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Abstract
Multi-source, unstructured and external
data analytics for manufacturing process

Taehoon Ko
Department of Industrial Engineering

The Graduate School
Seoul National University

Data integration means the task of combining data with various types residing
at different sources, and providing the user with a unified view of these data. In
this thesis, we consider the data integration as the process of creating data marts
to be used as input to the machine learning and data mining models in a view
of data analyzer and miners. Actually, three types of problems are encountered
in the data integration process: How to integrate (1) data from various sources,
(2) different types of data and (3) external data with internal data. To integrate
these data, the enterprise must consider and solve some technical and manageral
issues. To prove our concept, three real-world applications are introduced. Knowl-
edge can be regarded as the most valuable asset of a manufacturing enterprise.
Therefore, a manufacturer enterprise should collect the data representing its pro-
cesses and environments and analyze the data to build a sustainable knowledge
model.

First application is about generating user scenarions using online social me-
dia in the early steps of new product development (NPD) process. By strategic
keyword searching, several novel user contexts are discovered from online social
media. Based on contexts, domain experts can generate user scenarios for new
features and functions of the target product.

Second application is to construct early engine fault detection models by inte-
grating manufacturing, inspection and after-sales service data. In most cases, pro-
duction data and after-sales service data are managed independent departments,
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even different companies. To detect engine faults which represent customer-
perceived quality, data integration is the key to generate integrated data mart.
In this application, In this study, one-class classification algorithms are used due
to class-imbalance problem. To address multi-dimensionality of time series data,
the symbolic aggregate approximation (SAX) algorithm is used for data segmen-
tation. Then, binary genetic algo-rithm-based wrapper approach (BGA-wrapper)
is applied to segmented data to find the optimal feature subset. As a result, an
anomaly score for each engine is calculated. Experimental results show that the
proposed method can detect defective engines with a high probability before they
are shipped.

Final application is to discover knowledge from textual data in various sources.
Despite many enterprises know the importance of managing key performance in-
dicators (KPIs), most of quality activities are fulfilled according to analyzing
attribute or quantitative value. It has the limitation to understand customer’s
perspectives and exact defects. In this application, a novel active learning frame-
work for dictionary expansion is introduced. In this framework, unsupervised
natural language processing methods suitable for Koreans are applied to the
data. As a result, proposed framework can construct domain-specific dictionary
from almost zero-based one.

Keywords: Multi-source data, unstructured data, external data, machine learn-
ing, data integration, manufacturing process, new product development, quality
management
Student Number: 2008-21201
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Chapter 1

Introduction

In the past few decades, there has been a spectacular explosion in the quantity of
data available in electronic formats. Also, there is a tremendous growth for the
need of various applications that can access, relate, use and integrate multiple
disparate information sources and repositories including databasees, knowledge
bases and file systems [1]. Besides the advancement and dramatic cost reduction
of technology for data acquisition, storage and processing, many business oper-
ations and decisions have become easier to leverage large amounts of data than
before [2]. In most cases, huge amount of data has been gathered, organized and
stored by a small number of individuals, working for different organizations on
varied problems. Most companies has tried to create an integrated system for
identifying and managing their own data. Enterprise resource planning (ERP)
has been used for gathering data and constructing integrated database system
[3]. Also, extraction-transform-loading (ETL) tools have been used commonly
for data warehousing [4]. In recent, as the importance of data begins to emerge,
departments and teams for Big Data or data science are created across the en-
terprise [5, 6].

In this thesis, we focus on numerous data from manufacturing process. Manu-
facturing process can be referred as a collection of whole steps where the product
are produced for use and sale. In most cases, manufacturing process is so com-
plicated that it cannot be controlled solely based on past experiences. For this
reason, many manufacturers try to obtain knowledge and apply it to their manu-
facturing process management. Knowledge can be regarded as the most valuable
asset of a manufacturing enterprise, as it enables a business to differentiate it-
self from competitors and to compute efficiently and effectively to the best of
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its ability [7]. Knowledge is gained by several ways such as domain experts and
result of data analytics, which is related to the topic of this thesis.

Since many manufacturing processes are very domain-specific, a logic or
framework that works well in one domain is often not appropriate in another
domain. Even if the domains are the same, several factors such as the secret
for competitive advantage, difference in manufacturing environments and steps
make it difficult to apply similar logic and framework to its manufacturing pro-
cess. Therefore, a manufacturer enterprise should collect the data representing
its processes and environments and analyze that data to build a sustainable
knowledge model. Many studies have addressed the importance of data collec-
tion and acquisition for knowledge discovery in manufacturing [8]. Also, due to
the development of database technology and the application of Internet of things,
it is possible to build a data acquisition system that collects data representing
the manufacturing process steadily. [9]. After data acquisition, the steps of inte-
grating and transforming data to solve pre-defined business problem is required.
Several activities for integrating data, deriving new variables, preprocessing raw
data and examining consistency of data are involved at this step.

Figure 1.1 Three stages and related activities in manufacturing process

The manufacturing process can be divided into three stages: development,
production and sales of products. A product development process is the sequence
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of activities which an enterprise employs to conceive, design, and commercialize
a product [10]. Activities related to production like scheduling, packaging, pro-
cess control, product/part inspection and quality management are included in
the next stage. Final stage is about product sales where marketing, inventory
management, product shipment and delivery, after-sales service and managing
key performance indicators (KPIs) are included. This outline is illustrated in
Figure 1.1.

This dissertation focuses on the following three components:

• New product development (NPD), especially idea generation and screening,
user scenario generation

• Quality management (QM), especially product/part inspection, quality
management

• After-sales service (ASS), especially after-sales service history, managing
KPIs

1.1 Unstructured and external data analytics for new
product development

The term user-centered design (UCD) is a philosophy that products should be
designed with the needs and interests of the user in mind, making products that
are easy to use and understand. To achieve the goal of UCD, needs of target
customers should be identified at the beginning of NPD process [11]. Especially,
the process of identifying customer needs is an integral part of the larger product
development process and is most closely related to concept development and the
establishment of product specifications [10].

Customer needs is the most important key material in generating idea for
new products. Therefore, product planning and developing team should plan
new products which reflect the need sof potential customers. They may try to
obtain customer feedback on their past products and perform some conventional
methods such as prototypes, market research, focus group interview (FGI) and
methods for user observation [12, 13, 14]. However, when these methods are
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performed, there is a risk that the marketers’ intentions will be exposed to target
users. For instance, when the company asks some people about the design of
new product, most respondents would already know not only the intent of this
question, but also the answers the company wants. It is the cause of biased result.
In addition, these methods suffer from sampling. Especially, some methods such
as interview and user-behavior observation are targeted at a small number of
people who does not represent the whole population because of monetary and
time cost.

Figure 1.2 Technology-oriented design versus user-centered design

Another problem arises from the possibility that product development will
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be done as a framework of technology-oriented design (TOD), not UCD. In a
framework of TOD, after available methods or technologies are identified, many
companies envision new product ideas based on technologies they can leverage.
However, it is difficult to measure how much new products affect users. Because
user scenarios with TOD framework do not consider real user needs. Figure 1.2
shows the difference between UCD and TOD in terms of speech recognition. In a
UCD framework, a smartphone manufacturer catches users’ need to make a call
while driving. And then, they develop or outsource the new speech recognition
technology which can be activated quickly and robust to noise around users. On
the other hand, in a TOD framework, suppose that a smartphone manufacture
have the speech recognition technology. The manufacturer may construct user
scenarios where speech recognition can be utilized. However, if the specification of
the speech recognition technique is determined first, the effect of the user scenario
may be limited. Features created without deep understanding of customers do
not bring as much repercussions to the market as the company think.This is why
new product development starting from user needs is effective

In this thesis, we propose a method for identifying customer needs by ana-
lyzing unstructured and external data, especially online social data. We analyze
tweets and blog posts to construct the structure of keywords for a particular con-
cept related to target appliances. Keywords are used for generating ideas which
are applied to user scenarios in respect of UCD. Finally, we design user scenarios
related to target products and evaluate user scenarios by well-defined indicators.

1.2 Multi-source and external data analytics for qual-
ity management

In a manufacturing process, it is highly important to manage the quality of the
manufactured product. Poor quality leads to increases in cost of handling defects
that occur within the war-ranty period, and degradation of reputation in the mar-
ket. Many manufacturers collect numer-ical data from each process equipment in
the manufacturing process, which then serves as the basis of quality control and
process management. Conventionally, statistical process control (SPC) methods
have been used to control and monitor the production process [15, 16]. Each
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sensor value derived from a manufacturing equipment is compared to its upper
control limit (UCL), lower control limit (LCL), upper inner fence (UIF) and
lower inner fence (LIF). Some other SPC methods utilize visualization, such as
control charts, box-plots, stem-and-leaf plots, et cetera [17]. In inspection steps,
the most common method for checking the quality is to select a set of inspection
items in advance and then examine the corresponding values such as specification
error, performance. In the mean-time, after-sales service history is another useful
source for maintaining high-level of quality. After-sales service data consists of
diagnostic information of defects such as symptoms, rea-sons, and corresponding
repairs. Collected data is used to calculate key performance indica-tors (KPIs)
related to quality management such as defects per unit (DPU), problem reporting
resolution (PRR), worst items.

However, manufacturers obtain only limited information about the product’s
quality because manufacturing data, inspection data and after-sales service data
are collected and analyzed separately in most cases. In the management science
field, this phenomenon is called a silo [18]. The silo describes any management
system that is unable to operate with any other system. It’s closed off from
other systems which creates an environment of individual and disparate systems
within an organization. In most cases, data or information silos are segregated
from each other by some physical factors or authority problems. The physical
factors are the inability to systematically exchange data or information. Even if
these systems are equipped, it is often difficult to exchange data or information
with each other due to ownership. For instance, the marketing department may
want to get customer transaction data which is collected and managed by the IT
service department. After that, suppose that the marketing department want to
construct customer clusters and extract main patterns in clusters. However, the
IT service department have enough technology to build customer clusters with
their own data so that the IT department do not have to transfer their data to
the marketing department.

In this research, we integrate the data from different silos. By following Lenz-
erini’s formula [19], manufacturing, inspection and after-sales service data from
various sources are integrated. The after-sales service data is used to label each
engine as normal or abnormal. In this study, one-class classification algorithms
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Figure 1.3 Overview of silos

are used due to class-imbalance problem. To address multi-dimensionality of
time series data, the symbolic aggregate approximation (SAX) algorithm is used
for data segmentation. Then, binary genetic algo-rithm-based wrapper approach
(BGA-wrapper) is applied to segmented data to find the optimal feature sub-
set. As a result, an anomaly score for each engine is calculated. Experimental
results show that the proposed method can detect defective engines with a high
probability before they are shipped.

In addition, through data integration, the actual customer-perceived qual-
ity from after-sales service is linked to data from manufacturing and inspection
process. In terms of business application, data integration and machine learning-
based anomaly detection can help manufacturers establish quality management
policies that reflect the actual customer-perceived quality by predicting defective
engines.

1.3 Multi-source and unstructured data analytics for
after-sales service

Final application is to discovery knowledge from textual data in various sources
for quality management. In most cases, current activities for quality management
are to prepare key performance indicators (KPIs) and periodic reports and most
of resource put their effort to investigate and fix quality problems on sites. KPIs
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related to quality management: defects per unit (DPU), parts per million (PPM)
and problem reporting resolution (PRR), Worst items, quality cost, et cetera.
By periodically calculating KPIs and looking at their trends, manufacturers can
understand the quality level of their products. In order to calculating KPIs, some
types of data such as internal and external claims can be used. Internal claim data
means the data generated during the process of identifying the problems of the
products found by the workers in the manufacturing process. External claim data
is generated in after-sales service phase. If the product fails within the warranty
period and this problem is caused by a mistake made by the manufacturer rather
than the consumer’s one, manufacaturers should fix these products. In this phase,
the symptoms of this problem, fixing history and results are recorded.in external
claim data.

Figure 1.4 Examples of after-sales service records

In general, KPIs are calculated from structured attributes. Structured at-
tribute values refer to the values contained in the item structure established in
the enterprise for a specific attribute. There are some limitations in calculating
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KPIs using only structured attribute values. Some examples are illustrated in
Figure 1.4. Suppose that workers in the after-sales service department should
select which part is defected and free-formed text representing diagnostic result.
For convenience, in order to calculate statistical values for broken parts, many
manufacturers count selected parts, which comes from predefined questions like
Figure 1.4. However, predefined questions may be inappropriate to represent
actual product failures. It has the limitation to understand customer’s perspec-
tives and exact defects. Free-formed text is a good alternative. To overcome this
limitation, free-formed text should be used for calculating KPIs.

In this research, a novel active learning framework for dictionary expansion is
introduced. In this framework, unsupervised natural language processing meth-
ods suitable for Koreans are applied to the data. As a result, proposed framework
can construct domain-specific dictionary from almost zero-based one. Association
rule mining and time-series decomposition methods are applied to preprocessed
data to obtain the meaningful knowledge.

1.4 Multi-source, unstructured and external data

In real-world applications, data often does not come from a single source. Big
data implementations require handling data from various sources, in which data
can be of different formats and models [20]. The variety of data provides more
information for solving business problems. The main question is how to integrate
different types of data from various sources inside or outside the company. With-
out integrating data, it is impossible to correlate useful meanings in these data
and find evidences for the solution of business problem.

Most company have abundant of internal data, probably more than they
could imagine themselves to have. Each dataset is collected and stored for various
business purposes. For instance, sensory data from a factory can be used for
monitoring the flow of values and scheduling the producing process. For a credit
card company, marketers use an enterprise dashboard for sorting customers by
their consumption patterns. In this case, consumer behavior information data can
be used to identify customers that respond to marketers’ promotions. To analyze
multi-source data, information bariers should be eliminated and problems based
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on data silos should be considered and solved.
In addition, most companies are trying to utilize unstructured data to solve

their real-world problems. For centuries, almost all quantitative analysis was
performed on structured data [21]. Structured data refers to kind of data with
a high level of organization, such as tabular format where some values could
easily be put into rows and columns. Information in a relational database can
be considered as structured data. On the contrary, unstructued data refers to
information that is not organized in a pre-defined manner. Free-formed text is
an example of unstructured data because it is hard to put into neat rows and
columns. Audios, photos and videos are well-known as examples of unstructured
data. It was after 2000 that unstructured data really began to explode in volume
and variety. Telecommunications and social media contributed large volumes of
social network-oriented data. The volume of audio and video which companies
wanted to analyze also experienced exponential growth. For big unstructured
data, they cannot be effectively understood and efficiently processed when in
raw format [20]. As such, some techniques have been widely applied to extract
important and manageable structured data from the raw unstructured ones [22].

No matter what data the company has, there is always the possibility of get-
ting more data, or different data from what the company has originally employed
in thinking about your problem [21]. Some governments make their data public
and most internet-related service providers such as Google, Facebook, release
application programming interfaces (APIs) related to their services. As a result,
companies have the opportunity to extract new knowledge by combining their
internal and aforementioned external data.

However, there are some difficulties in integrating and analyzing these three
types of data.The first problem arises from integrating data from various sources.
In many applications, someone needs to obtain descriptions about the same ob-
jects or events from a variety of sources [23]. However, it is very difficult to utilize
data from various sources for enterprise-level decision making. Above all, it is dif-
ficult to understand the overall ststus of enterprise data. Most companies have
abundant of internal datasets, probably more than they could imagine them-
selves to have. Although it may seem like internal data are plentiful and easy
to access, data scientists do not even know where the right data is stored. So,
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identifying the right data for solving a certain business problem is very costly. In
addition, in most cases, there is an invisible wall in the data flow. In management
science field, this environment is called data silo [24, 25, 26, 27]. Data silo refers
to a separate database or a set of data files that are not part of an organization’s
enterprise-wide data administration. Even if the enterprise adopts ERP, extract-
transform-load (ETL) and Big Data platform systems, sharing data cannot be
smooth due to permission issues and lack of cooperation. This will be covered in
detail in the following chapter.

The second problem is that it is difficult to integrate various types of data. In
detail, whether the data is structurized or not is a very important point. Struc-
tured data refers to information organized into highly mechanized and manage-
able way [28]; whereas unstructured data means that information is difficult to
organize using traditional mechanisms [29]. Semi-structured data is an interme-
diate form of structured and unstructured data. The most common example of
semi-structured data is a doctor’s medical certificate. Some items like informa-
tion about the patient, name and code of the disease and drug are structured.
On the other hand, a doctor’s opinion written in free form is considered as un-
structured information. The main technical issue is how to convert unstructured
information into structured one. Structured data shows well integration with
conventional database but unstructured data is completely raw and unorganized
[28].

The last problem is related to the integration of internal data and external
data. Generally, there may be insufficient data. So, you need to know if there
is enough data to solve business problems and where to acquire it. Previous
studies suggests that secondary data should be considered as the right data [30].
Secondary data refers to data that was collected by someone other than the user.
On the other hand, primary data are collected by the investigator conducting
the research. In many cases, secondary data is obtained from external sources,
while primary data is generated within the enterprise and its departments. In
addition, as public data became more open and various data collection methods
were developed, the scope of leveraging external data has become very broad.
One of examples is online text data. It is typically acquired through querying
or scraping web pages stored in online repositories which is located outside the
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enterprise [31].
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Chapter 2

Literature Review

2.1 Data integration

Data integration means the task of combining data with various types residing
at different sources, and providing the user with a unified view of these data
[19, 32]. Data integration is the key to make data-driven decisions, as well as
great input for business intelligence and machine learning models. There are two
types of data integration depending on the viewpoint. The first aspect is related
to integrating data into the identical phsical system. Most companies have been
adopting ERP system and big data platforms for integrating their own data
[33]. In this case, data integration is to collect and store data scattered within
the company into the identical systems according to a pre-defined standard. A
number of departments and teams within the company can access this system
and query the data they need. The other view of data integration is related to
data analyzers and miners. In a view of them, data integration is the process of
creating a tabular data to be used as input to the machine learning and data
mining models for data-driven decision making [34], which is the next step after
simple data collection and database configuration. For example, data scientists
and miners query and extract integrated datasets for the dashboard, visualization
modules and machine learning models. They try to take some insights clearly
into data within the enterprise and create an integrated dataset which meets the
purpose of data analytics.

Lenzerini [19] formulizes a data integration system as a triple < G,S,M >,
where G is the global schema, S is the source schema which describes the struc-
ture of sources, and M is the mapping between the global and source schemas.

13



The source schema is the structure of the sources of real data. The global schema
provides the user with a unified view of the underlying sources. G must satisfy
the mapping M with respect to the source database. The legality pf M depends
on the nature of the correspondence between G and S. Therefore, establishing
the mapping between these schemas is one of the main task in the design of a
data integration system. An example of data integration is illustrated in Figure
2.1.

Figure 2.1 Example of data integration according to Lenerini’s formula

Designing data integration systems is important in current real world appli-
cations. Dayal [35] provides an overview of important characteristics for a data
integration flow with respect to business intelligence and extract-transform-load
(ETL) tools. Hull [36] emphasizes the importance of integrated views that focus
on tangible business milestones and outcomes in business process management
and ETL tools. In the fields of study related to web data or gene data, which
have increased considerably in amount, data integration is considered important
in order to view the information gathered from multiple sources from a single
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Table 2.1 Four types of data integration strategies described by K.Krishnan

with their main characteristics, pros and cons

Data-driven integration Externel integration

- Categorization of data by type (trans-

actional, analytical, semi-structured,

unstructured

- Pros: Infrastructure can be adapted to

each category

- Cons: Possible various efforts on the

same architecture

- Big Data and classic warehouse in two

platforms (A data bus for connection)

- Pros: Platforms can scale each, over-

load is reduced, modularity

- Cons: High complexity of data bus ar-

chitecture integration can drop perfor-

mance over time

Integration-driven approach Big data appliances

- Combining Big Data and existing

warehouse platforms

- A Hadoop/NoSQL connector links

them

- Pros: Platforms can scale each, over-

load is distributed, modularity

- Cons: The connector is Achilles’ heel,

high complexity of data integration

- A black box from vendros with some

layers

- Pros: Scalable and modular custom

configuration for users

- Cons: Custom configuration can

change frequently and can be source of

heavy maintenance

perspective [37, 38].
Krishnan describes four types of data integration strategies [39]: data-driven

integration, external integration, integration-driven approach and big data ap-
pliances. Aforementioned four types of strategies and their characteristics are
represented in Table 2.1.
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2.2 Idea generation, market research and social media

Girotra, Terwiesch and Ulrich [40] define the term ”idea” as a number of possible
solutions to a problem generated by organizations. This study has shown that the
role of organizational processes in idea generation has been examined in the social
psychology literature and in the innovation management literature. Especially,
these literatures has examined the idea generation process in detail in what is
often called a brainstorming.

Market research can provide a valuable contribution to the development of
innovative products. Trott [41] shows that market research is very effective in
new product development (NPD) process if installed base effect is low and in-
formation symmetry about core technology between buyer and producer is high.
Witell shows that traditional market research techniques have difficulty trans-
ferring latent needs in certain context, but are able to express manifest needs
[42]. Some of the more common market research techniques that companies use
to generate customer information include surveys, in-depth interviews, and focus
group researches [43]. These techniques, which concentrate on capturing cus-
tomers’ previous experiences with a product or service, have been designed so
that the participants respond to stimuli from the company. They also showed that
managers can obtain useful knowledge about customers’ value-in-use contexts by
involving customers in the early phases of the development process.

There are some studies about generating new product ideas using crowd-
sourcing. Poetz and Schreier shows that both professionals and users provided
ideas to solve an effective and relevant problem in the consumer goods market for
baby products [44]. They evaluate all ideas from professionals and users in terms
of key quality dimensions including novelty, customer benefit, and feasibility. As
a result, though they blind to ideas’ source, ideas from users is as effective as
professionals’ ideas. Bayes research the case study with Dell IdeaStorm commu-
nity [45]. In this online community, persons can join it and provide and discuss
their opinions freely. This study analyzes patterns of crowdsourced ideas during
two years and shows that initial generated ideas is the most effective to Dell’s
business problems.

Some studies show that online social media is effectively utilized in the mar-
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keting field. Schivinski and Dabrowski figure out the effect of social media com-
munication on consumer perceptions of brands [46]. This study investigates Face-
book users in order to observe the impact of firm-created and user-generated
social media communication on brand equity, brand attitude and purchase in-
tention by using a standardized online survey throughout Poland. The result
of the empirical studies shows that user-generated social media communication
had a positive influence on both brand equity and brand attitude, whereas firm-
created social media communication affected only brand attitude. Kim and Ko
identify attributes of social media marketing activities and examine the rela-
tionships among those perceived activities, value equity, relation equity, brand
equity, customer equity, and purchase intention through a structural equation
model [47]. They shows that value equity and relationship equity has significant
positive effects, as for purchase intention.

There are some studies extracting topic, information and knowledge from so-
cial media data in order to apply extracted things to actual business problems.
Saha and Sindhwani develop a new framework for modeling the evolution of top-
ics and aiding the fast discovery of emerging themes in streaming social media
content [48]. McAuley and Leskovec aim to combine latent rating dimensions such
as those of latent-factor recommender systems with latent review topic learned
by topic models like Latent Dirichlet allocation (LDA) [49]. They collect review
data from Amazon.com, especially 6 million beer and wine reviews, and 220,000
reviews from the Yelp Dataset Challenge. Tuarob and Tucker obtain information
and knowledge about a number of smartphones to predict product demand and
product longevity [50]. They analyze tweets to extract notable product features
including strong, weak, and controversial features of each smartphone. Furthe-
more, they capture the effect of positive sentiment in tweets on buying decision
and calculate correlation between positive tweets and sales for each smartphone.
As a result, they show that knowledge extracted from social media has proven
valuable in various applications.
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2.3 Machine learning-based anomaly detection algo-
rithms

Class imbalance problem is a factor that significantly reduce the performance of
the binary classification model [51]. In machine learning fields, anomaly detec-
tion, also known as novelty detection and outlier detection, is the task of classi-
fying test data points that differ in some respect from the training data points
[52]. Anomaly detection has been widely used in a number of domains such as
credits, insurances, telecommu-nications and manufacturing industry [53]

2.3.1 Gaussian mixture model and Parzen window density es-
timation

Gaussian mixture model (GMM) is a statistical method for estimating the distri-
bution of input data using linear combination of several Gaussian distributions
[54]. The probability density function of GMM p(x) is the weighted sum of K
individual Gaussian distribution pk(x) as follows:

p(x) =
K∏

k=1
αkpk(x) (2.1)

Parzen window density estimation is an extreme version of GMM. This method
applies a Gaussian distribution to each data point, and then the linear combi-
nation of Gaussian distri-butions becomes the distribution of all input points. If
probability density function value of a test point is low, this test point is near the
boundary of the distribution of input data. Therefore, GMM and Parzen window
can be used as classifier to figure out which test points are abnormal.

2.3.2 Local outlier factor

Local outlier factor (LOF) means the degree of being an outlier assigned to each
point[55]. The first step in the LOF algorithm is to find k nearest neighbors of
each point. And then, the local reachability densities (LRD) of an arbitrary point
p is defined as follows:

LRDk(p) = 1/
(∑

o∈Nk(p) reach− distk(p, o)
|Nk(p)|

)
(2.2)
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The reachability distance of a point p with respect to a point o is defined as
reach− distk(p, o) = max (k − distance(o), d(p, o)). The k-distance of a point o
is the distance of o and its k-th nearest neighbor. Nk(p) is the set of k nearest
neighbors.

Finally, LOF score of p is defined as the ratio between the average LRD
of neighbors and p’s LRD. The formula for calculating the LOF score for p is
following:

LOF k(p) =
∑

o∈Nk(p)
LRDk(o)
LRDk(p)

|Nk(p)| (2.3)

If the LOF score is 1, LRD of p is nearly identical to LRDs of adjacent neighbors.
If the LOF score is bigger than 1, the density of p is lower than the density of
its neighbors. In this case, a point p is considered as an abnormal point.

2.3.3 k-means clustering-based anomaly detectection

The k-means clustering (KMC) [56] is a method for partitioning input points
into exclusive k clusters. Each input point belongs to the cluster with the nearest
centroid. Then, when a new data point arrives, distances between the new data
point and centroids are calculated. That point is considered as abnormal if the
shortest distance is greater than user-specified threshold [54].

2.3.4 Principal component analysis and kernel principal com-
ponent analysis-based anomaly detection

Principal component analysis (PCA) and kernel principal component analysis (k-
PCA) have been used for mapping data points into the lower-dimensional space
[57]. If the reconstruction error, which means the squared distance between the
original data and its esti-mate, of test data point is larger than user-specified
threshold, we can refer that this test point has different characteristics from
large training data points.

2.3.5 Support vector data description

Support vector data description (SVDD), proposed by Tax and Duin [58], is an
algorithm which aims at finding spherically shaped boundary around input data
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points. For this purpose, SVDD solve the following optimization problem:

min R2 + C
n∑

i=1
ξi

s.t. ‖xi − a‖2 ≤ R2 + ξi

ξi ≥ 0, ∀i = 1, 2, ..., N

The purpose of above problem is to find the smallest hypersphere including input
data points as many as possible in feature space. Abnormal points which are not
included in this hypersphere can be found.
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Chapter 3

Unstructured and external data
analytics for new product
development

3.1 Background

The term ’user-centered design (UCD)’ first appeared in Donald Norman’s work.
According to Norman and Draper [59], UCD can be defined as a philosophy that
objects should be designed to reflect the needs and interests of users, and that
users can make products that are easy to use and easy to understand. In other
words, UCD is a broad philosophy and a concept that covers all the necessary
methods to manage all the design processes of products and the influences that
affect end-users [60].

Within the UCD philosophy, customer needs play a very important role in
the whole new product development (NPD) process. The customer’s needs refer
to the various attributes of the potential product that the customer requires,
and are also referred to as customer attributes or customer requirements. In
particular, the process of identifying customer needs takes an integral part in
a series of product development processes and is closely related to the process
of determining product concepts and specifications [10]. In many studies and
real-world applications, it is also important to define customer needs for new
products and apply them carefully throughout the product development process
[61, 62, 40, 63]

Many companies want to involve customer needs through various channels.
Also, identifying customer needs is an area covered by various fields such as
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human-computer interaction (HCI) and marketing. There are some conventional
methods for identifying customer needs such as prototype, market research, focus
group interview (FGI) and user observation [12, 13, 14].

• Prototype: It is a way to create prototypes for new products and use them
for selected subjects and get feedback on them. This is a method that can
be used when the specification of the product is clearly defined.

• Market research: It means a survey that refers to a large number of peo-
ple. Structured questions about newly developed products or services are
constructed. And then, the company ask people’s opinions. It is important
to configure the questions appropriately at an early stage to understand
what potential users are thinking about what aspects of the product.

• Focus group interview (FGI): It is an in-depth interview with a small group
of potential users of products and services. Compared to market research,
target size is small. However, it is expected to be able to obtain a more
specific picture of what users think.

• User observation: It is a way to observe the behaviors of users of products
and services and to analyze the problems and needs of users. The data
analyzed by the experts include the images taken or written texts of users’
daily records.

These methods are well suited to obtaining specific information related to
potential users’ needs for products and services. In the case of prototype and user
observation methods, the experts can grasp in detail how users feel uncomfortable
based on their actions and how users actually use the functions of the designed
products and services. Market research and FGI can acquire concrete information
that can infer the users’ needs through responses to the structured questions.

However, conventional methods for identifying customer needs have some
disadvantages in three aspects. The first weakness is that most of the methods
require a lot of monetary and time costs. In the case of prototype, it takes a lot of
time and money to develop a prototype to get user feedback. In the case of market
research and user observation, large costs can be incurred due to recruitment of

22



participants and compensation for responses. The second weakness occurs in
terms of users sample size. In prototype, FGI, user observation, you have to
pay a lot of money and time to increase the sample size to be investigated. In
market research, if the number of people surveyed is very large, not only will
it cost a lot, but the number of items may decrease and the specificity of the
information obtained may decrease. The third weakness is that people who are
surveyed can know in advance what the intentions of questioners and marketers
are. For example, when a company conducts a survey on a new product design,
there is a possibility that respondents would understand not only the intent of
the question, but also the answer they want. This is likely to lead to biased
results. These contents are summarized in Table 4.1.

Table 3.1 Properties and limitations of conventional methods for identifying

customer needs

Monetary

cost
Time cost Sample size

Exposure level

of questioner’s

intent

Prototype High High Small Very high

Market

research
High High Large High

Focus

group

interview

(relatively)

Medium
High Small High

User

observation
High High Very small High

In this study, we propose a quantitative approach for generating ideas by
searching keywords in online social media such as social network services (SNSs)
or blog services. Online social media is an online space where non-media pro-
fessionals and ordinary people expose and share their thoughts. Compared to
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aforementioned methods, leveraging social media data has some advantages. It
is relatively free from sample problems. In addition, the bias problem described
above can be reduced by leveraging online social media data because the opin-
ions on social media are independent of those who want to the company and
marketers.

Recently, social media data has been increasingly used to derive customer
needs. In the field of marketing, some studies on the attempt to extract insights
for promotional strategies from social media is actively underway [46, 64, 65]. In
order to derive the positive and negative perceptions of people on the specifica-
tion, the sentiment analysis method can be applied to the text on social media
[66].The problem with using social media data is how to find customer needs
that can help you build a novel feature of new products.

In this study, we define a series of steps to derive the ideas needed to deter-
mine new features and specifications of new products using social media. We use
keyword tree expansion, which is suitable for huge social media data. Proposed
method is to conduct structured querying on tweets and blog posts collected over
a year to derive customer needs for five home appliances. In addition we derive
new ideas that can be applied to home appliances, and then conduct a case study.
This study confirms that customer needs and insights from social media have a
positive effect on the idea of new product development.

3.2 Proposed framework and method

In this section, we describe a proposed framework for extracting user contexts
from online social media and creating user scenarios. It is illustrated in Figure
3.1.

First step is to find tweets and blog posts containing the target product. By
this step, we can figure out how people use the target product. This method
is similar to the traditional user observation methods described above in terms
of observing ordinary people’s daily lives. The advantage of this method is that
the sample to be observed is large. Of course, this method takes a long time
to obtain more specific information about how people think about the target
product and how they use it than traditional methods. The concept of this step
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Figure 3.1 A proposed framework for extracting user contexts from online social

media and creating user scenarios

is illustrated in Figure 3.2. U is a complete set of information that appears on
all online social media. P means a set of social media articles in which the target
product appears.

Figure 3.2 Exploring online social media: Finding tweets and blog posts con-

taining the target product
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Next step is to discover contexts for target products. In this step, we derive
several keywords related to the target product and summarize articles containing
the target product and related keywords. As a result, the information summarized
corresponds to the context of customers using the target product. What we
expect in this step is to explore the users’ experience with the target product in
a more specific way. This concept is illustrated in figure 3.3.

Figure 3.3 Exploring online social media: Finding tweets and blog posts con-

taining the target product and relevant keywords

The main issue is how to extract relevant keywords for the target product.
There are three criteria for extracting keywords. First criterion is the frequency
of words. This is a way of preprocessing target texts and considering frequently
appearing words as relevant keywords. Second one is the degree of diffusion. It
means that much propagated articles are important. Third one is the rating of
domain experts and researchers. They can select texts by their own knowledge.
To prove out concepts, we compare article sets constructed by combinations of
above seletion criteria. 50 tweets and 50 blog posts are included in each set.
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15 non-experts and 5 experts are involved in the evaluation of these sets. They
score them from 0 to 10 points. The result of this experiment are shown in the
following table 3.2. Considering frequency of words and rating of experts is the
best scored.

Table 3.2 Evaluation for three criteria and their combinations

Combinations of criteria Non-experts Experts Total

Frequency of words (W ) 5.27 5.6 5.35

Degree of diffusion (D) 5.07 3.6 4.70

Rating of experts and

researchers (R)
6.47 7.4 6.70

F +D 5.60 6.20 5.75

F +R 7.00 8.83 7.45

D +R 6.40 6.85 6.53

F +D +R 6.27 7.80 6.65

The next step is to discover contexts from tweets and blog post not containing
the target product’s name. In this step, we expect discover new contexts of the
domain where the target product can be used, but not covered by the current
state of the target product. After this step, the concept of target product P can
be expanded to that of new target product P ′ as shown in Figure 3.4.

3.3 Case study: Smart oven

One of our target products is an oven with smart features. Figure 3.5 represents
an example of finding tweets and blog posts containing the target product and
relevant keywords. First query is the name of target product and second query
is ’fail’ associated with the target product. We can summary the query result:
people usually fails to cook with a oven. In this way, we identify several contexts
related to the oven and relevant keywords. Extracted contexts are summarized
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Figure 3.4 Exploring online social media: Expanding the concept of the target

product

Figure 3.5 An example of finding tweets and blog posts containing the target

product and relevant keywords

in Figure 3.6.
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Figure 3.6 Extracted contexts from articles containing the target product and

relevant keywords

Figure 3.7 is a context map of smart oven. We concatenate contexts and
relavant keywords that came up when we went through the three steps mentioned
in the previous section.

3.4 Creating and evaluating user scenarios based on
contexts from online social media

After meaningful user contexts are extracted, manufacturers create user scenarios
about the target product with new features and functions responsive to customer
needs. In this case study, we form a task force team composed of product man-
agers, engineers, researchers and customers for problem solving. Based on what
the ‘target product’ customers want, implementable idea to solve the problems is
discussed. And then, the task force team choose several ideas based on how the
target product with the new features would be used in real life. Selected ideas
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Figure 3.7 Context map of smart oven

are implemented to user scenarios.
Figure 3.8 is an example scenario for oven named ”Non-failing oven”. On

the upper left of that figure, we write down the context to be satisfied by this
scenario.

And then, we evaluate scenarios and prioritize them which idea would be
implemented to the target product. Figure 3.9 illustrates the structure of scenario
evaluation indicators. We adopt the modified version of analytic hierarchy process
(AHP) to generate structured evaluation indicators. AHP is a technique to assess
the relative weight of multiple criteria by pairwise comparisons [67].

3.5 Summary

In this paper, we propose a new approach of identifying significant customer
needs from social media to generate novel ideas in early stage of NPD process.
In contrast to the conventional methods, our proposed framework is based on
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Figure 3.8 An example scenario for oven: ”Non-failing oven”

Figure 3.9 Structure of scenario evaluation indicators

real text data generated by a large number of people in social media. With case
study, we evaluate sets of customer needs generated by different combinations
of criteria to select relevant social media texts to specific domain. Our proposed
approach extracts and prioritizes ideas and contexts reflecting customer needs
by quantitative measure. Through the case study, we apply proposed approach
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to real-world business problem related to development of new product concept,
product’s functions and features. User scenarios are evaluated by well-defined
indicators and scenarios rated high scores will be used to make a prototype.
Our future work is to design evaluation indicators used to identify texts and
words relevant to domain knowledge objectively. Furthermore, we will improve
proposed framework and apply it to many fields such as politics and economy.
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Chapter 4

Multi-source and external data
analytics for quality management

4.1 Background

In a manufacturing process, it is highly important to manage the quality of the
manufactured product. Poor quality leads to increases in cost of handling defects
that occur within the war-ranty period, and degradation of reputation in the mar-
ket. Many manufacturers collect numer-ical data from each process equipment in
the manufacturing process, which then serves as the basis of quality control and
process management. Conventionally, statistical process control (SPC) methods
have been used to control and monitor the production process [15, 16]. Each
sensor value derived from a manufacturing equipment is compared to its upper
control limit (UCL), lower control limit (LCL), upper inner fence (UIF) and
lower inner fence (LIF). Some other SPC methods utilize visualization, such as
control charts, box-plots, stem-and-leaf plots, et cetera [17]. In inspection steps,
the most common method for checking the quality is to select a set of inspection
items in advance and then examine the corresponding values such as specification
error, performance. In the mean-time, after-sales service history is another useful
source for maintaining high-level of quality. After-sales service data consists of
diagnostic information of defects such as symptoms, reasons, and corresponding
repairs. Collected data is used to calculate key performance indica-tors (KPIs)
related to quality management such as defects per unit (DPU), problem reporting
resolution (PRR), worst items.

However, these methods have some limitations. First limitation comes from
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Figure 4.1 (a) Scatter plot of artificial data containing 8 abnormal points. (b)

Detecting abnormal points in each dimension: Some abnormal points are mis-

classified. (c) Detecting abnormal points considering two dimensions: All ab-

normal points are classified correctly.

aforementioned SPC methods applied to manufacturing process. Traditionally,
univariate SPC methods have been widely used because of their intuitiveness
[15, 17]. Univariate SPC methods, however, consider only one variable at a time
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and cannot capture defects caused by the interaction between two or more vari-
ables. An example is illustrated in Figure 5.1. Figure 5.1 (a) shows a scatter plot
representing artificial data with two dimensions X1, X2. There are 8 abnormal
points. Suppose that points lying outside of a dotted line for each dimension are
predicted to be abnormal as Figure 5.1 (b). In this case, 5 abnormal points is
classified correctly while 3 abnormal points is misclassified as normal. These 3
abnormal points exist on normal boundary in each dimension, though they are
far away from normal points in a coordinate plane. Only if an area containing
only normal points can be figured out, as illustrated in Figure 5.1 (c) with a
dotted line, all abnormal points can be classified correctly.

Second limitation is related to the selection process of inspection items. Man-
ufacturers cannot be sure whether the selected inspection items are sufficient to
ensure product quality. General-ly, these items are determined based on current
practices and domain knowledge. As the number of inspection items increases,
greater human resources and extra cost are needed. If the manufacturer adds
more elements for inspection to the manufacturing process, the overall produc-
tion efficiency decreases, while the production time increases. In order to solve
this tradeoff problem, an optimal item set should be extracted closely related to
actual product defects using state-of-the-art techniques.

Finally, manufacturers obtain only limited information about the product’s
quality because manufacturing data, inspection data and after-sales service data
are collected and analyzed separately in most cases. In general, the sensor data
generated from the manufacturing process and the after-sales service data pro-
vided by the customer are stored separately to two different entities. If manufac-
turing and services departments store data individually, or if the man-ufacturer
and the service provider are separate business entities, data may not be shared
or linked smoothly. As a result, it is difficult for manufacturers to establish a
quality assurance policy that incorporates the actual customer-perceived quality
[68, 69]. If these datastes can be integrated, the manufacturing history can be
mapped onto the actual customer-perceived quality. It has been noted that data
integration is important in many domains where data-driven decision making
and knowledge discovery are required [19, 35, 36].

This study addresses previously mentioned limitations and proposes a novel
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Figure 4.2 Concept of Proposed framework

framework for inducing a functional relationship between manufacturing data,
inspection data and after-sales service data via machine learning-based anomaly
detection algorithms and data integration. First of all, aforementioned datasets
from various sources are integrated according to Lenzerini’s formula [19]. By
following this formula, the global schema of inte-grated data and the mapping
module between the global and source schemas are designed. As a result, the ac-
tual customer-perceived quality of each product from after-sales service is linked
to the corresponding records from manufacturing and inspection process. Then,
a num-ber of machine learning-based anomaly detection algorithms are applied
to the integrated data. Unlike traditional SPC methods, machine learning algo-
rithms can take multiple features into account simultaneously. Hence, they can
detect abnormal points caused by the interaction be-tween two or more features.
In addition, by integrating data, it is possible to deduce a new functional rela-
tionship between manufacturing history and the customer-perceived quality in a
supervised fashion. In this study, features from manufacturing data and inspec-
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tion data are learned by anomaly detection algorithms. Then, after-sales service
data is used to validate predictive performances of the anomaly detection model.
Finally, this study takes the BGA-wrapper to derive an optimal feature subset,
which shows higher predictive power for product defects. Figure 5.2 shows a
schematic representation of the proposed framework.

4.2 Methods for an early-stage engine fault detection
system

The purpose of this research is to detect abnormal engines. An abnormal engine
is defined as a repaired engine in the after-sales service process due to defects
itself during the warranty pe-riod. Because manufacturing process and inspec-
tion process are well controlled, the number of abnormal engines is very small
compared to that of normal engines. For this reason, the in-tegrated data is class-
imbalanced. It is known that anomaly detection algorithms, especially one-class
classification algorithms, perform better with data with a large class imbalance
than conventional binary classification algorithms [70, 71]. It is known that a
performance of machine learning model falls when the dimensionality of data
increases. The solution is to select input features so that learned models show
better performances. To maintain the explanatory power of the input features,
binary genetic algorithm-based wrapper approach is applied to data for finding
an optimal chromosome which represents a feature subset.

4.2.1 Machine learning-based anomaly detection model

The aforementioned conventional methods have several disadvantages compared
to machine learning-based anomaly detection algorithms. First, they are difficult
to apply it to data with numerous features, as illustrated in Figure 5.3. Figure
5.3 (a) shows an example where a single point can be classified from the other
points with different labels by using a single line in a two-dimensional space, in
which case the previous univariate approach can be used for classi-fying the two
labels. However, in Figure 5.3 (b), the univariate approach cannot be used for
finding the decision boundary. In this case, a method that is capable of detecting

37



Figure 4.3 Examples for (a) linear decision boundary and (b) nonlinear decision

boundary

a nonlinear decision boundary by considering various features must be used, and
one such method is the machine learning-based anomaly detection model.

Furthermore, machine learning-based anomaly detection model can assign
an anomaly score for each record by calculating a distance from constructed
decision boundary. This character-istic provides more information for the man-
ufacturer. A comparison of the conventional anomaly detection methods and
machine learning-based method is summarized in Table 5.1.

4.2.2 Binary genetic algorithm-based wrapper feature subset
selection

A feature subset selection algorithm can be classified into the filter approach,
wrapper approach, and the embedded approach [72, 73]. The filter approach
involves the scoring of each feature on the basis of Pearson’s correlation coefficient
and mutual information. The embedded approach is where the composition of
the feature subset is included in the model establishment process, similar to tree
classifiers. As the number of normal and defective entries is highly imbalanced,
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Table 4.1 A comparison of conventional methods and machine learning-based

methods for anomaly detection

Conventional methods
Machine learning-based

methods

Number of

predictors
One Two or more

Methods
Predetermined pass range,

UCL, LCL, 6-sigma, etc.

One-class classification

algorithms

Result
Determing whether there are

defects
Calculating anomaly scores

Required data Manufacturing data
Manufacturing data and

after-sales service data

it is difficult to adopt the filter approach or the embedded approach.
In contrast, wrapper approach with an induction algorithm which can handle

class imbalanced data is a good solution. The wrapper approach is based on the
evaluation of the feature subset by using an induction algorithm and eventu-
ally extracting the feature subset with the best performance [74]. The simplest
method is to evaluate all subsets of fea-tures in an exhaustive manner and find the
best feature subset. However, total number of sub-sets is 2n−1 as for n features.
It means that an exhaustive search needs a significantly high computational cost.

In order to overcome the disadvantage of an exhaustive search, numerous
previous works used the binary genetic algorithm (BGA) as a feature subset
search method [75]. Genetic algorithm (GA) is one of the general adaptive op-
timization search methodologies, based on the concepts from Darwinian natural
selection and genetics [76]. BGA is a method where chromosomes consist of bi-
nary values. Other evolutionary optimization algorithms including particle swam
optimization (PSO), ant colony optimization (ACO) can be applied to wrapper
approach, too. There are some studies compare PSO algorithm and GA algo-
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Figure 4.4 Binary genetic algorithm-based wrapper approach for feature subset

selection

rithm in terms of feature subset selection [77, 78, 73, 79]. However, there is no
significant difference between the performance of GA and PSO for wrapper ap-
proach. Their performances may depend on a nature of training data. Therefore,
BGA-based wrapper approach (BGA-wrapper) is used for this study. In order
to use BGA-wrapper, the chromosome length must be designed to be identical
to the number of features of the input data, and the selection of each feature
should be expressed as a binary value. Then, the performance of the induction
algorithm when the features are chosen based on a specific chromosome code is
used as the fitness value, and the dominant chromo-somes are deduced. Superior
chromosomes are kept in the next generation and are used for generating a part
of the offspring population through crossover or mutation methods. By repeating
this process, the chromosome with the best performance is determined.

4.3 Application to engine manufacturing process

In this section, we first briefly introduce the domain, and then detail the exper-
imental settings including data, preprocessing methods, and performance mea-
sures.
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4.3.1 Manufacturing and selling process for heavy machinery
engines

Heavy machinery engines are designed for heavy-duty vehicles which execute
construction and transportation tasks, and be able to handle heavy weights.
The heavy machinery engine has a complex structure. Manufacturing process for
heavy machinery engines is consists of many steps related to parts production and
assembly. Also, inspection steps for parts, equip-ment and whole engine structure
are included in manufacturing process. After assembly pro-cess is done, cold test
step and trial run test step are executed.

The produced engines are shipped to several nations. Shipped engines are
mounted to the heavy vehicles by their manufacturers. And then, customers
buy these vehicles. If a failure occurs in the vehicle during the warranty period,
that vehicle is examined by after-sales ser-vice engineers. Some of failures are
related to engines. If engine failures come from manufac-turing defects, the engine
manufacturer is responsible for repair cost.

4.3.2 Data description

Before integrating and analyzing the data, we define various sources generat-
ing the manufacturing data related to heavy equipment vehicles’ engines and
the after-sales service data which contains fault diagnosis, symptoms of fail-
ure, repair record corresponding to failure related to heavy equipment vehicles.
The manufacturing data is collected from fabrication, assembly and inspection
steps in a Korean heavy equipment engine manufacturing company and a US
heavy equipment vehicle manufacturing company. And the after-sales service
data comes from previous heavy equipment vehicle manufacturing company. Col-
lected datasets from various sources is described in Table 5.2.

The cold test is a part step of inspection process to check the operation state
of engines before feeding fuel. Almost 370 items, which is related to intake air
pressure, exhaust pressure, fuel leakage, state of crankshaft, et cetera, is checked
in this cold test step.

The trial run test is the final step to be carried out just before shipping
engines. During the tri-al run test step, the engine is started after fuel input and
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Table 4.2 Description of collected raw datasets

Datasets Variable types
Number of

records

Number of

engines

Test result for engine

components
Static/Categorical 21,541 21,541

Sensor values of

manufacturing

equipment

Static/Numerical and

categorical
330,942 11,311

Cold test for engines Static/Numerical 25,661 21,109

Trial run test for

engines
Time-series/Numerical 21,270,000 11,310

Test result for vehicles Static/Numerical 14,348 11,322

Field claim description

for engines
Static/Text 120 106

the manufacturer monitors it. The speed of the engine is varied with time to
examine whether the engine can respond appropriately to various situations that
can occur during operation. Of these various operating conditions, the maximum
speed and maximum torque conditions are inspected with emphasis during the
manufacturing processes.

Dataset from the after-service sales phrase refers to information about the
occurrence of prob-lem due to a defect in the engine of a vehicle. If a problem
occurs during vehicle usage, a vehicle manufacturer investigates which part of
the vehicle was problematic by thoroughly ex-amining the customer claim. The
data used in this study are the customer claim information regarding the fault
in the engine itself, which includes the type of engine, defective part of engine,
symptoms, and repair records. In this study, defective part of engine is used as
a label. There are 24 types of defective parts among 106 claims. Among these
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claims, 46 claims are related to injector problems and 10 claims are related to
turbo charger problems. Other types of faults are too small to train with normal
data points. For this reason, this study focus on faults from injector and turbo
charger.

4.3.3 Data integration

Data integration at a company-wide level is crucial for data-driven decision mak-
ing as it can generate unforeseen insight about the process. For this reason, these
datasets from different sources are integrated according to aforementioned Lenz-
erini’s formula < G,S,M > as shown in Figure 2.1.

In this study, the mapping means a series of steps for preprocessing the
datasets from various sources and joining them. As you can see Table 5.2, there
are different types of variables such as static versus time-series, numerical versus
categorical versus text. To integrate these datasets, some records and variables in
raw datasets should be transformed and preprocessed. After that, a production
history data is used in order to find the relationship of preprocessed datasets.
MySQL queries and Java programming is used to map raw datasets into inte-
grated data scheme. In this study, data integration plays a very important role.
In terms of training machine learn-ing models, input features come from manu-
facturing and inspection data and target values come from the after-sales service
data. By integrating these datasets, we can connect input features and target
feature in respect with each engine. And then, anomaly detection model can
be constructed in a supervised fashion because there are labels which express
the custom-er-perceived quality. Lenzerini’s formula and corresponding schemes
are also important to construct sustainable data integration framework. As time
goes by, the data is continuously accumulated, sustainable framework for data
integration is needed.

4.3.4 Segmentation of multi-dimensional time series data

The trial run test data are multi-dimensional time series where about 100 items
are saved per second. In order to reenact the possible situations that can occur
during the operation of an engine, the revolution per minute (RPM) is controlled
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by predetermined stages. A stage refers to each interval where the RPM is sub-
stantially maintained at constant. A record, which means one trial run test for
the engine, can be divided into six stages. Each stage corresponds to the sim-
ulation of certain conditions that the engine can experience during operation.
How-ever, these stages are not stated in the raw data.

In this study, the symbolic aggregate approximation (SAX) algorithm is used
to extract 6 steps automatically. The SAX algorithm represents a time series as
a string using a Gaussian distribution in order to reducing dimensionality of
data and indexing with a lower-bounding distance measure [80, 81]. The SAX
algorithm follows a two-step process.

• Piecewise Aggregate Approximation (PAA) which divides the data set of
length n into w equally spaced bins and computes the average of each bin.

• Conversion of a PAA sequence into a series of letters

Lin et al. [81] shows that the values of z-normalized time series follow the Gaus-
sian distri-bution. By using this property, several equal-sized areas under the
Gaussian distribution can be picked during the PAA step. Through the SAX
algorithm, the data can be automatically binned and each bin becomes a set of
data points at a similar RPM. The result of dividing the trial run test into six
stages is as shown in Figure 5.5.

4.3.5 Extracting features from multi-dimensional time series

All time series are examined and 50 items are removed due to noises generated by
sensor communication error. 40 items are removed because the change of value
over a period of time is very small. As a result, 10 items, including average fuel
efficiency, instantaneous fuel effi-ciency, injection amount, oil temperature and
oil pressure, are used to derive features.

To apply machine learning algorithms to the trial run test dataset, repre-
sentative values from each stage are extracted. Without extracting these values,
the dimension of input data is equal to the trial run test time. However, the
trial run test time is so big that we cannot avoid the curse of dimensionality.
Furthermore, each record has a different time of the trial run test from other
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Figure 4.5 Segmentation of the trial run test data in respect to engine RPM

using SAX algorithm

Figure 4.6 Overall process for extracting features from multi-dimensional time

series data

records. Therefore, maximum value, minimum value and standard deviation of
10 measurement items in each stage are extracted. These values become features
of the training data. Overall process for extracting features from the trial run
test dataset is illustrated in Figure 5.6.
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Features of trial run test dataset are the maximum value, minimum value,
standard deviation of 3 measurement items in 6 stages. To increase the perfor-
mance of GMM model, BGA-wrapper is used to find the feature subset with the
best classification performance. BGA has many parameters to tune. As BGA-
wrapper has a high complexity, it is impossible to search exhaustively parameter
sets. For this reason, candidates for each parameter are pre-pared and the grid
search is performed through the first 10 evolving iterations. As a result, param-
eters and polices of BGA are determined as follows:

• Number of chromosomes in each generation: 20

• Survival rate in tournament selection: 50

• Evolving policy: one cut-point crossover

• Probability of the mutation of chromosome elements: 1

• Fitness of chromosomes: mean AUC derived from the 5-cross validation
experiment, where the GMM was used as the induction algorithm

• Maximum number of iterations: 50

As the overall computational cost of BGA significantly increases if the induc-
tion algorithm is of high complexity, Gaussian mixture model (GMM) is selected,
which has a lower complexity than algorithms such as local outlier factor (LOF)
or support vector data description (SVDD), while guaranteeing a certain degree
of performance. The parameter of GMM is established by finding the optimal
value with an expectation-maximization (EM) algorithm, and a search was con-
ducted for a parameter θ (threshold to distinguish normal and novel data points)
of anomaly detection within the range of 0.01 to 0.5. Lastly, as BGA cannot al-
ways lead to a robust result due to the initial population and the its randomness,
BGA-wrapper is applied 10 times.

The mean area under receiver operating characteristic curve (AUC) when all
features are used to the GMM model construction is 0.7467, as shown in Table
5.3. We observe that as a result of BGA-wrapper, mean AUC improves up to
0.8617. The feature subset at this point is as follows:
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Table 4.3 AUC values of models for selecting datasets

Types of field claim Dataset AUC

Injector problem

Cold test 0.5133

Trial run test 0.7467*

Cold test + Trial run test 0.5541

Turbo charger problem

Cold test 0.5647

Trial run test 0.6014

Cold test + Trial run test 0.5724

• minimum value of average fuel efficiency in the stage 1,

• minimum value of instantaneous fuel efficiency in the stage 1,

• standard deviation of instantaneous fuel efficiency in the stage 3

• standard deviation of instantaneous fuel efficiency in the stage 5.

Figure 5.7 shows one of the 10 experiments. It can be observed that the AUC
improves gradually after each generation.

4.4 Machine learning-based anomaly detection mod-
els and their performance

Using the best feature subset derived previously, various anomaly detection al-
gorithms are applied to the data. The algorithms used here include Gaussian
mixture model (GMM), Parzen window, local outlier factor (LOF), k-means
clustering (KMC), principal component analysis (PCA), kernel-PCA (k-PCA),
and support vector data description (SVDD). Their parameters are searched in
candidate sets or optimized. Details are following:

• GMM: number of Gaussians (5, 7, 9, 11, 13, 15)

• Parzen window: width parameter (optimized)
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Figure 4.7 Change in the AUC corresponding to the generations

• LOF: number of neighbors (20, 25, 30, 35, 40, 45)

• KMC: number of clusters (5, 7, 9, 11, 13, 15)

• PCA: fraction of explained variance (0.6, 0.7, 0.8, 0.9)

• k-PCA: fraction of explained variance (0.6, 0.7, 0.8, 0.9)

• SVDD: gamma of RBF kernel (1.0×10−4, 5.0×10−4, 1.0×10−3, 5.0×10−4)

In this study, the performance of the early-stage fault detection model was
evaluated using the false acceptance rate (FAR), false rejection rate (FRR), and
area under receiver operating characteristic curve (AUC). FAR refers to the
probability of incorrectly classifying a defective engine as a normal one, and FRR
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Table 4.4 Experimental result of the Parzen window anomaly detection model

θ AUC FAR FRR

0.05 0.8527 0.1381 0.9070

0.10 0.8089 0.1751 0.6977

0.15 0.7374 0.2078 0.4884

0.20 0.8400 0.2194 0.3721

0.25 0.7072 0.2404 0.3023

0.30 0.7047 0.2790 0.2326

0.35 0.8048 0.3649 0.1628

0.40 0.8293 0.4983 0.1395

0.45 0.7625 0.5608 0.1163

0.50 0.8350 0.5759 0.0930

Best case

(θ = 0.32)
0.8676 0.2819 0.1860

denotes the probability of incorrectly classifying a normal engine as a defective
one. By definition, a good fault detection model will have both low FAR and
low FRR, but FAR and FRR have a trade-off relationship depending on the
thresh-old of the model. Therefore, AUC is used as one of the model evaluation.
The receiver operat-ing characteristic (ROC) curve is a method of evaluating
the classification performance of the model by considering both false acceptance
(incorrect classification of a defective engine as a normal one) and true acceptance
(correct classification of normal engines). AUC refers to the area under the ROC
curve and is thus a metric that comprehensively considers the errors with respect
to all classes. The AUC of an ideal model is 1, and in the baseline case, it is nearly
0.5. In general cases, the AUC has a value between 0.5 and 1.

5-cross validation is used to searching optimal parameter θ , which means
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a threshold to distinguish normal and novel data points, of anomaly detection
within the range of 0.01 to 0.5. FAR and FRR are influenced by θ : FAR decreases
whereas FRR increases when θ increases. Table 5.4 shows the influence of the
parameter θ. Therefore, in order to represent both these metrics that exhibit
opposite behaviors, the AUC is mainly examined. The total result is shown in
Table 5.5. It reveals that for the best feature subset derived in Section 5.1, the
Parzen window model shows the best AUC.

Table 4.5 Experimental result of anomaly detection models in terms of AUC

Algorithm θ AUC FAR FRR

GMM 0.31 0.8617 0.3401 0.1395

Parzen window 0.32 0.8676* 0.2819 0.1860

LOF 0.23 0.8204 0.2765 0.3488

KMC 0.18 0.7514 0.2514 0.4186

PCA 0.35 0.8022 0.3723 0.2558

k-PCA 0.20 0.8167 0.4012 0.2326

SVDD 0.30 0.8372 0.2829 0.3255

4.5 Discussion

4.5.1 Performance of anomaly detection models and costs

Constructed anomaly detection models are applied to all produced engines which
just have passed the trial run test step. Without these models, all engines, shipped
after the manufacturing process, are determined to be normal. In this situation,
the FRR, which means the proba-bility of incorrectly classifying a normal en-
gine as a defective one, is 0 while the FAR, which means the probability of
incorrectly classifying a defective engine as a normal one, is 1. How-ever, if the
manufacturer uses the Parzen window anomaly detection model to predict en-
gine faults, the expected FAR and FRR are 0.2819 and 0.1860 respectively. With
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proposed framework and Parzen window anomaly detection model, the expected
FAR is decreased and the expected FRR is increased. Decreased FAR means that
the expected cost of delivering a defective engine repairing them in after-sales
service process is decreased. On the other hand, as the FRR is increased, the
expected cost of re-inspection of engines and repairing them prior to shipment
is increased. Since there is a trade-off relationship between the misclassification
error of faulty engines and that of normal engines, the manufacturer should de-
termine the appropriate parameter θ considering aforementioned two types of
error. The relationship between parameter θ and two types of error is described
in Table 4.4. If manufacturers is more sensitive to the cost of FAR, the parameter
θ should be decreased.

4.5.2 Durability of anomaly detection models

The insight of our labels is a very critical issue. There must be some normal
engines which have a potential to have manufacturing defects. In this paper,
after-sales service data collected for 8 months is mapped to engine production
history. It means that faults from engines la-beled as abnormal were discovered
in advance by customers. However, the warranty period is about 2 years. For this
reason, manufacturers should keep track of the status for some normal engines. In
terms of anomaly detection performance, FRR is over-estimated. In other words,
the status for engines labeled as normal but predicted as abnormal may change
as time goes by. In order to verify this, after-sales service data accumulated since
the construction of anomaly detec-tion models is used. As a result, about 2 4%
per month of engines labeled as normal but pr-dicted as abnormal reveal defects.
The ratio of abnormal engines and normal engines in col-lected 8-months data
is 1.07% (=106 / 9872). Compared to this ratio, 2 4% per month of en-gines are
not a small set. This result means that proposed anomaly detection models show
a good prediction performance consistently.

51



4.5.3 Relationship between anomaly detection models and con-
ventional SPC methods

In a real application, both machine learning-based anomaly detection models and
convention-al SPC methods are used. As we mentioned before, machine learning-
based anomaly detec-tion models can detect quality problems which is not cap-
tured by conventional SPC methods. Nevertheless, conventional SPC methods
can quickly capture quality problems such as spec-out, incorrect assembly in
components level. Also, they have a strength on monitoring the process flow and
maintaining it. In business problem of this study, the number of abnormal engines
is small thanks to many inspection steps and SPC methods. Proposed anomaly
detection models try to catch the problem after all inspection steps are done. A
purpose of proposed models is to reduce cost for after-sales services. Therefore,
anomaly detection models and conventional SPC methods are complementary
relationship. To take full advantage of strengths of machine-learning and SPC
methods, all they have been applied to the real manufacturing process.

4.6 Scalable local outlier factor algorithm and its ap-
plication to engine fault detection

Local outlier factor (LOF) means the degree of being an outlier assigned to each
point[55]. The first step in the LOF algorithm is to find k nearest neighbors of
each point. And then, the local reachability densities (LRD) of an arbitrary point
p is defined as follows:

LRDk(p) = 1/
(∑

o∈Nk(p) reach− distk(p, o)
|Nk(p)|

)
(4.1)

The reachability distance of a point p with respect to a point o is defined as
reach− distk(p, o) = max (k − distance(o), d(p, o)). The k-distance of a point o
is the distance of o and its k-th nearest neighbor. Nk(p) is the set of k nearest
neighbors.

Finally, LOF score of p is defined as the ratio between the average LRD
of neighbors and p’s LRD. The formula for calculating the LOF score for p is
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following:

LOF k(p) =
∑

o∈Nk(p)
LRDk(o)
LRDk(p)

|Nk(p)| (4.2)

If the LOF score is 1, LRD of p is nearly identical to LRDs of adjacent neighbors.
If the LOF score is bigger than 1, the density of p is lower than the density of
its neighbors. In this case, a point p is considered as an abnormal point.

In this study, we propose scalable local outlier factor (LOF) algorithm. It is
noted that much of the computational cost involves in finding the neearest neigh-
bors. Therefore, approximated nearest neighbor search methods will be good
alternatives.

4.6.1 Approximate nearest neighbor search methods

Nearest neighbor (NN) search is a problem for finding several points close to a
query point by optimizing the objective function relevant to similarity or dissim-
ilarity. Given a set of points P = {p1, p2, ..., pn} in a metric space M and a query
point q ∈M , the NN search can be defined as follows:

NN(q, P ) = arg min
p∈P

dist(p, q) (4.3)

where dist is a metric distance: M ×M → R.
The simplest solution to the NN search problem, as known as the linear

search, is to compute the distance from the query point to every other point and
determine the smallest distance and corresponding point. When the Euclidean
distance is used, it has a running time of O(n), where N is the number of points
in database. Also, many data structures have been proposed for reducing their
query times. It is known that query times can be faster than the trivial O(n),
and often O(log n), as N →∞[82].

In some cases, it is necessary to find several neighbor points near the query
point. For the recommendation system, a purchase pattern of each customer
can be regarded as a data point. Intuitively, it is better to use several purchase
patterns similar to a target customer. Therefore, the NN search problem can be
extended to the k-nearest neighbor (k-NN) search problem. The k-NN search can
be formulated as [83]:

k-NN(q, P, k) = A, (4.4)
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where A satisfies the following conditions:

|A| = k,A ⊆ P

∀x ∈ A, y ∈ P − A, dist(q, x) ≤ dist(q, y)
(4.5)

Unfortunately, some herustic algorithms such as kd-trees [84] suffer by the
”curse of dimensionality”: It is known that its performance quickly decreases
for high dimensional data, while it is very effective in low dimensional space
[83, 85]. An alternative to this problem is the approximate nearest neighbor
(ANN) search. The ANN search algorithm returns non-optimal neighbor points
which represent well the local structure of a query point. Given any constant
ε > 0, an ε-approximate nearest neighbor (ε-ANN) point p of the query point q
satisfies that:

dist(p, q) ≤ (1 + ε)dist(p∗, q) (4.6)

where p∗ is the exact nearest neighbor to q. More generally, a k-th approximate
nearest neighbor of q is a data point whose relative error from the exact k-th
nearest neighbor is ε [86].

Despite not finding exact nearest points to a query point, ANN methods have
been widely used in various fields, such as search engines for web documents and
images and extended versions of machine learning algorithms , thanks to their
search efficiency.

Randomized k-d tree

Randomized k-d tree is proposed for visual object detection [87]. In contrast
to traditional k-d tree method, randomized k-d tree is a memory intensive model:
it builds multiple trees for training dataset. At the beginning of the algorithm,
one of top D dimensions of greatest variance are randomly selected for each tree
and points are separated by the selected dimensions. And search trees become
independent to each other my making the structure of each tree varied. The
most widely used algorithm to construct randomized k-d trees is the best-bin
first search heuristic algorithm. This algorithm consists of two main techniques:
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• A branch-and-bound technique for an estimate of the smallest distance
from the query point to any of the data points down all of the open paths

• Priority search in which the algorithm visits cells in increasing order of
distance from the query, and converge rapidly on the true NN (max/min
heap data structure).

Figure 4.8 Randomized k-d trees

Hierarchical k-means

Hierarchical k-means method makes a neighbor index tree by recursive k-
means clustering algorithm [83]. It consists of two parts:

• Precompute: Construct K clusters using k-means clustering algorithm. Then
apply k-means clustering algorithm recursively to build a tree

• Query: Traverse graph with priority queue, limit number of leaf nodes are
checked.

4.6.2 Datasets

First, we create anomaly detection benchmark datasets. 10 UCI datasets are
used. Because most UCI datasets are used to compare the performance of con-
ventional classification algorithms, methods for making anomaly detection bench-
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Figure 4.9 Hierarchical k-means neighbor search

mark datasets are used. In this research, we use systematic construction tech-
niques for anomaly detection benchmarks proposed by Emmott et al. [88]. This
method produces datasets that vary along three important dimensions:

• Point difficulty: measuring the distance of an anomalous data point from
the normal data points

• Relative frequency of anomalies: the fraction of the incoming data points
that are true anomalies

• Clusteredness: measuring a proxy for semantic variation which is a measure
of the degree to which the anomalies are generated by more than one
underlying process.

4.7 Summary

In order to overcome the conventional methods for estimating the level of quality,
the data integration and machine learning-based anomaly detection models are
introduced. We integrate the manufacturing after-sales service data from various
sources to map production history of the engine and corresponding faults oc-
curred during the warranty period. In addition, the method for segmenting and
indexing multi-dimensional time series data is introduced in order to integrate
this data with other types of data, reduce the dimension. The BGA-wrapper and
several machine learning-based anomaly detection algorithms are used to find
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which model is more appropriate to class-imbalanced data. The experimental re-
sults show that our proposed framework can detect defective engines with good
performance. Proposed frame-work gives the engine manufacturer and the after-
sales service provider some benefits. If some defects are detected earlier, costs for
customer claims are decreased and customer satisfaction and market reputation
can be improved.

Constructed anomaly detection models are applied to all produced engines
which just have passed the trial run test step. Without these models, all engines,
shipped after the manufacturing process, are determined to be normal. In this
situation, the FRR, which means the proba-bility of incorrectly classifying a
normal engine as a defective one, is 0 while the FAR, which means the probability
of incorrectly classifying a defective engine as a normal one, is 1. How-ever, if the
manufacturer uses the Parzen window anomaly detection model to predict engine
faults, the expected FAR and FRR are 0.2819 and 0.1860 respectively. With
proposed framework and Parzen window anomaly detection model, the expected
FAR is decreased and the expected FRR is increased. Decreased FAR means that
the expected cost of delivering a defective engine repairing them in after-sales
service process is decreased. On the other hand, as the FRR is increased, the
expected cost of re-inspection of engines and repairing them prior to shipment
is increased. Since there is a trade-off relationship between the misclassification
error of faulty engines and that of normal engines, the manufacturer should
determine the appropriate parameter θ considering aforementioned two types of
error. The relationship between parameter θ and two types of error is described
in Table 4.4. If manufacturers is more sensitive to the cost of FAR, the parameter
θ should be decreased.

The insight of our labels is a very critical issue. There must be some normal
engines which have a potential to have manufacturing defects. In this paper,
after-sales service data collected for 8 months is mapped to engine production
history. It means that faults from engines la-beled as abnormal were discovered
in advance by customers. However, the warranty period is about 2 years. For this
reason, manufacturers should keep track of the status for some normal engines. In
terms of anomaly detection performance, FRR is over-estimated. In other words,
the status for engines labeled as normal but predicted as abnormal may change
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as time goes by. In order to verify this, after-sales service data accumulated since
the construction of anomaly detec-tion models is used. As a result, about 2 4%
per month of engines labeled as normal but pr-dicted as abnormal reveal defects.
The ratio of abnormal engines and normal engines in col-lected 8-months data
is 1.07% (=106 / 9872). Compared to this ratio, 2 4% per month of en-gines are
not a small set. This result means that proposed anomaly detection models show
a good prediction performance consistently.

In a real application, both machine learning-based anomaly detection mod-
els and conventional SPC methods are used. As we mentioned before, machine
learning-based anomaly detection models can detect quality problems which is
not captured by conventional SPC methods. Nevertheless, conventional SPC
methods can quickly capture quality problems such as spec-out, incorrect as-
sembly in components level. Also, they have a strength on monitoring the pro-
cess flow and maintaining it. In business problem of this study, the number of
abnormal engines is small thanks to many inspection steps and SPC methods.
Proposed anomaly detection models try to catch the problem after all inspection
steps are done. A purpose of proposed models is to reduce cost for after-sales
services. Therefore, anomaly detection models and conventional SPC methods
are complementary relationship. To take full advantage of strengths of machine-
learning and SPC methods, all they have been applied to the real manufacturing
process.

At last, we plan to construct machine learning models able to find abnormal
engines earlier than proposed framework. To order to achieve this, the relevance
between engine quality and features from the manufacturing data are deeply
searched. Before finding the relevance, other datasets in the whole manufactur-
ing process of engines should be searched and integrated. After that, various
feature selection and extraction methods should be applied to integrated data.
Candidate dataset is a history of part production which comes from other com-
panies. Through this process, the performance of anomaly detection models can
be improved.
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Chapter 5

Multi-source and unstructured data
analytics for after-sales service

5.1 Background

Many manufacturers use several key performance indicators (KPIs) to manage
product quality. In terms of quality management, KPIs can give clear instruc-
tions for the local program. (DPU), problem reporting resolution (PRR), worst
items, quality cost, etc. Manufacturers periodically calculate these KPIs and
compare them to past KPIs to determine current product quality levels. Data
sources used to calculate KPIs are attribute values from internal and external
claims. Internal claims are data that stores the defects of the products or parts
found by the workers during the manufacturing process steps, their causes and
their coping histories. External claims are data that stores product defects in
the warranty after the product is shipped in the after-sales service phase and the
history of handling the defects, which is very important in terms of customer
satisfaction. In general, internal and external claims accumulate as agents access
enterprise resource planning (ERP) systems and enter values for structured and
unstructured attributes. Structured attributes are items that specify the worker’s
content in a predetermined list, such as a problem type or date input. Unstruc-
tured attributes refers to items entered by free form text about the phenomenon
that the worker finds and how to deal with it.

In many cases, KPIs for quality management are calculated from only the
above structured attributes values because unstructured text is hard to ana-
lyze. However, there is a limit to deriving KPIs from structured attribute values
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alone. First, it is difficult to see that the consistency of the existing item system
is maintained for a long time. For example, if an after-sales service representative
finds a new type of problem in a product, the correct information can not be
entered if there is no corresponding value in the existing item system. In that
case, the person in charge chooses a similar problem type as much as possible,
or chooses no item, which eventually becomes an obstacle to accurate KPIs cal-
culation. Also, if a product has a specific problem caused by multiple factors,
it can confuse the person in charge. For instance, if there are three parts with
quality problems and only one reason component is selected in the system, the
other two are not included in the structured attributes values. There are also the
following difficulties in analyzing Documents data that arises in real business.
First, it is virtually impossible to identify a detailed quality problem by reading
and searching multiple documents [89, 90]. However these results are not free
from sample bias problems. Second, it is hard to analyze these documents with
a common text analyzer because they contain domain-specific terms. Domain-
specific terms are commonly used in the company or business area and include
abbreviations, synonyms, jargons, etc. General text analyzers use a dictionary
which is built in ad-vance. It means that this dictionary hardly includes any
domain-specific terms and coined words. For this reason, general text analyzers
have trouble in parsing domain-specific documents and extracting words.

In this research, a novel active learning framework for dictionary expansion is
introduced. In this framework, unsupervised natural language processing meth-
ods suitable for Koreans are applied to the data. As a result, proposed framework
can construct domain-specific dictionary from almost zero-based one. Association
rule mining and time-series decomposition methods are applied to preprocessed
data to obtain the meaningful knowledge.

5.2 Proposed framework and method

Most text analyzers use prebuilt dictionaries to extract words from a document,
but it is very difficult to build a dictionary that can fully handle documents that
originate in the business. In this research, we extracted the domain-specific terms
using the unsupervised word segmentation method without building a dictionary
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Figure 5.1 Concept of proposed framework: Data preprocessing for analyzing

documents and data analytics for discovering knowledge

in the document preprocessing step. In addition, we improved the quality of ex-
pressions and words extracted through unsupervised word segmentation using
active learning module for word segmentation. The word segmentation method
proposed in this study can extract the words in a given sentence without con-
structing the dictionary in advance by using a method of extracting corpus which
is likely to be a word in context.

5.2.1 Unsupervised word segmentation in Korean / English
mixed documents

In this module, Korean / English mixed documents were used to derive word
likelihood score for each corpus in the context without prior knowledge, and
then the sentence was segmented based on the corpus with high scores. Korean /
English We used unsupervised word segmentation methods based on expressions
used in given data because it is very difficult to build a dictionary of each language
in advance to segment mixed document sentences.

The word likelihood score was derived using cohesion probability and local
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entropy.

Cohesion probability

Cohesion probability was used to extract words described in Korean. In Ko-
rean, a character is a syllabul. Cohesion probability has the purpose of calculating
the correlation of consecutive syllables using all the syllables appearing in the
document and deriving the probability that a certain string is a word based on
the correlation. For instance, if the first to the i-th syllable are assumed to have
appeared, then the first to the i-th syllable and the i + 1-th syllable The cor-
relation is high. Therefore, if the harmonic mean of all syllables in a particular
token is high, then the token is likely to be a word that is often used by people
and has meaning in the document. There are two types of cohesion probability:
forward and backward depending on the calculation direction. The forward co-
hesion probability and the backward cohesion probability for the Token are as
follows.

When searching for the boundaries of a word, you can search for it in the
left-side to right-side (forward) direction or right-to-left (backward). Forward is
to find the right boundary of a word, and backward is to find the left boundary
of a word. If point i is the actual word boundary, the forward cohesion of the
string starting from the left will be drastically lowered in ci, and the backward
cohesion will be drastically lowered in ci+1. In other words, considering both
directions, all contexts of left and right of boundary point i are used. Forward
cohesion probability is very useful for Korean characteristics. In Korean, it is
very important to classify the left side of morpheme well, since most morpheme
is in the form of noun and inquiry or verb, adjective and inquiry.

Local entropy

Since a minimum of two syllables is required to calculate the cohesion prob-
ability, the cohesion probability has a disadvantage in that it can not extract
a word of one syllable. In order to compensate for this, we used the branching
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Figure 5.2 An example of branch entropy method in English

entropy method [91].
According to Jin and Tanaka-Ishii, it is easier to guess which character comes

after “natura” than after “na” because there are many expression beginning with
“na” in general conversations and documents. On the other hand, it is hard to
guess which character comes after “natural” because “natural” is a word which
appears frequently so that a new word having a different meaning is likely to
emerge. In this manner, we can estimate a boundary between words by the
uncertainty of tokens coming after a sequence of characters. Jin and Tanaka-
Ishii used the local entropy to represent this uncertainty and tracked changes
the local entropy value as the length of a token increases. By scanning a token
and branching entropy, we can find word boundaries where the local entropy just
increases.

Branching entropy is also a boundary of words. If i is a boundary of words,
backend entropy at ci will increase at forward entropy, ci+1. However, the cohe-
sion probability is an interior boundary scoring method to find word boundaries
using sequential characters’ cohesion. Branching entropy is an exterior bound-

63



Figure 5.3 An example of branch entropy method in Korean

ary scoring method to see how various characters appear outside a word. We
can branch this local entropy into a forward direction, as well as a backward
direction.

Cohesion probability and branch entropy (CPBE) score

Conditional probability and branching entropy show interior and exterior
boundary information for a word. In order to do word segmentation using as
much information as possible, we used both methods. In the simplest case, a
new score, which is the score of the two indicators, is used as the word boundary
score. If a point t is the boundary of a real word, the forward cohesion and
forward branching entropy of a word to the left of t will be very large at t, and
backward cohesion and backward branching entropy to the right of t will also be
very large.
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5.2.2 Active learning module for word segmentation

Active learning is a learning policy where a learning algorithm can obtain labels
of new points by experts [92, 93]. Active learning is proposed to overcome disad-
vantages of many machine learning researches that treat the learner as a passive
recipient of data. Many data don’t have enough label information to apply su-
pervised learning algorithms. Furthermore, it is difficult and time-consuming to
obtain all labels cor-responding to points. According to [93], an active learner
poses queries, in the form of unlabeled points to be labeled by an “oracle” (e.g.,
a human annotator) that already understands the nature of the problem.

To discover knowledge from the textual database, it is very important to ex-
tract accurate contextual information which is basis for constructing knowledge.
Aforementioned unsupervised word segmentation method can find meaningful
expressions and words without pre-constructed dictionary. In order to improve
the performance of this method, we propose an active learning module for word
segmentation. We apply active learning to improve the quality of dictionary
which is used to tokenize documents. For this purpose, we use two types of
dictionaries in proposed framework. One is a preliminary dictionary Dp which
consists of tokens obtained by previous unsupervised word segmentation method.
These tokens are scored by the cohesion probability and the local entropy which
have high values if there is a high possibility that the corre-sponding token is a
meaningful expression or a word. The other dictionary is a selected dictionary
Ds whose members are considered as accurate and suitable for tokenizing docu-
ments. Some of tokens in the selected dictionary come from the data of enterprise
resource planning (ERP) tools or business intelligence (BI) tools. For example,
attribute names like “symptom”, “cause”, “solution” can be considered as words
which have been actually used in the business. Also, if the attribute “cause”
is a categorical variable, we expect that categories of that attribute have been
used as words widely. These information is very helpful to construct the selected
dictionary
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5.2.3 Post processing

After word segmentation is done, we convert synonym, analogue, acronym and
typo to canonical word. By these activities, we improve information density from
decetralized data.

• engine, 엔진, 앤진 → ”engine”

• e/g → ”exhaust gas”

• cyl, cylinder, 실린더, 시란다 → ”cylinder”

Also, we merge several successive tokens to extract one mearningful n-grams.
Examples are following:

• 엔진, 실린더, 헤드 → ”엔진 실린더 헤드”

• 헤드, 커버, 가스켓 → ”헤드 커버 가스켓”

5.2.4 Tagging

In the natural language process, part-of-speech (POS) tagging is the process of
marking up a word in a corpus as corresponding to a particular part of speech.
In this study, we consider only two items: part name and symptom. For example,
the word ”engine” can be tagged as ”part name” and frequent 2-gram ”oil leak”
is considered as ”symptom”. This tagging is very helpful in estimating KPIs.
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Chapter 6

Conclusion

This thesis proposes several frameworks for integrating and analyzing multi-
source, unstructured and external data from various sources in manufacturing
rocess. This section summarizes conclusions of studies and reveals contribution
of methodologies and discuss future works

6.1 Contributions

This thesis discusses how to handle and analyze the various types of data that
can be encountered in real business. The method will vary depending on the
domain and what problems we are solving. In this thesis, we discuss in detail how
to handle three different types of data: multi-source, unstructured and external
data. As the business domain became more complex, it is important to knock
down some invisible walls in the data flow, which is called data silo. In this way,
an environment in which various datasets are integrated and analyzed can be
created. The ability to capture billions of raw data points from a diverse set
of sources, often directly from customers, subscribers, or target audience, and
transform that data into actionable intelligence, is a capability that has only
recently become widely available. We all know the amount of data and the speed
at which it is accumulating is growing exponentially. This can be a difficult
problem to tackle in and of itself, however, if you fail to take advantage of the
Variety of data, the Volume and Velocity become much more of a downside than
a value-add.

How to utilize unstructured data is also an important issue. The term
“unstructured data” is not particularly precise, but in the end it means data
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that is difficult to deal with, usually because it has no data model. This certainly
does not sound like a very promising area for analysis. Unfortunately, a lot of the
information available to companies is in unstructured data, although it is hard
to say exactly how much.

External data is an area that must be ensured in terms of variety and diver-
sity. Variety is one of the most important aspects of Big Data and what makes it
so valuable. External data, also referred to as open source intelligence (OSINT),
helps businesses supplement data they don’t currently have. It’s true across all
industries, for companies large and small. When combining internal and external
data, the primary issues to be considered are context and complexity. Context
is the relationship between the data sets. The relationship can be direct, such
as market share to sales, or more subtle, such as social commentary related to
a brand’s positioning or values. Complexity refers to the individual data source
itself. It is simple data points per geography, or it’s a complex interlocking set
of unstructured data that needs manipulation prior to integration in order to be
usable. For example, the weather at the location of a store on a given day may
bring context to sales results. This data also may be relatively simple and easy to
understand and use. One just needs the location of the store as well as anything
from customer and employee satisfaction data, such as footfall, weather, sales,
or square footage. This is an example of an easy-to-triangulate data set.

We introduce three successive case studies and related data analytics methods
and frameworks. In aspect of new product development process, unstructured
and external data are used to extract useful and meaningful contexts of potential
customers for target products. Online social media data such as tweets and blog
posts are analyzed to find customers’ needs. These contexts are good sources for
generating idea for new features and screening user scenarios. By evaluating our
scenarios, it is shown that user-centered design based user scenarios are more
powerful and useful than technology-based scenarios.

Second case study is about the quality management, especially products and
parts inspection. As we mentioned before, it is highly important to manage and
control the quality of products in a manufacturing process. We integrate datasets
from manufacturing, inspection and after-sales service steps and analyze inte-
grated data. Manufacturing and inspection datasets are used for input data of
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machine learning models. After-sales service data provides labels whether the
product has a defect or not. By integrating them, we can construct machine
learning-based early fault detection models as a supervised fashion. Also pro-
posed methods reduce time the model generated.

Final application is to discover knowledge from textual data in various sources
for quality management. We propose a novel framework for analyzing Korean and
English mixed documents. Unsupervised NLP methods are the efficient tools to
extract words and convert them to structured data. This enriches data explo-
ration and analytics. By our methods, the company can figure out current quality
levels more accurately compared to conventional KPIs calculation.

6.2 Future works

We plan to construct machine learning models able to find abnormal engines
earlier than proposed framework. To order to achieve this, the relevance between
engine quality and features from the manufacturing data are deeply searched.
Before finding the relevance, other datasets in the whole manufacturing process
of engines should be searched and integrated. After that, various feature selection
and extraction methods should be applied to integrated data. Candidate dataset
is a history of part production which comes from other companies. Through this
process, the performance of anomaly detection models can be improved.

Also, proposed unsupervised word extraction method can be improved. In our
study, some post-processing methods are used the hand-crafted dictionary. We
plan to identify frequent n-grams automatically and improve the performance of
taggers.

Processed textual data will be analyzed in various angles. Association rule
mining, which is one of data mining techniques, can be used to derive associations
between frequenly occuring defect problems in a particular product. In addition,
a defect freuency prediction model considering seasonality can be performed on
time series data. Through the Holt-Winter filtering method, which is a traditional
method, we will be able to predict future defect frequency trends based on defect
frequency trends over the past three years. And we will compare the actual flaw
frequency with forecasted flaw frequency to detect outliers.
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[34] S. Garćıa, J. Luengo, and F. Herrera, Data preprocessing in data mining.
Springer, 2015.

[35] U. Dayal, M. Castellanos, A. Simitsis, and K. Wilkinson, “Data integra-
tion flows for business intelligence,” in Proceedings of the 12th International
Conference on Extending Database Technology: Advances in Database Tech-
nology, pp. 1–11, Acm, 2009.

[36] R. Hull, J. Su, and R. Vaculin, “Data management perspectives on business
process management: tutorial overview,” in Proceedings of the 2013 ACM
SIGMOD International Conference on Management of Data, pp. 943–948,
ACM, 2013.

[37] C. Goble and R. Stevens, “State of the nation in data integration for bioin-
formatics,” Journal of biomedical informatics, vol. 41, no. 5, pp. 687–693,
2008.

73



[38] M. J. Cafarella, A. Halevy, and N. Khoussainova, “Data integration for
the relational web,” Proceedings of the VLDB Endowment, vol. 2, no. 1,
pp. 1090–1101, 2009.

[39] K. Krishnan, Data warehousing in the age of big data. Newnes, 2013.

[40] K. Girotra, C. Terwiesch, and K. T. Ulrich, “Idea generation and the quality
of the best idea,” Management science, vol. 56, no. 4, pp. 591–605, 2010.

[41] P. Trott, “The role of market research in the development of discontinuous
new products,” European Journal of Innovation Management, vol. 4, no. 3,
pp. 117–126, 2001.

[42] L. Witell, P. Kristensson, A. Gustafsson, and M. Löfgren, “Idea generation:
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국문초록

데이터 통합이란 여러 소스로부터 발생하는 다양한 종류의 데이터를 결합하는 작

업을 의미하며, 이를 통해 데이터 이용자들에게 일정하게 통합된 뷰를 제공하는
것이목표이다.이학위논문에서는데이터분석가와마이너의입장에서기계학습,
데이터마이닝 모델의 입력 데이터로 이용하기 위한 통합 데이터 마트를 생성하기

위한 데이터 통합에 초점을 두고 있다. 이러한 목적으로 데이터를 통합하는 과
정에서 일반적으로 세 가지 유형의 문제를 만나게 된다. 첫 번째는 어떻게 멀티
소스로부터 발생하는 데이터를 통합 및 분석할 것인가, 두 번째는 다양한 형태의
비정형데이터를기존정형화된데이터와어떻게통합및분석할것인가,마지막은
비즈니스 프로세스로부터 발생하지 않은 외부 데이터를 어떻게 기업 내부 데이터

와 통합 및 분석할 것인가이다. 이러한 문제를 해결하기 위해서 기업은 몇 가지의
기술적, 경영적 이슈를 고려하고 해결해야만 한다. 이러한 컨셉을 증명하기 위해,
본 학위논문에서는 제조 과정과 관련된 세 가지의 실제 비즈니스 애플리케이션

문제를소개하였다.최근많은제조기업들은그들의프로세스로부터추출한지식
을 매우 중요한 자산으로 인식하기 시작하였다. 그러므로 이 기업들은 자신들의
프로세스와 환경을 잘 설명할 수 있는 데이터를 잘 정의하고 수집해야하며, 이
데이터를 분석하여 지속가능한 지식 모델을 구축해야 한다.
첫 번째 애플리케이션은 신제품 개발 프로세스의 가장 초반 단계에서 온라인

소셜 미디어 데이터를 활용하여 사용자 시나리오를 셍성하는 것이다. 이 애플리
케이션에서는 전략적 키워드 탐색을 통해 트윗과 블로그 포스트의 텍스트로부터

사용자 니즈에 부합하는 컨텍스트들을 도출하였다. 이러한 컨텍스트를 기반으로
도메인 전문가들은 목표 제품의 새로운 특성과 기능을 구상하는 사용자 시나리

오를 쉽게 생성할 수 있다. 이러한 시나리오를 평가하여 온라인 소셜 미디어로도
기존의마켓리서치등의방법들보다더유용한시나리오를발굴할수있다는것을

보였다.
두 번째 애플리케이션은 제조, 검사 및 애프터서비스 데이터를 통합하여 초기

엔진 고장을 감지하는 기계학습 모델을 구축하는 것이다. 대부분 이러한 유형의
데이터는 독립적인 부서, 심지어 다른 회사에서 관리되는 경우가 많다. 고객이
인지하는 품질ㅇ과 관련된 결함을 갑지하기 위해 데이터 통합은 매우 중요하다.
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또한 이러한 데이터는 잘 관리되고 있는 공정이므로 고장난 제품이 정상 제품보

다 월등히 적다. 이러한 범주불균형 데이터를 모델링하기 위해 단일 클래스 분류
알고리즘을 사용하였다. 다중 차원의 시계열 데이터를 처리하기 위해 symbolic
aggregate approximation (SAX)알고리즘을사용하여데이터를주요구간들로분
할하였다. 이후, 이진 유전자 알고리즘 기반의 래퍼 접근을 이용하여 최적의 변수
부분 집합을 찾는 과정을 거쳤다. 최종적으로 고장 가능성 점수를 각 제품의 제조,
검사 데이터를 이용하여 도출하는 모델을 구축하였다. 실험 결과 제안된 방법이
결함이 있는 엔진을 선적하기 전에 높은 확률로 검출할 수 있었음을 입증하였다.
마지막 애플리케이션은 다양한 출처의 텍스트 데이터로부터 지식을 발견하는

것이다. 많은 기업들이 KPI (핵심 성과 지표)를 관리하는 중요성을 알고 있음에
도 불구하고 대부분의 품질 활동은 특성 또는 양적 가치를 분석하여 수행한다.
그러나 이러한 방법은 고객의 시각과 정확한 결함을 이해하는 데 한계가 있다. 이
연구에서는 단어 사전 확장을 위한 새로운 능동 학습 프레임 워크를 제안하였다.
이 프레임 워크에서, 한국인에게 적합한 비지도학습 기반의 자연 언어 처리 방법
이 데이터에 적용됩니다. 결과적으로, 제안된 프레임 워크는 도메인 특정 사전을
비지도 계열의 방법으로 구축할 수 있음을 입증하였다.

주요어: 다중소스 데이터, 비정형 데이터, 외부 데이터, 기계학습, 데이터 통합,
제조 프로세스, 신제품 개발, 품질 관리
학번: 2008-21201
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