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Amayopedetal 1 avIypoen, arobnKevon Kot S10voun TG Tapovcag Epyuciog, £ OAOKANPOL 1 TUN-
LOTOG VTG, Y10 EUTOPIKO oKomd. Emttpénetar n avotdnmoT, amwodnKeuon Kal S1avoun Yo, oKOTo
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KEPOOOKOTIKO GKOTO TTPEMEL VO, AELOVHVOVTOL TPOG TOV GLYYPAPEQ.
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KoL 0gv TpEmeL va epunvevdel 6Tl avtimpoownevovy 11§ enionues 0écelg Tov EBvikov Metodfiov
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Abstract

The complexity of modern industrial processes and the constant innovations in production mon-
itoring technologies and data collection, strongly outline the need for advancements in production
data analysis. Data Mining is a rapidly growing field, aiming in understanding data and extracting
previously unknown information, with the use of Machine Learning techniques, in order to optimize
production.

Our cooperation with Johnson & Johnson, enabled us to obtain and explore real case production
data. The exploitation of them focused on two distinct goals. The first one was the visualization of the
data and the graphical representation of all variables characterizing the mixing process, for an improved
data overview. The second one was the Machine Learning algorithms’ modification and application
on the properly pre-processed production data, to look into the possibilities of these techniques in the
enterprise space.

Machine Learning, by definition, sets to represent data as objects in space, utilizing labels and
distances between them. In this direction, data were grouped into objects and vectorized with various
techniques. Classification and Clustering algorithms were parameterized and implemented, investi-
gating unique attributes of the provided data. Distance calculation methods for each algorithm were
examined in depth, and each experiment was assessed through different evaluation metrics, in order to
examine the performance of the algorithms and the result’s accuracy, compared to the initial data. Our
conclusions indicate that Machine Learning can drive important business decisions, through process
quantification, and further research can be done in each specific case.

Key words

Machine Learning, Variable Length Classification, Categorical Time Series, Manufacturing Process,
Transition Matrix






IHepiinyn

H moAvmhokotnTa TV cOYYpOoveVY PLOUNXOVIKGY SIEPYOCIOV KOl 01 GUVEXELS KOVOTOWIEG OTOV
TOUEN TV TEYVOAOYLDV TOPAKOAOVONGNG TG Tapay®YNG Kot TG cVALOYNG dedopévay, tovilouv
£VTova TNV ovayKkn yio Tpdodo GToV TOpEN avaAvong dedopévev tapoywyns. To Data Mining givan
€vag ToYEMG AVOTTUGGOUEVOS TOHENS, EXEL OG KVPLO GTOYO TNV KOTAVONGT dedoiévav Kot Trv eEaymyn
TPONYOVUEVOC AYVOOTNG TANPOPOPING, LLE TN XPNON TEXVIKOV UNYOUVIKAG HLAOnonge, e otodyo
BelticTonoinon ¢ mapoywync.

H ovvepyasio pog pe tnv Johnson & Johnson, pag édmoe t dvvatdtnta va eEgpevvicovpie ded0-
HEVO TOPOY®YNG LLOG TPOYLOTIKNG Tepintmong. H avdAivon tovg entkevipmbnke o 500 S1apopeTikong
61oY0Ve. O TPAOTOC NTAV 1 OTTIKOTOINGT TOV SEGOUEVOV KOL 1] YPOPIKN TOPAGTACT] OA®V TOV LETO-
BAntdv Tov yopaktnpifovv v Sadikacio avapiEng, yio va £xovpe pio BEATIOUEVN EXGKOTNGT TOVG.
O de0TEPOG NTOV M TPOTOTOINGN Kol EPAPLOYN aAyopiBpmv Mnyavikig Mdbnong, ota KatdAAnio
po-emeepyacuéva dedoUEVO TG TAPOY®YNG, KaBdG emiong kal 1 e£€Taon TV SVVATOTHTOV TOV
TEYVIKOV QLTOV GTOV Ydpo TG Blopmyaviag.

H Mnyavikiy Méfnon, € opiopod, 6EAeL pio avTITPOCOTELCT) TOV JESOUEVMOV (O AVTIKEILEVA
GTO YMPO, XPNOULOTOIDVTAG TIG ETIKETEG KOL TIG OMOGTACELS HETAED TOVS YO VO TOL OVOADGEL X€
ovTn TNV Katevduvveon, ta dedoUEVE. OLLASOTONONKAY GE AVTIKEILEVO KOl SLOVUCLATOTOMONKAY LE
dtapopeg teyvikég. Alyopiduot Classification kot Clustering TopaperporomOnkay kot vAomomonkay,
Yo TN SIEPEVLVNON LOVAIIKDV YOPUKTNPLOTIKOV TOV TapeYOUevmV dedopévov. Emmpdcdeta, pébodot
VTOAOYIGHOD 0T0GTAGEWMV Y10 KAOE adyopOpo eEetdotnray o Pdboc, Kot kibe meipapo extundnie
YPNOLOTOLDOVTAG SLOPOPETIKES HEBODOVG 0ELOAGYNONG, TPOKEIEVOL Vo, EEETOOTEL I 0mddooT TV
oAyopiOuwv kot 1 akpifela ToL ATOTEAEGHATOG, GE GUYKPLON LE TO ap)LKi OE60UEVQ.

Ta ovumepdopatd pag deiyvovv 0Tt ot adydpiBpor Mnyavikng Madnong puropovv va a&tomombodv
Ko va fonficovv 6to va TapBovv GNUAVTIKES EXLYEIPNLOTIKEG OTOPACELS, LECM TNG TOGOTIKOTOINONG
TOV TOPAYOYIKOV S1adIKACIOV, KaBDC emiong, mepaittépw £pguva pmopel va yivel o€ Kabe eEe1dtkevpévn
nepinTmon.

A&Eeg Khewoa

Machine Learning, Variable Length Classification, Categorical Time Series, Manufacturing Process,
Transition Matrix
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Evyoaprotieg

Agdopévov 611 avti 1 Amhopatikny Epyacia, épyetar 6to t€hog g, Bupopacte 6A0vG ekeivovg
TOVG 0vVOPMOTOLE TTOL Lo BoriOncay va TpaypatonomBel Kot aoBavopacTe TNV avayKn vo, EKEPAGOVLE
TNV EVYVOUOGUVT] LOG O 0LTOVGS, KOOMG 1 epyocio avtn dev Ba eiyxe mpaypatomombel ywpig v
KkaBod1ynon Kot vTooTNPIEYN TOVE.

®a 0éhape va suyapilotioovie OAa ta LEAN Tov Epyactnpiov YTOAOYIGTIKOV Z0GTNUATOV TOV
EBvikov Metaoprov TTodvteyveiov tng ABnvag, wiaitepa tov Kabnynt k. Kolopn mwov pog epmoted-
TNKE Y10 Vo, avaAdPovE Eva TOGO GUVOETO £PYO, LIE TI GUUUETOYN TOAADV EVOLUPEPOUEVOV LEADV.
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nTov 0 MiydAng AvyovAng o omoiog pag £pepe o€ emaen pe tv Johnson & Johnson Hellas, mapéyovtdg
LLOG TTPOLYLLOTIKG OEOOUEVEL TOL OTTOT0L Kol AEIOTOGOLLE Y10l VO OVTIHETOTICOVUE VO TPAYLOTIKO GEVAPLO
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Kepaiaro 1

Introduction

1.1 Data Analysis in Manufacturing

Modern industrial systems and processes have become very complex. The information technologies’
development, and the application of high - performance computers in all branches of an industrial
procedure, result in a vast amount of data being produced continuously. An industrial process is
being monitored by different sensors at various times, frequencies and resolutions, thus having an
increasing complexity in all of its stages, and standing as a challenging problem for nowadays scientific
disciplines. The technological advancements have improved production in all its aspects, yet they have
made processes complex and nonlinear anymore, so it is rather hard, or impossible, to gather precise
and direct information from measurement equipment only. Classical Analysis methods need to become
more advanced, in order to lead the process effectively, and new techniques need to be integrated into
old production methods or even replace them. [10]

In this direction, industries adopt and develop data analysis and exploitation strategies, in order
to increase production quality, process security and human safety. This approach is not new, as
computational and business intelligence ideas are being implemented since early 70s, including the
application of artificial neural networks and predictive and adaptive system control, in an attempt
to help human operators in a production line, and, if possible, eliminate them. This is where data
mining comes to the spotlight, as a way to extract valid, previously unknown and comprehensible
information from a process, and use it to make important business decisions. Like schematic drawings
and mathematical equations were formerly used, to gain insightful knowledge, monitor, understand
and optimize procedures, data analysis methods play a similar role, enhancing and boosting currently
applied ones. The multidisciplinary nature of the field, which incorporates, between others, machine
learning, image processing and statistics, aims in detecting regularities and patterns, invisible to humans
or other analysis’ methods.

Industries have the ability to use historical process data, identify relations among discrete process
steps, as well as the determinants of a procedure’s performance, and then optimize the factors that prove
to have the greatest effect on production. The same rules apply when real - time data are examined,
where more complex techniques should be developed, yet the immediate analysis provides the ability
for short- term planning and actions, crucial to the improvement and effectiveness of the procedure.
Visualization techniques are a crucial tool for pattern detection and prioritize data collection, as they
are widely applied here to enhance the result, with the use of distribution graphs and clustering diagrams.

These needs and possibilities were the starting point of the current thesis, which begun as an attempt
to identify production monitoring’s problems and systemize data analysis and exploitation.

1.2 Problem Motivation
The multinational production environment of Johnson & Johnson Hellas fits in as an ideal field
to experiment and implement all of the above. From the initial conversations, the interest from both

sides regarding the project was high. The field of data analysis is vast and the applications in such an
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environment are tremendous.

In this plant, each production line consists of many machines, a really important is the vessel in
which the mixing takes place. In contrast with other production methodologies, this plant produces its
products in a batch manner. This means that in each vessel, a great variety of products can be made,
depending on the demand of the market. Mixing is a crucial step of production, because this is the part
where the main product is made. As it will be explained in the next chapter in more detail, this vessel is
being monitored and controlled by a PLC (Programmable Logic Controller), of which the raw output
is the data-set provided to us.

The first need that was communicated to us, was that of the visualization of the production data.
The data were logged on a daily basis, but there was no further analysis and utilization of them.
Implementing a graphical depiction of data enabled us to have a better understanding of it and proceed
with Machine Learning techniques.

The second one had many sub-goals, which included the assessment of the mixing process and
the comparison towards a golden standard, having always in mind the optimization of the production
process. Each product has the same very strict quality limits which are easily tracked through chemical
analysis of the final product. The part, which is difficult to be measured and evaluated, is the execution
of the recipe, while making a certain product. This is particularly interesting, because all the products
produced, are within the quality limits, but there are no two identical time-series of actions. To provide
an order of magnitude, each batch is completed in around 400 actions.

In order to be able to present a case of evaluating and comparing procedures, we proceeded with
classification and clustering methods. We believe that this was a great first step of evaluating and
experimenting on how data-series could be converted and used in machine learning implementations.

The main challenges, which derived during the process of utilization of the given data-set, were
the following:
e Data Cleansing

The provided data-series from the PLC were almost perfect from an integrity point of view. On
the contrary, the logged data of each vessel were written by humans, which made them pretty
inaccurate.

e Feature Selection

In the data-set, for any given moment we had information from 17 different variables, regarding
the state of the vessel, which increased their correlation complexity and made it difficult to come
to a meaningful conclusion, just by observing their values.

e Unequal length series comparison

One of the most complex problems we had to overcome was the comparison of unequal length
data-series. Each batch consists of actions, represented by their codes (MsgNum) in our data-set.
Due to the fact that two same products can be produced by different actions, variating in sequence
of actions and in their total number, the comparison could not be done one-to-one.

e Distance Evaluation

Most of the implementations of Machine Learning Algorithms manipulate elements that have
a vector of attributes. We needed to decide on the elements, of which the distance we would
calculate for each application, and also use the proper metrics for our data.

1.3 Proposed and Implemented Solutions

In orer to tackle the above defined challenges and make best use of the given data, we followed the
steps stated below, which form our solution:
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e Pre-processing and Data cleansing:

Combining the initial PLC dataset and the human-logged data of each process, and, based
on known company internal rules, we grouped separate actions together, to create objects
representing an independent procedure that takes place. This was either a Production or Cleaning
Process. We decided to only use one of the variables of the data in this direction, the Message
Number (MsgNum), as, after a few experiments, we concluded that it was the best and simplest
approach, which eliminated all complexity due to the large number of process variables.

e Visualization:

A visualization tool was implemented, to depict all different variables and their values with time,
in order to create a graphic and interactive display of the initial data. This was an approach to
better understand and correlate the data, and observe probable visible patterns of the initially
unmanageable and incomprehensible consecutive timeseries.

e Unequal length series comparison:

We cast out the time relevance of the actions. This was done, because of the repeatability of
them and the fact that many of the actions can be performed in consequent iterations, without
interfering with the outcome. Having that in mind, our initial approach was to create a normalized
frequency vector for all the messages in a batch. Yet we decided to include more information
from the initial dataset. The final approach was to construct a normalized transition matrix for
each batch. Each cell of this matrix indicates the probability of transitioning from one message
code to another. To state it in a simple manner, cell[A][B] indicates the probability of executing
the action B after the action A. This approach turned to be really useful and helped us through
the Machine Learning part.

e Distance Evaluation:

A few methods to calculate distance between different 2D objects (matrices) was designed and
implemented, in order to compare the objects we created, and find their relative distance. The
first approach was to transform the matrix into a vector, and the second one was to create our
own distance method and apply the selected algorithms through that. This was implemented for
many known distance metrics (Euclidean, Cosine, KL- Divergence, KS-Test, Infinity Norm) and
was further used in the Machine Learning algorithm’s application. As our experiments evolved,
we observed great differences in the results, depending on the distance method we had chosen.

e Classification:

We experimented with two Classification algorithms on the Production objects created after the
Data pre-processing, Nearest Centroid Classifier and k- Nearest Neighbours Classifier. Each
Product has different attributes (Product Group, Product Cleaning Group it belongs to), already
known from the previous labelling, thus the classification was performed on these characteristics.
The distance of the objects, needed for classification, was a variable in each execution. For the k-
NN algorithm, the value of k was also a parameter examined. The data were trained and a testing
data set was used to identify the performance of the training procedure, which was measured by
two metrics, Accuracy and Kappa Coefficient. The experiments gave interesting results, with
performance measurements of a maximum 85%.

o Clustering:

We customized the k - Means Clustering algorithm, and based again on the Production objects’
different attributes, we assigned them to different clusters. The parameterization of the algorithm
focused on two things, the selection of the initial centroids and the proper distance metric
between the data objects used for clustering. Two metrics were utilized in the evaluation of the
experiments, V-Measure and Rand-Index, and the performance of them proved to be quite poor,
with a maximum score of 35%.
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1.4 Thesis Structure

In Chapter 2, we define the problem we will work on, with all its different parameters, describe all
steps taken towards data processing and understanding, and present the data visualization tool created
for the purposes of J&J company from the production data.

In Chapter 3, we focus on the theoritical background needed for our Data Mining and Machine
Learning applications. We define the above concepts, and analyze those of Classification and Clustering,
focusing on the algorithms used in the current work. We also present the concepts of Distances and
Evaluation in Machine Learning and metrics and techniques used for these purposes.

In Chapter 4, we present the Implementation of our solutions. Classification and Clustering are
analytically parameterized and explained, as are Distance and Evaluation metrics applied in the
experiments executed.

In Chapter 5, we present the results and diagrams from the experiments run for all Classification
and Clustering algorithms, for different initial setups, and their implementations.

Finally, in Chapter 6, we summarize our conclusions from the results, and refer to issues we did
not have the chance to work on and which could be regarded as future work.

20



Kepaiaro 2

Data and Problem Description

In this Chapter, we describe all characteristics of the industry problem we deal with in the current
thesis, and the initial steps we took in order to utilize the production data provided to us, in an effective
way.

In Section 2.1, we first describe the mixing process we are focusing on, by giving its most significant
points. Then, we present all the parameters in the initial dataset, with a screenshot from it for better
understanding, and we shortly define the steps followed in its processing and the main challenges
tackled.

In Section 2.2, we describe the pre-processing techniques applied, which are divided in three categories,
Flattening, Labelling and Object Creation.

Finally, in Section 2.3, we analyze the way the dataset was depicted graphically and present the
visualization tool we created for the purposes of the company.

2.1 Problem Description

In this Section, the main parameters and variables of the problem will be presented.

2.1.1 Case Description

The case we studied is a real-life problem. The data have been provided by Johnson & Johnson
Hellas, specifically, the data which were used in the Machine Learning Section, are from a single
Vessel which is used in the batch production line of a certain factory in Greece. Each Vessel is used
for a specific number of actions and can produce a great variety of products. We present below more
details for each element.

e Vessel

This vessel has some automation mechanisms but most of the processes are being executed by
the operator. There is no use in pointing exactly which the automated functions are and which are
being executed by the user. The total data set, explained, can be found in the next sub-section.

e Mixing/Production

The main function of this vessel is the mixing of different materials in order to produce a certain
product. The products vary from lotions to oils and creams. Some standard materials are being
provided by a network of fluids and other, more rare, are being imported by hand by the operator.

e Possible Actions

The possible actions which can be performed are: Mixing, Heating, Cooling, Import of Fluids
from the network, Import of materials by a trap door, Creation of vacuum pressure. Many of
them can be performed at the same time, for example, mixing while heating.

e Recorded Values
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As it will be described in the following subsection, the actions which were performed, are stored
by a PLC as a time-series of messages with the appropriate measurements and time-stamps.
There is one special characteristic regarding the format of the output CSV, which is the following.

A set of values is being recorded only at the time of a specific action. For every variable we
have two values, one is the actual, measured, value of the respective attribute and the other is
the Set-Point of the attribute. Meaning that at the time that the Heating process has started, we
have two values of temperature. The one is the measured, ex. 50, 87 and the other is the goal of
the heating process, ex. 75. Those two sets are represented in the initial excel with two different
rows. Most of the time it is easy to distinguish them, because Set-Point rows have mostly integer
values, in contrast to the measurements, which have decimals.

2.1.2 Dataset Description

This is a really important part of our thesis, which is going to help the reader better understand
the data pre-processing section. The data-set which was provided to us, is a raw output of the PLC
controlling this particular vessel. The format is CSV and the data, which were used in the Machine
Learning part, represent the total data from a whole year.

e Data-Set Information

Format: CSV

Time period: 16/02/2015 — 13/02/2016
Rows of Data: 132005

Filesize: 25M b

— Attributes (Columns):

StateAfter

MsgNumber
Temp

Pressure
Agitation]
Agitation2
Homogen
Pump Power
Raw Meterials

* K K X KK K X K X

TimeString

e Screenshot from the initial CSV

A B C D E F G H I J
1 |StateAfter MsgNumber Temp Pressure Agitationl Agitation2 Homogen Pump Power Raw Materials TimeString
2 1 552 78.62 0 14.34028 2475579 a 0.8101852 16.02.2015 09:41:08
3 1 564 78.62 0 14.84028 2475579 a 0.8101852 16.02.2015 09:41:08
4 1 553 75 -500 15 30 750 60 16.02.2015 09:41:08
5 1 565 75 -500 15 30 750 60 16.02.2015 09:41:08
6 1 552 78.89 1.15741 14.84028 24.75579 1] 0.8391203 16.02.2015 09:43:39
1 1 564 78.89 1.15741 14.84028 24.75579 i} 0.8391203 16.02.2015 09:43:39
8 ] 553 75 -500 15 30 750 60 16.02.2015 09:43:39
9 ] 565 73 -500 15 30 750 60 16.02.2015 09:43:39
10 1 522 50.715 1.15741 6.534722 25.62182 a 0.8101852 21.20999 16.02.2015 10:25:43
11 1 523 75 -500 15 31 750 60 500 16.02.2015 10:25:43
12 ] 536 77.1 0 14.83333 2477691 ] 0.8101852 16.02.2015 10:25:43
13 o 562 77.1 0 14.83333 2477691 1] 0.8101852 16.02.2015 10:25:43
14 1 537 75 -500 15 30 750 60 16.02.2015 10:25:43
15 1 563 75 -500 15 30 750 60 16.02.2015 10:25:43

Xymqpa 2.1: Initial Data-Set format in CSV format
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e Explanation of important data-set variables

— StateAfter: This variable can be either 0 or 1. When the value is 1, it means that the action
corresponding to the message number is starting. When it is 0, the process is ending.

— MsgNumber: Through a mapping file we can map the message numbers to specific actions
performed in the vessel. For example, some of the messages and their meaning can be seen
below.

A B
500 ANAKYKAOQDOPIA AMO MANQ
501 ANAKYKAO@OPIA AMO NMAND ( Set Points )
504 AAEIAZIMA ZETNT
505 AAEIAZMA ZE TNT ( Set Points )
522 EIZATQOMH AMIONIZMENQY NEPOY
523 EIZATOMH ANIONIZMENOY NEPOY (Set points )

PR = IR B SRR T I

Xyfqpa 2.2: Example MsgNumbers

— TimeString: This is the time-stamp, down to seconds accuracy, at the beginning or end of
each action.

e Splitting

Having a continuous time-series of action messages did not provide us any information regarding
the beginning and end of each batch. This was an important step, that enabled us to apply the
Machine Learning techniques, as explained in the Implementation Chapter.

The splitting of the data-set into ”chunks” was done by applying certain rules that were explained
to us by senior members of the production management department.

e Labelling

Another really important step of the process was the Labelling of the data-set. In the initial
data-set there was no information regarding the product that was being produced at any given
moment. In order to label the splitted chunks, two files were provided to us.

The first one was the logging file of the operators, where each one submitted the end time and
the product code of each batch. The second one was a mapping file, which enabled us to retrieve
based on the product code, two crucial elements of our analysis, the Product Cleaning Group
and the Product Group.

Those two categorizations will play a major role in both classification and clustering.

— The Product Cleaning Group consists of 5 groups and all the products belong to one of
them. The exact distribution can be seen on Figure 8.3

— The Product Group is a different categorization which consists of 12 groups, like the
previously mentioned, all products belong to one of them. The exact distribution can be
seen on Figure 8.4
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Product Cleaning Group Distribution
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Xyfpa 2.3: Product Cleaning Group Distribution

Product Group Distribution

60.0%

50.0%

40.0% 37.7%
30.0%
19.6%
20.0%
14.2%
10.0% 6.8%
o 5.3%
. 43% o L% I 2.8% 07% 2.8% 3.9%
4% . - 7%
0.0% [ - - — - [
Aveeno  Apple cream Facial Foamer  LPM Doudou NTG Body Picsou C  Saphir Lotion Shampoo SN Wash / Sprays T-Gel
Lotion Washes Wash OKO Cream

Yympa 2.4: Product Group Distribution

2.1.3 Definition of sub-Problems

Two of the most important problems we faced, and tackled, were the following.

e Variable selection

The initial data-set provided us many variables to work with. After some first tests we decided
to move forward utilizing only the message number. In Section 6.2 we mention that a great deal
of work can be done in the sector of exploring Machine Learning Techniques using different
variables or combination of them.

o Comparison of non-equal length data-series

As one understands, each batch can be produced by different combinations of actions. This is
due to the fact that each operator can fine-tune the process according to his beliefs. Each process
consists of around 400 messages, the instructions that are being provided by the chemists of the
company are not so detailed and the materials used have some tolerance limits. Those factors
alow the operator to take initiatives in the production process of each batch.

This characteristic of the process makes every batch unique, regarding the length of the time-
series and the exact order of the actions. As it will become clear in Chapter 4, the compared
elements must have same number of attributes in order to be classified or clustered. The idea
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we implemented is to construct a transitions matrix for each chunk. This matrix has always size
M x M, where M is the number of unique message codes, which is the same for every batch.
In our case, M = 45.

2.2 Data Pre-Processing

In this section all the methods used for data pre-processing will be analyzed. The role of this part
of the thesis is to clean the initial data-set and bring it into the proper format in order to be easier to
visualize the data-set as well as to apply the Classification and Clustering techniques.

2.2.1 Flattening - Cleaning

As explained in subsection 2.1.1 the data come in pairs of measurement and Set-Point, so we
developed a flattening procedure in order to have one row for each action, containing both all the
measurements and all the set-points. Alongside, we cleansed the data from test values that were entered
by operators.This part was done in order to help the visualization process.

2.2.2 Labelling

As previously mentioned, Labelling was an important and necessary step, because through the
labels we were able to evaluate the performance of both classification and clustering.

The files we used in this step were three: the logging file from the operators, the mapping file
between product codes and product attributes , and the chunk series containing all the initial data,
splitted into chunks.

The first step was to assign the proper attributes to the chunks found on the log file. This was easy,
because we had the unique product code from the log file, and retrieved all the necessary information
from the mapping file. The only problem found was the rare case of some typos in the production
codes, as found on the log file, which did not enable us to find its attributes. The attributes retrieved
were the Production Cleaning Group and the Production Group.

The second step was to assign the products as seen in the log file with the chunks from the initial
data-set. While the task seemed easy to undertake, it proved to be more demanding than expected. The
way that this assignment was done, was to find the end time of a certain batch in the log file and then
locate, in the data-set, the chunk which had the nearest end time. Three were the main problems in this
procedure.

e The inconsistent way the time-stamps were inserted in the log file. This is a process executed by
hand which means that there were a lot of typos and non-usable information.

e Because the splitting of the initial data-set was done by non-perfect rules, some chunks were
merged together and others split into two.

e The inconsistency between the two lists. In order to make the assignment we implemented an
algorithm, which assigned the labels to the nearest chunk. Because many outliers were found,
we decided to use, for the Machine Learning part, only the chunks which had a time difference
of less that 7 hours, between the end time found in the log and the one found from the data-set.

2.2.3 Object Creation for Machine Learning

The last step of the data pre-processing was to construct a new data-set containing the previously
labeled chunks in a usable format. We decided to create the Chunk class and make each batch an
instance of this class. When all of them were converted, we stored them in a json file, for easier access
and to ensure integrity of our procedure.
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e Chunk Class description

I class Chunk(object):

2

def __init_ (self, **entries):
super (Chunk, self)._init_ ()

#The start time of this chunk as found on the initial data—set
self.start_time = None

#The end time of this chunk as found on the initial data—set
self.end_time = None

#The chunk_type can be either "Production” or ”“Cleaning”
self.chunk_type = None

#The product code as found from the log file.
self.pr_code = None

#The end time as found from the log file
self.pr_logged_end_time = None

#The following attributes were found from the referance file through the
production code

self.pr_name = None

self.pr_group = None

self.pr_cl_group = None

#This is used for both classification and clustering

#This attribute is set to the name of the class/cluster it belongs
#and is being evaluated at the end of each experiment

self.cluster = None

#If this chunk represents the center of a cluster,
#this variable is set to its name
self.name = None

#This is the Transition Matrix of this chunk
self.TM = None

#This function is used by create_TM in order to initiate the Transition
Matrix
def init_TM(self, num_msgs):

self.TM = [[0 for _ in range(num_msgs)] for _ in range(num_msgs)]

#This function creates the Transition Matrix of the chunk

#Given the message sequence and a message dictionary

#1)intialises the Transitions Matrix

#2)for each transition from message A to message B increases by 1 the

respective cell

#3)normalises the matri by row

def create_TM(self, msg_sequence, msgs_dict):
self.init_TM(len(msgs_dict))
cur_msg = msg_sequence[0]

for 1 in range(len(msg_sequence)—1):
past_msg = cur_msg
cur_msg = msg_sequence[i+1]
self.TM[self.msgs_dict[past_msg]][self.msgs_dict[cur_msg]] += 1



for row_id, row in enumerate(self.TM, 0):
54 row_sum = sum(row)*1.0
self.TM[row_id] = [0.0 if row_sum == 0.0 else cell/row_sum for cell
in row]

Listing 2.1: Chunk Class Implementation

e Chunk List creation and export to JSON

Each chunk found in the initial splitted data-set, was converted into a chunk object. The
chunks are of two main types “cleaning chunk” and “’production chunk”. As one can see in the
implementation of the chunk class, certain attributes were filled during the creation of each
object, and others left blank for further use. One of the most significant attributes of the chunks
is the Transition Matrix, which was created from the action message sequence of each chunk,
after that was split from the initial data set.

Once all the message sequences were labeled and converted into chunk objects, we saved that list
in order to have a solid data-set for our further experimentation and not to waist time re-running
the algorithms. The output was a JSON file, which proved to be very useful later on.

2.3 Data Visualization

In the initial conversation with Johnson & Johnson, it was clearly communicated that a crucial
need for them, was the ability to visualize the data from the production process. This task was very
difficult and sometimes impossible through the raw output, due to the fact that each batch might be
composed from up to 800 rows of data. For this purpose, we created a visualization tool, to graphically
display and associate all data variables provided. This tool is already in use and has been proven very
helpful in monitoring the production process.

2.3.1 Infrastructure and methodology

The visualization of data variables was implemented in charts with the use of a Javascipt Library.
We combined various chart features to create and customize our visualization tool. In order to achieve
the visualization of the raw data file, many steps had to be completed.

The steps that the user has to do are, the upload of the CSV file and the beginning of the pre-
processing application from the Landing page of the Tool, as seen in the next figures 8.5 . This interface
was created with PHP and HTML. From this step on, the process was automated and the user only has
to wait a couple of seconds before he is able to see and interact with the chart.

The pre-processing begins with reading the input CSV file, the file is being cleaned from missing
values and re-arranged in a more suitable format for the visualization, as explained in flattening
Subsection 2.2.1. The previous part was implemented only with the use of Python. After the file is
ready in memory, it is stored in a database table. For this part we used the WAMP server, which enabled
us to have a mySQL database.

Once everything is ready and stored in the database, we prompt the user to go to the chart page. This
page is the end result of our visualization interface, made possible by Highcharts, with the appropriate
modifications from the initial templates. You can find more details and screenshots of the tool in the
next subsection.

2.3.2 Chart Explanation

e Description
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Our goal was to visualize all variables in one chart, so that one will be able to view all correlations
and dependencies between them, choose which ones to depict in the charts and hide the others,
and obtain information for all possible variable combinations. The chart provides the facility
of showing or hiding each separate variable, by clicking its name at the bottom of the screen,
which then displays or hides both the chart and its respective values’ vertical axis. Moreover, the
user can zoom in the specific time frame he is interested in, either by typing the exact dates to be
drawn in the upper right boxes, or by choosing one of the options in the upper left corner, or,
finally, by moving the bar at the bottom of the chart accordingly. Mousing over the chart, at the
time points that were in the initial file, there appears a tooltip table, showing the information for
the current timestamp, meaning the variables and their values, and also the message with the
process description taking place at that specific time. We also added an extra variable, in the
form of flags, which is placed at the bottom of the chart and on mouseover displays the message
of the process that occurred at that moment. Some screenshots of charts viewable in the tool are
presented below.

Screenshots

Below can be found the previously mentioned screenshots, which can help the reader better
understand the tool we created for visualizing the data from the production process.

Visualisation Tool

NTUA Thesis Project in cooperation with Johnson & Johnson Hellas

Developed by:

5) The Log and an extra button will appear
on

6) Click on the "

Go to Chart” butt

Run Main Script
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Tyfqpa 2.5: Visualization Tool - Landing Page

This screenshot demonstrates the initial page of the tool, where the user can read the instructions.
When he has finished placing the file in the correct folder he clicks the ”Run Main Script” button.



Temperature

Temperature

Mixing Process Charts

Zoom 1h d All From | Jan 26,2016 | To |Jan 30. 2016
1207 s000 kg
100c s000kg
soc
soc
s0°c 2000k
20°¢ 1000Kg
L] L] L] L] L] L] L] L}
.
.
o< - - Kg
. . . - . - - -
0500 1600 27jan 1600 28 1000 1600 26 jan 1600 2000 30.an
™ ™, p Iy r* - Iy ~ =\ = o P e ey =
o\ r ™ e S / | n e r A
N S o N N e S Pt SN S R [ e (VR S L
Temp(Val)
™ Water Input  — Total Water

XyMpa 2.6: Visualization Tool - Temperature, Water - 4 days

In this screen, the user is interested in tracking the temperature and the total water in the vessel.
The time window is relatively large, it has an overview of 4 days.
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XyMpa 2.7: Visualization Tool - Temperature, Water - 1 day

This is the same screen as in the previous figure, except for the time window which, in this case,
is more narrow and displays only one day of activity.
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Xyfqpoa 2.8: Visualization Tool - Four Variables Correlation

In this screen, the user has enabled four separate graphs to be displayed, temperature, Pressure,
Agitation 1 and Agitation 2. Through this graph, the user can better understand the relation
between those variables during the mixing procedure.

Mixing Process Charts
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Tyfqna 2.9: Visualization Tool - Raw Materials Addition

One of the most important elements in the mixing process is the water addition. In this graph we
can see with purple squares the absolute water addition is each moment. With the red line we

observe the sum of all added water, till the moment it is drained from the vessel, where the red
line goes to zero.
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In order for the user to be able to examine the process in detail, we have implemented a tooltip
which includes all the values of the current active variables of the chart for any given moment.
The user can hover the mouse over the graph and see the exact values of each variable, along
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Yynpa 2.10: Visualization Tool - Action Message Presentation
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Yyqpo 2.11: Visualization Tool - Variable Values Presentation

1amag duing

As presented in the previous screenshot, in the box that appears aside of the measurements, all
the active variables can be displayed, enabling the user to have a crystal clear overview of each
moment of the process.
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Xympae 2.12: Visualization Tool - Values and Set Points

In this screenshot, the concept of set-points is being presented. The set-point is a value, set by
the user, which acts as a guide for the process. As one can see, the SP values are always ahead
of the measured ones.



Kepaiawo 3

Machine Learning

In this Chapter, we provide the theoritical background of all Machine Lerning techniques applied,
and their parameters, and define the concepts that are needed to understand the implementation methods.

In Section 3.1, we introduce the reader to the fields of Data Mining and Machine Learning, and
name the different categories they consist of, and the ones we will focus on in the current thesis.

In Section 3.2, we further define Classification Learning and its sub-categories, and analyze the
Instance-Based Learning techniques, specifically the k- Nearest Neighbour algorithm, which we apply
later on our dataset.

In Section 3.3, we describe the concept of Clustering, naming the groups it is divided into, and
dedicating the rest of the section to k- Means algorithm, as a Partitioning Clustering method, which
will be further implemented.

In Section 3.4, we explain the role of distance in the previously defined Learning Methods, and
analyze some important distance metrics.

Finally, in Section 3.5, we examine some Evaluation approaches and techniques utilized in Machine
Learning and theoritically describe the ones which will be further used.

3.1 Data Mining and Machine Learning

[11] [3] The process of discovering patterns in data is widely defined as Data DataMining. It is an
automatic or semiautomatic procedure, applied on substantial data quantities, in order to discover desired
kinds of combinations and obtain meaningful information. This pattern identification is extremely
useful, as it allows us to make nontrivial predictions on new data. [2]

[8] When patterns, that are mined, are represented in terms of a structure, that can be examined,
reasoned about and used to inform future decisions, the patterns are called structural, as they are
considered to capture the decision structure in an explicit way. Machine Learning is defined as a
collection of techniques for finding and describing those structural data patterns, a tool for helping to
explain the data and make predictions from it.

Data take then the form of a set of examples or situations, generally characterized as instances, and
the output of the process takes the form of predictions and sets of rules about new examples, under
given circumstances. So, learning can be considered as having two separate definitions: the aquisition
of knowledge and the ability to use it for further purposes. The thing to be learned is defined as concept,
and the output produced by a learning scheme is the concept’s definition.

In Data Mining applications, the learning procedures can be categorized in four different fields:

e Classification Learning, where the learning scheme is presented with a set of classified examples,
from which it is expected to learn a way of classifying unseen examples

e Association Learning, where any association among features is sought, not just ones that predict
a particular class value

e Clustering, where groups of examples that belong together are sought
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e Numeric Prediction, where the outcome to be predicted is not a discrete class, but a numeric
quantity

In the current thesis, two of the above methods will be thouroughly examined and applied on our
data, Classification and Clustering, which are more specific definitions for the two larger categories of
Machine Learning: Supervised and Unsupervised Learning.

3.2 Classification

The task of classification covers a wide range of human activity. In its broadest sense, the
term involves any decision or forecast made on the basis of currently available information, and
a classification procedure is defined as a formal method for repeatedly making such judgments in
upcoming situations. In more specific terms, the problem concerns the construction of a procedure that
will be applied to a continuing sequence of cases, in which each case must be assigned to a predefined
class, depending on observed features or attributes. [1]

Classification is called Supervised Learning, because, in a sense, the scheme operates under
supervision, by being provided with the actual outcome for each of the training examples. This outcome
is called the class of the example.

Some of the most urgent problems arising in science, industry and commerce, demanding complex
and often extensive data, can be regarded as classification or decision problems, such as the preliminary
diagnosis of a patient’s disease, whilst awaiting definitive test results, in order to select immediate
treatment, or the assignment of individuals to credit status on the basis of their financial and personal
information.

[5] Supervised learning is one of the tasks most frequently carried out by so-called Intelligent
Systems. A large number of techniques have been developed, which are nominally divided in the
following fields:

Logical and Symbolic techniques, such as Decision Trees and Learning Rulesets

Perception-based techniques, analyzed in Single Layer Perceptons, Multilayered Perceptons
and Radial Basis Function (RBF) Networks

Statistics, which include Naive Bayes Classifiers and Bayesian Networks

Instance - Based Learning

e Support Vector Machines

In the next section we will focus on Instance- Based techniques, some of which were applied in the
current thesis project.

3.2.1 Instance - Based Learning

[9] Instance - Based Learning algorithms are lazy-learning algorithms, as they delay the induction
or generalization process, until classification is performed. Once a set of training instances has been
memorized, on encountering a new instance, the memory is searched for the training instance that
most strongly resembles the new one. In other words, the known instances are being stored and new
instances, whose class is unknown, are being related to existing ones. Thus, all the real work is done
when the time comes to classify a new instance, rather than when the training set is processed, and so
the algorithms require less computation time during the training phase than eager learning algorithms,
but more computation time during the classification process.

The above procedure is called the Nearest-Neighbor classification method. The absolute position
of the instances within this space is not as significant, as the relative distance between them. Using
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a suitable distance method, which ideally minimizes the distance between two similarly classified
instances, while maximizing the distance between instances of different classes, the closest existing
instance is used to assign the new one to the class. Sometimes, more than one nearest neighbor is
used, and the majority class of the closest k - Neighbors (or the distanceweighted average, if the class
is numeric) is assigned to the new instance. This is termed the k - Nearest Neighbor method. The
selection of k strongly affects the performance of the k - NN algorithm and the result of the classification.

A pseudo-code example for the instance base learning methods is illustrated below. We consider
the setup as following: X : T'raining Data,Y : Class Labels of X, x : Unknown sample

k Nearest Neighbours(X,Y,x)
for i=1 to m do
Compute Distance d(X;,x)
end for
compute set [ containing indices for the k smallest distances d(Xj,x).
return majority label for Y; where i € |

3.3 Clustering

Clustering techniques apply when the instances are to be divided into natural groups and there is
no specified class to be predicted. These clusters presumably reflect a mechanism that causes some
instances to bear a stronger resemblance to each other, than they do to the remaining ones. They are
considered to be unknown and are inferred from the data, that is why Clustering is is also known as
Unsupervised Learning.

The groups that are identified may belong to one of the following different categories, based on the
nature of the mechanisms that are thought to underlie in the particular clustering phenomenon:

¢ Exclusive, meaning any instance belongs to only one group
e Overlapping, as an instance may fall into several groups
e Probabilistic, because an instance may belong to each group with a certain probability

e Hierarchical, as a rough division of instances into groups at the top level and each group refined
further, perhaps all the way down to individual instances.

However, because these mechanisms are rarely known, as the very existence of clusters is, after
all, something that we’re trying to discover, the characterisation of them is usually dictated by the
clustering tools at our disposal.

A few real examples of the use of clustering involve dividing customers into homogeneous groups
as a marketing focused procedure, a weather data collection and analysis for finding new insights into
climatological and environmental trends, and bioinformatics’ identification of groups of genes with
similar patterns of expression, to determine which genes are responsible for specific hereditary diseases.

Due to the fact that the notion of cluster is not precisely defined, many clustering methods have
been developed, each of which uses a different induction principle. They are divided into five main
groups, as analyzed below:

e Hierarchical Methods, which construct the clusters by recursively partitioning the instances in
either a top-down or bottom-up fashion. They can be sub-divided in Agglomerative hierarchical
clustering and Divisive hierarchical clustering
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e Partitioning Methods, which relocate instances by moving them from one cluster to another,
starting from an initial partitioning. Types of partitioning methods involve Error Minimization
Algorithms and Graph - Theoritic Clustering. The simplest algorithm, employing a squared error
criterion is the K-means algorithm, which will be further analyzed as it was used on the current
problem.

e Density - Based Methods, which assume that the points that belong to each cluster are drawn
from a specific probability distribution

e Model - Based Clustering Methods, which attempt to optimize the fit between the given data
and some mathematical models. The most frequently used methods in this category are Decision
trees and Neural Networks

e Grid - Based Methods, which partition the space into a finite number of cells that form a grid
structure, on which all of the operations for clustering are performed

3.3.1 Partitioning Methods-k-Means algorithm

Partitioning clustering methods, as mentioned, partition the data object set into clusters where
every pair of object clusters is either distinct (hard clustering) or has some members in common (soft
clustering).

The classic and most common technique is called k-Means. It can be also characterized as an
Iterative Distance-Based Clustering method. Applying this algorithm, we first specify in advance the
parameter k, which represents how many clusters are being sought. Then k points are chosen at random
as cluster centers. We also define a maximum number of iterations for the algorithm to run, over which
the process is terminated. All instances are assigned to their closest cluster center, based on the ordinary
Euclidean distance metric. Next the centroid, or mean, of the instances in each cluster is calculated,
and these centroids are considered to be new center values for their respective clusters. Finally, the
whole process is repeated with the new cluster centers. Iteration continues until the same points are
assigned to each cluster in consecutive rounds, at which stage the cluster centers have stabilized and
will remain the same forever. If maximum number of iterations has been reached in the meantime, the
algorithm is terminated.

A pseudocode of the above description is presented below, where the setup is the following:
S : Instance set, k : Number of Clusters

k-Means(S, k)

Initialize k cluster centers

while terminatioon condition is not satisfied do
assign instances to the closest cluster center
update cluster centers based on the assignment

end while

return clusters

This clustering method is simple and effective. It is easy to prove that choosing the cluster center
to be the centroid minimizes the total squared distance from each of the cluster’s points to its center.
Once the iteration has stabilized, each point is assigned to its nearest cluster center, so the overall effect
is to minimize the total squared distance from all points to their cluster centers. However, one should
take into account that this minimum is a local one, there is no guarantee that it is the global minimum.
To increase the chance of finding a global minimum, we often run the algorithm several times with
different initial choices and choose the best final result.
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3.4 Distances

[7] The notion of distance is the most important basis for Machine Learning, both Supervised and
Unsupervised. In the first category, standard distances often do not lead to appropriate results, while
in the second one, the calculation of means of objects of known groups is not always a valid method
for the correct algorithms’ application. By definition, the choice of the distance measure determines
whether two objects naturally go together and, therefore, the right choice of the distance measure is one
of the most decisive steps for the determination of learning properties. The distance should not only
adequately represent the relevant scaling of the data, but also the study target, to obtain interpretable
results. Some of the most widely used distance metrics, which were also implemented in the current
thesis, are analyzed further below. [0]

3.4.1 Minkowski Metric

The Minkowski metric or Lq norm calculates the distance d between the two objects x and y by
comparing the values of their n features. The Minkowski metric, as given in equation 9.1 , can be
applied to frequency, probability and binary values.

The most important special case of the Minkowski metric is for =2, the Euclidean distance or
L, norm:

d(z,y) = L(z,y) =

n
d lawi—ui (3.2)
i=1

3.4.2 Cosine Distance

The cosine similarity (or Orchini similarity, angular similarity, normalized dot product) is a similarity
on R", defined by

cos\la) = ——
@) = = Tl

(3.3)

where a is the angle between vectors x and y. In the binary case, it is called the Ochiai-Otsuka
similarity. The cosine distance is defined as

d(xz,y) =1— cosa

3.4.3 Kaullback-Leibler Divergence

The Kullback-Leibler divergence (KL) or relative entropy is a measure, calculated from information
theory, which determines the inefficiency of assuming a model distribution, given the true distribution.
It is generally used for x and y representing probability mass functions. The equation for its calculation
is

d(z,y) = D(z || y) = Y w;*log " (3.4)
i=1 v
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3.44 Kolmogorov-Smirnov Test

The Kolmogorov-Smirnov metric (or Kolmogorov metric, uniform metric) is a metric on probability
space P, defined by

d(z,y) = sup [z —y| (3.5)
(zy)eR

considering again that x, y are different distribution functions. It is used in statistics as measure of

goodness of fit.

3.4.5 Infinite Norm

The Infinite (or Uniform or Sup) Norm is the L oo) metric on the set Cp, ) of all real or complex
continuous functions on a given segment [a,b]. For vectors x, y it is defined by

(3.6)

3.5 Evaluation

Evaluation is of crucial value in Data Mining, as the assessment of the application of our methods
and the results of our techniques are the key to further conclusions, optimizations and progress. In this
section, the concept is analyzed for both Classification and Clustering.

3.5.1 Classification Evaluation

The success rate of the classification learning is usually judged on the test data, for which the true
classes are known, and is evaluated using different metrics, giving an objective measure of how well
the concept has been learned by the data. Here, two different evaluation methods are being analyzed,
Accuracy and Cohen’s Kappa, which will be applied in Chapter 5 in the simulations’ results.

Another major issue on the classifier’s evaluation is its speed. A classifier that is 90% accurate
may be preferred over one that is 95% accurate if it is 100 times faster in testing (and such differences
in time-scales are not uncommon in neural networks, for example). This parameter is also examined in
the experiments presented later in the current thesis.

Accuracy

The reliability of the classification result is represented by the proportion of correct classifications.

Usually, it is the accuracy on the unseen data, when the true classification is unknown, that is of
practical importance. The generally accepted method for estimating this is to use the given data, in
which we assume that all class memberships are known. Firstly, we use a substantial proportion (the
training set) of the given data to train the procedure. This rule is then tested on the remaining data (the
test set), and the results compared with the known classifications. The percentage of correctly predicted
data in the test set is an unbiased estimate of the accuracy of the rule provided that the training set is
randomly sampled from the given data.

There is a slight loss of efficiency here, as we do not use the full sample to train the decision rule,
but with very large datasets this is not a major problem.
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Mivakag 3.1: Confusion Matrix after Classification

Cohen’s Kappa (Kappa coefficient)

[12] The Kappa statistic is a metric that compares an Observed Accuracy with an Expected Accuracy,
and is used to evaluate a single classifier or classifiers amongst themselves. It takes into account random
chance (agreement with a random classifier), which generally means it is less misleading than simply
using accuracy as a metric. Computation of Observed Accuracy and Expected Accuracy is integral to
comprehension of the kappa statistic, and is most easily illustrated through use of a confusion matrix.

For a two dimensional confusion matrix, as the previous one, the Kappa metric is equal to

11— DPe
where the Observed Accuracy is
Po = P11 + P22

and the Expected Accuracy is
Pe = D1cP1r + DP2cP2r

Kappa is always less than or equal to 1. A value of 1 implies perfect agreement and values less
than 1 simply less than perfect agreement. In rare situations, Kappa can be negative. This is a sign that
the two observers agreed less than would be expected just by chance.

The values and according interpretations of Kappa are summarized below:

e Poor agreement = Less than 0,20
e Fair agreement = 0,20 to 0,40

Moderate agreement = 0,40 to 0,60

Good agreement = 0,60 to 0,80

Very good agreement = 0,80 to 1,00

3.5.2 Clustering Evaluation

Clustering evaluation demands an independent and reliable metric for the assessment and comparison
of clustering experiments and results. In theory, the clustering researcher has acquired an intuition for
the clustering evaluation, but in practice the mass of data, on the one hand, and the subtle details of data
representation and clustering algorithms, on the other hand, make this random judgement impossible.
An intuitive, introspective evaluation can only be plausible for small sets of objects, whilst large-scale
experiments require an objective method. There is no absolute scheme for the desired assessment, but
a variety of evaluation measures from diverse areas such as theoretical statistics, machine vision and
web-page clustering that can be applied.

The theoritical definition of various clustering evaluation metrics, which were used during the
thesis’s experiments, is provided.
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V-measure

[4] V-measure is an entropy-based metric, which measures how successfully the criteria of
homogeneity and completeness have been satisfied. It is computed as the harmonic mean of distinct
homogeneity and completeness scores.

A clustering result satisfies homogeneity if all of its clusters contain only data points, which are
members of a single class. A clustering result satisfies completeness if all the data points, that are
members of a given class, are elements of the same cluster. The homogeneity and completeness of
a clustering solution run roughly in opposition: Increasing the homogeneity of a clustering solution
often results in decreasing its completeness. More specifically:

e Homogeneity: In order to satisfy our homogeneity criteria, clustering must assign only those
datapoints that are members of a single class to a single cluster. That is, the class distribution
within each cluster should be skewed to a single class, having zero entropy. We determine
how close a given clustering is to this ideal by examining the conditional entropy of the class
distribution given, the proposed clustering.

e Completeness: Completeness is symmetrical to homogeneity. In order to satisfy the completeness
criterion, a clustering must assign all of those datapoints that are members of a single class to
a single cluster. To evaluate completeness, we examine the distribution of cluster assignments
within each class. In a perfectly complete clustering solution, each of these distributions will be
completely skewed to a single cluster.

So, V-Measure is given by the following equation

(1+b)xh*c
(bxh)*c

The calculations of homogeneity, completeness and V-measure are completely independent of the
number of classes, the number of clusters, the size of the data set and the clustering algorithm used.
Thus, these measures can be applied to and compared across any clustering solution, regardless of the
number of data points, the number of classes or the number of clusters

V, =

Rand - Index

The Rand - Index is a simple criterion used to compare an induced clustering structure (C;) with a
given clustering structure (C;). Let

e a be the number of pairs of instances that are assigned to the same cluster in C; and in the same
cluster in Cy

e b be the number of pairs of instances that are in the same cluster in C;, but not in the same cluster
in C2

e ¢ be the number of pairs of instances that are in the same cluster in C,, but not in the same cluster
in C]

e d be the number of pairs of instances that are assigned to different clusters in C; and C,.

The quantities a and d can be interpreted as agreements, and b and ¢ as disagreements. The Rand

Index is defined as:
a+d

a+b+c+d
The Rand Index lies between 0 and 1. When the two partitions agree perfectly, Rand Index is 1.

RAND =
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Kepararo 4

Implementation

In this Chapter we present the implementation of all the concepts analyzed in Chapter 3 for our
experiments, meaning all algorithms and their parameterization.

In Section 4.1, we present the two algorithms used for Classification, Nearest Centroid Classifier
and k-Nearest Neighbours Classifier, and the important variables for their execution.

In Section 4.2, we focus on the Clustering procedure, giving a detailed description of the k-Means
algorithm used for this purpose.

In Section 4.3, we describe the different distance calculation methods, for all simulations, and
present all ways they were implemented and evaluated in both Classification and Clustering.

Finally, in Section 4.4, we explain in detail the way the results were evaluated and the metrics used
for this purpose.

4.1 Classification

The objective of our approach was to classify the production chunk objects according to some of
their attributes. Specifically, we wanted to categorize them based on two separate parameters, Product
Cleaning Group, and Product Group, which are both attributes of each object. The Product Cleaning
Group has 5 instances, and the Product Group has 12.

We also experimented with the classification algorithms for the Product Code attribute of each
object, but the large number of separate production codes and therefore the small number of elements
assigned to each class, resulted in classifier’s overfitting. It was not possible to correctly train and test
our data in a meaningful way, and the outcome of the process provided no more information than the
existing about products’ classes.

For the classification, two different algorithms were used, as analyzed previously: a custom Nearest
Centroid algorithm and the known well documented k-Nearest Neighbours Algorithm.

Both algorithms are parameterized as following:

o Classifying attribute: both algorithms were implemented for two attributes, Product Cleaning
Group and Product Group,

o Split percentage: We divided the initial product data into two groups, one training set, on which
we calculated the separate classes’ centers and applied the algorithms to produce our result, and
one testing set, which we classified based on the training procedure’s derived classes. The training
and testing split percentages selected were 80% -20%, 65% -35% and 50% -50% respectively
for both algorithms.

e Distances: We used the defined distances functions to calculate the distance between the
transition matrices of each chunk object from either the class’ centers or the nearest chunks,

depending on the implementation.
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4.1.1 Nearest Centroid Classifier

For our list of chunks with “Production” attribute only, we followed the steps mentioned below, to
run the experiments of classification: Selecting the attribute on which we would classify the objects,
which was either Product Cleaning Group or Product Group, we initially split the data based on the
three training and test dataset percentages, as mentioned in parameterization before. We use the training
data to calculate the centers of the algorithm. Focusing on the Transition Matrices of each object in this
set, and examining the value of the classification attribute of the object, we found the average transition
matrix of all the objects belonging to each instance. This matrix is considered to be the center of the
class. Then, for each element in this class, from the initial test set, we calculated its distance from the
different centers. Finally we assigned the test element to the class of which the center was nearest.

Depending on the experiment, different methods of distance algorithms were used.

Due to uneven sized classes, each experiment was executed for 30 iterations, meaning for 30
different sets of data, of the same split percentage. This enabled us to validate our results and to be
sure of the integrity of our data.

For a pseudocode implementation of the above, please see A.1.1.

4.1.2 K - Nearest Neighbors Classifier

K - Nearest Neighbors is a well-known classification algorithm. Although many implementations
exist, we decided to implement our own, in order to have total control over the variables and its run-time
execution. The steps of the execution are the following and the methodology is relatively close to the
one of Nearest Centroid Classifier.

The first step was to choose the attribute for which we wanted to run the classifier, this can be
either Product Cleaning Group or Product Group. Following, we split the data-set into training and
test, for three different percentages, as in Nearest Centroid Classifier. For each iteration, 30 in total,
we split the data-set into random sets, of specific percentage, in order to compare the integrity of the
results. Having selected the distance method, we calculate the distance of each chunk object in the test
set with all of the chunk objects in the training set. After that, we sorted the values for each test chunk
in ascending order. The principal of K-NN algorithm is that each element of the test set is classified to
the class that the majority of its k-Nearest Neighbors belongs to. Once we had created a sorted list of
all the neighbors, it was easy to evaluate the classification for each value of k, within the desired limits.

At this point we have classified all the chunk objects of the test set for every k in our range, for
a specific distance method. In Chapter 5 you can see the impact of k in the evaluation of k-NN. We
repeated the process for all the distance methods that concerned us.

For a pseudocode implementation of the above, please see A.1.2.

4.2 Clustering

The purpose of our clustering implementation is to assign our product chunks data into clusters
based on some of their attributes. In this direction, we implemented a custom k - Means algorithm,
analyzed as following:

4.2.1 K - Means Implementation

e Clustering parameter k: The number of clusters that the data is expected to be assigned to is
initialized as the number of values in each of the attributes we performed the clustering on. Thus,
for Product Cleaning Group, we have k=5 and for Product Group we have k=12.

o Initial Centroids: The centroid is represented as a transition matrix of a chunk class object. The
experiments were held with a variety of initial centroids, both random and specific, so as to test
the performance and accuracy of the algorithm. In the first scenario, each centroid was picked to
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be a random transition table from one of the products of the input data, whilst in the second one,
we initialized the centroids choosing objects with the clustering attribute in specific ranges or
even of a certain value. More specifically, centroids were chosen to be the matrices of products
either all in the same Production Cleaning Group (or Product Group, according to the clustering
attribute), or all in different Production Cleaning Group/ Product Group, or, finally, all in random
Production Cleaning Group/ Product Group. Each of these 3 separate experiments was executed
100 times to eliminate variation in our selections.

Average: In each repetition of the algorithm, a new centroid of each cluster was calculated, based
on its currently assigned members. In our implementation, this is represented by the average
transition matrix of all transition matrices of the product chunks in this cluster.

For a pseudocode implementation of the above, please see A.2.1.

4.3 Distances

The processes defined before, classification and clustering, and the algorithms implemented in

both, require a distance calculation between the different elements. In our problem, considering the
procedures are based on production messages, distance is calculated as the distance between the two
dimensional transition matrices of two separate product chunks. Different distance algorithms were
parameterized and applied in the experiments, so as to examine the performance and accuracy of each
implementation. We used the following methods:

e Euclidean distance

e Cosine Distance

e Kullback - Leibler Divergence
e Kolmogorov - Smirnov Test

e Infinity Norm

Most of them, by definition, apply only on one-dimensional matrices (vectors), thus an important

step was the correct transformation of the two dimensional matrices into vectors, in order to calculate
the distances. Our approaches can be divided in three categories:

Average rows: the distance algorithm is applied between the same rows of the matrices and the
result was the average of all scores calculated.

Vector: each row is appended to the first one, thus creating a 12N vector, on which the distance
method is applied.

Diagonal: for j > i, the average of elements [¢, j] and [7, 7] is calculated and considered as one,
thus creating an upper triangular matrix. Then, with the previous Flatten method, each row is
appended to the first, for the distance method to be applied on.

The exact implementation of the previous methods can be found in the subsection 4.3.1 .
The total list of the implemented distance methods is the following:

e Euclidean distance

— Euclidean distance between each corresponding cell

— Average of the Euclidean distances between corresponding rows

43



— Average of the Euclidean distances between corresponding columns

Cosine distance

— Average of the cosine distance between corresponding rows
— Cosine distance of the created vectors using the Vector transformation
— Cosine distance of the created vectors using the Diagonal transformation

e Kullback—Leibler Divergence

— Average of the KL Divergence between corresponding rows
— KL Divergence of the created vectors using the Vector transformation
— KL Divergence of the created vectors using the Diagonal transformation

Kolmogorov—Smirnov test

— Average of the KS test score between corresponding rows
— KS test score of the created vectors using the Vector transformation
— KS test score of the created vectors using the Diagonal transformation

Infinity Norm
— Infinity Norm of the difference of the two matrices

For the implementation of the above mentioned distance algorithms, the Python SciKit-Learn
Library was used. This library provides many useful distance calculation functions but most of them
are implemented for vectors.

4.3.1 Implementation of Distance Methods

Two of the functions that convert a 2D matrix into a Vector, can be found in a pseudocode
implementation at A.3.1.

The different implementations of the distance algorithms, as described in the beginning of this
Section, can be found at A.3.2.

4.3.2 Evaluation of Distance Methods

We were interested in evaluating the performance of all distance methods under different variation
of the variables in question, for both classification and clustering cases. The reason we chose to run
different evaluation tests on classification and clustering is that we wanted to understand the impact of
the distance method in each case.

e Distance Methods Evaluation for Classification

We took the decision to only run the following experiments with the Nearest Centroid Classifier
for the 80% train split. The classifier run for both Product Cleaning Group and Product Group
for 30 iterations, as described in previous experiments, to ensure integrity of the results. For
each iteration, we randomly split the data-set in 80%-20%, training-testing respectively, and
calculated the centers of each instance, either 5 or 12 classes. After selecting a distance method,
we assigned the chunk objects to their nearest center, based on the selected distance algorithm.

A pseudocode implementation of the above algorithm can be found at A.3.3. The results of this
implementation can be found in Section 5.1.2.
e Distance Methods Evaluation for Clustering

In the clustering case, the only tested algorithm is K-Means, thus we evaluated all distance
methods on K-Means algorithms. A pseudocode implementation of the above algorithm can be
found at A.3.4.
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4.4 QOutcome Evaluation

All of the above can only produce a usable result if they can be evaluated. In early experiments we
used the Confusion Matrix of the outcome, which enabled us to have a more direct overview of the
results. As the experiments evolved, we had to evaluate each outcome with a single score. The need for
evaluation scores became more clear and we had to decide which scores to choose between the many
evaluation methods that exist, for both classification and clustering. We used two different evaluation
methods for each case. The main difference on evaluating Classification and Clustering results is that
in the first case one knows the correct answer, because all data are labeled from the beginning. In the
case of Clustering, however, one does not know the correct value of the data and has to evaluate the
outcome based on different factors.

4.4.1 Implementation of Classification Evaluations

For the evaluation of the Classification Results we used the following methods:

e Accuracy

Accuracy is defined as the ration between the correctly classified items and the total number
of classified items. In our case, the correctly classified chunk objects were the ones that the
cluster’s name was the same as the initial label of the respective attribute. The attributes of
the classification were the Production Cleaning Group and the Production Group, as analyzed
before.

Number of Correctly Classified Elements
Total Number of Classified Elements

Accuracy =

e Kappa

The Kappa algorithm is part of the SciKit-Learn Laboratory Library and specifically, of the
Metrics Module. SciKit is a well known Library for Python and has proved to be very helpful in
our thesis project.

Source: SciKit-Learn Laboratory -> Metrics -> Kappa

4.4.2 Implementation of Clustering Evaluations

For the evaluation of the Clustering Results we used the following methods. Although in other
clustering evaluation scenario one might not had the labels, in this case we had all our data labelled.
Both algorithms require ground truth class labels, which are used as reference in order to evaluate the
predicted.

e V Measure

Source: SciKit-Learn -> Metrics -> V Measure Score

e Rand Index

Source: SciKit-Learn -> Metrics -> Adjusted Rand Score
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Kepalaro 5

Results

In this chapter, we present the results from the application of classification and clustering algorithms
on our data set. All algorithms, as described in Chapters 2 and 4, were executed for multiple parameters,
thus providing different results and conclusions for each settings’ combination.

In Section 5.1, we present the classification results, divided into three categories. At first, we
compare both Nearest Centroid classifier and k-Nearest Neighbors classifier, for different training and
test data splits, keeping the distance parameter fixed. Next on, we focus exclusively on the Nearest
Centroid algorithm, for a specific data split and evaluate the classifier’s performance for all different
chunk distances. Finally, we examine the application of k-Nearest Neighbors classifier for different
values of k and assess the outcome.

In Section 5.2, the clustering results are presented and evaluated. We used k-Means algorithm for
clustering the chunk objects product data into different clusters, based again on two attributes, Product
Cleaning Group and Product Group. The algorithm’s input data are the chunk objects. The centroids
and distances vary in each execution, so that we can evaluate the clustering result for different problem
parameterizations, using two different metrics, V-Measure and Rand Index.

5.1 Classification

The classification was performed for two distinct attributes, Product Cleaning Group and Product
Group.
The algorithms tested were:

e Nearest Centroid Classifier
e k-Nearest Neighbors Classifier

The distance algorithm was a variable in all cases.

For each run of every algorithm, a confusion matrix was produced. Its rows reflect the classifier ’s
results, meaning the number of products per label that were classified as being in the column’s label
instance after running the algorithm. Its columns represent the ground truth, the actual values of each
instance to be classified.

The sum of each column is the number of products classified as instances of this label, while the
sum of each row represents the true number of this label’s products in our initial sample. The sum of
the diagonal of the matrix is the number of the correctly classified products.

The final confusion matrix of each run is further used to calculate the performance for each of the
parameters considered, as mentioned above.

All data used were split into a training and a testing sample, which varies, so as to better examine
the accuracy of the classifiers predicting the correct class for the test set, regarding the initial data they
were trained on.
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5.1.1 Baseline

A baseline result was required, in order to compare the classification results to, and evaluate the
outcome of each method.

We used the ZeroR algorithm, which selects the class that has the most observations, and uses that
class as the result for all predictions.

The baseline score for the input chunks was calculated by finding the percentage of each class’s
items in total given number of products and selecting the class with the bigger one as our accuracy
metric.

The ZeroR Accuracy for the two attributes can be found below:

e ZeroR Product Cleaning Group Accuracy: 0.520
e ZeroR Product Group Accuracy: 0.377

5.1.2 Distance Method Evaluation and Selection

Setup:

Algorithm: Nearest Centroid Classifier
Attributes:

— Product Cleaning Group
— Product Group

Split: 80% training set, 20% test set
Distances:

— Euclidean Total
Euclidean Row
Euclidean Column
Cosine Average

Cosine Vector

Cosine Diagonal

KL - Divergence Average
KL - Divergence Vector
KL - Divergence Diagonal
KS - Test Average

KS - Test Vector

KS - Test Diagonal
Infinity Norm

In this experiment we assess the different Distance Methods, considering a fixed split of 80% train
data and 20% test data, and using the Nearest Centroid classifier.

The results are visible in Figure 11.1 for Product Cleaning Group.
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Distance Comparison in Classification for Product Cleaning Group
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Xyfqpea 5.1: Distance Comparison for Product Cleaning Group Classification

The best Accuracy and Kappa Coefficient scores appear when Euclidean Total distance is applied,
and are followed by Cosine Vector Distance and KL - Divergence- Diagonal Scores, which are also
very close. All other Euclidean, Cosine and KL metrics are in quite proximity with the above maximum
scores.

Scores of KS - Test metrics and Infinity Norm metric appear to be significantly low, implying that
they are inappropriate for distance calculation in the current problem.

The standard Deviation in Accuracy has a maximum value of 0,058, while in Kappa Coefficient it
maximizes at 0,068, thus is considered negligible for our conclusions in both metrics.

For Product Group, results are displayed in Figure 11.2, with the KL - Divergence Diagonal and
KL - Divergence Vector distances to be having the best Accuracy and Kappa Coefficient scores. Next
in line follow the KL - Divergence Average and the Cosine Distance Average, with very close highest
scores each.
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Distance Comparison in Classification for Product Group
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Xyfqpea 5.2: Distance Comparison for Product Group Classification

As in the previous experiment, the lowest scores appear in KS - tests and Uniform Norm results,
which are concluded to be non- fitting for the current classification procedure.

Standard Deviation of both metrics has its maximum value at 0,056 and 0,799 respectively, so it is
again insignificant to our results’ accuracy.
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5.1.3 Nearest Centroid and k-Nearest Neighbors Algorithms Comparison

Setup:

o Algorithms:

— Nearest Centroid Classifier
— k-Nearest Neighbors Classifier

o Attributes:

— Product Cleaning Group
— Product Group

o Splits:

- 80% - 20%
- 65% -35%
- 50% - 50%

e Distance: Average of

— Euclidean Total
— Cosine Vector
— KL - Divergence Diagonal

In this section we compare the outcome of the application of the two algorithms, Nearest Centroid
and k-Nearest Neighbours, on our data, focusing on the following parameters:

e Execution time
e Percentage of training- test data split
e Accuracy and Kappa Coefficient of classification result

The distance between the transition matrices of each chunk class object was kept fixed in this part
of the process and was calculated as the average of the three different distances’ results that appeared
to have the maximum scores in the previous application : Euclidean Total, Cosine Distance- Vector
and KL - Divergence Diagonal.

The results of the Nearest Centroid Algorithm’s application are displayed in Figures 11.3 and 11.4,
while the K -NN results in Figures 11.5 and 11.6.
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Xyfqna 5.3: Nearest Centroid Classifier for Product Cleaning Group
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Training Split Comparison with Nearest Centroid Classifier for Product Group
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Xynpa 5.4: Nearest Centroid Classifier for Product Group

Training Split Comparison with k-NN for Product Cleaning Group
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Yyqpa 5.5: k-Nearest Neighbors Classifier for Product Cleaning Group
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Yype 5.6: k-Nearest Neighbors Classifier for Product Cleaning Group

It is obvious that, despite the three splits, the results of the classification are quite close, in both
algorithms’ charts. Regarding the Product Cleaning Group attribute, the Nearest Centroid algorithm
gives maximum scores in the second split, with Accuracy in 83,1% and Kappa Coefficient in 72,8%,
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while the same scores for the current attrribute in k-Nearest Neighbors are 73,2% and 53,4%.

The conclusions are similar when examining the Product Group attribute charts. Here, differences
are also very subtle between the distinct splits, with the first one to achieve a slightly bigger score than
the others. For the Nearest Centroid algorithm, that maximum is a 65,3% in Accuracy and a 54,9% in
Kappa Coefficient, whilst for the k -NN the respective scores are 56% and 39,1%.

From these results, it is obvious that the Nearest Centroid algorithm is superior to the k -NN, for
the current problem and regarding the above parameters.

A strong argument for this is also each algorithm’s runtime, as the first one required 20,15 seconds,
while the second one run in 161,46 seconds, time amount at least 8 times greater than the other
classifier’s, which implies that the algorithm is not suitable for the examined classification.
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5.1.4 k-Nearest Neighbors Algorithm for Different k

and Product Group, and for a fixed split of 80% - 20% of training and testing data.
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Setup:

Algorithms: k-Nearest Neighbors Classifier
Attributes:

— Product Cleaning Group
— Product Group

Split: 80% - 20%
Distance: Average of

— Euclidean Total
— Cosine vector
— KL - Divergence diagonal

The k -NN algorithm was applied for the above setup, so as to compare the effect of the selection
of k in the classifier’s general accuracy and performance.

The algorithm was implemented for the two usually examined attributes, Product Cleaning Group

The distance was kept fixed as well, and equal to the average of the distances which had the
maximum scores in the first experiment, Euclidean Total, Cosine Distance Vector and KL - Divergence
Diagonal.

Results are presented in Figure 11.7 for Product Cleaning Group and Figure 11.8 for Product Group.
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Xymqpa 5.7: K - NN for Different k in Product Cleaning Group
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Comparison of different k in k-NN for Product Group
1.0
0.9
0.8
0.7

0.6

IR IR IR I IR IR I
SRS S S 2 R

0.5

i
o o
ot
—— o
—o— o
o o
——
——
o o
——t o
o -
e
——
o o
o

0.4

o o

0.3
0.2
0.1

0.0
k=13 k=14 k=15 k=16 k=17 k=18 k=19 k=20 k=21 k=22 k=23 k=24 k=25 k=26 k=27 k=28 k=29 k=30 k=31 k=32 k=33 k=34 k=35 k=36 k=37

@ Accuracy ¢ Kappa

Xynpa 5.8: K - NN for Different k in Product Group

Observing the charts, it is obvious that the selection of k has little impact on the Accuracy and
Kappa Coefficient scores of the classification process, even for very different and distant values of k.

In Product Cleaning Group classification, the maximum score is achieved with k=7 for both
Accuracy (74,5%) and Kappa Coefficient (57,1%) metrics, whilst classifying on Product Group
attribute gives best scores for k=15, k=16, k=23, k=28 and k=29.

5.2 Clustering

5.2.1 Baseline

The baseline metric for the clustering procedure is calculated from the initial setup of the k - Means
for each experiment, which provides us with two initial scores. The output of each run is compared to
these results, which are depicted on all the following diagrams, so as to assess the performance of the
experiments performed.

5.2.2 Distance Algorithms

Setup:

o Algorithms:

— k - Means
— Baseline

o Attributes:

— Product Cleaning Group
— Product Group

o [nitial Centroid Sets Type:
— All centroids of each set belonged to different clusters (Alldiff)
* Average of 20 sets

— All centroids of each set belonged to the same cluster (Allsame)

* Average of 20 sets

e Distances:

— Euclidean Total
— Euclidean Row
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— Euclidean Column

— Cosine Average

— Cosine Vector

Cosine Diagonal

KL - Divergence Average
KL - Divergence Vector
KL - Divergence Diagonal
KS - Test Average

KS- Test Vector

KS- Test Diagonal

— Infinity Norm

e FEvaluation Methods:

— V-Measure
— Rand Index

In Figures 11.9 and 11.10 the k - means algorithm was executed for 20 different sets of initial
centroids, which were selected so that all of them, in each set, belonged to either a different or the
same cluster, which is one of the 5 different Product Cleaning Groups. It is observed that the Euclidean
distance methods perform the best, although the value variation is relatively big. The maximum score
is achieved for the Euclidean Row distance metric and is a 33,4% V-Measure and a 26,4% Rand Index.

The low scoring percentages in all distances though, indicate that the clustering in general does not
perform very well, yet its scores remain significantly above the baseline results.

Distance Comparison in Clustering for Product Cleaning Group (V Measure)
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Yyfqpa 5.9: k-means Clustering in Product Cleaning Group (V-Measure)
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Distance Comparison in Clustering for Product Cleaning Group (Rand Index)
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Xyfqpa 5.10: k-means Clustering in Product Cleaning Group (Rand Index

Figures 11.11 and 11.12 is of the same logic as the previous ones, but here the clustering was
performed in the Product Group level. This means that we have 12 potential clusters instead of 5 we
had in the previous two experiments.

Distance Comparison in Clustering for Product Group (V Measure)
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Xympa 5.11: k-means Clustering in Product Group (V-Measure
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Distance Comparison in Clustering for Product Group (Rand Index)
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Zyfpa 5.12: k-means Clustering in Product Group (Rand Index

Euclidean Distance Metrics have the dominant scores here again, with maximum accuracy for
Euclidean Row, which scores a V-Measure of 35,5% and a Rand Index of 22,2%. KL - Divergence
scores appear quite high as well.

In all cases, lowest scores come from the KS - Test and Infinity Norm metrics, and sometimes do
not even exceed the baseline results.

5.2.3 Centroids
Setup:

o Algorithms:

— K - Means
— Baseline

o Attributes:

— Product Cleaning Group
— Product Group

o [nitial Centroid Sets Type:

— All centroids of each set belonged to different clusters (Alldiff)
* Average of 100 sets

— All centroids of each set belonged to the same cluster (Allsame)
* Average of 100 sets

— All centroids of each set belonged to a random cluster (Allrand)
* Average of 100 sets

e Distance: Average Of

— Euclidean Total
— Euclidean Row
— Euclidean Column

o FEvaluation Methods:
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— V-Measure
— Rand Index

Figure 11.13 presents the results of the above setup for the scenario of clustering to 5 clusters, the
Product Cleaning Groups.

Initial Centroid Set Comparison in Clustering for Product Cleaning Group
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Yympa 5.13: K means Clustering(Product Cleaning Group)

The best scores are visible when choosing initial centers that belong to different clusters, in which
case there is a V-Measure of 31,4% and a Rand Index of 25,3%. On the contrary,the lowest score
appears when the initial centers all belong to the same Product Cleaning Group.

Figure 11.14 follows the above methodology with the difference that the process is here targeted to
12 clusters, as we are examining the Product Group attribute.

Initial Centroid Set Comparison in Clustering for Product Group
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As in the previous scenario, it can be observed that the result is best in the case of initial centroids
belonging to different clusters and worst when they belong to the same.

It is quite obvious from the overall results that the clustering procedure has a poor general
performance, as the scores do not exceed 35% for both attributes and all initial centers’ combinations.
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Kepdararo 6

Epilogue

In this Chapter, we present the conclusions from the executed experiments and also our proposals
for future work on the problem.

In Section 6.1 we present the conclusions derived from all experiments of Chapter 5, and summarize
the performance of Classification and Clustering, evaluating the contribution of each parameter.

In Section 6.2, we describe possible topics that we did not have the opportunity to examine during
the current thesis, and are worth looking into in the future.

6.1 Conclusions

In this section we summarize the observations from our experiments and discuss the final conclusions.

6.1.1 Classification

Regarding the efficiency of the distance methods, the Euclidean ones always gave top scores, along
with the KL- Divergence and the Cosine distance. It was quite difficult to identify whether the average,
diagonal or vector methods performed better, as for every metric, the optimal score was achieved for a
different one, and there was no general pattern. The KS- Test and the Infinity Norm scores proved to
be unsuitable for our data, and their results rarely overcame the baseline ones. We assume that this was
due to the nature of our distributions, which came in the form of the probability transition matrices.

Comparing the classifiers, Nearest Centroid classifier and K-Nearest Neighbours classifier, the
first one has a significantly better performance, considering both Accuracy and Kappa scores, for all
classification attributes. This is an interesting observation. We conclude that regarding the classes
as “centers” and assigning the data to the closest class outscores assigning the chunk to the closest
neighbour, having examined the nearest ones. As mentioned in Chapter 5, the runtime for the k-NN was
almost 8 times greater than that of the other classifier, which strongly validates the previous statement.
This is due to the fact that k-NN has to calculate all distances from the k nearest class’ centers, a task
that can be very complex. The splitting in training and testing data had little effect on the resulting
scores, and this is remarkable, if we take into account that the amount of data we used was few, and
could show substantial differences for the different splitting percentages.

No significant variations were observed when running the k-NN for different k. This is a positive
result, indicating that our data is insensitive to the selection of k, probably due to the form of our
distributions.

6.1.2 Clustering

In all experiments, regardless of the parameterization of k-Means algorithm, the accuracy scores
were quite low. So in general, the performance of k-Means on clustering the production chunks is
considered to be poor.

As regard to the distances, the top three metrics were again Euclidean, Cosine and KL-Divergence,
but with the Euclidean distances to rise significantly above the other two. Again, the KS-Test and
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Infinity Norm scores are slightly over the baseline results, proving that they fail to correlate the data in
an efficient way.

It was observed in the initialization of the algorithm with different types of centroids, that initial
centroids belonging all to different clusters gave the maximum score, followed closely by centroids
all belonging to random clusters. This is expected, as k-Means by definition has to assign all data
to different clusters, so, starting off with distinct clusters as centroids, gave a more accurate result.
On the contrary, when initial centroids were all in the same cluster, it would take many iterations
to decentralize from the currently selected cluster, gradually calculate the others and assign the data
correctly to them.

6.2 Future Work

Here are briefly presented the issues we did not have the time to investigate during the current thesis,
and also issues that came up after our experiments and research, which could be further examined.

e Distance Metrics

More distance methods could be used to calculate the distances between the Product chunks.
We could investigate methods especially targeted to two dimensional matrices, or vectorize the
matrix in a different way (eg by row).

e Clustering Algorithms The poor performance of k - Means in Clustering could be a good
motive to experiment with other clustering algorithms, which could prove to be more efficient in
our distributions.

o Classification using frequency vector and N-Dimensional transition matrix

The Classification algorithms can be modified to receive different parameters. Instead of
classifying the objects based on their messages’ transition matrix, we could compute a simple
frequency vector for each object, which depicts the percentage of appearance of each of our
45 different messages in this specific product. This vector is now the classifier’s input, and all
distances will be calculated between vectors, with the same methods as previously. In this way
we evaluate each algorithm’s performance, for all distances, when applied in the one dimensional
frequency table, which obviously provides less information than the transitions one. The same
thing could be applied for a three- (or N-) dimensional transition matrix, which examines more
than one successive messages and finds the transition probabilities in their sequence. In this
way, complexity of the information given to the classifier is increased, and accuracy of results
and performance of the algorithm could be a lot different than the one we observed after our
experiments.

e Different Variable Selection

In this work, we based our implementations on the Message Number sequence of each Production
Chunk, as explained in the data Pre- Processing Chapter. In a different scenario, all variables
characterizing our process (Temperature, Pressure, Agitation etc) could be taken into account in
the algorithms’ execution. This would require a different splitting of the initial data, and also a
way to encorporate the extra parameters as attributes of the objects created. The input of each
algorithm would need to be redefined, as the added variables are numerical, and so would the
approach to calculate distances and centers, of either a class or a cluster in each execution. The
experiments would have to run on a differently parameterized setup, to examine the contribution
of the new parameters separately, keeping all others fixed or making suitable combinations to
identify correlations.

e Scoring of production process
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Production chunks refer to separate products being created. During the labelling process, we
observed that production of the same product was not a solid fixed procedure, in terms of time
duration, and order and kind of actions followed. This means that we had products all with the
same attributes (Product Cleaning Group, Product Code, Product Group etc), but with different
transition matrices, as the messages and their sequences in each one did not match.

In order to overcome this problem, a recording of the optimal procedure is needed, for all
products, so as to compare the actual one to this and eliminate the variations. For each product,
one could track the series of actions that are considered to be ideal, and create the chunk object
for them. Then, the comparison of their transition matrices with the ones from the true products
would give a measure of performance for each process, and allow us to score the Productions
and determine if they were close to the ideal or not. This is a crucial first step for production
optimization, and could boost the factory’s overall performance, regarding quality of products,
as well as minimization of production time.

Evaluation Metrics

In evaluating the results, we used a few indicative metrics, commonly applied in classification
and clustering assesment. There are though, many more which could be applied, providing
different correlations and conclusions. Two examples on this are the Silhouette Coefficient,
which measures classes’ or clusters’ consistency, and the Student’s T- Test, which determines
the probability that two sets of data are samples of the same distribution. In this way, evaluation
of results could be advanced in different levels and provide us some interesting results.
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Keoaiaro 7

Ewcayoyn

7.1 Avaivon Agdopévav oty Hapayoyn

To. GuYYPOVE GUGTARATA KOl SIAOIKAGIEG EXOVV Yivel TOAD moAvToAka. H avdrntuén g mAnpogo-
PIKNG KOL 1] EVEOUATOOT] DTOAOYICTMOV DYNANG ATOS00NE G OAOVE TOVG KAAOOLE TNG PLOUNYOVIKNIG
S10d1KAGTI0G £YOVV (OC OTMOTEAEGLOL T GUVEYT TOPUYDYN EVOS TEPAGTION OYKOV dedopévav. Mia ma-
payYIKn dadikacio mapakolovdeitatl oamd moAlovg asOnTpeg e d1dpopeg GTIYUES, £XOVTAG £TGL
av&nuévn TOAVTAOKOTITO 6€ OA TNG TO GTASL0, KOl ATOTEADVTIOG 0 TPOKATOT) Y10, TN ONUEPIVI
emotqun. Ta texvoroywd enttedypata £(00vV PEATIOCEL TV TOPAYOYT AO OAESG TIG AMOYELS, EYOVV
OLLMG KOTOGTNOEL TIG SLUOIKOGIEG TOADTAOKEG KOL U1 YPOUULIKES, OTOTE Elval SUGKOAO, 1] AOVVATO Vi
ovAAEEovpe axpin 1 dpeon TAnpogopia povo amd Tov eEomMopd mopakorovdnong. Ot KAaoukég
puébodot avdivong ypeldletar va avamtuyodv, MOTE va lval amodoTIKES Y10 TN SL0dIKAGI0, Kot VEEG
TeEYVIKEG YpetdleTan vo evempat®bovy oe TaAodtepeg pebddovg Tapaymyng, N AKOUO Kol VoL TIG
avtikataoticovy. [10]

Y1y Katevbouvor outi, ot fropnyavieg v10BETOVV Kol OVATTOGGOLV TNV AVAAVGT T®V SESOUEVOV
KOl GTPATNYIKEG EKPETAAAEVONG TOVG, LE GKOMO VO AVENCOVY TNV TOLHTNTO TNG TOPAYWOYNG, KoL TV
acilela TG dladtkaciag Kot Tov avlpmmov. H mpocéyyion avtn dev sivat véa, kabmg 10éec business
intelligence vAomolovvton and Tic apyég g dekaetiog Tov *70, kot Tepthapupdvovy v epapuoyn
TEYVNTOV VELPOVIK®OV SIKTO®V, Kol TPOPAETTIKOD KOl TPOCUPLOCTIKOD EAEYYOV, OE LU0 TPOOTAOELD
va fondfcovy Toug avOpOTIVOLG XEIPICTEG GE L0 YPOUUT TAPOY®YNS, Kal, av gival Suvatov, va
tovg e&aleiyouv. ESd épyetan oto mposknvio 1 e£6pvén dedopévav, oav Evag TPOTOG va eEdyove
£yKopn, AyvooTn Kol Katavonty mAnpogopio amd pia dodikacio, Kot va v a&lomotcove ot
MY ONUAVTIKOV ETYEPNOIOKOV amopdocwv. Omwg cuvéfaive TolondTepa e TN ¥pHon oxedimv Kot
Lo uatik®v eEloMOEMV, Yo VoL TAPAKOAOVOGOVLLE, VO KATOVOTICOVLLE KOl VO BEATIGTOTO|GOLLLE
dwadkacieg, ot péBodotl avaivong oedopévav Exovv ofjuepa Tapdpolo poro. H moldmievpn goon tov
nediov, mov mepthapfdavel, peta&d dalmv, ™ Mnyoviky Mdadnon, v Eneéepyacio Ewkovag, kat
2TATIOTIKY, OTOYEVEL GTNV EVPEST KOVOV®V Kol LOTIBwV, Tov gival un opatd otov AvBpwmo 1| o€ GAAES
peboddovg avaivong.

O1 Bropnyavieg £xovv T duvatdTNTA VO XPTGLULOTOI0VV TodotdTepa dedopéva, va avayvopilovv
ovoyetioelg HETOED EexmpPloTdV d1ad1KAGIOV, OTWE Kot TOVS Tapdyovieg Tov Kabopilovv v anddoon
pog S1001Kaciog, Kot TELTa Vo BEATIOVOVY To. GTOLYEID TOV OTOSEIKVVETAL OTL EYOVV TN LEYAADTEPN
enidpaon oty mapaywyn. Ot idiot kavoveg epappdlovral otav eEgtalovtal 6edopéva o TPy LLo-
TIKO POV, 0mOTE Kot Ypelaletal va avamtuyBovv mo ToAOTAOKES TEYVIKES, 1 GLLEST] AVAALGT] TOVG
OLL®G TPOGPEPEL TN duvaTdHTNTA PPayVTPOOECLOV TPOYPUUUATIGHOD KOl EVEPYELDV, OVOYKAIOV Y10 TN
BeAtimon kot amoTEAEGUATIKOTITO TG TOPAYOYNC. Ol TEYVIKEG OMTIKOTOINGNG ivol £V GNLOVTIKO
EPYOAELD YO TNV AVOYVOPIOT) TPOTOT®V, KAODS £QapprolovTol EVPEWGS Y10 KAADTEPO ATOTEAECLLOTAL, LLE
TN YPNOT YPUPNUATOV TOOVOTIKOV KOTOVOUMV Kot dtoypappdtoy clustering.

Ot avaykeg Kot o1 duVATOTNTES AVTEG OMOTEAECAV TNV OQETNPIO TNG TAPOVCAS OSUTAMUATIKNG
gpyociog, n onoio dpyloe co o TPoSTADELD Vo avoyvepicovLE Ta TPOPANLATO TapaKoAoVONoNG
NG TAPUYMOYNG KO VO GUTOHOTOTOCOVE TNG O1adKacieg TG avdAvong Kat tng a&lonoinong tmv
dedouévay.
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7.2 Opwopdg popfiqpatog

To meppdrrov g Johnson & Johnson Hellas cuviotd 1david medio Yo vo TEWPAUATIGTOVLE Kot
VO VAOTOMGOVLE OAOL TO TOPATAV®D. ATO TIG apyIKES oVINTNOELS, VINPEE LEYALO EVOLOPEPOV KOl OO
T1G 000 TAEVPEG Yo TNV gpyacia. O KAAS0g TG ovaAvoNG 0E00UEV®V Elval TEPAGTIOS, KOl Ol EPAPLOYES
o€ éva TETO10 YOPOo Eivorl AmEPLOPICTEC.

310 €PYOGTAGLO OVTO, KAOE YpOoUU TOPAY®YNG OTTOTEAEITAL OTTO TTOAAG, UMYV LOLTEL, TO GNUAVTL-
K6TEPO 0o T omoia elval To doyeio avauéng. Xe avtibeon pe dAieg pebBodoroyiec mopaywyngc, To
€PYOCTACLO TAPAYEL TA TPOLOVTO TOV G TOPTIOEC. AvTd onuaivel 6Tt og KAOe doyeio TaPAyETOL LI
LEYAAN TTOKIALL TPOOVT®V, avaAoya pe T Rnon g ayopds. H avdapuén eivar £va onpovtikd Pripa
NG ToPAy®YIKNG dladikaciog, Kabmg ival To 6Tddlo 6To omoio dnpovpyeitar to Tpotdy. Onwg Ba
eEnynoel kot oTo EMOUEVO KEPALOLO AETTOUEPDG, TO doyeio maparkorovOeital Kot EAEYyETOL AT Eva
PLC, and 10 onoio kot pag didetar 1o apyeio tv dedopévov.

H mpdtn avéryxn mov pag Letapépbnke NTov auT TG OTTIKOTOINONG TOV 0ES0UEVAOV TOPAYMYNC.
Ta dedopéva Kataypdeovtav o€ kadnpepivi Baon, aAld de YvoTay KATOlo TEPOLTEP® AVAAVOT) Kot
a&lomoinon tovg. H vAomoinon [og ypagikng avamapdoTtacns TOVS oG ETETPEYE VO, TO KOTAVOGOVLLE
KOADTEPO KO SIEVKOADVE TV EQAPUOYN TEXVIKOY Mryovikng Mabnong.

H debtepn elye apxetd oréin, mov mepreddpfovay v agoddynon g dadikaciog avéuéng, Ko
TN GVYKpLoN UE TV 1davikn dtadikocio”, Pe okomd T PerTiotonoinon g mapaywyns. Kabe mpoiov
&Y€l T0, 1010 ALOTNPA KPLTAPLY TOLOTNTOC, TO OTTOi0, EVTOTILOVTOL EDKOAN LEGH TNG YNIIKNAG OVOAVONG
ToV TEAMKOV TTpo1dvtog. H dradikacio mov sivatl dvokoro va petpndet kat va a&toloyndeil, eival avtn
NG EKTEAEDT|G TNG CLVTAYNG KATE TN NUOVPYic EVOC GUYKEKPLUEVOL TPOLOVTOG. AVTO TOPOVGLALEL
HeYaA0 evolapépov, KaBdS, ov Kot OO TA TPOLOVTA TOL TAPAYOVTAL TANPOVV TO TOLOTIKA KPLTHPLd,
TapoOLa avTA dev LILAPYOoLVY dVO akPIPmS idieg ypovooelpés evepyermv. [lapabétovrag Eva evogKTKO
péyebog, Kabe maptida olokAnpwvetor o€ mepimov 400 evépyetes.

Apempla g £peuvig pog nTav n epoappoyn pebodwv classification ko clustering, pe 6xomod va
elpacte og Béon va a&loloynoovpe Kot va cuykpivoope dtadikocies. Oewpovpe 6T amoterel Eva
ONUOVTIKO TPAOTO P10 GTOV TEIPOUATIGHO LLE YPOVOGELPES, KOL GTN) LETATPOT Kol XPTION TOVS GE
epupproyés Mrnyovikng Mabnong.

H Baoikég mpokAnoelg, ol omoiec aveéKvyay Katd TNV eneéepyacio Tmv SE00UEVOV, NTOV O 0KO-
Aovbec:

o KaOapiopdg Asdopévev

Ta dedopéva amd 10 PLC ftav oyedov mAnpn Kot apketd axpipr, o€ avtibeon pe ta dedopéval
OV KATOYPAPOVTAL OO TOVG XEPLOTEG 6€ Kabe doyeio ywpig avTtdOHOTO TPOTO.

o Emioyn Metapintov o to dedopéva pag, o€ kdbe ypovikn otryun siyape v i 17 dwo-
(POPETIKMV UETUPANTAOV, TOL OLPOPOVSAY GTIV KATACTOGT] TOL d0YEI0V, KATL TOV AvEVE TNV
TOAMTAOKOTNTA GUGYETIONG TOVG, Kot KafioTovce SUoKOAN TNV eE0ymYN VOGS GUUTEPAGLATOC
LE TNV OAN TOPATHPNON TOV TIUOV TOVG.

o YOYKPLG YPOVOGEP®OV O10.POPETIKOV PNKoVS Eva amd to 1o dVoKolo TPoPANUATH TOL
OVTLILETOTICOE NTAV 1] GOYKPLOT XPOVOGEP®V Avicov unkovs. Kébe maptida anoteleitor and
EVEPYELEG TTOV AVTITPOCOTEVOVTOL ad KdkoOS (MsgNum). Kabog dvo 1610 tpotdvta pmopovv
va, TopayOovV e SIPOPETIKEC EVEPYEIEC, OGOV APOPA GTN GEPE TOVE KOL GTO GUVOALKO TOVG
apOpod, 1 GVYKPLGT TOVG € UTOPOVGE VAL YIVEL EVaL TTPOG £V

o Ymoloyiopdg ATootdos®v

Ot teprocoTEPEG LAOTOMOELS aAyopiBumy Mnyovikng Mdabnong xepiloviot otoryeia Tov cu-
VIGTOVV £va S1AVLG LA E00UEVOV. XPELAGTNKE VO OTOPOGIcovLE Told O eival 1 Lopen TV
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oToyEiov, TV onoiov Buo vroloyicovue TV amdoTooT, Kabdg Kot Tig pebddovg Yo tnv gbpeon
VTG,

7.3 IIpotewvopeveg Aveeig ko Y romoinon

[N v avTIETOTICOVE TIG TOPATAVE® TPOKANGELC, Kot Vo, aglomotoovpe BEATIoTa TO ded0UEVA,
axoAovOncape ta €€Ng Prnata oL GLVIGTOLV TN ADGT HOgC:

o Ilpo-enelepyacio Acdopévarv kol Kabdapiopog:

Yvvdvalovtog ta apykd dedopéva omd To PLC pe avtd amd v avBpdmvn katoypoen g do-
dikaciog, kai, pe PACT YV®OOTOVG EUTEIPIKOVS ECOTEPIKOVG KAVOVES, OLLOOOTOICUUE EEYMPLOTES
EVEPYELEG, LLE GKOTO TN ONLUOVPYIN AVTIKEIWEVAOV TO OTTOL0 OVOTAPIGTOVV ol S10OTKOGT0 TOV
Aapfavetl yodpao. Avti fTav €iTE 1) TOPAYOYN TPOLOVTOC, £ITE 0 KOOUPIGUOS. ATOPUGicOLLE Vo,
YPNOULOTOCOVUE HOVO pia HETAPANTN, TOV K®dkd unvipatoc (MsgNum), kabmdg petd and
TEPALOTO KATOANEALUE GTO CUUTEPACHL. OTL TOV 1) KAADTEPN KOl TLO OTTAY TPOGEYYIOT], TTOV
eCadeipet kabe moAvmAokdTTa AOY® TOV HEYAAOV aplBpod PeTAfANTOV.

e Visualization:

YhomoinOnke éva epyareio onTIKOTOINGNG TV OEOOUEV®V, Y10 TV OTEIKOVIOT] AWMV TV dl0-
(POPETIKDOV PETAPANTAOV, LE GKOTO T1) OMovpyio. LoG YPOPIKNG Kot S1dpacTIKNG amdS00nG
TOV aPYIKOV 0E00UEVAOV. AVTO OTOTEAEGE KAl Lo TPOoTABELD Y100 TV KOADTEPT KATOVON oM
TOV OEGOUEVOV, KOL TNV TOPATHPT O TOOVOY 0paTdV HOTIPOV amd To apyIKd, omd TIG OPYLKL
dvuovonTeg kol SOVCKOAEG OTT| dLoXEIPIoN YPOVOCELPES.

o YUYKPLG1] (POVOGELPAV SLUPOPETIKOD PUIKOVG:

E&aAelyape v €£GpTNoN TV evepyel®dVY amd TNV TOPAUETPO TOL YPOVoL. AVTO GUVERT AdY®
NG EMAVOANYIHOTNTAS TOVGS, KoL TOV YEYOVOTOG OTL TOAAES OO TIG EVEPYELEG TPOLYLLOTOTOLOVVTOL
o€ ouveyeic emavarnyels, yopic va emnpedlovy to amotéieoua. H apyikn pag tpocséyyion frav
Vo ONUIOVPYHGOVLE VO KAVOVIKOTOUUEVO SIUVUGLE GUYXVOTHTMV Y10 OA T UVOLOTA GE [l
mopTida. ATopacicape OLLOG VoL EVOOUATAOGOVLE TEPIOCCOTEPES TANPOPOPIES Ao TA APYLKAL
dedopéva. H telMkd pog mpocs€yylon NTov vo KATAGKEVAGOVLLE VOV KOVOVIKOTOWUEVO TTivaKo,
petapdosmv yuo kd0e maptida. Kabe kel Tov mivaka avtimpocwnevel Ty mBovotnta petdfoong
amo Evo pvopa o€ éva GALo. Me amAovatepa Aoy, To KeAM[A][B] eivar n mbavotrta ektéleonc
g evépyelag B petd myv evépyeta A. O 1pdmog avtdg amodeiydnke 1dtaitepa xpHoYOs, Kot Jog
Bonbnoe oto koppdtt TG Mrnyovikng Mabnong.

o Ymoloyiopnog AT0GTAGEMV:

Yxedldotnie Kot VAOTOmONKE £vag TPOTOC VTOAOYICHOD OMOGTACE®V UETAED SLOPOPETIKMV
SO1ACTATOV AVTIKEWEVAOV (TIVAK®V), LLE OKOTO T1 GUYKPLOT] TOV AVTIKEWEVOVY TOL ONUIOVPYY-
GOLLE KOl TNV EVPECT TNG GYETIKNG TOVG amdotaoms. H mpatn mposéyyion ftav n petatpomnr) tov
nivako og SIAVLGHLO, Kot 1 dgvTepn NTav 1 dnpovpyio Twv peBdS®V VTOAOYIGLOV OTOGTAGEWY
KoL 1) xpron Toug 6tovg aryopifuovs. H viomoinon avth mepieiye moAAEG YvmoTéEG ebddovg
(Euclidean, Cosine, KL-Divergence, KS-Test, Infinity Norm) kot a&tomomOnke mepattépo 610
KOLUATL TNG EQPAPULOYAC TOV aAyopiBumv Mnyavikig Mdbnong. Katd tnv extéleon tov mtel-
POUATOV LOG, TOPATNPTCOUE CNUOVTIKES SLOPOPEG GTA AMOTEAEGUATA, AVAAOYA [E TN pEB0SO
OmOCTOONC TOV Elyope EMAEEEL.

e Classification:

[Mepapotiotikape pe dvo aryopibuovg Classification ota avtikeipeva mov dnpovpyndnkoy
petd v mpo-enelepyacio towv dedopévav, tov Nearest Centroid Classifier, kot tov k-Nearest
Neighbours Classifier. Ka0e mpotov €xet dtapopetikd yvopicpato (Product Group, Product
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Cleaning Group), 1161 yv®ootd and ) dodikacio anddoong etikétag, emopévag to classification
mpayuatomomOnke pe facn ovtd To yopaktnplotikd. H andctaon tov aviikelnéveoy frov
pio amod g mapapétpovg kabe extédeons. I'a tov akydpiBuo k-NN, 1 tiun Tov k ftav o
mopdueTpog mov eniong e&etdonke. Ta dedopéva ekmadevTNKAY, Kot emAEXONKe Kol Eval
delypa tesing, MOTE Vo TPOGIIOPIGOVLLE TNV OTOSOTIKOTNTA TNG Slodtkaciog, 1 onoia petpnnke
pe dvo pebooovg, t1g Accuracy kou Kappa Coefficient. Ta melpdpota édwcav evolapépovia
OTOTEAEGLOTO, LLE GKOP OOJOTIKOTNTOG LEYPL Kot 85%.

e Clustering:

[Ipocappocape tov adydpBpo k-Means yia Clustering, kat, Bacilopevol Kot Tt 6ta d1a.po-
PETIKA YVOPICUATO TOV OVTIKELEVOV- TPOLOVI®V, T Yopicaue o dapopetikd clusters. H
TOPALETPOTOINGT TOL aAyopifuov eotiace o€ 600 KOTEVOVVGELS, TNV ETILOYN TOV OPYLIKOV
KEVIP@V, KOl TNV KOTAAANAN emthoyn TG pebddov vToroyiool amdGTIeNG AVAIESO GTO OVTL-
Keipeva. Avo ftav pébodot a&lordynong tov nelpapdtov, ot V-Measure kot Rand Index, kot
AO00GT] AVTAV TPOEKVYE APKETA YOUUNAT, LE PEYIOTO OKOP YOP® 6T0 36%.

7.4 Aopn Authopotikng Epyaciog

Y10 kepdraro 8 opilovpe T0 TPOPANUE 01O Omoio Do epyacTOOLE, KOl OAEG TIC OLOPOPETIKES
TAPOUETPOVG TOV, TEPLYPAPOLIE OAN TO PrLLOTA Y10 TNV EMEEEPYACIO KO KATAVONOT TOV SEGOUEVDV,
Ko Topovctafov e To epyoeio visualization mov SNUIOVPYNCALE Y10 TIC AVAYKESG TNG ETALPEING OO TaL
dedopéva TG TopaymYNG.

270 KEPAAOL0 9 EMKEVIPOVOLOUGTE GTO BE®@PNTIKO VIOPAOPO TOL ATALTEITAL Y10l TIG EQAPUOYES
E&6puéng Aedopévav kot Mnyavikig Madnong. Opilovpie Tig Topamdvm EVVOleg, Kot 0VOADOVLE OVTEG
tov Classification kot tov Clustering, mov ypnoonomnkav oty tapovoa epyacio. [Tapovoidlovue
emiong T1g €vvoleg g Amdotaong kot g AZoAdynong otn Mnyaviky Mdabnon, kot tig pefddovg ko
TEYVIKEG TTOV YPNOLULOTOMONKAY Y10 LTOVE TOVG VITOAOYIGLLOVG.

1o kepaiato 10 mapovsidlovpe v vAomoion g Avong pag. Ot drudwkacieg tov Clasification
kot Clustering moapaperporotodvrol Kot €ENyodvTal avaALTIKE, v epapuolovial 6oL ot TpOToL
VTOAOYIGHOD TNG ATOCTACNG KOl TOV OKOP 0OO00TG GTA TEWPALOTO TOV EKTEAODVTAL.

Y10 Ke@aiowo 11 mapabéTovple Ta omoTeAéopata Kot To dtoypdppata tov epapdtov tov Classification
kot Clustering, y1o 11 S10(POPETIKEG OPYIKOTOUGELS TOV AAYOPIOU®Y Kot TIC VAOTOW GELS TOVG.

Téhog, oto kepdAato 12, cuvoyilovpe To GUUTEPACUAT LG OO TO OTOTELECILOTA, KO OVAPEPO-
poote ota Opato oto omoio dev ElYOLLE TNV EVKALPIO VO EPYOGTOVLE, KOl TOV UTOpohV va Anedodv
vdyn o HEAAOVTIKN Epyacia.
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Kepaiaro 8

Ieprypa@n Tov HpoPfiquatoc kot TV Agdopuévev

e o106 10 Kepdroto, meptypdpovpie OAQ TO YOPOKTNPIOTIKG TOL TPOPARUATOC TNG Propmyaviag
7OV OVTIHETOTILOVE OTNV TOPOVCH SITAMUOTIKY EPYACIN, KOL TA OPYIKA PLOTO TTOV KAVOLE Y10l VO,
0ELOTOGOVLLE TO OEGOUEVA TTAPAYDYNG TOV LaG 000MKaAY, LLE EVO OTOTEAEGLOTIKO TPOTO.

Ytmv Evotmra 8.1, apyucd meprypdeovpe T d10d01Kacio avapel&ng, oty onoio Kol ETKEVIP®VOLOOTE,
opilovTog T O CMUOVTIKA TNG onueio. 11 cuvéxela, TopoLGLalOVIE OAES TIC TAPAUETPOVS TOV
apyIKoL GUVOAOL dedopévav kat opifovpe GuvorTiKG To. Pritata Tov akoiovdndnkav oty dtadikacio
Kol TIG PACIKES TPOKANGELS TOV AVTULETOTIGULLE.

Ymnv Evotmra 8.2, meprypdpovpe Tig teXVIKEG Tpo-enelepynciog mov alonomcale, ol 0Toieg glval
yoplopéveg o Tpelg Katnyopieg, Flattening, Labelling kot Object Creation.

Télog otnv Evotnta 8.3, avoldovpe TOV TPOTO LE TOV 0010 OVOTOPACTICULE YPAUPIKA T ded0UEVAL
LLOG KOl TOPOVGIALOVIE TO EPYOAELD TTOL TAPOUUETPOTOMGALLE Y10 TOVG GKOTOVG TG ETOLPIOG.

8.1 Ileprypaon Ilpofrpatog

Ye avt v Evomro, tapovcidlovrar o1 facikég mapapeTpot Kot LETOPANTEG.

8.1.1 Ileprypaon Ofpatog

To B¢pa to omoio peietioape givar Eva vapkto TpdPfAnua. Ta dedopéva, Tpoépyovtar amd
Johnson & Johnson Hellas, kot cuykexpipéva, ta dedopéva mov ypnooromonkay ot Mnyaviky
Mabnon, eivar amd éva suykekpipuévo Aoyeio To omoio PpiokeTol 6€ VPO TOPAYWOYNE TOPTIOW®V,
o€ éva gpyootdcto otnv EALGSa. Xe kdOe Aoyeio pmopel va mpaypotonombei £vag cuykeKpLUEVOC
aplOpOG EvepYELDY, LECH TV OTOIMV UTopel va TapayOel pia peydAn mowikio mpoidvtwy. [lapakdto
umopeite vo Ppeite TePIocOTEPEG TANPOPOPIES Y TO KGOE GTOYE .

o Aoysio

A6 10 d0YEl0 £)EL KATOL0VG PUNYOVIGLODE OVTOUOTOTTOINGNG AALG Ol TEPIGGOTEPES dIEPYOOIES
EKTEAOVVTAL OO TOV XEPLOTH. Agv BE®@POVLLE PO TO VA AVOADGOLLLE AKPIPDS TOlEg Eivar
OVTOLOTEG KOl TOLEG EKTEAOVVTOL 0O TOV XEPLoTn. H eme&nynom tov apy ko Guvorov ded0UEVEY
Oa yivel oty endpevn vo-evoTnTa.

o Avapaitn/Mapayowyn

H Paocwkn Aeitovpyia tov doygiov sivar 1 avapén StaQOPETIKOY VADOV LE 6KOTO VO, TapdEovpE
KATO10 GLYKEKPEVO TPoidv. Ta mpoidvTa mokiliovv, ond A0GIOV PEYPL EAOL0 KoL KPEUEG.
Kdémowa amd to factkd vAIKA mapéxovtal amd Eva. SIKTLo TOV EPYOCTAGION Kot GAAN OO Lol
KOTOTOKTN OO TOV XEPLOTY TOL doyEiov.

o IIOavéic Evépyserec

O mBavég evépyeteg mov pumopohv va mpaypotonombobdy givar: Avadevon, ®épuovon, Yoén,
Ewcaywyn Pevotov, Anpuovpyia Kevoo. [ToAld and ta mapamdve pmwopodv va yivouy tautdypova,
Yo TaPASELY LA, BEppLavEN Kot ovAdELON.
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o Katayeypappéveg Tiypéc

Onwg o meptypagel otV €NXOUEVT] VTOEVOTNTO, Ol EVEPYELEG OV EKTEAOVVTAL GTO do)Elo,
amofnkevovtol amd £va PLC og pa xpovocelpd amd PnvoploTo Kot TIG KATAAANAES LETPNOELG
KOl YPOVOCTLAVGELS. YTTApYEL £V GUYKEKPILEVO YOPUKTNPIGTIKO GYETIKE [ T popen Tov CSV
oty €060, T0 omoio givat To akdAovbo:

Ot tipég kataypdpovtor LOVo Katd TiG ¥povikég oTiypés mov oupPaivet kamowr evépyeta. [a
KdOe petafAnti éxovpe d00 TIES, L €IVOL 1) TPAYLLATIKY TIUT TOV KATOYPAPETOL Kot 1] GAAN
elvar n i mov €xel oprotel omd Tov ¥EPLoTY Kol Tpoomafdel va pOAaceL To doyegio Héco TV
gvtoAdv tov PLC. I'o mapddetypa, yia tnv Beppokpacio govpe v petpodpevn tiun 50, 87,
K0l TOV 6TOY0 oL B€AeL va emtdyeL To Soyelo, Tov pmopet va givon  Beppokpacio 75 Babuoi
Keloiov. Avtég ot tipég amodnievovior mg 000 SPOPETIKES YPAUUES 6TO apykd CSV.

8.1.2 Ilgprypa@i] Tov apytkod Xvvorov AgdOpuEVOV

Av10 givan éva oA onpoavtikd pEPOG TS epyaciag pag, to omoio Ba fondncel Tov avayvaotn va
KOTOVONGEL KaADTEPQ TNV Sladikacio tpo-eneepyasiog Tmv dedopévav. Ta dedouéva mov AdPapie,
gtval ) anevbeiog £€0dog Tov PLC mov gléyyet o doyeio mov e&etdlovpe. H poppomoinom tov apyeiov
glvar CSV kot To d€d0pEVH AVTITPOCOTEVOVV EVA £TOC EPYUCLDYV.

o ITinpogopics Tov apytkod Xvvorov Agdopéveov

— Mopegonoinon: CSV

Xpovikn Tepiodog: 16/02/2015 — 13/02/2016

Yvvoro Ipappdv Aedopévav: 132005

MéyeBoc Apyeiov: 25Mb

I3t TeC (XTAeq):

* StateAfter

* MsgNumber
* Temp

* Pressure

* Agitationl

+ Agitation2

+ Homogen

* Pump Power
+* Raw Meterials

* TimeString

e Screenshot Tov apyikov CSV
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A B C D E F G H I ]

1 |StateAfter MsgNumber Temp Pressure Agitationl Agitation2 Homogen Pump Power Raw Materials TimeString

2 1 352 78.62 0 14.34028 2475579 a 0.8101852 16.02.2015 09:41:08
3 1 564 78.62 0 14.84028 2475579 a 0.8101852 16.02.2015 09:41:08
4 1 553 75 -500 15 30 750 60 16.02.2015 09:41:08
5 1 565 75 -500 15 30 750 60 16.02.2015 09:41:08
6 1 552 78.89 1.15741 14.84028 24.75579 1] 0.8391203 16.02.2015 09:43:39
1 1 564 78.89 1.15741 14.84028 24.75579 i} 0.8391203 16.02.2015 09:43:39
3 o 533 75 -500 15 30 750 60 16.02.2015 09:43:39
9 ] 565 75 -500 15 30 750 60 16.02.2015 09:43:39
10 1 522 50.715 1.15741 6.534722 25.62182 a 0.8101852 21.20999 16.02.2015 10:25:43
11 1 523 75 -500 15 31 750 60 500 16.02.2015 10:25:43
12 ] 536 771 0 14.83333 2477691 a 0.8101852 16.02.2015 10:25:43
13 ] 562 771 0 14.83333 2477691 ] 0.8101852 16.02.2015 10:25:43
14 1 537 75 -500 15 30 750 60 16.02.2015 10:25:43
15 1 563 75 -500 15 30 750 60 16.02.2015 10:25:43

Yomua 8.1: Apyikn popen tov apyeiov dedopévav CSV

o Emeinynon tTov onuovTiKOV peTafinTtdv TV 0£00pEVOV

— StateAfter: Avti n petafAnti unopet va eivan gite 0 gite 1. Avtd onpaivel 6Tt av givat 1
N evépyeln ekkivel, evad av ivar 0 1 evépyelo oTOUOTAEL EKELVT TNV YPOVIKT GTIYUT.

— MsgNumber: Méow 10V apyelov ameikdviong LTopovLEe vo dovpE TNV e€ynon Tov Guy-
KEKPIUEVOL UNVOLLATOC, dNAOT TOL0, EVEPYELD £YIVE GTO OYELO TN YPOVIKT GTIYUN QTN
Hopokdtom propeite va deite pepikd mapadeiypato TETOWMV UVOUATOV.

A B
500 ANAKYKAODOPIA AMO MANQ
501 ANAKYKAO@OPIA AMO NMAND ( Set Points )
504 AAEIAZIMA ZETNT
505 AAEIAZMA ZE TNT ( Set Points )
522 EIZATQMH AMIONIZMENOY NEPOY
523 EIZAMOMH ANIONIZMENOY NEPQOY (Set points )

IR = I W R SRR R I

Yympa 8.2: Iopadeiypata MsgNumbers

— TimeString: Avti M PETAPANTY HOg OIVEL TNV YPOVIKH GTIYUN TOV £YIVE 1) GUYKEKPLUEVT|
EVEPYELDL LLE OVAAVOT] OEVTEPOAETTOV.

o Alyopiopog

H cuveyng xpovoceipd unvupdTtov eVEPYEIDY 0V LG £0MOE Koio TANPOQOPio, GYETIKG LUE TNV
évapén N mv Mén tov Taptidmv. O duympioidg Tovg TaV Eva TOAD GNUOVTIKO KOUUATL, TO
01010 LLOG EMETPEYE VA EPUPHOCOVLE TIG TEYVIKEG Mryavikng Mdabnong, omwc 6o e&nynbei ato
Kepdhato g YAomoinong.

O doyoplopds TV apyikdv dedopévav ae chunks” £ytve a&lomoIOVTOC GUYKEKPIUEVOVS KOVO-
VEG OV UG TOVG TTOPELYOY AVATEPA GTEAEYN TOV TOLEN SLAYEIPIONG TOPAYWOYTG.

o Turho@oépnon

"‘Eva axopo onuovtikd fripa nTov 1 dadtkacio Tithopopnong Tov dedopévmy, dnAad To va
Bécovpe TIC KOTAAANAEG ETIKETEG 0T KATAAANA GTOLYElN. ZTO OPYIKE OEOOLEVA OEV VI PYE
TANPOPOPIL GYETIKA LE TO TPOIOVTA OV TapNXONcaV 1 TIg KT yopieg Tov avtd oviovy. Me
oKkomd Vo UTOPEGOVLLE VA BEGOVLE TIG KATAAANAEG ETIKETES, Log 060nKay dvo apyeia.

To mpmTo NTOV £Vl apyEio KOTAYPAPNS Ol TOVG XEPLGTEG, OOV 0 Kabévag onpeimve Tov KOdIKO
TOV TTPOIOVTOG OV PTIAYTNKE GTNV EKAGTOTE TAPTIdQ Kol TNV dpa AENG ™c. To devTepo NTav
éva apyeio To omoio mepLelyE TOVG KOIKOVS TOV TPOIOVIMV Kot SLIpopa YOPUKTNPIGTIKAE TOVG,
OT®G T0 GVOLA TOV TPOIOVTOC, KO TIG GLYKEKPIUEVEG KOTNYOPIES TOV OVIKEL, OVAAOYMG LE TNV
opadomoinon, eite o¢ eninedo Product Cleaning Group &ite o€ eninedo Product Group.
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AvTtég 01 dvo Kkatnyoplomoioelg Ba mai&ovv moAd onpovTikd poio 1060 oto classification 6o
kot oto clustering Tov dedopévav Hog.

— To Product Cleaning Group amoteAeiton amd 5 ykpoum Kot OA0 TO TPOIOVT EVIAGCOVTOL
o¢ kamoto and avtd. H akpipnig katavoun uropet vo Bpebet otnv Ewdva 8.3

— To Product Group &ivot pio S10popeTiKT KoTyoplomoinaen kal aroteAeitol omd 12 ykpovur,
KoL, OTMG KOl GTIV TPOTYOULEVT], £TCL KOL GE ALTN, OAQ T TPOIOVTO AVIIKOVV GE KATOLL
katnyopio. H axpipng katavoun puropet va Ppebdel otnv Ewcova 8.4

Product Cleaning Group Distribution

60.0%
52.0%
50.0%

40.0%

30.0% 26.0%
20.0%
12.1%
10.0% 6.8%
0.0% ||
Aveena Wash Aveeno Emulsion Emulsion Opaque Wash Transparent Wash

Xyqpe 8.3: Katavoun tov Product Cleaning Group

Product Group Distribution
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&7 : /70
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Aveeno  Apple cream Facial Foamer LPM Doudou NTG Body Picsou C  Saphir Lotion Shampoo SN Wash / Sprays T-Gel
Lotion Washes Wash OKO Cream

Xyqpa 8.4: Katovoun tov Product Group

8.1.3 Opropdg TV vrompofrnpatov

AVO amd TO O CNUAVTIKA TPOBANLOTO TOL OVIILETORTICANE, Kol Eemepdoalie, sivat To akdlovOa.

o Emioy Metafintov

Y10, apykd dedopéva mov AdPape elyope apkeTEG HETAPANTES LE TIG OTOIES UTOPOVGOLE VO
dovAéyoupe. "Yotepa amd KATOloug apyikoDs EAEYYOVC, ATOPAGIGAULE VA TPOY®PHooVLE a&lo-
TolOVToG Hovo v petafinty MsgNum. Xty Evomta 12.2 avagépovpe 0t tpémel va dobel
Waitepn EUPaCT 6 LEALOVTIKT] SOVAELD Y10l VoL S1EpeuVN 000V T0L 0TOTEAEGILOTO TV ahyopiOumy
av evoouat®Bodv Kot GAAES LETAPANTES TOV apYIKOV OESOUEV®V.

72



o XUYKPLON 0KOLOVOLOV d€dOPEVOV VIGO0V PKOVG

Onwg katarafaivel kaveic, kaOe maptidn propei vo mopaydel e StapopeTiKods GVVIVAGIOVG
dpdoewv. Avto ogeiletal 6To YeYovag OTL kGOe YEIPIoTNG UTTOPEL VO KAVEL KPEG AAAAYES GTN
Sadwkaoia. Kdbe diepyacio aroteheitar omd mepimov 400 unvopato, ot odryieg dev eivat 1660
AETTOUEPEIG KO TO, VAIKA TTOV (PTGLULOTOI00VTOL £X0VV KATOL0, OpLoL AvOyng.

AvT6 TO YAPOKTNPLOTIKO TNE dtodikaciog Kabiotd Kabe maptido povadikn, 60GovV apopd 6To
UNKOG TNG YPOVOGELPAS Kot 0TV akp1p1] oelpd tav eviolmv. Omwg Ba yivel capég 6To KEQALO10
10, Ta ototyeio mov BEAOVLE VO cuyKpivovpe Ba Tpémel va xovv To 1010 PEYeBoC, TPOKEUEVOD
va yivel o classificationa 1 To clustering. H 13éa mov vAomomcape gival n KOTookeLn £vOg
[Tivaxa Metofdacewv yio ke batch. Avtog o Iivakag €yl mavta péyebog M x M, é6mov sivoar
0 aplOUOG TV LOVOITIKOV KOOIKOV Uvuudtev, To ortoio gival to id1o yio kdbe maptida. Xtnv
nepintmon pog, M = 45.

8.2 Ilpoenelepyooio Tmv Agdopuivov

Y& avt v Evotnro 6Aeg o1 pébodot mov ypnoiponombnkay yio v npoeneiepyocio Tov de-
dopévav o avaivBovv. O pOAOG AVTOV TOV TUNLOTOG TNG EPYACTNG NTAV Vo Yivel KaBapioHoOg Tov
apYIKOD GUVOAOL GESOUEVOV, MOTE VO EIVOL TTLO EDKOAO VO YIVEL 1] OTEIKOVIOT TV OEGOUEVOV, KOL VL
epapprochovv ot aryopBpot Classifiaction kot Clustering.

8.2.1 Flattening - Ka@apiopog

Onwg e&nynnke oty vroevomta 8.1.1 ta dedopéva Epyovtor oe Levyn petpioewv Kol Set-
Point. I'la ToAdY0 avto, £yovpe avartdcel pia dtadikacia flattening, TPOKEWEVOL VAL O1|LLLOVPYOVLE
pio ypopun yio k@0e evépyela, 1 omoia vo TEPLEYEL Kol OAEC TIG LETPNOELS Kol OAa To. Set-Points.
IMopdiinia, Ta dedopévo Kabapiotnkay omd T SOKIUACTIKES TIEG TOV giyav sicayBel amd Tovg
ypNotec. Avtd éyve pe Pacikd okomod vo fondnocel tn dodikacio onTiKoToinomg.

8.2.2 Twuloeopnon

Onwg avapépOnke TPonyouHEVMC, 1) amdS00T| ETIKETOV NTAV EVOL GTLOVTIKO KOl amopaitnTo fApa,
O10TL, LEGQ AT TIC ETIKETEG TOL OMGALLE OTO OEO0UEVA, NHAGTAV G€ BEoN VOl 0EI0AOYGOVY TV 0Tddoon
TV alyopiOumv.

To apyeia Tov ypnoponomdnKoy oe 0vTO TO KOUPATL TAV TPiO: TO OPYELD KOTOYPOPTG OO TOVG
YEPIOTES, TO UPYEIO OTEIKOVIOTG LETAED TOV KOSIKOV TOV TPOIOVIMV KOl TV YOPAKTNPIOTIKAOV TOV
TPOTOVTOC, KAOMG KoL 1 OPYIKY| YPOVOGELPH UIVOLATOV dPAGEDY TOL TEPLEYEL OAO TO. QPYLKE GTOLYETD,
OLOY®PICUEVOL GE KOLLLATLOL.

To mpdTo Prpa NTAV VO EVODUUTMCOVLE TO YOUPOKTPLOTIKA T®V TPOTOVTI®V Y10 TIC TAPTIOES TOL
Bpébniav oto apyeio kaToypaens. Avtd NTov oYETIKE £0KOAO, Yot ELYOLE TO LOVASTKO KOOIKO TOV
TPOIOVTOG amd TO OPYEI0 KATOYPOUPNS, O OTOI0g NTOV CVTO TOL XPELLOTOV TPOKEEVOL VOl AvaKTNHOVV
OAeC oL amapaitnteg TANpopopieg amod To apyeio ametkdvions. To pdvo TpOPAN O TOV GUVOVTHGOLE TAV
1] OTAVIA TEPITTWGT OPIGUEVAV A0BDV GTOVE KMIKOVG TPOTIOVTOG, OTMS OVTOT NTOV KATOYEYPALLLEVOL
610 apyeio Kataypapnc. Ta yapoaknplotikd Tov avaktiOnkay ftav to Production Cleaning Group
kot to Production Group.

To dgdtepo Prpa NTAV VAL GUVEVAOGOVLE TO TPOTOVTE, OTMG HoG dOONKAY 6TO apyeio KaTaypaeng
e TIC TOpTideg omd To apyikd chvoro dedopévmv. Evo n dtodikasio eatvotay e0KoAn, amodeiydnke 01t
Nrav apketd amorttik. O 1pdmog mov €yve avtd NTav va Ppebei o xpdvog ANENG H0G CUYKEKPLUEVTG
ToPTIONG 6TO apyElo KOTOYPOPTG KaL, GTY GUVEYELD, VO EVTOTIGOEL amd TO apyikd GOVOAO dEdOUEVAV, TO
KOUUATL oV giye TV TAnciEatepn dpa AnéEne. Tpila Htav ta KOpLo TpoPfARHATA o€ QVTH TN dladIKaGio:
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o O AavBacpévog Tpomog e TOV OTTOI0 EIGEPYOVTAL Ol YPOVOCT|LAVGEIS GTO aPYEI0 KOTOYPAPNG.
Avt glvan pia dtadtkooio Tov eKTEAEITOL LLE TO Y¥£PL, TO OO0 GNUOIVEL OTL LIPYAY TOALG AGOT

KO U1 XPNCLOTOMGLLES TANPOPOpPLECS.

e Eme1on 1 dadkacio Stoaympiopod Tov apykod GLVOAOL SEFOUEVAOV EYIVE GO UN-TEAELOVG
KOVOVEC, LEPIKES TOPTIOEG CLYY®VEVON KAV Kot AAAES dlaympioTnKay cg dvo.

e H aovupavia peta&d tov dvo apysiov. [Ipokeiévou va yivel ) aviiototyic, VAOTOMGaLE Evay
aAyOpOLO, 0 0TTO10G OTESIOE TIG ETIKETEG GTO MANGIEGTEPO KOUUATL Tapayync. Eneidn Ppébnkav
TOAD LEYAAEG SLOLPOPEC, OTOPUGICULLE VO PN GLLOTOUCOVLLE, Y10, TO HEPOS TNG Mnyavikng
MadOnong, povo ta koppdtio ekeiva wov giyov ¥povikn olapopd pKkpodTepn omd 7, LETOED TOL
XPOvoL AMéEnc mov Ppébnke oto apyeio kaTaypoaEng Kot ekeivov mov damiot®dnke and Tov
S OPIGUO TOL APYIKOD GLVOAOD OESOUEV@V.

8.2.3 Anmovpyia Avrikeipévov yio Ty Mnyoviki) Madnon

To teAevtaio Prjna e npo-enelepyaciog TV 0E00UEVOV NTAV VO KOTOoKELOGOEL éva vEo Voo
dedOUEVMV, TTOV TTEPLELYE TO, TPOTYOVUEVMG EXIOTLOGUEVE, KOUUATIO, GE o a&lOTOGIUN HOPPT.
Amnogacicape va dnpovpynocovue v Kiaon Chunk kot va petotpéyoupie v kébe maptida oe Eva
GTIYHOTVTO aVTHS TNG KAGonc. Otav dnuiovpyndnkav 6Aa, ta omobnkedoape og £va apyeio JSON,
vl evKoAGTEPT TPOGPaoT KAl Yio VO, S1acPOAGOEL 1) AKEPAOTNTA TNG OLAOIKAGIOG [LOGC.

o Ileprypagn ™ Krhaong Chunk

1 class Chunk(object):
k def __init_ (self, **entries):
4 super(Chunk, self).__init_ ()

6 #The start time of this chunk as found on the initial data—set
7 self.start_time = None

8 #The end time of this chunk as found on the initial data—set

9 self.end_time = None

10 #The chunk_type can be either ”Production” or ”Cleaning”

1 self.chunk_type = None

13 #The product code as found from the log file.
14 self.pr_code = None

15 #The end time as found from the log file

16 self.pr_logged_end_time = None

18 #The following attributes were found from the referance file through the
production code

19 self.pr_name = None

20 self.pr_group = None

21 self.pr_cl_group = None

23 #This is used for both classification and clustering

24 #This attribute is set to the name of the class/cluster it belongs
25 #and is being evaluated at the end of each experiment

26 self.cluster = None

28 #If this chunk represents the center of a cluster,

29 #this variable is set to its name
30 self.name = None
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32 #This is the Transition Matrix of this chunk
self.TM = None

35 #This function is used by create_TM in order to initiate the Transition
Matrix

36 def init_TM(self, num_msgs):

37 self.TM = [[0® for _ in range(num_msgs)] for _ in range(num_msgs)]

39 #This function creates the Transition Matrix of the chunk
10 #Given the message sequence and a message dictionary

41 #1)intialises the Transitions Matrix

42 #2)for each transition from message A to message B increases by 1 the
respective cell

43 #3)normalises the matri by row

44 def create_TM(self, msg_sequence, msgs_dict):

45 self.init_TM(len(msgs_dict))

46 cur_msg = msg_sequence[0]

.

48 for 1 in range(len(msg_sequence)—1):

49 past_msg = cur_msg

50 cur_msg = msg_sequence[i+1]
51 self.TM[self.msgs_dict[past_msg]][self.msgs_dict[cur_msg]] += 1

for row_id, row in enumerate(self.TM, 0):
54 row_sum = sum(row)*1.0
55 self.TM[row_id] = [0.0 if row_sum == 0.0 else cell/row_sum for cell
in row]

Listing 8.1: YAonoinon v KAdong Chunk

o Anmovpyio ™™g AMotog Chunk kot €ayowyn o JSON

KdéBe xoppdtt mov Ppébnke otnv apytkn Stoay®plopévn AMoto SEG0UEVMVY, LETATPATNKE GE VOl
avtikeipevo g kAdong Chunk. Ta ototyeia avtd yopilovtat o€ dvo Pacikd €idn, Cleaning
Chunks” ka1 ”Production Chunks”. Onw¢ umopel kaveig va 0l 6TV VAOTOINGN TS KAGONC
Chunk, opiopéva yapaxtmploTikd GOUTANPGONKAY KaTd T dNpovpyic Tov Kabe avTiKEEVOD,
KoL GAAQ EPEVAY KEVAL.

"Eva amd to o onuavtikd yopoktnptotikd tov Chunks sivat o ITivakag Metofdcewy, o omoiog
dnuovpynonke omd Ty aAAnAovyio TOV UNVOUATOV EVEPYEL®V GE KGOE TapTida.

Orav 6Aeg o1 TapTideg emionuavOniay Kot petatpdmnkay o€ avrikeipeva g kKAdong Chunk,
amofnkevoape TV AMoto ovTh, TPOKEUEVOD Vo EYOVLLE £Vo 6TOBEPO GVUVOAO SEGOUEVMV Y10
TEPOLTEP® TEPAUATICUO KOL VO UMV OTTOLTEITOL €K VEOV EKTEAEGT] TOL 0AYOp1Oov. H £€0d0¢
Nrav éva apyeio JSON, 1o omoio amodeiydnke TOAD ¥pPNGUYLO GTH GLVEYEL.

8.3 Ontikomoinon TV Agdoopévemv

Yy apyikn cuvoptAio pe tnv Johnson & Johnson, iye emkowvmvnOei pe capvela 0Tt pia Kpioyn
avayK” Yo EKELVOVC, NTOV 1) SLVATOTITO VO OTEIKOVIGTOVVY T0, 0EOOUEVA OO TV TOPYWYIKT SLUOIKOGIOL.
Av 1 gpyacia NTov TOoAD SHOKOAN Kot KATOLEG POPEG AdVVATI] LECH TOL OPYLKOD GET OESOUEVMV,
Ady® Tov YeyovoTog 0Tt KGOe TapTida propel va amotedeitol amd £mwg kot 800 oepéc dedopévav. Ia
TO OKOTO CVTO, OMUIOVPYNOUUE EVO EPYUAEID OTTIKOTOINGONG, Y10 VO, ATEIKOVIGOVUE YPAPIKA OAES TIG
petafAntég mov mapéyovtatl. Avto to gpyaieio etvor 1on o yprion Kot £xet amoderyBel moAd ypMcLLO
GTNV TOPOKOAOVON G| TNG TOPAYOYIKNG O1001K0GT0G.
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8.3.1 Ymodopég kaw MeBodoroyia

H ontucomoinon tov dedopévav oe daypdppota £yve pe ) xpnon wog Piprodning javascipt.
2uvovdoape StApopa dLOYPAULOTO Y10 VO STULOVPYNCOVLE KOl VO TPOCSAUPHOGOVE TO CUYKEKPIUEVO
gpyareio.

To PripaTo Tov 0 xprotng el va Kavel eitval 1) tomoBétnon tov apyeiov CSV o€ KatdAAnAo @dkero
KoL 1 Evapén Tng EPUPUOYNG TPO-ENEEEPYAGIOG, O TN apYIKN oEAId TOL gpyaeiov, OTwS paiveTan
ota endpevo oynuata 8.5. H iotoceAida avth dnpiovpyndnie pe ypinon PHP kot HTML. An6 avtd
TO PriLol Kot ETELTA, 1) SLOSIKOGI0 EIVOL AVTOUATOTOMUEVT KOl O YPNOTNG TPEMEL VO TEPLUEVEL LOVO
uepkd devtepoAenTO TPOTOV Vo ivar o€ B0 val deL TO ddypappia.

H npo-enelepyacio apyiletl pe v avdyvoon tov apyeiov g166dov CSV, 1o apyeio kobapiletor
OO TIG TYEG TOL AgimovV Ko petacynuatifetol 6€ pio o KATiAANAT LOPPT Yo TNV OTTIKOTOIN oM,
onwc eEnyeiton oto onueio 8.2.1. To Tponyovuevo pépog viomombnke povo pe ypnon Python. X
OLVEYELD, TO apyElo amobnievetan og Evav Tivaka g Baong dedopévav. XpnoipomowmOnke 1o WAMP,
TO 07010 HOG EMETPEYE VO dNUIOVPYNGOLLE pia Bdon dedopévav MySQL.

MOoAg givar OAa £Totpa Ko amobnkevpéva ot fdon dedopévav, o xpiote uropel va petafel ot
oehida e TO ddypappa. Avti 1 6eAlda eival To TEAMKO OTOTELEGLO TNG OTTTIKOTTOINGNG HoGg. Mmopodpe
Vo SOVLE TEPIOCOTEPEG AETTOEPELES KOl EIKOVEC TOV EPYOAEIOV GTNV EXOUEVI] DITOEVOTNTA.

8.3.2 Eme&nynon tov Awypappatog

o Ileprypaon

2TOY0G oG NTAY VA amEIKOVIGOOUY OAeG Ot LETAPANTEG OE £Vl YPAPN LK, £TGL MOTE O YPNOTNG
va glvan o€ 0éom va 0el OAeg TIC cvoyetioelg kat Tig e&apTioelg HETAED TOVG, VO UTOPEL va
emAEEEL TOlEG VO, OTTEWKOVICHOVVY Kol Toleg va, KpOyeL. To dtdypappa mopéyet T SuvatodTNTo
euPaviong N amdkpuyng Kabe Eeywplotig HeTaPANTHG, KAVOVTOS KAMK GTO OVOUA TNG OTO
KAT® pEPOg TG 000VNC, Kot TV omoia HETafANTH 61N cuvéyeln eppovilel | amokpOTTEL TOGO
oto Ypdonua 660 Kot otov Kabeto afova. EmumAéov, o ypotng umopel v ETIKEVTPAOGEL TO
YPAPNLLO GTO GUYKEKPUYLEVO YPOVIKO TAOUGLO OV TOV EVOLAPEPEL, EITE TANKTPOAOYDVTAG TIG
axpiPeig nuepounvieg ot eV deE16 KOVTIA, 1) EMAEYOVTOG L0 070 TIG SUVATOTNTES OTNV TAVED
aplotepn yovia, gite, T€A0g, Le TNV Kivion g umdpag 6To katwm pépog tov xaptn. [lpocBécaue
EMiONG Lol EMITAEOV LETOPANTN, G LOPOT CNUALDV, 1 OToin TooBEeTEITAL GTO KAT® HEPOC TOV
SLyPALLOITOG KO, LE TO TEPAGLOTOV JEIKTT TOV TOVTIKIOD, ELPAVILEL TO VOO TNG EVEPYELOS
OV GLVEPN EKELVT TN XPOVIKY oTIYUR. Mepikd otrypudtuma amd to epyareio Tapovsialovral
TOPAKATE.

o YTrypiotomo.

Hoapoxkdtm propeite va Ppeite 1o TpoavapepBEva oTrypidTLTA, TO OTTOT0 LITopovV va fonbncovy
GTIV KATOVONGT TNG AELTOVPYING TOV EpYALEioV.
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Visualisation Tool

NTUA Thesis Project in cooperation with Johnson & Johnson Hellas

Developed by:

Haris Michailidis ~haris.michailidi il.com

Isidora Tourni  isidora.tourni@gmail.com
Instructions
1) Copy the proper CSV to the VT_input folder
2) Rename it o "input.csv”
3] click on the "Run Main Script” button
4) Wait for ~1min

5) The Log and an extra button will appear
6) Click on the "Go to Chart" button

Run Main Script

Yyqpa 8.5: Epyaieio Ontikomoinong - Landing Page

Av1d 10 otrypuidtumo deiyvel TNV apyikn ceAida Tov gpyaieiov, OOV 0 ¥PNGTNG WITOPEL va
daPacet tig odnyiec. Otov €xel oAokAnpwbei | TomoBETMON TOL OPYEIOV GTO COOTO PAKELO,
KAvel KMK 6710 kovuni “Run Main Script”.

Mixing Process Charts

Zoom 1n  1d Al From | Jan 26,2016 | To |Jan 30, 2016
120C 6000 Kg
100 5000Kg
® 80T
2
5 e0C
e
a0
20C
" " " " " "
u
u
o " " ] ] -
05:00 16:00 27.Jan 1500 26.Jan 10:00 1600 29.Jan 16:00 20:00 30.Jan
™~ - ! E = \ - = =
ANy NN L : [ S I \ J AN N LV
. - oy — — 27 - — o -~/ 1 jan s
Temp(Val)
= Water Input  — Total Water

Xympa 8.6: Epyoleio Ontikomoinong - Temperature, Water - 4 days

e autn Vv 006vn, 0 ¥PNOTNG EVOPEPETAL Yo TNV TapaKoAovONon g Beprokpaciog Kot
TO GLVOAMKO vepd oL VTAPYEL 6T0 d0Yel0. To ypovikd mapdbupo eivor oyeTkd peydro, pe
EMOKOTTON 4 NUEPDV.
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Temperature

Mixing Process Charts

Zoom Th 1d All From | Jan 27,2016 | To |Jan 28,2016

120°C 6000 Kg

100°C 5000 Kg

Temp(Val)
= Water Input  — Total Water

Xyfpa 8.7: Epyokeio Ontikonoinong - Temperature, Water - 1 day

Avt) givar 1 1d1o 006vn OTWG GTO TPOTYOVLEVO GYNLA, e eEAIPEDT TO YPOVIKO TOPABLPO TOL,
G€ LTI TNV TEPITTMON, gival o PiKpd Kot epeavilel povo pia nuépa tng SpacTnpLOTNTOG.

Mixing Process Charts

Zoom 1h 1d Al From [ Jan 28,2016 | To [Jan 29,2016
120°C
100°C
s0c .
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Temp(Val) Pressure (Val) — Agitation] (Val) Agitation2(Val)

Xynpo 8.8: Epyoieio Ontconoinong - Four Variables Correlation

e ot TNV 006VN, 0 YPNOTNG £XEL EVEPYOTOUOEL TEGGEPIC EEXWPLIOTEG YPAPIKES TAPUCTAGELS
pog mpoPoir|, Bepuokpacia, Ticon avadevon 1 kot avadevon 2. Méow avtov Tov YpoeILTOG,
0 YPNOTNG UTOPEL VO KATAVONGEL KAADTEPO T GYECT LETAED TOV LETARANTOV KATA TN d1dpKeLn
™G dtadkaciog avapéne.



Mixing Process Charts

Zoom 1h 1d Al From | Jan 26, 2016 | To | Jan 28, 2016

Temperature

09:00 11:00 1430 17:00 1830 27.Jan 06:30 09:00 11:00 16:00 1800 28.Jan

Raw Materials (Val) Raw Materials (SP) B Water Input  — Toral Warer

Yympa 8.9: Epyaleio Ontikomoinong - Raw Materials Addition

"Eva and to o onpovtikd ototyeio g dradikaciog avaéng eivorl n tpocdnkn vepov. X avtd
TO YPAPN Lo UTopoVpe va dovue pe Lo ypdua TNV amdAiuTn T Tov gloayfEvtoc vepod o€ Kabe
oTLypn. Me TV KOKKIVI YPOUUT TOpATpovpE TO AOpoIora OAOL TOL VEPOL oV PpicKeTal GTO
doyelo, uéypt ™ otrypn Tov amootpayyiletar amd ovtd, oTOTE 1) KOKKIVY YPOUU TTNyaivel 6TO
UNoEv.

Mixing Process Charts

Zoom 1h 1d Al

From [Jan 26, 2016 | To [Jan 28, 2016

120 5000 kg

100°C 5000 kg

Wed, 27 Jan 2016 11:03:33 GMT | EISATOTH ATTIONISMENOY NEPOY(AiEn)

a0 2000 kg
Temp(Val): 59.58°C
Raw Materials (SP): 780.00Kg
© Total Water: 4 686.00Kg
20C I 100
o ] ] u
"
oc - - - - okg
27.jan 0530 0730 09:00 1030 1230 16:00 1730 2200 28 Jan 0200 07:00
™~ . ~ v _ — ~ - ~ A A
J- Y ~ | S [ \ S LA NN S 1 Y o SR N o T g W W
g 26 yam] -~/ V68 Jan T — \A 35 Ja —r N 1 jan ~
Temp(Val)

Raw Materials (SP)  ® Water Input  — Total Water

Yyqpo 8.10: Epyaieio Ontikomoinong - Action Message Presentation

[poxepévov o ypnotrg va eival og BEon va e&etdoet TNV d0d1KaGio AETTOUEPDS, VITAPYEL EVa
KoVLTi, T0 0moio TEPIAAUPAVEL OAEG TIG TIUEG OO TIC TPEYOVOEG LETAPANTEG TOV YPAPTLOTOG GE
OTOONTOTE YPOVIKT oTiyun. O ¥pNoTNG UITOPEL vV LETAKIVEL TO TOVTIKL TAV®D GTO YPAPT LA
Kot vo, BAémet Tig axpiPeic Tyég g kéBe petaPAntig, pali pe to pivopa evépyetag eketvng g
OTIYUNG.
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Mixing Process Charts

Zoom 1h 1d All From | Jan 26,2016 = To |Jan 28, 2016
120C 5000 Kg
100°C 0 Kg
s 80°C ‘
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2 .
Wed, 27 Jan 2016 10:32:08 GMT | ENAPEH ¥YZHE(excivnon)
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Yympa 8.11: Epyaieio Ontikomoinong - Variable Values Presentation

'Onw¢ Tapovstdcdnke 6TO TPONYOVLEVO GTIYUIOTUTTO, GTO TANIGLO TOV EUEVILETOL OTNV dKpT
TOV UETPTGEWDV, OLEG O EVEPYEG LETAPANTES LTOpOohY VO, ELPAVIGHOVV, ETLTPENOVTAG GTO YPTOTN
va £YEL Lo TAPN EIKOVOL OTTOLONTOTE CTLYHN TNG O1001K0G TG,

Zoom 1h

Temperature

’—J l— H
Wed, 27 Jan 2016 10:58:04 GMT | EISATQIH ATTIONISMENOY NEPOY(exxivnon)
® Agitation] (Val): 19.91RPM
o Agitation] (SP): 20.00RPM

Mixing Process Charts

1d Al From | Jan 26,2016 | To |Jan 28,2016

Agitation2(Val): 49.87RPM
® Agitation2(SP): 60.00RPM

W T h
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Yypa 8.12: Epyoieio Ontikonoinong - Values and Set Points

€ avTo TO OTLYOTLTO, TapoLGLAleTal 1) £vvola TV set-points. To set-point givat puo Tiun,

7ov kabopiletor amd To ¥pNHoTN, 1 0TOoi0 Aettovpyel g 0dNYoS Yo T dwadikacio. Onwg propel
Kkaveig va dgt, ot TiéC SP givatl Tavta Prpootd amd Tig LETPOVLEVEG.
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Kepaiaro 9

Mnyovikn Madnon

Y& avTd T0 KEPAao, Bo avalvcovpe To Bewpntikd vVOPadpo OA®V TV TeEXVIKOY Mnyovikne Md-
Onong Tov VAoV VTAL, KO TIG TAPAUETPOVS TOVG, Kot o 0piGOVLE TIG EVVOIEG TOL Eival OTOPAITITES
Yo TV KaTovonon Tov Hebddmv paproync.

Yty evomta 9.1, e16dyovpe TOV avayvmdoTn 6Tovg Topeic Tov Data Mining kait tng Mnyovikig
MéBnong, 611G 018.popeC KATNYOPIES U0 TIC OTOlES AMOTEAOVVTAL, KOl AVTEC OTIG 0Toieg Ba emikevTpmBel
1 Tapovca epyacia.

Yty evotnta 9.2, opilovpe mepartépm to Classification ko vrokaTnyopies TOL, KOl AVOADOVLLE TIG
Instance-Based teyvikéc Mdafnong, kat, e1d1kotepa, Tov k- Nearest Neighbours akydpifpo, to onoio
epappolovpe apydTEPA 6TO GHVOLO TV dESOUEVOV LOG.

Yty evotnta 9.3, weptypdeovpe tnv évvola tov Clustering, amoplOUdVTOC TIG OLASEG OTIS OTOIEG
yopiletal, Kol aplep®@vovTag To LITOAouTo TG evotnrag otov k- Means adyopiBpo, og t pébodo
Clustering wov 0o epapOcTEL TEPAUTEP®.

Yy evomta 9.4, e€nyolue To pOAO TG AmdOGTOONS OGOV APOPH GTIC TPOTYOVUEVAG KAOOPIGUEVES
nebod0vg pdbnong, Kot avaADovE KATOIEG ONUAVTIKEG LeBdS0VG LETPNOELS ATOGTOONC.

Té\og, otnv evotnta 9.5, eEetdlovpe Kamoleg TPOooeyYIoELS Kt TEYVIKES 0EI0AOYNONG T®V OAYO-
pifpmv Tov ypnoomoovvTal 6T Mnyovikiy Mdadnon, Kot BempnTikd TeptypAd@ovpe anTég Tov Oa
¥pnoomomBody TepUITEP®.

9.1 EZopuvén ocoopévav kot Mnyaviki) Madnon

[11][3] H dwdwoaoio avakdivoyns potifpwv o dedopéva opiletar evpéwc og EEOpvén Aedopié-
vav (Data Mining). [Tpoxettan yuo piio outépotn 1| nuovtdpotn dadikacio, wov epapprdleTorl oe
ONUAVTIKEG TOCOTNTEC SEGOUEVOV, TPOKELLEVOL VO AVAKOAVPOOVY GUVIVAGLOL KOl VO, ITOKTIGOVLLE
a&16Aoyeg TANpoopieg. Avtni 1 gvpeot potifav eivar eEupeTicd xpNoLUT, KaOdS LoG EMLTPETEL VA,
TPUYLOTOTOLOVLLE LLE TETPYUUEVEG TPOPAEYELC Y100 TOL VEX dedopéva. [2]

[8] Otov to potifa, Ta omoia avayvopilovtal, avamapicTaviol o€ SOUES, TOV UTOPOVV Vo, &ETa-
GTOVV, VO 0vOALBOUV KoL VA, YPNGUYLOTOIN B0V Yo TV EVIUEPWOOT] TMV LEALOVTIK®V OTOPACGE®DYV, Ol
dopég awtég ovopdlovron dapOpwtikés. Mnyaviki pébnon ovopdletar o GLALOYN 0o TEXVIKEG Yo
TNV €DPECT KOL TNV TEPLYPUPT] GVTAOV TOV TPOTHTOV SAPOPOTIKGV dOUMV, Kot OTOTELEL Eva epyaieio
Yo TNV €EQYNOT TOV SES0UEV®V KOl TNV TPAYHATOTOIN G TPOPAEYEDY amd QVTA.

Ta dedopéva AdpPavovy 6t GuvEXELD T LOPEN EVOG GLVOLOV TOPASEIYUAT®V 1 KATUGTAGE®YV,
mov yapaxtnpifovior wg instances, kot 1 £€6000¢ TG Sadikaciog Aapupdvel T pope TpoOPAEYNS
KOl CUVOA®V KOVOVDV GYETIKA e TN vEa Ttapadeiypota, vd dedopéveg cuvOnkes. 'Etot, 1 padnon
umopel va OempnBel 6T1 £yl dV0 EexmPLoTONG OPIGLOVE: 1 dNHLOVPYIN YVAOCNE KOl 1 IKOVOTNTO VoL
xpnoomomel yio tepoITEP® GKOTOVG.

Ye epapuoyéc e£0puéng dedopévav, ot drudikacieg pabnong propovv va tavounbovv oe téooepig
SLopopeTIKOVG TOELS:

o Classification Learning, 61ov to cVotnpa ekpddnong tpo@odoTeitol pe Vo GUVOAO YVOOTMV
TAPOSEIYUAT®V, 0md TO 0ol avOUEVETAL VO LABEL Evay TPOTO TAEIVOUNGNC OVTMV

81



e Association Learning, 6mov avalnteitan ka0e cuoyétion petad xopaxtnploTikdv, oyt povo
QVTAOV TOV TPOPAETOLY [0 CLYKEKPLLEVT class

e Clustering, 6mov mpaypatomoleital 1 opadonoinon TaPASELYUATOV TOV aviikovuy pall

e Numeric Prediction, 6mov to amotédecpa mwov {nreital vo mpoPrepdei dev givar pio dtakpity
class, aAAG pio aplOunTikn mocd T

Ymv Topovoa epyacia, 600 0o TIg Tapandve Pebddovg Ba e&etactoby AemTopepms kat Oo epappo-
o000V ota dedopéva pag, ta Classification kot Clustering, To 0moio 0moTEAOVV 7O E151KOVE OPLGHOVE
Y TIg 0Vo peyontepeg katnyopieg Mnyavikng Mdadnong: Emipiendpevn kot Mn Empienouevn
Mdabnon.

9.2 Classification

To Classification KaAvmtel Eva e0pv EACHA TG OVOPOTIVIG OpacTnPLOTNTAG. TNV €VPVTEPT EVVOLA
TOV, 0 6po¢ TEPLAUPAVEL 0mol0dNTOTE AmOPacn 1| TPOPAEYT Eyive e Paon Tig dtabéocieg TANpopopieg,
Ko 1 drdwcacia classification opiletan w¢ nEB0SOG Yo TV KAT *EMOVOANYT| TPAYLOTOTOIN O T®V
€V MOY® OTOQPACEMV GE EMEPYOUEVEG KOTAOTAGELS. 110 cuykekpiéva, To TPOPANLO aPOopPd GE Lua
dwdkacio wov Bo epappoletor og pio cuveyn aAiniovyia and dedopéva, kKabeva amd To omoia
yperaletar va avotedei og o Tpokabopiopévn class, avardymg e YopaKkTPLoTikd 1 1totnTes. [ 1]

To Classification ovopaletat kot Empienopevn Mdabnon, enedn, kotd pio évvola, To GOGTNUO
Aettovpyel V7O emontio, KOOMG SLOETOVIE KOL TO TPAYUATIKO OTOTEAEC LA, Yo KaBEVA, Ao To ToPa-
delypota training. Avtod 1o amotédespa opiletar og class.

Mepikd amd To TO ONUOVTIKAE TPOPANUATO THG EXIGTAUNG, TNG Propmyaviag Kot Tov EUmopiov, Tov
OTOLTOVV TEPITAOKA KOl GLYVA TOAAG dedopéva, pmopovv va BempnBoidv wg Classification pofin-
LT, OTTMC 1) TPOKATOPKTIKT SIAYyVOGT TN VOGOV TOL AoBEVOVGS, EVA OVAUEVOVLE TO ATOTEAEGILOTA,
TPOKEWEVOL Vo eMAEYEL 1] Gpeon Bepaneia, 1) 1 TavOpnoN TOV 0TOU®V BACEL TV OTKOVOUIK®OV KOl
TPOCOTIKOV TOVG TAT|POPOPLADV.

[5] Evag peydiog apbpog amd texvikég Classification £yl avantvyfel. Mmopodie ovopacsTikd vo
TIG YOPICOVLLE GTOVG aKkOAOVOOLE TopEIC:

Logical and Symbolic techniques, 6mwg to Decision Trees kot ta Learning Rulesets

Perception-based techniques, mov avaAivovtol og Single Layer Perceptons, Multilayered Perceptons
kot Radial Basis Function (RBF) Networks

Statistics, mov mephapPfavovv Naive Bayes Classifiers kot ta Bayesian Networks

Instance - Based Learning

Support Vector Machines

Yty emodpevn evotnta Ba emikevipmBoipie otig Instance- Based teyvikée, neptkég amod Tic omoieg
epapuoctnkay oty Tapodoo HeAET.

9.2.1 Instance - Based Learning

[9] Ot Instance - Based Learning aiyopiBpot pabnong kabvostepovv t dodikacia yevikevong,
£m¢ 0Tov yivel N dwadikacia classification. MoMg éva ochvolo instances £xel amopvnpovevdei, yio Eva
véo instance 1 pvipn avadntd to vIdpyov ekeivo Tov Tov potdlel tepiocdtepo. Me dAda AdyLo, Ta
YvooTd instances amofnikevovtol kot ta véa, Tov ortoimv 1 class sivat dyvootn, cvoyetilovtat pe
ovtd. Emouévac, 6An n Tpoyuatikn Katnyoplomoinon yivetal otav ypetaletal va Ta&vouncovpe Eva
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véo instance, Kot Oy 0tav ene&epyoalOUAcTE TO, training dedopéva, Kot £T61 ot ahydpifpot omaitovy
AMydTEPO YPOHVO KUTA TOV LITOAOYIGLO TTapd kaTd To classification.

H napandve dwadikacio ovopdleton k-Nearest Neighbours Classification. H andéivtn 6éon tev
instances P€GQ GE OTO TO YMPO JEV EIVOIL TOGO GNUAVTIKY, GE AVTIOEST| LLE T1) GYETIKT OTOGTACT] LETOED
TOVG. XPNOUYOTOIDMVTAG Lt KATAAANAN EB0S0 VITOAOYIGHOD OmdGTAGNGS, 1| Ooin EAAYIGTOTOLEL 100-
VIKG M amdoTaoT HETAED S0 OLOIMG KOTNYOPLOTOIEVMY instances, LEYIGTOTOIMVTOS TAPUAANAL TV
amootaor petald Tov instances T@V S0QOPETIKAOV classes, To KovTivoTepo instance ypnoLLoToleiTaL
v va avabécovpe oto vEo og auTh TNV class. Mepikéc popég, meplocdTEPU AO £VO TOL TANGIEGTEPOV
yelrtovikov ototyeiov eEetdlovtal, kot 1 TAeloyneovca class avotifetal oto véo instance. Avtn givot
N nébodog k-Nearest Neighbours. H emhoyn tov k ennpedlet v anddoomn tov alyopibuov Kot to
AMOTELEC U TG TAEVOUNONG.

"Eva mapddety o weudokmatka yio tov adydpifpo avto tapovsidlerat akorovbws: X : Training Data,Y :
Class Labels of X, x : Unknown sample

k Nearest Neighbours(X,Y,x)
for i=1 to m do
Compute Distance d(X;,x)
end for
compute set [ containing indices for the k smallest distances d(Xj,x).
return majority label for Y; where i € |

9.3 Clustering

Orteyvikég Clustering epappolovtar 0tav ta instances ypetdletot va diopefovv o€ opddeg yopic va
vrapyel Kamola class yio va poPrepbei. Avtég o1 opuddeg (clusters) otpilovtor 6To 6TL KATOLo instances
potdlovy meptocdTEPO e KAmoto am’ 60 e KAmolo AAAL. OempodvTol AyvmoTeS Kol TPOKVTTOVY 0T
Ta dedopéva ovtd kabavtd, Y1 avtod kot to Clustering eival yvootd cov Mn Emiienopevn Mabnon.

Ta clusters mov avayvopilovtol pmropodv vo avikovy o pio amd TG akolovbeg Katnyopies, Le
Baon ) evon TOV UNYovIcpoOY Tov Bepovpe 6Tt TEPLYPAPOVY TO EKAGTOTE PALVOLEVO OULAdOTTOINONG:

o Exclusive, onladn kdOe instance avikel povo oe éva cluster
e Overlapping, 6nov k@B instance umopet va avikel o ToAAG clusters
e Probabilistic, yiati évo instance popei va ovijkel o€ Ka0Oe cluster e pio GUYKEKPLUEVT TOOVOTNTO

e Hierarchical, Snladn £vag apyikog Staywpiopog Tov instances o€ oLAdES 6T0 Kopueaio eninedo,
Kot emaveE€Taon Tov kabe cluster, péypt Ta pepovopéva instances

Qo1000, MEldN 0L UNYOVICLOL AVTOT €ival OTTAVIO YVOOTOL, 0 YOPAKTNPIGLOG TOVS GUVIO®G LITayo-
pevetarl and Ta epyaieio clustering mov £yovpe ot 61dbeom| pag.

Mepikd mpoylaTikd mapadeiyata TG ¥pNnong g opadomoinong ivat T dlaipeon TV TEAATOV
O€ OLLO10YEVEIG OUAOEC MG TEYVIKT LAPKETIVYK, 1] GLAAOYT] SESOUEVOV TOV KOPO KOL 1] AVAAVGT| TOVG
Yo TNV g0peEcN VEOV Bempldv oTa KAMUATOAOYIKA Kot TEPPAALOVTIKA TEDIM, KOl 1) TOVTOTOINGT, LECW
g PromAnpo@opikng, opnadmv yovidiov pe okomd vo, kabopiotel ol yovidia givor vrevbuva yio
GUYKEKPUEVES KANPOVOLLKEC 0IGOEVELES.

Abym Tov yeyovoTog 6TL 1 £vvola NG cLoTddag dev eivar emakppadg kabopiopévn, ToArég uébodot
&yovv avantuyfel otV opadomroinom, Kabepio omwd TIg OTOieS ¥PNGIULOTOLEL 1oL S1oPOPETIKT apyn

EMOYOYNG. Alopovvtol o€ TEVTE PUCIKEG OUAOES, OTMG OVUADETOL TOPAKAT®:
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e Hierarchical Methods, o1 omoieg katackevalovv ta clusters dtapdvtoag ovadpopKd to dedo-
péva pe tpomo top-down 1 bottom-up. Mmopovv va draympioBolv mepartépm oe Agglomerative
hierarchical clustering kot Divisive hierarchical clustering

o Partitioning Methods, o1 onoicc petapépovv instances and €va cluster og GALO, LETA ATO LLioL
apykn dapépion tovg. Iepthapfdvouy ta Error Minimization Algorithms kot Graph - Theoritic
Clustering. O amAovotepog adydp1Buoc, o onoioc a&tomotel T néBodo Tov squared error, eivar
o K-means algorithm, o omoiog 8o avaivBel ot cuvéyeln Kabmg ypnotponodnke oo Tapodv

TPOPAN U .

¢ Density - Based Methods, o1 onoieg vtof£tovv 011 TaL GTOLYKEIR TOV AVAKOLY GTO 1d10 cluster
TPOKOATOVY OO L0, CUYKEKPLUEVT] TOAVOTIKT KOTAVOLT.

e Model - Based Clustering Methods, Tov entyeipovv va BEATIGTOTON|GOVV TO TAIPLUGHLO LETAED
TV 0£d0UEVOV KOl KATOLmV LaOMUOTIKOV LovTEA®V.O1 o Gy VA PN CLLOTOI0VUEVEG LeBOSOVG
oV Kotnyopia avth givan o Decision trees kat ta. Neural Networks.

e Grid - Based Methods, mov dwopepifovv To ydpo og Eva nemepacuévo aplipd KeEMmV Tivaka,
otov omoio epappdlovion kot Odeg ot texvikég Clustering.

9.3.1 Partitioning Methods- K - Means algorithm

Ot Partitioning clustering teyvikéc, Onwg avapépbnke, dapepilovv ta dedopéva g opddeg 6Tov
k& Cevyog avtikeévav tov cluster eivon eite dwakprtd (hard clustering) eite €yel Kamola Kowad
xapaxTnplotikd (soft clustering).

H koot kot o ko teyvikn ovopdletatl k-Means. E@appolovtag avtd tov akyoptdpLo, apyika
opifovpe v mapdpetpo k, n onoia avarwapiotd Tov aplfud tov clusters tov avalntovpe. ‘Eneita, k
onueia emAéyovtor toyaio oav k€vipa tov clusters. Opilovpie eniong Eva pEYIoTO 0plOUd ETOVAAYE®DY,
ondte Ko 1 Sradikacio teppatilerar av avtog Eemepachel. Kabe instance tomobeteital 6To kovtivotepo
KéVTpo Kamotlov cluster, pe fdon v Euclidean pébodo vroroyiopot andotaons. Yotepa, vroroyiletan
T0 K€VTPO, N 0 "uécog” kabe cluster, kot Bempeitar To véo Tov Kévtpo. Télog, N mapamdve Sodikacio
emavaioppaverot Yo to véa autd kévipa. Ot emavalnyelg ovveyilovtal péypt Ta idwo onueio va
katnyoptomomBovv og kdmoto cluster dradoykd, ondte Kot Ta kévipa TV clusters otabepomolovvron
KoL TOPApEVOLV T 1010 Yia TavTa. AV 0 HEY10TOG aplBuds emavaryewny £xetl Eemepacet, ev T PeTay,
0 oAyopBpog teppatifetar.

O yevdokmdKas yo TNV Topamdve dadikacio mapovstaletal otn cuvexewr: S : Instance set, k :
Number of Clusters

k - Means(S, k)

Initialize k cluster centers

while terminatioon condition is not satisfied do
assign instances to the closest cluster center
update cluster centers based on the assignment

end while

return clusters

Avt n pébodog clustering eivon diaitepa amin Kot anotedeopatiky. Eival ebkolo va amodeifovpe
6t h emAoyn tov kévipov kabe opd elayloTonOlEL TNV GLVOAIKY adcTaon KABe pérovg Tov cluster
ar6 avtd. Xperaleton BEPara va AdPovpe vtoyn pog 0Tt To EAAYIGTO TOL VITOAOYIleTON £lvat TOTIKS Kot
Oyt oAuco. [N va avEnoovpe v mhavoTnTa vo eVIoTicovpE Eva OAKO EAIYLOTO, CUYVE EKTEAOVLLE TOV
oAyop1OL0 TOAAUTAEG POPEC, LLE OLAPOPETIKEG OPYIKEG EMAOYEG, DGTE VO KATAANEOVLE 0TO BEATIOTO
OTOTEAEGLLOLTAL.
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9.4 Amooctaocelg

[7] H évvowa ¢ amdctaong eivat n mo onuavtikn Bdon yo t Mnyavikn Mdabnon, toéco v
EmiPirendpevn 6co kar ) Mn EmPrenopevn. o v mpdtn kotnyopia, ot cuviEl; 0moGTAGELS
TOALEC POPEG 0ONYOVV OE OKATOAANAC OTOTEAEGLLOTA, EVED GTN SEVTEPT] O VITOAOYIGUOC TOV LEGMV
TOV AVTIKELEVOV YVOSTMOV OUAd®mV dev gival Tavta ykvupn HEB0SOG Yyl T GOOTH EPOPLOYT TOV
adyopiBupov. EE opiopov, n emhoyn g pebddov andetacng kabopilel katd 1oco 600 avtikeipeva
oLL0d0TO10VVTAL PETAED TOVE, EMOUEVOG, 1] 0pBOTNTA TNG Elval amd To TAEOV OMOPAGIOTIKG PriLLoTa YioL
v arodotikotnTa g Mdbnong. H andotacn yperdletar 6yt povo vo UTopEl OvamoploTd T LopOn
TV OEOOUEVOV, OAAG KoL VA, LeAeTd TO 6TOY0, MOTE VO AAPOVILE KUTAVONTA ATOTEAEGHOTA. MepPIKE
amo TIg TAEOV YPNOUOTOL0VUEVEG LEBOOOVE VTOAOYIGHOV TNG ATOGTOOTG, Ol 0TTOIEG VAOTOUONKAV KoL
omd endg, avoivovtal akohovBwg. [6]

9.4.1 Minkowski Metric

H andoraon Minkowski 1 | Ly voppa vroroyilet tv andotoon d peta&d d0o avIKeEVOV X Kot
q
y GUYKPIVOVTAG TIG TYEG N XOPAKTNPICTIKAOV TOVG. Afvetar amd tnv e€icmon 9.1 , kot epoppoletal o
TIEG GLYVOTNTOG, TOUVOTHTMV KOl SOLOSIKES.

H mo onpovtikn €181tk mepintoon ovthg tpokdntel yio g=2 kot givol 1 Euclidean distance 1 L,
voppa:

d(z,y) = L(z,y) =, | > =i —ui |? 9.2)
i=1

9.4.2 Cosine Distance
H cosine similarity opiletat oto R”, amd v

Ty
_ _ 93
<03() = Tzl Tl ©.3)

omov a 1 yovia puetatd tov dtvuopdtev X kot y. H cosine distance opiletot mg
d(xz,y) =1— cosa
9.4.3 Kullback- Leibler Divergence

H Kullback-Leibler divergence (KL) amo@acilel Tnv pin cupuevia Piag LOVIEAOTOMUEVNC KOTAVO-
unG S€30UEVNS TNG TPAYULATIKNG Katovounc. ['evikd ypnoiponoteiton yio $00 GUVAPTHGELS TOAVOTIKOV
KOTOVOLL®OV, X KO Y, Kot divetat and v e&lowon

n N
d(z,y) = D(x || y) =Y _ a;*log o (9.4)
i=1 v

9.4.4 Kolmogorov- Smirnov Test

H Kolmogorov Smirnov puébodog opiletor oto yopo mbavotitwv P, and v

d(z,y)= sup [z —y| .5
(z,y)eR
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OepdvTog Kot TaAL OTL 0L X KOl Y £IVOL SIUPOPETIKES GUVOPTHGELS KATAVOU®MV. XPTGLULOTOlEITOL
GTN OTOTIOTIKY 0VAAVOT cav PHEB0SOG LETPNONG TNG ~ToOTNTAC TNG AVTIoTOYiaG .

9.4.5 Infinite Norm

H Infinite Norm &ivar n L(o0) voppa 610 Cyp) OAOV T®V TPAYUOTIKOV ] QOVTOCTIKOV COVEXDV
oLVaPTACE®V o€ £va dedopévo drdotnpa [a,b]. Ta Stovdopata X, y opileton and

(9.6)

9.5 A&wiéynon

H a&odoynon sivon pia onpavtikni évvota oto Data Mining, kafd¢ Ta amoteAéoUATA THG EQAPUOYNG
TV nebddmV pog ival to KA yio Tepartépm cvumepdopata, feATiotonoinom Kot yevikdtepn Tpdodo.
v evotnta oy, Oa v avaivcovpe toco yia Classification 6o kat yio Clustering.

9.5.1 A&wAiéynon Classification

To mocoot6 emitvyiog Tov classification cuviBwc Kpivetal amd T dedopéva test, Yo ta omoio
Ol TIPOYLOTIKEG ETIKETEG glval YVOOTEG, Kot a&loloyeitan pe d1dpopes nebodovg, divovtdg pog éva
OVTIKELLEVIKO péyebog Tov Katd 1Hs0 1 Evvoln agopotdinke ond ta dedopéva. ESd, avoivovtot dvo
drapopetikég péBodot, ot Accuracy ko Cohen’s Kappa, ot onoieg kon epappolovtor oto kepdioto 11
OT0 OMOTEAEGLLOTO TV TEPAUATOV.

"Eva onpavtiké eniong 8€pa, avapopikd pe tv a&lohdynon tov aAyopiBuov, etval ) taydtntd Tov.
"Evag adyopiBpog classification, o onoiog givor 90% akpiprg, prmopet va mpotun el Evavtt evog 95%
axpiPn, av o Tpdtog etvar 100 popég mo ypryopog KaTd TV EKTEAEST TOV testing (Kot TETO10 OmoTENE-
oupata gival cuvnoicpéva ota VEupVIKA diktoa, Yo Tapdderyua). H mapdauetpog avt e€etaletan ko
oTNV €pyacio Log.

Accuracy

H a&omotia tov amoteléopatog Classification avtimpocomeveTal b T0 TOGOGTO TOV COGTOV
Ta&IVoUNGEDV.

Yuvnbwg etvor 1 akpifelo Tov Ayvootov SES0UEVOV, OTOV Ol TPOYLOTIKES ETIKETES EIVOL (YVMOOTES,
N omoia elval mwpaktikng onuaciog. H mAéov amodektr| néBodog yia avtd Tov vworoyiopod givol va
YPTOLOTOMGOVE Ta dedopéva, Bempmdvtag 0Tl OAEG o1 apykég eTikéTeg elvar yvootéc. [lpata,
EKTOOEVOVLE TOV aAYOP1OL0 pe Bdon To training set, SNAAON Vo KOUUATL TOV apYIKOV OEG0UEVOV.
"Eneita tov e@appolovpe Kot 6To EVATOUEIVOVTA 0EGOUEVA, KOL TO ATOTEAEGIATO GUYKPIVOVTOL LE
TIG YVOOTEG £TIKETEC. TO TOGOTO TOV GMGTA KOTNYOPLOTOMUEVAVY GTO test set elvar pa extipmon g
akpipetog, yvopilovtog 6Tt Ta training dedopéva, givot SEIYLLO TOV ApYIKOV.

Yrdpyet pio. pukpn mepintmon avokpifelog 60, kabmg O YPNOLOTOIOVIE TO TANPES Oeiya Yo
VO EKTOOEDGOVIE TOV OAYOPLOLO, OALG LE PEYOLEG OUAOEG OEGOUEVMV AVTO OEV ATOTEAEL OT|LLOVTIKO
TPOPAN L.

Cohen’s Kappa (Kappa coefficient)

[12] O deiktng awtdg CLYKPIVEL TNV TOPATNPOVUEVT] OKPIBELD [UE TNV AVOUEVOUEVT], KOl XPTOL-
pomoteitan yio TNV a&loAdynon evog alyopibuov classification 1 yio ™) cOykpion peta&d TOAADY
oAyopiOumv. Aapavet vwoOYn TOL TNV TVYXALOTNTO CVUE®VING HE Evav Tuyaio classifier, kATl TOL
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y [1 |2 | Total |
1 [ pui | pi2|pir |
P [ p21 | p22 [ p2r |
| Total [| pic | p2c | 1 \

Mivakag 9.1: Confusion Matrix after Classification

onpaivel 0Tt eivar Aydtepo TapamAavnTIKOS omd TV omAn akpifeta. O VTOAOYIGUOG TG TOPATPOV-
Hevnc akpifetog Kot tng avapevopevng akpifetog etvar avaykaiog yio tnv péBodo, Kot evkoAa yiveTot
KOTAVONTOG LUE TN YpNon evog confusion mwivaka.

INa éva d1d166TaTO TIVaKa, OTmMG 0 Tponyovuevog, | Kappa Ty sival ion pe

k— Po — Pe (9.7)
I- Pe
01OV 1 TOPATNPOVUEVT akpifela eival
Po = P11 + P22

KoL M avapevopevn akpipela gival

Pe = P1cP1r + D2cP2r

To Kappa eivor mavra pikpotepo 1 ico pe 1. H tun 1 onpaivet téheia coppovia, Kot Tipnég Ayodtepo
aro 1 kdtt Ayotepo amd T€Ae0 CLUE®VIN. Xe GTAVIES TEPTMGELS, To Kappa pmopel va eivot apyntiko.
Av16 glvar éva detypa 6TL 01 dVO TAPOTNPNTEG CLULPDOVN GOV ALYOTEPO Ao O,TL O avapevoTay KOTA
ToRm.

Ot Tég kat oOpemveg epunveiec tov Kappa cvvoyilovion mopoakdto:

e Poor agreement = Atryotepo and 0,20

e Fair agreement = 0,20 £wg 0,40

Moderate agreement = 0,40 éwc¢ 0,60

Good agreement = 0,60 £w¢ 0,80

Very good agreement = 0,80 éwg 1,00

9.5.2 A&widynon Clustering

H a&oloynon tov Clustering amottel pio aveEaptnn ko a&omiot péBodo yia tn GOYKPIOT TOV
TEPOUATOV KOL TOV ATOTEAEGUATOV. X1 Oempio, 0 gpguvnTiC £xEL amoKTAGEL o dtaicBnon yia to
OTOTEAEGLEL, OAAG 0TIV TTPAEN 0 GYKOG TV O£dOUEVOV, OO T Lio TAEVPE, KOl Ol AETTOUEPEIES TG
avamapdotaons 0edopuévmy Kot aAyopiBpmy clustering, amd tnv GAAT, KaB1GTOVV VT TNV TVYOIC Kpion
afdoiun. M dwoictntiky, a&loAoynon Hropel va gival Hovo gDA0YT] Yo JUKPE GUVOAL OVTIKEILEV®DV,
VD PeYOANG KATLOKOG TEPALATO OTALTOVV Lo oVTIKEWUEVIKN LEB0d0. Agv vrtdpyet pio amdALTN 000¢
Yo TV emBount eKTipnon, 0AAd o TOKIALL TEYVIKGV a&loAGYNONG TOV TPOEPYOVTAL OO S1APopa
media, OTMG TN oTATIoTIKN Kot TV Teyvnt Nonpoosvvn.

O BepnTKdC 0plopdc TV S10pOp®V PeBSGd®V a&loAdYN NG, Ol 0TToiEg XPNCLLOTOMONKAY KOTE TN
SLAPKELD TOV TEWPAUATOV TNG EPYACING, TOPOVGLALETOL OTN CLUVEYELO.
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V-measure

[4] H V-measure eivar pio péBodog,n omoio PETPA TOGO IKOVOTOIOVVTOL TO, KPLTHPLL TNG OUOL0YE-
VEWG KOl TNG TANPOTNTOS. YTOAOYILETOL O O APUOVIKOG LEGOC TV OKOP TOV dVO ALTAOV LEYEDDV.

To anotéieopa tov Clustering dia0étet opotoyévela av 6Aa ta clusters Tov mepiéyovv Ldvo dedopéva,
T omoia givan péEAN g dtog class. Emiong, dtobéter mAnpdtnta Kot av OAa To dESOUEVE, TO OO0
elvar péAn pog ovykekpuévng class, ivat otoyyeio tov id1ov cluster. H opotoyéveta kot n minpdtra
pag Avong eival évvoleg avtifetec: H avénon g opotoyévelag tov cluster cuyvd odnyel oe peioon
g TANpOTTOG ToV. [To cuykekpiuéva:

(L+b)xhx*c
(bxh)*c
Ot vroAoylGpol TNG OPOLOYEVELNG, TANPOTNTOG Kot V-measure gival evieAmg aveEdptntot Tov

apBpov Tov classes, Tov ap1Bpov tov clusters, Tov peyébovg Tov cuVOLOL dedoEV®V Kot TO adyopiBuov.
"Etot, o1 p1ébodot autol pPmopodv vo EQaprocTovy 6€ omoladnmote Avon clustering.

Vi, =

Rand Index

O Rand Index sivat éva, amAd Kp1Ttiplo oL ¥P1CLOTOLEITOL Y10 VAL GLYKPIVOLE a ETayOUeEVN
doun clustering (Cy) pe pa dedopévn doun clustering (C,). Osmpovpe

e a tov apBpd Tev (evydv Tov instances mov tifgvtar oto 1010 cluster tov C; kon oto id10 cluster
Tov Cy

e b tov apBuod tov (gvydv Tov instances ov Tibgvtal oto idto cluster tov Cy, aAAG Oy 670 1010
cluster Tov C,

e ¢ Tov apBpd Tev (guymv TV instances mov tifevtol oto d10 cluster Tov Cy, aAAd 61 G6TO 1010
cluster tov C;

e d tov apBud Tev (evymv TV instances mov TiBevtal oe dapopetikd clusters tov Cp kot C;.

To mocdtNTEG @ Ko d Pmopovv va epunvevbfovv oo petafintég "coppoviag”, Kot ot b Kot ¢ g
”deoviag”. O Rand Index opiletor wg:

a+d

RAND = —
a+b+c+d

O Rand Index Bpioketor peta&y 0 kot 1. Otav o1 00 KOTOVOUEG CULEMVOLY TANPWC, TOTE 1IG0VTUL
pe 1.
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Kepaioro 10

Y\lomoinon

€ 0vTO TO KEPAANLO TTAPOVCIALOVLE TIG VAOTOMNGELS OA®MY TOV EVVOLMY TOL AVIALONKAY GTO
Kepdrato 9 oyetikd pe ta melpauatd pag, oniodn 6Aovg Toug aAyOpIOHovg KoL TIG TOPUUETPOVS TOVG,.

Xy Evotnra 10.1, mapovoialovpe tovg 800 aiyopifpovg mov ypnotpomomOnkav yio Classification,
tov Nearest Centroid Classifier kot tov k-Nearest Neighbours Classifier, Kot Tig onpavtikdtepes peTO-
PANTéG Yo TNV EKTELEST TOVG,.

Yty Evomnta 10.2, emkevipovopaote oty dadikacio Clustering, divovtog [iol avoALTIK TEPL-
vYpao1 Tov adyopifuov k-Means wov ypnoyoromnke yio cvtdv T0V GKOTO.

Ytmv Evotnra 10.3, weprypdovpe 115 Stapopetikég pefdd0vg vIToAoYIGHOV 0TOGTAGTG Yo OAO TaL
TEPALOTO, KO TAPOVSIALOVLE OAOVG TOVG TPOTOVG TOV LAOTOBNKAY Kot a&loA0ynONKaY Kol 6To
Classification kot oto Clustering.

Téhog, oty Evotnra 10.4, eEnyodue pe Aentopépeio Tov TpOTO Le Tov omoio agloloynonkayv to
OTOTELEGLOTO KOl TIG LEBOSOVE TOV YPNCILOTOONKAV Y10 AVTOV TOV GKOTO.

10.1 Classification

Yxondg TG TPOCEYYIONG LAG HTOV VO KOTIYOPLOTOMGOVLE avTiKeipeva chunk cOpemva e KAmoleg
OO TIG WOTNTEG TOVG. ZVYKEKPLUEVA, OEALE VO TOL KATIYOPLOTOLGOVUE GOUPOVO e dVO JLAPOPE-
TIKEG TapapéTpovg, to Product Cleaning Group, kot Product Group. Kat ot 600 givat 1016t teg kébe
avtikepévov. To Product Cleaning Group €xet 5 dvvotéc mepurtmoelg kot to Product Group €yet 12.

Emunpoobeta nepapatiotikape, atoug adyopifuovg Classification, kot pe tnv petafint Product
Code, 6p®G 0 peyAog aplBpoc SLPOPETIKMV KOIKMV TPOIOVT®MV Kol pa o Hikpog aptfudg otoryeinv
OV OVTIGTOLY0VGE G KABE KAAGN, amotédesay oto overfitting Tov adlyopiBpov pog. Agv ftav duvotod va
EKTOOEVGOVLE COOTE TOV 0AYOPLOLO TAVD G€ aVTE T OESOUEVE, OVTE VOL LETPICOVLLE TCL OTOTEAEGLLOTA,
KOl TO OAOTEAECLA TNG O1AdIKAGTOG OV oG £0MGE TEPLGGOTEPES TANPOPOPIES AT TIG VITAPYOVCEC,
GYETIKA LLE TNV KATNYOPla TOL TPOIOGVTOG.

I to Clasification, 0o diapopetikol alydpiBuot ypnoyorodnikay, OTMG AvVaAHGOLE TPOTYOL-
Uévag: pa viomoinor tov Nearest Centroid kot 0 YVoo10G, KoAd TEKUNpLopévoc aiyopiBuog k-Nearest
Neighbours.

Kat ot 800 alyopiBuot eivot mapoapeTpomompuévotl okorovbwg:

o IdwotnTa Classifying: YAomomOnkav yio dvo 1d10tnteg, Product Cleaning Group kot Product
Group,

e [To606T6 dLo®PLoP0V: Aloywpicaple To apyLkd OESOUEVA TAPUYWDYNG 0 SVO GUVOA, EVOL Y10,
EKTOIOEVOT), LEGM TOL OO0V LITOAOYIGALLE TO SLUPOPETIKA KEVTPO, TOV KAAGEDV KO EPUPUOCULE
TOVG OAYOPIBOVG HOG YO VO TOPAEOVLLE TO OTOTEAEGLLOTO, KO GTO SOKLUACTIKO UEPOS, GTO
0omoio SOKIUAGAUE TOVG OAYOPIOLOVG oG COUEOVA LLE TO LOVTEAQ TTOV TTPOEKLYOV ATO TO PEPOG
¢ ekmaidevong. Ta mocootd exknaidcvong kot eAéyyov givar 80% -20%, 65% -35% and 50%
-50% avtiotoryo Kot yio Tovg 600 alyopifuovg.
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e AT00TAOEIS: XPNOIHOTOMGUUE TIC GUVOPTHGEL ATOGTOCTG, TOV £XOVUE OPICEL, Y10, VO VITOAO-
YIGOLLE TNV OMOGTACT] LETOED TOV TIVAK®OV LETAROONG TOL EKAGTOTE avTIKEEVOL chunk, gite
Ao TO KEVTPO NG KAGoNG €ite amd 10 kovIvoTepo chunk, avoloymg pe v vAomoinom.

10.1.1 Nearest Centroid Classifier

I v Alota pe to chunks wov eiyav poévo v vt To “Production”, axoAovbfcape To TOPAKAT®
Bruata, yio va tpééovpe ta mapadeiypata classification: ‘Exovrag emAééel v 1010tta, pe faon myv
omoio BEAOVLLE VO KOTNYOPLOTOIGOVLLE Ta. ovTIKEIIEVA, 1 omoia tav gite Product Cleaning Group eite
Product Group, apyucé diaympicape ta dedopéva e Pdon tpic S1POPETIKE TOGOCTH EKTAIOEVOT|G-
EAEYYOL, OTIMG OVOPEPOLE GTO KOMWATL TNG TOPUUETPOTOINONG TPONYOVUEVDS. XPT|CLLOTOCOLE TO.
dedopéva EKTOIdEVONG Y10, VO VTTOAOYIGOVLE TO. KEVTPA TOV aAyopibpov. Ao tov livake Metapdcemv
TOL KAOE OVTIKEEVOD TOV GET, KO LEAETAOVTAG TNV TIUN TNG HETUPANTAG KT YOPLOTOINGTG TOV
OVTIKELEVOL, BPNKOLLE TOV HECO TIVOKO UETAPACEDV OAMV TMV AVIIKELEV®OV TOV AVIKOUV TNV
€KAGTOTE KAGGT OLTAG TNG HETAPANTAS. AvToc o mivakag Bewpeitorl To KEVTIPO NG KAGONG. XN
GULVEXEL, Y10 KAOE oToL g0 TNG KAGIOMG, OO TO OPYIKO GET EAEYYOV, VTOAOYIGOLE TV OTOGTOCT| TOV
omd to dtpopeTikd kévrpa. Téog avabécape avtd to ototyeio oty KAAoN, TG omoiog To KEVTPO
NTav T0 KOVTIVOTEPO.

AvOoLOY®OG e TO TEIPOLLO, XPNOLLOTOMONKAY S10POPETIKES LEBOSOL VTOAOYIGHOD TG ATOCTOCTC.

AOY® OV Avicov peyEéBoug Tov KAAoewv, kdbe teipapa ekteAéobnke yia 30 emavodnyelg, dniodn,
v 30 Srapopetikd HVOAN dEG0UEVMV, TOV 18100 TOGOGTOD JaY®PIGLOD. AVTO LG EXETPEYE VAL EMTL-
BePardoovpe To OTOTEAEGUATA [LOG KO VO EILAGTE GIYOVPOL Y10 TNV OKEPALITNTO TV CLUUTEPUCUATWV
oG,

Tnv vAomoinon tov TopaTdve, o YELOOKOIIKA, PTopeite va TV Ppeite €dd A.1.1.

10.1.2 K - Nearest Neighbors Classifier

O K - Nearest Neighbors eival évag yvootdg aryopiBpog classification. ITapdro mov moAAEg
VAOTOGELG VTLAPYOVV, OTOPUCICALE VO VAOTOMGOVE TOV S1KO UG, TPOKEWEVOD VO EYOVLE TOV
ATOAVTO EAEYXO GYETIKA LE TIC HETAPANTES TOVL Kot ToV TpOTO ekTéAESTS ToV. Ta PripaTa Tng ekTédeonc
eivan To axdAovba ko 1 pebodoroyia eivar oyetikd kovtivi pe avtr tov Nearest Centroid Classifier.

To mpdto Ppa HTav va eTAEEOVIE TO YOPAKTNPIOTIKO Yoo TO omoio BEAape va, Tpégovie Tov
classifier, avtd pmopei eite va eivar to Product Cleaning Group &ite to Product Group. AkoAov0wmg,
Slouympicape o apylka poc dedopévo og 600 Kot yopies, ekmaidgvong Kot EAEYYOV, Yia Tpia dio-
(QOPETIKA TOG00TA, OT™G Kot otov Nearest Centroid Classifier. ['o kd0e emavdinyn, dayopicope
T0, 5edopEvVa OE TUYAIO GET, GUYKEKPLUEVOD TTOCOGTOV SLOYMPLGLOV, LLE GKOTO VO ETOANBELGOVE
TNV OKEPAOTNTA TV OTOTELEGUATOV Hoc. ‘Exovrag emiéEetl v pébodo vmoroyiopol andctaog,
VIoAOYIGAE TNV amdoTaoT Kdbe avtikeyévov chunk tov oet eAéyyov pe dAa ta avtikeipevo chunk
TOV GET eKmaidevong. X1 cuveéyela, TaSvopnoape Tig TIHES Yo kdBe chunk og avéovoa cepd. H
Baocum apyn Tov aiyopiBuov k-NN eivor 6t1 KaOe aviikeipevo Tov GeT EAEYYOL KaTYOplomoteiTat
oTNV KAAGT TTOL OVIKEL 1] TAELOYN@io TV kK KovTvdtepv Ye1tdvov Tov. MOALS elxe dnuovpyndei n
tavounpévn Alota pe 6Aovg Toug yeltoveg, NTav EDKOAO VO LTOAOYIGOVUE TNV KAAOT Yo KAOE TN
tov k, evtog tov emibopntdv opimv.

e autd to onpueio elyople KATNYOPLOTOIoEL OAN TO AVTIKEILEVO TOV GET EAEYYOL Yo KAOE k
oty emBount eupérera, yio pia cuykekpiuévn péBodo vroroyiopov ardctacng. to Kepdioto 11
umopeite va deite v enidopacn tov k oty akpifeia tov k-NN. Eravordfope to meipapo yio GAovg
TOVG 0AYOPIBLOVG VTTOAOYIGHOD OTOGTOCTG TTOV LOG EVOIEPEPAV.

Tnv vAomoinon Tov ToPATdve, o YELOOKOIIKA, LTopeite va TV Ppeite edd A.1.2.
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10.2 Clustering

O oxomndg ¢ Clustering viomoinong pog frav va avadésovpe ta chunks tpoldviwv oe clusters,
pe Baon kdamoleg omd TIC WO10TNTEG TOVG. € avTH TV KatevOuvor, vAomomcape o €K6oon Tov
aAyopiOuov k-Means, 0 00i0g avaADETOL GTN GLVEXELN:

10.2.1 Ylomoinon tov k-Means

o IMapaperpog k Tov Clustering: O ap1Ou6g TV clusters 6tov onoio avapévovue To dES0UEVA
LLOG VO, KATNYOPLoToin0ovv, apykomoleiTal LE TOV aptBUd TOV SL0QOPETIKMOY TILMV TOL UTOPEL
va, Tépel ) WwidTTO pe faon v omoia ta dtoukpivovpe. Ex tovtov, yuo to Product Cleaning
Group, &yovpe k=5 kot v to Product Group &yovpe k=12.

o Apywéd Kevrpa: To kévipo avamapiotator og évag [Tivakag Metapdoemv evog avTikelpnévon
KAdong chunk. To wepdpata die&nydOnoav o€ Ho GEPE amd apyKd KEVTPO, KOl TUYAio Kot
OLYKEKPIEVA, LE OKOTO va eA&yEovue TNV amddooT Kat TV okpifeia Tov aiyopifuov. 1o
TPMTO GEVAPLO, KAOE KEVTPO emAEYONKE TVYOIO 0TTO T SESOUEVA EIGAYDYNG, EVG GTO dEVTEPO,
OPYIKOTOMCULLE TA KEVTPO EMAEYOVTAG G€ KADE OET OAA VO akOAOVOOVV VoV GUYKEKPLEVO
kavova. [To cuykekpyéva, emhéydniay gite va avikovy 6Aa, Tov 1610V GeT, otV id1a KAGo,
glte 10 Kabéva va avikel o€ o Eeyoptot kKhaon. Kabe pio amod tig 3 S10popeTikég meEpInTOCEL
ekteréotnke 100 popég yio va eEAEIYOLLLE OTTOIAONTOTE TUYOOTITO OTIG ETAOYES LOG.

e MéoogOpog: Ze kd0e pia amd T1c ETavoAYELS TOL alyopiBuov, éva véo kévipo Tov ke cluster
vroAoydtav. TNy vVAOToiNoTn LG, aVTOS 0 VITOAOYISUOG YvoTay pécm Tov [ivaka Metafd-
cemV, dNAad1, Tov HEGo 0po AV TV [Tivakeov Metafdoenv 0 Awv tov chunk Topaywyng tov
exdotote cluster.

Tnv viomoinon Tov ToPATAvVm, 6 YEVLOOKMIKA, UTopeite vo TNy Ppeite edmd A.2.1.

10.3 Amootdoeig

O tponyovpeveg diepyacieg, Classification kou Clustering, kot ot aAyopiBpot mov vAomoonKoy
K0l 6TLG OV0, AALTOVY TOV VTOAOYIGLO Am0oTASE®V LETAED TV d10pdprv ctoryginv (chunks). X10 d1kd
pog TpoPAN e, ETEN] 01 SIUPOPETIKEG TOPTidES avamapioTtavTol pécm tov [Tvakov Metafdoewv, n
OTOGTACT TPEMEL VO, VTOALOYIOTEL OC OTOCTAOT LETAED OVTAV TMV SIOUCTUTMV TIVAK®OVY. Al0QOPETIKOL
0AyOPIOLOL TOPAPETPOTOM ONKAY KOl EPAPUOSTIKAY OTO TEWPAUATA PAG, LUE GKOTO VO, LEAETGOVUE
Vv andd0oon Kot TNV €voetoyio TG kaBe vAoToinong. Xpnooromoape Tig akdAovdec pHebBoddovc:

e FEuclidean distance

Cosine Distance

Kullback - Leibler Divergence

Kolmogorov - Smirnov Test

Infinity Norm

Ot meplocdTepeg amd ovTéS, €€ opiopod, epoapprolovial LOVo Ge HOVOSIAGTATOVG TIVAKES, dNANOT
G€ VOO LOTA, YU 0VTO KOt £VOL CTIUOVTIKO P NTAY Vo, LETUCYNIOTICOVIE CMOGTA TOVG d1d140To-
TOVG TVOKEG GE SLOVOGILOTO, [LE GKOTO VO VITOAOYIGOVLLE TIG mooTaoELS Tove. Ot Tpoceyyioelg pog
yopilovrol og Tpelc Katnyopies:

e Average rows: Xe auT TNV TEPITTOOT], 0 OAYOPIOLOG eQapUOLETOL LETAED TV AVTIGTOLY®V
GEPDOV KOl GTO TEAOG EMGTPEPOVLLE TOV LEGO OPO TMOV LETPTICEWMV.

91



e Vector: kd0e ypoppu TpocopTdtol GTNV TpAOTN Kol £T61 dMovpyeital To extBounto didvocua
1zN.

e Diagonal: yw kd0e j > i, 0 péoog 6pog 1oV otorxeiov [i, j| ko [4, 7] vmoloyiletar, étol
dnuovpyeitar Evog Aved TPIY®VIKOS TVOKAG. TNV GUVEXELN 0KOAOVOOVUE TNV TPOTYOVEVN

€G0S0 Kol TPOSAPTOVLE TIV NULYPOLUN GTNV TPOTYOVLEVT).

Tnv viomoinon Tov TopUTavm, o YELSOKMIKA, Uropeite va TV Ppeite edm 10.3.1 .
H cvvolkn Mota Tmv vAoTomcemv TV HeBdGd®mV VTOAOYIGHOD ATOGTACNG POIVETAL GTI] GLVEXELN:

Euclidean distance

— Euclidean distance between each corresponding cell
— Average of the Euclidean distances between corresponding rows

— Average of the Euclidean distances between corresponding columns

Cosine distance

— Average of the cosine distance between corresponding rows
— Cosine distance of the created vectors using the Vector transformation

— Cosine distance of the created vectors using the Diagonal transformation

Kullback-Leibler Divergence

— Average of the KL Divergence between corresponding rows
— KL Divergence of the created vectors using the Vector transformation

— KL Divergence of the created vectors using the Diagonal transformation

Kolmogorov—Smirnov test

— Average of the KS test score between corresponding rows
— KS test score of the created vectors using the Vector transformation

— KS test score of the created vectors using the Diagonal transformation

Infinity Norm

— Infinity Norm of the difference of the two matrices

INo v gpappoyn tov mopardve aiyopifumv andetacng, n Biiodnkn Python SciKit-Learn
ypnoomomdnke. Avti n BiPAobnkn mapéyet TOAAES YPNOLEG GLVAPTNGELS VTOAOYIGLOD UTOCTACEMYV,
0ALG Ol TEPLGGOTEPEG QLPOPOVV VITOAOYICUO HETAED SLOVOGUATOV.

10.3.1 Yhiomoinon Me06owv Amootdocmv

AvO omd TIg GVVAPTAGELS TOV peTacynuotilovy évav 2D mivaka o€ éva , pmopovv va fpebovv o
vAomoinon yevdokmodka oto A.3.1.

O1 310pOpPETIKEG VAOTOMGELS TOV AAYOPIOU®OV amdCTACNS, OTMG TEPLYPAPNKAV GTNV apyY TNG
Evomtag, propovv va Bpebovv oto A.3.2.
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10.3.2 A&widynon tov MeBodmv AToctacemv

Mag evdiépepe va aELOAOYNGOVUE TNV ATO00GT OA®V TV HEBOSWOV GUVAPTNCEL TOV JOPOPETIKMV
TopapETp@v V1o aloAdynon, Toco yio to classification dco kot yia to clustering. O Adyog mov 0éhape
Vo TO TPEEOVIE Y10 OAQL OVTA TOL GEVAPLO ITAV Y10 VO KATUAAPBOVLLE TO AVTIKTLTTO TOL £XOVV GE KAOE
nepinTmon.

o A&oloynon tov Meboddwv Amoctdoewv oto Classification

Anoopacicape va tpéEovpe 10 akdAovBo meipapa pe tov Nearest Centroid Classifier yia tov
Swywpiopd 80%. O alyopBuoc Etpeée 1000 Yo to Product Cleaning Group 660 kot Yo TO
Product Group yia 30 emavaAqyelg, OTmMG TEPLYPAPNKE TPOTYOLUEV®G. [ KAOE emaviinym,
emAé€ape Toyaia Evav dtympiopd, mhvta pe otabepd o tocootd 80%-20%, ekmaidevong kot
eAéyyov avticToya, kot VIToAoyicae Ta KEVTPO TOL KGO StapopeTikod Ykpoum. Apov emdééaie
po 1éEBodo, BEcape To KAOE OVTIKEIILEVO GTO KOVTIVOTEPO KEVTIPO, COULLPMOVE, LLE TOV EMAEYUEVO
aiyopiduo.

Tnv vAomoinon Tov TapPUTAvVe, G€ YEVSOKMOWKA, urnopeite va v Ppeite €dd A.3.3. Ta amotelé-
opoto pmopovv va Bpebovv oty Evotnra 11.1.2.
o A&lordynon tov Mebddwv Amoctdoewv oto Clustering

Xy mepintoon Tov clustering, o povoc ahyopBpog mov dokipdcape nTav o K - Means. Tnv
VAOTOINGT TOV TAPUTAV®, GE YEVOOKADIIKO, Lmopeite va v Ppeite edd A.3.4.

104 A&woioynon 1oV ATOTEAECPATOV

O\a T0L TONYOVUEVO UTOPOVV VO POVOLV YPTOIUE LOVO OV TO OTMOTELEGE TOVG UTopel va alolo-
ynOel. Zra apyikd mewpdpato ypnoiponomoape tov Confusion Matrix yio vo, LiwopoOpe vor EYOVLE Hol
mo queon gnonteio Tov anoteléspotoc. Kabag ta mepdpota eEeMocdviovcay, dnpovpynnke n
avAyK”n Vo LTopoVE va a&loA0YOVULLE TO ATOTEAEGLATO LE £VOL LOVOOIKO GKOpP, KOl ETPETE VOL EMAE-
Eovple ToV KATAAANAO TpOTO Va Yivel avt| 1 a&loloynon. H Bacikn dtapopd otov tpdmo a&loddynong
peta&y Classification ko Clustering givat 0t1 oty TpdTn MEPInTOOT YvOPilovpE 0md TPV TV COOTEG
ETIKETEG Y10 T, OEOOUEVA, L0, EVD OTNV deVTEPN OYL.

10.4.1 Yhiomoinon tng A&woAdynong tov Classification

INa v a&lordynon Tov aroterecpdtov tov Classification a&lomomoaype TIc Tapakdto pedddovg:

o Akpifewa (Accuracy)

H Axpifeia eivar opiopévn og 0 Adyog TV 6OOTA KATNYOPLOTOMUEVOV OVTIKEWEVMV TPOG OAN
To, avTiKeipeva mov d0OnKav oty €ilcodo Tov aiyopifuov.

Number of Correctly Classified Elements
Total Number of Classified Elements

Accuracy =

e Kappa Coefficient

O aAyopBpoc Kappa sivar pépog tov SciKit-Learn Laboratory Library kot cvykekpipéva, Tov
Metrics Module. To SciKit givor po yvoot Bipiodnkn yia Python kot pog @dvnke moi
PO KATE T OLAPKELD QVTNG TNG EPYOTINS.

IInyn: SciKit-Learn Laboratory -> Metrics -> Kappa
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http://skll.readthedocs.io/en/latest/api/metrics.html#skll.metrics.kappa

10.4.2 Yhomowmon g A&rordynong tov Clustering

INa v a&oddynon tov arotekecudtov tov Clustering ypnoyromomdniay o1 Tapakdto puébodot.
ITapodro mov 6e AALAEG TEPIMTMOGELS LUTOPEL VO LNV ELYOLE TIC CMOTEG ETIKETEG, G OLTN TIG ElYOUE
Ko Tig aélomomoape ®g £icodo Yo TV kaAdTepPN a&loddynon Tov arotelespdtov. Kat ot 0o tpo-
ot a&lohdynong ypetdlovion kdmoleg eTkéteg g ground truth yio vo propécovv va pog Sdsovv
OTOTEAEGLOTO.

e V-Measure

Source: SciKit-Learn -> Metrics -> V Measure Score

¢ Rand Index

Source: SciKit-Learn -> Metrics -> Adjusted Rand Score
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http://scikit-learn.org/stable/modules/generated/sklearn.metrics.v_measure_score.html
http://scikit-learn.org/stable/modules/generated/sklearn.metrics.adjusted_rand_score.html

Kepaiaro 11

Amoteréopata

Y10 KepdAaio avtd mapovotdlovpie To amoteAésiia and Ty epapuoyn Tav aryopifuwv Classification
kot Clustering ota dedopéva pag. OAot ot adydpibpot, 6mwg meprypaeniay oto kepdiato 8 kot 10 , exte-
AécOniav Yo TOALOTAEG TAPAUETPOVG, HTVOVTAG LOG SLOPOPETIKA ATOTEAEGLOTO KOl GUUTEPAGLLOTOL
Yo K60s cuVOLAGHO.

310 11.1mapovcialovpe ta aroteAécpato tov Classification, € TpELG SLOPOPETIKES KATYOPIEC.
[pdra, cuykpivovpe Tovg adyopiBuovg Nearest Centroid kot k-Nearest Neighbours, yio dtapopetikd
T0G00TA training, testing, Kpatdvtog otadepn T HEB0d0 vIToAoyicHoD TG amdctacnc. 'Enetta, emkev-
TPOVOUUGTE ATOKAEIOTIKG GTOV TPMTO, Y10 GLYKEKPIUEVO TOGOGTO train-test, ico pe 80% - 20%, ko
a&loAoyovUE TNV ATdd00T TOL OAYOPIOLOL YioL OAEC TIG SLOPOPETIKEG LEBOOOVE EVPECTC OTOGTUCNC
petaé&d tov aviikelpévev. Télog, egetalovpe v epappoyn tov k-NN yia dtapopeticég Tipég Tov k
KOl TO OTOTEAEGLLOL OVTTG.

210 11.2 mapovcidovral kot altodoyovvtot Ta arotedécpato Tov Clustering. Xpnoyloromcape
Tov ahyopOpo k-Means yia To dtaympiopd Tov oviikelpévoy o€ clusters, facilopevor Eava og 600 yvo-
piopatd tovg, To Product Cleaning Group kot to Product Group. Ta dedopéva 166600 Tov aAyopifpov
glval ta avtikeipeva chunk. Ta kévipa Kot o1 amooTtdoelg aAAGLoVY o€ KAOE EKTEAEDT], £TCL MGTE VO
UTOPOVLE VO 0EIOAOYGOVIE TO ATOTEAEGILA Y10, OLOPOPETIKEG TAPAUETPOTOIGELS TOV TPOPANUATOG,
pe TN ypnon 6o pebddwv, towv V-Measure kot Rand Index.

11.1 Classification

To Classification mpaypatomomOnke yio dvo Egympiotd yvmpicpata, to Product Cleaning Group
ka1 Product Group.
Ot alyopBpol mov e€gtdodnkay oy ot:

o Nearest Centroid Classifier
e k-Nearest Neighbors Classifier

O vVTOAOYIGUOG TNG ATOGTACN G NTAV SIPOPETIKOG o€ KOE mepintwon).
‘Ola ta dedopéva yopicOnkov og training kot test, T0 T0600TO TV 0moi®V AALALEL, MOTE Vol
e€etdoovpe Kahoutepa TV akpifeia tov akyopiBumv kot v tpdPreyn g oot KAGONC.

11.1.1 Baseline

Xpnowonomooape éva baseline amotélecpa, [Le GKOTO VO, GUYKPIVOVLE TO, ATOTEAEGLLOTO. TOV
classification pe avto, Kot va a&loAoycovpe To amotéAespa tng kabe pedoddov.

O aAyopBpog mov viomomoape fTav o zeroR, o omoiog emAéyet TNV KAGON TOL TEPIAAUPAVEL TIG
TEPIGGOTEPES TAPOTNPNOELS, KA T1 XPOLUOTOLEL GOV TO amOTEALECHLA Y10 OAES TIC TPOPAEWELS.

To okop Yo Ta dedopéva 16600V VITOAOYIGONKE pe TNV EDPECT] TOV TOGOGTOV TV AVTIKEWEVOV
KéBe KAAONC 6TO CLVOAIKO aP1OUO TPOLOVEMVY, KOt [LE ETAOYT TG KAGGTG TOV LG Sivel TO HEYIOTO
oKop.

H axpifeia zeroR yuo ta dv0 yvopiopato goivetor akoloH0mg:
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e ZeroR Product Cleaning Group Accuracy: 0.520
e ZeroR Product Group Accuracy: 0.377

11.1.2  A&woroynon MeBd6dov Andotaocng

Setup:

o Algorithm: Nearest Centroid Classifier
o Attributes:

— Product Cleaning Group
— Product Group

e Split: 80% training set, 20% test set
e Distances:

— Euclidean Total

— Euclidean Row

— Euclidean Column

— Cosine Average

— Cosine Vector

— Cosine Diagonal

— KL - Divergence Average
— KL - Divergence Vector
— KL - Divergence Diagonal
KS - Test Average

KS - Test Vector

KS - Test Diagonal
Infinity Norm

>to meipapa avtd eEetdlovpe Tig S10popeTikég HeBOSOVS VTAOYICUOV 0mdoTAoNS, DE®POVTOG
0100gp06 T0 T0606TO 80% train kot 20% test, kot ypnoonoldvToag Tov aAydpiduo Nearest Centroid.
Ta aroteléopata eaivovtatl 6to 11.1 yia 1o Product Cleaning Group.

Distance Comparison in Classification for Product Cleaning Group
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Tyqpa 11.1: Zoykpion MebBddwv Andotaorg yuo Classification oto Product Cleaning Group

96



To péylota okop Accuracy kai Kappa Coefficient sppaviCovtor ot Euclidean Total andotaon,
Kot akohovBovvtat amd avtd twv Cosine Vector Distance kot KL - Divergence- Diagonal. OAa ta
édAro Eucidean, Cosine kot KL okop givat o€ apketd Kovtivi] amdotaot Ue to PEATioTa.

Ta oxop twv KS kot Infinity Norm gpeavifovtor onpoavtikd yopnAd, vrodeikvoovag 0Tt givat
OKOTOAANAQ Y10 TOV DTOAOYIGHO TG ATOGTAGTG OTO TAPOV TPOPAT UL

H tumn andékiion tov Accuracy €xetl péyiotn tiun 0,058, evad oto Kappa Coefficient peyisto-
noteitan oto 0,068, emopévog Bempove GTL UTOPOVLLE VO, TIV (LYVOT)COVUE OTO CUUTEPAGHOTO [LOG KoL
Y TG dvo peBddoLG.

I'a to Product Group, ta amoteléspata eaivovtol oto 11.2, pe ta KL - Divergence Diagonal
ka1 KL - Divergence Vector va gueaviCoov to féXtiota oxop. Apéowg petd akorlovbovv ta KL -
Divergence Average kot Cosine Average.

Distance Comparison in Classification for Product Group
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Xyfqna 11.2: Xoykpion MebBddmv Andotaong yua Classification oto Product Group

Onwg kot 010 TponyoLeVo elpapa, Ta yauniotepa okop eppavilovtol ota KS kot Infinity Norm,
Ta omoia v Bempovpe OTL Og TOPLALoVY GTI GUYKEKPIUEVT] SLOOTKOGIO KATYOPLOTOINGC.

H tomwn amdxkhion tov dvo pebddwv aglordynong epeavilel péytoto oxop 0,056 kai 0,799
aVTIoTOl ™G, EMOUEVDS Bempeital Ao LovTn Yo TNV aKpiPELD TOV ATOTEAEGUATMV UAG.
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11.1.3 Xvykpron Nearest Centroid kou K-Nearest Neighbors

Setup:

o Algorithms:

— Nearest Centroid Classifier
— k-Nearest Neighbors Classifier

o Attributes:

— Product Cleaning Group
— Product Group

o Splits:

— 80% - 20%
- 65% -35%
— 50% - 50%

e Distance: Average of

— Euclidean Total
— Cosine Vector
— KL - Divergence Diagonal

210 TEipapLoL aVTO GLYKPIVOLLLE TO amoTEAES LA TV dVO aAyopiBuwy, Nearest Centroid kot k-Nearest

Neighbors, ota dedopéva pog, e&etdlovtag Tig akdiovdeg TapapéTpoug:

e Xpo6vog Extéleong
e [TocooTd droywpiopov train Kot test dedopéEvmv
e Accuracy ka1 Kappa Coefficient Tov anoteAéopatog

H amdotaon petald tov mivakov petapdocov kabe avtikeipévov chunk datnpndnke otabepn oe
0VTO TO KOUUATL KOt VTTOAOYicOnKe cav o HEGOG OpOg TV TPLOV KAADTEP®Y GKOP A TG OTOCTACELS
7oL ypnoiporombnkay oto Tponyoduevo weipapa: Euclidean Total, Cosine Distance- Vector ko KL -

Divergence Diagonal.

To amoteléopata g epapproyng Tov aiyopifuov mtapovoidlovtal ota 11.3 and 11.4, eved ta

amoteréspota tov k-NN oto 11.5 and 11.6.
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Training Split Comparison with Nearest Centroid Classifier for Product Cleaning Group
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Yymqpa 11.3: Nearest Centroid Classifier yia Product Cleaning Group



Training Split Comparison with Nearest Centroid Classifier for Product Group
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Xyfqna 11.4: Nearest Centroid Classifier yia Product Group

Training Split Comparison with k-NN for Product Cleaning Group
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Yynpa 11.5: k-Nearest Neighbors Classifier yio Product Cleaning Group

Training Split Comparison with k-NN for Product Group
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Tyqpa 11.6: k-Nearest Neighbors Classifier yio. Product Cleaning Group

Eivar mpopavég 6t1, mopd T Tpic S10popeTIKE TO0GTH S10)(mPIGLOD, T amoTeEAESOTO. ToV classification
glvan apketd Kovtivd, amd ta draypdppate Twv 600 adyopibumy. Ocov apopd oto Product Cleaning
Group, 0 TpdTOg 0AyOp1BL0g divel puéyiota okop oTo dlaywpiopd 65%, pue Accuracy 83,1% ko Kappa
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Coefficient 72,8%, evd ta avtictorya okop yio tov k-NN eivan 73,2% kot 53,4%.

To cvprepdopato eivor Tapopota 6tav eetdlovpe to Product Group. Kot €dd ot dtapopég sivar
TOAD HIKPEG, OVAESO GTO, JLOPOPETIKG TOGOGTA JLOYDPIGUOV, LLE TO TPAOTO VO, Lo dTVEL Eva EAOPPDG
VYNAGTEPO TOG00TO Ao T LTdAoa. o tov Nearest Centroid, avtd To péyioto givar 65,3%Accuracy
kot 54,9% Kappa Coefficient, v yio tov k -NN the avtictoya okop givar 56% kot 39,1%.

Amo ta amoteAéopata avtd, eivar epeovég 6Tt 0 adyopiBuog Nearest Centroid eival avadTepOG TOL
k-NN, y1o 70 cuykekplévo TpoOPANUa Kot TIG TPAUETPOVG.

"Eva 1oyvp6 entyeipnpa mov vrootnpilel To mapandve glvar exiong Kot to Yeyovog 0TL 1) eKTELEOT
TOV TPAOTOL Ypetdotnke 20,15 devtepdrenta, evd Tov devTEPOL 161,46, dNAdN TOLAGYLIGTOV 8 POPES
TEPLGGOTEPO YPOVO.
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11.1.4 AkyopOpog K-Nearest Neighbors yio owa@opetika k

Setup:

o Algorithms: k-Nearest Neighbors Classifier
o Attributes:

— Product Cleaning Group
— Product Group
o Split: 80% - 20%
e Distance: Average of
— Euclidean Total
— Cosine vector
— KL-Divergence diagonal

Epapuodctnie o adyopBpoc k-NN yia Ti¢ Topamdve TopapéTpovs, MGTE VO GUYKPIVOLUE TNV
emidpoon g eMA0YNE Tov k 0N YevikdTEPN amdd00M TOL 0AYopifov.

O k-NN viomomOnke yia ta d00 yvopicpata mov e&etdodnkay Kot Tponyovpévmg, to Product
Cleaning Group ka1 Product Group, pe 10 mocoota train Kot test ota 80% o 20%.

H amdctaon dtoetnpndnke otabepn eniong, Kat, OTMG Kol TPV, ioM e TO UEGO OPO TOV TPLOV
kaAOtepwv okop and Tig Euclidean Total, Cosine Distance- Vector kot KL - Divergence Diagonal.

To anotehéopata Tapovoidlovtor ota 11.7 ko 11.8

Comparison of different k in k-NN for Product Cleaning Group
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Tyqpa 11.7: k-NN yia dwopopetikd k 6to Product Cleaning Group

Comparison of different k in k-NN for Product Group
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Zyiqpa 11.8: k-NN yia dwoapopetikd k 610 Product Group
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Hapatpovtag To Sloypappoto, sivor epeaveg 6t 1 emhoyn tov k &gl modbd pikpn enidpactn otnv
akpifelo Tov ahyopiBov Kol To GKOP, OKOLO KOl Y10 SLOPOPETIKES T} LAKPLVEG TIHEG TOL K.

11.2 Clustering

11.2.1 Baseline

H tiun baseline ywo to Clustering vmoAoyileton omd v apytkomoinon tov aAyopifuov yia kdde
neipapa, To omoio pog divel dvo Eeywpiotd okop. To amotédeopa KaBe ektédeons ocvykpivetal Pe otd,
OTMOC POiveTaLl Kot 6€ OA TO JLOYPAUUOTO TOUPUKAT®, ETCL MOTE Vo eEETACOVLE TNV OKPIPELD TOV
OTTOTEALEGLATMV.

11.2.2 Mé£0odoor Ynoroyiopov ATooTaoE®V

Setup:

o Algorithms:

— k-Means
— Baseline

o Attributes:

— Product Cleaning Group
— Product Group

o [nitial Centroid Sets Type:

— All centroids of each set belonged to different clusters (Alldiff)
* Average of 20 sets

— All centroids of each set belonged to the same cluster (Allsame)
* Average of 20 sets

e Distances:

— Euclidean Total

— Euclidean Row

— Euclidean Column

— Cosine Average

— Cosine Vector

— Cosine Diagonal

— KL - Divergence Average
— KL - Divergence Vector
— KL - Divergence Diagonal
— K8 - Test Average

— KS- Test Vector

— KS- Test Diagonal

— Infinity Norm

o Evaluation Methods:
— V-Measure
— Rand Index

Yto 11.9 o 11.10, o alyopiBuoc k-Means extelécOnike yio 20 S10popeTIKEG OUAdES OPYLKAOV
KEVTIPOV, Ta omoia emAEOnKay €161 doTE GAha NG 110G ORAdAG VO VKoLV €lTE GTO 1010 €ite o€
StapopeTikd apyikd clusters, ta omoia eival ta 5 Product Cleaning Groups. Ilapatnpovpe 6tt ot
Euclidean péBodot amodidoovv to péyioto, pe oxop 33,4% V-Measure kot 26,4% Rand Index.
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Distance Comparison in Clustering for Product Cleaning Group (V Measure)
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Xynpa 11.9: k-Means Clustering oto Product Cleaning Group (V-Measure)
Distance Comparison in Clustering for Product Cleaning Group (Rand Index)
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Xyqpa 11.10: k-Means Clustering oto Product Cleaning Group (Rand Index

Ta 11.11 o 11.12 axorovBovv v 1010 Aoy pe o Tponyovueva, oAld €dd To clustering
npoyuartonoteitol yio to Product Group. ‘Exyovue dniadn 12 mibava clusters avti yio ta S wov giyope
OT0. TPOTYOVUEVA OVO TTEPALATO.
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Distance Comparison in Clustering for Product Group (V Measure)
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Xynpa 11.11: k-Means Clustering oto Product Group (V Measure
Distance Comparison in Clustering for Product Group (Rand Index)
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# Rand Index Baseline  # Rand Index

Yyqpa 11.12: k-Means Clustering 6to Product Group (Rand Index

Ot Euclidean amootdoeic £xovv kot €30 To Kupilapyo oKop, e T LEYISTN aKpifeia va emituyydvetot
yw ) Euclidean Row, mov pag diver V-Measure 35,5% ot Rand Index 22,2%. Ta oxop KL-Divergence
elvan emiong apketd vynAd.

g OAEG TIC TEPUITAOOELS, TO YoUnAOTEPA okop divovtar omd ta KS-Test kot Infinity Norm, ko
TOAAEG Popég dev Eemepvoiv To basseline.

11.2.3  Apykd kévipa
Setup:

o Algorithms:
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— k-Means
— Baseline

o Aitributes:

— Product Cleaning Group
— Product Group

o [nitial Centroid Sets Type:

— All centroids of each set belonged to different clusters (Alldift)
* Average of 100 sets

— All centroids of each set belonged to the same cluster (Allsame)
* Average of 100 sets

— All centroids of each set belonged to a random cluster (Allrand)
* Average of 100 sets

e Distance: Average Of

— Euclidean Total
— Euclidean Row
— Euclidean Column

e FEvaluation Methods:
— V-Measure
— Rand Index

To 11.13 mapovotdlel To anoTeAECUATA Y10 TO TOPATAVE GEVAPLO Eviaéng o€ S clusters, Ta Product
Cleaning Groups.

Initial Centroid Set Comparison in Clustering for Product Cleaning Group
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Xyfpe 11.13: k-Means Clustering(Product Cleaning Group)

Ta péylota 6Kop TOpaTPOVVTOL OTOV TO. APYIKE KEVTPO aviKOLV G dtapopetikd clusters, ondte
kot égovpe V-Measure 31,4% wot Rand Index 25,3%. AvtiBeta, To yapnidtepo okop eppaviletor dtav
TOL OPYIKA KEVTIPO OViKOUV OAd 6T 110 cluster.

To 11.14 axoAiovBel v mapandveo peBodoroyia, e ™ dwapopd 6t 1 dadikacio eotidlel og 12
clusters, pag kot e&gtalovpe ta Product Groups.
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Initial Centroid Set Comparison in Clustering for Product Group
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Xynpa 11.14: k-Means Clustering(Product Group)

AlmoT@vovpe Kot €6® OTL TO VYNAITEPO GKOP TOPAYETAL GTIV TEPITTMGCT] TOV UPYIKOV KEVIPWOV
o€ dlapopeTikd clusters, Kot 1o ¥epOTEPO HTAV OVIKOLV GTO id10.
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Kepdioro 12

Eniloyoc

270 KEPALOLO OWTO TOPOVCIALOVTAL TO GUUTEPACUATO OO TO TEPALOTO TOV EKTEAEGULLE, KOl O
TPOTACELS HOG Y10 LEAALOVTIKT EpYyacia 6To Tapdv TPOPANUa.

210 12.1 mopatiBevion to cvumepdopatd pog amd to teipapate tov Kepoiaiov 11, kot cuvoyileton
N arddoon twv Classification kot Clustering, a&loAoymvtog TV nidpacn Kabe TapapéTpov.

10 12.2 meprypagoviot mbavd Oépato mov dev lyape Ty gvkaipio v, EEETAGOVIE KATH TNV
Tapovsa epyacia, kol Oa pmwopodsav va epevvnBohv TEPICCOTEPO GTO HEAAOV.

12.1 Xvpmepaopoato

Edd ovvoyilovpie Tig Topatnpfioels oo To TEWPAROTA oG Kol VINTALLE TO TEAKO GUUTEPACLLOTOL.

12.1.1 Classification

Avopopikd pe TNV amodoTikdtnTo TV pHEfdd®V vToloyiopob andctacng, ot Euclidean pog divovv
mavta o, vynidtepa okop, pali pe tig KL-Divergence kot tig Cosine. 'Htav apketd d0cKoAo va
avayvVopIiGOvUE KaTo TOCO 01 TEXVIKEG average, diagonal 1 vector anédmoay koAvTepa, KOOMG, yio
K60e néB0d0, T0 PEATIOTO GKOP epPavileTar 1o KAmOlo SIOPOPETIKN TEXVIKY, YWPIG Vo vdpyel Kamolo
vevikd potifo. Ta okop twv KS-Test kot Infinity Norm amodeiyOnkay axatdAinio yio to dedouéval
pag, Kot to amoteléouato onavio Eemepvodooay Tig Tinég baseline. Yro0étovpe 611 avtd cuvéPaive
AGY® TG GVOTG TOV KATOVOUDV LOG, KOl TOV 0E00UEVOV LAG OTN LOPEN TOV TIVAK®OV LETAPOONC.

Katd ™ ovykpion tov 600 aryopifumv, tov Nearest Centroid kot K-Nearest Neighbours, o
TPADTOG ERPAVILeEl oNUAVTIKA KOADTEPT amdd0oT, Aapfavovtag vroyn 1660 T0 Accuracy 0G0 Kot
to Kappa. Onwg avagpépOnke paiiota kot oto Kepdlato 11, o ypdvoc ektédeong tov k-NN ftav 8
POPEG VYNAOTEPOS 0O TOV AAAOV 0AYOPiBOV, YEYOVOC TTOL EVIGYVEL TNV OVOTEPHTNTO TOL SEHTEPOL
6T0 TPOPANUA HaG. AVTO amodIdETUL KOl €V LEPEL GTO YEYOVOG OTL OL VTTOAOYIGLOL TOV OTOLTELTAL VO
npaypatonomogl o k-NN eivat apketd mo moAvmiokot, Kaddg TeptAapBavouy 6Aovg TOVG VITAOYIGHOVG
amooTdoemVv ond Toug k-kovtivotepovug yertdovoug. O SloywplopogTmv dedopévmy o€ train kat test giye
TOAD LIKPT| EMOPOOT] OTO OMOTELEGLA, KATL Wiaitepa aglooneimto, av okepBovpe 611 0 OYKOG TV
dedopévmv mov ypnopomomonkay NTav ToAD pKpds, Kot 0o LTopovsE Vo, GUVIEAEGEL GE OTLOVTIKEC
dlpopég Yo To. EEYOPIOTA TOGOGTA SO MPIGLOV.

INa v extédheon Tov k-NN yia Stopopetikd k dev mapoatnpndniay onpavticég Sopopés, KATL Tov
glvort ToAD BeTd, KaBMG LITOdEIKVOEL OTL Ta dedopéva pog Oev givarl evaicOnto oty emtioyn Tov k,
mOAvOG AOY® TNG LOPPNS TNG E16O0VL TOL aAyopiBuov.

12.1.2 Clustering

e 6Aa Ta TEWPALOTA, aveEAPTNTO amd TV TapapeTponoinor tov k-Means, ta 6Kop TG akpifeiog
NTov apketd Younid. Emopévag, yevikd Bewpovpe 6Tt 1 amddoomn tov aAdyopibuov oto clustering tov
TPo1dvVT®V-chunks dev NTOV IKOVOTOUTIKY.

‘Ocov apopd o11g anoctdoels, ol Kahvtepes néBodol vroroyiopol ftav Kot €0® ot Euclidean,
Cosine ka1 KL-Divergence, pe tic Euclidean va Egxmpilovv oyetikd amod tig aAleg 600. Kot €dm, ta
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okop tov KS-Test kot Infinity Norm givor ehdyiota vynidtepo and ta baseline okop, amodeikviovtog
OTL ATTOTVYYAVOLV VO CLGYETIGOVV Ta OeSOUEVA. LLE EVaV 0mod0TIKO TPOTO.

[Mopatnprioape eniong, 6TO KOUUATL TNG 0PYLKOTOINGNE TOV aAyopiBLoL Le SLOpOPETIKEG KOTNYO-
pieg KévTpav, 6TL To VYNAGTEPO oKOop Hag £01ve h apyikn TomoBétnom Tovg o Srapopetikd clusters, ot
gmetta, 1 apyikn TorofEon Tovg o€ Tuyaio. AVTo NTaV AVAUEVOLEVO, KOBMG 0 aAydp1Bpog €& opiopon
YPEALETAL VO KOTNYOPLOTOGEL OAML TO OEOOUEVE GE O10POPETIKA clusters, emopévmg, EeKvavTag
He auTd Ta clusters Gov KEVTPA, ETLTVYXAVOVUE TTO aKPIPEC amoTédecpa. AVTIOET®OG, OTaV T APYIKA
Kkévipa Ppickovtay dAa oto 1610 cluster, ypeldonKay TOAAEG ATOVOANYELS YO VO OTOLLoKpLVOODE
0o 0VTO, VO VTTOAOYICOVLE GTOSIOK TO VITOAOUTA, Kot VO, avodEGOVLLE T, OEG0UEVH GOGTE GE OVTA.

12.2 Mehirovrikn Epyacio

Edm mapovcialovpe ev cuvtopio Ta NTALOTE TOL dEV ELYOLE TO YPOVO VA EPEVVIICOVLE KATA TN
SlpKeLol TNG SMAGUOTIKNAG EPYOCiaG, Kot ETioNG OEUATA TOV AVEKLYAV KOTA TNV EPEVVE oG, Kot Oa
uropovcay vo e&etacfoiv Tepatépm.

o Ymoloyiopdg AToctdosmv

Emumhéov pébodot vtoroyiopov Bo umopovcay va, ypnoionombovy yio Ty ardcToct TV
TVAKOV LETAPaoNG. Oa UTopoVCaLE VO EPEVVICOVE LEBOSOVE EEEIBIKEVUIEVEG OTNV EVPEDT
AmOGTOONG AVAUEST GE SIOIAGTUTOVS TIVOKES, 1] KOL VO, LETATPEYOVUE UE SLOPOPETIKO TPOTO TOV
mivaka og 01avoucpo (TapadeiyLatog xapn, ové T, avti yio avi oelpd OIS TPy LATOTOLEITOL
TOPOL).

o AlyépOpor Clustering H younin amédoon tov k-Means Bo propovoe va givar va. 1oyvpd
KIVITPO VO TEWPAUOTIGTOVUE KoL Pe GAAOVG aAyopifpovg clustering, mov pmopei va amoderyfovv
O KATAAANAOL Y10l TO OEGOUEVA LLOLC.

o Classification pe ™ gp1on dwevicpatog cuyvotTnTog and N-01doTaTov TivaKa

Ot aiyopiBpor Classification propodv va tpomomomBodv Mote vo ApPavouy StpopeTIKEG
TOPOUETPOVS GOV €16000. AVTL VA, KATIYOPLOTOUGOVLLE TO dEOUEVA Pe PAomn TOVg KWIKOVE TV
LIVORATOV, KOl TOV TIVOKO LETAPOOTG ALTMV, UITOPOVE VO VITOAOYIGOVE £va omAd dtdvucpa
GLYVOTNTOV Y10 KAOE avTIKEIIEVO, TO 0TTOT0 VO ATEIKOVILEL TO TOGOOTO ERPAVIONG KaBEVOG amd
ToL 45 UIMVOUOTO 6TO GUYKEKPIUEVO TPOoLdV. AvTd To S1dvuca gival mov Ba 600l cov icodog
ooV aAydp1Buo, Kot 01 amootdoelg HeTash TV dtavuoudtov 8o vroAoy1eBOVY O Kot Tpty. Me
oV TpOmOo 0vTd aE10A0YOVE TNV AmOdoT KaBe alyopiBov, yio dAeg Tig LeBddovE VITOAOYIGHOD
™G andoTOoNG, LE VO LOVOILIOTATO TIVOKO, TOV TPOPAVMS LG TOPEYEL MYOTEPEG TANPOPOPIES
oo TOV aVTioTO(0 d10180TATO.

Me tov 1610 Tpémo, Bor pmopovcapie va, yevikevoovpe T HéBodo kat o€ 3 | N draotdosi, mapé-
YOVTOG £TG1 AVENUEVN TANPOEOPIN GTOV AAYOPIOLO, KOL AVOUEVOVTOS 10POPETIKE OTOTELEGATOL
KoL 0Tod0TIKOTNTA TNG O1AOKOGTOC.

o Emioyn 010QopeTIKOV petaffintov

YtV gpyacio avth, OAEG 01 VAOTOGELS Log PacioTNKAY GTOV KOSIKO UNVOUATOG KAOE ovTi-
keévov chunk, o6nmg eEnyndnke kot 6to Kepdloto mov apopovoe oty mpo-enelepyacio Tmv
dedopévmv. Ze o GAA TPoGEYYIon, OAES O PETABANTEG oV YapakTnPilovy T S1dtKaGiol PLog
(®eppokpacia, Iicorn, Opoyevomoinon kat ovTm kabeENc) Ba propodoav vo Anedohv vtoyn
Kot TNV ekTédeon TV ahyopifuwv. Kt 61010 Ba amattovoe S1opopeTiko S mpIGHO TOV
APYIKAOV OEOOUEVMV, KOl TNV €0PECT VOGS TPOTOL VO, EVEMOUATMGOVIE TIC EMTALOV LETAPANTEC
oo yvopiocpota tov tpodviov. H gicodog tov kébe alyopiBpov Ba yperaldtav eniong Tpo-
TOTOINoN, o Kot o1 VEEG petafAntég eltvarl apBuntikés. To 1010 1oyvel Ko yia T peBoddovg
VTOAOYIoHOV TNG amdoTac™S. Ol Ta mEPAaaTo 0o HToV amapaiTnTo Vo ETOVICYEIINGTOVV,

108



®ote va e&etalovv TAéov TV emidpact kdbe petafAntg EExmploTd, KPOTMOVTOS TIG VTOAOITEG
otafepéc, 1 TPUYLOTOTOUDVTUG KATAANAOVS GUVIVAGLLOVG Y0 TNV EVPECT) GUCYETICEWV.

BaOporoynon Hopayoyumc Awedikaciog To avtikeipeva chunks avaeépovtol og Egxympiotd
mpowovTo Tov mopdyoviat. Katd tn dtodikacio tomofétnong eTkéTov, Tapatnpioaus 6tn n
mapayoy" id1wv tpotdviv dev ftav o kaBdra id1a dtadikacio, dcov apopd 6T ddpKeLd, oTN
GELPA KOl 6TO E100C TOV EVEPYELDY TOV TPUYUATOTOLOVVTAY. AVTO OTULOiVEL OTL ELYALLE TPOLOVTOL
ue to 101 yapaktnpiotikd (Product Cleaning Group, Product Code, Product Group ki), aAld
He d1opopeTIKovE TivaKes LETOPACEDY, KAOMOE To LNVOLOTO KoL 1] GEPA TOVE 6TO KaBéva oV
avOpolL.

[No va avtipetonicove 10 Topamdve TpoPANUa, XpeldleTol Pl KAToypaen TG WOoVIKNG-
Bértionc Sradikaciag, Yo OAC TO TPOLOVTA, £TGL MGTE VO, GLUYKPIVOVLE TO TPOYUATIKO e 0VTO
kot vo, eaeiyoupe Tig dapopés. o kb mpodv, Ba yivetal po KaToypapn g WAVIKNG
oelpdG evepyelmv, Kot Ba dnpovpyodpe to avtikeipevo chunk yio avth. ‘Eneita, n obykpion tov
TWVAKOV PHETOPACEDY AVTAOV, € EKEIVOVG amd TO TPAYHATIKA TpotdvTa Bo divouv v amddoon
Kkd0e Sradikacioc, kKot Bo poc emtpémovy va, fobLorloyole Ta TPOLOVTO Kot VO ATo@alicovE
Katd TOG0 TPoceYYilovv Ta WavVIKA. AVTd amotelel Eva TOAD GNUAVTIKO TPAOTO Prpa TNV
katevBuvon Peltiotonoinong g Topaywyns, Wiaitepa OGOV aPOPAE GTNV TOL0TIKY ovafadicn
TOV TPOLOVIMV Kol TNV EAOYIGTOTOINGT TOL XPOVOL TOPAYMYNG.

M£00od01 A&roroynong Xtnv a&loAdynon TOV OTOTEAECUATOV, YPTCULOTOMGOLE KATOEG EV-
SEIKTIKEG PHEBOOOVG, OV EPAPUOLOVTAL GLYVA GE TETOLEG SLUOIKAGIES. YTAPYOLY OU®G TOAAES
TEPLGOOTEPEC, Ol OTMOIEG LAMOTO TAPEYOVV KOl SLOUPOPETIKEG GCVCYETIGELS KOl GUUTEPAGLOTA.
Avo mapadeiypata givon 1 Silhouette Coefficient, n omoio peTpd ™ cvvoyn péca o éva cluster
1w class, kot to Student’s T- Test, To omoio vroloyilel TV mBavoOTNTA VO SLOPOPETIKAL
GUVOAN dedOUEVAV va glvar delypata tng id1ag KaTavouns. Me tov tpdno avtd, n a&loldynon
TOV AmoTELECUATOV B0l LITopoVoE VO LLOG 0ONYNOEL GE OKOLA TTO EVILAPEPOVTO GLUTEPAGHLOTA.
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Mopaptnpo A

Scripts

A.1 Classification

A.1.1 Nearest Centroid Classifier

1 # Nearest Centroid Performance

4 attribute_list

s split_percentages
6 num_iters

7 dist_methods

8

10

["pr_cl_group”,”pr_group”]
[0.8,0.65,0.5]

30

["eucl_total”,\
"cosine_vector”,\
"KL_divergence_diag”]

11 for attribute in attribute_list:
12 for split in split_percentages:
13 for iteration in range(num_iters):

15 (train_set, test_set) = split_random(chunk_list,attribute, split)
16 centers = calculate_centers(train_set,attribute)

18 for dist_method in dist_methods:

19 for chunk in test_set:

20 assign_to_nearest_center(chunk,centers,dist_method)
21

2 (accuracy, kappa) = evaluation(test_set,attribute)

Listing A.1: Nearest Centroid Classifier

A.1.2 K - Nearest Neighbors Classifier

I # Classification Algorith K— Nearest Neighbors

4 attribute_list

5 split_percentages
6 num_iters

7 dist_methods

9

10 unique_pr_cl_gr

["pr_cl _group”,”pr_group”]
[0.8,0.65,0.5]

30

["eucl_total”,\
"cosine_vector”,\
"KL_divergence_diag”]

5
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Il unique_pr_gr =12

14+ for attribute in attribute_list:

16 if attribute=="pr_cl_group”:
17 min_k = unique_pr_cl_gr+1

18 max_k = unique_pr_cl gr*3+1
19 elif attribute=="pr_group”:

20 min_k = unique_pr_gr+1

21 max_k = unique_pr_gr*3+1

23 for split in split_percentages:

24 for iteration in range(num_iters):
26 (train_set, test_set) = split_random(chunk_list,attribute, split)
28 for dist_method in dist_methods:

30 for chunk in test_set:
31 distances = calculate_distances(chunk, train_set,dist_method)

32 sorted_distances = sort(distances)
34 for k in range(min_k, max_k+1):
35 assign_to_most_frequent(chunk, k, sorted_distances[:k])

37 for k in range(min_k, max_k+1):
38 (accuracy, kappa) = evaluation(test_set, k,attribute)

Listing A.2: K - Nearest Neighbors Classifier

A.2 Clustering

A.2.1 K- Means Implementation

I # Clustering Algorith, Implementation of k-means

5

4+ attribute_list = ["pr_cl_group”,”pr_group”]
5 centers_sets_types = [centers_sets_all random, \
6 centers_sets_all diff,\

7 centers_sets_all_same]

8 num_sets = 100

9 dist_methods = ["eucl_total”,\

10 "eucl_row”,\

1 "eucl_column”]

13 for attribute in attribute_list:
14 import_centers_sets(num_sets,attribute)
15 for centers_set_type in centers_sets_types:

17 for centers in centers_set_type:

19 for dist_method in dist_methods:
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1

S}

assign_to_nearest_center(chunk_list,centers,dist_method)
evaluate_clustering_baseline(chunk_list,attribute)
centers_have_changed = True

while centers_have_changed:
old_centers = centers
centers = calculate_clusters_centers(chunk_list)

assign_to_nearest_center(chunk_list,centers,dist_method)

if (centers == old_centers)
centers_have_changed = False

evaluate_clustering(chunk_list,attribute)

Listing A.3: Clustering Implementation K-means

A.3 Distances

A.3.1 2D to Vector Convertion

#Convert 2D matrix to Vector using the Vector algorithm

3 def m2v_vector(matrix):

ret_vect = []
[ret_vect.extend(row) for row in matrix]
return ret_vect

Listing A.4: Vector algorithm

#Convert 2D matrix to Vector using the diagonal algorithm

3 def m2v_diag(matrix):

1

5

ret_vect = []
for i in range(len(matrix)):
for j in range(len(matrix[0])):

if (i<j):
ret_vect.append((matrix[i][j]+matrix[j][i])/2.0)
elif (i==j):

ret_vect.append(matrix[i][j])
return ret_vect

Listing A.5: Diagonal algorithm

A.3.2 Distance Algorithms Implementation

#Euclidean Total distance algorithm
from scipy.spatial.distance import euclidean
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4 def dist_eucl_total(chunkl, chunk2):
5 return euclidean(m2v_vector(chunk1.TM),m2v_vector(chunk2.TM))

Listing A.6: Distance Euclidean Total

#Euclidean Total distance algorithm
from scipy.spatial.distance import euclidean

o

4 def dist_eucl_row(chunki1, chunk2):

5 tt_sum=0

6 for 1 in range(len(chunk1.TM)):

7 tt_sum+=euclidean(chunkl.TM[i], chunk2.TM[1])
8 return tt_sum

Listing A.7: Distance Euclidean Row

#Euclidean Total distance algorithm
from scipy.spatial.distance import euclidean
import numpy as np

o

5 def dist_eucl_column(chunkl1, chunk2):

6 tt_sum=0
7 for 1 in range(len(chunk1.TM)):
8 t_sum = 0

9 for j in range(len(chunk1.TM[0])):

10 t_sum+= np.square(chunkl.TM[j][i]—chunk2.TM[j][1])
1 tt_sum+=np.sqrt(t_sum)

12 return tt_sum

Listing A.8: Distance Euclidean Column

from scipy.spatial.distance import cosine
> import numpy as np

4 def dist_cosine_average(chunkl,chunk2):

5 results = []

6 for 1 in range(len(chunk1.TM)):

7 cosrow = cosine(chunk1.TM[1i], chunk2.TM[1])
8 if not np.isnan(cosrow):

9 results.append(cosrow)

10 return np.average(results)

Listing A.9: Distance Cosine Average

i from scipy.spatial.distance import cosine

5

3 def dist_cosine_vector(chunkl, chunk2):
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4 return cosine(m2v_vector(chunkl1.TM),m2v_vector (chunk2.TM))

Listing A.10: Distance Cosine Vector

1 from scipy.spatial.distance import cosine

S}

3 def dist_cosine_diag(chunkl, chunk2):
4 return cosine(m2v_diag(chunk1.TM),m2v_diag(chunk2.TM))

Listing A.11: Distance Cosine Diagonal

1 from scipy.stats import entropy
> import numpy as np

4 def dist_KL_divergence_average(chunkl,chunk2):
5 results = []

6 for i in range(len(chunk1.TM)):

7 tmp_ch_1 chunk1.TM[1]

8 tmp_ch_2 = chunk2.TM[1]

9 for j in range(len(tmp_ch_1)):

10 if tmp_ch_1[j] ==

1 tmp_ch_1[j] = 0.001

12 if tmp_ch_2[j] ==

13 tmp_ch_2[j] = 0.001

14 results.append(entropy(tmp_ch_1, tmp_ch_2))
15 return np.average(results)

Listing A.12: Distance Kullback-Leibler Divergence Average

1 from scipy.stats import entropy

3 def dist_KL_divergence_vector(chunkl, chunk2):
4 tmp_ch_1 = m2v_vector(chunkl1.TM)
5 tmp_ch_2 = m2v_vector(chunk2.TM)

7 for i in range(len(tmp_ch_1)):
8 if tmp_ch_1[i] == 0 :

9 tmp_ch_1[i] = 0.001

10 if tmp_ch_2[i] ==

5 tmp_ch_2[i] = 0.001

13 return entropy(tmp_ch_1,tmp_ch_2)
Listing A.13: Distance Kullback—Leibler Divergence Vector

i from scipy.stats import entropy

3 def dist_KL_divergence_diag(chunk1, chunk2):
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tmp_ch_1 = m2v_diag(chunk1.TM)
tmp_ch_2 = m2v_diag(chunk2.TM)

for i in range(len(tmp_ch_1)):
if tmp_ch_1[i] ==
tmp_ch_1[i] = 0.001
if tmp_ch_2[i] ==
tmp_ch_2[i] = 0.001

return entropy(tmp_ch_1,tmp_ch_2)
Listing A.14: Distance Kullback—Leibler Divergence Diagonal

from scipy.stats import ks_2samp
> import numpy as np

def dist_KS_test_average(chunkl,chunk2):

results = []

for 1 in range(len(chunk1.TM)):
Y = ks_2samp(chunkl1.TM[i], chunk2.TM[1])
results.append(Y[0]/Y[1])

return np.average(results)

Listing A.15: Distance Kolmogorov—Smirnov test Average

from scipy.stats import ks_2samp

3 def dist_KS_test_vector(chunkl,chunk2):

Y = ks_2samp(m2v_vector (chunkl.TM), m2v_vector (chunk2.TM))
return Y[0]/Y[1]

Listing A.16: Distance Kolmogorov—Smirnov test Vector

from scipy.stats import ks_2samp

3 def dist_KS_test_diag(chunki, chunk2):

)

Y = ks_2samp(m2v_diag(chunk1.TM),m2v_diag(chunk2.TM))
return Y[0]/Y[1]

Listing A.17: Distance Kolmogorov—Smirnov test Diagonal

import numpy as np

3 def dist_norm_inf(chunk1, chunk2):
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return np.linalg.norm(np.array(chunk1.TM) — np.array(chunk2.TM), np.inf)
Listing A.18: Infinity Norm



A.3.3 Evaluation

of Distance Methods in Classification

1 # Classification Algorith to compare differnt distance methods

S
4
5
6
8
9

10

o

attribute_list

["pr_cl _group”,”pr_group”]

split_percentages = [0.8]
num_iters = 30
dist_methods = ["eucl_total”,\

"eucl_row”,\
"eucl_column”,\
"cosine_vector”,\
"cosine_diag”,\
"cosine_average”,\
"KL_divergence_vector”,\
"KL_divergence_diag”, \
"KL_divergence_average”,\
"KS_test_vector”,\
"KS_test_diag”,\
"KS_test_average”, \
"norm_inf"]

for attribute in attribute_list:
for split in split_percentages:
for iteration in range(num_iters):

(train_set, test_set) = split_random(chunk_list,attribute, split)
centers = calculate_centers(train_set,attribute)

for dist_method in dist_methods:
for chunk in test_set:
assign_to_nearest_center(chunk,centers,dist_method)

(accuracy, kappa) = evaluation(test_set,attribute)

Listing A.19: Classification Distance Methods Evaluation

A.3.4 Evaluation of Distance Methods in Clustering

# Clustering Algor

attribute_list

centers_sets_types

num_sets
dist_methods

ith to compare differnt distance methods

mon

= ["pr_cl_group”,”pr_group”]

= [centers_sets_all diff,\
centers_sets_all same]

= 20

= ["eucl_total”,\
"eucl_row”,\
"eucl_column”,\
"cosine_vector”,\
"cosine_diag”, \
"cosine_average”,\
"KL_divergence_vector”,\
"KL_divergence_diag”, \
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> for

"KL_divergence_average”,\
"KS_test_vector”,\
"KS_test_diag”,\
"KS_test_average”,\
"norm_inf"]

attribute in attribute_list:

import_centers_sets(num_sets,attribute)
for centers_set_type in centers_sets_types:
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for centers in centers_set_type:
for dist_method in dist_methods:

assign_to_nearest_center(chunk_list,centers,dist_method)
evaluate_clustering_baseline(chunk_list,attribute)
centers_have_changed = True

while centers_have_changed:
old_centers = centers
centers = calculate_clusters_centers(chunk_list)
assign_to_nearest_center(chunk_list, centers,dist_method)

if (centers == old_centers)
centers_have_changed = False

evaluate_clustering(chunk_list,attribute)

Listing A.20: Clustering Distance Methods Evaluation
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