as manuals,
heuristics and historical data. The techniques used to perform these actions are rule-based and
case-based reasoning, e.g. providing the Trouble Shooting Manual (TSM) of an aircraft. This project
was still a prototype and future literature did not describe additional developments on this platform.
In short, it is a simple approach to identify and extract information by creating rules for specific
information, but it is a time-consuming task if the amount of information increases.

FTRAN/SNAGIE method (1999; 2001)

As a follow-up to the IDS project, Farley (1999; 2001) describes the SNAGIE method, which is used
to extract and digitalize written maintenance log book information. SNAGIE stands for Snag
Information Extractor and it is described as a group of NLP techniques such as grammatical analysis
and semantic interpretation evaluation of free-text repair action notes (FTRAN). Each entry in the
maintenance logbook is called a snag and these techniques are applied to extract relevant
information in each entry and the actions performed, such as pieces of equipment and related actions
to that equipment (Farley 1999). Its functional diagram is displayed in Figure 2.2, with the core
elements the lexicon, analysis tools and interpretations evaluation.



The main work is done on creating a lexicon to match documents with, by building on the Alvey
Natural Language Toolkit (ANLT) which is a general dictionary that is not specific to the maintenance
domain. As with the IDS project, this project is in a prototype phase when it is described in the article
and no further developments could be found. No results of extracting information from the log book
entries are discussed in the papers. Some interesting text processing techniques are used (e.g.
parsing and named entity recognition) and these are discussed in section 2.5.
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Figure 2.2: Functional diagram of the SNAGIE method (Farley 1999)

ICAS platform (2003)

As the term eMaintenance emerged early 2000s, the ICAS platform is regarded as one of the first
eMaintenance platforms developed (Levrat & lung 2007). The Integrated Condition Assessment
System (ICAS) is a commercial condition-based maintenance (CBM) system that aims to improve
the reliability and availability of equipment (Hogan et al. 2003). The focus of the platform is on the
interactions between the several subsystems such as data acquisition, expert analysis and historical
information, rather than specific information related to using documentation in such a system.
Therefore, it can be described as a generic IT system to improve the maintenance process, but no
relevant tools or techniques are described in the context of the research objective.

ITEA European project: PROTEUS system (2002-2005)

Besides industry-related projects such as the Air Canada related IDS project, also some European
projects were created that have elements of using digital maintenance documentation. The ITEA
European project ran from 2002 to 2005 and it was aimed at developing a software platform to
integrate software modules related to diagnostic and remote maintenance and as a solution the
PROTEUS system was developed (Levrat & lung 2007). To be more specific, the PROTEUS system
is a data integration platform that is able to automatically exchange information between the
equipment manufacturer, integrator and end-user (Bangemann et al. 2004). To get the right
information to the right person, the system uses many artificial intelligence tools (e.g. hidden Markov
Models or fuzzy systems) to be able to perform diagnosis or prognosis (Dechamp & PROTEUS WP2
Team 2004). The PROTEUS system covers some techniques that could be used for fulfilling the
research objective, these are discussed in section 2.7 and 2.8. The overall PROTEUS system proves
to be an interesting governing IT system for the maintenance process, but besides the mentioned
techniques it is very broad and generic.



CASIP platform (2004)

The Computer Aided Safety and Industrial Productivity (CASIP) platform is an eMaintenance system
that aims to integrate subsystems related to remote monitoring, diagnosis and tele-maintenance
(Léger 2004). The CASIP platform covers many subsystems that enable the remote access from a
centralized database (Advitium) to the Enterprise Resources Planning (AdoniX) system or the
Computerized Maintenance Management System (EmpaciX), etc. The literature mainly describes
the interactions between the different subsystems of the platform and therefore does not provide
relevant techniques or methods to be applied at the task at hand. Additionally, it is more focused on
remote maintenance and diagnosis than accessing relevant maintenance documentation as it is
assumed that the relevant information is already stored and accessible in the central database.

TEMIC platform (2004)

A similar platform as the CASIP platform is the TEMIC (Tele-Maintenance) platform that enables
users to connect information systems with an application on their PDA (Brahma et al. 2006). It also
allows to collect data from remote sensors, report on activities and perform diagnostic and other
collaborative actions via the network with other experts (Garcia et al. 2004). Relevant techniques are
like the PROTEUS system: using hidden Markov models neural networks to detect anomalies in the
sensor data to know when equipment or tools should be maintained. These techniques will be
discussed later in this literature review (see section 2.7 and 2.8). The TEMIC platform by itself is a
governing IT system and therefore not relevant for the research objective.

Tinker Air Force Base system (2004)

At the Tinker Air Force Base, a portable device is developed commercially by UGS and Intel that is
able to wirelessly access maintenance records and technical manuals (Thilmany 2004). Additionally,
3D CAD models of the items that need to be repaired are displayed. Unfortunately, no additional
detailed information about the system is mentioned.

TELMA platform (2007)

So far, eMaintenance systems have been discussed that could be used as a governing IT system to
a maintenance task. The TELMA platform provides a training platform in the field of maintenance,
tele-maintenance and e-maintenance (Levrat & lung 2007). It is an academically pushed platform
that could be used for supporting both academics as technicians to learn to work with eMaintenance
systems. The maintenance process is simulated, but no specific techniques or tools are mentioned
related to the access and retrieval of relevant information from maintenance documents.

TATEM European project (2003-2008)

The TATEM project (Technologies and Techniques for New Maintenance concepts) demonstrated
the need for technologies to increase aircraft operability by reducing the occurrence of unscheduled
maintenance and the time and cost of scheduled maintenance (Taylor 2008). The scope of this
project covered health monitoring, integrated data management, maintenance planning, and mobile
maintenance. It is found that a process-oriented maintenance approach is required and subsequently
supporting software prototypes are developed. The prototypes related to retrieving task-specific
information from documents did not provide contextualized documentation and no validation was
performed of the tools. Unfortunately, no relevant techniques are found, so it cannot be applied in
this thesis.



DYNAMITE European project (2005-2009)

As some of the previous platforms, The DYNAMITE (Dynamic Decisions in Maintenance) European
project also focusses on creating a wireless infrastructure for maintenance processes (Holmberg
2005). However, additionally it aims to create new devices to improve the decision systems related
to maintenance processes. The work in this project was grouped in 3 parts: condition monitoring
sensors, mobile & wireless devices and technologies and economic studies in the context of
maintenance strategy (Jantunen & Gilabert 2010). It focused mainly on a top-level IT system and
although interesting mobile applications and an infrastructure are discussed, no relevant techniques
or tools are found that can be used in the context of this work.

HILAS European project (2005-2010)

The European project HILAS (Human Integration into the Life-cycle of Aviation Systems) focused
more on the human element in the maintenance process, more specifically it aims to capture the
knowledge generated by humans when operating a maintenance system so that it can be used in
the design of more effective systems or technologies (McDonald 2010). A prototype is developed
with the functionality to select a subset of task-specific documentation, but no sections from
documents can be extracted. This can be inefficient, for example in case of an Aircraft Maintenance
Manual, which consists of thousands of pages. Moreover, no techniques are described in detail and
there is no validation of the prototype. Additionally, the prototype was not able to work with legacy
documentation.

Ontology-based methods (from 2007)

Ontologies are often used as an element of the prototypes and methods described in the previous
sections, but they are rarely discussed in detail (Malin & Throop 2007; Verhagen & Curran 2013).
The first paper that describes how to develop an ontology in the aerospace domain is by Malin &
Throop (2007), where it is used to extract useful information from text to determine failure modes
and for effects analysis. It is described as a snapshot instead of a fully developed ontology. They
propose to use the ontology in combination with their Reconciler tool that can be used for semantic
text analysis (more information on semantic text analysis in section 2.3). The authors mention that
the challenge in developing an ontology is that domain-specific knowledge evolves and therefore the
ontology should evolve as well. Amardeilh et al. (2013) also describe the difficulty in maintaining an
ontology and propose the use of a system called Virtuoso to manage and maintain an ontology. Their
system is a prototype to automatically add new information to ontologies, but it is only tested limited
and should be further developed.

Verhagen & Curran (2013) demonstrate the use of an ontology in aircraft maintenance task support
as a proof of concept, more specifically storing relevant information from maintenance related
documentation in an ontology. Besides using the ontology to semantically annotate information and
for storing the information, there are no specific techniques mentioned that can be used for fulfilling
the research objective. In a similar fashion, Gargiulo et al. (2014) propose the use of an ontology
and taxonomy in the aerospace domain to allow semantically searching information in aerospace
documents. It is however not specifically tailored to maintenance documentation. The tool is part of
the SIA portal (Sistema Informativo Aerospaziale) and uses a Bayesian model (statistical method for
comparing similarity between datasets) for classification of text by using the information in the
ontology and taxonomy. The application of a Bayesian model is described later in this chapter, see
section 2.7.



2.2. Research Gaps in the Aircraft Maintenance Domain

The literature in the aircraft maintenance domain mainly focusses at performance measurement and
the optimization of maintenance processes. It is found that some top-level IT systems are available
in the aircraft maintenance context, but few describe the identification and extraction of information
from maintenance documents. A few techniques were found that are used in the maintenance
domain, such as rule-based techniques, case-based techniques, neural networks, hidden Markov
models and Bayesian models. Despite being relevant techniques, these were often not used in the
context of identifying and extracting relevant information from documents. Therefore, two main
research gaps are identified in the aircraft maintenance domain: almost no literature is available
related to automated systems for maintenance documentation and likewise for approaches and
techniques that can be used in these systems.

While academic literature is limited, from an industrial perspective it is found that airlines and
manufacturers dedicate resources to further developing digital documentation systems. Detailed
information is often not available, but to give a few examples of companies working on this task,
Lufthansa Technik is developing systems to move from paper-based maintenance documents to
electronic documents (Lufthansa Technik AG 2016). Additionally, AIRBUS is working with the tool
AirN@yv, which is a suite of to create, update, and revise all the maintenance and digital
documentation for aircraft (Airbus 2016), but this tool is limited in its functionality. In a similar fashion,
Emirates Engineering has created a Technical Resource Centre, where they store their electronic
maintenance documentation. Both airlines and aircraft manufacturers increase the use of digital
information, but it is just a first step towards using digital documents during the maintenance task.

Additionally, the discussed platforms and systems have specific limitations. Tretten & Karim (2014)
put a critical note at eMaintenance by illustrating that existing eMaintenance solutions often suffer
from an insufficient level of usability and quality of information, which in itself leads to errors and
mistakes by the users of the solutions. Jardine et al. (2006) mention the lack of high-quality data,
lack of good communication between theory developers and practitioners, lack of validation
approaches and difficulty of implementation due to frequent change of design and technologies.
Muller et al. (2008) and Aljumaili et al. (2012) mention the quality of the documentation to be an
issue, for example difficult to use legacy documentation. Farley (2001) mentioned that validation is
a key missing element in the development of these systems. It is recommended to validate a system
by domain experts when a system is developed and results can be generated, however finding
experts has so far proven to be difficult if the system is not designed in the context of a maintenance
company (Farley 2001). Despite the difficulty in creating an automated contextualized
documentation system, many authors note the importance of such a system, e.g. Lee et al. (2008);
Verhagen & Curran (2013); Tretten & Karim (2014).

In the context of this thesis, which is centered around finding a recommended approach to
contextualize maintenance documentation, the research gaps identified should be addressed to
have an overview of how such an automated system should work and which techniques or
approaches are best applied in such a system. To tackle these research gaps, the next section
focusses on describing generic domains related to the identification and extraction of information
from documents, stepping away from the aircraft maintenance domain. By identifying relevant
literature in these generic domains, a first step is made to bridge the research gaps in the aircraft
maintenance domain.



2.3. State-of-the-art in generic domains: NLP, IR, IE, TM, ML & KDT

The last section demonstrated two research gaps in the aircraft maintenance domain, one of which
is the lack of literature related to techniques that can be used for the extraction and identification of
information in aircraft maintenance documents. This section describes the state-of-the-art in the
generic research domains related to this task by systematically describing relevant research
domains. Six major generic research domains can be identified that cover functions for the
identification and extraction of information from documents: Natural Language Processing (NLP),
Information Retrieval (IR), Information Extraction (IE), Text Mining (TM), Knowledge Discovery in
Text (KDT) and Machine Learning (ML). The next subsections (2.3.1 — 2.3.6) describes these
domains top-level, i.e. the state-of-the-art of literature and major tasks that can be performed with
functionality available in each domain, without going into detail in the techniques available in each
domain. Finally, in subsection 2.3.7 these functions are synthesized in a novel functional flow
diagram covering all domains.

2.3.1. Natural Language Processing (NLP)

A system that automatically identifies and extracts useful information in a text must be able to ‘read’
documents to function. The governing research domain for processing text is called Natural
Language Processing (NLP). It is defined as a range of computational techniques to automate the
representation and analysis of languages (Cambria & White 2014). The first work in NLP dates back
to the ‘50s and originates from a mix between the artificial intelligence and linguistics domains
(Nadkarni et al. 2011). Artificial intelligence is defined as the study of systems that think/act like
humans (Russell et al. 1995) and linguistics is the scientific study of human language (Himmelmann
1998).

NLP covers a broad spectrum of syntactic and semantic techniques for the analysis of human
language texts with the ultimate goal to transcend from processing to the understanding of human
language (Collobert et al. 2011; Cambria & White 2014). The research related to the techniques can
be mapped over time as is visualized in Figure 2.3. The first curve that can be identified is the
Syntactics curve that contains word-based tasks such as keyword spotting and more advanced
methods based on statistics. Additionally, commonly used NLP syntactic techniques are breaking
down a text to sentences (sentence tokenization) or creating a parse tree from a text (Dubitzky &
Azuaje 2004). These NLP techniques are often used to pre-process documents so that information
in the text can be easier identified and extracted.
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Figure 2.3: Evolution of NLP research through three eras (Cambria & White 2014)



The second curve that starts around 2000 is the Semantics Curve that focusses on exploiting the
semantics and sentics of multiple words, where semantics is related to the contextual meaning of
words and sentics describes the affective information associated with words that humans use for
common-sense reasoning (Cambria & Hussain 2012). Approaches that use semantics are often
based on machine learning techniques and large taxonomies and ontologies of words and their
relations (Fernandez et al. 2011). Despite the trend of growing semantics research, most of the
systems used for retrieving documents and extracting information are based on syntactic methods
(Nadkarni et al. 2011). A Pragmatics Curve is expected in the future that focusses on the meaning
of natural language, but first the semantic techniques should be further developed.

2.3.2. Information Retrieval (IR)

The NLP techniques are used for tasks in many research domains related to identification and
extraction of relevant information from texts. One of the first domains focused on access of
information in texts is called the Information Retrieval (IR) domain. It is defined as “the process of
retrieving a ranked set of relevant documents from a corpus based on a user’s stated information
need” (Small & Medsker 2014). The goal of methods in this domain is to help a user find relevant
documents in a set of documents, so creating a relevant subset of documents to a user’s query.
Early work is performed in the ‘60s in the Cranfield studies (Cleverdon 1960) that experimented with
the use of NLP techniques in the indexing of documentation and a further boost to the research
domain is given in the ‘90s by a series of TRECs (Text Retrieval Conferences) (Voorhees 2007).
Originally the IR domain was distinct from NLP but they converged somewhat as many NLP
techniques are used in IR (Nadkarni et al. 2011).
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Figure 2.4: A basic IR system (Cordén et al. 2003)

A typical IR process consists of four phases: indexing, query formulation, comparison and feedback
(Lewis 1991). The indexing phase is used to convert a set of ‘raw’ documents or texts to a suitable
representation for further processing such as displaying the documents as vectors of words. The
query formulation phase is done by the user of the system, determining the query for the information
request. The next phase, comparison, matches the indexed documents with the query and orders
the documents based on their relevance to the query. The last phase of a typical IR process is the
feedback phase, where the user evaluates the retrieved information by the system and reformulates
the query if necessary. Another way of viewing the IR processes is visualized in Figure 2.4, where it
can be seen that a user query (information need) is sent to the query subsystem that interacts with
the matching mechanism to retrieve the relevant documents for the user (Cordén et al. 2003). The
process steps are similar to the ones depicted by Lewis (1991), but named differently or combined.
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Figure 2.5: A complete IR search system (Manning et al., 2009)

As yet another way of viewing IR, Manning et al. (2009) describe a full search system that
incorporates NLP and IR as is visualized in Figure 2.5. The NLP parsing techniques lead to an
indexed set of documents that are compared with a user query. After that, documents are scored
and ranked by using machine learning techniques (MLR) and the results are displayed on a page. It
is a complete view with functional flow of an IR search system, but it should be noted that document
search only encompasses a part of the IR domain.

Information retrieval techniques consist of relatively simple tasks such as document searching and
access, but also more complex tasks such as grouping of documents via clustering or classification
techniques (Natarajan et al. 2005). An exemplary technique is the retrieval of relevant documents
with respect to a user query using Boolean logic, where each document is represented as a vector
of words. More advanced techniques use statistical methods in combination with machine learning
to cluster documents (Hearst 1999) and these techniques have been getting more and more
attention over the years (Cordén et al. 2003).

A specific branch of the IR domain is interactive information retrieval (IIR), which combines
information retrieval with information behavior and human computer interaction domains and
focusses more on the interaction of the user with the system (Kelly & Sugimoto 2013). It adds two
elements on top of the IR process: pre-search techniques and post-search techniques. Pre-search
techniques focus on assisting the user with the query and post-search techniques use the results of
the system and relevant feedback to improve the information retrieval (Salton 1970).

2.3.3. Information Extraction (IE)

A second research domain that uses the NLP techniques heavily is the Information Extraction (IE)
domain. Research in this domain aims at identifying pre-defined classifications such as events,
locations, persons and represent that information in a structured format or template (Cowie et al.
1996). Where IR focusses on selecting relevant documents from a large set of documents, IE aims
to identify entities in documents based on pre-determined classifications. This work dates back to
the ‘70s where scripts/templates were designed for automatic classification of important entities from
texts (e.g. Schank & Abelson 1977). Most of the progress in this domain however stems from the
MUCs (Message Understanding Conferences) that ran from 1987-1997 to promote the design of IE
systems, where |IE systems could be discussed and evaluated (Small & Medsker 2014).
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A distinction between two approaches can be made in IE systems: knowledge engineering
approaches (or rule-based approaches) and machine learning approaches (Farley 2001). In the
knowledge engineering approach, a developer of the system analyses text and writes rules for the
extraction of information from the text. On the other hand, in the machine learning approach the
developer annotates text and the system itself learns and creates rules on what to extract. Initially
most systems relied on rule-based techniques, but more and more machine learning techniques are
created (Small & Medsker 2014). This distinction is clearly made in the IE domain, but it also exists
in the IR domain though less often expressed as such (Sebastiani 2002).

According to Appelt et al. (1995), a generic IE system consists of ten modules. First, a text zoner
and preprocessor transforms the text in segments and a sequence of sentences. These sentences
are then filtered, by eliminating irrelevant sentences. A pre-parser then tries to identify small
structures in the text and subsequently a parser creates a parse tree fragments of the identified
structures and the fragment combiner creates a full parse tree for the document. As a next step, a
semantic interpreter generates semantic structures from the parse tree and a lexical disambiguates
matches lexical information to the structures. The coreference resolver then identifies which entities
in the tree represent the same meaning so that these are not mentioned multiple times. Finally, a
template generator fills the |E templates from the semantic structures. Often multiple aspects of the
above mentioned 10 modules are combined. As can be observed, an IE system relies heavily on the
NLP domain and for this reason they are often mentioned together in literature (Cowie et al. 1996).

The Information Extraction modules show similarity with the Information Retrieval phases (e.g.
indexing of the documents) and therefore IR is sometimes viewed as a first step for IE (Small &
Medsker 2014). On the other hand, one can also argue that information extraction is part of
information retrieval as IE processes can be used to identify entities in text that can be used for
effective information retrieval based on these entities (Cowie et al. 1996). It can therefore be
concluded that there is clear overlap between the IR and IE domain, as well as the techniques used
from the NLP domain.

2.3.4. Text Mining (TM)

A third related domain is Text Mining (TM), which is part of the data mining domain that by itself is a
branch of artificial intelligence (Liao et al. 2012). Text mining is defined as the discovery of “non-
trivial, implicit, previously unknown, and potentially useful patterns” in text (Hearst 1999). Text mining
dates back to the 1960s, but the techniques developed at that time were limited due to a lack of
processing power of computers (Carbonell et al. 1983). The interest for this domain boosted again
from 2000 onwards due to the exponential growth of processing power and unstructured information
on the Internet, which requires techniques that are able to work with unstructured and unknown data
and (Liao et al. 2012).

As demonstrated, Information Extraction methods can extract known information or entities from text,
but they are not able to deal with unknown useful information in texts. Text mining bridges that gap
as TM techniques do not use pre-determined features or classifications, but uses disciplines as
artificial intelligence, statistics or machine learning to uncover patterns in structured data (Natarajan
et al. 2005; Spasic et al. 2014). It can therefore be used in a complementary fashion to IE and it can
be used to assistin IR methods. Text mining methods can establish connections between documents
not known before and these connections can be used to determine relevant sets of documents to a
user query (Martin 1995). In that regard, text mining methods do not use rule-based techniques but
solely rely on advanced machine learning techniques (Sebastiani 2002).
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The most common text mining task is document or text clustering and an exemplary functional flow
diagram is depicted in Figure 2.6 (Gunjal 2014). Text clustering is a task where documents are
grouped to clusters based on keywords identified by a machine learning algorithm. There is no
human involvement in any of the steps, the keyword identification and similarity computation are
performed by the algorithm. It is a very useful method to determine unknown but useful connections
between documents (Jain 2010).
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Figure 2.6: A text clustering framework (Gunjal 2014)

2.3.5. Machine Learning (ML)

So far the IR, IE and TM domains have been described that use NLP techniques to accomplish their
goals. Most of the early work performed in these domains was based on rule-based or knowledge
engineering techniques, that use manual rules created by an expert in the domain (Sebastiani 2002).
A simple example would be an IF-THEN clause for information retrieval, IF the word exists in the
document, THEN the document is relevant. As of the ‘80s, another set of techniques based on
machine learning gained popularity (Cunningham et al. 1999).
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Figure 2.7: A supervised learning functional flow diagram (Bird et al. 2009)

Machine Learning (ML) is a broad field that covers supervised learning and unsupervised learning
techniques. Supervised learning techniques are so-called “expert systems” that learn from a training
dataset to create their own set of rules to predict what is requested by a user (Langley & Simon
1995). An exemplary functional flow diagram for a supervised learning system is shown in Figure
2.7. It can be seen that the system needs training data to function, which is based on manually
annotated data (Bird et al. 2009). Text classification, as described in the IR domain as well, is the
most common supervised learning task. Features (or classes) are chosen by the user and training
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data is created, after which the system learns from this training data to predict the class of new
documents.

On the other hand, unsupervised learning techniques — the “intelligent agents” - do not use training
data and attempt to learn from documents by themselves and it is therefore a set of techniques
closely related to the Text Mining domain (Hendler 1996). The text clustering framework shown in
Figure 2.6 is an exemplary unsupervised learning method. Sometimes semi-supervised learning
systems are mentioned in literature that use a limited amount of training data and annotate more
training data themselves, but in essence these can be regarded as supervised systems (Small &
Medsker 2014). Without going into detail of the techniques available in the machine learning
paradigm, the IR, IE and TM systems mentioned in the previous sections all can benefit from learning
systems versus the more conventional and simple rule-based systems.
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Figure 2.8: KDT process steps (Fayyad et al. 1996)

2.3.6. Knowledge Discovery in Text (KDT)

As the Information Retrieval, Information Extraction and Text Mining goals have some overlap, e.g.
text mining and information extraction methods can be used for effective information retrieval, new
governing research domains were developed that exploit this overlap. The first known research
domain doing this is Knowledge Discovery in Databases (KDD), which originated in the 1990s.
Knowledge Discovery is defined as “the nontrivial extraction of implicit, previously unknown, and
potentially useful information from given data” (Frawley et al. 1992). Typical steps of the KDD
process are visualized in Figure 2.8. Starting with the data, the steps selection, preprocessing,
transformation, data mining and interpretation / evaluation can be observed before knowledge is
obtained. Brusic & Zeleznikow (1999) and Small & Medsker (2014) add one similar first step to this
process: identify the requirements of the user and the knowledge required for the domain of the data.
This step can entail for example selecting an ontology or taxonomy relevant to the domain. It can be
observed that data mining (or text mining) is an important part of the KDD process.

The research effort in the KDD domain is focused at knowledge discovery in structured databases,
while most of the online information is in collections of unstructured text (Feldman et al. 1998). A
new stream of research was established later in the 1990s with a focus on knowledge discovery in
structured data but also on unstructured data: knowledge discovery in text (KDT). Itis first mentioned
by Feldman & Dagan (1995) and it is defined as “the study of techniques for dealing with unrestricted
textual patterns and their evaluation for interestingness” (Perrin & Petry 2003). The goal of KDT is
to understand patterns in both structured and unstructured text (Karanikas & Theodoulidis 2002).
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Figure 2.9: The KDT process as defined by Natarajan et al. (2005)

KDT consists of three previously mentioned domains: IR, IE, and TM. An exemplary relationship
between those domains is visualized in Figure 2.9 (Natarajan et al. 2005). The three domains form
the core elements for the KDT process and despite the fact that they are displayed in a sequential
pattern in this visualization, in fact they have to be used in an iterative fashion until performance
measures such as accuracy, time to completion or completeness are met (Perrin & Petry 2003). For
instance, if an information retrieval process is not able to find enough relevant documents or sections
based on a given query, then the information extraction or text mining step can be used to classify
or cluster specific documents or sections in documents. This can allow the information retrieval step
to perform better for the pre-defined query.

The IR techniques can be used to obtain a subset of relevant maintenance documents. This output
can be further processed using the IE and TM techniques, but it can also be the final output: having
a small set of documents from which required information can be extracted manually by the aircraft
technician (Hakenberg et al. 2004).

2.3.7. Synthesis of the NLP, IR, IE, TM, ML and KDT domains

The research domains as described in the previous section can be summarized as follows:

- NLP:  a set of techniques for pre-processing (parsing) of documents

- IR set of methods for selecting a set of relevant documents

- IE: approaches for identifying known entities from text

- TM: methods for extracting unknown but relevant information from documents

- ML: using machine learning techniques for classifying or clustering of documents
- KDT: discovering (un)known relevant information from documents; IR+IE+TM

All given research domains provide some approaches or techniques that can be used to fulfil the
research objective. Unfortunately, no comprehensive and complete overview is available in literature
that covers all six research domains and their links / interfaces. The KDT process as visualized in
Figure 2.9 covers most of the elements, but the NLP and ML domains are not adequately described
in this overview. Additionally, the IR search system as depicted in Figure 2.5 demonstrated the links
between NLP, IR, MLP and IE to some extent, but it leaves out the text mining steps. Therefore, a
novel comprehensive overview is created in the form of a functional flow diagram (FFD) that covers
the functionalities from all six domains adequately and it is shown in Figure 2.10.
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The created FFD incorporates elements and functions from all research domains and it is created
with the user of the system (the AMT) in mind. Three main elements of a system can be identified:
a central database system, ad-hoc processing functions and planned processing functions. The
central database consists of all functions related to the documentation themselves and the
information related to the documents. The functions indicated with 1 are pre-processing techniques
required to store the raw maintenance documents in a more accessible format for future reference
by the ad-hoc and planned processing functions. Function 1.1 describes the start of the document
pre-processing and it is immediately followed by function 1.2 that contains the parsing of the raw
documents, supplemented by a thesaurus, dictionary or tokenizer. In other words, the parsing of
documents means transforming from a pdf or full-text format to a parse tree per word or per sentence.
A parse tree is very similar to a decision tree, but then it consists of all the words or sentences in a
document (Cowie et al. 1996). Therefore, from function 1.3 onwards the documents are converted
to sections that are defined as parsed representations of the documents. A section could be a full
document or a chapter, paragraph or sentence. These sections are then stored in the Section
Information Database and then this pre-processing of documents is finished with function 1.4. Most
of the functions in this first part are based on core NLP and IE methods.

The second system element is ad-hoc processing, which is based on the IR systems described in
the previous section. The functionality starts at 2.1 with an information request by the user of the
system. A query is formulated based on the information need, e.g. relevant documents related to an
aircraft type, error code or specific document. At the same time, three information sets are retrieved
from the database: stored parsed sections (2.3.1), stored relevance feedback (2.3.2) and stored
section labels (2.3.3). The stored parsed sections refer to the functionality described above in the
first system element. Additionally, stored relevance feedback and section labels are generated by
other parts of the system that is described later, but in short they indicate specific information about
the sections. The stored sections, feedback and labels are used to perform indexing of 2.4, which is
the representation of the sections in a useful format for comparison with the query. Afterwards, the
sections and query are matched in function 2.5 and the sections are ranked based on their relevancy
to the query. These are then send back to the user who determines whether this result is good or if
the query must be reformulated (back to function 2.2). Additionally, in the same action relevance
feedback is stored in the database (function 2.7). If the check for feedback results in no action
required, the ad-hoc processing is completed (2.8). The functionality relies heavily on the IR domain,
but also KDT, IE, NLP and ML functions are / can be used.

Lastly, the third element of the overview in Figure 2.10 is called planned processing. It indicates
another form of pre-processing, this time not only on the documents but also on the metadata of the
documents. Two major tasks for planned processing are text classification and text clustering. These
are found in the IR, TM and ML domains. They are very similar in their functions, but a difference is
found at the start of the functionality. After initiating classification (function 3.1.1) or clustering
(function 3.1.2) the classification goes to selecting features whereas the clustering skips this step
and immediately goes to choosing a learning algorithm (3.3). This difference in functionality stems
from the way classification and clustering work: classification tries to group sections based on pre-
determined classes or features and clustering aims to group sections based on unknown features of
the documents. The feature selection function (3.2) for classification is performed manually.
Afterwards an appropriate learning algorithm is chosen by the system (3.4). At the same time, stored
parsed sections and relevance feedback are retrieved from the database (3.4.1 and 3.4.2
respectively) and indexed using the learning algorithm (3.5). Each learning algorithm uses its own
representation of the sections, however a few representations are common for multiple algorithms
(Small & Medsker 2014). Simultaneously, relevance feedback is added to the indexed sections for

17



the classification task, as these systems are supervised learning systems that work with training data
(which is in fact the relevancy feedback on sections). This indexed representation of the sections is
sent to the classification or clustering learning algorithm which then creates section labels (function
3.6). Subsequently, the performance is then measured in function 3.7; the methods for evaluating
performance are described in the next section of this review. If the performance is below a threshold,
the system either goes to reselecting features or chooses another learning algorithm. If it is above
the threshold, the system stops (function 3.9) after storing the section labels and relevance feedback
in the database (function 3.8.1 and 3.8.2).

Every system will need document pre-processing and ad-hoc processing functions to be able to get
relevant information from documents based on an information request. The planned processing
functions however are optional; these can be used to process expected information requests
beforehand so that when the user needs it the relevant information can be provided immediately.
While optional, these can be important when time is a critical factor in user information requests.

To sum up the linkage of the FFD with the six generic domains, first it should be noted that the
document pre-processing system is mostly influenced by the NLP domain. IR functions are mostly
visible in the ad-hoc processing side, but they are also used for text classification it can be viewed
as a specific information retrieval task. However, the processes of text classification as well as text
clustering are mostly influenced by the ML domain, as it has become the most dominant technique
for text classification and clustering since the late 1990s. Furthermore, functions from the IE domain
are not specifically mentioned in the flow diagram as this domain mostly describes tasks instead of
functions. The functionality used in the IE domain is comparable to the IR domain. Additionally, the
TM domain is also only partially present in the flow diagram, as it mostly covers text clustering and
some document pre-processing tasks, but these functionalities are already clearly described in the
ML and NLP domains respectively. Lastly, no specific functionality from the KDT domain is used, but
the combination of IR+IE+TM domains in the KDT domain is extended by combining the
IR+IE+TM+ML+NLP domains in this functional flow diagram. The KDT domain mostly describes
generic overviews of how domains can be combined, but not yet how functionalities from domains
can be combined in such a specific way. The novel FFD is not domain-specific and it can therefore
be used as a generic model for any identification/extraction task. It can be applied in a domain-
specific context, when a thesaurus or ontology specific for the aircraft maintenance domain is used.

With the generic research domains elaborated upon and summarized in the created FFD, the next
sections focus on the functions used in this FFD. To be more specific, section 2.4 focusses on
performance measures for classification and clustering systems as these performance measures
can then be used to evaluate different techniques and methods available in literature. Afterwards,
sections 2.5-2.8 elaborate on each element of the flow diagram, which are in order: document pre-
processing techniques (section 2.5), ad-hoc techniques (section 2.6), classification techniques
(section 2.7) and clustering techniques (section 2.8).

2.4. Assessment criteria for techniques

Before elaborating on the techniques to fulfil the functions depicted in the FFD, this section describes
various measures to evaluate the performance these functions. All tasks of the functions to identify
and extract information from documents can be viewed as a classification task, either information
matches the information request (YES class) or not (NO class). Therefore, this section first describes
classification assessment criteria in subsection 2.4.1, after which other assessment criteria are
discussed in section 2.4.2. Lastly, a synthesis of assessment criteria is presented in section 2.4.3.
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2.4.1. Classification assessment criteria

All classification assessment criteria are based on a confusion matrix, as is displayed in Table 2.1.
For a given response of a classification function there are four options: a true positive (TP) indicates
a correct positive prediction, a true negative (TN) indicates a correct negative prediction, a false
positive (FP) is an incorrect positive prediction and a false negative (FN) is an incorrect negative
prediction. In statistical terms, a FP is a type | error and a FN is a type Il error.

Table 2.1: Confusion Matrix

Actual positive Actual negative
Predicted positive True Positive (TP) False Positive (FP)
Predicted negative False Negative (FN) True Negative (TN)

Based on these four options, multiple assessment criteria or metrics can be established (Davis &
Goadrich 2006; Spasic et al. 2014) and these are described below in this section: recall, precision,
specificity, negative predictive value, accuracy and F-score. These measures are explained in the
context of a system that is used to classify documents based on relevance to a query.

Recall

Recall is defined as the ability to find positive matches and can be calculated by dividing the true
positives by the true positives + false negatives. A high recall means that the system only misses
few relevant documents that should be relevant to a query, i.e. many true positives and few false
negatives. This is a useful measure if a system should not miss any relevant information to its user.
The recall of a system is sometimes referred to as its sensitivity (Spasic et al. 2014).

TP
R = Recall= ——— (0 < Recall £ 1)
TP +FN

Precision

Another often used measure is precision, which can be calculated by dividing true positives by the
true positives + false positives. In other words, precision is the amount of positive predictions that
are correctly predicted. A high precision therefore means that most predicted relevant documents
are relevant to the given query, i.e. many true positives and few false positives. Precision is a relevant
measure if obtaining only relevant (and no irrelevant) information to the user is important (Davis &
Goadrich 2006). Another word for the precision is positive predictive value.

T
P = Precision = ———— (0 < Precision < 1)
TP + FP

Specificity

A third less-used measure to assess classification systems is specificity (Spasic et al. 2014). It is
determined by dividing the true negatives by the true negatives + false positives. It is a
complementary measure to recall as it indicates the amount of correctly negative predicted relevant
documents to a query. A high specificity indicates that most actual irrelevant documents are
classified as irrelevant, e.g. many true negatives and few false positives.

Spec = Specificity = (0 < Spec <)

N
TN + FP
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Negative predictive value

A fourth measure that is also less used than precision and recall is the negative predictive value
(Spasic et al. 2014). It can be calculated by dividing the true negatives by the true negatives + false
negatives. It is a complementary measure to precision as it measures the amount of negative
predictions that are correctly predicted. A high negative predictive value means many true negatives
and few false negatives, which means that most irrelevant documents identified are irrelevant to the
query. It is a useful measure if it is important to demonstrate that no relevant documents are missing
from the response to the user.

NPV = Negative predictive value = (0< NPV £1)

TN + FN
Accuracy

The accuracy of a system can also be calculated using the above mentioned options and is used as
a measure for the performance of classification systems (Spasic et al. 2014). It is calculated by
dividing the true positives and negatives by all predictions (true positives + true negatives + false
positives + false negatives) and therefore is a measure of how able the system is to predict actual
relevant and irrelevant documents. A high accuracy indicates that the system makes few mistakes,
i.e. false predictions.

TP+TN

TP+TN + FP + FN

Acc = Accuracy = (0<Acc <)

F-score

A final measure in the category of classification assessment criteria is the F-score of a system, which
is also the most often used measure to assess such systems (Spasic et al. 2014). The calculation
can be seen below, the parameter 3 is a non-negative real number that can be used to determine
the weight of precision relative to recall. For example, if precision is much more important than recall,
B should be a high value and vice versa. The most common use however is § = 1, which means that
precision and recall have the same weight (Wimalasuriya & Dou 2010; Ramakrishnan et al. 2012).
Therefore, the F-score is sometimes mentioned as the F1-score, which refers to a § of 1.

_(1+p*)*xP=R
F 7 (B2«P)+R

(0<F5S1)

The F-score can be used on a two-class and multi-class set-up. The basic equation as depicted
above works on two classes, as a classification outcome is either a correct or incorrect. The equation
can be extended to work on multiple classes (3+) as well (Sokolova & Lapalme 2009). As only
precision and recall are used for the calculation of the F-score, only the true positives, false positives
and false negatives are required in each case. An example of results for a 4-class problem is given
in Table 2.2. The values are randomly chosen just for explanatory purposes. A total of 570 results
are divided in terms of predicted and actual class. The predicted classes are given in the rows and
the actual classes for these results are given in the columns. For example, if a predicted result is
class 2 and the actual class is 3, it should be in row ‘Class 2’ and column ‘Class 3’.

Table 2.2: Multi-class F-score example - Input

Actual
Class 1 Class 2 Class 3 Class 4
Class 1 100 10 30 10
Class 2 10 90 20 40
Predicted
Class 3 20 10 120 20
Class 4 30 20 10 30
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Table 2.3: Multi-class F-score example - Confusion Matrix

Actual
Class 1 Class 2 Class 3 Class 4
Class 1 TP FP FP FP
Class 2 FN
Predicted
Class 3 FN
Class 4 FN

The approach is comparable to the 2-class set-up, but to determine the F-score the individual scores
for each class should be combined. This is demonstrated in Table 2.3, where the true positives, false
positives and false negatives for the predicted value ‘Class 1’ is given. Using these values, the
precision and recall for the predicted value ‘Class 1’ can be calculated. In a similar fashion, the
precision and recall scores for the other classes can be calculated as is visualized in Table 2.4.
Knowing all these sub-scores, they can be combined and divided by the number of classes to obtain
the precision and recall for all results. The calculation of the final F-score is then following the Fy
equation with 3 = 1.
Table 2.4: Multi-class F-score example - Results

Precision Recall F-score

Class 1 100/ (100 + 50) = 0.67 100/ (100 + 60) = 0.63 n/a

Class 2 90/ (90 + 70) = 0.56 90/ (90 +40) = 0.69 n/a

Class 3 120/ (120 + 50) = 0.71 120/ (120 + 60) = 0.67 n/a

Class 4 30/(30 +60)=0.33 30/(30+70)=0.30 n/a
(2*0.57 *0.57)/

Total 227/4=0.57 2.28/4=0.57 (0.57 + 0.57) =
0,57

2.4.2. Other assessment criteria

Besides these classification assessment criteria, there are a few other assessment criteria that are
used in literature. In the context of summarization of documentation Afantenos et al. (2005) mention
a few qualitative assessment criteria for ordering of responses to a query: query-based ordering
(which means ordering based on relevance to the query), salience-based (recitations, contradictions
or other anomalies are weighted higher), domain-based (specific type of documents are weighted
higher) and source-based (dependent relations between templates are displayed together).
Additionally, Rajpathak (2013) demonstrates the use of rand statistics to measure class similarity
with respect to class labels, which is a similar measure to accuracy of a system and therefore not
further elaborated upon.

Furthermore, Batet et al. (2011) describe the use of other measures for evaluating systems, such as
the computational complexity, dependency of knowledge sources and required parameter tuning.
These measures focus more on the overall system than on the results of the system, but these are
nevertheless relevant measures. Finally, Sebastiani (2002) provides a measure from the domain of
decision theory for measuring the effectiveness of systems: its utility. In economics, the utility is
defined as the satisfaction a consumer experiences from a product or services. It is yet another
qualitative measure that could be used for evaluation.
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2.4.3. Synthesis of assessment criteria

Almost all literature in the six research domains described in section 2.3 use three measures to
assess a developed system or techniques: the precision, recall and F-score (Spasic et al. 2014;
Small & Medsker 2014). Therefore, these measures are used to describe the performance of
techniques or methods in the upcoming sections of this chapter. However, in the context of the
system to be developed, other performance measures might be more relevant, such as the time
required to perform a technique.

2.5. Document pre-processing techniques

This section describes the document pre-processing elements of the functional flow diagram. The
related functions are all numbers with 1.X and highlighted in Figure 2.11. In brief, they describe the
process of transforming the raw documents into sections that can be used in other parts of the
identification and extraction process. The sections can be defined as either an entire document, but
can also be a chapter, paragraph or even a specific word.

Database System

Document pre-processing
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Information
Database
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Figure 2.11: Document pre-processing elements highlighted in the FFD

PDF2Text

As a first step to process raw documents, text should be extracted from the raw documents.
Maintenance documents are often in a PDF format and therefore should be converted to text that is
accessible by more systems. There are many PDF to text conversion tools available and these are
often even open-source. Examples of this software are LA-PDFText, Adobe Acrobat, IntraPDF,
Grahl PDF Annotator, PDFTron and the most common one is PDF2Text (Ramakrishnan et al. 2012).
These tools can break down texts despite layout difficulties such as tables and figures, and often
represent the documents in a XML or HTML format. This format can much more easily be used by
text processing tools. The obtained text sections can also be stored directly in a database system
for easy access.

The Page Layout Recognition System (PLRS) as described by Esposito et al. (1995) is an example
of the functionality, it can be viewed in Figure 2.12. Its functions are document scanning, deskew
and complexity evaluation, reduction, page segmentation, layout analysis, document description,
document classification, document understanding, Optical Character Recognition (OCR) and storing
in a database. Interestingly, the functionality already uses a form of classification to determine the
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document type so that it can use pre-determined rules to understand the document structure. The
techniques required to identify the actual words in the document are described in the next subsection
(mentioned as OCR in the PLRS system).
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Figure 2.12: The Page Layout Recognition System by Esposito et al. (1995)

In case other document formats are used, such as XML, HTML or DOC files, much less elaborate
techniques can be used for converting the text to a useful representation as these document formats
already have the documents structure stored as metadata. Therefore, the techniques to convert
these raw documents are not further described.

Text pre-processing

A specific step in the processing of PDF to text is the recognition of words in the text. The specific
techniques required for recognizing letters in the text (OCR) are not elaborated upon as this is too
detailed for the scope of this review. Instead, the NLP techniques that can be used to recognize
words and sentences are described as these are one level higher and therefore useful for this study.
Commonly used NLP techniques for text processing are the following (Dubitzky & Azuaje 2004;
Collobert et al. 2011):

- Sentence tokenization: separating text into individual sentences (tokens).

- Word tokenization: breaking pieces of text into words (word tokens).

- Part-of-speech tagging: assigning part-of-speech information to tokens, e.g. article or noun
- Stemming: determining the stem of a word.

- Shallow parsing: identifying of elements of sentences (noun, noun phrase, etc.).

- Full parsing: constructing a complete parse tree (hierarchical structure) at sentence-level.

These described techniques are straightforward in their process, for example for sentence
tokenization one task is to register dots in sentences and identifying which dots represent the end of
sentences. For any task, often a combination of these techniques is used (Small & Medsker 2014).

Thesaurus / dictionary

Lastly, the use of a thesaurus or dictionary can be used as an addition to the text pre-processing
techniques. For example, WordNet is developed by Princeton as a large lexical database that
describes e.g. nouns, verbs and adjectives (Miller 1995). It consists not only of the part-of-speech
information of the words, but it also has information on synonyms and synsets of the words, e.qg. rifle
and machine gun are classified as firearm, piece, small-arm; gun; weapon, arm, weapon system. In
this way, another level of information is stored besides just the part-of-speech of the words. This
information can be used for either the described basic pre-processing tasks, but they can also aid in
a later stage with document classification techniques, e.g. in a task to recognize the similarity
between documents.
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Besides the use of a thesaurus or dictionary, also a (domain-specific) ontology can be used to aid
the document pre-processing task. By providing for example common words and terms in the aircraft
maintenance domain, the system is more effectively able to recognize part-of-speech information. In
other words, ontologies can be used as an effective knowledge base based on domain-specific
information to aid in identification and extraction of relevant information in text (Fernandez et al.
2011).

Conclusion

This section described available techniques and tools in literature for pre-processing of raw
maintenance documents, so that they can be stored in an accessible format in a database in relevant
sections. It can be chosen to store the information at word-level, sentence-level, paragraph-level,
chapter-level or document-level. For this review, the format in which the text is stored is called at
section-level, which can encompass any of these formats.

2.6. Ad-hoc processing techniques

This section describes the available techniques in literature that can be used to fulfil the ad-hoc
processing functions of the FFD, highlighted in Figure 2.13. The specific functions are formulating a
query, indexing the parsed sections in an appropriate format for comparison of the query with the
sections and finally a check if feedback is required. The ad-hoc functions are comparable to a typical
IR system and therefore five major IR models can be identified that can fulfil the functions: Boolean
models, vector space models, fuzzy models, latent semantic models and probabilistic models. Each
of these models is described as well as how they fit in the functions of the ad-hoc processing part of
the FFD.

Ad-hoc processing
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Figure 2.13: Ad-hoc processing elements highlighted in the FFD

Boolean models

As with any of the IR models, the goal of the functions is to rank the parsed sections based on
relevancy to a query (Small & Medsker 2014). This can be performed by creating an index of the
parsed sections on word-level and comparing this index with the query. One of the oldest models
available is the Boolean model, which is developed from the start of the IR domain the 1960s (van
Rijsbergen 1986). In a Boolean model a simple way of indexing is performed by creating a matrix of
terms versus the sections where it is indicated whether a term is in a document or not, the Boolean
value YES or NO (Manning et al. 2009).
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Table 2.5: Example of Boolean model

S1 S2 S3 Sn q1 q2
t YES YES NO
t, NO YES NO tyAND t; tiOR t
> >
ts NO NO YES S, s, ands,
t

An example is given in Table 2.5 where terms are the rows of the index and sections the columns,
with a simple YES or NO indicating that a term exists in the system. Two simple query examples are
given, query 1 indicates that sections with the term 1 AND term 2 should be returned which results
in section 2. In a similar fashion, query 2 requests sections with term 1 OR term 2 and therefore both
section 1 and 2 are returned. For such a model, simple operators such as AND, OR and NOT can
be used.

Despite its simplicity, this model is still often used (Natarajan et al. 2005). However, the Boolean
model is unable to rank sections based on relevancy, it is only able to return a set of sections that
either match or do not match the query. Additionally, the Boolean model is not able to capture any
semantic relationship between the terms in a query, e.g. if a search is performed for “aircraft
maintenance” it is not able to understand the meaning of aircraft maintenance with respect to aircraft
and maintenance. This problem cannot be solved with the simple Boolean model and a more
advanced method has to be used that will be explained later in this chapter (see subsection ‘Latent
semantic models’).

Furthermore, if terms are not represented as words but as classes, the Boolean model can be used
effectively. For instance, if sections are classified based on the class Airbus (YES or NO), then a
Boolean search for Airbus can simply return all sections that have that class Airbus. Therefore, a
combination between a good classification system of sections and a Boolean search can already
provide useful results. Nevertheless, the lack of ranking of results is a major drawback and therefore
more advanced methods are often applied, such as vector space models.

Vector space models

To deal with the issue of ranking based on relevancy in the Boolean model, the vector space model
was developed as a more advanced method (Salton & Buckley 1988). The main difference between
the vector space and Boolean model is that sections are indexed using weighted terms. The weight
of the terms can be determined by counting the frequency of the terms in a section or via a more
advanced by multiplying the term frequency (tf) with the inverse document frequency (Manning et al.
2009). The inverse document frequency (idf) indicates the frequency of sections that contain the
term and is calculated by taking the logarithm of: (total number of sections) / (number of sections
containing the term). The logarithm is used to amplify the effects of uncommon terms that only
appear in few sections. The term frequency thereby indicates the importance of a section (sensitivity)
and the inverse document frequency captures the specificity of the term.

The vector space model compares the section vectors with a query vector containing certain terms
that can be weighted if required. There are two common methods for determining the similarity
between the sections and query, measuring the Euclidean distance or measuring the cosine
coefficient of the vectors (Natarajan et al. 2005). The Euclidean distance between the section and
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query vectors works for small vectors, but for larger vectors this distance measure can be less
accurate. The cosine coefficient between the vectors is more applicable as vector length is not an
issue. It is determined by calculating the angle between the query and section vectors and the size
of the angle is a measure for the relevance of a document. The calculation for measuring the angle
between the query vector and one section can be seen below, with g = query vector consisting of
terms q;; s = section vector consisting of terms s;; N = total terms that exist in each of the vectors.

l 1(‘11 )

\/Zl 1qz z 1 z

If the angle between a section and query vector is small, their terms are similar and thus relevant. A
cosine coefficient of 1 indicates two vectors at the same path (angle = 0°), a coefficient of 0 indicates
an angle of 90° and -1 indicates an angle of 180°. An example is provided in Table 2.6, showing the
term and section matrix and a query with all term frequencies randomly determined. For sections
with an exact match with a query term the coefficient is much closer to 1 compared to terms that
match the query (as for section 2). The amount of sections and terms are not representative for real
situations are merely an illustration of the functionality and therefore no further conclusions can be
attached to the numbers.

angle(q,s) =

The vector space model is an effective method for word-based searches or class-based searched
as explained for the Boolean model as well and it can weigh terms in the index both for sections and
the query. In that regard, it is an often used model for syntactic searches (Cordén et al. 2003).

Table 2.6: Example of vector space model using tf*idf weighing

S1 S2 S3 Sn d1
3*0.176 2%0.176
t = 0.528 = 0.352 0 e
1*0.477
t; 0 — 0.477 0 0
2%0.477
t; 0 0 - 0.954 0.5
tn
angle(q,s) | 0.264/0.373 | 0.176/0.506 | 0.477/0.675
[rad] =0.708 = 0.348 = 0.707

Fuzzy model

Another way to be able to rank documents but still use Boolean operations, is by using a fuzzy model
(Cordodn et al. 2003). Where a Boolean model uses either 0 and 1 for values, the fuzzy model defines
a value between 0 and 1 and it is therefore regarded as the extended Boolean model. In a fuzzy
model, the terms in the sections are weighted based on their relevance to the section. This is a
different approach to the vector space model that uses term frequency as a weighing function. The
fuzzy model compares the section term vectors with a query vector that can be setup using AND
and OR clauses. The calculations are comparable to the vector space model and therefore not
shown again for this model.
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The fuzzy model is especially useful if the relevance of the content of sections should be considered
and compared to the standard Boolean model it can use document weighing. It is however also more
complex to use this method and it is only preferred over the vector space model if section contents
are important to take into account (Fukumoto et al. 1997).

Latent semantic model

Where all three models above are used for syntactic searches, the latent semantic model extends
that paradigm with searches based on semantics of terms (Deerwester et al. 1990). With the latent
semantic model, semantic dependencies between terms can be considered. This is achieved by
starting with the term versus section matrix and performing Singular Value Decomposition (SVD) on
it, see Figure 2.14 for an example. The SVD creates three matrixes of the original one, where
especially the m x m matrix is relevant for the process. This matrix consists of singular values of the
original term versus section matrix, which are a set of concepts that can be found in the terms and
sections. Without going too much into detail in the algebraic operation, the singular values or
concepts are matched with the terms and sections in the other three matrices (t x m; m x m; m x s).
When a search is performed on either one of the terms or concepts, the singular value matrices can
match the term to the concepts (t x m matrix) and the terms or concepts to the sections (via the m x
m matrix or the m x s matrix).

documents
terms X = To So Do’
mxm mxd
txd txm

Figure 2.14: Latent semantic model; SVD example (Deerwester et al. 1990)

The latent semantic model is therefore useful for two reasons. First of all, by decomposing the
original term x sections database the amount of information is often greatly reduced, because the
original terms versus sections databases mainly consists of zeroes as most terms are not found in
all sections (Sebastiani 2002). Secondly, it allows to search at a semantic level, which for some
contexts is much more relevant than a syntactic search, especially if the information required is not
clear at the start of the information retrieval process. This way of indexing the terms and sections
can help to find related sections that do not have the syntactic word that is written in the query
(Fernandez et al. 2011). On the other hand, if a search term is very good in describing the documents
or sections required, this method can provide less relevant results by using the semantic concepts
related to it (Natarajan et al. 2005). It is both an advantage and disadvantage and therefore depends
on the task whether it should be applied.

Probabilistic model

So far all models described did not use any relevance feedback (or learning) to improve the search
process, they all rely on the quality of the indexing method and the query. If a user is unable to
formulate a well-defined query for his information need, these models can lead to poor results. A last
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model in this chapter that does use the relevance feedback to improve information retrieval is the
probabilistic model. The probabilistic model stems from the core of the problem: both the query as
the section representation lead to uncertainty with respect to the information need and probabilistic
methods are founded on these uncertainties (Manning et al. 2009).

The most common used probabilistic model is the Binary Independence Model (BIM) that uses a
similar approach as the simple Boolean model (Sebastiani 2002). Terms are represented as Boolean
values (the Binary part of BIM) with respect to sections and queries. The Independence part refers
to the fact that terms are modelled independently to the documents, so no dependency between
terms and sections is assumed in this model. This is not a valid assumption, but nevertheless very
good results are achieved with this model (Manning et al. 2009). The mathematics behind the
probabilistic model is too extended to elaborate upon, but in sum probabilities are calculated for the
relevance of query terms in the sections. These probabilities are based on initial estimates if there
is no relevance feedback yet, and after relevance feedback is obtained from the user (for example
is he checks the results and decides to alter the search query) they can be better estimated.

This model is especially interesting if relevance feedback is available so that accurate probability
estimates can be calculated for retrieving relevant sections. In combination with classification
techniques that require training data (which in fact relies on relevance feedback) these can create a
good model for information retrieval. The next section of this chapter focusses on these classification
techniques.

2.7. Planned processing techniques: Text Classification

This section describes one of the planned processing set of techniques: text classification. Text
classification deals with the assignment of classes or labels to sections and often based on a
supervised machine learning algorithm. It can be performed manually as well, but there are no
techniques to explain for that process. The text classification functions perform similar steps as the
ad-hoc processing functions, because text classification can be regarded as a form of information
retrieval (and thus ad-hoc processing). The classification starts with selecting features (or properties)
that should be assigned to sections, as can be observed in Figure 2.15. Subsequently, a learning
algorithm is chosen that fits with the specified features. At the same time, stored parsed sections
and relevance feedback are retrieved from the database as these form the data input for the task.

Planned processing
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Figure 2.15: Classification functions highlighted in the FFD
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The relevance feedback can be regarded as training data for the learning algorithm; the training data
is a set of known predetermined sections with the right class and the learning algorithm will apply
this to the rest of the sections. Based on the learning algorithm, the parsed sections and relevance
feedback, the sections are indexed accordingly and then the learning algorithm is executed. The
result is a set of section labels that can be evaluated using performance measurements, for example
the precision, recall and F-score. If the performance is above a certain threshold, the section labels
are stored in the database, otherwise different features and/or another learning algorithm is chosen
to redo the process.

The two following sections discusses both the classification tasks (2.7.1) that can be performed and
the techniques (2.7.2) that can fulfil the functions. A selection for most common both tasks and
techniques is made as there is an abundance available in literature.

2.7.1. Classification tasks

There are two major ways to perform the classification task, either class-based or document-based
(Sebastiani 2002). Class-based classification is performed when a new class is added or a class is
changed, while document-based classification is performed when a new document is added to the
document set. It is a pragmatic difference rather than a conceptual one, but it is important to
distinguish between the two approaches. For a class-based classification the learning process must
be initiated from scratch and is executed for all documents, while document-based classification
builds on the learnings from previous documents. For the task at hand both document- and class-
based classification will be used. Document-based classification will be used as there will be an initial
set of documents and new documentation will be added (for example Service Bulletins). Class-based
classification is used when new classes are added, e.g. if a new aircraft type is added and
documentation should be classified whether it is related to this new aircraft type.

Additionally, the classification can be performed based on hard versus ranking classification
(Sebastiani 2002). Hard classification refers to cutting off specific sections that do not match the
determined feature, for example not adding the label to a section that has Boolean 0 match with a
feature. Ranking classification adds the class to every document only then with a specific weight
attached to it, e.g. a document can be given the label “A330” with weight 0.2. Making this distinction
in classification type helps to filter specific documents below a certain threshold, for example.

NLP classification tasks

Classification can be performed by a user request to classify based on a specific word (the word is
then the feature), but it can also be performed on more generic features in the text such as a named
entity (a location, a name, etc.). These tasks stem from the Information Extraction domain and on
the 7" Message Understanding Conference (MUC-7) a list of 5 tasks was identified (Kaufman 1998):

- Named Entity Recognition (NER): e.g. recognizing ‘Delft’ as a LOCATION.

- Co-reference resolution: e.g. identifying ‘TU Delft’ and ‘University of Technology Delft’ as
the same entity. But also, recognizing: the company fired 20 employees and they
(=COMPANY) are not bankrupt.

- Template element filling: e.g. recognizing locations in organizations (Delft in TU Delft).

- Template relation filling: e.g. TU Delft is an organization but also a university (TU) and a
location (Delft).

- Scenario template filling: e.g. He <person> works for the TU <org.> Delft <location>.

29



Additionally, Collobert et al. (2011) determined four standard NLP tasks that are used to classify
specific information in texts:

- Named Entity Recognition (NER): this task is also mentioned in the MUC-7 list above. It is
the labelling of elements in a text such as a PERSON or LOCATION. A typical F1
performance, which is a combined measure of precision and recall, is achieved of around
85% (Ando & Tong 2005).

- Part-of-speech tagging (POS): it aims at assigning part-of-speech information, labels and
other markers to tokens, e.g. adjective, article or noun. It is a relatively easy task to perform
and this is confirmed by average F-scores as high as 95-98% (Toutanova et al. 2003).

- Chunking: chunking is also called shallow parsing and it aims at identifying of elements of
sentences (noun, noun phrase, etc.). It can be used either in document pre-processing, but
also as a classification task. Typical scores for chunking tasks are around 90-95%
(Collobert et al. 2011).

- Semantic Role Labelling (SRL): it aims at providing semantic information to syntactic parts
of a sentence, e.g. in the sentence ‘He sold the book to him’ recognizing who is meant with
‘he’ and ‘him’ based on previous sentences. Typical F1 scores for this task are between 75-
80% (Pradhan et al. 2004).

A prerequisite for most of these NLP tasks is that they require a significant amount of training data
to perform accurately (Small & Medsker 2014); scores mentioned previously can only be obtained if
a sufficient amount of training is available, which requires a substantial time investment. However, if
training data is picked from for example an existing database (e.g. WordNet) then the time
investment is significantly less. It is an important issue to consider when synthesizing the
classification techniques with other available techniques.

2.7.2. Classification techniques

To perform any of the classification tasks as described in the previous section or the classification
on a chosen word, there are 2 distinct groups of techniques that can be applied: statistical and vector
space techniques. The statistical techniques determine probabilities based on the training data to
estimate the class of new documents (Nadkarni et al. 2011). Relevant techniques for text
classification are the Naive Bayes technique, hidden Markov model and decision tree technique.
Additionally, vector space techniques use distances between points in the vector space to determine
the class of new documents based on training data (Small & Medsker 2014). Relevant vector space
techniques for the task at hand are Support Vector Machines or instance-based methods, such as
the k-Nearest Neighbors (KNN) method. There are many more classification techniques available in
literature, such as regression and neural network methods, but these are less relevant for text
classification purposes due to complexity or poor performance when working with text (Sebastiani
2002). The rest of this section gives an overview of the mentioned relevant techniques.

Statistical: Naive Bayes

A Bayesian approach uses a probabilistic method to text classification. In this approach, a
probabilistic likelihood is calculated that a document matches a class based on training documents
with known classes (Manning et al. 2009). For example, a test section should be assigned the class
‘YES’ or ‘NO’ based on whether it belongs to Airbus. Using a set of training sections with their class
known, the probabilities are calculated for each word in the test section that it belongs to either class.
The highest probability means the highest likelihood the test section matches therefore should be
assigned. In Table 2.7 a numerical example of document indexing for the Bayesian approach is

30



given, with the frequency of chosen terms indexed for all documents, as well as the class for these
documents. Furthermore, Table 2.8 shows the probabilities for the class of each term, calculated
with the following equation:

n +1
Prerm(YES/NO) = —="——

Ntotal + Nyoc

with: nerm = frequency of the term in case of YES or NO class,
Niotal = total number of terms associated with YES or NO class,
Nyoc = total number of unique terms or in other words the vocabulary.

Table 2.7: Bayesian example - Documents index

Terms: | A340 787 A330 747 Flight Wing Manual Class
d4 3 2 2 2 YES
da 4 5 7 2 NO

ds 5 4 4 1 YES
ds 3 1 2 4 4 YES
ds 2 3 5 NO
dnew 2 2 ?

Table 2.8: Bayesian example - Probabilities

Class: A340 787 A330 747 Flight Wing Manual Class

YES (11+1) | (1+1)/ (6+1)/ (0+1)/ (8+1)/ (6+1)/ (5+1)/ 3/5
(37+7) (37+7) (37+7) (37+7) (37+7) (37+7) (37+7)

NO (0+1)/ (6+1)/ (0+1)/ (5+1)/ (10+1) | (2+1)/ (5+1)/ 2/5
(28+7) (28+7) (28+7) (28+7) (28+7) (28+7) (28+7)

Now that the probabilities for each of the terms are known, the probability that the new document
belongs to class YES and the probability that it belongs to class NO can be calculated by looking at
the terms in the new document. For the example, the results can be seen in Table 2.9, with a clear
higher probability for the class YES for the new document. Based on the Naive Bayes method, it can
be concluded that the new document should belong to class YES.

Table 2.9: Bayesian example - New document probabilities

Terms: A340 787 | ... | Manual Class P(YIN)
YES 2*(11+1)/(37+7) 2*(5+1)/(37+7) 3/5 =0.089
NO 2*(0+1)/(28+7) 2%(5+1)/(28+7) 2/5 =0.008

Many extensions on the example given above can be done, e.g. using more than 1 class, using fuzzy
logic for the class calculation or using all words in sections for indexing (Sebastiani 2002). Itis a very
simple model and because of that it is often used. Disadvantages of this model are that the results
are highly dependent on the choice of indexed terms and therefore the right selection should be
made. Also, this way of calculating the probability assumes the independence of all terms in each
section (the naive assumption of this approach), which is often not valid (Small & Medsker 2014).
However, despite this assumption very good results can still be obtained and therefore itis a common
method for text classification.
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Statistical: hidden Markov models

Where the Naive Bayes method assumed no dependence of the individual terms in sections, a
method that is based on the dependence of terms in sections is based on a hidden Markov model
(HMM). A hidden Markov model is a system where a variable can change between different states
depending on observations and conditional probabilities (Frasconi et al. 2002). The ‘hidden’ part in
the HMM name refers to the fact that the state (category) of a section is unknown and cannot be
seen, but can be determined using a probabilities model. The main difference with the Naive Bayes
technique is that in a HMM the category (or state) a new section belongs to depends on the sequence
of terms in the sections. The specific algorithm that is applied is the Viterbi algorithm, which is used
to find the most likely sequence of states based on observations (Nadkarni et al. 2011).

The functionality of the HMM using the Viterbi algorithm is best explained with an example and the
one given in the Naive Bayes method can be used for this. In this context, the example can be stated
as finding the class “YES’ or ‘NO’ for a new section based on a set of training data sections with
predefined class ‘YES’ or ‘NO’. Determining the class for the new section is based on a sequential
method, each new term in the section is an observation at each observation the probability is
calculated that the new section belongs to either class ‘YES’ or ‘NO’. As mentioned, the main
difference is that the HMM model assumed (sequential) dependence between the terms. Normally it
would be used with full sentences instead of specific terms as in this example, but the functionality
is the same so it can be used for explanatory purposes. Three probabilities should be calculated
based on training data:

- Original probabilities: the probability that a new section belongs to the class ‘YES’ or ‘NO’,
which are calculated to be 0.6 and 0.4 respectively for the given example.

- Transition probabilities: this probability indicates the likelihood that the state changes from
observation to observation, e.g. the probabilities that the state changes from ‘YES’ to ‘NO’
and vice versa based on a given term. The computations are quite extensive; therefore, it is
now assumed for this example that the probability that a class changes is always 0.5: Yes-
>Yes (0.5); Yes->No (0.5); No->Yes (0.5); No->No (0.5). This means that the
interdependence of terms is zero.

- Emission probabilities: this is the probability that a given term belongs to a specific class,
which can be calculated by the Bayesian probabilities as given in Table 2.8.

Observation 1: Observation 2:
'A340' 'Manual'
o P(YES) 0.164 * 0.5 * (5+1) / (37+7) = 0.0112 P(YES)
1;,\40' =0.164 =0.0112
3 0.
M (\’\k\\l ¢ 164 0. (5 ,l
06 +1)/(23+7)\0 K
.0741 .
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000072
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5‘\_1\ | -
o o7
P(NO) B P(NO)
=0.011 0.011 * 0.5 * (5+1) / (28+7) = 0.00094 =0.0141
Prew = Pstan * F’emission Prew=P start * Ptransition * F’emission

Figure 2.16: Calculation of probabilities in a HMM example
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The probability for a new section can be calculated with these probabilities, see Figure 2.16. At the
first observation, the term ‘A340’, the probabilities are calculated for the case ‘YES’ and ‘NO by
multiplying the initial probability for the class YES and NO with the emission probability for A340 in
case of YES and NO (see Table 2.8 for the emission probabilities). Based on only observation term
A340, the section should be classified as “YES’ as the probability is higher. Subsequently, another
observation is added: the term ‘manual’. Now 4 probabilities must be calculated as the transition
probabilities are included from YES to NO and vice versa. A selection should be made which two
probabilities are higher: the ones coming from P(YES) or from P(NO), which is this case are the ones
from P(YES). Then these probabilities are used for the probability for class YES or NO after
observation 1 and 2. It is found that now P(NO) has a higher probability and based on this sequence
of observations the new section should be classified as NO. Of course, this is a simple example and
based on only 2 observations with random terms and the answer is incorrect. It demonstrates the
importance of choosing the right terms for this method. Additionally, it can also be observed that the
term A340 indicates the class YES and in this case the class manual causes a shift to NO. This
method can therefore be efficiently used to determine terms that are pivotal for determining the class
of sections.

This method provides additional useful information compared to the Naive Bayes technique:
transition probabilities indicate the independence of terms (if they are 0.5 then there is no
independence, but if they are 0.8 and 0.2 respectively then it is clear that terms are more fixed to
one class). In that regard, the hidden Markov model in this format adds another layer to the Naive
Bayes method that can be quite useful.

Statistical: Decision tree

Where the Naive Bayes and HMM methods use probabilities based on terms in the sections and
represents the probabilities in a large index, the decision tree uses a similar approach but uses a
different way of representing the probabilities (Manning & Schitze 1999). In a typical decision tree,
each node represents an important attribute related to the sections, each branch from that node is a
possible value for that attribute and the final leaf of the tree is the category of the document. An
example of this process is given in Figure 2.17 for the classification ‘should | play tennis?’ (Mitchell
& others 1997). The attributes are outlook, humidity and wind and each attribute has its own values.
The decision is made by moving in the tree top-down, and if the leaves of the tree are reached either
the classification YES / NO is reached. In this simple example the values are also simplified (e.g.
high / normal humidity) and often this binary way for building the tree is used, but it can be often
extended with weighing based on probabilities (Sebastiani 2002).

Sunny Overcast Rain

High Normal Strong Weak
/ \ / \
No Yes No Yes

Figure 2.17: Decision tree for the task: should | play tennis? (Mitchell & others 1997)
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The tree given in the example is created manually, but in a learning algorithm a tree is induced
automatically from the training data using two phases (Uguz 2011). In the first phase the tree is
grown based on the contents of sections. The algorithm learns based on the contents of the sections
what should be part of the tree and how it in the end results in the given classifications. The second
stage of the algorithm is removing the branches of the tree that are not useful, as the algorithm easily
overfits the training data (Fuhr & Buckley 1991). The decision tree is a useful method as it can be
automatically induced and is very complete, however it can also become too complete (overfitting of
the data) that results in performance loss. Therefore, the second stage of the process is important
to cope with this.

Vector space: k-Nearest Neighbors (KNN)

The previous methods all focused on statistical calculations, but there is another set of classification
algorithms based on the vector space of terms. The vector space methods work in a similar fashion
as the vector space model discussed in section 2.6, but in this case all sections are plotted as a point
in a x-dimensional space instead of a vector (Manning et al. 2009). The kNN algorithm is relatively
straightforward, training data is plotted in this vector space and then a new section is added as a dot
after which the ‘k’ closest dots are evaluated based on their class. The class that is most often
present is the class for the new section. The best applicable cases are for 2 classes where it is
recommended to choose k=uneven to avoid any ties. Multiple classes are possible, but then an
additional measure should be applied such as weighing the distance from one dot to another to avoid
any ties. It is technically possible to still get another tie, in which case a random pick has to be
performed (Sebastiani 2002).

Feature 2
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Feature 1
Figure 2.18: kNN example

A simple example of kNN is provided in Figure 2.18, where the k-nearest neighbors are selected for
the green dot. In case of k=3, the blue category should be given to the unknown dot, but in case of
k=7 the red category should be given. The selection of ‘k’ is very important and depends on the input
data, for example the features that represent the sections best. The ‘k’ should be adjusted when
setting up the algorithm so that the performance is above a certain threshold (Uguz 2011). It is a
simple algorithm, in fact there is not much learning except the use of training data.
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Either all words in a document or a selection of words can be used as features for the kNN technique.
Using the example documents index from the Naive Bayes method, as visualized again in Table
2.10, the class of the test document can be determined based on the 5 training documents. The
most common method of determining the distance between the features of the training documents
and the document to test is the Euclidian distance (Feldman & Sanger 2007), which is the square
root of the sum of the differences squared for each individual term:

\/Z?(tn,wl - tnew,wl)z)

Table 2.10: kNN example - Documents index

Terms: | A340 787 A330 747 Flight Wing Manual Class
d4 3 2 2 2 YES
ds 4 5 7 2 NO

ds 5 4 4 1 YES
ds 3 1 2 4 4 YES
ds 2 3 5 NO
dnew 2 2 ?

Table 2.11: kNN example - Euclidian distance

Terms: | A340 787 A330 747 Flight Wing Manual Total

ds (3-2° | (0-0° |(2-0 |(0-0° |(2:0° |(2-0? |(0-2) V17 = 4.1
d, (0-2)> | (4-0> | (0-0> | (5-00> | (7-0> |(2-0° | (0-2) V102 = 10.1
ds (5-2)> | (0-0> | (4-0> | (0-0> | (4-0> |(0-0° | (1-2) V42 = 6.5
ds (3-2> | (1-0> | (0-0)> | (0-0> | (2-0> | (4-0° | (4-2) V26 = 5.1
ds (0-2)% | (2-0> | (0-0> | (0-0> | (3-0> |(0-00° | (5-2) V26 = 5.1

So, if all words would be identical between two documents, the Euclidian distance is zero as all
differences are zero. In this case, the differences are between 4.1 (d4) and 10.1 (dz). The last step
is determining the class of the test document dnew. For this example, k=1 and k=3 can be used (k=5
cannot be used as there are only 5 training documents in total):

- k=1results in YES as only the closest document is chosen which is d; with class YES
- k=3 results in YES as the closest ones are YES, YES and NO and the highest count ‘wins’

In case this technique is used, the ‘k’ should be chosen beforehand, but in this example the outcome
would have been YES either case (as was found with the Naive Bayes method). Additionally, this
example can be scaled up to an entire document or section and multiple training and test documents.

Vector space: Support Vector Machines (SVM)

Another technique that uses the vector space to determine categories is the Support Vector
Machines (SVM) method. The SVM method tries to find a decision surface between two
classifications as is visualized in Figure 2.19 (Sebastiani 2002). The learning algorithm takes the
outmost dots for the red and blue class and draws a line between them so that a new point (section)
can be classified based its location with respect to the line. This is a simple example with only two
classes and a two-dimensional space. Although this linear case is often used, it can be extended to
higher dimensions and more classes as well. There are more options for determining the line
between the classes, such as polynomials (Collobert et al. 2011). Additionally, data transformations
can be applied so that a linear case is created or multiple support vectors (lines) can be drawn.
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Figure 2.19: SVM example (Small & Medsker 2014)

Both the kNN and SVM method can use feature vectors that are transformed from the original (key)
words in sections (Collobert et al. 2011), as was shown in the kNN example with the Euclidian
distance feature vector. Additionally, a two-dimensional vector can be created from the original words
by selecting specific words from a text or applying a kernel function to create a dot in a two
dimensional space, basically a transformation from a multiple words feature vector to a two-
dimensional vector (Nadkarni et al. 2011). Besides the Euclidian distance, common feature
extraction methods are document frequency, information gain, mutual information, XZ squared and
term strength (Yang & Pedersen 1997). These methods are difficult and time-consuming to
implement and therefore usually only applied to improve the basic functionality of a technique, i.e.
as an iteration to improve the performance of the technique.

2.8. Planned processing techniques: Text Clustering

The last section about techniques is related to text clustering techniques. Text clustering is defined
as “the process of grouping text based on common attributes, e.g. all text related to corporate
takeovers would form in a single cluster” (Small & Medsker 2014). The functionality of text clustering
is comparable to classification as can be seen in Figure 2.20. The major differences lie in the goal
of the process, whereas text classification aims to learn from training data to assign predefined
features to the sections, text clustering does not need training and attempts to learn clusters for the
sections by itself. It is therefore an unsupervised learning task in the machine learning domain (Liao
et al. 2012). Text clustering can be used to assign previously unknown features to sections that can
help in the ad-hoc processing or information retrieval, i.e. by determining the match of documents
on other features than known words. For example, if a section is about the Airbus A330 but the
section does not mention those words, the clustering learning algorithm can learn from other sections
based on other specific words that it still belongs to the A330 group/cluster. However, text clustering
techniques cannot be trained with training data, making the outcome of the process unpredictable
beforehand, which is the exact definition of a clustering task.
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Figure 2.20: Clustering functions highlighted in the FFD

Unlike text classification, there are no specific tasks related to text clustering, therefore the rest of
this chapter only focusses on a discussion of major text clustering techniques available in literature.
There are two groups that will be discussed: hierarchical methods and partitional methods (Jain et
al. 2000). The main differences between those methods is that hierarchical methods create a
hierarchical structure of the data and clusters in levels in the hierarchy. On the other hand, partitional
methods do not use a hierarchy and simply try to find clusters on only 1 level.

Hierarchical clustering methods

The hierarchical clustering methods construct a hierarchical structure of the data points available. In
Figure 2.22, an example of 8 points are clustered used a hierarchical method. The clustering
algorithm produces a hierarchical clustering structure of the points as can be seen in the dendogram
in Figure 2.21. There are two major hierarchical clustering algorithms: single-link and complete-link
algorithms (Jain et al. 2000). The single-link algorithms look at the minimum distance between points
to measure similarity on which is bases the clusters, while the complete-link algorithms use the
maximum distance between points to measure similarity. In practice, this means that single-link and
complete-link systems can detect other structures in the data. The difference between these systems
is clearly illustrated in Figure 2.23. The single-link and complete-link algorithm recognize both the
clusters d1-d2, d3-d4, d5-d6, d7-d8 but on a higher level in the hierarchy a difference exists. The
single-link algorithm on the left calculates the distance between d2-d3 and d2-d6 (minimum distance
with points from other clusters) and recognizes that d2-d3 is the smallest thus have higher similarity.
The complete-link algorithm on the right calculates the distance between d1-d4, d1-d6 and d1-d8
(maximum distance with points from different clusters) and recognizes that d1-d6 is the smallest thus
have higher similarity.
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Both methods have their advantages and it should be tested in practice with data at hand to see
which method performs the ‘best’ in a specific scenario. This is however a tricky statement, as
clustering in general is a method that is made to recognize previously unknown structures in data.
Therefore, it cannot be easily said what is ‘best’, but results from clustering can be measured just
like other techniques explained in previous chapters.
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Figure 2.22: Points in three clusters (Jain et al. 2000) Figure 2.21: Dendogram for the clustering
example (Jain et al. 2000)
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Figure 2.23: Single-link (left) and complete-link (right) clustering (Manning et al. 2009)

Partitional clustering

The second batch of clustering methods does not use a hierarchical structure to determine clusters,
but uses a flat structure and is therefore also called flat clustering (Manning et al. 2009). There are
two types of partitional clustering methods: hard clustering methods such as the K-means method
and the soft clustering methods such as fuzzy c-means methods. The difference between those is
that hard clustering assigns 1 cluster to a data point where as soft clustering assigns a fuzzy value
(between 0 and 1 based on similarity) to a data point so that a data point can be assigned to multiple
clusters (Jain 2010). The fuzzy c-means method is an extension to the K-means method, just as the
fuzzy information retrieval technique is to the Boolean measure (from 0 or 1 to between 0 and 1).
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Figure 2.24: Example of K-means algorithm (Jain 2010)

The basic functionality of the K-means method is demonstrated in Figure 2.24. The task is to cluster
the input data as can be seen in (a). First the algorithm randomly chooses seed points based on the
number of clusters specified by the user (b) and from there onwards it iterates (c) and (d) till it
converges to its final state (e). The iterations are performed by determining the distance between
the points around the seed point and including and excluding new points based on proximity, and
afterwards moving the seed point to the new center of the cluster (Jain 2010). In other words, the
functionality of this hard clustering method is based on dividing the data space in three sections, one
for each cluster.

X

Figure 2.25: Fuzzy clustering example (Jain et al. 2000)

The fuzzy c-means gives another layer of information on top of the K-means method, a fuzzy weight
to each data point indicating their likelihood to match the rest of the cluster. As the fuzzy c-means
method is an extension of the K-means method, the functionality is the same but the outcome is a
fuzzy weight assigned to each point based on their likelihood that they match the cluster, as well as
multiple clusters assigned to the same point (Jain et al. 2000). This can be seen in Figure 2.25,
where for example point 4 will get a high weight for cluster 1 and a low weight for cluster 2.
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The performance of all clustering methods stems from the selection of right features in the data
(sections) or the right transformations of the data, so that they fit in a X-dimensional space. A
comparison of the two main sets of methods shows that partitional methods are more efficient than
the hierarchical methods, but the hierarchical methods store more information (Jain et al. 2000).

2.9. Synthesis of techniques

This last sections have provided an overview of techniques to identify and extract information from
text in general. Three distinct groups with techniques are identified in a functional flow diagram:
document pre-processing (converting the raw documents to an accessible format), ad-hoc
processing (query search through the sections / documents) and planned processing (classification
and clustering). Each group contains a variety of techniques, as synthesized in Figure 2.26. It should
be noted that in the document pre-processing part no techniques but tasks are described, as the
techniques required to perform those tasks are often named similar and have a very similar process.
For example, the task tokenization can be performed with the techniques sentence or word
tokenization.
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Figure 2.26: Synthesis of the techniques described in this literature review

2.10. Application of techniques in specific domains

In the previous sections, techniques are described for fulfilling the functions of document pre-
processing, ad-hoc processing and planned processing (classification and clustering). In this section,
an overview is presented of the application of these techniques in a domain-specific context. Three
leading domains are identified in literature that use a mixture of these techniques for various tasks:
medical science, biology and manufacturing. In each of the subsections an overview is given of the
state-of-the-art of the domain, the methods used and their performance. A separate literature review
could be made on each of these domains, so to limit the information presented only the top-level
state-of-the-art and the most important methods are discussed.
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2.10.1 Medical science

The first identified leading domain is related to medical science, which in literature is also called
Medical Informatics (Afantenos et al. 2005). The medical science domain is characterized by very
early integration of methods and techniques for identification and extraction of useful information
from medical documents, either for the summarization of documentation or the retrieval of specific
documents or sentences from documents to aid a doctor or aid in research. The reason for the use
of automated systems is an information overload and rapid increase of clinical data over the years
(Batet et al. 2011). Many documents are also now digitally available which means these technologies
can be used.

Methods

The medical domain is characterized with tasks of named entity recognition (NER) and finding
related information to the named entities (Doan, Bastarache, Klimkowski, Denny, & Xu, 2010), e.qg.
drug names in clinical notes or recognizing gene names. Most of the researches use MetaMap as a
tool, which has a dictionary with medical names and their related names to be able to recognize
them in text (Spasic et al. 2014). Typical precision is around 55%, recall is between 55-59% and F-
scores are between 64-66% when the MetaMap is used for NER (Spasic et al. 2014). In addition,
Jagannathan et al. (2008) evaluates 4 commercial NLP tools (Coderyte, Language and Computing,
Artificial Medical Intelligence, LingoLogics) based on their ability to extract medical names and found
precision scores between 98-100%, recall between 52-98% and F-score between 68-98%. If related
information to the names was searched simultaneously, the scores changed to a precision between
71-97%, recall between 79-98% and F-scores of 80-90%. So, those commercial systems performed
better than the open source MetaMap and form a baseline for NER standards in the medical domain.
Another specific mention of a method to perform NER is using SVM (text classification technique),
for which F-scores between 84-93% depending on the task was achieved (Jiang et al. 2011). ltis a
wide range of scores, which can be attributed to the difference in techniques and for example
dictionaries used.

For most of the systems mentioned in literature, the specific techniques used are actually not
mentioned or mentioned as a group of techniques applied in one method (Spasic et al. 2014). What
can be learned from literature is that a domain-specific ontology, dictionary or taxonomy is important
for coreference resolution and to aid the classification and retrieval tasks. Additionally, syntactic-
based techniques perform worse than semantic-based techniques, as information is very domain-
specific such as the use of abbreviations, so that semantic additional information adds to the
understanding of the context of texts (Jiang et al. 2011).

2.10.2 Biology

The second leading domain is the biology or biotechnology. In this domain, most researched tasks
are identifying and extracting information on biological entities, interaction of entities and the
localization of entities (Natarajan et al. 2005). As in the medical domain, there was an explosion of
information and data that lead to the use of automated techniques for identification and extraction of
relevant information from documents (Hakenberg et al. 2004).

In contract to the medical domain, the biology domain mentions many more techniques and more
generic tasks. For example, KDD is mentioned in the biology context and then specifically the data
mining element of KDD (Brusic & Zeleznikow 1999). Furthermore, information retrieval gets attention
specifically in the context of finding biological documents or passages that are relevant to a user (Hu
et al. 2012).
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Methods

The methods found in the biology domain literature are also more diverse than in the medical domain.
However, NER is here also an important task. Natarajan et al. (2005) mention many studies using
NER that reported precision scores between 70-100%, recall between 65-95% and F-scores are in
the same range: between 70-90%. Most of those systems use a large corpus with biomedical
information that is used for coreference resolution and NER, such as GENIA, BioCreative Task1A
or Yapex. The use of a proper dictionary is very important, as the scores vary greatly per dictionary
for the same task (Hatzivassiloglou et al. 2001).

Additionally, as a next step after NER relevant sections to a user information need can be identified
and extracted (information retrieval). Typical scores of recall and precision are between 60-95%
(Hao et al. 2005), again dependent on which the corpus and dictionary used. On the planned
processing side, also text classification methods have been applied in this domain using techniques
such as Naive Bayes or vector space techniques. For those methods the precision is relatively high
compared to recall, with scores of 60-80% and 20-30% respectively (Craven & Kumlien 1999;
Stapley et al. 2001). In rare cases, systems reach over 90% precision and recall, which is possible
by more relevant training data than usual and a very relevant corpus or taxonomy for the task
performed (Hakenberg et al. 2004).

2.10.3 Manufacturing

The last leading domain is the manufacturing domain, which is a broader domain that covers both
the use of learning techniques, e.g. for fault diagnosis, but also the more relevant use of these
techniques for finding information in documents (Rajpathak 2013). The manufacturing domain is
more characterized by a descriptive view on the use of these techniques and methods than the
actual use of those methods (Choudhary et al. 2009) in a similar fashion as the aircraft maintenance
domain showing a more top-level than practical view. On the other hand, the manufacturing started
using databases and statistical techniques as early as the 1980s (Harding et al. 2006). Only in the
context of discovering knowledge from document this only started more recently, as with the medical
and biology domains.

Methods

The methods described in the manufacturing papers provide information on the techniques used,
but often do not give the precision and recall scores (Choudhary et al. 2009). It is described that
classification techniques are applied such as Bayesian and support vector methods, as well as
clustering methods such as K-means or fuzzy-c means. For example, Caramia & Felici (2006)
mention a method to identify information from pages with semantic techniques based on decision
trees, but they do not provide any precision, recall or F-scores. Additionally, Crespo & Weber (2005)
describe the use of a fuzzy c-means method for clustering related to customer segmentation, but
also do not provide any performance measures such as precision or recall. Lastly, Rajpathak (2013)
describes an ontology-based text mining system (clustering) that uses the ontology to semantically
extract relevant information from texts and clusters texts accordingly. Texts are clustered based on
frequency of co-occurring terms and the following performance measures are obtained: between 83-
99% for precision, recall between 90-99% and F-score between 90-97%. These different
performances are for different terms that were searched in the text and used for clustering.
Differences in the performance measures come from the use of different taxonomies or dictionaries
for the tasks (Choudhary et al. 2009).
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2.11. Conclusion: Closing the Research Gaps

The last sections have provided an overview of applications to use digital documentation in the
domains of aircraft maintenance, medical science, biology and manufacturing, as well as techniques
to identify and extract information from text in general. While for most domains an abundance of
literature is available on these topics, the aircraft maintenance domain lacks in-depth literature about
the identification and extraction of information from digital maintenance documentation. Two
research gaps were identified: the lack of literature related to automated systems with this purpose
as well as techniques that could be used in such a system. Despite these research gaps, the
literature that is available indicates a need for a digital automated maintenance documentation
system.

By reviewing the generic domains for techniques and the specific domains for the application of
these techniques, the research gaps can be closed from a theoretical perspective. First, this literature
review combines research performed in six generic and three specific domains related to the
identification and extraction of information from text and places it in the context of the aircraft
maintenance domain. It extends the literature in the aircraft maintenance domain by providing an
overview of techniques available in these nine domains to create a system for the automated
contextualization of maintenance documentation.

Moreover, this review does not only provide an overview of the research performed in these nine
domains, it goes one step further and combines the functionalities available in each specific domain
to create an overarching functional flow diagram for the entire process of identification and extraction
of relevant information from documents. The KDT domain describes the combination of 3 research
domains in the process of knowledge discovery in text, but in this domain, there is no literature
available that describes the processes completely for identification and extraction of information from
documents or text. In that regard, this literature study also extends the KDT domain by providing a
complete overview of processes available in all these generic domains to perform the described task.
Combining these functionalities in a comprehensive overview from all domains is a novel approach
in literature. Additionally, the synthesis of techniques demonstrates how some of these functions
could be executed from a theoretical perspective.

Knowing a theoretical system and theoretical techniques / approaches is one step towards
answering the research question, but a comparison between these techniques could not be made
based on the literature. An important finding of the domain-specific literature is that a reliable
comparison of techniques cannot be made as the performance is highly dependent on the task,
taxonomy/dictionary, documents and, for example, the amount and quality of training data available
for text classification. Nevertheless, a rough indication of the performance of techniques can be
extracted from literature. For simple techniques, such as word detection, the performance (precision,
recall and F-score) can get very close to 100%. When techniques become more complex, such as
co-reference resolution, the performance drops to around 90%. More advanced techniques based
on semantics even have a lower performance, down to 80% on average. These percentages are an
indication of the mean performance of different techniques and, as mentioned before, there is high
deviation from this mean depending on the research setting.
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Additionally, due to the varying performance of different techniques, it is found that for an efficient
and reliable automated system a combination of techniques is necessary. Document pre-processing
techniques are required to transform the raw documents to sections and ad-hoc processing are
necessary to select the right sections to match the information request of the user. Supporting
functions of such a system are text classification and text clustering, as these planned processing
methods can speed up the ad-hoc processing by adding metadata to documents. Reflecting back
on the research objective of this thesis, which is to find a recommended approach to use in an
automated system, a theoretical answer is to combine techniques in specific elements of the system
as depicted in the developed FFD and synthesis of techniques.

The next step is to create a prototype automated system based on the FFD and a test environment

to compare the different techniques depicted in this chapter. This is addressed in the next chapter
of this thesis, the methodology for testing the techniques.
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3. Methodology

3.1. Research Design

Chapter 2 provided a comprehensive theoretical FFD that can be used to design an automated
documentation system and a set of techniques that can be applied to the functions in such a system.
The research objective is to formulate recommendations for how to extract and identify information
from maintenance documentation. By creating a prototype automated system and testing different
techniques in this system, a recommended approach can be formulated to accomplish the objective.
As no systems are available in literature, a new system is created from scratch. This novel system
encompasses document pre-processing, two databases, a live search (ad-hoc processing) and
testing of techniques (planned processing), as shown in Figure 3.1. The strength of the system are
the connections between the different elements. The document data is stored in two databases and
can be accessed by the live search and altered by the testing functions of the system. In other words,
after performing tests, the results can be stored in the databases and immediately be used in the
live search of the system. Each of the functions in the system is developed so that they can be
extended and customized.
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Figure 3.1: Top-level system overview

The developed generic system is then altered to work with specific maintenance documents so tests
can be performed. As is found in Chapter 2, the performance of techniques is highly dependent on
the data used. Therefore, the first step in this research design is to determine the data that is used
in the system. A fully operational automated system would use multiple types of maintenance
documentation, e.g. using Airworthiness Directivess (ADs), Aircraft Maintenance Manuals (AMMSs)
or Service Bulletins (SBs). However, this is just a prototype system designed to determine a
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recommended approach for such a large system. As techniques must be designed specifically for a
task, a selection is made for only one data source rather than designing techniques for multiple data
sources, so that more tests on one document type can be performed. The only requirement for the
data source is that a large amount of information can be obtained to obtain significant test results.
There is one type of document that is available in the public domain, so it can be freely downloaded,
and it is available in a large quantity: Airworthiness Directivess (ADs). A total of 14008 AD documents
can be freely downloaded on the Internet from an EASA tool. Section 3.2 discusses in detail the data
collection, cleaning and selection.

After establishing the data source for the system, the other functions of the generic system can be
designed for this data source. The live search and testing of techniques are based on a use case:
given an aircraft registration mark and a topic based on an ATA chapter, identify the ADs that are
applicable / relevant. To implement this use case, an aircraft fleet is used to have tangible data to
search for in the documents. The specific aircraft fleet does not influence the functionality of the
system, so an arbitrary fleet was chosen: the TAP fleet. From the TAP fleet a selection of aircraft is
made and based on their aircraft registration marks the live search can be performed. The document
classifications and fleet data used to provide an answer to the query is stored in the ontology.
Additionally, the unprocessed AD pdfs are stored on the server so that these can be send back to a
user based on the query. The results for the live search are presented based on Boolean relevancy:
either an AD is relevant for the specific aircraft and ATA chapter or it does not. This is further
elaborated in section 3.3, which is an overview of the system and its functions.

The relevancy of the ADs to these two inputs is determined by using the testing of techniques, which
is the core of this research. The tasks that are tested are based on the information need to match
the registration mark and ATA chapter from the live search to the ADs. Seven document properties
that are relevant to matching the documents were included in the system: Publisher, Language, Type
(EAD/AD), Superseded, Aircraft Manufacturer (stated in the document), Aircraft Type and ATA
chapter. The first five of these properties are used to test different techniques on as these have a
large sample size in the dataset, the Aircraft Type and ATA chapter can only be executed with the
Boolean as the sample size is too small for text classification methods based on Machine Learning,
so these are not tested. The detailed set-up for the tests, i.e. the properties and techniques used, is
provided in section 3.4 of this chapter. A test-setup is a combination of a property with a set of
techniques, for example determining the language used in a document (English or French).

An important element of testing and comparing the techniques is knowing the performance of each
technique. To determine this, the actual value for each property is determined manually combined
with EASA metadata for the ADs. For example, the publisher of an AD can be determined based on
metadata provided by the EASA tool. The verification of the test scripts and the validation of this data
is discussed in section 3.5. The verification demonstrates the correct application of the tests in the
test environment by re-creating the test set-up in another software program. Additionally, the
validation of the results is to determine whether the actual values for all properties are correct, which
is performed by using manual checks and inverse application of the techniques to find outliers.

Having determined a correct execution of the system, the final element of the methodology is a pre-
test sensitivity analysis as discussed in section 3.6. There are some important variables besides the
properties and techniques that have an impact on the results of the tests, such as the amount of
training data used in the tests and the sample size. In that section, each of these variables is tested
by keeping all other variables the same and varying only this variable. At the end, a selection is made
for the final test set-ups and parameters for the tests.
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3.2. Data Collection, Cleaning and Selection

As the system and the performance of the techniques are highly dependent on the data used, this
section first describes the data that is used in the system and the tests. ADs are chosen as the data
source for this system due to their availability in the public domain so they can be freely downloaded.
Additionally, the only requirement for the data source is that a large dataset is used to obtain
significant test results, which is the case for ADs.

An AD is a notion from the relevant regulatory body to an aircraft manufacturer that there is a safety
deficiency with one of its aircraft which affects the airworthiness of this aircraft, sometimes
accompanied with instructions with how to fix the issue’. A typical AD can be viewed in Figure 3.2,
an Airworthiness Directivess from the publisher EASA. Important information from the AD is the
publisher, language, issue date, effective date, manufacturer, applicability, ATA chapter and reason
of publishing the document. These ADs can be freely downloaded in the Safety Publications Tool of
EASAZ.

EASA AD No.: 2010 - 0018

EASA AIRWORTHINESS DIRECTIVE EASA AD No.: 2010- 018

AD No.: 2010-0018 Effective Date: 18 February 2010
Required action(s) Required as indicated, unless already accomplished :

Date: 04 February 2010 ?r;g:f:]'vp"mce Within § years after the effective date of this AD, replace all four wing tank
. main pump pressure switches in accordance with the instructions of Airbus

Note: This Alrworthiness Directve (AD) & Bsued by EASA, acting in accordance with Service Bulletin (SB) A330-28-3111.

Reguiaton (EC) No 296/2008 on behat of the Eurcpean Community, s Member States

o, :/:c::):r::ef:;“:-:t third counries that parscipate n the acthities of EASA under Aricie Ref. Publications: Airbus SB A330-28-3111 at original issue.

TR ADEE " o EC 17000000, Ped ZTAZD. & S B0 2003003 7o e The use of later approved revisions of this document is acceptable for
5 AD % ls5003 I accordance Wi 7021 an 21A.38. In accorcance with EC 204272003 Accex |, Part MA30T, .

e cortinuing arworthness of an aircrat shal de ensurod by accomplishing any appicatie ADs. Consoguently, no perscn compliance with the requirements of this AD.

may operate an Arcraft o WhiCh an AD apples, eXest N ACCOMANCE With the requFaments of that AD uniess othorwise

specified by the Agency [EC 2042/2003 Annex |, Part MA303] or agreed with the Authorty of the State of Reglstry [EC Remarks: 1. If requested and appropnately substantated, EASA can approve
2162008, Artcie 14(4) exemgtion]. Alternative Methods of Compliance for this AD.
. i i . 2. This AD was published on 16 October 2009 as PAD 09-126 for
Type Approval Holder’s Name : TypelModel designation(s) : consultation until 16 November 2009. The Comment Response
AIR3US A330 aeroplanes Document can be found at: http://ad.easa.eurcpa.eul.
3. Enquiries regarding this PAD should be referred to the Airworthiness
3 ., f
TCDS Number : EASAA004 g::cwesmlsge!y !.\ié_rrntgtla:metﬂi Research Seco?n Certification
4. For any questions concerning the technical content of the reguirements
Foreign AD : Not applicable in this PAD, please contact:
AIRBUS SAS — Airworthiness Office - EAL. Fax: +33 56193 45 80.
Supersedure : None E-mail: ainwocthiness A330-A340@airbus.com.
ATA 28 Fuel - Wing Tank Fuel Pressure Switch — Replacement
Manufacturer(s): Alrbus (formerty Alrbus Industrie)
Applicability: Alrbus A330 aeroplanes, -201, -202, -203, -223, -243, -301, -302, -303, -

321, -322, -323, -341, -342 and -343 models, all Manufacturer Serial
Numbers, equipped with Part Number (P/N) HTEE9000-1 wing tank
pressure switches installed at Funcional Item Number (FIN) locaticns
T40A1, T4QA2, 75QA1T and 75QA2.

Reason: An A330 experienced an uncommanded engine #1 in flight spool down,
which occurred while applying fuel gravity feed procedure, in response to
low pressure indications from all fuel boost pumps, in both left and right
wings.

The investigations revealed that the wing tank pressure switches PIN
HTES9000-1 had frozen due to water accumulated in their external part,
causing spuncus low pressure indications.

As per procedure, the main pumps are then switched off, increasing the
level of unavallable fuel. This, in combination with very low fuel quantities or
another independent trappead fuel falure scanarios, can lead to fuel
starvaticn on the affected engine(s). This conditien, if not corrected, could
lead to & potential unsafe condition.

This AD requires the replacement of all four wing tank fuel pressure
switches associated to main pumps by new cnes with a more robust design
preventing water accumulation and freezing.

EASA Form 110 Page 172 EASA Form 110 Page 272

Figure 3.2: A typical Airworthiness Directive (2010-0018); page 1 and 2

1 EASA, https://www.easa.europa.eu/easa-and-you/aircraft-products/airworthiness-directives-ad (18-11-2016)
2 EASA Safety Publications Tool, http://ad.easa.europa.eu (12-08-2016)
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1. e 2. 3. 2 4.
Downloading 14.008 files - Filename cleaning: ) Uploading all files to the ) Checking readability for
from EASA tool ” removing unreadable system each file with pdf-to-text

characters from filenames script
8. 7. 6. 5.
Storing the 10.571 Tokenizing each file, ¢ Selecting only readable ¢ Checking for actual content
tokenized documents in the keeping only words and files with content: 10.571 in each file (> 400
database numbers documents characters threshold)

Figure 3.3: Data Collection, Cleaning and Selection process

The generic system as described in section 3.1 is adjusted to work with the ADs. The entire process
from downloading the ADs from the EASA tool up until storing them in a MySQL database is
visualized in Figure 3.3. The system and database are described in much more detail in the next
section and are therefore not elaborated here. The first step of the process is downloading the files
from the EASA tool. All ADs up to 12-08-2016 (the oldest is from 1957), which leads to a total of
12153 publications. Some publications have multiple documents, for example due to multiple
translations, which leads to a total of 14008 pdf documents. The documents are from many different
publishers as not only EASA documents are available, but also e.g. FAA and TransportsCanada
ADs. Every publisher uses its own template for the AD, but the information is often very similar as
there are regulations for what should be in an AD.

After obtaining the 14008 documents, the next step is cleaning the filenames, which involves
checking them for unreadable characters. As the filenames are also used as a document identifier,
the allowed characters are very strict. This resulted in the removal of characters in filenames such
as spaces, parenthesis and certain double underscores. No files had to be removed from the dataset.
After cleaning the filenames, the third step is uploading all files to the system. Subsequently, a script
is executed that extracts the raw text from the pdf files based on the PDF2Text technique as
described in the literature review. The documents range from 1957 up to 2016, which leads to that
some documents cannot be read by the script because of older file formats and scanned documents
instead of pdfs with the current standards. The results can be seen in Figure 3.4. There are 11710
documents that can be read and 2298 documents that cannot be opened are omitted for further
processing. Next, the actual content of all documents is checked. Some documents have the text “If
you require the AD, please e-mail X” and some are empty. These documents can be identified by
looking at the amount of characters, which is found to be lower than 400. Including the documents
that cannot be read by the PDF2Text script, there are 3437 documents that do not have content and
10571 that are readable and have content, as is visualized in Figure 3.5.

Total: 14008 Total: 14008

2298 2298

11710 11710

=#Readable #NotReadable = #Readable #NotReadable

Figure 3.4: Document Analysis - Readability Figure 3.5: Document Analysis - Actual Content
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At this point, the 10571 documents that are readable and have actual content are selected as the
population for the system and subsequent testing. The two final steps are preparing the documents
for database storage. A tokenizer is applied on the remaining documents, which extracts only words
(tokens) from the documents. The tokenizer is very simple: split a text string (the document) on every
whitespace. Before tokenization can be performed, first a Regular Expression script is executed on
each document: /[*a-zA-ZA-Aa-a0-9_)+\s]/g. The Regular Expression is used to remove all
unwanted characters from a text string (the document). In this case, only letters, numbers, special
characters such as R and a few other characters such as _ and + are kept. This is performed to
remove e.g. dots and commas from the documents as these are unwanted for tokenization. If this
would not be performed, a token could become ‘example.” and the words ‘example’ and ‘example.’
would not be counted together, but seen as two distinct tokens.

With the documents ‘cleaned’ and tokenized, the last step of the process is storing the 10571
tokenized ADs in a database so that they can be retrieved quickly for testing. The set-up of the
database is discussed in the next section along with other components of the system.

3.3. Development of the System and Test Environment

With the data of the system defined, the system is tailored towards it. Figure 3.1 in the research
design section provides a top-level overview of the system, with its main components the desktop,
web client and web server. Before diving in detail in the functionality of the system, first the
hardware/software used for the system components is described.

3.3.1. System Components and hardware / software

The generic set-up of a task is to identify the location of a piece of information in the ADs, extract
this information and save it so that it can be quickly retrieved as an answer to a query from a live
search. To establish possible hardware/software combinations in which this system can be created,
first a set of requirements is made. The ADs are formatted as pdf documents so the
hardware/software should be able to extract text from the pdf files. Furthermore, the software should
be able to process the text from the pdfs and search through its contents. Lastly, a system with a
server for processing and a client side that can be used by a user to search and retrieve information.
Most of the processing software such as Matlab do not incorporate the set-up of a convenient client
interface combined with separate processing, therefore another hardware/software combination is
chosen: web client / server. By means of a web client, an interface can be set-up for user input and
this can be combined with a server for processing. Web programming languages are also able to
perform text processing.

e] Web Server

(] eVPS ¢ Dedicated processing
L] .Ubuntu14.04 « FTP and VNC connection with desktop

% » Node.js (JavaScript) » WebSocket (live) connection with web client

The web server is a Virtual Private Server (VPS), as this does not interfere with other programs while
running and it can be online 24/7. This means the server is on a server farm and dedicated to this
test environment. The software on this VPS is Ubuntu 14.04 with very few programs installed. The
most important for the test environment is the web server software. There are many options, but due
to experience with node.js this web server software is chosen. A node.js server is based on
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JavaScript, using Chrome’s V8 JavaScript engine®. There are many advantages of this type of
server, but for this research a relevant advantage is node.js’ package ecosystem, npm, which is has
the largest set of open source libraries in the world*. Libraries are available for e.g. extracting text
from pdf documents (PDF2Text). The node.js server is combined with the WebSocket technology,
which is a technology which allows for a dynamic secure two-way connection between the client and
server®. This allows sending and receiving between client and server without having to continue
sending requests to the server.

Web Client

e Accessible in any desktop and mobile browser

e Programmed using JavaScript, HTML and CSS

« Interface with the server for live search, ontology view and testing

As node.js is chosen, the primary scripting language is JavaScript, which is a lightweight and
commonly used web programming language6. JavaScript is most well-known for the scripting of web
pages, but it can also be used for non-browser environments such as node.js and can also be used
for processing the techniques in this test environment. This means that except some HTML and CSS
for the web client most of the code is programmed in JavaScript.

[~ Desktop
— = (f\ ¢ Any Operating System ¢ Uploading docs and ontology via FTP
[ ¢ Web Client access via browser ¢ VNC interface with the server
A

¢ Protégé for ontology management

Additionally, VNC (remote viewing) and FTP (remote file access) software is installed on the VPS,
which enables the upload/download of files and viewing the server remotely. The input data for the
tests, the maintenance documents, can be uploaded by means of the FTP software.

Lastly, two databases are used to store all data in the system: a MySQL database and an ontology.
The MySQL database is installed on the web server and is used for storing the tokenized documents
as discussed in section 3.2 as well as the test results. The documents table in the database consists
of the name and tokens in for each document, while the test results table has the test set-up and
results for each test performed. A server script is created to connect the database with the other
scripts, such as the live search and testing scripts. An example of the test results in the MySQL
database can be seen in Figure 3.6.

< MysAQL database

g e MySQL Workbench 6.0 e Interface created with the rest of the scripts
% e Two tables: documents and test results

| NV [ (M| ESs L |Semewmes Gy Wga) | e s ammeen. g0
# | test_id | method | learning_setting | knn_number | property | documents |t ...... g i ion_re i | _setting docul 2
454 531 Boolean No Continuous Learning N/a hasDocumentPublisher Random 20% _ None None Preselected Subsample

455 532 Boolean No Continuous Learning N/a hasDocumentLanguage Random 1% None None All docs 174
456 533 Boolean No Continuous Learnin g N/a hasDocumentLanguage 100% None None All docs 174
457 534 Boolean No Continuous Learnin g N/a hasDocumentLanguage 100% None None All docs 174

Figure 3.6: Part of the test results table in the MySQL database

3 Node.js Foundation, https://nodejs.org/en/ (18-11-2016)

4 NPM Inc., https://www.npmjs.com/ (18-11-2016)

5 Mozilla Developer Network, https://developer.mozilla.org/en-US/docs/Web/APl/WebSockets_API (18-11-2016)
6 Mozilla Developer Network, https://developer.mozilla.org/nl/ (18-11-2016)
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Class hierarchy: Object property hierarchy:

i - o B
v--® owl:Thing v--mmowl:topObjectProperty
»-@ BasicClasses ™= hasAircraftFamily
v @ CommercialAireraft m hasAircraftManufacturer

v @ AircraftFamily = - mm hasAircraftSeries
..... @ A300 -~ mmhasAircraftType
..... @ A310 - m# hasDocumentAircraftFamily
..... ¢ A318 - m® hasDocumentAircraftManufacturer
..... @ A319 - m® hasDocumentAircraftSeries
..... @ A320 - m®hasDocumentAircraftType
..... ¢ A321 -- M hasDocumentATAChapter
..... @ A330 - m®hasDocumentCancellation
..... @ A340 - m® hasDocumentContent
..... @ A350 - m® hasDocumentEffectiveDateDay
..... @ A380 - M hasDocumentEffectiveDateMonth
_____ ) OtherAircraftFamily - m®hasDocumentEffectiveDateYear

v AircraftManufacturer = ™= hasDocumentIssueDateDay

P e @ Aitbus e ™= hasDocumentIssueDateMonth
P @ OtherAircraftManufacturer ®= hasDocumentIssueDateYear

v AircraftRegistrationMark ®= hasDocumentLanguage
..... & CS-TIE - m®hasDocumentPublisher
----- & CS-TNG - m® hasDocumentReadability
----- & CS-TOA - m® hasDocumentSuperseded
----- & CS-TOH - m®hasDocumentType
----- £ €s-T0Q
..... £ CS-TTA Figure 3.7: Properties in the ontology

v AircraftSeries

----- ) 100series

----- () 200series

----- ¢’ 300series

----- () 600series

----- ) 600STseries

----- ) OtherAircraftSeries
v AircraftType

""" @ A319-111 Description: CS-TJE

----- © A319-112

..... . A320-214 Equivalent To

---- O A321-211 " hasAircraftManufacturer only Airbus
""" : :ggg';g; @ hasAircraftFamily only A321

_____ © A330-223 @ hasAircraftSeries only 200series

..... ¢ A330-243 ) hasAircraftType only A321-211

----- ¢ A340-312

----- ) OtherAircraftType
p-- ) Documents

SubClass Of

@ AircraftRegistrationMark

Figure 3.8: Fleet data in the ontology Figure 3.9: Information linked for registration mark CS-TJE
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Class hierarchy: Documents Class hierarchy: Documents

%] ] %]

v--@ owl:Thing v--@ owl:Thing

»- @ BasicClasses »- @ BasicClasses
»-- @ CommercialAircraft
& O Documents

- @ CommercialAircraft

A& O Documents
»- ) DocumentCancellation
»- ) DocumentContent
»- ) DocumentID

»-- ) DocumentCancellation
»-- ) DocumentContent
v-- ) DocumentID

Figure 3.12: Basic Classes in the

ontology

:: gocumen::;a?j"u:ge ----- g EASA_AD_001-11-2002_1.pdf
ocumentPublisher b EASA_AD_004-06-2002_1.pdf
»-( DocumentReadability © EASA_AD_005-04-2003_1.pdf
> DocumentSuperseded = . ) EASA_AD_006-04-2003_1.pdf
b DocumentType = . &) EASA_AD_007-02-2003_1.pdf
""" &) EASA_AD_009-10-91_1.pdf
Figure 3.10: Document classes hierarchy in i i &) EASA_AD_01-10-01-07R1_1.pdf
theontology 4 . © EASA_AD_01-12-02-02R1_1.pdf
Classhierarchy: S R S e EASA_AD_OS'10'05'05R1_1.Ddf
----- © EASA_AD_2004-0001_1.pdf
> S © EASA_AD_2004-0004_1.pdf
————— ! i © EASA_AD_2004-0005_1.pdf
v-@owkThing | | © EASA_AD_2004-0006R1_2.pdf
V-@BasicClasses | | L. © EASA_AD_2004-0007-CN_2.pdf
v-@ "“‘"L‘be":e oo | L1 © EASA_AD_2004-0008R1_1.pdf
) N::be:OI Figure 3.11: List of documents in the ontology
-~ Number02
~ ) Number03 Description: EASA_AD_2013-0268_2.pd
- Number04
‘ Number05 Equivalent To
~ ) Number06 © hasDocumentIssueDateDay only Number07
: :::x:g; " hasDocumentReadability only Readable
@ Number09 " hasDocumentLanguage only English
~@) Number10 ) hasDocumentSuperseded only Superseded
: :::x:igg " hasDocumentEffectiveDateMonth only Number11
@ Number102 ) hasDocumentIssueDateYear only Number13
- Number103 ) hasDocumentContent only ActualContent
: :um::rig; ) hasDocumentCancellation only NotCancelled
umber
..... ¢ Number106 ) hasDocumentEffectiveDateDay only Number21
---- ¢ Number107 ) hasDocumentEffectiveDateYear only Number13
""" : :“mxrigg  hasDocumentIssueDateMonth only Number11
..... umber
..... @ Number11 ) hasDocumentType only AirworthinessDirective

) hasDocumentPublisher only EASA
) hasDocumentAircraftManufacturer some Airbus
) hasDocumentAircraftFamily some A330

Figure 3.13: Document classifications for document EASA_AD_2013-

0268_2.pdf
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Ontology

.' e OWL / XML syntax « Ontology interface script on the server
% ¢ Fleet data and doc. classifications ¢ Access via Protégé on the desktop

The other database is an ontology. An ontology is a more convenient method of storing linked data.
Where the MySQL database is efficient in storing chunks of data in rows and columns, an ontology
is used for describing relationships between data. It is stored in an OWL / XML data format, which is
a similar format used for e.g. RSS feeds. The ontology uses (nested) classes and properties to
describe the data. To use the data in the ontology on the server, a novel interface between node.js
(or JavaScript in general) and OWL / XML files is created as no libraries were available in the npm
database. This new module enables the reading, changing and writing / storing of an ontology file
on the server. This means that when tests are performed and new document classifications are
made, these can immediately be added to the ontology and viewed in the web client or on the
desktop via Protégé. As an example of the scripting performed in this thesis, the ontology interface
script can be viewed in Appendix 1.

The ontology is used for two datasets: the selected TAP fleet data and the document classifications
which are obtained from the tests. There are six aircraft selected from the TAP fleet with the following
registration marks: CS-TJE, CS-TNG, CS-TOA, CS-TOH and CS-TTA. These are inserted as
classes in the ontology, as can be viewed in Figure 3.8. This information is supplemented with
Aircraft family, manufacturer, series and type information. The information is linked together using
properties, the total list of properties in the ontology can be viewed in Figure 3.7. This way of storing
the information can be more easily extended than the MySQL database. Figure 3.9 shows the links
of one registration mark, CS-TJE, with the other categories. In this way, the registration mark class
CS-TJE is linked to other classes such as the Aircraft Type A321-211 using the property
hasAircraftType.

The other dataset in the ontology, the document classifications, are organized in a similar fashion to
the fleet data. As visualized in Figure 3.10, there are 8 groups of classes related to the documents:
document ID (the unique document identifier as with the registration mark in the fleet data),
document cancellation, document content, document language, document publisher, document
readability, document superseded and document type. All these groups have their own property and
additionally there are a few properties related to the Issue Date, Effective Date and ATA Chapter
(hasDocumentATAChapter, etc.). These properties have a specific number, for example ATA 21. To
store this information in an ontology, a branch of Basic Classes is created as can be seen in Figure
3.12, as all information should be in a class, which is different than a MySQL database. Therefore,
the property hasDocumentATAChapter can be given the class Number21. The first part of the list of
documents in the ontology can be viewed in Figure 3.11, as 14.008 documents would be too big a
list to display. Finally, Figure 3.13 demonstrates how some of the properties are linked to the
document EASA_AD 2013-0268_2.pdf, which is comparable to the fleet data case.
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3.3.2. System Functions

With the system components including hardware, software and data storage discussed, the next
step is an overview of the functionalities incorporated in these components. Based on the theoretical
FFD of chapter 2 and the top-level overview, Figure 3.14 shows an FFD of the functions developed
on the server. It is a more detailed view of the overview as presented in Figure 3.1. It is structured
in a matrix format, on the top row the 4 groups of functions are listed: Live Search, Ontology,
Documents and Testing. On the first column, the different channels are given: the web client, server
and desktop. In total 7 sets of functions are defined which are described below:

1. Manage ontology (desktop)

Manage maintenance documents (desktop)

(A) Synchronize documents and (B) document classifications with ontology (server)
Information request (client)

View ontology (client)

Perform test (client)

N o oA w N

View test results (client)

Managing ontology (desktop)

The first set of functions is management of the ontology from the desktop. The functions are very
simple, the ontology can be opened on the desktop with Protégé and stored, afterwards uploaded to
the server (as an owl file) where it can be accessed by the server for processing.

Managing documents (desktop)

In a similar fashion to the ontology management, the document management is the interface
between desktop and server for the documents. Documents can be uploaded and downloaded from
the server by means of the FTP server and the server can process these documents. This is
discussed in detail in section 3.2.

Search Search Search

¢ Choose registration mark Choose registration mark Registration mark

7 5> - select - i /‘© >> CS-TUE i CS-TJE

4 Choose topic Choose topic Topic

7 >> - select = | 7 >>Fuel (ATA28) " | & Fuel(ATA28)

- : o] o s Aircraft Manufacturer
Clicktosearch & =
- ﬁ >> Click to search - E >> Cli - Airbus

Aircraft Type
A321-211

' ﬁ I i Relevant Documents: |
! =) 2016-0114

W {E] Effective: 29/06/2016
% j " ol B 2012-0119 .
. Effective: 18/07/2012 L
= 2010-0177
! o Effective: 13/09/2010

= 2010-0027
‘ﬁ Effective: 05/03/2010

Figure 3.15: Live search page Figure 3.16: Live search filled in Figure 3.17: Live search results
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Search

@) Registration mark
CS-TJE

EASA AD No.: 2016-0114

@ Topic
EASA Airworthiness Directive 7 Fuel (ATA 28)
_y ADNo.:  2016-0114 Aircraft Manufacturer

= o " [Correction: 23 June 2016) Airbus
Issued: 15 June 2016 Aircraft Type
{ECY216/2008 on bl a he European Union, s i et St and of the Europeanthrd A321-211
" under A 66

o Part MA 301, the Relevant Documents:

(EU) 1321/2014 Annex,

(EC) 216/2008, Article 14{¢) exemption).

% 2016-0114
Design Approval Holder’s Name: Type/Model designation(s): Effective:29/06/2016
AIRBUS A318, A319, A320 and A321 aeroplanes = 2012-0119
E‘ Effective: 18/07/2012

E 2010-0177
S Effective: 13/09/2010

Effective Date: 29 June 2016
TCDS Number(s): ~ EASA.A.064

Foreign AD Not applicable

ThisAD EASA AD 2014-0234R1_dated 11 December 2014 @ 2010-0027

Effective: 05/03/2010
e
i

Figure 3.18: Viewing a document in live search

Syncing documents and document classifications with ontology (server)

There are two functions that are accessed on the server, which is syncing the documents and
document classifications with the ontology. First, a script is written which checks all documents in
the document database with the documents that are listed in the ontology (function 3A.1), if
documents are added or removed, these documents are also updated in the ontology (function 3A.2).
Updating the ontology means removing or adding the class from the ontology file, which is performed
by the ontology interface script. The second functionality is syncing the document classifications with
the ontology (function 3B). Based on the test results, the best classification techniques for each
property are determined (function 3B.1) and the information obtained with these techniques is stored
in the ontology so it can be used by the live search.

Live search (client)

The first part of the client is the live search, visualized in Figure 3.15, Figure 3.16, Figure 3.17 and
Figure 3.18. Figure 3.15 shows the live search interface on the web client, with the two described
inputs: Aircraft Registration Mark and Topic. After filling these in, of which an example can be seen
in Figure 3.16, the search commences and after 1-2 seconds the results can be viewed as can be
observed in Figure 3.17. The result is a list of relevant documents to the query, and in this overview
the document name and effective date are given, these documents are also sorted by effective date.
Additionally, the documents can be viewed from this interface, as shown in Figure 3.18. By just
clicking on the document name, the document itself pops up to the left and can be viewed directly.

The functionality in more technical terms is provided in the FFD. Function 4.1 is entering the
registration mark and the topic so that it can be send to the server (function 4.2). The server then
matches the registration mark and topic with Aircraft Type and ATA chapter respectively (function
4.3). The Aircraft Type and registration mark are matched using the information in the fleet data of
the ontology, whereas the ATA chapter and topic are linked via a list on the server (ATA chapter title
and number). These two properties are then checked with the document list in the ontology and all
ADs that match the hasDocumentAircraftType and hasDocumentATAChapter with the query are put
in a list (function 4.4). This list is then checked on the properties hasDocumentCancellation,
hasDocumentSuperseded and hasDocumentLanguage to match predefined requirements: no
cancellation, not superseded and English respectively. The remaining documents that meet the
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requirements are then obtained in pdf form from the unprocessed documents folder (function 4.5)
and then send back to the user. The result is a list of documents with additional information such as
the effective date at the user interface at the client. For these tests the validated data is used for all
properties, so the information is not based on the techniques that are tested but on manually
determined properties. An example of the results returned to the user can be seen in Figure 3.18.

Ontology View Ontology View Perform Test
)( #CommercialAircraft 4] ooo Up f Technique
>> ~ select —
o)< #Documents l}i #DocumentCancellation Property

- =] b >> — select ~

. #8asicClasses iz o Documents
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Viewing ontology (client)

The next element in the client is viewing the ontology. This top-level view is visualized in Figure 3.19,
with the same groups Basic Classes, Documents and Commercial Aircraft as seen in Protégé. By
clicking on the different groups, the sub-trees are visualized as can be seen in Figure 3.20. There is
no new information versus the Protégé interface, but the main difference is that it is accessible via
the client which simplifies the access, e.g. also on mobile devices. The functionality is quite simple;
the ontology is requested by the web client and then loaded and provided by the server to the client.

Performing a test (client)

The last group of functions is related to the testing of techniques. An overview of the test page is
given in Figure 3.21. The different parameters for the test can be seen, such as the technique,
property and document population. More details about the test parameters is provided in section 3.4.
The functionality as visualized in the FFD starts with a test set-up at the client (function 6.1), which
is send to the server where after the right scripts are selected that match the technique provided
(function 6.2). After selecting the right script, the test is performed (function 6.3). More details on the
techniques is given in the next section (3.4) as well. When the test is completed, the results are
stored in the database and send back to the user so they can be viewed (function 6.4).

Viewing test results (client)

As part of the ‘Perform test’ functions, the last step is viewing the test results. An overview of the test
results page can be observed in Figure 3.22. It is a list of all the tests previously performed with a
specific test id and time. Additionally, the details of every test can be seen by clicking on the test id,
as visualized in Figure 3.23 (top part of the test result) and Figure 3.24 (bottom part of the same test
result). The functionality to get the test results on the client is quite straightforward, they are
requested and the server provides all previous test results.
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Figure 3.22: Test results overview Figure 3.23: Test result (1) Figure 3.24: Test result (2)

3.4. Test Set-up

With the data selected and collected and the system overview provided in the last sections, the next
step is to dive into the actual test set-up. The use case that is implemented in this system is to
provide all ADs that match a given aircraft registration mark and topic. The aircraft registration mark
is matched with an Aircraft Type by means of the fleet data in the ontology and the topic is linked
with an ATA chapter on the server respectively. The aircraft type and ATA chapter must therefore
be extracted from the ADs.

The ADs are not uniform documents, as they are available from different publishers (hence different
templates), different languages, etc. The goal of the tests is to extract document properties that help
in selecting the relevant subset of documents that can be used for the use case. As the TAP fleet is
chosen, with only Airbus aircraft, the subset of documents that must be identified is English ADs that
are applicable to Airbus aircraft. Determining each property is done using a selection of classification
techniques from the previous chapter, which is elaborated later in this section. An example set-up is
determining the class for the document property, either being English, French or German. The
‘correct’ class for all document properties is known beforehand by using metadata from the EASA
tool, so the performance for each technique can be calculated using the predicted value by each
technique and the actual value as it is known.

To get from the total population of 10571 ADs to this subset of English Airbus ADs, there are 3
properties that must be extracted from the documents: Document Publisher, Document Language
and Document Aircraft Manufacturer. Two additional relevant properties for creating the right subset
of relevant Airbus document are Document Type (to see if the document is an emergency AD or not)
and Document Superseded (superseded documents are not relevant in the live search). From the
final subset of documents, the Aircraft Type and ATA chapter can be extracted using the Boolean
technique. These two properties cannot be tested with more advanced classification techniques as
there are too few documents in the subset to perform a significant test.
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The depicted components for the test set-up are described in detail below: the document properties,
techniques, assessment criteria and a synthesis.

3.4.1. Properties

Document Publisher

The first property to extract from the documents is the document publisher. There are many possible
document publishers, but 4 main publishers can be identified from the total population of 10571, as
is visualized in Figure 3.25. The top-4 publishers are DGAC (3442 documents), which is the French
government who published the French documents before EASA took over in 2003. It is followed by
EASA (2986 documents), with only documents from 2003 onwards. The next two groups are FAA
(2315 documents) and TC (869) which is Transports Canada. The other publishers combined are
959 documents and presented as ‘Other’ in the figure. This information is obtained using metadata
provided by the EASA tool when downloading the documents.

Total: 10571 Total: 9612

959 1
869 o 2174

2315

7437

2986

"DGAC "EASA ®*FAA =TC =Other = English French ®=German

Figure 3.25: Document Analysis - Publisher Figure 3.26: Document Analysis - Language

Document Language

The second property is the language used in the documents. For testing purposes, a subsample of
the population is chosen from only the top-4 publishers. To perform a significant test, a large sample
should be present and the languages of the documents from the ‘Other’ publishers are very different,
hence resulting in very small sample sizes for each language. Removing the 959 documents from
Other publishers from the total population results in a remaining sample of 9612 documents. There
are 7437 English documents, 2174 French documents and 1 German document in this set, as can
be seen in Figure 3.26. As with the document publisher property, this information is obtained by
using metadata from the EASA tool and a small server script to divide the documents in the right
language classes.

For testing purposes, a sample of 9611 is used instead of the 9612, as the 1 German document is
removed from the test (too low a sample for that class). Additionally, for the live search capabilities
of the system only English documents are selected, as the French documents are just translations
of the English ones (or vice versa) and do not provide additional information.

Document Type

The third property to determine is the document type, which is either a regular Airworthiness Directive
or Emergency Airworthiness Directive. The division between those two classes can be seen in Figure
3.27, there are 6976 regular ADs and 461 EADs in the entire population. An Emergency
Airworthiness Directive is characterized by higher importance than a regular AD, but besides that
there is no difference in the documents. This information is used to prioritize EADs over ADs in the
search results of the system.
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The test set-up for this property is slightly different from the previous properties, as another smaller
document sample is made based on the two previous properties: only English documents from the
top-4 publishers are selected. This is chosen due to the differences in documents of other publishers
and the fact that French documents do not provide additional information over English ones. This
results in a sub-population of 7437 documents that is sued for testing.

Document Superseded

The fourth property is Document Superseded, which is a property that defines whether an AD is
superseded by a newer AD or not. Figure 3.28 shows the descriptive for this property: there are 5781
documents not superseded and 1656 ones are superseded. It is often clearly visible in an AD if it is
superseded as a large red ‘superseded’ sign is then covering the entire document. The information
whether a document is superseded is obtained using metadata from the AD website.

This property is used to remove superseded documents to show from the live search results,
because superseded documents are not relevant to the user. The same sub-population of 7437
documents is used as for the document type, as the same logic for choosing this sample applies and
it also means that the results for these properties can be compared.

Total: 7437 Total: 7437 Total: 7437

461
1656

1954

5781 5483

6976

=AD "EAD " Not Superseded Superseded = Airbus * Other
Figure 3.27: Document Analysis - Type Figure 3.28: Document Analysis - Figure 3.29: Document Analysis - Aircraft
Superseded Manufacturer

Document Aircraft Manufacturer

The last property that is used for testing is the Document Aircraft Manufacturer, or in other words,
the aircraft manufacturer a document is relevant to. For the specified use case, using the TAP fleet,
a difference is made between Airbus and other aircraft manufacturers. Making this two-class
distinction rather than a multi-class set-up with all manufacturers ensures that the sample sizes are
large enough to perform relevant tests, otherwise some classes would only have a few documents
which does not lead to significant results. As can be observed in Figure 3.29, there are 1954 Airbus
documents and 5483 for other manufacturers. This information is again obtained from the EASA AD
tool.

It is also the last property required to enable the search of the system, as Boolean methods are

applied to extract ATA chapter and Aircraft Type from this subsample of relevant English Airbus
documents.
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3.4.2. Techniques

Now that the 5 properties to test are defined, the next step is selecting and setting up the techniques
for these tests. As the tests are classification tests, only text classification techniques should be
chosen with the simplest method being the Boolean technique. From the set of defined techniques
in Chapter 2, there are 2 methods that can be applied to large texts: Naive Bayes and kNN. The
other described methods in the literature are either very difficult to implement on large texts or too
similar, for example in a basic set-up the SVM method works similarly to the kNN method. All three
techniques did not have a library available in the npm database that could be used in the prototype
system, therefore for each of these techniques a new script is developed. Below the three techniques
are described as well as how these are implemented in the script.

Boolean

The Boolean technique is the simplest technique that is used in the testing. For each document
property, a keyword is determined and compared with all document tokens (often words). If the
keyword matches one of the tokens, the document matches the class that is assigned to that
keyword. For example, in case of the property Document Publisher one of the keywords is ‘FAA’. If
FAA is one of the tokens in a document, the class ‘FAA’ is assigned to that document. This is then
performed for all possibilities of classes, which in case of the publisher is DGAC, EASA, FAA, TC
and Other (if it does not match any of the other classes). A similar procedure is performed for the
other properties.

Naive Bayes

The first Machine Learning technique that is tested is the Naive Bayes technique. The Naive Bayes
techniques requires a set of training documents to be able to determine the class of test documents.
The document population for a property is first divided in a training sample and test sample. The first
step of processing the training sample is to make a vocabulary per training class. For example, all
training documents that are from the class English are combined in 1 list and likewise for all French
documents. Based on these lists, a vocabulary is created per class. This vocabulary is a list of unique
tokens and the frequency each word occurs in the training documents. For example, one of the
tokens in the English list is ‘balance’ and the frequency is 7 in all training documents.

Having these vocabularies for both classes, the tokens in each test document can be compared with
these vocabularies to determine the expected class of each test document. This comparison is
performed in a probabilistic way and two main probabilities are used: the category probability and
the probability for each token. The category probability is easily calculated by taking the amount of
English documents / total documents in this example. The natural logarithm is taken from each
probability to avoid underflow, which can happen when vocabularies grow over 100.000 tokens. The
next step is calculating the probability for each token in the test document, which is performed in a
similar fashion as in Chapter 2 but with Laplace Additive Smoothing. The Laplace smoothing is
applied to account for the posterior probability, which is common in the Naive Bayes method. The
token probability is then calculated by taking the natural logarithm of the wordFrequencyCount *
(wordFrequencyCount + 1) / (class vocabulary size + total vocabulary size). The category probability
and each token probability are then combined to get a total probability score for this class. The same
calculations are then performed for the other classes of this property and finally the probabilities for
both classes are combined: the lowest total probability is the expected class for the test document.
The same procedure is then performed for the other test documents.
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k-Nearest Neighbors

The second ML technique is kNN. It uses a similar starting approach as the Naive Bayes method,
as it uses a training batch of documents to learn which word belongs to which class, and then for
each test document all words are calculated with these training document words. The difference
between the KNN method and the Naive Bayes method is that the kNN method calculates the
Euclidian distance between the word frequency of each word in the test document and the training
words and sums up the total distance per test document. Then the k ‘closest’ documents are selected
and the class of these documents that has the highest value should be the class of the test document.

To start, the documents are again divided in a training set and a test set. The training documents
and test documents are first both converted to a document vocabulary; a list per document of all
unique words and their frequency (rather than 1 vocabulary for all documents of one class as with
the Naive Bayes method). Each test document is compared to all training documents, by calculating
the total Euclidian distance between each token. For each unique token in the test document, the
frequency difference is calculated and squared. After the differences are all summed up, the square
root is taken. After doing this comparison between the test document and all training documents, a
list of total differences between the documents is obtained. Based on the selected ‘k’, the k
documents that have the lowest distance are evaluated. The class of these documents are counted
and the most counted class is the expected class for the test document. The same procedure can
then be repeated for the other test documents.

3.4.3 Assessment Criteria

The previous subsection elaborated upon determining the expected classes of test documents and
the next step is to evaluate these classes. Using the multi-class F-score calculation as described in
Chapter 2, the F-score can be calculated for each test set-up.

3.4.4. Test set-up synthesis

The properties, techniques and assessment criteria are discussed, but there is still one element of
the tests that should be elaborated: the documents. As the ADs have high randomness, there are
many words that are not relevant to the given properties as these are aircraft / error specific, there
is a bias in selecting a set of documents for each test. Therefore, to avoid this bias, for each test set-
up (a combination of property and method), multiple tests are performed with a randomly picked test
and training sample and the results are averaged. Unfortunately, as the precision and recall scores
cannot be averaged for each test, only the F-score is used as a performance measure for the test.
Additionally, a confidence interval of 95% the results is calculated (2c) to check the range of the
results of the 5 tests and the time required for each test is measured. This means that all parameters
for the test are described and a standardized overview can be seen in Table 3.1.

Table 3.1: Test results set-up

Method Population Sample Training | Time (avg, s) | Fs(mean) | Fp(20)

Document Property (options)
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3.5. Verification and Validation

Having established the test set-up an important element is the verification and validation of the
system used for testing. In this section, both are elaborated upon.

3.5.1. Verification

The verification of the scripts related to the test set-up is to ensure that the tests are performed as
expected, or in other words: if the techniques are correctly coded in the system. Additionally, the F-
score calculation is verified. For the verification of the test scripts, the set-up is developed again in
another tool: Microsoft Excel. All elements from tokenized documents to document classifications
are coded as well in Excel for a specific use case, as only the functionality must be checked and not
all results. The use case that is recreated is testing the language of all ADs from Transports Canada
from the year 2010, while using all ADs of 2009 as a training set. This dataset is chosen as
Transports Canada publishes all documents in an English and French version, which gives a
convenient training and test set. There are 49 English and 49 French ADs in 2009, which are used
for training. Furthermore, there are 39 English and 37 French ADs in 2010 (the offset is due to 2
extra English appendices). The verification procedure starts with the tokenized documents from
these two samples.

A B v v 2 F o o] I J K L ™m N
1 Doc ¥ |Language | ¥ |Type ¥ | Tokens from here to right
2 #EASA_AD_CF-2009-01R1_1.pdf English Training Transport Transports Canada Canada TP 7245E AIRWORTHINESS DIRECTIVE The following airworthiness
3 #EASA_AD_CF-2009-01R1_2.pdf French Training Transports Transport Canada Canada TP 7245F CONSIGNE DE NAVIGABILITVd La prv@sente
4 HEASA_AD_CF-2009-02R1_1.pdf French Training Transport Transports Canada Canada TP 7245F CONSIGNE DE NAVIGABILITVd La prv®@sente
5 #EASA_AD_CF-2009-02R1_2.pdf English Training Transport Transports Canada Canada TP 7245E AIRWORTHINESS DIRECTIVE The following airworthiness
6 #EASA_AD_CF-2009-03_1.pdf English Training Transport Transports Canada Canada TP 7245E AIRWORTHINESS DIRECTIVE The following airworthiness
7 #EASA_AD_CF-2009-03_2.pdf French Training Transports Transport Canada Canada TP 7245F CONSIGNE DE NAVIGABILITVd La prv®@sente
Figure 3.30: Some tokenized documents in Excel
M o = v c r
1 document_name consigne count BOOLEAN test Macster Real Verification
2 HEASA_AD_CF-2010-01_1.pdf 0 English English English TRUE
3 HEASA_AD_CF-2010-01_2.pdf 20 French French French TRUE
4 HEASA_AD_CF-2010-02_1.pdf 6 French French French TRUE
5 #EASA_AD_CF-2010-02_2.pdf 0 English English English TRUE
6 #EASA_AD_CF-2010-03_1.pdf 0 English English English TRUE
7 #EASA_AD_CF-2010-03_2.pdf 6 French French French TRUE
8 #EASA_AD_CF-2010-04_1.pdf 12 French French English TRUE
S HEASA_AD_CF-2010-04_2.pdf 0 English English French TRUE
L0 H#EASA_AD_CF-2010-05_1.pdf 0 English English English TRUE
L1 #EASA_AD_CF-2010-05_2.pdf 26 French French French TRUE
L2 #EASA_AD_CF-2010-06R1_1.pdf 0 English English English TRUE
L3 H#HEASA_AD_CF-2010-06R1_2.pdf 6 French French French TRUE
14 #EASA_AD_CF-2010-07_1.pdf 0 English English English TRUE
L5 #EASA_AD_CF-2010-07_2.pdf 0 English English French TRUE
L6 #EASA_AD_CF-2010-08_1.pdf 0 English English English TRUE
L7 HEASA_AD_CF-2010-08_2.pdf 16 French French French TRUE
L8 HEASA_AD_CF-2010-09_1.pdf 0 English English French TRUE
S #EASA_AD_CF-2010-09_2.pdf 8 French French English TRUE
20 HEASA_AD_CF-2010-10_1.pdf 0 English English French TRUE
21 #EASA AD CF-2010-10 2.pdf 10 French French English TRUE
Figure 3.31: Part of the verification results for the Boolean method in Excel
Boolean

The verification of the Boolean technique is the easiest of the three techniques. The training data
remains untouched and only the test data is processed. The tokenized test documents are loaded
in Excel, of which an example can be viewed in Figure 3.30. The Boolean keyword to determine the
language of the document is ‘consigne’, the French translation of directive. A simple IF statement is
executed to check whether the word ‘consigne’ exists in one of the columns with document tokens
and the result is either the French or English class. The result for each test document is compared
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with the result that the system provided for each test document and can be observed in Figure 3.31.
The result is a list of Excel results and system results and these are compared: all 76 test documents
gave the same result for both methods, as expected.

Naive Bayes

A more complex verification process is required for the Naive Bayes technique. Using the 49 English
and French training documents, a training vocabulary must first be created for both classes. To do
this in Excel, all tokens from both sets of documents must be counted. The resulting numbers are
verified along the way with the test environment. After creating the vocabularies, it is found that there
are 38016 English tokens and 47919 French tokens. This is an interesting result as the documents
are literal translations of each other and it was expected that these counts are more similar, instead
of having a 26%-word count difference. Nevertheless, an example of the vocabulary is given in
Figure 3.32. These counts are the same as in the test environment.

A B c D E

1 English Words Name English Words Count French Words Name French Words Count
1417 dielectric 3 contraintes 3
1418 Dielectric 1 contre 7
1419 differ 2 Controls 2
1420 different 1 convient 1
1421 | difficulty 4 copilote 1
1422 | digital 1 coque 1
1423 directional 2 corps 2
1424 | DIRECTIVE 45 correctement 7
1425 directive 305 correction 1
1426 | Directive 25 corrections 1
1427 directive) 1 corrective 7
1428 Directives 1 correctives 53
1429 directly 1 Correctives 1

Figure 3.32: Example of the verification vocabularies in Excel

Having established the training vocabularies, the documents can be tested. For each of the
documents a vocabulary is created and for each of the tokens in the vocabulary the probability is
calculated whether it matches the English or French documents, using the equations as described
in the previous section. An example of these token probabilities for the first document of the test set
is given in Figure 3.33. A more negative token probability means a lower likelihood a word matches
that category compared to the other class. Combining the token probabilities for each class and
adding the category probability, which is the natural logarithm of 0.5 as both training sets have equal
number of documents, a total probability for this first test document is obtained. The total probability
for the English class is -6349,25 and -9195,04 for the French class. In this case, the English class
would be chosen by the technique as it is a higher probability than the French class. These total
probabilities are identical to the results found by using the system. The same procedure was
executed for the other test documents (the remaining 75 test documents) and these results were
also identical, which verifies the Naive Bayes technique in the test environment.

A D (" %} c r it}

_1_ w_o!gg_a_ S Frequency in Text_ English Word Frequency Couni French Word Frequency Coun! English Token Probability (Lapla_c’g)_ French Token Probability (Lapl_a_gg)_
214|non 2 13 41 -16,06 -14,28
15 | conformity 1 3 0 -9,28 -10,88
216 |increased 1 3 0 -9,28 -10,88
217 their 1 7 0 -8,59 -10,88
218 | susceptibility 1 2 0 -9,57 -10,88
219 | brittle 1 2 0 -9,57 -10,88
220 fracture 1 2 0 -9,57 -10,88
221 Subsequently 1 4 0 -9,06 -10,88
222|it 2 32 0 -14,35 -21,75
2123 | was 2 34 0 -14,23 -21,75
224 established 1 2 0 -9,57 -10,88

Figure 3.33: Naive Bayes token probability calculations for verification in Excel
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A B C D A B C
Token Word Frequency Test Doc  Word Frequency Training Doc Eucl Dist Document v | Total Distance ~ 1/ Language

——— = = =z HEASA_AD_CF-2009-50_1.pdf 33,3166625 English
>|upon 1 1 0 HEASA_AD_CF-2009-48_1.pdf 40,23679908 English
7| compliance 4 B 4 #EASA_AD_CF-2009-21R1_1.pdf 48,37354649 English
3 with 10 6 16 #EASA_AD_CF-2009-08R1_1.pdf 49,25444142 English
3 all 2 1 1 HEASA_AD_CF-2009-33_1.pdf 50,12983144 English
) Failure 2 1 1 H#EASA_AD_CF-2009-20_1.pdf 50,19960159 English
L comply 1 1 0 #EASA_AD_CF-2009-09_2.pdf 50,35871325 English
! requirements 1 2 1 H#EASA_AD_CF-2009-05_1.pdf 50,45790325 English
3 AD 2 8 36 HEASA_AD_CF-2009-15_1.pdf 51,10772936 English
1 invalidate 1 1 0 HEASA_AD_CF-2009-19_1.pdf 51,41984053 English
5 flight 4 1 9 HEASA_AD_CF-2009-01R1_1.pdf 51,95190083 English
5| authorization 1 1 0 #EASA_AD_CF-2009-47_2.pdf 52,26853738 English
7 Alternative 1 1 0 #EASA_AD_CF-2009-16_1.pdf 52,44044241 English
3| means 1 1 0 #EASA_AD_CF-2009-25R1_1.pdf 52,64978632 English
2 shall 2 2 0 HEASA_AD_CF-2009-29R1_1.pdf 52,80151513 English
) applied 1 1 0 #EASA_AD_CF-2009-46_1.pdf 53,46961754 English
Ttor 2 3 1 HEASA_AD_CF-2009-13_1.pdf 53,50700889 English

> ) 0 #EASA_AD_CF-2009-22_1.pdf 53,94441584 English

! accordance

Figure 3.34: kNN verification Euclidian distance per word in Excel

#EASA_AD_CF-2009-49R1_1.pdf

54,28627819 English

Figure 3.35: kNN verification Euclidian distance per

document in Excel

k-Nearest Neighbors

In a similar fashion to the Naive Bayes technique, the kNN technique is verified. No class-based
vocabulary is made as with the Naive Bayes method and the test documents can be compared
immediately to the training documents. For this, the Euclidian distance is calculated for each token
in the test document, of which an example can be observed in Figure 3.34. For each training
document, the total Euclidian distance to the test document is summed up and ranked from low to
high distance, as can be seen in Figure 3.35. It can be observed that for this test document, the
class of all the closest documents is English, so the choice for k would not matter in this case.
Nevertheless, this process is executed for all test documents in the system and the results are
identical to the Excel method.

F-score calculation

Besides the verification of the techniques, the F-score calculation must also be verified. This is done
using the results of the Boolean test. Based on the results, a confusion matrix can be made, which
can be observed in Table 3.2.

Table 3.2: Verification Confusion Matrix

Actual value Test Results
Technique
Boolean
English French Learning
No Continuous Learning
H Property
P red i cted EngIISh 3 1 (T P ) 8 ( F P ) -1 hasDocumen(Languag‘e
?:cumem Population
value French 7 (FN) 30 (TN) " —
=R

Test Time
283ms

From the confusion matrix 31 True Positives, 8 False Positives, 7 False B Frien
Negatives and 30 True Negatives can be observed. Given these numbers, ]

=2 oy
the precision, recall and F-score are calculated. The precision is 31 / (31+8)

= Fi-score
= 0.795 and the recall is 31 / (31+7) = 0.815. The corresponding F-score is =G
(2*0.795+0.815) / (0.795+0.815) = 0.805 or 80.5%. The results obtained from

the system on this specific test can be seen in Figure 3.36: 79.5%, 81.5% and
80.5% respectively.

verification
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3.5.2. Validation

To validate the system, the actual values for all properties that are tested should be checked: is the
actual value correct or incorrect. For a valid system, the actual values as given from the metadata
from EASA are correctly representing the document properties. For example, checking if the
language of a document is English or French and comparing this with the actual value that is used
in calculating the performance of the techniques. As it is impossible to manually check all 14.008
documents for all 5 properties (which gives 70.040 checks), 5% (or 700 documents) are randomly
selected from the entire population, using a small validation script. These 700 documents are
manually checked for all 5 properties that are used and it is found that all values were correct.

Additionally, the live search system is used to validate the results of the search. For each registration
mark and topic combination (6x3), all documents returned are checked with the input query of the
search by manually checking the Aircraft Type and ATA chapter in said documents. This second
check also lead to the conclusion that the system is operating as required, so it can be concluded
that the system is validated.

3.6. Pre-Test Sensitivity Analyses

The previous sections provided a description of the test environment, data and test set-up. Before
the tests are performed to compare the performance of the techniques on the different properties,
first a set of pre-tests is performed to determine how the tests can be set-up the best. There are
three important parameters of the test that are determined this way: the amount of training data for
the Naive Bayes and kNN method, the number of neighbors (k) for the kKNN method and the sample
size during the tests. These pre-tests are a sensitivity study to these parameters. This section is
structured accordingly, the results for each of these parameters are discussed per section (3.6.1 —
3.6.3).

3.6.1. Training data

The first parameter for the sensitivity analysis is the amount of training data that is used by the
methods based on Machine Learning, the Naive Bayes and kNN method. As these methods are
reliant on training data, the first step is to determine how much training data is required for the best
results, which is defined as the highest mean F-score. Additionally, the average processing time and
95% confidence interval are measured. As the training data is the most important parameter for the
methods, the tests are performed on both the kNN and Naive Bayes method. For the kNN method a
k=11 is chosen and kept constant for all tests, which is an arbitrary choice; section 3.6.2 elaborates
on the choice of k. Furthermore, for both tests the property hasDocumentAircraftManufacturer is
chosen, as there is enough data for both options (Airbus / Other) and it is a more complex task than
for example hasDocumentLanguage.

The results for the KNN method are shown in Table 3.3. A total of 25 tests are performed, 5 for each
set-up, which are then averaged. The method, population and sample are similar for all tests,
however the documents in each sample are not as random samples are used. The training data
used is 2*25 (25 Airbus and Other pre-classified documents), 2*50, 2*100, 2*250, 2*500. The results
indicate an increasing F-score for increasing training size. The confidence interval for each set-up is
up to 8.1%, however the increase in performance is substantially larger. Furthermore, the time
required for each set-up increases with more training data used.
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Table 3.3: Pre-Test Results for varying training data (kNN)

Method Population Sample Training | Time (avg, s) | Fs(mean) | F;(20)
hasDocumentAircraftManufacturer (Airbus / Other)
2*25 13.0 64.2% 8.1%
2*50 23.4 68.0% 6.9%
kNN (11) 7,437 744 2*100 47.2 71.0% 5.4%
2*250 121.8 77.0% 3.4%
2*500 242.9 78.7% 3.6%

Similar results are obtained for the Naive Bayes method; these can be seen in Table 3.4. The
method, population and sample are again the same for all tests, with the documents randomly
selected in each sample. The training data increases similarly to the kNN method for each set-up.
The results show the same performance as with the KNN method, for increasing training data the
performance (F-score) also increases, however less than the kNN method. Additionally, the
confidence interval is high for most set-ups. The main difference between the kNN and Naive Bayes
tests is the time, which is substantially lower for the Naive Bayes method. Also, the difference
between each Naive Bayes test set-up is negligible.

Table 3.4: Pre-Test Results for varying training data (Naive Bayes)

Method Population Sample Training | Time (avg, s) | Fs(mean) | Fp(20)
hasDocumentAircraftManufacturer (Airbus / Other)
2*25 2.0 62.7% 11.7%
2*50 2.6 68.2% 11.3%
Naive Bayes 7,437 744 2*100 2.4 67.8% 3.2%
2*250 4.1 71.5% 7.7%
2*500 3.8 73.2% 6.4%

The results for both the methods show a similar behavior and therefore it is concluded that the
highest available amount of training data is the best set-up for each test using Machine Learning
methods. The higher required time for the kNN method (in this case roughly 4 minutes per test) still
is within limits and the time required for the Naive Bayes method is negligible.

3.6.2. k-Nearest Neighbors (k)

The second parameter is the number of neighbors (k) in the KNN method. The choice for k is very
important for the performance of the technique but it is also impossible to determine beforehand as
it is highly dependent on the task it is used for. This pre-test investigates the performance of five
possible values fork: 3, 5, 7, 11, 19. Odd numbers are chosen as 4 out of 5 final tests have 2 classes
each, so choosing an odd number always leads to a ‘winner’. The value k=1 is not chosen due to
the set-up with 2 classes each for most properties. The property hasDocumentAircraftManufacturer
is chosen again and the population, sample size and training are kept constant for all tests, but the
sample set is randomly chosen for each test. Only 100 training documents are chosen rather than
the 500 determined in section 4.2, due to the time required for each test. In this pre-test, the highest
possible F-score is not required, but the relative difference in F-score between each set-up. Again,
5 tests are performed with 5 different set-ups and the results are averaged per set-up.
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Table 3.5: Pre-Test Results for varying k (kNN)

Method Population Sample Training | Time (avg, s) | Fs(mean) | F;(20)
hasDocumentAircraftManufacturer (Airbus / Other)

kNN (3) 47.3 77.0% 5.5%
kNN (5) 46.2 75.4% 51%
kNN (7) 7,437 744 2*100 49.2 71.9% 12.0%
kNN (11) 47.2 71.0% 5.4%
kNN (19) 47.5 67.2% 7.3%

The results for this pre-test can be observed in Table 3.5. For increasing k, the mean F-score
decreases. The decrease between 3 and 5 is minimal, but overall the trend is a decreasing
performance., It should be noted that the confidence interval is rather large (especially for the case
k=7), however this does not affect the downward trend. The time required for each test is very similar,
so the choice of k does not influence the test time.

It can be concluded that the best choice for k is as small as possible, uneven and not k=1, which is
k=3 in this case.

3.6.3. Sample size

The last parameter that influences the test set-ups is the sample size. As both training and sample
documents are selected randomly from the population, variations in results exist. Therefore, varying
the sample size can indicate an effect of this parameter on the actual outcome. For these tests, the
method Naive Bayes is chosen on the property hasDocumentAircraftManufacturer, with a similar
population as the previous pre-tests. A training set of 500 documents for each class is chosen and
kept constant for all tests. Again, a total of 5 tests are performed on each of the different sample
sizes: 5%, 10%, 20%, 50% and 100% of the population. This results in a sample size of 372, 744,
1488, 3719 and 6437 (which is not 7437 because there are 2*500 training documents).

The results of this pre-test are seen in Table 3.6 for each sample size. The F-score performance for
each set-up is similar, with a range of 1.4%. This range is well within the 95% confidence interval for
each set-up, so the results can be regarded as similar. Additionally, the time required to complete a
test increases as the sample increases, as more documents must be processed.

Table 3.6: Pre-Test Results for varying sample size (Naive Bayes)

Method Population ‘ Sample ‘ Training ‘ Time (avg, s) ‘ Fz (mean) ‘ Fg (20)

hasDocumentAircraftManufacturer (Airbus / Other)

372 2.2 74.6% 2.9%
744 3.8 73.2% 6.4%
Naive Bayes 7,437 1,488 2*500 6.4 74.6% 3.8%
3,719 12.9 73.9% 3.8%
6,437 25.0 74.0% 5.9%
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From these results, it can be concluded that sample size does not influence the actual performance
of each measure. Therefore, the sample size can be chosen using other requirements. The time
required increases with a larger sample size, so a lower size than 100% can be chosen. The sample
size of 20% (in this case 1488 documents) is chosen, as it is close to the training dataset size.

3.7. Conclusion

This chapter described the methodology used for the testing of the different techniques. First, the
data is described and the selection of the Airworthiness Directivess as the data source.
Subsequently, a system overview is given as well as a detailed description of all functions of this
system. Lastly, the properties, techniques, assessment criteria and test set-up are given.

The pre-test sensitivity analysis showed that for the training data, it is concluded that more training
data is better for the F-score performance. Therefore, in the test set-up the largest possible test data
should be chosen. Furthermore, it is demonstrated that a small k (k=3) leads to the best results, so
this is also chosen for the tests in the next chapter. Lastly, the sample size did not have a significant
effect on performance in the test set-up made. Therefore, the sample size is chosen to be 20% of
the population for the tests.

The next chapter provides the results of the tests with the given test set-up as well as a discussion
of these results.
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A, Test Results & Discussion

Chapter 4 shows the results of the tests on the properties defined in Chapter 3: Document Publisher,
Document Language, Document Type, Document Superseded and Document Aircraft Manufacturer.
Each test set-up is similar, as three methods are tested: Boolean, Naive Bayes and kNN (3). The
results are presented and discussed per property in section 4.1. Afterwards, a synthesis and
discussion of all findings is provided in section 4.2.

4.1. Tests Results for the five properties

4.1.1. Document Publisher

The first property to test is hasDocumentPublisher, which is extracting the document publisher from
the Airworthiness Directivess. There are 5 classes for this property: DGAC, EASA, FAA,
TransportsCanada and Other. The total population for this property is 10571, which is the entire
available population. Furthermore, the sample size is 2115 documents (20% of total) and for the
Machine Learning methods a training set of 500 documents per publisher is selected (so a total of
2500 documents). Three methods are tested: Boolean, Naive Bayes and kNN (3). The Boolean set-
up for this property is searching on the terms ‘secretarial’ (the first word of the French publisher for
this class), ‘easa’, ‘faa’ and ‘transportscanada’ respectively for each class, and if these are not found
then the Other class is assigned. As with all test set-ups, 5 tests are performed for each method and
the results are averaged.

Table 4.1: Test Results of Document Publisher

Method Population Sample Training | Time (avg, s) | Fs(mean) | Fp(20)

hasDocumentPublisher (DGAC / EASA / FAA / TransportsCanada / Other)

Simple Boolean - 1.7 41.1% 0.4%
Naive Bayes 10,571 2,115 5*500 13.4 98.6% 0.4%
kNN (3) 5*500 1367.0 95.0% 1.1%

The results for this property can be seen in Table 4.1. The F-score of the Boolean method is 41.1%
versus 98.6% for Naive Bayes and 95.0% for kNN (3). A significant performance gap can be
identified between the Boolean method and the Machine Learning methods, of more than 50%. On
the other hand, the Naive Bayes and kNN (3) method show relatively similar results at first glance.
However, a difference in F-score of 4% is very significant for these methods, as literature
demonstrated in chapter 2.

The confidence interval is relatively low for all methods, indicating steady performance over the 5
tests. However, the time required for each test is very different: the Boolean method is the quickest
with 1.7s average test time, followed by the Naive Bayes method with 13.4s and lastly the kNN (3)
method requires 1367.0s to complete.
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The difference in results can be explained by looking at the type of property. The Document Publisher
test consists of 5 different classes, or more accurately 4 classes and a ‘rest’ class. First, the Boolean
method performs quite poorly as it only searches for 1 term in the documents. It was expected that
this word was key to classify the documents, but the results indicate that this is not enough for a high
F-score. On the other hand, the Machine Learning methods use the entire set of words in the
document and are better able to capture the differences between document publishers. By looking
at the documents from different publishers, each publisher uses its own template. This template
consists of a certain amount of standard words in all documents of the publisher, which is recognized
by the Naive Bayes and kNN method. The ‘Other’ class cannot be determined without knowing the
document does not match the 4 main classes, as this class consists of documents that have many
different templates (from all other publishers than the 4 largest), but still very high scores of 98.6%
and 95.0% are obtained for the Naive Bayes and kNN (3) method respectively. Based on the
literature, the difference between the Naive Bayes and kNN (3) method cannot be explained, so
therefore more tests are performed to learn more about the differences in these methods.

An additional set of tests is performed on the property hasDocumentPublisher, by using the same
population as for the other properties (except Document Language). In this smaller population, only
documents from the publishers DGAC, EASA, FAA and TransportsCanada are chosen, with only
the English language. This decreases the randomness in the documents, which theoretically improve
the results of the Machine Learning methods. The training data is reduced to 250 documents per
publisher, as there are only 440 documents from the TransportsCanada publisher and this is not
enough to provide for both 500 training documents and sample. This test is performed to view the
differences with the total population as well as comparing the results for this property with properties
in next sections.

Table 4.2 shows the results of these tests. The mean F-score performance for the Boolean method
increased to 58.6% compared to the previous test set-up, while the Naive Bayes and kNN (3) method
stayed the same; 99.0% and 94.1% respectively. The confidence interval shows the same range as
the previous test and the time required has a similar distribution between methods, but in general
less due to the smaller training data. As the scores for the Machine Learning based methods were
already high, there was less to improve for these methods. It is however an interesting finding that
changing the population to an expected ‘better’ selected set (by eliminating the ‘Other’ category and
only choosing the English documents) only marginally affect the F-score. This means that the
Document Publisher can be used as a first property to test for when a new document is added to the
population, and determine it being part of one of the 4 large publishers or another one.

Table 4.2: Test Results of Document Publisher (selected population)

Method Population Sample Training | Time (avg, s) | Fs(mean) | Fp(20)

hasDocumentPublisher (DGAC / EASA / FAA / TransportsCanada)

Simple Boolean - 1.4s 58.6% 1.5%
Naive Bayes 7,437 1,488 4*250 7.7s 99.0% 0.2%
kNN (3) 4*250 465.7s 94.1% 1.8%
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4.1.2. Document Language

The second property to test is document language, which uses a smaller population than the first
document publisher test. In a similar fashion to the second document publisher test, only documents
from DGAC, EASA, FAA and TransportsCanada are chosen and then only English and French
documents remain, as well as 1 German document which is also removed from the population. This
mean that 9611 documents remain in the population. This population is larger than the last document
publisher test (7437 documents), because both English and French documents are present in this
language test. The training data is again 500 pre-classified English and French documents and the
sample size is 20%, a total of 1923 randomly chosen documents from the population. Five tests are
performed for each of these methods and these results are averaged. The Boolean method is set-
up by searching for the word ‘consigne’ in the documents, which is the French word for ‘directive’
and is expected to be present in all and only in French documents.

Table 4.3: Test Results of the property Document Language

Method Population Sample Training | Time (avg, s) | Fs(mean) | Fs(20)

hasDocumentlLanguage (English / French)

Simple Boolean - 1.6 79.2% 1.7%
Naive Bayes 9,611 1,923 2*500 7.0 100% 0.1%
kNN (3) 2*500 522.5 99.8% 0.2%

The results of the tests can be observed in Table 4.3. In terms of F-score performance, a score of
100% is obtained by the Naive Bayes test, with a close second the kNN (3) test with a score of
99.8%. In contrast with these high scores, the Boolean score is relatively low with 79.2%.
Additionally, the confidence interval is very low for all tests. In terms of test time, the same order as
previous tests can be seen, the Boolean test being the fastest with 1.6s time, then the Naive Bayes
test with 7.0s and lastly the kNN (3) test with 522.5s.

The perfect score of the Naive Bayes method and the near-perfect one of the kNN (3) method can
be explained by the way these methods work. They both use the entire set of words in each
document and as there are many differences between French and English words, these methods
can grasp these differences perfectly. As a large part of the documents consists of the words that
define the class, they provide the best score. The Boolean method scores lower as apparently, the
expected word ‘consigne’ was not in every document, still a high score of 79.2% is obtained. There
is no other population or sample to test for this category as with the Document Publisher property.

4.1.3. Document Type

The third property to test is the document type. This property is an extra property to test and not
crucial for selecting the right information in the prototype, but learning if a document is an Emergency
AD or a regular AD can help in the information provision to the user of a system (Emergency given
more priority for example). The test set-up for document type is comparable to what is seen before,
the three methods and the population size of 7437 due to choosing the top-4 publishers and only
English documents. Additionally, the training data is reduced to 250 as there are only 500 EADs in
the set and training on 500 would result in no documents left for the test sample. Furthermore, the
Boolean method uses the word ‘emergency’ for identifying the Emergency ADs.
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Table 4.4: Test Results of the property Document Type

Method Population Sample Training | Time (avg, s) | Fs(mean) | Fp(20)

hasDocumentType” (AD / EAD)

Simple Boolean - 1.4 97.1% 0.7%
Naive Bayes 7,437 1,488 2*250 4.7 45.3% 5.3%
kNN (3) 2*250 234.9 51.9% 3.4%

An overview of the results is presented in Table 4.4. A different set of scores is observed compared
to the previous 3 test set-ups. First, the F-score for the Boolean method is near perfect with a score
of 97.1%. Additionally, the Naive Bayes and kNN (3) scores are much lower, being 45.3% and 51.9%
respectively. Furthermore, the respective confidence intervals are much higher for the Machine
Learning based methods compared to the Boolean method. Between these learning methods, the
kNN (3) method outperforms the Naive Bayes by more than 6% which is a significant difference in
score. These scores were expected for this property, as there is nearly no difference between the
Emergency ADs and regular ADs. Almost all words in the documents are exactly similar, with at least
one key difference: Emergency ADs use the word emergency a few times. As these documents
consists of hundreds if not thousands of words, the Naive Bayes and kNN (3) method are not able
to grasp the difference as the number of irrelevant features far exceeds the few relevant features.
The test time has a similar order as before, the Boolean method is the quickest with 1.4s on average,
Naive Bayes performs in 4.7s and the kNN (3) method works in 234.9s.

4.1.4. Document Superseded

The fourth property is an important property in selecting relevant ADs vs irrelevant ADs: whether a
document is superseded or not. Documents that are superseded are irrelevant to show to the user,
so should be filtered out. In this test set-up, the same three methods are used on the same population
as previous tests. The training data is again 500 documents as there are many Superseded and Not
Superseded documents. The Boolean method uses the word ‘superseded’ to check whether a
document is superseded or not.

Table 4.5: Test Results of the property Document Superseded

Method Population Sample Training | Time (avg, s) | Fs(mean) | Fp(20)

hasDocumentSuperseded (Superseded / Not Superseded)

Simple Boolean - 1.0 50.5% 0.8%
Naive Bayes 7,437 1,488 2*500 6.4 63.3% 6.4%
kNN (3) 2*500 469.9 67.0% 3.6%

In Table 4.5 the test results can be viewed. This is the first property where the F-score of the kNN
(3) method is the highest with 67.0%, compared to 63.3% for the Naive Bayes method and 50.5%
for the Boolean method. The respective confidence intervals are 3.6%, 6.4% and 0.8%. As expected,
the time required for a Boolean test is the lowest with 1.0s, then the Naive Bayes set-up with 6.4s
and the kNN (3) requires the most time with 469.9s.
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The results indicate that this is the most difficult property to extract from the documents, as the
highest score is 67.0% versus 98+% from the main tests of the previous three properties. It was
expected that the Boolean score would be higher than 50.5%, as not superseded documents would
not have the word ‘superseded’ in it. Furthermore, the Naive Bayes and kNN (3) method are more
able to grasp if a document is superseded or not, but by far not the scores as the previous tests.
However, compared to tasks described in literature these scores are still moderately high.

4.1.5. Document Aircraft Manufacturer

The final property is the Document Aircraft Manufacturer, or in other words the Aircraft Manufacturer
a document applies to. This property has two possible values in this test set-up, either being Airbus
or Other. The Other class is a mixture of many manufacturers. For this property, the same set of
methods, population, sample and training data is used as the previous tests. The Boolean method
uses a similar strategy as before, by searching for ‘Airbus’.

Table 4.6: Test Results of the property Document Aircraft Manufacturer

Method Population Sample Training | Time (avg, s) | Fs(mean) | Fp(20)

hasDocumentAircraftManufacturer (Airbus / Other)

Simple Boolean - 1.0 93.1% 21%
Naive Bayes 7,437 1,488 2*500 6.4 74.6% 3.8%
kNN (3) 2*500 475.5 84.0% 2.5%

The results for this test set-up are presented in Table 4.6. It can be observed that the performance
of each method is higher than the previous property. The Boolean method performs the best with
93.1%, followed by the kNN (3) method with 84.0% and the Naive Bayes method with 74.6%. The
confidence intervals are relatively low for this property. The test times are 1.0s, 6.4s and 475s for
the Boolean, Naive Bayes and kNN (3) methods respectively, which is known behavior from previous
test set-ups.

These results demonstrate that this property is easier to identify in the documents than Document
Superseded and Document Type, but not as easy as Document Publisher and Document Language.
The difference between the highest and lowest score is not high, but the difference between the
methods is significant. The kNN (3) method performs better than the Naive Bayes method, but is a
slower method. The Boolean method is superior, because it focusses on the single word Airbus while
the other methods focus on the entire bag of words.

4.2. Synthesis & Discussion

Having the results for 6 tests on 5 properties, these results can be synthesized and compared
between properties. Almost all test set-ups have a method with a very high score (93%+), only
Document Superseded scores lower with a score of 67%. This is a (positively) surprising result as
lower scores for more complex tasks were expected based on literature. For all these properties
except Superseded, the current techniques can identify and extract the relevant information almost
perfectly.
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Furthermore, looking at the type of properties a few findings can be synthesized. First, the Boolean
method performs best on properties that are identified with a single word; this simplicity makes this
technique also widely used. If this specific word to search for is known, it is highly accurate.
Nevertheless, if it is unknown or based on multiple words, the performance decreases drastically.

For the properties that are identified by multiple words, such as Language or Publisher, the Machine
Learning techniques perform significantly better. Especially for language, which is most of a
document content, the Naive Bayes method scores 100% (and kNN (3) scores 99.8%). Very high
scores and due to the nature of these methods the perfect property to extract. As a document from
a publisher is characterized by a specific set of words (for example the use of British or American
English), or the choice of words within the publisher’s template, can be identified by these Machine
Learning methods. The high randomness in the documents (the descriptions with many different
aircraft parts in the documents) is not a reason for lower scores, which is a very positive result. The
two tests on the Document Publisher property illustrated this, with nearly identical scores for the
Machine Learning methods despite the removal of ‘randomness’ from the population.

Lastly, a difference between the Naive Bayes and kNN (3) method can be seen in these test results.
The Naive Bayes scores better than the kNN (3) method for the properties Publisher and Language,
while kNN (3) outperforms Naive Bayes for the properties Type, Superseded and Aircraft
Manufacturer. By looking at the type of these properties, it can be concluded that the Naive Bayes
method is better if more words in a document are relevant to the classification of a document. On
the other hand, despite the relative scores being lower, the kNN (3) method performs better than the
Naive Bayes method if there are less relevant words to the classification in the document. The
Publisher and Language properties had many relevant words, while Type, Superseded and Aircraft
Manufacturer had far less, so few that the Boolean method is the best method.

Table 4.7: Overview of all Test Results

Simple Boolean Naive Bayes kNN (3)
Document Publisher 41.1% 98.6% 95.0%
Document Language 79.2% 100% 99.8%
Document Type 97.1% 45.3% 51.9%
Document Superseded 50.5% 63.3% 67.0%
Document Aircraft Manufacturer 93.1% 74.6% 84.0%

The best methods for each task are the following, as can be seen in Table 4.7:

- Publisher: 98.6% with Naive Bayes
- Language: 100% with Naive Bayes
- Type: 97.1% with Boolean
- Superseded: 67.0% with kNN (3)

- A/lc Manufacturer: 93.1% with Boolean

These tests are performed on ‘raw’ methods, the results could be improved by changing the search
terms for the Boolean method and by applying feature reduction methods to the kNN (3) and Naive
Bayes methods, to have a bag of words per document with a higher number of relevant features
compared to the current situation. This could increase the performance of the Machine Learning
methods by a certain degree so that they can meet the Boolean scores on these properties.
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5. Conclusions and Recommendations

This final chapter of this thesis describes the conclusions, research contributions, limitations and
recommendations of this research.

5.1. Conclusions

From the perspective of maintenance execution efficiency and flight safety, the tradeoff an AMT must
make between available time and searching for all information required during an unscheduled task
is one that should be avoided. By creating a system that automatically extracts relevant information
from maintenance documents so that these can quickly be provided in digital form to the
maintenance technician, the maintenance process can be completed more efficiently. In this way,
the risks induced by the tradeoff can be avoided. This thesis answered the following research
question related to this issue:

What is the recommended approach to identify and extract relevant information from digital
maintenance documentation to aid a maintenance technician during an unscheduled task?

It was found that in the literature of the aircraft maintenance domain little is available about systems
that automatically identify and extract information from maintenance documents. Moreover, working
with digital maintenance documentation rather than paper-based documents is already a rare
occurrence: the switch from paper-based to digital documentation provisioning is not widely
introduced in the aircraft maintenance domain yet. By looking at other domains that focus on
techniques that can identify and extract information from generic documents, a functional flow
diagram was established with the functionality of a system that can identify and extract information
from documents. Using this FFD and the techniques available in these other domains, a prototype
automated documentation system was created that could be used with any type of data. This
prototype is then altered to work with the use case applied in this thesis: obtaining relevant
information from ADs. Five document properties were extracted from these ADs using three
classification techniques: Boolean, Naive Bayes and kNN.

For almost all document properties, a very high F-score (>93%) was obtained. It is concluded that
the Boolean method performed best on properties that are captured with a single word in the text.
However, if there is no single keyword describing the property, the performance decreases
drastically. For the properties that consist of many words, it is found that the Machine Learning
methods perform significantly better. Between those Machine Learning methods, the Naive Bayes
technique showed better performance if a high amount of the words in a document are relevant to
the classification of a document. On the other hand, the kNN technique performs better than Naive
Bayes if the amount of relevant words to the classification in the document is lower. In other words,
the kNN method is better in distinguishing relevant from irrelevant words in the text.

It can be concluded that for identifying and extracting information from ADs, the techniques to apply
must be selected based on the property / task to get the best performance. In case of the ADs, this
is using the Naive Bayes technique for the properties Publisher and Language, using the Boolean
technique for Type and Aircraft Manufacturer and the kNN technique for the Superseded property.
If another type of document would be used in this system, such as an Aircraft Maintenance Manual,
the process of finding the best technique for each relevant property should be repeated. The results
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in this thesis are therefore only applicable to Airworthiness Directives, but the systematic approach
to find the best technique for each property can be used in other cases as well. It means that for
each type of document and property in the documents, the system must be specifically designed
and tested before a selection can be made.

Additionally, while the best performing techniques are chosen for each of the properties, it can also
be concluded that this level of performance cannot be used yet in practice. A score of >93% for most
properties is not high enough, as these scores mean that there are some missing relevant
documents to a task. Before these techniques can be used in a fully working system, they should be
further improved.

Lastly, it is concluded that a recommended approach for an automated documentation system can
be made based on the functionalities of the generic prototype system designed in this thesis. For it
to work with specific maintenance documents, such as ADs, it must be adjusted and techniques
must be tested on each of the properties of such a maintenance document. By comparing the
performance of each technique per property, the best approach can be found. For ADs, a
combination of Boolean, Naive Bayes and kNN techniques provides the best performance in this
approach.

5.2. Research Contributions

The research contributions are a combination of theoretical and practical findings described in this
report. Each specific contribution is discussed below.

Functional overview of six generic research domains

The first contribution stems from the theoretical side of the project, which is the creation of a
functional overview of six generic research domains: NLP, IR, IE, TM, ML and KDT. The
functionalities from each of these domains are combined into one novel overview, which covers
document processing, ad-hoc processing and pre-processing of documents. This functional
overview can be used for any type of documents and is therefore a research contribution to these
six generic domains. Additionally, the functional flow diagram can be applied within the aircraft
maintenance domain by applying a thesaurus or dictionary with information from the domain.

Extendable prototype automated documentation system

A major practical research contribution is the creation of a prototype automated documentation
system. This system is used in this thesis to test different techniques on properties from ADs.
However, the basics of the system can be applied in any context, e.g. it can be used to find
information in research papers. In that case, most the system can remain intact and only specific
user interfaces must be altered: using other search queries, changing the test setup options, using
another dataset and the application of the techniques on that dataset must be changed. The specific
novel areas of the prototype system are discussed below.

e Development of two Machine Learning scripts
As an element of the prototype system, scripts were developed for two Machine Learning
techniques: Naive Bayes and kNN. No existing libraries were available for these two
techniques that could be applied directly for this case, so scripts were written to alter these
basic techniques to work in the prototype system and with the AD data.
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e Client user interface for testing different techniques
A modular page is created where all elements for a test setup can be entered. The setup
options can be easily changed and more options can be added, which enables the use of the
automated documentation system in other cases as well.

e Live search user interface
The system also has a live search user interface, which enables the retrieval of relevant
documents based on a user query. In this thesis, only the aircraft registration mark and a
topic were used for the query, but the system is designed so that these queries can be
altered.

¢ Ontology and JavaScript interface
No library was available that enabled an interface between an OWL/XML ontology and
JavaScript, a novel interface is developed that can load an ontology and store the information
in an array for further processing. Furthermore, new information can be immediately added
to this array. The array can then also be saved again as an OWL/XML ontology file so it can
be exported to for example a desktop and opened in Protégé.

e Interfaces between all system components
By connecting all user interfaces of the automated system, the information obtained from for
example the testing of properties can immediately be used in the live search user interface
and accessed in the ontology. In practice, this could mean that when an information update
is necessary in the system, it can be sent immediately to all users of the system. With the
system 24/7 online, this literally means an immediate information update.

Database of ADs with many properties for testing techniques

A third contribution of this research is the creation of a database of ADs. This database is created in
the ontology, which enables linking of the ADs with many properties. The database is also created
so that it can be extended for other types of documents and more properties can be added easily.
Most importantly, the database consists of 14.008 AD documents and up to 15 properties per AD.
For this thesis, only a subset of these properties is used for testing. The database can therefore be
used in further research to test on e.g. other properties and documents.

Comparison of techniques in the generic and aircraft maintenance domains
Lastly, the comparison of techniques made in this thesis is a research contribution. In the generic
domains, this comparison underlines the findings from the literature in Chapter 2. The techniques
show different results when it comes to different tasks (or properties in this case). By selecting the
best technique for a specific task, a system can be created that offers high performance on multiple
properties. The comparison is executed using data from the aircraft maintenance domain: The ADs.
Therefore, this research also provides a novel comparison between techniques in the literature in
this area, as such a comparison was not yet available.
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5.3. Limitations

The system used in this thesis is generic and can be used for many applications, but it is designed
for a very specific scope. The results of the tests are only valid for Airworthiness Directives, the five
defined properties and the three techniques. The conclusions that can be drawn related to other
maintenance documents is that a system should be specifically designed for the task to get a high
performance. Furthermore, only English and French documents were used in the tests and this
means that the results are also limited to these documents. It is expected that results would be
comparable for other languages as well, but this is not tested in this thesis.

Furthermore, only Airbus aircraft are used in the prototype system as the TAP fleet is chosen. The
selected relevant documents are therefore only applicable for Airbus aircraft. The system could
however also be developed for another fleet, including aircraft form other manufacturers such as
Boeing.

Additionally, the documents used in this system must be in a pdf format to be read by the system.
This script is based on PDF2Text, but it can be extended for use with other file formats. Furthermore,
older pdf documents could not be read, which led to 2298 of the 14008 documents not being
readable. The older documents are however also less used in practice, as the aircraft to which they
apply are often not in the air anymore.

5.4. Recommendations

A recommendation for future work in terms of the theoretical part of this thesis can be made related
to the domains used. Instead of just selecting three major specific domains (medical science, biology,
manufacturing) more literature from specific domains can be researched. In those other domains,
relevant approaches, methods and techniques might be available, as well as better performance
measures in more controlled environments. Additionally, the created functional flow diagram
provides a generic overview for identification and extraction of relevant information from documents.
It could be further extended by creating a diagram for the aircraft maintenance domain by using
specific knowledge for this domain, e.g. a taxonomy, dictionary or ontology.

As this thesis provides a demonstration of a system that could automatically classify ADs, there are
many steps that can be further extended in future work. First, only three techniques were tested in
this thesis. This could be improved to include more of the techniques that are described in the theory
chapter. To enable the testing of more techniques, it is necessary to use so-called feature extraction
/ feature reduction methods that decrease the number of features (words) drastically in documents,
after which also techniques can be applied that rely on a small number of features per document
such as the decision tree classification method. Furthermore, applying such feature reduction
methods can also result in improved scores for the current techniques tested. For example, by
reducing the amount of random words (that have a low frequency in all documents), the performance
of the Machine Learning techniques may be improved. The effect of using a domain-specific
dictionary or taxonomy could also be tested on the performance of techniques.

In this thesis, five properties are included, but more properties can be used for testing. Other relevant
properties that could be extracted are the issue date, effective date, ATA chapter, aircraft type and
references to other documents. These properties are more difficult to test, as many classes are
possible per property, which thus requires a very large sample size to obtain significant results.
Nevertheless, much more relevant information can be obtained from these documents.
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Additionally, in this thesis only ADs are considered. Using this dataset provided a solid first step, but
more document types such as Service Bulletins or the Aircraft Maintenance Manual could be
incorporated in the prototype system. These documents have other structures and other relevant
properties, so a different test setup would be required when considering these types of documents.

The testing of five properties was performed on specific populations and samples, by selecting
specific classes of properties to ensure a good sample for testing. However, this selection of classes
could also be incorporated into the testing. By using the fact that a document is issued by the
Document Publisher FAA, an estimate can be used by specific techniques (such as the Naive Bayes)
for the likelihood of English for the property Document Language. Using the information given in
each property, and combining results from different properties, the overall results could be even
further improved. The other way around is also possible, by combining multiple algorithms on a single
property. For example, the Naive Bayes is best capable to work with entire documents, while
techniques that are not used such as decision trees are best applied with few features. Using the
Naive Bayes technique first to extract a few features from the documents which are then used by
the decision tree method for further processing, an improved F-score could be obtained for the given
five properties or even other properties. In a similar fashion, only parts of the document (sections)
could be selected on which the techniques are applied.

Another major direction that can be further developed is the creation of an interface for the aircraft
maintenance technician. In this thesis, a simple search tool is created from which a list of relevant
ADs can be obtained and the contents of those ADs can be viewed. It is created with the AMT in
mind, but the tool was not tested by AMTs themselves as that was not within the scope of this thesis.
However, as the system is intended for the AMTs, the Human Machine Interface aspects of the
system can also be further researched.
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Appendix 1. Ontology Interface script

1

2 var fs = require('fs');

3

4

5 var onto_directory = './ontology/';
6

7

8 var ontodata_raw = '';

9 var ontodata = {};

10 ontodata.info = '';

11 ontodata.declarations = {};

12 ontodata.declarations.classes = [1;

13 ontodata.declarations.properties = [];
14 ontodata.equiclasses = {};

15 ontodata.subclasses = [];

16 ontodata.annotations = [];

17 ontodata.sampledocs = [];

18

19

20 module.exports = {

21

22 load: function(numberdocs,callback) {

23

24

25 var onto_files = fs.readdirSync(onto_directory);

26

27

28 var onto_file_newest = onto_files[onto_files.length-1];

29

30 fs.readFile(onto_directory+onto_file_newest, 'utf8', function (err, data) {

31 if (err) {

32 return console. log(err);

33 } else {

34 console. log('>> Ontology Scripts: Creating ontology structure');

35 ontodata_raw = data;

36

37 console. log('>> Ontology Scripts: Loading ontology data');

38

39

40 var owl_declaration_first = ontodata_raw.index0f('<Declaration=>");

41 ontodata.info = ontodata_raw.slice(0,owl_declaration_first-2);

42

43

44 var owl_equiclasses_first = ontodata_raw.indexOf('<EquivalentClasses>");

45 var ontodata_declarations = ontodata_raw.slice(owl_declaration_first,owl_equiclasses_first);
46 var owl_subclass_first = ontodata_raw. indexOf('<SubClass0f=>");

47 var ontodata_equiclasses = ontodata_raw.slice(owl_equiclasses_first,owl_subclass_first);

48 var owl_subobjproperty_first = ontodata_raw.index0f('<SubObjectProperty0f="');

49 var ontodata_subclasses = ontodata_raw.slice(owl_subclass_first,owl_subobjproperty_first);
50

51 var k = 0;

52 var subclass_loadlimit_counter = 0;

53 var subclasses_yesorno = {};

54

55 while((k = ontodata_subclasses.index0f('<SubClassOf>", k)) > =1) {

56

57 var subclass_start = ontodata_subclasses.index0f('<SubClass0f>", k) + 12;

58 var subclass_end = ontodata_subclasses.index0f('</SubClass0f>", k);

59 var subclass_data = ontodata_subclasses.slice(subclass_start,subclass_end);

60

61

62 var subclass_cutoff_subclass_1 = subclass_data.indexOf('"")+1;

63 var subclass_cutoff_subclass_2 = subclass_data.indexOf('""',subclass_cutoff_subclass_1);
64 var subclass_subclass = subclass_data.slice(subclass_cutoff_subclass_1,subclass_cutoff_subclass_2);
65

66 var subclass_cutoff_topclass_1 = subclass_data.indexOf('"", subclass_cutoff_subclass_2+1)+1;
67 var subclass_cutoff_topclass_2 = subclass_data.indexOf('"",subclass_cutoff_topclass_1);
68 var subclass_topclass = subclass_data.slice(subclass_cutoff_topclass_1,subclass_cutoff_topclass_2);
69

70 if(subclass_topclass == '#DocumentID') {

71 if(subclass_loadlimit_counter <= numberdocs || numberdocs == 0) {

72 ontodata.subclasses.push({"subclass": subclass_subclass, "topclass'": subclass_topclass});
73 subclasses_yesorno[subclass_subclass] = true;

74 subclass_loadlimit_counter++;

75 } else {

76 subclasses_yesorno[subclass_subclass] = false;

77

78

79 } else {

80 ontodata.subclasses.push({"subclass": subclass_subclass, "topclass': subclass_topclass});



139

141

142

143
144

145
146
147
148
149

150
151
152
153
154

subclasses_yesorno[subclass_subclass] = true;

k++;
}
var i = 0;
while((i = ontodata_declarations. ('<Declaration="', i)) > =1) {
var declaration_start = ontodata_declarations. ('<Declaration>', 1i);
var declaration_end = ontodata_declarations. ('</Declaration>', i);
var declaration_data = ontodata_declarations. (declaration_start,declaration_end);
var class_position = declaration_data. ('Class');
var property_position = declaration_data. ('ObjectProperty');
var cut_off_point_start = declaration_data. (') +1;
var cut_off_point_end = declaration_data. ('");
var declaration_correct = declaration_data. (cut_off_point_start,cut_off_point_end)
if(class_position > -1) {
if(subclasses_yesorno[declaration_correct]) {
ontodata.declarations.classes. (declaration_correct);
}
} else if(property_position > -1) {
ontodata.declarations.properties. (declaration_correct);
i++;
}
var j = 0;
while((j = ontodata_equiclasses. ('<EquivalentClasses>"', j)) > =1) {
var equiclasses_start = ontodata_equiclasses. ('<EquivalentClasses>', j) + 19;
var equiclasses_end = ontodata_equiclasses. ('</EquivalentClasses>', j);
var equiclasses_data = ontodata_equiclasses. (equiclasses_start,equiclasses_end);
var equiclass_cutoff_class_1 = equiclasses_data. (') +1;
var equiclass_cutoff_class_2 = equiclasses_data. ('"",equiclass_cutoff_class_1);
var equiclass_class = equiclasses_data. (equiclass_cutoff_class_1,equiclass_cutoff_class_2);
var equiclasses_type_some = equiclasses_data. ('ObjectSomeValuesFrom');
var equiclasses_type_all = equiclasses_data. ('ObjectAllValuesFrom');
var equiclass_type = "";
if(equiclasses_type_all > -1) {
equiclass_type = "ALl";
} else {
equiclass_type = "Some"';
var equiclass_cutoff_property_1 = equiclasses_data. ('"",equiclass_cutoff_class_2+1)+1;
var equiclass_cutoff_property_2 = equiclasses_data. ('"",equiclass_cutoff_property_1);
var equiclass_property =
equiclasses_data. (equiclass_cutoff_property_1,equiclass_cutoff_property_2);
var equiclass_cutoff_propertyclass_1 =
equiclasses_data. ('"",equiclass_cutoff_property_2+1)+1;
var equiclass_cutoff_propertyclass_2 =
equiclasses_data. ('"",equiclass_cutoff_propertyclass_1);
var equiclass_propertyclass =
equiclasses_data. (equiclass_cutoff_propertyclass_1,equiclass_cutoff_propertyclass_2);
if(subclasses_yesorno[equiclass_class]) {
if(ontodata.equiclasses. (equiclass_class) == false) {
ontodata.equiclasses[equiclass_class] = [];
}
ontodata.equiclasses[equiclass_class]. ({"type": equiclass_type, "property": equiclass_property,

"propertyclass": equiclass_propertyclass});

JH;
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var owl_annotation_first = ontodata_raw.indexOf('<AnnotationAssertion=");
var owl_annotation_last = ontodata_raw.indexOf('</Ontology>");
var ontodata_annotations = ontodata_raw.slice(owl_annotation_first,owl_annotation_last);

var a = 0;
while((a =

ontodata_annotations. indexOf('<AnnotationAssertion="', a)) > -1) {

var annotation_start = ontodata_annotations.indexOf('<AnnotationAssertion>"', a) + 21;
var annotation_end = ontodata_annotations.indexOf('</AnnotationAssertion=", a);
var annotation_data = ontodata_annotations.slice(annotation_start,annotation_end);

var annotation_cutoff_iri_1 = annotation_data.indexOf('<IRI>")+5;
var annotation_cutoff_iri_2 = annotation_data.indexOf('</IRI>");
var annotation_iri = annotation_data.slice(annotation_cutoff_iri_1, annotation_cutoff_iri_2);

var annotation_cutoff_content_1

annotation_data. indexOf('XMLSchema#string">")+18;

var annotation_cutoff_content_2 = annotation_data.indexOf('</Literal=");
var annotation_content =
annotation_data.slice(annotation_cutoff_content_1,annotation_cutoff_content_2);

ontodata.annotations.push({"doc_class": annotation_iri, "content": annotation_content});

at+;

}

B H
}’

log: function() {

}
callback(ontodata);

console. log('>> Ontology Scripts: Logging ontology data');
console. log(ontodata);

}I

save: function(new_ontodata, callback) {
console. log('>> Ontology Scripts: Saving ontology data');

ontodata = new_ontodata;

var ontodata_text = '';

ontodata_text += ontodata.info;

console. log('>> Ontology Scripts: Saving classes');

for(var i = 0; i < ontodata.declarations.classes.length; i++) {
ontodata_text += '\n\t<Declaration>";
ontodata_text += '\n\t\t<Class IRI="'+ontodata.declarations.classes[i]+'"/>";
ontodata_text += '\n\t</Declaration>";

console. log('>> Ontology Scripts: Saving properties');

for(var j = 0; j < ontodata.declarations.properties.length; j++) {
ontodata_text += '\n\t<Declaration>";
ontodata_text += '\n\t\t<ObjectProperty IRI="'+ontodata.declarations.properties[j]+'"/>";
ontodata_text += '\n\t</Declaration>";

console. log('>> Ontology Scripts: Saving equivalent classes');
for(var k = 0; k < Object.keys(ontodata.equiclasses).length; k++) {
var equiclass_topclass = Object.keys(ontodata.equiclasses)[k];

for(var 1 = 0; 1 < ontodata.equiclasses[equiclass_topclass].length; 1++) {
var equiclass_info = ontodata.equiclasses[equiclass_topclass][1];

ontodata_text
ontodata_text
ontodata_text
ontodata_text
ontodata_text
ontodata_text
ontodata_text

+=

+=
+=
+=
+=
+=
+=

"\n\t<EquivalentClasses>";

"“\n\t\t<Class IRI="'+equiclass_topclass+'"/>";
"\n\t\t<Object'+equiclass_info.type+'ValuesFrom>";
"“\n\t\t\t<ObjectProperty IRI="'+equiclass_info.property+'"/>";
"“\n\t\t\t<Class IRI="'+equiclass_info.propertyclass+'"/>";
"\n\t\t</0Object'+equiclass_info.type+'ValuesFrom>";
"\n\t</EquivalentClasses>";
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298
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//Add subclasses

console. log('>> Ontology Scripts: Saving subclasses');

for(var m = 0; m < ontodata.subclasses.length; m++) {
ontodata_text += '\n\t<SubClassOf>";
ontodata_text += '\n\t\t<Class IRI="'+ontodata.subclasses[m].subclass+'"/>";
ontodata_text += '\n\t\t<Class IRI="'+ontodata.subclasses[m].topclass+'"/>";
ontodata_text += '\n\t</SubClassOf>";

}

//Add subject object properties

for(var n = 0; n < ontodata.declarations.properties.length; n++) {
ontodata_text += '\n\t<SubObjectProperty0f>"';
ontodata_text += '\n\t\t<ObjectProperty IRI="'+ontodata.declarations.properties[n]+'"/>";
ontodata_text += '\n\t\t<ObjectProperty abbreviatedIRI="owl:topObjectProperty"/>";
ontodata_text += '\n\t</SubObjectProperty0f>"';

}

//Add functional properties

for(var o = 0; o < ontodata.declarations.properties.length; o++) {
ontodata_text += '\n\t<FunctionalObjectProperty>"';
ontodata_text += '\n\t\t<ObjectProperty IRI="'+ontodata.declarations.properties[o]+'"/>";
ontodata_text += '\n\t</FunctionalObjectProperty>";

//Add annotations

for(var a = 0; a < ontodata.annotations.length; a++) {
ontodata_text += '\n\t<AnnotationAssertion=>';
ontodata_text += '\n\t\t<AnnotationProperty abbreviatedIRI="rdfs:comment"/>";
ontodata_text += '\n\t\t<IRI>'+ontodata.annotations[a].doc_class+'</IRI>";
ontodata_text += '\n\t\t<Literal
datatypeIRI="http://www.w3.0rg/2001/XMLSchema#string">"+ontodata.annotations[a].content+'</Literal>";
ontodata_text += '\n\t</AnnotationAssertion>';

}

//Add concluding standard info
ontodata_text += '\n</Ontology>\n\n\n\n<!— Generated by the OWL API (version 4.2.1.20160306-0033)
https://github.com/owlcs/owlapi —>"';

//Load all files in the ontology directory
var onto_files = fs.readdirSync(onto_directory);

//Get filename of the last file in the directory
var onto_file_newest = onto_files[onto_files.length-1];

//Get current date

var current_date = new Date();

var current_date_year = current_date.getFullYear();

var current_date_month = current_date.getMonth()+1;

if(current_date_month < 10) { var current_date_month_str = '0'+current_date_month; } else { var
current_date_month_str = current_date_month; }

var current_date_day = current_date.getDate();

if(current_date_day < 10) { var current_date_day_str = '0'+current_date_day; } else { var current_date_day_str

= current_date_day; }

//Add date to the new filename

var filename_new = 'MacsterOntology_';

filename_new += current_date_year + current_date_month_str + current_date_day_str + '_v';

//Extract components of file name

var onto_file_year = parselnt(onto_file_newest.substr(16,4));

var onto_file_month = parselnt(onto_file_newest.substr(20,2));

var onto_file_month_str = onto_file_newest.substr(20,2);

var onto_file_day = parselnt(onto_file_newest.substr(22,2));

var onto_file_day_str = onto_file_newest.substr(22,2);

var onto_file_version = parselInt(onto_file_newest.substr(26,(onto_file_newest.index0f('."')=26)));

//Add the new version number to the filename
if(onto_file_year < current_date_year || onto_file_month < current_date_month || onto_file_day <
current_date_day) {
filename_new += '001';
} else {
if(onto_file_version < 9) {
filename_new += '0';

if(onto_file_version < 99) {
filename_new += '0';

filename_new += String(onto_file_version+1);
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383
384 };

console. log('>> Ontology Scripts: Saving the owl file');

fs.writeFile(onto_directory+filename_new+'.owl', ontodata_text, function(err){
if(err) throw err;

callback();

13N
}'
search: function (search_options,callback) {

var data_lookedup = JSON.parse(search_options);

var regis_lookup = '#'+data_lookedup[''Registration Mark"];

var data_returned = '';

data_lookedup["Aircraft Manufacturer"] = '';
data_lookedup["Aircraft Type"] = '';
if(ontodata.equiclasses[regis_lookup] !== undefined) {

data_returned = {};

for(var 1 = 0; 1 < ontodata.equiclasses[regis_lookup].length; 1++) {
var equiclass_info = ontodata.equiclasses[regis_lookup][l];
if(equiclass_info.property == '#hasAircraftManufacturer') {
data_lookedup["Aircraft Manufacturer"] = equiclass_info.propertyclass;

if(equiclass_info.property == '#hasAircraftType') {
data_lookedup["Aircraft Type"] = equiclass_info.propertyclass;
}
}
}

var doc_data = [1;

for(var i = 0; i < sample_docs.length; i++) {
var sample_doc = sample_docs[il;
var includecheck_AcType = false;
var includecheck ATA = false;
for(var 1 = 0; 1 < ontodata.equiclasses[sample_doc].length; l++) {
var equiclass_info = ontodata.equiclasses[sample_doc][1];

if(equiclass_info.property == '#hasDocumentAircraftType') {
if(equiclass_info.propertyclass == data_lookedup["Aircraft Type"l) {
includecheck_AcType = true;

if(equiclass_info.property == '#hasDocumentATAChapter') {
var ATAChapter = '';
if(data_lookedup["Topic"] == “Fuel (ATA 28)") {
ATAChapter = '#Number28';
} else if(data_lookedup["Topic"] == "Fuselage (ATA 53)") {

ATAChapter = '#Number53"';
} else if(data_lookedup["Topic"] == "Wings (ATA 57)") {
ATAChapter = '#Number57"';

if(equiclass_info.propertyclass == ATAChapter) {
includecheck_ATA = true;
}
}

}
if(includecheck_AcType && includecheck_ATA) {
var docname = sample_doc.substr(9, (sample_doc.length-15));

var docname_read = sample_doc.substr(1, (sample_doc.length-5));
ontodata.equiclasses[sample_doc].push({"type": "ALl", "property": "#hasDocumentName", "propertyclass":
docname});

ontodata.equiclasses[sample_doc].push({"type": "ALl", "property": "#hasDocumentNameFull", "propertyclass':

docname_read});
doc_data.push(ontodata.equiclasses[sample_doc]);

}
}

data_lookedup["Documents'"] = doc_data;

callback(data_lookedup);
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