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En la Unive rez Autdnoma de Tabasco, de acuerdo al Reglamento de Estudios de Posgrado
vigente, se rew@baio de investigacion litulado “Descriptive and predictive models of Guillain-
Barré Syndrome chinkal data using machine learning algorithms", realizado por el C.
José Hernandez Torréico, estydiante del Doctorado Interinstitucional en Ciencias de la Computacion
para obtener el Grado de en Ciencias de la Computacion bajo la modalidad de Tesis

Los integrantes del jurado, ‘de revisar el trabajo, y en virtud de que se han atendido
satisfactoriamente las obsewa@y recomendaciones, olorgamos nuestra aprobacion para que

continie los tramites mmﬁ%memm del grado
{ \\' . e

Dr. Juan Frausto Solis
Profesor-Investigador

6 1 ng 0

Dr. Alejandro Padilla Diaz
Protesor-Investigador

Dr. Juan Pauk Sanchez Hernandez ®

Prolesor-Investigador A
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Por este medio me permi;‘ er de su conocimiento que con base el acta de

MIS. José Hernan iT}rruco

evaluacién de examen predoc I acta de examen de grado y evaluaciones del
comité tutoral, se determma ahdaCIon de las Figuras Académicas en sus
distintas responsabilidades Dlr E0- director y Jurado de examen de grado
quedando de la ggwent%@ra
Directores: T

Dra. Juana Canul Reich + a
Dr. Juan Frausto Solis /‘ O‘
Comité Tutoral: O

Dr. Alejandro Padilla Diaz O

Dra. Juana Canul Reich L S O
Dr. Juan Frausto Solis Y LY
Jurado: : .

Dr. Alejandro Padilla Diaz Presidente
Dr. Carlos Alberto Ochoa Ortiz Secretario

Dr. Juan Paulo Sanchez Hernandez. Vocal

Dra. Juana Canul Reich 2 Vocal

Dr. Juan Frausto Solis Vocal

Sin otro particular reciba usted un cordial saludo.

Atentamente ' @s
MAT €s Gutiérrez , &P
Di r (L ramme et %

C.c.p. Dr. Jesus Hernandez del Real. Responsable del Area de Posgrado. ' .
Archivo.
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MIS. José Hernandez Torruco
Estudiante del DICC #
Cunduacan, Tabasco. ,,a,;

Por este medio me permlto Pfacer de su conOC|m|ento que con base en el Dictamen
del Consejo Académico del Doctorado Interinstitucional 'en Ciencias de la
Computacion (DICC), dIrIgIdO por el Dr. FranC|sco Diego. Acosta Escalante en su
caracter de Secretario Técnico del Cansejo Académico, se determina en Anexo 1,
que las publicaciones sometldas a revision cumplen ican| Ios reqwsﬁos de obtencion
del grado prewstos en el prograr;na I A N/
Sin otro particular reciba usted un-egrdial sdluds.

Atentamen@jiié

\ o\
Ccp. ’Br. Francisco Diego Acosta Escalante.- Secretario Técnico del DICC })7\\\
Dr. Jesus Hernandez del Real. Responsable del Area de Posgrado. © \

- Archivo. L,
Miembro CUMEX desde 2008 Carretera Cunduacan-Jalpa Km. 1, Colonia Esmeralda, C.P. 86690. Cunduacan, Tabasco, México.
X rcio, E-mail: direccion.dais@ujat.mx
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ANEXO 1

Producto 1

Predictores de falla respiratoria y de la necesidad de ventilacion mecanica en el Sindrome de
Guillain-Barré : :

=
Ty

Evidencias del arbitraje | (-~
http://revmexneuroci. com/ace?ca-de -rev- mex neurom/

Evidencias del indice ( f

P

http://revmexneuroci. com/acerca de-;ev—rhex-neurom/ t
http://www.imbiomed.com: mx/1/1/art|culos‘1 php’?method showlndex&ud reVIsta 91

Estado TSI T 783 —S Y ;

Publicado en el numero corresﬁon&tente ’al\p,erlodo septlembre - octubre de 2013. Vol. 14,
Num. 5. ; o 4 !’

Relacién con el trabajo doctoral L >

Es una revision del estado del arte de los predlctores de falla. resplratorla y de la necesidad
de ventilacién mecanlca en el smdrome esfﬁdlado ~

2 EE N ‘6,‘ f c .
Producto 2 2018 o I iR }

El aprendizaje computamonal en el dlagnostlco de enfermeﬁades 3

Evidencias del arbltraj‘e ; ‘ e

http:/komputersapit 's smia. mx/mdex php?optlon com conteﬁt&wew-artlcle&ld =67&ltemid=

Evidencias del |nd|ce

93
Estado

Vol. lIl.

Relacién con el trabajo doctoral

Es una revision del estado del arte de los métodos de aprendizaje computacionalque se
aplican en el diagnostico de enfermedades.

Producto 3
Towards a predictive model for Guillain-Barré Syndrome

Miembro CUMEX desde 2008 Carretera Cunduacéan-Jalpa Km. 1, Colonia Esmeralda, C.P. 86690. Cunduacan, Tabasco, México.
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Evidencias del arbitraje
http://ieeexplore.iéeerarg/stamp/stamp.jsp?tp=&arnumber=7318240

Evidencias del indice
http://www.ieee. orq/conferences events/conferences/conferencedeta|Is/mdex html?Conf ID=

1817 ol

Estado b; el

Publicado. La conferencia se'\redlizd-del 25 al 29 de agosto de 2015 en la ciudad de Milan,
ltalia. . ( N \, ,

Relacion con el trabajo db‘étofai

Describe los resultados de experlment’oi exploratorlos para la construcmon de un modelo
predictivo para el smdrome mvestggadé"Usando algorltmos de aprendlzaje automatico.

Producto 4 Uy VT “Vop
A kernel-based predlctlve model for Gunlaln &ar@ Syndrome

Evidencias del arbltraje ‘
http://link. sprlnger com/ch 9:‘ 20

Estado |l : ;z-é‘\ v
Publicado. Proceedlngs of the 14th Mexncan Internatiopal .Con
Intelligence, MICAI-2015, held in Cuernavaca Proceedmg‘g, Pa
October 2015. La ¢ ferencna se reallzo deI 25 al 31 de octubre
Cuernavaca, Morelos. -~ . = ‘

Evidencias del Ianlce e

ence on Artificial
Morelos, Mexico, in
2015 en la ciudad de

Relacién con el trab doctoral

Describe los resultados de expenmentos para Ia construccuon de uh' modelo predictivo para
el sindrome mveshgado usando maqumas de- vectores soporte (SVM) y elClasificador C4.5.

Producto 5 LT
Feature selection for better identification of sub

Syndrome

Evidencias del arbitraje
http://www.hindawi.com/journals/cmmm/reviewers/

Evidencias del indice

http://ip-science.thomsonreuters.com/cgi-bin/jrnist/jiresults.cgi?PC=MASTER&ISSN=1748-
670X

Miembro CUMEX desde 2008 Carretera Cunduacan-Jalpa Km. 1, Colonia Esmeralda, C.P. 86690. Cunduacan, Tabasco, México.

E-mail: d|r ccion.dais@uja
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Mexicanas
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Estado
Publicado el 15 de'septiembre de 2014.

Relacién con el trabajordogtoral

Describe los resultados de"experimentos para obtener los atributos relevantes para identificar
los cuatro subtipos prlnCIpaIes del smdrome estudlado usando metodos filtro.

Producto 6 - T

Finding relevant features for‘tdentlfylng subtypes of Guu||a|n Barre Syndrome using
Quenching Simulated Annealmg and Partltuons Around Med0|ds

N

Evidencias del arbitraje VN A ,
http://ijcopi.org/ojs/index. php'?|oumal uoop“&paqe-about&op ed|tor|aITeam

>,
t"

Evidencias del indice = = = 4 - \ ~ ~
’)"e—about&op-edltonalPo||0|es#custom0

http://ijcopi. org/ols/mdex php’?journal ucopl&;

Estado (B18 1] ~<F R
Publicado en el numero _ orrespondlente al Qenodo mayo — agosto’ e 2015 Vol. 6, Num. 2.

Relacién con el trabajo doctoral E N ~ ~'

Describe los resultados de expenmentos pérafbbtener los htrlbuto 3 re| ntes para identificar
los cuatro subtipos pruncnpales del smdrome*estudlado gsando un método que combina un
algoritmo de optimizacion y un atgorltmo de c|uster|ng, denommado QSA-PAM.

Miembro CUMEX desde 2008 Carretera Cunduacan-Jalpa Km. 1, Colonia Esmeralda, C.P. 86690. Cunduacan, Tabasco, México.
E-mail: direccion.dais@ujat.mx
0rcl,
V'Thq%ve%s s o8~ Engrega de integridad Teléfonos: (993) 358 1500 ext. 6727; (914)1336646;deepnt(8sh4 \336087:002706933
\4ex1canas
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09 de Febrero de 2016

MIS. José Hernandez Torruco

En virtud de que cumple (atisfactoriamente los requisitos establecidos en el
Reglamento de General Estudio*de Posgrado vigente en la Universidad, informo a
Usted que se autoriza la |mpre5|on del trabajo recepcional “Descriptive and
predictive models for Gunlam -Barre syndrome based on clinical data
using machine learning a;lgorlthms" para presentar Examen Grado y obtener
el Grado de Doctor en Cieficias.de las@omputacién bajo la modalidad de Tesis.

£

&

Sin otro particular aprovecho la op6rtunidad para saludarle.

Atentamente -

MATI. Fuces Gutiérrez

e )
&
H >‘5
Director ¢
%
C.c.p. Director de Tesis 1: Dra. Juana Canul Reich.
C.c.p. Director de Tesis 2: Dr. Juan Frausto Solis.
Archivo
Consecutivo
M.A.T.I.*ECG/LC*CGZ
1
HA Carretera Cunduacén-Jalpa Km. 1, Colonia Esmeralda, C.P. 86690. Cunduacén, Tabasco, México.
- E-mail: direccion.dais@ujat.mx
Universidades Teléfonos: (993) 358 1500 ext. 6727; (914) 336 0616; Fax: (914) 336 0870
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Cesidn de Derechos

-

Cunduacan, Tabasco, a 8 de febrero de 2016

A quien corresponda:

Los abajo firmantes, declaramos que ‘el-trabajo de tesis doctoral titulado, “Descriptive and
predictive models for Guillain-Barre syndrome based on clinical data using machine learing
algorithms” es de nuestra autoria intelectual y ‘por lo tanto cedemos los derechos de comunicacion
publica, reproduccion, distribucion, difusiéh-en general/y puesta a disposicion electronica de la citada
tesis doctoral, de forma gratuita y no exclusiva,a la Universidad Juarez Autonoma de Tabasco, a la
cual relevamos de cualquier sancion y asumimes respondérya cualquier reclamo de derechos de
autor ante las autoridades competentes.

Atentamente
Autores:
T ~ Pedro Gutiérrez Cortés 406 col.
José Hemandez Tomruco Gaviotas Norte C.P. 86090,

I Villahermosa, Centro, Tabasco
Revolucion 361-1 col. Atasta
C.P. 86100, Villahermosa,
___Dra. Juana CanulReich - Centro, Tabasco
Acacias 306 C Fracc. Lomas
- de Cuemnavaca C.P. 62584,
~ Dr.JuanFraustoSolis ~ Temixco, Morelos

A
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C

Carta de Autorizacion

P
A quien correspon‘é}‘
El que suscribe, auton'z@r medio del presente escrito a la Universidad Juarez Autbnoma de
Tabasco para que utilice ta ica como digitalmente la tesis de grado denominada, “Descriptive

and predictive models for Barre syndrome based on clinical data using machine

learning algorithms”, de la cual s y titular de los Derechos de Autor.

/\

La finalidad del uso por parte de la Uni\@i Juarez Autonoma de Tabasco de la tesis antes,
aa ;

mencionada, sera tnica y exclusivamgpte p ifusion, educacion y sin fines de lucro; autorizacion
que se hace de manera enunciativadmagrno i para subirla a la Red Abierta de Bibliotecas
-

Digitales (RABID) y a cualquier otra ade @on las que la Universidad tenga relacion

institucional. /‘ 6‘
Por lo antes manifestado, libero a la Univers@duérez bpoma de Tabasco de cualquier
reclamacion legal que pudiera ejercer respecto al uSo y manipulaCiéfide la tesis mencionada y para

los fines estipulados en éste documento.

S

Se firma la presente autorizacién en la ciudad de Villahermosa, Tabasco@rg dias del mes de
febrero del afio 2016. ®

3
o’
Autorizo Q d\

05,

.
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Abstract

Guillain-Barré Syndrome (&BS) is an autoimmune neuropathy of fast evolution and potentially fatal.
The exact cause of GBS isfunkmown; however, it is frequently preceded either by a respiratory or a
gastrointestinal infection. The diagnosis of GBS includes clinical, serological and electrophysiological
criteria (nerve conduction or eléetrodiagnostic test) [67]. The severity of GBS varies among subtypes,
which can be mainly Acute Inflammatory Demyelinating Polyneuropathy (AIDP), Acute Motor Ax-
onal Neuropathy (AMAN), Acute Motor Sensory Axonal Neuropathy (AMSAN) and Miller-Fisher
Syndrome [59].

A better understanding of the differences in the GBS subtypes is critical for the implementation
of appropriate treatments for total zecovery and, in certain cases for the survival of patients. Hos-
pitalization time and the cost of*treatmentsvarypraccording to the severity of the specific subtype.
Finding a minimum feature subset t6 accurately identify GBS subtypes could lead to a simplified
and cheaper process of diagnosis and(treatment ©f the GBS case. The ultimate goal of a physician
is to get patients to a full recovery. This/can be moreieffectively achieved when an early diagnosis
of the case is performed using a minimum simber offinedical features.

There are many successful applications of ma€hipe learnisig in medicine, biology and genetics [82,
7, 10]. Also, the machine learning techniques Have been applied successfully in the early diagnosis
of diseases, including neurological disorders [5, 93]. Besides, sheydentification of a reduced number
of relevant features to predict GBS subtypes could guide physitians to design a faster, simpler and
cheaper diagnosis of the case.

This dissertation applies machine learning techniques to create two models for GBS, a descriptive
model and a predictive model. The former aimed at identifying a minimum set of relevant fea-
tures that builds four clusters, each corresponding to a specific GBS subtype. This model uses two
approaches. In the first approach, the problem is tackled by using filter methods along with a clus-
tering algorithm called Partitions Around Medoids (PAM). In the second approach, a novel method
termed QSA-PAM (Quenching Simulated Annealing-Partitions Around Medaids) is introduced in
order to solve the same problem. Several experiments are conducted with a real dataset. Results
from descriptive model allowed the identification of 16 relevant features selected out. of an original
356-feature dataset.

The goal of the predictive model was to apply the 16 relevant features to classify GBS_subtypes.
Again, two approaches were used. In the first approach, classification experiments were condncted
using single classifiers. The second approach applied ensemble methods. Three types of experiments
were performed in both approaches: four classes classification, One versus All classification and One
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results in experi eilts in both approaches resulted in creating the first predictive model for GBS
using machin ing techniques. Besides, the analysis performed in this work provides insight
about the best m ds for each classification case.

vs One cl@stion. A comparison of performance between both approaches was made. Successful

IT
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Chapter~1

Introduction

Guillain-Barré Syndrome (GBS).i€ an autoimmune neurological disorder characterized by a fast evo-
lution, usually it goes from a few'days.up to four weeks. The severity of GBS varies among subtypes,
which can be mainly Acute Inflammagory Demyelinating Polyneuropathy (AIDP), Acute Motor Ax-
onal Neuropathy (AMAN), Acute Metor® Sensory Axonal Neuropathy (AMSAN) and Miller-Fisher
Syndrome (MF). Currently, the identification of AIDP, AMAN, and AMSAN subtypes is made
according to electrodiagnostic criteria applied after nerve conduction studies [83]. These three sub-
types are known as electrophysiological subtypes. On the other hand, Miller-Fisher (MF) subtype
is characterized by the clinical triadi-ophthalmoplegia, ataxia and areflexia [59]. Reason why MF is
considered a clinical subtype.

Hospitalization time and the cost of treatimients vafy according to the severity of the specific GBS
subtype. The ultimate goal of a physician”is=to get ‘patients to a full recovery. This can be more
effectively achieved when an early diagnosis.of the case”is\performed using a minimum number of
medical features. This kind of problem can be sugeessfully’selved using machine learning techniques.

In this work, we applied machine learning techniques to build_a.descriptive and predictive model
for GBS. The descriptive model allowed us to identify a minimum relevant feature subset from an
original 365-feature dataset. Then, we analyzed these relevant features using different classifiers to
create the predictive model. These classifiers include single methods like decision trees, kNN, SVM,
among others. Ensemble methods like boosting and bagging were also in€luded in this work.

1.1 Motivation

There are many successful applications of machine learning in medicine, biology and.genetics [82, 7,
10]. Also, the machine learning techniques have been successfully applied in thefeatrly diagnosis of
diseases, including neurological disorders |5, 93|.

On the other hand, the studies published to date on this syndrome have been conducted from a
medical perspective (etiology, pathogenesis, treatment, relationship with other diseases).using tra-
ditional statistical methods. In addition, studies have become successful in diagnosing the{need for
mechanical ventilation, as well as to determine the predictors of the risk of respiratory failure.
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1.2. RESEARCH OBJECTIVES

Besides, theddentification of a reduced number of relevant features to predict GBS subtypes could
guide physiciansjto design a faster, simpler and cheaper diagnosis of the case.

Finally, the availability of a real dataset for experimentation makes this work feasible.

1.2 Research ebjectives
a) General

To build a predictive/classifies model for GBS that is able to recognize clinical subtypes of this
syndrome through its predictortvariables.

b) Specific

e To build a machine learning model*te”identify predictive variables of GBS.
e To build a machine learning model that re¢ognizes clinical patterns of GBS subtypes.

e To build a machine learning model that applies the predictor variables of GBS in a predictive
model.

1.3 Hypothesis

Determining predictor variables, subtypes and elassification of patients with GBS through compu-
tational machine learning models allows the modeling’of this syfidtome with at least 90% of accuracy.

Research questions arising from this thesis are:

e What are the predictor variables of GBS?

e What machine learning model will recognize clinical patterns of subtypesyof GBS with at least
90% of accuracy?

e What model will allow to emit predictions on the GBS with at least 90% of aceuracy?

1.4 Contributions

This work contributes in two disciplines, medicine and computer science. Figure 1.1 shows«the con-
tributions of this doctoral research. From the medical point of view, the contribution of thisrwork
is the identification of a minimum relevant feature subset, 16 features out of an original dataset.of
365 features. This 16-feature subset allows to create the first predictive model for GBS using.na-
chine learning methods. This finding could guide physicians to design a faster, simpler and cheaper,
diagnosis of the GBS case.

2
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CHAPTER 1. INTRODUCTION
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Figure 1 4% ontri[:utio of the doctoral research.

(Quenching Simulated Annealing-Part Arou egoids) method. PAM (Partitions Around
Medoids) is a clustering algorithm and i ughly @ ibed in section 3.1.3.1. Simulated Anneal-
ing (SA) is a general purpose randomized metaheuristi t finds good approximations to the op-
timal solution for large combinatorial problen@SA (@ ing Simulated Annealing), described
in detail in section 4.3.1, is a version of SA copnsisting 0@‘7 phases: Quenching and Annealing
[35]. QSA-PAM was used in the first stage of this work, wheére)the identification of the minimum
relevant features were performed. The details of QSA-PAM are described in section 4.3.2. Results
from descriptive model allowed the identification of 16 relevant f@res selected out of an original
356-feature dataset. In addition, a predictive model was created tuising these 16 relevant features.
To build this model, single classifiers and ensemble methods were d. Successful results in
experiments in both methods resulted in creating the first predictive (@for GBS using machine
learning techniques. Besides, the analysis performed in this work provides insight about the best
methods for each classification case. }

As to computer science, this work co@a tes ir@ reation of a novel method termed QSA-PAM
ﬁ &

Some of our findings are published in prestigious journals and international cor%s as described

in the list of publications section.

1.5 Organization O

The problem of this dissertation focuses on knowledge discovery and is located within the Research
Line called Intelligent Systems belonging to the area of Artificial Intelligence of the Interinstitutional
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1.5. ORGANIZATION

DoctoratetinsComputer Science.
This dissertationgs, organized as follows:

In chapter 3, some M@ackground is provided. This chapter defines the concept of data mining, its
general classificationypreblems that it solves, data mining metrics and methods used along this work,
and finally it outlines some recent applications in the medical area. It also describes the general
characteristics of GBS, morbidity and mortality, diagnosis, pathogenesis and treatment. Chapter 4
fully describes the building process of the descriptive model. It starts with a description of the data
used in the experiments performed in this chapter. The two approaches used for descriptive model are
thoroughly explained, including experimental design, results, and discussion. The second approach
of this model also includes a statistical analysis. In chapter 5, the building process of the predictive
model is detailed. This chapter begins with a specification of the data used in the predictive model.
As in the previous model, two approaches were used for the predictive model. These two approaches
are explained in this chapter with full\defails. These include classification scenarios, experimental
design, parameter optimization/setting for each method, results, and discussion. In this case, a
statistical analysis is performed in the firstz@pproach. Finally, in chapter 6 conclusions and future
works are provided.

4
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Chapter2

Background

2.1 Data mining: concepts, methods and metrics

2.1.1 Definition

Data mining enables the detection of patterns and associations that are hidden in datasets. This
work relies on sophisticated statistical and computational techniques such as clustering, decision
trees, neural networks, support véctor machiness,decision rules, regression, among others. There-
after, patterns and associations foundsthrough these techniques will serve, using as a framework the
field of medicine, to answer questions(like: WhatsSet_ of symptoms are more related to each other in
the onset of a disease?, What variables predict the course of a disease?, What is the combination of
drugs or which treatments are most effectivesand in‘whatorder should be applied?, Will the patient
survive a disease? Of course, all of this with”a'certain-degree of accuracy.

According to Fayyad et al [33], as mentioned in={94|, data mining is one of the phases (although one
of the most important) of a larger process known as KDD (Knoewledge Discovery in Databases). This
process begins with the definition of a problem within a spegcificydomain of knowledge, medicine,
for example. The second step is to obtain and prepare the data forsanalysis, that is, integrate the
data in a specific format and eliminate noise and inconsistencies. “Bhen, data mining algorithms are
applied to detect patterns and associations. The next phase is the ingerpretation of the results and
their implications, this is where the discovery of knowledge is producedythis can lead to some of the
previous phases. Finally, the new knowledge is used either to describe, \prédict or intervene in the
modeling problem.

There are other authors -Shearer |75] for example- mentioned in [94] as well,(who claim that data
mining is a well-defined, independent of KDD, which has its own process, as'€Stablished by the
Cross-Industry Standard Process for Data Mining (CRISP-DM). This process coriSists,of six steps:
business understanding, data understanding, data preparation, modeling, evaluation and deploy-
ment. Because of the similarity between the two processes, KDD and data mining, the two terms
have come to be used interchangeably. In this work, the term data mining will be used.

Data mining is divided into two main areas [12]: supervised learning and unsupervised learning (see
Figure 2.1). This division is based on the data type that each one uses: labeled data (supervised

5
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2.1. DATA MINING: CONCEPTS, METHODS AND METRICS
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Figure 2.1: Learning approaches in data niinifig and some of their algorithms. [52]

learning) and unlabeled data (unsupervised learning). Labeled data liave a special attribute called
class or label. The unlabeled data lack this one. Suppose that an ingtirance company has a table
where each row represents a customer’s information, each row (or also called instance) has customer
attributes such as age, number of children, sport practiced and salary. Usingya technique of unsu-
pervised learning, clustering, for example, we could get two well differentiated’groups: the group of
good clients and the group of overdue clients.

By applying this technique what we are doing is to describe data, to obtain as miuch information
about them as possible. Once we find a label to classify data, in this case, the client type_(good or
overdue), we proceed to apply a supervised learning technique to predict the value of thé class for a
new instance, i.e. if a new client is good or overdue. For this reason, the term supervised, learning
is often used to refer to the predictive techniques and unsupervised learning to the descriptive.ones.

Another research problem in data mining is that of feature selection in problems where it is considered
that the number of attributes is high (high dimensionality), and consists of identifying from amang
the available variables, those directly related to the identification of the class (relevant attributes)s
The quantity and quality of the selected attributes impact the performance of the algorithms used

6

+ iThenticate Pagina 37 de 168 - Engrega de integridad Identificador de la entrega trn:oid:::21:202706933



+ iThenticate Pégina 38 de 168 - Engrega de integridad Identificador de la entrega trn:oid:::21:202706933

CHAPTER 2. BACKGROUND

in subsequent steps to pre-processing, whether classification, association or clustering, therefore, is
a verydmportant process in data mining. One case where this occurs is in the analysis of microarray
data. A“mieroarray, also called DNA chip or biochip is a solid surface which binds to a collection of
DNA fragments. The surfaces used to fix DNA are quite variable and can be glass, plastic and even
silicon. Microarrays have been applied to the study of almost any biological problem: the study
of genes that are differentially expressed between various conditions (healthy / diseased, mutant /
wild, treated / untreated), identification of characteristic genes of a disease, predicting response to
treatment, detection of mutations and polymorphisms in a single gene, among others. A microarray
forms a matrix in whi¢h“rows are genes and experimental conditions columns. The number of rows
and columns used is suchwthat the total attributes are measured in thousands. This makes the
analysis of microarray data’a challenge to find the most efficient algorithms for feature selection.

2.1.2 Filter methods for feature selection

Datasets might contain a mixtire of “bad” and “good” features. “Bad” features are redundant or
noisy features and make algorithmsslowand inaccurate. Feature selection techniques allow to reduce
the dimensionality of a dataset such@hat it only contains “good” features which would maximize the
performance of the algorithms and thusenabling the possibility of reaching a higher accuracy [27].
For feature selection, several machine learning methods are available, which are usually classified as
filter [45, 97, 73, 62, 28, 72|, wrapper, [58, 79, 56|, embedded [14, 40, 16|, and hybrid [76, 26, 23, 20].
From the machine learning points0f'view it is interesting to analyze the performance of feature se-
lection methods in diverse scenarios with real data, as this case is.

For an initial exploratory study, we chose filter methads as they are the simplest and lowest com-
putational demanding methods available insthe literature and as they work independently of the
clustering algorithms. We focus on five filter methods«Correlation-based Feature Selection (CFS),
chi squared, information gain, consistency andsSymmetrical uncertainty.

2.1.2.1 Correlation-Based Feature Selection (CFS)

CFS [45] evaluates two aspects of a feature subset: its capacity to/predict the class and the correla-
tion between the features of the subset. This method seeks to maximize the first aspect and minimize
the second one. This method results in a feature subset with the highest capacity to predict the
class and the least correlation between features of the subset.

Given a feature subset S containing k features, CFS finds the goodness of 'S deneted (Mg) as follows:

_ krey
VE+Ek(k—1)75f

where 777 is the average correlation of all feature-feature pairs, and k7. is the avérage correlation
of all feature-class pairs.

Mg (2.1)

2.1.2.2 Chi squared

This method evaluates the chi-square statistic of each feature taken individually with respectsto the
class [97| and provides a feature ranking as a result.

7
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2.1. DATA MINING: CONCEPTS, METHODS AND METRICS

The chi square test for a feature f and the class c is defined as follows:

N[P(f,0)P(f,c) — P(f,e)P(f,c)]?
(P(f)P(f)P(c)P(c))
where N is the number)of observations in the dataset, P(z,y) is the joint probability of z and
y, and P(z) is the marginalprobability of z.

2*(f,c) =

(2.2)

2.1.2.3 Information gain

Information gain measures the goodwéss of a feature to predict the class given that the presence or
absence of the feature in the dataset issgknown. This method delivers a ranking according to the
goodness of each feature.

Information gain |73] of a feature fk and a¢lass ci is defined as follows:

Glhc)= 3 3> Plhcllon i (2.3
cE{c“cz} fe{fz,fl}

where cc;, ¢; is the set of all classes, f fuf [-is-the set of all features, P(f, ¢) is the joint probability
of feature f and class ¢, and P(f) and P(c).are,the marginal probabilities of f and ¢ respectively.

2.1.2.4 Consistency

This method finds the smallest feature subset that présumably_ improves the discriminatory power
of the original feature subset. This subset has the highest consigtentcy. The consistency for a given
feature subset S is computed as follows [62]:

Consistency = 1 — inconsistencyrate (2.4)

Let us define a pattern as a set of values for S. An inconsistency arises whentwo patterns match
exactly all attributes except for the class. The inconsistency count for a patgérn is the number of
times it appears in the dataset minus the number of times it appears in the 'majority class. The
inconsistency rate is the sum of all the inconsistency counts for all possible patternss6f\S divided by
the total number of patterns [28].

2.1.2.5 Symmetrical uncertainty

This method measures the correlation between pairs of attributes using normalization of informa-
tion gain. The normalization is performed to compensate for the bias of information gain to benefit
attributes with more values and to ensure that they are comparable [62|. This method results in a
feature ranking.

8
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SymmmetTical uncertainty is computed as follows [72]:

U(A,B)=2x%(MI(A, B))/(Entropy(A) + Entropy(B)) (2.5)
MI(A,B) = P(A, B)loggm (2.6)

where P(X) is thesmarginal probability of feature X and P(A, B) is the joint probability of
features A and B. Entzepy is computed using the classical equation discussed in [62].

2.1.3 Cluster analysis

Cluster analysis or clustering,is-a machine learning technique that allows to group objects into
clusters. Objects in the same luster are similar and dissimilar from objects in other clusters.
Cluster analysis has applications fLurany disciplines [9, 3, 6]. Particularly, cluster analysis has been
used in medicine to identify diseasésubtypes [17, 91, 31|, among other applications.

2.1.3.1 Partitions Around Medoids"'(PAM)

As stated before, the dataset used”in this work combines categorical and numeric data. PAM is
a clustering algorithm capable of handling stchsituations. It receives a distance matrix between
instances as input. The distance matrix-was computed using Gower’s coefficient, described in section
3.1.3.2.

PAM, introduced by Kaufman and Rousseetuw-{57], aitnsto group data around the most central item
of each group, known as medoid, which has\the minimuin sum of dissimilarities with respect to all
data points. PAM forms clusters that minimizes/the total eost E of the configuration, that is, the
sum of the distances of each data point with respect to theamedoids. E is formally defined as:

k
E= Z Z dist(o,m) (2.7)

i=1 0€C;

where k is the number of clusters, o € C; is the set of objects in"¢luster C;, dist(o,m) is the
distance between an object o and a medoid m.

PAM works as shown in Algorithm 1 [46]:

2.1.3.2 Gower’s similarity coefficient

Distance metrics are used in clustering tasks to compute the distance between objeets.~The dis-
tance computed is used by clustering algorithms to determine how similar or dissimilar the’objects
are. Based on it, a clustering algorithm can determine which cluster the objects could be thrown
in. There are many distance metrics. Some of them deal with numeric data, such as Euclidean,
Manhattan and Minkowski [46]. To deal with binary data, the Jaccard coefficent and Hamming are

9
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Algorithm 3 Partitions Around Medoids (PAM).
1: k objects’are arbitrarily selected as the initial medoids m
2: repeat
3:  The distange is. computed between each remaining object o and the medoids m
Each object orisassigned to the cluster with the nearest medoid m
An initial total cest Fini is calculated
for each m do
A random o is selegted
A total cost E fin i§ caleulated as a result of swapping an arbitrary m with the o randomly
selected
9: if Efin — Fini < 0 ‘then
10: m is replaced with o
11: end if
12:  end for
13: until Ffin — Fini =0

often used [46]. For categorical data, some diStance metrics are Overlap, Goodall and Gambaryan
[11].

In this work we used for experimentatién/a datasetsthat) contains mixed data, that is, both categor-
ical and numeric data. To deal with this gontext we selected the Gower’s coefficient. It is a robust
and widely used distance metric for mixed data. We used this coefficient to obtain a matrix of
distances between instances as required by PAM.It was introduced by Gower in 1971 [42]. Gower’s
coefficient is defined as follows [19]:

d*; =15 (2.8)
- |Tin — xjn]
h
Si; = 1=t (2.9)

p1+p2—d+p3

where p; is the number of quantitative variables, po is the number of binag¥ yariables, p3 is the
number of qualitative variables, « is the number of coincidences for qualitative variables, a is the
number of coincidences in 1 (feature presence) for binary variables, d is the numbers@ficoincidences
in 0 (feature absence) for binary variables, Gy, is the range of the h-th quantitative variable.

Gower’s coefficient lies in the range [0, 1]. A value near to 1 indicates strong similarity between items
and a value near to 0 indicates weak similarity.

2.1.3.3 Purity

The quality of a clustering process can be evaluated using two types of metrics: internal and external.
Internal metrics evaluate the quality of a clustering process based on some intrinsec characteristics;
regularly, intra and inter cluster distances. Internal metrics assign high scores to clusters with

10
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largesto#distances among them (separability) and shortest distances among members of the same
cluster”{compactness). These metrics are very useful when the number of clusters is not known
at all. Examiples of internal metrics are Q-modularity [13], Davies-Bouldin index, Dunn index and
silhouette [4].

External metries_evaluate the quality of clusters based on data not used during the clustering pro-
cess, such as the ground truth; that is, the real classes of the instances. The larger the number of
instances correctly<logated according to the ground truth, the higher the index. Some examples of
external metrics are Rand_ index, Folkes and Mallows index, Hubert’s T statistic [44] and purity [63].

The dataset used in this;work provides the ground truth. We know there are four classes in the
dataset. The goal of this §tudy was to find a minimum set of features that as purely as possible
identify four clusters, each correspending to one class. To achieve this goal we selected purity as the
metric to evaluate the quality ‘of she clustering process.

Purity validates the quality of a clustering process based on the location of data in each cluster with
respect to the true classes. The moresobjects in each resultant cluster belong to the true class, the
higher the purity. Formally [63] :

1
purt(Q), C) = v ijax lwy, N ¢ (2.10)
k

where N is the number of labeled samples, Q*=4w1, ws, ..., wg} is the set of clusters found by
the clustering algorithm, C' = {c1, ca, ..., €1 }#is the set”of classes of the objects, K is the number of
clusters, J is the number of classes, |wy N c¢;{’isithe numbet. of objects of cluster k belonging to class
J, wy, is the set of objects in cluster k, c¢; is the set of objects in class j.

Purity ranges in [0,1]. A purity value of 1 indicates that alls6bjects in each cluster belong to the
same class.

2.1.4 Performance metrics for classification
2.1.4.1 Confusion matrix

A confusion matrix, also known as contingency table, is a table that shows the performance of a
predictive model. This table is derived of the comparison of the result of a predictive model with the
actual values (ground truth). Each row contains the values predicted by the model. Each column
represents the actual values. A confusion matrix for a binary classification mod€l is“shown in Table
2.1.

Table 2.1: Confusion matrix for a binary classification.
Actual value
Predicted TP FP
value FN TN

11
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where:
TP = Trde Positives, FP = False Positives, TN = True Negatives, and FN = False Negatives.

A confusion matrix _is the starting point for the calculation of the measures of performance of a
predictive model.

2.1.4.2 Accuracy

Accuracy is a primary measure to evaluate the performance of a predictive model. For binary clas-
sifications, accuracy is computed dividing the number of instances correctly identified by the total
number of instances. Formally:

TP+ TN
TP+ FN+ FP+TN

where T'P = True Positive, T'N = Trué\WNegative, F'P = False Positive and F'N = False Negative.

Accurtey = (2.11)

2.1.4.3 Average accuracy

A more suitable measure for multiclass classification problems is the average accuracy [77]. It as-
sesses the accuracy individually for each’class without.distinguishing between the other classes. The
original n x n confusion matrix obtained_from the mdulticlass problem is transformed in n 2 x 2
confusion matrices. From each binary confusion matrix, a per-class accuracy is computed. All indi-
vidual per-class accuracies are averaged to givela final accurdacy. Formally:

Zl TR+TN;
i£1 TP+ FN, PP TN,
AverageAccuracy = = ot i E a5 Sullil: (2.12)

where T'P; = True Positive for class ¢, TN; = True Negative for/class ¢, F'P; = False Positive for
class ¢ and F'N; = False Negative for class i.

2.1.4.4 Balanced accuracy

The balanced accuracy is a better estimate of a classifier performance whens_anequal distribution
of two classes is present in a dataset. We used it in this work in OVO and.OVA classifications.
Balanced accuracy is defined as:

(2.13)

TP TN
BalancedAccuracy = < > /

TP+ FN * FP+TN
where T'P = True Positive, T'N = True Negative, F'P = False Positive and F'IN = False Negative.

2.1.4.5 Error rate

It measures the proportion of errors made by a classifier over a whole set of instances. It is the
complement of accuracy, that is 100 % - accuracy.
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2.1.4.6” Sensitivity

Sensitivity measures the proportion of true positives, which were correctly identified by a predictive
model. For afdiagnostic test, sensitivity measures the ability of a test to detect ill subjects.

2.1.4.7 Specificity

Specificity measuze§ the proportion of true negatives, which were correctly identified by a predictive
model. For a diagnostic test, specificity measures the ability of a test to detect healthy subjects.

2.1.4.8 Receiver Operating Characteristic Curves (ROC)

A ROC (Receiver Operating Chéracteristic) curve measures the performance of a classifier based on
how well it separates the group being tested into those belonging to one class and another. ROC
curves apply only for binary classifications. A ROC curve is a graphical representation of the True
Positive Rate (TPR) in y axis, andsthe False Positive Rate (FPR). These measures are defined by:

TP
T R 2.14
JE TP+ FN ( )
FP
FPR=3p TN (2.15)

Performance is measured by the AUC, AUC frgm a ROC curve ranges [0,1] where 1 is a perfect
classification. An AUC of 0.5 represents.a random’ classification.

2.1.4.9 Multiclass Area Under the Curve (AUC)

Hand et al. [47] derived an AUC for multiclass\problems, Which measures the pairwise discriminabil-
ity of classes. Formally:

2

AUC) gy = oo
Crotal = 1ET(1CT= 1)

> AUGEG Cy) (2.16)
{Ci,C]‘}GC

where AUC(C;, Cj) is the area under the two-class ROC curve involying classes C; and C;. The
summation is calculated over all pairs of distinct classes, regardless of order [32].
2.1.4.10 Kappa statistic

Kappa statistic, introduced by Cohen [21], measures the agreement between thé glassifier itself and
the ground truth corrected by the effect of the agreement between them by chance? Fermally:

P(A) - P(E)

P (2.17)

kappa =

where P(A) is the proportion of agreement between the classifier and the ground truth, R(E) is
the proportion of agreement expected between the classifier and the ground truth by chance.
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2.1.5 Single classifiers
2.1.5.1 k Nearest Neighbors (KNN)

ENN [34] assigns the-elass for a new instance based on the majority class in the & closest neighbors to
this new instance. The)k neighbors are selected according to some distance metric: Minkowski, Jac-
card, Manhattan, Chebyehev, among others. In this study we use Minkowski distance. Minkowski
is a generic distance meagure suitable for use with any data type as feature vector [24]. Addition-
ally, Minkowski distance allows to explore various distance configurations by setting an exponential
parameter in its original formula? The version of kNN used in this study requires the tuning of two
parameters: k and d. k represefits the number of neighbors and d the exponent in the Minkowski
distance formula.

2.1.5.2 Support Vector Machines”’(SVM)

SVM was first introduced by Vapnik and colleagues [86]. Given a set of training instances (input
space), where each instance belongs to €lags A or class B, SVM uses a mapping function (kernel)
to transform the input space into a highersdimension space (feature space), that is, if input space
is 2-D, then it is mapped into a 3-D space.( In the feature space, SVM finds a hyperplane that
gives the largest separation between classes, namedymaximum marginal hyperplane. The maximum
margin hyperplane has the largest distanGe from the hyperplane to the closest training instances.
The instances located in the boundarieg.of=the hyperplane are called support vectors. However,
the largest margin is not always the best solution sin¢e it can compromise the generalization of the
model to new instances. For the sake of flexibility, SVM#introduces a parameter C that creates a
soft margin that allows for some errors in clasSification bt at_the same time it penalizes them. A
tuning procedure is necessary for finding the best value of C.

In this study, we use four different kernels: linear{(SVMLin)¢"Gaussian (SVMGaus), polynomial
(SVMPoly) and Laplacian (SVMLap). Each of these kernels hassparticular parameters and they
must be tuned in order to achieve the best performance. Table 292 shows the parameters of each
kernel used in this study.

Table 2.2: Kernel parameters.

Kernel Parameter
Linear (SVMLin) C
Polynomial (SVMPoly) C, degree, o (v), coef
Gaussian (SVMGaus) C,o(v)
Laplacian (SVMLap) C,o(v)

Below is shown the details of each of these kernels’ functions.

Linear kernel function:

k(z,y) =2y +C (2.18)
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where r and y are vectors in the input space, and C is the penalty parameter.

Polynontial¢kernel function:

k(z,y) = (z1y + coef)? (2.19)

where x and g are vectors in the input space, d is the degree of the polynomial, and coef >= 0
is a free parameter grading off the influence of higher-order versus lower-order terms in the poly-
nomial. When coef = 0fthe kernel is called homogeneous. When coef > 0, the kernel is called
non-homogeneous.

Laplacian kernel function:

kG, y) = exp(—o |z — yl|) (2.20)

where x and y are vectors in the input space, and o controls the standard deviation of the Gaus-
sian function.

Gaussian kernel function:

Kavy) = exh( )z — yl*) (2.21)

where x and y are vectors in the inputs Spacey amd=y controls the standard deviation of the
Gaussian function.

2.1.5.3 C4.5

C4.5, introduced by Quinlan [70], builds a decision tree from tTaining data using recursive partitions.
In each iteration, C4.5 selects the attribute with the highest gainsratio as the attribute from which
the tree branching (splitting attribute) is performed. This result§\in a more simplified tree (fewer
subtrees). C4.5 is widely used in classification problems of diversé nature. In this work, C4.5 was
applied with pruning.

2.1.5.4 Artificial Neural Networks (ANN)

An Artificial Neural Network (ANN) is a machine learning algorithm that“emulates the function-
ing of biological neural systems, like the human brain. It is composed by a_number of neurons
interconnected, which together parallely process input data and produce an outpit [61]. Figure 2.2
shows a diagram of a neuron, the basic processing unit of an ANN. Each neuron recCeives a set of
inputs through connections with other neurons. Each input has a weight, its magnitidesrepresents
the efficiency with which the output signal of a unit is transmitted to the other. If ‘theayeight is
positive, an excitation effect is produced. Otherwise, if the weight is negative, an inhibition_effect
is produced. The sum of the products of the inputs and their respective weights are compited by a
propagation function. An activation function will activate the neuron if the result is greater than a
threshold, meaning that the neuron will send a signal to communicate with another neuron. Finally,
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Figure 2.2: Diagram of an artificial neuron.

a transference or output function transforms the-result of the activation function into a formatted
output, e.g. a Sigmoid function produces*values in the range [0, 1]. Formally, the output of an ANN
is given by:

Y = f(Z w;;;) (2.22)

Figure 2.3 shows a complete ANN with all the neurons interconnected. Typically, an ANN has
three layers: the input layers, the hidden layers, and the output layer. Nevertheless, there are many
variations of this model. There are for example, ANN’s with a sifigle)hidden layer. The inputs
represent the set of features used in the training phase. These inputs‘are processed by the neurons
present in this layer and passed on to the hidden layers. The data procesging continues through one
or more hidden layers. Finally, the output layer emits a result for every ingtance received as input.
In some cases, multiple outputs can exist in an ANN.

2.1.5.4.1 Single Layer Perceptron (SLP)

As indicated by its name, it uses only one hidden layer. This is the simplest kind of feed-forward
ANN. In feed-forward ANNSs, the neurons are connected in only one direction, from the inputeunits
passing through the hidden layer, and to the output layer [51]. This type of ANN requizes.the
tuning of two parameters: size, representing the number of units in the hidden layer, and decay, a
parameter that exponentially declines the weights to zero. Multiclass classification is available|in
the implementation used in this study by using a softmax parameter.
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Figure 2.3: Diagpamsof an Artificial Neural Network (ANN).

2.1.5.4.2 Multilayer Perceptron (NILR)

This is another feed-forward ANN? This kind of ANN is composed by multiple layers. This charac-
teristic allows this model to solve‘pToblems that are not linearly separable. The training phase is
usually performed by an algorithm called back‘propagation. This algorithm executes a large num-
ber of training cycles in order to imptrove the classification task. In each cycle, the classification
error is computed by comparing the outputs values with=the correct answers. This information is
introduced back into the network to adjust she weights<of,each connection, and so reduce the error
in each iteration until convergence [46]. The'implementation used in this study uses only one tuning
parameter: size, indicating the number of units.in the hiddén\layer.

2.1.5.4.3 Radial Basis Function ANN (RBF)

This type of ANN uses a Radial Basis Function as activation function. In this study, we use a
version named RBF with Dynamic Decay Adjustment (RBF-DDA){[66]¢ This ANN uses a single
hidden layer and its number of units is determined automatically during the training phase. The
implementation used in this study uses a negative threshold parameter that controls the units added
to the network, and this parameter requires optimization.

2.1.5.5 JRip
JRip is an implementation of the RIPPER (Repeated Incremental Pruning to Prodiice Error Re-

duction) algorithm [22]. It belongs to the rule induction learning methods. JRip builds arset of rules
that identify the classes while minimizing the amount of error. A rule has the form:

if attributel <relational operator> valuel <logical operator> attribute2 <relational operator>
value2 < ... > then decision-value
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The rule setfor each class is optimized using a pruning method. JRip requires optimization of the
NumOpt parameter, representing the number of optimization runs.

2.1.5.6 OneR

OneR stands for OnevRule. This algorithm, as JRip does, belongs to the rule induction learning
methods. It generatessoné rule for each predictor in the dataset, and among all selects the rule with
the smallest total errorfas the one rule [92|. One advantage of rules is that are simple for humans
to interpret.

2.1.5.7 Naive Bayes

Naive Bayes is a probabilistic classifier based on Bayes’ theorem. This classifier assumes that the
value of a particular feature is independent of the value of any other feature, given the class variable.
That is, it considers each feature contribtites independently to the probability of an instance belongs
to a class, regardless of any possible correlations between features. Bayes’ theorem is formally de-
fined as:

PX | H)P(H)
P(X)
where X = {1, 29, ...,z,} is an inst@ncescompesed of n attributes, H is some hypothesis such
as X belongs to a specified class C, P(H [#X)-is.the a pesteriori probability of H conditioned on X,
P(X | H) is the a posteriori probability of'X\cenditionedson H, P(H) is the a priori probability of
H, and P(X) is the a priori probability of X.

P(H | X) = (2.23)

Suppose that there are m classes, C1,C5,...,Cy,. Given an instance X, this classifier will predict that
X belongs to the class having the highest a posterior1 probabilit¥,.conditioned on X [46].

2.1.5.8 Binary Logistic Regression (BLR)

It is a regression model where the dependent variable or outcome is €ategorical [51]. It is used to
predict a binary response based on one or more predictors (independent,6r explanatory variables).
Logistic regression belongs to the probabilistic models. The probabilities of*the, possible outcomes
are modeled using the logistic function:

1
F(z) = 1 + e (Bo+prz)
A graph of the logistic function is shown in Figure figBinLogReg. The values of the“outcome are
coded 0 or 1.

(2.24)

2.1.5.9 Multinomial Logistic Regression (MLR)

This type of logistic regression deal with situations where the outcome can have three or more values
that are not ordered. Multinomial logistic regression is a simple extension of binary logistic regress
sion that allows for more than two categories of the dependent or outcome variable. Like binary
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Figure 2.4: Logistic regression function.

logistic regression, multinomial logistic.regression aises maximum likelihood estimation to evaluate
the probability of categorical memberghip,[49].

2.1.5.10 Linear Discriminant Analysis (LDA)

The aim of LDA is to find rules to assign obje€ts into owe of two or more classes. To solve this
problem, a sample of n objects is given, from which the claSses~they belong is known. In addition,
measures of a set of p predictor variables is available. It it assunied that each class is defined by a
different probability distribution [51].

Let g be the number of classes and C1,C»,...,C,; each of the classes. For"each class there is a specific
probability density function fx(x) = f(x | Ck), where x represents thesp’predictor variables. On the
other hand, each class may have a different a priori probability P(C}). From these two probabilities,
rules to assign objects into one of two or more classes are determined.

LDA aims at maximizing the a posteriori probability, previously defined in Naive)Bayes classifier.

2.1.6 Ensemble methods

2.1.6.1 Boosting

It is a type of ensemble method that combines multiple homogeneous classifiers by woting [92].
Boosting aims at turning a set of weak learners into a strong learner. A weak learner is defined as
a classifier which is only slightly correlated with the true classification (it can label examplesbetter
than random guessing). In contrast, a strong learner is a classifier that is arbitrarily well-correlated
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with the truesClassification.

Boosting is applied iteratively to the data, so that a sequence of weak classifiers is produced. Boost-
ing assigns weights to,the instances, initially all instances have the same weight. In each iteration the
weights are modifiedgincreasing the weight of the misclassified instances and thus the weak learners
focus more on them® Finally, all the weak classifiers are combined by a weighted voting where the
weight assigned to each classifier depends on its error rate. [51]

In this work, we implementéd)AdaBoost (Adaptive Boosting algorithm) [39], which uses decision
trees as weak learners.

2.1.6.2 Bagging

Bagging, meaning bootstrap aggregating, was introduced by Breiman. Bagging is a method for
generating multiple versions of a predictor and using these to get an aggregated predictor [15].
Bagging generates m new training sets By inaking bootstrap replicates from the original training
set. The m models are fitted using the abe¥e m bootstrap (random sampling with replacement)
samples and combined by averaging the outpuf (for regression) or voting (for classification). In this
work, bagging was implemented using decision trees as single classifiers.

2.1.6.3 C5.0

C5.0 is a improved version of C4.5, introduced by Quinlan [70]. Its major improvement is the
implementation of boosting. Boosting improves trees and_gives them higher precision.

2.1.6.4 Random forest

Random Forest, introduced by Breiman and Adele‘\Gutler [16],/s & predictive algorithm built by
a bootstrap ensemble of CART trees. Given N nuniber of traiffing.data points and M number
of predictor variables, this algorithm generates many bootstrap samplésyby selecting N data points
with replacement from the training dataset. Then, a CART tree is traiméd-on each bootstrap sample
using m randomly chosen predictors out of the original M predictors (v« M if M is large). The
trees are fully grown without pruning. Random forest is robust against overfitting.

2.1.6.5 Random subspace

Random subspace, introduced by Ho [54], consists of several base classifiers each gperating in ran-
domly chosen subspaces of the original feature space. These classifiers are usually=Combined by
simple majority voting to generate the final class.

2.2 Medical applications

Medical data mining is a research area that has gained prominence in recent years. There are. ex-
tensive databases in Mexico and worldwide of public and private institutions with a tremendous
amount of clinical information of patients, containing hidden patterns of diverse diseases. An anals
ysis of these databases, using appropriate techniques of data mining, could lead to identify these
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patterns and get knowledge that can help doctors in predicting, preventing and treating diseases.

Asha, Nagarajan and Murthy [7] carried out a research related to the application of data mining
techniques for.the diagnosis of tuberculosis. In this research, a dataset of 700 records of real patients
of an urban héspital was used and 12 attributes (symptoms) were considered: age, chronic cough,
weight loss, intermittent fever, night sweats, sputum, blood cough, chest pain, HIV, radiographic
findings, wheezing @nd type of tuberculosis. Two techniques were applied: Association Rules and
Associative Classification. By applying the former technique on the dataset, it was found a sig-
nificant association hétween symptoms of tuberculosis; however, this technique generates a large
number of repetitive rules™ The latter, Associative Classification, integrates Association Rules and
Classification. It uses Association Rules algorithms such as Apriori or Frequent Pattern Growth to
generate the complete set ‘of association rules. Then, it selects a small set of high quality rules to
use for prediction. This techniquesresults in a lower amount of rules compared to the former.

Barati et. al. [10] published a survey,oen data mining approaches used to predict skin diseases. In
this survey, it was reviewed, among others, a study to find significant risk factors for certain cancers,
in which three algorithms of association_were used: A priori, A priori predictive and Tertius. It
was concluded that A priori is the bestlalgorithm for generating association rules for the data used
in this particular study. In another researeh;*Support Vector Machines (SVM) were applied to the
problem of differential diagnosis oferythemato-squamous diseases (psoriasis, seborrheic dermatitis,
among others.).

Arisi et. al. [5] applied data mining techniques 0 identify biomarkers of microarray gene expres-
sion in the brain of a mouse model for Alzhéimer’s disease. The identification of biomarkers for
Alzheimer’s disease is critical because the dévelopment of therapies for disease modification may
depend on the discovery and validation of suchsmarkers. Lhis study identified certain genes as po-
tential biomarkers for early and late stages of thé disease afnd\concluded that the software used is a
powerful and reliable tool for analyzing gene exptression data“offa large scale. This software is called
Microarray Logic Mining (MLM) and it implements methodsstich as clustering, iterative feature
selection, logic formulas identification and ranking by correlation’

Wu and Guo [93] applied decision trees and neural networks to analyze, a, database of Parkinson’s
disease and to explore whether the variables measuring the voice cansbe.a diagnostic tool for this
disease. Parkinson’s disease is a neurological disorder and, as many diseages like this, affects phona-
tion of patients; hence the voice can be a valuable tool in the diagnosis of neurglogical illnesses. By
studying the voice measurements of patients, medical researchers can create @ mechanism for distin-
guishing the sick from the healthy people and this way alerting physicians and people of symptoms
timely, so that they can take appropriate treatments.

Tsai |82] applied an Artificial Neural Network (ANN) model along with with a statiStieal method
called Agglomerative Hierarchical Clustering Techniques (AHCT) to study the possibility that DNA
viruses are involved in the development of breast cancer. ANNs are systems that try.to_mimic
brain function. They consist of an interconnection of neurons in a network which works to pro-
duce output stimulation. There are a variety of models of ANNs, but the most used ANN,is the
multilayer perceptron with back propagation because their performance is higher than other neural
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network algorithms. Hence, a back propagation model was selected for this study. The conclusion
of this study#was that the combination of the techniques used, ANN and the AHCT method, con-
tributes to some extent in the detection of aggressive viral factors, however it is not the best method.

2.3 Guillain-Barré Syndrome (GBS)

The Ministry of Health of Mexico in its Clinical Practice Guideline for the Diagnosis and Man-
agement of Guillain-Barré symdrome in the acute stage, in primary care [29] defines it as "...an
acute inflammatory demyelinating polyradiculoneuropathy of autoimmune origin, characterized by
a progressive motor deficit symmeétrical, ascending, and hyporeflexia or areflexia generalized; in its
classic form is accompanied by semsory symptoms of cranial nerve involvement and dysautonomic
disorders" (p. 9). In other words, GBSAS an autoimmune neurological disorder that attacks the pe-
ripheral nervous system so that the nérves can not transmit signals effectively from the encephalon
and muscles lose their ability to react to getninands from the brain resulting in loss of sensation and
mobility. GBS can be mainly of two typés, although there are various subtypes, which are axonal
or demyelinating. GBS is called axonal when=it attacks the nerve fibers, that is the axons, and
demyelinating when it damages the sheath that'covers the axons, that is the myelin.

Although the exact cause of the syndremé is not yet.determined, it is believed it is developed from
an allergy or hypersensitivity to any typesof antigeny such as a virus or bacterium. Lestayo and
Hernandez [60] mention that

7 in over 60% of patients, onset of symptoms igfprecededsin a period of 1-4 weeks, by a digestive
or respiratory event, usually of viral or bacterial infectious nattixe. It is suggested that both bacterial
infections (Campylobacter jejuni and Mycoplasma prictmnoniae, etc.) as viral (cytomegalovirus and
Epstein-Barr virus, among others) can trigger the syndrome. Acute enteritis caused by C. jejuni
(gram-negative enterobacteria) is the most referred and studied. It“has been reported the occur-
rence of GBS after noninfectious events such as vaccination, surgical instrumentation, immediate
postpartum and, unusually, pregnancy, among various other factors.”(p..1)

Axonal forms of GBS are Acute Motor Axonal Neuropathy (AMAN) and”Acute Motor Sensory
Axonal Neuropathy (AMSAN). Demyelinating forms are subdivided into Aetite.Inflammatory De-
myelinating Polyradiculoneuropathy (AIDP) and Miller-Fisher syndrome.

Zuniga et al [98] found that the most common electrophysiological subtype among Mexican adults
is AMAN, with high presentation of mixed type neuropathy and AMSAN. The same\study found
that there is a predominance of axonal forms of GBS among Mexican adults.

GBS is the most common cause of acute paralysis of the Peripheral Nervous System (PNS)dn devel-
oped countries. Its annual incidence is 1.1 to 1.8 per 100,000 inhabitants. In contrast, most‘studies
show a linear increase in incidence in relation to age and people aged 50-80 years, the incidence ‘is
between 1.7 and 3.3 per 100,000 inhabitants. [29].

In Mexico, national statistics contemplate acute flaccid paralysis as an obligatory reportable disease,
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which_ean be related to the incidence of GBS, since it is not reported any cases of polio since at
least 2000.) For the year 2008, an annual incidence rate per 100,000 inhabitants of 0.4180 is reported
[29].

2.4 State\of the art

This section is organized into three subsections: diagnosis, prediction and prognosis. The diagnosis
subsection reviews theé recent and classic literature about methods for diagnosis of the disorder. In
the prediction subsectiongpublications whose aim is to find variables that predict GBS associated
ailments such as the need-for mechanical ventilation or variable that seek to predict the course of the
syndrome are outlined. Itrthelast section, corresponding to prognosis, results of research concerning
variables that emit a prognosi€ of the syndrome are presented.

2.4.1 Diagnostic

Emitting a timely and accurate diagnosis is vital in the field of medicine, among other reasons
because the appropriate choice of treatment and therefore the patient relief, depends on this. Di-
agnosis in GBS is especially important given the rapid evolution of the disease, on average eight days.

It is presented in [41] universally aceepted\diagnostic criteria established by Asbury and Cornblath,
which are summarized in table 273,

Several disorders have symptoms similar to those found in GBS, so doctors have to make a differ-
ential diagnosis in order to rule out other conditiong®and emit a precise diagnosis. In [41] disorders
are mentioned to be considered in the differéntial diagnosis, which are shown in table 2.4.

One of the current methods for the diagnosis of GBS is to génduct a neurophysiological study, specif-
ically tests of nerve conduction velocity (NCVY, wave F (OE) and electromyography, since one of
the signs of GBS is the loss of the velocity of the signals trayéling through the nerves. Neurophys-
iology studies have been considered the main instrument to h€lp differentiate between axonal and
demyelinating GBS [41], the criteria for such differentiation are‘shewn in table 2.5.

Hernandez [50] conducted a study to compare the pattern of disturbamte of neurophysiological stud-
ies in patients with GBS and chronic inflammatory demyelinating polyneuroradiculopathy (CIDP)
to find differences between them, in order to contribute to the differential diagnosis of both dis-
orders. GBS and CIDP are autoimmune demyelinating neuropathies that share many clinical and
laboratory similarities. Eighteen patients with GBS and twenty seven with CIDP,_ were assessed who
underwent studies of nerve conduction velocity (NCV) and F wave (OF). This wesearch concludes
that through neurophysiological studies, the differential diagnosis between GBSqand CIDP can be
made. Likewise, it concludes that different electrophysiological behavior exists betweéen GBS and
CIDP, more sensory involvement in CIDP. The pattern of involvement is different inigboth diseases:
in GBS is predominantly myelinated in the sensory study, axono-myelinated in the ‘wmoter study;
while in CIDP is axono-myelinated in the sensitive study, and myelinated in the motor study.

The study of cerebrospinal fluid (CSF) is another of the classical methods for the diagnosis of GBS,
it consists in the analysis of the concentration of protein in the fluid that bathes the brain and spinal
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Table 2.3: Diagnostic €riteria for typical GBS proposed by Asbury and Cornblath. [8]
Features required-for diagnosis:
o Progressive weakness§ in/both arms and legs
o Areflexia

Features strongly supporting diagnosis:

o Progression of symptoms ovér‘days, up to four weeks

o Relative symmetry of symptors

o Mild sensory symptoms or signs

o Cranial nerve involvement, especially bilateral weakness of facial muscles
o Recovery beginning two to four weeks after progression ceases

o Autonomic dysfunction

o Absence of fever at onset

o High concentration of protein in eerebrospinalrfluid, with fewer than 10 cells
per cubic millimeter

o Typical electrodiagnostic features

Dubious diagnostic features:

o Presence of a sensory level

0 Marked or persistent asymmetry on symptoms or signs
o Severe and persistent sphincter dysfunction

o More than 50 cells / mm 3 in the CSF

Features excluding diagnosis:

o Diagnosis of botulism, myasthenia, poliomyelitis, or toxic neuropathy
o Abnormal porphyrin metabolism

o Purely sensory syndrome, without weakness

o Recent diphtheria
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Table 2.4« Differential diagnosis of Acute Flaccid Paralysis Syndrome. Adapted from Peter van
Doorn [85]

Motor Neuron Disease

o Acute form of'progressive spinal muscular atrophy (amyotrophic lateral sclerosis)
o Bulbar form (dysarthria, dysphagia and tongue denervation)

o Acute poliomielitis

o Other neurotropiewiruses (Coxsackie, echovirus, enterovirus, West Nile Virus)

Polyneuropathy

o Guillain-Barre Syndrome: Acute Inflammatory Demyelinating Polyradiculoneuropathy
(AIDP)

o Other forms of Guillain-Barre'syndrome: acute motor axonal neuropathy, acute motor
sensory axonal neuropathy, acute pandysautonomia, Miller-Fisher syndrome

o Intoxication by Karwinskia humboldtiana (tullidora)

o Polyneuropathy of the seriously ill{if‘intensive care

o Porphyria

o Vasculitis, paraproteinemiaf

o Neurotoxicity of metals (arseni€, lead, thallium), abuse or intoxication by substances
and drugs, biological toxins, drug effects

o Borreliosis (Lyme disease)

Disorders of neuromuscular transmission

o Myasthenia gravis

o Paraneoplastic myasthenic sndrome

o Botulism

o Hypermagnesemia

o Aminoglycosides

o Neuromuscular blocking agents (pancuronium or vecuronium)

Muscle and metabolic disorders

o Acute hypokalaemic paralysis

o Chronic depletion of potassium

o Periodic thyrotoxic paralysis
o Familial hypokalemic periodic paralysis
o Familial hyperkalemic periodic paralysis
o Necrotizing myopathies
o Acid maltase deficiency
o Mitochondrial myopathy

+ iThenticate

25

Pagina 56 de 168 - Engrega de integridad Identificador de la entrega trn:oid:::21:202706933



+ iThenticate Pégina 57 de 168 - Engrega de integridad Identificador de la entrega trn:oid:::21:202706933

2.4. STATE OF THE ART

Table 2.5#Criteria for distinguishing between axonal and demyelinating neuropathy. [41]

Axonal Demyelinating
Motorfsensory nerve
conductien_velocity (m/s) Normal or decreased Significant decrease
Amplitude of motor and Significant decrease Normal or decreased
sensory unit ¢éompeund potential
Electromyography Signs of denervation Nonspecific
Proximal latencies Normal Conduction block
F wave and H reflex Diminished or absent Diminished or absent

cord. This analysis is performed via a lumbar puncture that involves inserting a spinal needle into
the lumbar area between two vertebrae in ordér to extract a sample. The finding of an increase in
proteins with less than 10 cells/mm3 is a criterion that strongly support the diagnosis of GBS.

Ramos and Cacho [41] show in table 2.6.the differences among GBS subtypes.

2.4.2 Prediction

Prediction consists in applying either statistical' orfdata mining)methods to determine in advance the
diagnosis or prognosis of a disease or syndrome, irf order to takefmeasures to alleviate the condition.
It is useful for clinicians to have an automated tool fo assist them in decision making.

In GBS, studies have been conducted primarily focused to identifysvariables that determine in ad-
vance the appearance of certain syndrome-related consequences, su¢h as the need for mechanical
ventilation.

This phenomenon occurs in approximately 30% of cases of GBS [68|, maKing.it one of the most
important and recurring research topics regarding this syndrome. In patients swwho develop respira-
tory paralysis, early detection (ideal therapeutic window less than three weeks)“allows a diagnosis
that significantly influences decision making, such as the need for assisted ventilationser the type of
treatment to use, either G-iv Ig or plasmapheresis [41].

Paul et al [68] conducted a study to identify clinical variables often associated with theqieed for me-
chanical ventilation in patients with GBS. One hundred and thirty-eight GBS patients studied were
divided into two groups ventilated (Group 1) and non-ventilated (Group 2). There were 53ipatients
in Group 1 and 85 in Group 2. Parameters assessed included age, gender, associated illness(es),
antecedent events, first symptom at onset, time from onset to bulbar involvement, confinement to
bed and peak disability, upper limb power and reflexes at nadir, presence of facial weakness, neck
muscle weakness and autonomic dysfunction. Differences between groups were examined by Fishes
and t tests. Predictor variables were assessed using logistic regression with backward elimination
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Table 2.6: Clinical, pathological and serological features of GBS forms (Adapted from Griffin JW).

[41]
Syndrome Pathology Previous disease Related antigen
Acute Inflammatory Deémyelination with Herpesvirus, 14 to 25% have AclgG
Demyelinating variable axonal Campylobacter jejuni. Angi GM;
Polyneuropathy degeneration and Mycoplasma
(AIDP) lymphogytic pneumoniae
inflammagion
Fisher syndrome No data Occasionally GQpandrelated
Campylobacter jejuni, gangliosides
the majority of cases
with unknown history
ot Mycoplasma pneumoniae
Axonal forms
Acute Motor Axonal Motor axonal Campylobacter jejuni GD14, GM1GalN Ac,
Neuropathy (AMAN) degeneration with GD1,, GMyy
small swelling or
demyelination
Acute Motor Similar with Campylobacter jejuni Probably gangliosides
Sensory Axonal sensitive involucre
Neuropathy
(AMSAN)
Acute Axonal changes and None Antireceptor acetylcholine
pandysautonomia autonomic ganglia imauntonomic ganglia
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method. Thrée variables were identified that can independently predict the need for mechanical
ventilation: simultaneous onset of motor weakness of upper and lower limbs as the initial symptom:;
upper limb powergrade <3/5 at nadir; and bulbar weakness, which is directly related to the require-
ment for intubation due to the lack of oral and pharyngeal protection mechanisms in these patients
and qualifies as one of“the indicators for early intubation in patients with GBS. Furthermore, it was
found that the preservation of the reflexes of the upper limbs at the nadir of the condition means a
lower probability of the need for assisted ventilation. This study suggests that focusing on clinical
signs and history can predict the course of GBS within the first week of onset.

Sundar et al [80] carried out as€Search to identify clinical and electrodiagnostic predictors of neuro-
muscular respiratory paralysis in GBS. Forty six patients with GBS were studied for a period of six
years. Clinical and electrodiagnosti¢'data were compared between ventilated (28) and non-ventilated
(18) patients. The clinical parameters assessed were median age, gender, antecedent infection, prior
lung disease, time to peak disability, bifacial weakness, upper limb weakness, bulbar paralysis, neck
weakness and autonomic dysfunction. #lectrodiagnostic studies included motor nerve conduction
studies in 11 ventilated and 13 non-ventilated patients, done prior to maximum disability in each
group. Multiple logistic regression analysi§ was used to compare the two groups. Early progres-
sion to peak disability, bulbar dysfunction and’ autonomic instability predicted the development
of neuromuscular respiratory paralysis in GBSe=lnsthe case of bulbar dysfunction, it is confirmed
the finding made by Paul et al [68] that idéntifies it as a predictor of the need for assisted ventilation.

Hasan [48] developed a system based on a combined scoré for predicting respiratory failure in patients
with GBS. Eight clinical parameters on fifty GBS patientstwere assessed: progression of patients
to maximum weakness, respiratory rate/minute, breath helding count (the number of digits the
patient can count in holding his breath), presence6f facial muScle weakness (unilateral or bilateral),
presence of weakness of the bulbar muscle, weaknesssof\the neck flexor muscle, and limbs weakness.
Each parameter was assigned a certain score dependifnig on theit grades, for example, in the case
of progression to maximum weakness: if less than three days was_assigned 3 points, if it was be-
tween three and five days 2 points and if greater than five days 1 pointy Each parameter was rated
according to clinical standards, for example, in the case of limb weakness was assessed according
to the MRC (Medical Research Council) scale. Considering all this a combined scoring system was
built. Data were analyzed using statistical techniques such as measures of*eentral tendency and
dispersion, as well as statistical independence tests and P values. There was_a highly significant
statistical association between the development of respiratory failure and the{lower grades of (bul-
bar muscle weakness score, breath holding count scores, neck muscle weakness score, lower limbs
and upper limbs weakness score and respiratory rate score) and above 16 total Gémbined score(p
value=0.000). It was concluded in this study that patients with a combined score greater than 16
to 24 points are at serious risk of respiratory failure.

Rajabally and Uncini |71] published a survey on research related to the identification of predietors
in GBS. In a study conducted by the French Cooperative Group on Plasma Exchange in GBS [74],
by multivariate statistical analysis, five predictors of mechanical ventilation within 30 days of_ad-
mission were found: time from onset of symptoms to admission less than 7 days, inability to cough,
inability to stand, inability to lift the elbows and inability to lift the head. Walgaard et al. [89] used
a multivariate logistic regression model for the early prediction of respiratory failure in GBS. They
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concludéd that Medical Research Council (MRC) Sum Score at admission, number of days between
onset of weakness and admission and facial and/or bulbar weakness at admission are all strong
predictors_ef mechanical ventilation in the first week of hospital stay. Hadden et al [43] found, in a
test conducted by The Plasma Exchange/Sandoglobulin Guillain-Barre syndrome Trial Group that
death or inability, to walk at 48 weeks was associated with preceding diarrhoea, severe arm weakness
and age >50 years, Visser and coworkers [87] used data of 147 patients who had participated in
the Dutch GBS trialhcomparing intravenous immunoglobulin (IVIG) and plasma exchange (PE) in
a study. They foundsby multivariate logistic regression analysis, that a previous gastrointestinal
illness, age >50 yearssfand , MRC Sum Score <40 pretreatment were predictors of a poor outcome.
Rajabally and Uncini sdmanarizes the main likely predictors of prognosis in GBS in table 2.7.

Table 2.7: Main likely predictors of prognosis in GBS.
Category”Predictor
ClinicalAge >40 or 50 years
Reduced vital capacity
Neéd for mechanical ventilation
Preceding diarrhoea
Low MRG, Sum Score at admission
Fow MRC Sum Score at day 7 postadmission
Shert interval between weakness onset and admission
Facial-and/or bulbar weakness

Electrophysiological Inexcitable nerves
Low summated distal compound muscle action
potential <20% of lower,limit of normal

Biological None of definite value
More confirmatory studies’required

2.4.3 Prognosis

Akbayram et al [1] retrospectively assessed the clinical and laboratoryfeatures of 36 children diag-
nosed with GBS to determine the prognostic factors. The patients were\examined for the following
parameters: age, sex, personal history, seasonal preponderance, physical examination and labora-
tory findings, including cerebrospinal fluid (CSF) and electromyography (EMG), need for mechanical
ventilation, specific treatment applied and prognosis. Statistical analysis was\performed using the
commercial program SPSS 17. Mann-Whitney U test was used to compare the data)of the groups.
Correlation analysis was performed using the Spearman correlation test. The resultS\showed that
the most common initial symptoms were limb weakness, which was documented in 34 (94.4%) pa-
tients. In this study, 18 patients (51.4%) showed albuminocytological dissociation (raised, protein
concentration without pleocytosis) on cerebrospinal fluid (CSF) examination. Three patients (8.3%)
required mechanical ventilation therapy during hospitalization. In conclusion, researchers? findings
showed that cases of GBS was not uncommon in children younger than 2 years of age, and CSF
protein level might be found high in the first week of the disease in about one half of the patients.
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Patients with”axonal involvement showed more severe clinical progression than those with AIDP.

Soysal et al [78]) reviewed the medical records of 104 GBS patients obtained in a 10 years pe-
riod to assess the.eorrelation between the prognosis and epidemiological, clinical, laboratory and
electrophysiological(findings. All statistical analyses were performed using SPSS. Parametric and
non-parametric data were,evaluated by one-way ANOVA and chi-square tests, respectively. Pearson
correlation test was used for correlation analysis between outcome and epidemiological, clinical and
electrophysiological findings. P-values < 0.05 were considered statistically significant. As a result,
it was obtained that fifty-five patients reported a preceding infection in a mean period of 13.5 days
prior to the disease. The most ftéquent infection was respiratory infection. The most frequent initial
symptom was weakness of legs@ndy/or arms. The total MRC sum scores at admission, during dis-
charge and at first, third, and sixthsmonths were strongly correlated with prognosis. Moreover, first
year prognosis was strongly correlated with total MRC sum score during discharge. There was a
strong correlation between the clinical sibtypes and first month prognosis, and also between respira-
tory distress and third month prognosis#”Researchers concluded that their demographic, clinical and
electrophysiological findings were highly similar to those of the previous reports. Two of their cases
were presented with preceding tuberculosis infection, which was not reported before in the literature.

Walgaard et al [90] developed a clinical prognostic model for early prediction of outcome in GBS.
Data collected prospectively from a derivation cohort of:397 patients with GBS were used to identify
risk factors of being unable to walk at 4 weeks, 3 menths, and 6 months. Potential predictors of
poor outcome (unable to walk unaided) weré\considered in_univariable and multivariable logistic re-
gression models. The clinical model was based on the miltivariable logistic regression coefficients of
selected predictors and externally validated in an imdependent ¢cohort of 158 patients with GBS. The
result was that high age, preceding diarrhea, and lew" MedicalsResearch Council sumscore at hospital
admission and at 1 week were independently associated with being unable to walk at 4 weeks, 3
months, and 6 months (all p 0.05-0.001). The conclusion of the guthors is that a clinical prediction
model applicable early in the course of disease accurately predicts thefixst 6 months outcome in GBS.

Netto et al [65] studied the prognostic factors in a selected cohort of Techanically ventilated GBS
patients. A retrospective review of case records of consecutive patients offGBS requiring mechanical
ventilation admitted to neurology ICU of a tertiary care center for neurosciéncessbetween July 1997
and June 2007 was made. Statistical analysis was performed using SPSS software. Univariate anal-
ysis was made using analysis of variance (ANOVA) for continuous variables and ‘Chi-square test for
categorical variables. Chi-square test or Fischer’s exact test was made to compare 2 groups (dead vs
alive and Hughes scale 3 vs >3). The variables which emerged as significant in ufiivariate analysis
were used for multivariate analysis using logistic regression analysis to find out which.variables were
helpful in predicting the outcomes. During the study period, 173 GBS patients were #fiechanically
ventilated. A history of antecedent events was present in 83 (48%) patients: fever (68)mdiarrhea
(16), respiratory infection (13), recent vaccination (2), surgery (1), and others (14 specific iiifegtions:
varicella zoster, hepatitis, enteric fever). There were 18 deaths (10.4%). The number of days from
the onset of the disease to death ranged from 5 to 196 (mean 39 .40.3) days. Logistic regression ‘anal-
ysis showed significant regression coefficients for age, pneumonia, and dysautonomia. Researchers
concluded that early identification of modifiable risk factors, such as pulmonary involvement, aus
tonomic dysfunction, hypokalemia, sepsis, bleeding, and nutritional complications, may reduce the
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Chapter 3

Descriptivérmodel

The descriptive model constitutes an initial exploratory analysis of our dataset using machine learn-
ing techniques. We started with a clustering technique as this method is useful to study the internal
structure of data to disclose the existerice of groups of homogeneous data. We know in advance
of the existence of four GBS subtypes or\classes in our dataset. It is our interest to investigate
the capability of computational algorithms suehas clustering techniques to identify these four real
groups using a minimum number offeatures.

Usually in cluster analysis there is no priozdnformatién as a guide to find the exact number of clus-
ters and therefore different partitions with different number of clusters are explored. The ultimate
goal is to select the highest quality partition, based on ansinternal or external metric. In this work,
we perform a cluster analysis in a real GBS dataset to identify relevant features that allow to build
four clusters, each corresponding to a GBS subtype. The quality)of the clusters is measured with an
external metric called purity. Purity is an external clustering®validation metric that evaluates the
quality of a clustering based on the grouping of objects into clusters and comparing this grouping
with the ground truth. The highest purity is reached when clusters contain the largest number
of elements of the same type and the fewest number of elements ofga different type. This metric
is fully explained in section 3.1.3.3. Although there are several clustering~validation metrics, both
internal and external [44], we selected purity since our interest was to find.“pure” groups and to take
advantage of the available prior knowledge of the true labels.

In this work, we used two different approaches for this model. Both approaches<«<ombine a method
to select different feature subsets from the original dataset, and a clustering algorithiiyto build the
four homogeneous groups. In both approaches, we used a clustering algorithm calledZPAM (see sec-
tion 3.1.3.1 for details). In the first approach, we used filter methods for feature selections, For the
second approach, we created a novel method termed QSA-PAM (Quenching Simulated Annealing -
Partitions Around Medoids), where QSA is a search algorithm (see section 4.3.1 for details). Details
of this method can be found in section 4.3.2.
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3.1. DATA

3.1 Data

The dataset usedsin this work comprises 129 cases of patients seen at Instituto Nacional de Neu-
rologia y Neurociziigia located in Mexico City. Data were collected from 1993 through 2002. There
are 20 AIDP cases, 37AMAN, 59 AMSAN and 13 Miller-Fisher cases. The identification of subtypes
was made by a group: 6fmeurophysiologists based on the clinical and electrophysiological criteria es-
tablished in the literature~67, 59]. In this study, each subtype represents a class. Therefore, there
are four classes in the dataset” This dataset is not yet publicly available and this is the first time it
is used in an experimental stfidy. No public dataset was found to be used as a benchmark.

Originally, the dataset consisted/of 365 attributes corresponding to epidemiological data, clinical
data, results from two nerve conduction tests, and results from two Cerebrospinal Fluid (CSF) anal-
yses. The complete list of attributes as well as an exploratory study of the dataset can be consulted
in [2]. The second nerve conduction §eStewas conducted in 22 patients and the second CSF analysis
was conducted in 47 patients only. Theréfore, data from these two tests were excluded from the
dataset.

The diagnostic criteria for GBS are established, in the literature [67, 59]. These formal criteria were
considered to determine which variables from the original dataset could be important in the charac-
terization of the four subtypes of GBS. Weymade, a pre-selection of variables based on these criteria.
After pre-selection, the dataset was left with 156 variables: 121 variables from the nerve conduction
test, 4 variables from the CSF analysis and”31 clinical’variables. As for the type of attributes, these
are 28 categorical and 128 numeric attributess The situation of dealing with mixed data types was
solved using Gower’s similarity coefficient, as=previously explained in section 3.1.3.

3.2 Approach 1: Filter methods

We selected filter methods for the initial exploratory study as they are.in computational terms the
fastest and simplest methods available in the literature for feature seleetion. Filters work indepen-
dently from any clustering algorithm and base their decision solely on ¢haracteristics of data.

We chose five particular methods based on their performance reported in the literature [97, 62, 69, 61].
Chosen filters apply diverse criteria to evaluate feature relevance. Filters investigated are: CFS, chi-
squared, information gain, symmetrical uncertainty and consistency.

3.2.1 Experimental design

We used the 156-feature GBS dataset, described earlier, for experiments. This dataset colfltains a
combination of categorical and numeric features. The Gower’s coefficient is able to deal with=both
types of features when present in the same dataset. We used this method to compute the distance
matrix among instances, which is required as input to the PAM algorithm.

As we know beforehand, there are four GBS subtypes present in our dataset. This is why the numbes
of clusters requested to PAM algorithm in our experiments was k — 4. We expected the clustering
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algorith would identify each subtype as a cluster, with the highest purity possible. Five filter
methods were used for feature selection, as clustering algorithms perform more efficiently when they
work only with relevant attributes [27].

The class attriblite was not used when the clustering algorithm was executed. We used it to compute
the purity of the _elusters obtained with PAM.

A baseline purity using all the 156 features included in the dataset was computed. This value was
compared with the puritysobtained using only the relevant features as determined by each filter
method. Such comparigson=would allow for a clear view of the benefits of the feature selection pro-
cess over using the entire.dataset, in terms of purity.

Each of the five filter methods selected for experiments in this work was applied to the 156-feature
dataset. Along with the featuresthe class attribute was included in the dataset during the filtering
process.

As previously described, CFS and comSistency methods include in their output the subset with the
most relevant features found. In contrfast; chi-squared, information gain and symmetrical uncer-
tainty output a feature ranking.

In all scenarios, new datasets were created With/the best feature subsets. The distance matrix of
the new datasets was calculated anduged-as inputsto the PAM algorithm. Finally, purity of clusters
was computed.

In both CFS and consistency methods, the'new datasets were created with the resultant most rele-
vant features.

For chi-squared, information gain and symmetrical uncertainty, feature rankings they produced were
used to create the new datasets. Datasets with dimension from 2through 156 were created, with the
best two features, the best three features, and so on. The reason for a dataset of dimension 2 is that
the calculation of the distance matrix requires at least 2 attribute§.\Ihe best feature subset was the
set of features conforming the dataset which led to the highest purity in the clustering process.

3.2.2 Results
3.2.2.1 Identification of the four GBS subtypes

The baseline purity of the four clusters obtained using all the 156 features included)in the dataset
was 0.6899. After experimentation, four filter methods found feature subsets whichincreased the
baseline purity after the clustering process. Only the feature subset selected by the geonsistency
method as the most relevant obtained a lower purity of 0.6589 than that of the baseline.experiment.

Table 3.1 shows the results of purity of the five methods. Three methods tied with the highest
purity (0.7984): information gain, symmetrical uncertainty and CFS. Both information gain and
symmetrical uncertainty selected seven relevant features while CFS selected 16 relevant features.
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Chi squared.€hose 41 nerve conduction test variables as the most relevant and reached 0.7829 of
purity. The €onsistency method showed the worst performance, which reached a purity of 0.6589.
The six relevant féatures selected by consistency method were two clinical and four corresponding
to the nerve conduction test.

Table 3.1: Results of filter methods ranked on purity.

Method Number of features Purity
Information gain 7 0.7984
Symmetrical)uncertainty 7 0.7984
CFS 16 0.7984
Chi-squared 41 0.7829
Consistency 6 0.6589

Table 3.2 shows the list of the variables selected by both information gain and symmetrical uncer-
tainty. These variables conformed as a dataset*were able to identify the four subtypes of GBS with
a purity of 0.7984. All these variables are related to the nerve conduction test.

Table 3.2: List of variables with the highest purity (0§7984) selected by information gain and sym-
metrical uncertainty.

Feature Meaning
v105 Amplitude offeft ulnas motor nerve
v106 * Area under the cufvelof left tlndx, motor nerve
v116 Amplitude of right wulnar motor nerve
v172 * Amplitude of left Median sen§ory nerve
v177 * Amplitude of right median sensory nerve
v182 * Amplitude of left ulnar sensory werve
v187 Amplitude of right ulnar sensory nepvé

CFS picked out 16 relevant variables, three of them clinical and 13 corresponding to the nerve con-
duction test, which reached a purity of 0.7984 as well. The list of 16 variables is\shown in Table 3.3.

Four variables from Tables 3.2 and 3.3, denoted (*), were selected by all methods:

Purity results of the clustering process using the datasets formed with the most relevant features as
ranked by chi-squared, information gain and symmetrical uncertainty, as described in methodology
section, are shown in Figure 3.1. The three methods behave similarly. Both Information gaimand
symmetrical uncertainty methods reached a maximum value with seven relevant variablesy while
chi-squared reached its maximum with 41 variables. All three methods kept a purity in the range
of 0.7 and 0.8 for feature subsets of sizes between 2 and 102. For bigger subsets, purity lies in the
range of 0.65 through 0.7.
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Table 3.3: List of variables with the highest purity (0.7984) selected by CFS.

Feature Meaning
v29 Extraocular muscles involvement
v30 Ptosis
v40 Karnofsky at discharge
v105 Distal amplitude of left ulnar motor nerve
v106 * Area under the curve of left ulnar motor nerve
v108 Proximal amplitude of left ulnar motor nerve
vl@h ) Average F-wave latency of left ulnar motor nerve
v116 Distal amplitude of right ulnar motor nerve
v134 F-wave amplitude of left tibial motor nerve
v172 * Amplitude of left median sensory nerve
v173  Axéa under the curve of left median sensory nerve
v177 * Aanplitude of right median sensory nerve
v182 * Amplitude of left ulnar sensory nerve
v185 Conductiomvelocity of right ulnar sensory nerve
v187 Amplitude of right ulnar sensory nerve
v192 Amplifude of left sural sensory nerve

""" Chi-squared

Information gain

=~ - Symmetrical uncertainty

Purity
0.70
|

0.65
|

0.60
1

5 10 20 30 40 50 60 70 20 20 100 110 120 120 140 150 160

Feature subsets size

Figure 3.1: Purity reached by the best feature subsets as ranked by chi-squared, information) gain
and symmetrical uncertainty.
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3.2.2.2 PRairwise exploration of the GBS subtypes

In order to investigate if any two pair of GBS subtypes were distinguishable we conducted an ad-
ditional experiment. We created six new datasets, each one contained instances of only two GBS
subtypes. We calealated a baseline purity of each pair of GBS subtypes using all the 156 features.
Our goal was to determined a feature subset capable of identifying each pair of GBS subtypes with
a higher purity than that of the baseline. We used the five filter methods investigated all along this
work to determine the tnost relevant features for each pair of GBS subtypes. For all scenarios we
used k = 2, as there are only.two GBS subtypes in each dataset. Finally, we applied PAM to form
the clusters using only the relevant features determined with each filter method and calculated their
purity.

Table 3.4 shows the results of this'experiment. Each row represents a pair of GBS subtypes. Columns
2 to 6 represent a filter method. The right-most column indicates the purity achieved using all the
features in the dataset, that is, doing(no feature selection at all. Table entries indicate the purity
obtained in each case. Numbers in bold-ghow the highest purity obtained for each pair of GBS
subtype. Based on the purity obtained, it was found that any filter method is better than using
all the features. The highest purity for all pairs, of GBS subtypes was superior to 0.9. This result
demonstrates the effectiveness of filter methods¥and highlights the importance of feature selection.

Table 3.4: Purity of pairwise clustering of GBS subtypes.

GBS 1G SU CFS Consistency Chi-squared All
subtypes features
AIDP and
AMAN 0.9649 (2) 0.9649 (2) f 079824 (2) 0.9649 (2) 0.8771
AMAN and
AMSAN 0.927 (3) 0.9375 (2)  0.875 (7) 0.927 (3) 0.9687 (4) 0.7395
AIDP and
AMSAN 0.962 (3) 0.9367 (2) 0.9113 (9) 0.7468 (5) 0.962 (3) 0.8354
AIDP and
MF 0.8787 (3) 0.8787 (4) 0.8787 (4) 0.8787 (3) 0.909 (3) 0.6666
AMAN and
MF 0.98 (6) 0.96 (3) 0.98 (4) 0.74 (2) 0798.(6) 0.96
AMSAN and

MF 0.9305 (13) 0.9444 (13) 0.9583 (14) 0.8194 (5) 0.9444 (14),,  0.8333
IG = Information gain, SU = Symmetrical uncertainty.
* = One feature selected, therefore purity was not computed.
The number of features selected in each case is shown in parenthesis.

3.2.2.3 Exploring different values of k

As explained at the beginning of section 3.1., we performed the clustering process requesting k = 4
clusters as we know this is the number of existing GBS subtypes in the dataset. However, we wanted
to explore the clustering process with different values of k. Purity results were analyzed and shown
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in Table 3.5.

Table.3.5: Purity for different numbers of clusters using the four GBS subtypes.

k IG SU CFS Consistency Chi-squared All features
2 0.643449) 0.6434 (10) 0.6511 (16) 0.4883 (6) 0.6124 (48) 0.5038
3 0.7906 (7) 0.7906 (7) 0.7286 (16) 0.6666 (6) 0.7829 (6) 0.5813
4 0.7984(7) 0.7984 (7) 0.7984 (16) 0.6589 (6) 0.7829 (41) 0.6899
5 0.7984 (5)¢ 0.7984 (5) 0.7906 (16) 0.7286 (6) 0.7829 (91) 0.6821
6 0.7751 (4) ¥0.7¢51 (7) 0.8139 (16) 0.7596 (6) 0.7751 (38) 0.6666
10 0.8139 (5) 08139 (5) 0.8217 (16) 0.7596 (6) 0.8062 (38) 0.6976
20 0.8449 (38) 0.8372/4(31) 0.8527 (16) 0.8294 (6) 0.8294 (53) 0.7596

k = Number of clusters, G = Information gain, SU = Symmetrical uncertainty.
The number of features selected in each case is shown in parenthesis.

The results of this experiment are~shown in Table 3.5. The first column represents the different
values of k analyzed. Each remaining column represents a filter method. The right-most column
represents the purity obtained using allithe features, that is, doing no feature selection at all. Each
row represents the results obtained for each=value of k. Table entries indicate the purity obtained
in each case. The results indicatethat, in general, purity keeps an ascending pattern as k increases.
Purities for k = 4 and k = 5 are veryclose. In all cases, purity is low for k = 2 and very high for
k = 20. The highest purity values wetéyfoundfor'k = 20 in all cases; however, these numbers do
not indicate that the real number of clusters in thedataset is 20, in fact this number of cluster does
not correspond with the nature of GBS subtypes in real dife. This result confirms what is reported
in literature, higher values of purity are easily~obtainedsfor higher values of k [63]. Purity is a good
evaluation metric for clustering when the number of clusters is known, as in this case.

3.2.3 Discussion

Our objective in this work was to find the best feature subset to identify four GBS subtypes with the
highest purity. We did not find any similar work in the literature; therefore this one represents the
first effort in this direction. In order to achieve our purpose, we applied machine learning techniques.
We used five filter methods for feature selection and compared their perfermance.

3.2.3.1 Importance of feature selection to identify GBS subtypes

The clustering of the four GBS subtypes using all the 156 features in the dataset reached a purity
of 0.6899. This means that many cases were mislocated in the clustering process: Table 3.1 shows
that four of the five feature selection methods used in this work obtained a small féature subset that
led to the identification of the four groups with a higher purity than that of the baseline.

The identification of GBS subtypes pairwise was achieved with a high purity. The initial.baseline
purity was improved in all cases (Table 3.4) when the algorithm used only the relevant features.

These results demonstrate that the clustering algorithm underperforms in the presence of redundant
and irrelevant features and highlight the importance of feature selection methods.
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3.2.3.2 ‘"Anpalysis of different numbers of clusters

Purity is a goodrevaluation metric for clustering when the number of clusters is known, as in this case.
Higher purity is"easily achieved as the number of clusters increases [63] and that is demonstrated
with the results shown in Table 6.

3.2.3.3 Identificationsef four GBS subtypes

The main contribution of #his work is the identification of a subset of seven relevant features from
a dataset of 156 variables which identified four GBS subtypes with a purity of 0.7984. Another
contribution is the analysis ofsthe performance of five filter methods for feature selection. Finally,
this work contributes with the featute rankings produced by chi-squared, information gain and sym-
metrical uncertainty.

A remarkable finding is that all five méthods coincided in four variables. It is also noteworthy that
only two of the five methods selected clinical-variables. It is important to highlight the fact that the
consistency method was not able to selectza& feature subset to improve the baseline purity (0.6899),
but instead the six features selected by thi§ method achieved a worse purity (0.6589).

Information gain, symmetrical uncertainty and €FS'showed to be highly efficient as they could obtain
a reduced subset of relevant features that/allow identifying four subtypes of GBS with high purity
(0.7984). The first two methods coincided”in the same seven variables. CSF selected 16 variables.
Further studies are needed to evaluate othergnethods 6ff€ature selection, such as wrapper, embedded
and hybrid methods.

3.3 Approach 2: QSA-PAM method

With this approach, we investigate the performance of a more Sophisticated method to identify a
minimum subset of relevant features to build four clusters, each eorresponding to a specific GBS
subtype. This novel method consists of a combination of Quenchinig Simulated Annealing (QSA)
and Partitions Around Medoids (PAM), which we named as QSA-PAM\method (described in full
detail in section 4.3.2). PAM algorithm is used to perform the clustering process and is thoroughly
described in section 3.1.3.1. Simulated Annealing (SA) is a general purpose fandemized metaheuris-
tic that finds good approximations to the optimal solution for large combinaterial problems. QSA,
described in detail below, is a version of SA consisting of two phases: Quenching and Annealing.

3.3.1 Quenching Simulated Annealing (QSA)

In this work, we aim to find a minimum feature subset from a 156-feature real dataset to build four
clusters, each corresponding to a specific GBS subtype. This represents a combinatorial{preblem
and to find a good approximation of the best solution the QSA metaheuristic was selected ™ QSA,
shown in Algorithm 2, is a version of the SA algorithm which has two phases: Quenching_and
Annealing. Quenching phase is applied at a very high temperature which is rapidly reduced using
an exponential function until a quasi-thermal equilibrium is reached. Quenching phase has shown to
allow the exploration of a wider portion of the solution space than previous SA approaches did [36].
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Algorithm 2 Quenching Simulated Annealing (QSA).

Require:

1:
2:
3:
4:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:

5
6:
T
8
9

Examples X =< &1 >¢... <z, >
T;, Tt, aQuenching zqAnnealing, oV LT, T
Energy function Energy.(.,.)
Neighbor function Neighber (.,.)
T+ T,
Shest < random feature stubsét
while T' > Ty do
{Metropolis cycle}
repeat
S; <— Neighbor(Sbest, T')
AE <+ Energy(Sbest, X) — EnergylS;, X)
if AE <0 then
Shest < S;
else
if random|0,1) < exp(#) then
Sbest < S;
end if
end if
until thermal equilibrium is reached
if 7> 0 then

y~1—-171
Ti1 + v* aQuenching * T {Quenching phase}
T 72

else

T11 < aAnnealing « T { Annealing phase}
end if
if T/Ti < 0.1 then
Ti1 < oV LT xT {Very low temperatures phase}
end if
end while
return (Sbest)
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High temperature

Temperature

Low temperature

Quenching < Annealing: >

Figure 3.2: Temperature behavier in Quenching and Annealing phases of QSA.

In Annealing phase the temperature is gradually reduced ‘and-therefore the exploration is performed
at a slower pace, and so the solution space is scrutinized aiming to find the best solution. Figure
3.2 shows the temperature behavior in both Quenchimg and Annealing phases.

The classical SA algorithm receives as input a set X of m examples®with n features. Classical SA
requires a triplet composed of an Annealing schedule, an Energy funetion and a Neighbor function.
The Annealing schedule is defined by the initial temperature T;, the finaltemperature Ty and the
Annealing constant aAnnealing. These values control the pace and dwuration of the search. The
Energy function evaluates the quality of a solution. The goal of SA is to optimize this function. In
this particular problem we used the purity measure as the Energy Function.“Fhe Neighbor function
receives both the current solution and temperature as input and returns a new\candidate solution
that is nearby to the current solution, in terms of the variation of features between both,solutions.For
high values of T" a broader search in the dataset is performed to generate S;. For'low values of T’
the search becomes almost local.

QSA also behaves different with respect to the energy function in Quenching and Annealingsphases
(Figure 3.3). In Quenching phase, the energy function undergoes high fluctuations as QSA”is, still
exploring the search space. As Annealing phase advances, the fluctuations in the energy function
decrease as in this phase QSA is now looking for the best solution. At the end of Annealing, the
energy function in fact remains stable.

QSA uses two extra parameters: a Quenching constant aQuenching and 7. These parameters work
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High temperature

Energy

Low temperature

Quenching < Annealing >

Figure 3.3: Energy behavior_in Quenching and Annealing phases of QSA.

together to reduce the temperature at a rapid pace wntilr converges to 0.

In addition, this particular implementation uses aycooling gonstant oV LT at very low temperatures,
which enables the search space to be meticulously traversed; which corresponds to performing a local
search.

QSA, shown in algorithm 2, begins initializing the value of 7" flifie 1). A random feature subset
is taken as an initial best solution Sbhest (line 2). An external cycle is performed for controlling
temperature variations until 7 (line 3) is reached. The Metropolys cycle (nested loop of lines 5-15)
is performed until “thermal equilibrium" is reached. In this cycle, a neighber solution .S; is generated
using Sbest and the value of T' (line 6). The Neighbor function draws awnéw state S; based on the
previous state Sbest where a number of features in Sbest is replaced with new features randomly
taken from the original dataset depending on the current temperature 7. For high values of 7', a
maximum of 80% of the features are replaced. For low values of T', a maximum_of 20% of them are
replaced. The difference in energy AE between Sbest and S; is calculated (line 7). If AE < 0, that
is S; is a better solution than Sbest (line 8), then S; becomes the best solution (line’ QP Nf AE >= 0,
it means S; is a worse solution than Sbest, then the best solution Sbest is replaced with, S; only if
a random number generated in the range [0,1) is less than exp(_ATE)) (lines 11-12).\.This step is
fundamental in SA since it allows to escape from local minima by accepting worse solutions than
the current one. When the Metropolis cycle is finished, the temperature new 7' is updated(lines
16-22). If 7 > 0 the Quenching phase is performed; on this phase T will be rapidly reduced due to
the use of aQuenching constant. After a few iterations of the external cycle (line 3), 7 converges
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Figure 3.4: QSA-PAM Method.

to 0 (lines 19-21). Right after thatf, the Annealing phase is performed; on this phase T is reduced
at a slower pace (line 17). As stated béfore, this particular implementation of QSA uses a aV LT
constant to perform local searches at ¥ery low temperatures (for 7'/T% < 0.1) (lines 23-25). When
T reaches Ty, QSA algorithm returns thefeatiire subset that optimizes the energy function (line 27).

3.3.2 Description of QSA-PAM method

The method we introduced in this workfisfa combination of two methods: Quenching Simulated An-
nealing (QSA) and Partitions Around Medoids (PAM)ynamed QSA-PAM method (Figure 4.3). This
is a novel method in machine learning implémented to €xplore a large search space for a feature sub-
set that leads to a good solution for a clustering problem. In‘our work, QSA-PAM was used to solve
the problem of building four clusters with the highiest purity pessible, each cluster corresponding to
a specific GBS subtype - AIDP, AMAN, AMSAN and)Miller-Fighier. The method is described below.

QSA-PAM receives a dataset with n features as inpuf. In this particular implementation n = 156.
The class attribute was excluded as required in a clustering problémy We used it as the ground
truth to compute the purity of the clusters obtained with PAM. Fef all experiments, the number
of clusters requested to PAM algorithm was k& = 4, as there are four ‘GBS, subtypes present in the
dataset.

The method works as follows (see Figure 4.3): a cycle from i = 2 to n 1§ pesformed. For each
value of 4, QSA finds the best feature subset containing up to i features that\idéntify four clusters
with the highest purity (e.g. for i equals 25 the best feature subset could be of sizeA\l8). At each
iteration, different feature subsets (size varying from 2 to ¢) from the entire dataSet are chosen by
QSA algorithm. New datasets are created with each of these feature subsets. A distange matrix
between instances from these new datasets is computed using Gower’s similarity coefficient)which is
used as input to PAM to build four clusters. The calculation of the distance matrix requires’at least
2 attributes, and this is the reason for using a minimum value of ¢ = 2 in the main loop (Eorgh= 2
to n variables). Finally, the purity of the clusters is computed as it is used as the energy function
in QSA. QSA finds the feature subset that optimizes the energy function for each value of .\ The
aim of having QSA selecting the best features for each value of i is to look into the number of tirnes
such variables get selected, this would give us insight on their relevance. That is, the more times a
variable is selected the more relevant it is.
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As a resultjof the method we obtained a list of feature subsets that build four clusters with the highest
purity possible for each value of ¢, each corresponding to a GBS subtype. In other words, the list con-
tains the best 2-feature subset, the best 3-feature subset, and so on up to the best 156-feature subset.

In this study ‘we_perform a number of runs of QSA-PAM. For each run, we set a different seed.
These seeds were generated using Mersenne-Twister pseudo random number generator [64]. Using
a different seed for<each run of QSA-PAM allows for QSA part of the method to generate different
combinations of featuré Subsets from the search space to choose from.

3.3.3 Results

3.3.3.1 Determination of (QSA parameters

For tuning the proposed algorithmy] westarted determining the initial and final temperatures (7;) and
(Ty) respectively used by QSA part'efour method. These temperatures are computed as follows [35]:

—AZmax

5N In(P(AZmax)) (3:-1)
“AZmin

I5= 1n(B(5Zmin) (32)

where

AZmax and AZmin are the maximaland the minimal deterioration respectively, both of the
energy function. Deterioration refers to changes in the Energy function, that is, the changes in
purity at a extremely high temperatures and extremely léwstemperatures for AZmax and AZmin
respectively.

P(AZmazx) and P(AZmin) are the probabilities of accepting a new solution with AZmaz and

AZmin respectively. The probability of accepting a new solutién\is close to 1 at extremely high
temperatures and close to 0 at extremely low temperatures [35].

Table 3.6: Average purity over 30 runs of QSA-PAM using three different temperature configurations.

T; Ty Average best solution (purity) after 30 runs of/QSA-PAM
1.5%x10° 1x10~° 0.7509
1.376999x10° 7x10~7 0.7564
1x10° 1x107° 0.7881

To determine AZmax and AZmin, 30 runs of QSA-PAM were performed using randém.samples
from the 156-feature dataset. Different arbitrary temperature values, in the range [7.674419x10°,
1x107°] were used. An average value of 0.1372 was obtained for AZmaz and 0.0088 for (A Zmin.
Using both equations in 3.1 and 3.2 led us to temperatures of 1.376999x10° for T; and 7x10~* for
Tt. We used these values as approximations to the final temperatures. To verify the quality of these
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Figure 3.5: Average purity for each maximum number of variables requested to the method across
30 runs.

values, three different combinations of T; and 7' were usedsand compared in 30 runs of QSA-PAM:
the values obtained with equations 3.1 and 3.2 (T~ 1.376999°x20° and Ty — 7x10~%), an arbitrary
higher temperature combination (7; = 1.5x10° and T 1x 1023 and another arbitrary lower tem-
perature combination (T; = 1x10% and Ty = 1x107%). The pufity)values obtained across 30 runs
were averaged for every temperature combination. Results are shownin Table 3.6.

Values of o and 7 were assigned according to values typically used in literature |35, 37, 38]. Values
for QSA parameters are shown in Table 3.7.

Table 3.7: Final values for QSA parameters.
Parameter Value
T, 1x10°
Ty 1x10~°
aQuenching 0.7
aAnnealing  0.985
aVLT 0.99
T 0.9
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Figure 3.6: Median of the number of features selected by the method across 30 runs.

3.3.4 Experimentation
3.3.4.1 Finding clusters using the 156-feature dataset

The aim of the initial experiments was tofanalyze the behavior of clusters using the whole 156-
feature dataset. In order to achieve our goalf” QSA-PAMswas run 30 times using the 156-feature
dataset, each run with a different seed. In each run, a li§t of the best feature subset for i equals
2 to 156 was obtained. Then, the purity of clusters obtainedsfiSing each of the feature subsets was
calculated. Finally, the average purity of clusters over 30 ruw§ for each value of i was computed.
The results are shown in Figure 3.5. The chart shows an initial™ascending behavior, a peak is
reached approximately at ¢ equals 30 and then the chart begins#o slowly descend. The average
purity values ranged in [0.75, 0.80]. We want to highlight that two #€ature subsets in the feature
space over 30 runs reached a maximum purity of 0.8527. Also, by looking at Figure 3.5 we iden-
tified the need of determining a proper number of features to be used to create clusters of high purity.

3.3.4.2 Analysis of the size of feature subsets selected by QSA-PAM

With the aim of determining the proper number of features selected by QSA-PAMge further an-
alyzed the size of the resultant feature subsets. QSA-PAM selects the best feature gubset that
maximizes the purity of four clusters for each value of i ranging in [2,156]. The size of\these feature
subsets would not necessarily match the value of . That is, for i equals 38 the size of the best
feature subset could be 12 in one run, and 23 in another run. We were interested in investigating
the median of the best feature subsets for each value of ¢ over 30 runs. To achieve this, we counted
the number of features selected by QSA-PAM in each run for every value of ¢ and then we calculated
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Figure 3.7: Total frequengies of selection per feature across 30 runs.

its median. The results are shown in Figures3.6." Overall] the size median of feature subsets selected
by QSA-PAM was less than 50 even for cases where a nutnber greater than 100 was requested.

3.3.4.3 Analysis of the frequencies of features selected by QSA-PAM

We also investigated the total frequency of selection by QSA-PAM/ for each feature in the dataset
along the 30 runs, as shown in Figure 3.7. A ranking for all the 156 feéatures was created based on
these frequencies. That is, the feature on top of this ranking is the mostéfrequently selected feature.
The highest frequency possible for any feature over 30 runs was 4650(that is 155 x 30 (155 total
features, 30 runs). The highest frequency obtained for a feature was 2612. Five features stood out
of all the 156 features reaching a frequency greater than 2000. These featuresisere 14, 142, 13, 15
and 138 as shown in the chart. We considered to use for further experiments/@nly features with a
frequency over 1000. This number of features counted to fifty. Coincidentally, fifty was the threshold
derived from the analysis described in section 3.2.2.

3.3.4.4 Quality of clusters formed using feature subsets based on the ranking of fre-
quencies

Based on the ranking of features according to frequencies for all 156 features, we created new
datasets using the best 2 features, the best 3 features, and so on, up to 156 features. For each of
these datasets, a distance matrix was computed using Gower’s similarity coefficient. Each matrix
was used as input to PAM to build four clusters. Finally, the purity of clusters was computed. The
results of this experiment are shown in Figure 3.8. The highest purity obtained with these clusters
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Figure 3.8: Purity of clustérs built using variables as ranked on the frequencies.

was 0.81. This showed that not necesSatrily a segdential grouping of features based on the ranking
of features would lead us to the desired purity of ‘' Lwo other facts observed is that a low purity of
0.7054 is reached with few features (<=15) which is similar to that obtained (0.6976) with a large
number of features (>=125).

3.3.4.5 Finding clusters using the 50 most frequentlysselected features

We were interested in searching for a feature subset that impreved the highest purity obtained
(0.8527) when QSA-PAM was ran using all the 156 features. To @ehieve this, we created a dataset
using the 50 most frequently selected features. We performed a Second experiment of 30 runs of
QSA-PAM, for ¢ ranging in [2,50]. Again, purity of clusters obtained{using each feature subset was
calculated. Then, we calculated the average purity for each value of 1 The results are shown in
figure 3.9. Again, we can observe that with a few features (<=10) tlhe lowest average purity is
obtained. This chart shows an initial ascending behaviour until ¢ equals 10 apptroximately and then
it stabilizes at approximately a value of purity equals 0.85 and it remains stable=until the end.

3.3.4.6 Our best 16-feature subset

In the second experiment of 30 runs, described in section 3.2.5, we found a feature subset_that built
four clusters with a purity of 0.8992. This subset contains 16 features: four clinical féatures and
12 features from the nerve conduction test. These features are listed in table 3.8. We will further
investigate this feature subset to create a predictive model.
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Figure 3.9: Average purity reachedswith thé best 50 features according to frequency.
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Figure 3.10: Regions of average purity reached with the best 50 features.
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Table 3.8: List of features that built 4 clusters with a purity of 0.8992.

Feature label Feature name
v22 Symmetry (in weakness)
v29 Extraocular muscles involvement
v30 Ptosis
v3l Cerebellar involvement
V63 Amplitude of left median motor nerve
v106 Area under the curve of left ulnar motor nerve
v120 Area under the curve of right ulnar motor nerve
v130 Amplitude of left tibial motor nerve
v141 Amplitude of right tibial motor nerve
v161 Ayreéa under the curve of right peroneal motor nerve
v172 Amplitude of left median sensory nerve
v177 Amplitude of right median sensory nerve
v178 Area under the curve of right median sensory nerve
v186 Latency of right ulnar sensory nerve
v187 Amplitude of right ulnar sensory nerve
v198 Area under=the curve of right sural sensory nerve

3.3.4.7 Statistical analysis

We were interested in finding a region fin the chart.of-Figure 3.9 where QSA-PAM could have
achieved the highest average purity values.That is,_we looked at diverse ranges of variables re-
quested to QSA-PAM aiming to find a group ofifour clisters with the highest quality. We divided
the plot into three regions (Figure 3.10). The first regions(group A) for values of i from 3 to 18,
the second region for values from 19 to 34 (Group B), and“for values from 35 to 50 (Group C).
The first value of i was not taken into account. These 3 groups, consisted of 16 values of purity
each one. We applied the non-parametric Friedman test using Holms correction to find statistical
significant differences between purities of the three groups. The téstywas applied pair-wise. We took
as the null hypothesis (Ho) = purity levels between two regions are the.same, and as the alternative
hypothesis (Ha) = purity levels between two regions are different. Theregults are shown in Table 3.9.

Table 3.9: Friedman-Holm test for regions A, B and Cs

Regions compared p Value Ho
A-B 0.317  Accepted
B-C 0.000 Rejected
A-C 1.000 Accepted

According to the results shown in Table 3.9, we found statistical significant differences between
purities achieved across the three regions shown in Figure 3.10. It was found a statistical significant
difference between regions B and C. A more extensive search in these regions could lead to asbetter
result. That is, requesting a number of variables to QSA-PAM between 19 and 34, or between 35
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Figure 3.11: Temperature behavior in Quenchifigsand Annealing phases of QSA-PAM for i = 50.

and 50.

3.3.4.8 Temperature and energy behavior in QSA

We show in this section the temperature and energy behavior of QSA_paxt of the QSA-PAM method
for a single arbitrary value of ¢, that is for ¢« = 50. For this value of 7nthe number of runs was
1002. Figure 3.11 shows the temperature behavior of QSA in both Quenching and Annealing phase.
The quenching phase showed a rapid exponential decrease in temperature ag=described in the QSA
section (3.3.1.). In the annealing phase, the temperature decreases slowly, ‘ag#QSA searches locally
in the dataset.

Figure 3.12 shows the energy behavior of QSA, the purity values in this case. B€ing this a maxi-
mization problem, the energy behaves in an opposite way of that of the typical QSA problems. In
the quenching phase, the energy had high fluctuations as it was expected. In this expgriment, the
fluctuations in energy in the quenching phase were between (.48 and 0.75 approximately’\These
fluctuations continued in a number of runs of the annealing phase. From run 400 approximately,
these changes in energy began to decrease to levels of purity of 0.62 to 0.72. From run 500.0.the
final run, there were three long phases of stability in the energy function. This stability are the result
of QSA accepting best solutions than the current one with higher probabilities as the temperature
reaches T. The final value of energy (purity) was 0.81.
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Figure 3.12: Energy behavior in Quefnching and Annealing phases of QSA-PAM for i = 50.

3.3.5 Discussion

In this study we aimed to find a minimum feature subset to build four clusters, each corresponding
to a GBS subtype, with the highest puritypossible. JInyorder to achieve our goal we introduced a
combination of a metaheuristic (QSA) andsa ¢lustering algorithm (PAM), which we named QSA-
PAM method.

As we explained in section 3.3.4, we created a ranking of all th€ 456 features based on the frequency
of selection of each feature by QSA-PAM across 30 runs perforfnéd in an initial experiment. Using
the 50 most frequently selected features, we created a new dat@set\to perform a final experiment
consisting of 30 runs of QSA-PAM. We obtained a 16-feature subset’able to build four clusters with
a purity of 0.8992. In further studies, a more formal method could begiSed,to decide on the number
of most frequently selected features and use it as threshold instead ofwdsing 50. This could lead to
obtain a feature subset that build clusters from GBS data with a higher purity.

The final feature subset identified in this study includes a combination of clifiical and nerve conduc-
tion features. As to the four clinical features, they are reported in the literatufe a8 common clinical
characteristics of GBS subtypes. This confirm the ability of QSA-PAM to selegt relevant clinical
features for the identification of clusters. Concerning the electrophysiological featutesurther stud-
ies are required to confirm these findings. The identification of a minimum nerve condtgtion feature
subset would be very useful to design a fast electrodiagnostic test.

On the other hand, this finding leads to the research question of the possibility of distinguishing
the GBS subtypes investigated in this study with only one type of feature by itself, either glinical
or nerve conduction feature. Specifically, a study to investigate the ability of clinical features to
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identify GBS#Subtypes is recommended. Wakerley et. al. [88] identified a set of clinical diagnostic
features to classify GBS subtypes that could be used in the proposed research.

An important contribution of this study is a ranking of 156 features related with GBS. This ranking
was created accordimgyto the frequency of selection of each feature by QSA-PAM across 30 runs.
This ranking may be-used in further studies.

With QSA-PAM, we foundga” 16-feature subset able to build four clusters present in our dataset
with a purity of 0.8992. Thi§ finding, although able to be improved, shows the effectiveness of the
method to find good solutions”te,clustering tasks involving feature selection.
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Chapter4

Predictiveimodel

The aim of this phase is to create’the highest accurate predictive model for GBS possible, using the
16 relevant features described in#hapter 4. Again, to create this model we used two approaches:
single classifiers and ensemble methods, We expect to reach the highest classification results with
the latter.

4.1 Data

In the predictive model, we investigatetlre 16 relevant features, identified in the previous phase, to
classify GBS subtypes. The features ‘are listed in,Table 4.1. The first four features are all clinical
and the remaining features come from a nerye conduction, test.

Table 4.1: List of features used¢in this study.

Feature label Feature name
v22 Symmetry (in weakness)
v29 Extraocular muscles inf¥olvement
v30 Ptosis
v31l Cerebellar involvement,
v63 Amplitude of left median motogmerve
v106 Area under the curve of left ulnar motoe'nerve
v120 Area under the curve of right ulnar motor netve
v130 Amplitude of left tibial motor nerve
v141 Amplitude of right tibial motor nerve
v161 Area under the curve of right peroneal motor neryée
v172 Amplitude of left median sensory nerve
v177 Amplitude of right median sensory nerve
v178 Area under the curve of right median sensory nerve
v186 Latency of right ulnar sensory nerve
v187 Amplitude of right ulnar sensory nerve
v198 Area under the curve of right sural sensory nerve
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4.2 Classification scenarios

4.2.1 Multiclass classification

In this scenario, weClagsified the four GBS subtypes at the same time, that is AIDP, AMAN, AMSAN
and MF. Each classifier tackles the multiclass classification problem particularly. Some of them, like
decision trees, intrinsically support multiclass classification. Others, like SVM, tackle multiclass
classification using eithér OVA (One vs All) or OVO (One vs One) strategy. The implementation of
these strategies were out-of-the-box in the R versions of the classifiers we used in this study.

4.2.2 One vs All classification (OVA)

In OVA classification, we classified each class against the rest of the classes. That is, AIDP vs ALL,
and so on. We aimed to investigate how well classifiers distinguish each class with respect to the
other classes. OVA strategy consistS of building n binary classifiers. In this particular work, we
made 4 different OVA classifications.

4.2.3 One vs One classification (OVQ)

In OVO classification, we classified one class against another class, as many combinations as possible.
That is, AIDP vs AMAN, and so on. Wesimed\to investigate how well classifiers distinguish each
pair of classes. OVO strategy consists“of building=n{n?- 1)/2 binary classifiers. In this particular
work, we made 6 different OVO classificatiéns.

4.3 Model evaluation scenarios

4.3.1 Train-Test

Train-test consists of separating the original complete dataset into/two independent new datasets.
These two datasets contain both the predictor features and the out€dme variable. The first dataset,
named train, used for a classification algorithm to discover relationShips or patterns among data,
that is, to “train” or to fit a model. The second dataset, named test, msed for the model fitted to
estimate its performance on completely unseen data. In this study we used two-thirds of the original
dataset for train and one-third for test.

4.3.2 Cross-validation

Cross-validation divides the original complete dataset into k independent new datasets (k folds).
Then, it performs k loops in which & — 1 partitions of the original dataset is uséd, for training
and the rest for testing. For each fold, the measure of evaluation of the model obtaine@\from the
confusion matrix is calculated and summed. When all the k£ loops have ended, the cross=Vvalidation
accuracy is obtained. In this study, we use a 10-fold cross-validation (10-FCV).

4.4 Approach 1: Single classifiers

In this first approach, we used single classifiers. We selected 14 single classifiers from diverse nature:
decision trees (C4.5), instance-based learners (kNN), kernel-based (SVM), neural networks (SLP,
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MLR, RBF-DDA), rule induction learners (OneR, JRip), among others. The complete list is in sec-
tion 3.4°5. )From each type, we selected the best classifiers and compared their performance in three
types ofexperiments: four GBS subtype classification, OVA classification and OVO classification.

4.4.1 Expérimental design

We used the 16-feature subset, described in section 5.1, for experiments. We added the class variable
to this subset, that.is,the GBS subtype. Finally, we created a dataset containing the 129 instances
and 17 features. As'mentioned in section 4.1, our dataset has 4 classes, identified with numbers 1
to 4, where 1 is AIDP;2%1s AMAN, 3 is AMSAN, and 4 is MF.

We used two model evaluation®schemes: train-test and 10-FCV. For each of these schemes, we
performed 30 runs where we applied each of the classifiers described in section 3.1.5. In each run,
we set a different seed. This @watranties to have each classifier train on the same train set at the
same run number. The same seedsswere used for each classifier. These seeds were generated using
Mersenne-Twister pseudo-random giumber generator [64]. The use of a different seed for each run
ensures producing different splits of train and test sets in both evaluation schemes.

4.4.1.1 Four GBS subtype classification

In this classification, the four GBS/subtypes were included in the dataset, that is AIDP, AMAN,
AMSAN, and MF. In this scenario, the base metric was the average accuracy.

4.4.1.2 OVA classification

For OVA classification, we derived as many sew datasets as there are GBS subtypes in the original
dataset. That is, four datasets were derived.=Inreach orte, the instances of one class were marked as
the positive cases and the instances of the remaining classeS were marked as the negative cases. In
this scenario, the base metric was the balanced accuracy.

4.4.1.3 OVO classification

For OVO classification we created six new datasets, as many combinations of pairs of GBS subtypes.
Each dataset contained instances of only two GBS subtypes, one class marked as the positive case
and the other class as the negative case. In this scenario, the base metricfwas the balanced accuracy.

4.4.1.4 Train-test
For each run, we computed accuracy, sensitivity, specificity, Kappa statistic and multiclass AUC.
Finally, we averaged each of these quantities across the 30 runs.

4.4.1.5 10-FCV

For each run, we performed a 10-FCV. For each fold, we computed accuracy, sensitivity \specificity,
Kappa statistic and multiclass AUC. After the 10 folds, we calculated 10-FCV accuracy! and the
average of each of the other measures. Finally, we averaged each of these quantities across £he 30
runs.
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4.4.2 Parameter optimization
4.4.2.1 EkNDNsparameter optimization

kNN parameter optimization was performed using the four GBS subtypes. kNN requires optimiza-
tion for d and k vales. We tried values for d in the range 1 to 3 inclusive. For each d, we used
values of k from 5 t0°35£We analyzed the performance of kNN for each value of d across 30 runs of
both 10-FCV and train,t€st processes with different seeds each. We calculated the accuracy of each
run and the average accuraey over 30 runs. We selected the combination of d and k that obtained
the highest accuracy.
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Figure 4.1: Tuning process of number of neighbors. k and distance d for kNN using 10-FCV.

Figure 4.1 shows the results of kNN parameter optimization forudifferent values of d and k, using
10-FCV. The chart shows the accuracy for d = 1, d = 2, and d = 37 Qyerall, kNN achieved the best
results with d = 1. The highest accuracy obtained was 0.9179 for k¥ = 14°and d = 1. These values of
k and d were used for the classification experiments with kNN, using 10*FCV, including four GBS
subtype classification as well as OVO and OVA classification.

Figure 4.2 shows the results of kNN parameter optimization for different valdes)of d and k, using
train-test. The chart shows the accuracy for d = 1, d = 2, and d = 3. Overall, kNN achieved the
best results with d = 1. The highest accuracy obtained was 0.9268 for £k = 18 and”dv= 1. These
values of k and d were used for the classification experiments with kNN, using trainstest, including
four GBS subtype classification as well as OVO and OVA classification.

4.4.2.2 SVM parameter optimization

SVM parameter optimization was performed using the four GBS subtypes. An effective and\sim-
ple method of tuning C and o simultaneously is given by Hsu et al [55]. This method consists of
an exhaustive grid search using growing values for C and 0. The C values used in this work fozr
all kernels were 1, 10, 50, 80 and 100. The o (v in Laplacian kernel implementation) values were
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Figure 4.2: Tuning process of number of neighbors k and distance d for kNN using train-test.

exponentially growing values from 0.001\to 100. The tuning procedure for the rest of Polynomial
parameters was to try different values for_degree (from 2 to 10), and 0-1 for coef parameter. We
analyzed the behavior of accuraciesdcross polynomial degrees. All these parameter values are found
typical in the literature.

For each combination of parameter values, jwe performied 30 SVM runs of both 10-FCV and train-test
processes with different seeds each. We caleulated the accuracy of each run and the average accuracy
over 30 runs. We selected the combinationfof paraméters that obtained the highest accuracy.

The results of the linear kernel optimization for both train-test and 10-FCV scenarios are shown in
Table 4.2.

Table 4.2: Linear kernel optimization. The units of the results are_shown in average accuracy over
30 runs. The highest value is shown in bold.

C train-test 10-FCV

1 0.9175 0.9069

10 0.8965 0.8890

50  0.8969 0.8890

80  0.8969 0.8890

100 0.8969 0.8890

The results of the polynomial kernel optimization for both train-test and 10-FCVi“sgenarios are
shown in Table 4.3. We show only the best results obtained for each degree.

In Figure 4.3, we show the behavior of accuracies for each degree in polynomial kernel {for;/both
10-FCV and train-test scenarios. As shown in Figure 4.3, accuracies grow as degrees increase until
reaching a maximum accuracy of 0.9235 (train-test) and 0.9175 (10-FCV) at degree equal 6. For
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Table 4.3: Polynomial kernel optimization. The units of the results are shown in average accuracy
over 30 runs. 'The highest value is shown in bold.

train-test 10-FCV

degree coef v C accuracy 7y C accuracy
2 1 0.001 50 0.9110 0.01 10 0.9178
3 1 0.001 100 0.9110 0.01 10 0.9176
4 1 ,0.001 80 0.9126 0.001 100 0.9175
5 1 _0.01 1 0.9118 0.01 1 0.9213
6 1. 001 1 0.9142 0.01 1 0.9235
7 17 ¢6.01 1 0.9126 0.01 1 0.9232
8 1 0:00t 50 0.9122 0.001 80 0.9218
9 1 0.00% 10 0.9114 0.001 80 0.9214
10 1 0.001 10 0.9110 0.001 50 0.9194

degrees 6 and higher, accuracies decrease.¢’Lhe optimal parameters for both train-test and 10-FCV
scenarios were degree = 6, coef = 1, C = 1 and~y = 0.01.

The results of SVM parameter optimization for\Gaussian kernel are shown in Table 4.4. The first
row shows C values. The first column‘represents e=walues. Each table entry is the accuracy aver-
aged across 30 runs using both train-testsand 10-FCYV, as described in section 5.4.1. The optimal
parameters for both train-test and 10-FCVis¢enarios weresC = 10 and v = 0.001.

Table 4.4: Gaussian kernel optimization. The unitg”of the results are shown in average accuracy
over 30 runs. The highest value is shown in bold.

train-test 10-FCV
C C

y 1 10 50 100 1 10 50 80 100
0.001 0.733 0.887 0.911 0.910 0.909 0.736 0.885  0:913 0.915 0.915
0.01 0.885 0.913 0.904 0.902 0.903 0.882 0.919 0.9150.910 0.912
0.1 0.910 0.900 0.896 0.896 0.896 0.910 0.895  0.893%" 0893 0.893

1 0.809 0.814 0.814 0.814 0.814 0.799 0.809  0.809 %0x809 0.809

10 0.732 0.734 0.734 0.734 0.734 0.726 0.729 0.729 0.729 0.729
100 0.732 0.732 0.732 0.732 0.732 0.727 0.727 0.727 0.727 0.727

The results of SVM parameter optimization for Laplacian kernel are shown in Table 4.5+"The opti-
mal parameters for both train-test and 10-FCV scenarios were C = 50 and o = 0.01.

The optimal parameters for each kernel in train-test and 10-FCV scenarios were used for further
classification experiments with SVM, including four GBS subtype classification as well as OVO and

OVA classification.
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Figure 4.3: Acenracies vs degrees in polynomial kernel.

Table 4.5: Laplacian kernel optimizationt “The units of the results are shown in average accuracy
over 30 runs. The highest value is"shown in bold.

train=test 10-FCV
C C
o 1 10 50 80 100 1 10 50 80 100

0.001 0.732 0.732  0.893 [0.898 0.905,0.727 0.752 0.878 0.895 0.903
0.01 0.732 0.905 0.916 0.912 0.913.07745 0.901 0.920 0.911 0.913
0.1 0.898 0.913 0913  0.913-0.913 0.891 0.913 0.913 0.913 0.913

1 0.880 0.884  0.884  0.884.0.884 0.875 0.875 0.875 0.875 0.875

10 0.732 0.732  0.732  0.732 0.732 0.7270227 0.727 0.727 0.727
100 0.732 0.732  0.732  0.732 0.732 0.727 0727 0.727 0.727 0.727

4.4.2.3 Other classifiers parameter optimization

MLP, SLP, RBF-DDA and JRip require each a particular parameter eptimization, as mentioned in
section 3.1.5. These parameters were optimized for each classifier in each of/the 30 runs in train-test
and in 10-FCV scenarios, therefore the best parameters for each run were usedfor classification.

4.4.3 Results
4.4.3.1 Four GBS subtype classification

In this section, we show the results of the classification of the four GBS subtypes. Table 4.6 shows
the average prediction results of each classifier across 30 runs in train-test scenario. The, standard
deviation of each metric is also shown. Seven classifiers, half of all the classifiers, obtained an average
accuracy above 0.90. The best seven classifiers were: kNN, SVMLap, SVMPoly, SVMGaus; C4.5,
SVMLin and Naive Bayes. Six of the remaining classifiers obtained an average accuracy around 0.88.
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kNN obtained the best performance with 0.9268 of average accuracy, it slightly outperformed SVM
in all kernels’and C4.5. The worst performance was obtained by OneR classifier, with an average
accuracy undet 080 and with poor results in all remaining metrics. ANN classifiers, that is MLP,
SLP and RBF-DDA, obtained similar results in all metrics.

Multiclass AUC ranged 0.70 - 0.84. Six classifiers obtained a multiclass AUC above 0.80. Specificity
was higher than sensitivity. "Specificity ranged 0.85 - 0.95, while sensitivity ranged 0.43 - 0.83. Kappa
values obtained showed lafgesvariation, in the range of 0.37 - 0.77. Overall, four GBS subtype clas-
sification using train-test obtaified high results in average accuracy. The remaining metrics showed
varied results. However, half (Of, ¢lassifiers stood out from the rest, obtaining on or above 0.80 in
most metrics.

Figure 4.4 shows the average accuracyfacross 30 runs for each classifier in four GBS subtype clas-
sification using train-test. Also the standard deviation for each classifier is shown. Most of the
classifiers obtained an average accuracy acotnd 0.90, seven of them surpassed this quantity. In av-
erage, the standard deviation was around 0703,

Table 4.7 shows the average prediction results aecross 30 runs of each classifier in four GBS subtype
classification using 10-FCV. The standard deviationwof @ach metric is also shown. Six classifiers, al-
most half of all the classifiers, obtained ansdverage acguracy above 0.90. Six of them repeated as the
best classifiers: kNN, SVMLap, SVMPoly, SVM, SVMGaus, C4.5 and SVMLin. Five of the remain-
ing classifiers obtained an average accuracy areund (.89. Iwo around 0.88, and again, OneR showed
the worst performance with an average accuracy under 0.80 @nd overall very low values in all metrics.

Multiclass AUC ranged 0.75 - 0.89. A little higher than in trainftest. Thirteen classifiers obtained
a multiclass AUC above 0.82. Sensitivity ranged 0.39 = 0.83. Similawtesults to those obtained from
train-test. Specificity ranged 0.85 - 0.95, similarly as in train-test.Again, Specificity was higher
than sensitivity. Only OneR obtained a specificity under 0.90. Kappafvalue obtained showed large
variation, in the range of 0.30 - 0.76. Similar situation for Kappa values occurred in train-test
scenario. In short, four GBS subtype classification using 10-FCV obtained close-to-expected results
in average accuracy. The remaining metrics behaved differently. As in trainstest, half of classifiers
stood out from the rest, obtaining comparable results to those obtained in train-test in most metrics.

Figure 4.5 shows the average accuracy across 30 runs for each classifier in four GBS subtype classifi-
cation using 10-FCV. Also the standard deviation for each classifier is shown. Most oftheslassifiers
obtained an average accuracy around 0.90, six of them surpassed this number. In averagegsthe stan-
dard deviation was around 0.01.

Overall, similar results were obtained in both train-test and 10-FCV scenarios. Only two differences
were observed. The first difference was in multiclass AUC metric, which was a little higher in 10-
FCV. The second difference was in the standard deviation of the average accuracy, which was a little
lower in 10-FCV.
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Table 4.6+ Four GBS subtype classification using train-test. The units of the results are shown in
average over, 30 runs.

Classifier Optimal Average Multiclass Sensitivity Specificity Kappa
parameters Accuracy AUC

kKNN k=18 d=1 0.9268 0.8408 0.8323 0.9503 0.7798

0.0224 0.0605 0.0678 0.0158 0.0678

SVMLap s=0.01 C=50 0.9163 0.7913 0.7753 0.9432  0.7523
0.0233 0.0844 0.0764 0.0159 0.0675

SVMPoly d=6‘ceef=1 0.9142 0.8361 0.7858 0.9390 0.7452
g=0.01,C=1 0.0230 0.0717 0.0674 0.0163 0.0677

SVMGaus g=0.01 C=10_ 0.9126 0.8210 0.7884 0.9397  0.7427

0:0292 0.0672 0.0704 0.0200 0.0827

C4.5 0.9114 0.8085 0.7727 0.9356  0.7348
0.0283 0.0827 0.0727 0.0218 0.0850

SVMLin C=1 0.9069 0.7751 0.7572 0.9355 0.7246
0.0282 0.0830 0.0822 0.0198 0.0810

Naive Bayes 0.9008 0.8113 0.7762 0.9324 0.7105
0.0233 0.0760 0.0669 0.0152 0.0650

MLP 0.8915 0.7852 0.7273 0.9239 0.6795
0.0319 0.0768 0.0941 0.0225 0.0887

RBF-DDA 0.8882 0.7542 0.6696 0.9202 0.6633
0.0246 0.0535 00836 0.0217 0.0786

SLP 0.8850 0.7558 0.6972 0.9209 0.6608
0.0334 0.0795 0.1142 0.0229 0.0932

JRip 0.8837 0.8083 0.7279 0.9137 0.6526
0.0326 0.0801 0.0899 0.0238 0.0944

LDA 0.8825 0.7439 0.7200 0.9181, 0.6547
0.0291 0.0789 0.0658 0.0205 0.0804

MLR 0.8793 0.7125 0.7029 0.9156 ( 0.6444
0.0329 0.0850 0.0772 0.0232 0.0930

OneR 0.7972 0.7039 0.4365 0.8511 0.3771
0.0326 0.0451 0.0597 0.0243 0.0936
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° Figure 4.4: Average accuracy in four GBS subtype classification using train-test. \A=SVMPoly,

B—C4.5, C=SVMLap, D=SVMGaus, E=kNN, F=SVMLin, G—Naive Bayes, H#MLP, I-RBF-
DDA, J=SLP, K=JRip, L=LDA, M=MLR, N=OneR.
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Table 447, Four GBS subtype classification using 10-FCV. The units of the results are shown in
average over, 30 runs.
Classifier Optimal Average Multiclass Sensitivity Specificity Kappa
parameters Accuracy AUC
SVMPolyy d=6 coef=1 0.9235 0.8985 0.8308 0.9481 0.7648

g=0.01 C=1 0.0080 0.0199 0.0287 0.0058 0.0265
C4.5 0.9211 0.8857 0.8136 0.9446  0.7567
0.0109 0.0242 0.0421 0.0081 0.0321

SVMLap s=0.0L/C=50 0.9201 0.8712 0.7952 0.9466 0.7554
0.0072 0.0240 0.0457 0.0051 0.0195

SVMGaus g=0.01 C=10_ 0.9193 0.8897 0.8212 0.9448 0.7515

0:0067 0.0221 0.0316 0.0049 0.0214

kENN k=14 d=1 0.9179 0.8783 0.7868 0.9437  0.7467
0.0041 0.0188 0.0425 0.0036 0.0132

SVMLin C=1 0.9175 0.8632 0.7831 0.9415 0.7423
0.0096 0.0232 0.0461 0.0076 0.0317

JRip 0.8999 0.8729 0.7808 0.9267 0.6880
0.0143 0.0291 0.0552 0.0113 0.0427

Naive Bayes 0.8986 0.8632 0.7936 0.9325 0.6928
0.0079 0.0244 0.0472 0.0063 0.0247

MLP 0.8974 0.8514 0.:7438 0.9289 0.6842
0.0122 0.0257 070592 0.0089 0.0383

SLP 0.8972 0.8452 0.7281 0.9300 0.6851
0.0147 0.0230 0.0536 0.0117 0.0468

MLR 0.8926 0.8405 0.7575 0.9264 0.6721
0.0082 0.0279 0.0445 0.0069 0.0245

LDA 0.8806 0.8256 0.7251 0.9150, 0.6366
0.0083 0.0223 0.0369 0.0064 0.0249

RBF-DDA 0.8797 0.8249 0.6606 0.9148 ( 0.6273
0.0079 0.0287 0.0451 0.0060 0.0263

OneR 0.7744 0.7528 0.3928 0.8374  0.3039
0.0164 0.0249 0.0343 0.0119 0.0453
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° Figure 4.5: Average accuracy in four GBS subtype classification using 10-FCV.4 A=SVMPoly,

B—C4.5, C=SVMLap, D=SVMGaus, E=kNN, F=SVMLin, G—Naive Bayes, H#MLP, I-RBF-
DDA, J=SLP, K=JRip, L=LDA, M=MLR, N=OneR.
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4.4.3.2° OVA classification

In this section, we describe the results of OVA classification using train-test and 10-FCV scenarios.
That is, ATDP vs ALL, AMAN vs ALL, AMSAN vs ALL and MF vs ALL. As mentioned before,
we used thébalanced accuracy as our base metric in OVA classification scenario.

Table 4.8 shows"the average prediction results of each classifier across 30 runs in AIDP vs ALL
classification using train-test. The standard deviation of each metric is also shown. The balanced
accuracy ranged 0.62 -,0.82, this contrasts with the results obtained in accuracy which ranged 0.81
- 0.93. However, balaneed accuracy is a more reliable metric in this case since it is a two-class
classification with imbalan¢ed data. While specificity obtained high results, ranging 0.85 - 0.98;
sensitivity obtained poor‘pésults, in the range of 0.35 - 0.67. Kappa statistic also showed a large
variation among all classifiers, ranging 0.24 - 0.71. Four classifiers obtained a balanced accuracy
above 0.80: kNN, C4.5, MLP, and,SVMLap.

Table 4.9 shows the average predietion results across 30 runs of each classifier in AMAN vs ALL
classification using train-test. The stamdard deviation of each metric is also shown. The balanced
accuracy ranged 0.63 - 0.93, while accuracyranged 0.71 - 0.92. Overall, balanced accuracy in AMAN
vs ALL was a little higher than in AIDP-vs'ALL. Both specificity and sensitivity obtained superior
results, the former in the range of 0.82 - 0.94, the latter in the range of 0.75 - 0.97 with one outlier
obtained by OneR (0.4472). Kappa/statistic ranged 0.62 - 0.81. Again, OneR obtained an atypical
result (0.2735). Five classifiers obtaufed a balanced accuracy above 0.90: kNN, SVMGaus, SVM-
Poly, SVMLap, and C4.5.

Table 4.10 shows the average prediction results of each classifier across 30 runs in AMSAN vs ALL
classification using train-test. The standard’deviation“ofs€ach metric is also shown. Both balanced
accuracy and accuracy obtained similar results. Balancedsaccuracy ranged 0.79 - 0.89, while accu-
racy ranged 0.80 - 0.89. Shortly, AMSAN vs AEL obtained th¢ lower variation in balanced accuracy
in OVA classification using train-test. Both specificity andsSensitivity obtained high values, the
former in the range of 0.80 - 0.94, the latter in the range of 0.76 - 0.87. Kappa statistic ranged 0.59
- 0.79. Six classifiers obtained a balanced accuracy above 0.85 kNN, C4.5, SVMLap, RBF-DDA,
SLP, and SVMPoly.

Table 4.11 shows the average prediction results of each classifier across=30 runs in MF vs ALL
classification using train-test. The standard deviation of each metric is.also shown. In this case,
balanced accuracy and accuracy obtained very dissimilar results. Balanced aceuracy ranged 0.50 -
0.89, while accuracy ranged 0.88 - 0.94. Overall, MF vs ALL obtained the worst results in balanced
accuracy in OVA classification using train-test, with only one classifier above 0.80. Also specificity
and sensitivity obtained very different results, the former in the range of 0.92 -40.98, the latter in
the range of 0.33 - 0.83 (with an outlier of 0.0250). Kappa statistic showed a largé variation, in the
range of 0.33 - 0.70 (with an outlier of 0.0089). Four classifiers obtained a balanced accuracy above
0.75: LDA, C4.5, JRip, and SVMGaus. One classifier obtained a balanced accuracy. above 0.80,
Naive Bayes.

Figure 4.6 shows the balanced accuracy for each classifier in OVA classification using train-test. The
standard deviation is also shown. AMSAN vs ALL showed the most stable performance both in
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Table 4.8: AIDP, vs ALL classification using train-test. The units of the results are shown in average

over 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
ENN 0.8227 0.9381 0.6611 0.9843 0.7146 0.8227
0.0774 0.0291 0.1546 0.0238 0.1367 0.0774
C4.5 0:8042 0.8984 0.6722 0.9361 0.6009 0.8042
0/0902 0.0496 0.1932 0.0611 0.1545 0.0902
MLP 0.8014 0.9056 0.6556 0.9472 0.6087 0.8014
0.0784 0.0334 0.1691 0.0408 0.1265 0.0784
SVMLap 0.8009 079246 0.6278 0.9741 0.6566 0.8009
0.0773 0:0266 0.1619 0.0272 0.1234 0.0773
RBF-DDA  0.7648 0.8984 0.5778 0.9519 0.5547 0.7648
0.0824 0.0299 0.1736 0.0326 0.1424 0.0824
SLP 0.7551 0.8738 0.5889 0.9213 0.4981 0.7551
0.0751 0.0401 0.1680 0.0531 0.1244 0.0751
SVMLin 0.7542 0.8802 0.5778 0.9306 0.5028 0.7542
0.1040 0.0453 (002132 0.0477 0.1947 0.1040
LDA 0.7537 0.8714 0.5889 0:9185 0.4917 0.7537
0.0737 0.0408 081562 070494 0.1336  0.0737
SVMGaus 0.7491 0.9032 0.5333 0.9648-, 0.5522 0.7491
0.0878 0.0353 0.1773 0.0334 0.1586 0.0878
JRip 0.7407 0.8849 0.5389 0.9426 = 0.5126 0.7407
0.0661 0.0429 0.1431 0.0541 0.1391 0.0661
SVMPoly 0.7389 0.9056 0.5056 0.9722 0.5462 0.7389
0.0903 0.0351 0.1830 0.0326 0.1637 »0.0903
Naive Bayes 0.7231 0.8151 0.5944 0.8519 0.3691 0.7r231
0.1057 0.0514 0.2130 0.0543 0.1624 0.1057
BLR 0.7181 0.8341 0.5556 0.8806 0.3995 0.7181
0.0851 0.0601 0.1714 0.0708 0.1755 0.0851
OneR 0.6222 0.8167 0.3500 0.8944  0.2450 0.6222
0.0846 0.0497 0.1770 0.0594 0.1705 0.0846
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Table 49: AMAN vs ALL classification using train-test. The units of the results are shown in
average over, 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
KNIN 0.9356 0.9198 0.9722 0.8989 0.8186 0.9356
0.0294 0.0372 0.0400 0.0536 0.0779 0.0294
SVMGaus™ _. 0.9256 0.9198 0.9389 0.9122 0.8136 0.9256
0.0437 0.0388 0.0756 0.0459 0.0878 0.0437
SVMPoly 0.9203 0.9111 0.9417 0.8989 0.7959 0.9203
09403 0.0385 0.0794 0.0550 0.0825 0.0403
SVMLap 0.9181% 0.9175 0.9194 0.9167 0.8069 0.9181
0.0404 0-0384 0.0742 0.0516 0.0857 0.0404
C4.5 0.9067 0.9238 0.8667 0.9467 0.8124 0.9067
0.0548 0:0377 0.1129 0.0416 0.0933 0.0548
MLP 0.8978 0.9111 0.8667 0.9289 0.7853 0.8978
0.0489 0:0390 0.0864 0.0399 0.0934 0.0489
SVMLin 0.8969 0:9016 0.8861 0.9078 0.7678 0.8969
0.0486 0.0409 0.0861 0.0461 0.0957 0.0486
SLP 0.8778 0.8944 0.8389 0.9167 0.7450 0.8778
0.0581 0.0454 0.1093 0.0501 0.1107 0.0581
Naive Bayes 0.8700 0.8833 0.8389 0:9011 0.7206 0.8700
0.0754 0.0584 0.1348 0.0571 0.1414 0.0754
RBF-DDA  0.8689 0.9103 0.7722 0.9656~, 0.7677 0.8689
0.0566 0.0323 0.1217 0.0283 0.0913 0.0566
LDA 0.8594 0.8635 0.8500 0.8689 0.6848 0.8594
0.0549 0.0508 0.1081 0.0711 01122 0.0549
JRip 0.8472 0.8889 0.7500 0.9444  0.7164°0.8472
0.0689 0.0478 0.1435 0.0549 0.1255+0.0689
BLR 0.8214 0.8437 0.7694 0.8733 0.6292 0.8214
0.0566 0.0533 0.1087 0.0740 0.1158 0.0566
OneR 0.6336 0.7135 0.4472 0.8200 0.2735 0.6336
0.0673 0.0581 0.1702 0.1027 0.1336 0.0673
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Table 4.10: " AMSAN vs ALL classification using train-test. The units of the results are shown in
average over 30sfuns.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
kNN 0.8953 0.8992 0.8544 0.9362 0.7953 0.8953
0.0447 0.0441 0.0687 0.0568 0.0894 0.0447
C4.5 08852 0.8865 0.8719 0.8986 0.7703 0.8852
00486 0.0450 0.1031 0.0515 0.0929 0.0486
SVMLap 0.8756 0.8817 0.8105 0.9406 0.7587 0.8756
0.0477 0.0462 0.0848 0.0599 0.0946 0.0477
RBF-DDA  0.8695 08746 0.8158 0.9232 0.7452 0.8695
0.0476 0:0488 0.0630 0.0763 0.0980 0.0476
SLP 0.8644 0.8667 0.8404 0.8884 0.7306 0.8644
0.0545 0.0551 0.0788 0.0829 0.1101 0.0545
SVMPoly 0.8504 0.8587 0.7632 0.9377 0.7104 0.8504
0.0486 0.0459 0.0985 0.0590 0.0955 0.0486
SVMGaus  0.8492 0.8563 0.7737 0.9246 0.7064 0.8492
0.0447 0.0431 00918 0.0675 0.0886 0.0447
MLP 0.8490 0.8524 0.8140 0:.8841 0.7008 0.8490
0.0429 0.0419 020801 0:0632 0.0853 0.0429
JRip 0.8449 0.8444 0.8491 0.8406~, 0.6874 0.8449
0.0473 0.0479 0.0994 0.0984 0.0953 0.0473
OneR 0.8219 0.8238 0.8018 0.8420 0:6441 0.8219
0.0446 0.0436 0.0766 0.0588 0.0883 0.0446
Naive Bayes 0.8166 0.8159 0.8246 0.8087 0.6306 0:8166
0.0532 0.0545 0.0653 0.0812 0.10774°0.0532
SVMLin 0.8101 0.8127 0.7825 0.8377 0.6213 0.8101
0.0426 0.0423 0.0860 0.0765 0.0851 0.0426
LDA 0.8072 0.8095 0.7825 0.8319 0.6150 0.8072
0.0422 0.0415 0.0838 0.0701 0.0845 0.0422
BLR 0.7971 0.8000 0.7667 0.8275 0.5955 0.7971
0.0588 0.0582 0.0914 0.0787 0.1179 0.0588
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Table 449 MF vs ALL classification using train-test. The units of the results are shown in average

over 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
Naive'‘Bayes 0.8939 0.9429 0.8333 0.9544 0.7052 0.8939
0.0914 0.0284 0.1895 0.0309 0.1401 0.0914
LDA 0.7818 0.9087 0.6250 0.9386 0.5025 0.7818
0.1252 0.0343 0.2687 0.0428 0.1964 0.1252
C4.5 0.7691 0.9127 0.5917 0.9465 0.5002 0.7691
(031481 0.0416 0.3043 0.0423 0.2489 0.1481
JRip 0.7678 0.9103 0.5917 0.9439 0.4662 0.7678
0.1701 0-0389 0.3625 0.0477 0.2788 0.1701
SVMGaus 0.7581 0.9198 0.5583 0.9579 0.5072 0.7581
0.1310 010351 0.2682 0.0343 0.2370 0.1310
BLR 0.7316 0.8921 0.5333 0.9298 0.4105 0.7316
0.1280 0:0389 0.2765 0.0490 0.1986 0.1280
SVMLin 0.7221 0:9087 0.4917 0.9526  0.4298 0.7221
0.1272 0.0273 0.2665 0.0296 0.2223 0.1272
MLP 0.7193 0.8968 0.5000 0.9386 0.4060 0.7193
0.1353 0.0444 0.2862 0.0519 0.2394 0.1353
SVMPoly 0.7086 0.9111 0.4583 0:9588 0.4189 0.7086
0.1323 0.0279 0.2792 00322 0.2085 0.1323
SLP 0.6875 0.9000 0.4250 0.9500-, 0.3624 0.6875
0.1404 0.0356 0.2947 0.0399 0.2463 0.1404
OneR 0.6853 0.8825 0.4417 0.9289  0.3315 0.6853
0.1396 0.0451 0.2913 0.0504 042296 0.1396
SVMLap 0.6664 0.9024 0.3750 0.9579 0.33564-0.6664
0.1326 0.0302 0.2766 0.0321 0.2427.40,1326
ENN 0.6539 0.9135 0.3333 0.9746 0.3531 0.6539
0.1117 0.0246 0.2306 0.0234 0.2136 0.1147
RBF-DDA  0.5042 0.8921 0.0250 0.9833 0.0089 0.5042
0.0343 0.0223 0.0763 0.0272 0.0882 0.0343
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Figure 4.6: Balanced accuracy in OVA classification using traingtést. A—SVMPoly, B—=C4.5,
C=SVMLap, D=SVMGaus, E=kNN, F=SVMLin, G=Naive Bayes, H=MLP, =RBF-DDA, J=SLP,
K=JRip, L=LDA, M=BLR, N=0neR.

balanced accuracy and in standard deviation across 30 runs. The opposite dase)was MF vs ALL.
AMAN vs ALL obtained the highest classification performance, AMSAN vs ALL was the second best.

Table 4.12 shows the average prediction results of each classifier across 30 runs in(AIDP, vs ALL
classification using 10-FCV. The standard deviation of each metric is also shown. Balangédyaccuracy
ranged 0.64 - 0.81, while accuracy ranged 0.79 - 0.92. Sensitivity showed a large variationgin the
range of 0.43 - 0.69. Values of specificity were much higher than those of sensitivity, in therange of
0.83 - 0.98. Kappa statistic showed also a large variation, in the range of 0.26 - 0.66. Four classifiers
obtained a balanced accuracy above 0.80: MLP, SVMLap, C4.5, and kNN.

Table 4.13 shows the average prediction results of each classifier across 30 runs in AMAN vs ALL
classification using 10-FCV. The standard deviation of each metric is also shown. Values obtained of
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Table 442; AIDP vs ALL classification using 10-FCV. The units of the results are shown in average

over 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
MLP 0.8183 0.9039 0.6900 0.9467 0.6349 0.8183
0.0204 0.0104 0.0403 0.0103 0.0390 0.0204
SVMLap _ 0.8158 0.9231 0.6550 0.9767 0.6612 0.8158
0.0214 0.0111 0.0402 0.0092 0.0474 0.0214
C4.5 0.8083 0.9039 0.6650 0.9517 0.6119 0.8083
(020226 0.0111 0.0458 0.0115 0.0451 0.0226
kENN 0.8012 0.9219 0.6200 0.9823 0.6442 0.8012
0.0135 00056 0.0282 0.0057 0.0316 0.0135
LDA 0.7928 0.8869 0.6517 0.9340 0.5841 0.7928
0.0138 005 0.0245 0.0130 0.0327 0.0138
SVMGaus 0.7807 0.9044 0.5950 0.9663 0.5858 0.7807
0.0222 0.0111 0.0442 0.0110 0.0491 0.0222
JRip 0.7800 0:8989 0.6017 0.9583 0.5753 0.7800
0.0403 0.0180 0.0815 0.0170 0.0833 0.0403
SLP 0.7753 0.8767 0.6233 0.9273 0.5365 0.7753
0.0323 0.0190 0.0640 0.0207 0.0681 0.0323
RBF-DDA 0.7715 0.8947 0.5867 0:9563 0.5578 0.7715
0.0254 0.0136 0.0472 0°0116 0.0595 0.0254
BLR 0.7588 0.8603 0.6067 0.9110., 0.5038 0.7588
0.0233 0.0150 0.0430 0.0152 0.0494 0.0233
SVMPoly 0.7578 0.9042 0.5383 0.9773  0.5485 0.7578
0.0228 0.0100 0.0449 0.0078 00413 0.0228
SVMLin 0.7552 0.8819 0.5650 0.9453 0.5188+0.7552
0.0204 0.0153 0.0326 0.0148 0.0520.0,0204
Naive Bayes 0.7432 0.8075 0.6467 0.8397 0.4144 0.7465
0.0100 0.0132 0.0127 0.0156 0.0327 0.0155
OneR 0.6497 0.7961 0.4300 0.8693 0.2663 0.6517
0.0486 0.0213 0.1005 0.0218 0.0835 0.0489
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4.4. APPROACH 1: SINGLE CLASSIFIERS

balanced accuracy and accuracy were similar, the former ranged 0.63 - 0.94, while the latter ranged
0.79 - 0.97. Values of sensitivity and specificity were very different, the former in the range of 0.46
- 0.97, the latterqdn the range of 0.83 - 0.98. Values obtained of Kappa statistic were very varied,
in the range of 0.25 - 0.84. Nine classifiers obtained a balanced accuracy above 0.90, four of them
were SVM with all different kernels. As a conclusion, this classification scenario obtained very high
results with most classifiers.

Table 4.14 shows the average prediction results of each classifier across 30 runs in AMSAN vs ALL
classification using 10-FCV ¢#The,standard deviation of each metric is also shown. Results obtained
of balanced accuracy and accutaey were very similar. Balanced accuracy ranged 0.79 - 0.89, while ac-
curacy ranged 0.80 - 0.90. Sensitivity ranged 0.74 - 0.88, specificity ranged 0.81 - 0.95. Kappa ranged
0.58 - 0.79. The best five classifiers were: kNN, C4.5, SVMLap, SLP and RBF-DDA. They obtained
a balanced accuracy above 0.86. Overally AMSAN vs ALL obtained high values with most classifiers.

Table 4.15 shows the average predictionrésults of each classifier across 30 runs in MF vs ALL clas-
sification using 10-FCV. The standard deviation of each metric is also shown. Results obtained in
balanced accuracy were a little lower than those obtained in accuracy. Balanced accuracy ranged
0.50 - 0.89, and accuracy ranged 0.90 - 0.93. Yery dissimilar results were obtained in sensitivity and
in specificity. Sensitivity ranged 0.37 - 0.84 (with an outlier of 0.03), while specificity ranged 0.94 -
0.98. Kappa ranged 0.28 - 0.67, with an_etitlier of 0.01. In short, MF vs ALL obtained showed the
lowest and more varied results.

Figure 4.7 shows the average balanced accurdcy across 30 runs for each classifier in OVA classifi-
cation using 10-FCV. The standard deviatiofi“is=also shown: Again, AMSAN vs ALL showed the
most stable performance both in balanced accuracy and in{standard deviation across 30 runs. The
opposite case was MF vs ALL, as in train-test. AMAN vs Aldl~obtained the highest classification
performance, AMSAN vs ALL was the second best.

Figure 4.8 shows the median ROC curve values of the top five classifiers in OVA classification using
train-test. That is, from each OVA classification average results table,the top five classifiers were
selected. Then, across 30 ROC curve values, the median value was seleeted of each of the top five
classifiers. The median value was selected to illustrate the fairest result across 30 runs. The highest
median ROC curve values using train-test were obtained in AMAN vs ALL classification, ranging
0.91 - 0.93. Second best was AMSAN vs ALL, ranging 0.85 - 0.89. The worst{median ROC curve
values were obtained in MF vs ALL, ranging 0.73 - 0.83, with one median ROC cuzyve above 0.94.
Overall, most of the top five classifiers in each OVA classification scenario using traintest, obtained
median ROC curve values on 0.80 or above.

4.4.3.3 OVO classification

In this section, we describe the results of OVO classification using train-test and 10-FCV scenarios.
That is, AIDP vs AMAN, AIDP vs AMSAN, AIDP vs MF, AMAN vs AMSAN, AMAN vs ME and
AMSAN vs MF. As mentioned before, we used the balanced accuracy as our base metric in OVO,
classification scenario.
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Table 443: AMAN vs ALL classification using 10-FCV. The units of the results are shown in average

over 30 runs.

Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC
Accuracy

SVMPoly 0.9498 0.9353 0.9789 0.9207 0.8491 0.9498

0.0135 0.0113 0.0223 0.0119 0.0281 0.0135

SVMLap _ 0.9459 0.9356 0.9667 0.9252  0.8465 0.9459

0.0173 0.0124 0.0303 0.0109 0.0349 0.0173

ENN 0.9441 0.9311 0.9700 0.9181 0.8395 0.9441

00067 0.0076 0.0102 0.0099 0.0164 0.0067

SVMGaus 0.9400 0.9272 0.9656 0.9144 0.8279 0.9400

0.0177 00114 0.0333 0.0093 0.0336 0.0177

MLP 0.9256 0.9361 0.9044 0.9467 0.8351 0.9256

0.0180 0019 0.0347 0.0115 0.0299 0.0180

SLP 0.9244 0.9322 0.9089 0.9400 0.8278 0.9244

0.0193 0:0141 0.0338 0.0129 0.0362 0.0193

C4.5 0.9224 0:9403 0.8867 0.9581 0.8397 0.9224

0.0199 0.0140 0.0357 0.0126 0.0381 0.0199

SVMLin 0.9046 0.9086 0.8967 0.9126 0.7737 0.9046

0.0244 0.0173 0.0458 0.0174 0.0461 0.0244

RBF-DDA 0.9033 0.9367 0.8367 0:9700 0.8206 0.9033

0.0194 0.0104 0.0385 0:0052 0.0324 0.0194

LDA 0.8902 0.8886 0.8933 0.8870-, 0.7302 0.8902

0.0125 0.0094 0.0254 0.0117 0.0230 0.0125

Naive Bayes 0.8794 0.8836 0.8711 0.8878  0.7135 0.8794

0.0182 0.0099 0.0389 0.0103 040330 0.0182

BLR 0.8556 0.8839 0.7989 0.9122 0.6985-0.8556

0.0197 0.0131 0.0396 0.0144 0.0344.0,0197

JRip 0.8454 0.8925 0.7511 0.9396 0.6965 0.8454

0.0312 0.0215 0.0605 0.0225 0.0610 0.0312

OneR 0.6313 0.7147 0.4644 0.7981 0.2504 0.6339

0.0404 0.0321 0.0732 0.0356 0.0782 0.0413
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Table 4.14:" AMSAN vs ALL classification using 10-FCV. The units of the results are shown in
average over 30sfuns.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
ENN/ 0.8951 0.9028 0.8493 0.9410 0.7969 0.8951
0.0124 0.0108 0.0227 0.0062 0.0227 0.0124
C4.5 08860 0.8861 0.8853 0.8867 0.7672 0.8860
00163 0.0144 0.0310 0.0130 0.0304 0.0163
SVMLap 0.8767 0.8900 0.7967 0.9567 0.7670 0.8767
0.0189 0.0180 0.0268 0.0157 0.0372 0.0189
SLP 0.8647 08703 0.8313 0.8981 0.7321 0.8647
0.0229 0:0226 0.0343 0.0290 0.0460 0.0229
RBF-DDA 0.8629 0.8711 0.8133 0.9124 0.7318 0.8629
0.0138 0.0136 0.0212 0.0183 0.0278 0.0138
MLP 0.8527 0.8594 0.8120 0.8933 0.7090 0.8527
0.0180 0.0173 0.0313 0.0233 0.0356 0.0180
SVMPoly 0.8454 0.861T 0.7513 0.9395 0.7049 0.8454
0.0183 0.0167 00305 0.0134 0.0351 0.0183
JRip 0.8420 0.8411 0.8473 0:8367 0.6782 0.8420
0.0212 0.0202 020431 0:0320 0.0407 0.0212
SVMGaus 0.8403 0.8528 0.7653 0.9152+, 0.6905 0.8403
0.0184 0.0174 0.0297 0.019% 0.0359 0.0184
Naive Bayes 0.8112 0.8125 0.8033 0.8190 0:6177 0.8112
0.0140 0.0127 0.0241 0.0115 0.0270 0.0140
BLR 0.7969 0.8028 0.7613 0.8324 0.5936 0.7969
0.0188 0.0178 0.0287 0.0180 0.03754°0.0188
LDA 0.7963 0.8039 0.7507 0.8419 0.5941 0.7963
0.0152 0.0141 0.0282 0.0176 0.0289 0.0152
OneR 0.7925 0.8006 0.7440 0.8410 0.5878 0.7925
0.0191 0.0175 0.0342 0.0179 0.0375 0.0191
SVMLin 0.7916 0.8000 0.7413 0.8419 0.5860 0.7922
0.0192 0.0182 0.0306 0.0195 0.0379 0.0195
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Table 44%; MF vs ALL classification using 10-FCV. The units of the results are shown in average

over 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
Naive'Bayes 0.8956 0.9392 0.8433 0.9479 0.6770 0.8956
0.0252 0.0059 0.0504 0.0047 0.0482 0.0252
JRip _ 0.8395 0.9392 0.7200 0.9591 0.6101 0.8395
0.0424 0.0130 0.0847 0.0123 0.0879 0.0424
LDA 0.8218 0.9233 0.7000 0.9436 0.5418 0.8218
02371 0.0091 0.0743 0.0077 0.0665 0.0371
SVMGaus 0.8168 0.9392 0.6700 0.9636 0.5665 0.8168
0.0397 0-0096 0.0794 0.0079 0.0792 0.0397
SVMLin 0.8150 0.9247 0.6833 0.9467 0.5287 0.8150
0.0438 0:0123 0.0874 0.0111 0.0854 0.0438
C4.5 0.7971 0.9169 0.6533 0.9409 0.4676 0.7971
0.0446 0:0151 0.0900 0.0154 0.0830 0.0446
SVMPoly 0.7711 0:9247 0.5867 0.9555 0.4740 0.7711
0.0420 0.0086 0.0860 0.0080 0.0746 0.0420
ENN 0.7609 0.9311 0.5567 0.9652 0.4691 0.7609
0.0426 0.0076 0.0858 0.0042 0.0748 0.0426
MLP 0.7579 0.9117 0.5733 0:9424  0.4197 0.7579
0.0695 0.0149 0.1413 00131 0.1227 0.0695
SVMLap 0.7556 0.9214 0.5567 0.9545., 0.4435 0.7556
0.0422 0.0087 0.0858 0.0075 0.0756 0.0422
SLP 0.7211 0.9108 0.4933 0.9488  0.3750 0.7211
0.0659 0.0179 0.1258 0.0111 041263 0.0659
BLR 0.7211 0.9108 0.4933 0.9488 0.3750-0.7211
0.0659 0.0179 0.1258 0.0111 0.1263.0,0659
OneR 0.6641 0.9092 0.3700 0.9582 0.2873 0.6641
0.0403 0.0110 0.0837 0.0121 0.0711 0.0403
RBF-DDA 0.5071 0.9047 0.0300 0.9842 0.0117 0.5071
0.0288 0.0089 0.0596 0.0098 0.0519 0.0288
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Figure 4.8: Median ROC curves of the top five classifiers in OVA classification, nsing train-test.
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Table 4.16\sh6ws the average prediction results of each classifier across 30 runs in AIDP vs AMAN
classificationfusing train-test. The standard deviation of each metric is also shown. Very similar
results were obtainied in both balanced accuracy and accuracy. The balanced accuracy ranged 0.83 -
0.96, and accuracy ranged 0.87 - 0.97. High values were obtained in both specificity and sensitivity,
the former ranging 089 - 1.00; the latter in the range of 0.72 - 0.95. Also, high values were obtained
in Kappa statistic, ranging 0.70 - 0.93. ROC curves ranged 0.83 - 0.96, a very high values. Nine
classifiers obtained a balanced accuracy above 0.90. Overall, AIDP vs AMAN classification using
train-test had a very high’performance with most classifiers.

Table 4.17 shows the average prédiction results of each classifier across 30 runs in AIDP vs AMSAN
classification using train-test. Fhe.standard deviation of each metric is also shown. Both balanced
accuracy and accuracy behaved similarly. The balanced accuracy ranged 0.78 - 0.90, and accuracy
ranged 0.83 - 0.93. Specificity values were a little higher than those of sensitivity, the former ranging
0.84 - 0.97; the latter in the range 0f#0.67 - 0.90. Kappa statistic behaved dissimilarly, ranging
0.56 - 0.81. ROC curves ranged 0.78 -*0¢90, a, high results. Only one classifier obtained a balanced
accuracy above 0.90, SVMLap. Overall, AIDP vs AMSAN classification using train-test obtained a
high performance with most classifiers.

Table 4.18 shows the average prediction results=of each classifier across 30 runs in AIDP vs MF
classification using train-test. The standard deviation of each metric is also shown. Similar results
were obtained in both balanced accuracy=and accuraey. The balanced accuracy ranged 0.61 - 0.86,
and accuracy ranged 0.62 - 0.85. Very wide/values were’obtained in specificity, ranging 0.54 - 0.98;
on the other hand, sensitivity ranged 0.67 =0.91. Kappa statistic showed a large variation, rang-
ing 0.21 - 0.69. ROC curves ranged 0.62 - 0.87. Only two clagsifiers obtained a balanced accuracy
above 0.85. An outstanding fact was that OneR obtained thedest performance in AIDP vs MF clas-
sification using train-test. Shortly, AIDP vs MF classification ising train-test had acceptable results.

Table 4.19 shows the average prediction results of each classifier across 30 runs in AMAN vs AM-
SAN classification using train-test. The standard deviation of eacl’metric is also shown. Both
balanced accuracy and accuracy behaved very similar. The balanced®aceuracy ranged 0.84 - 0.95,
and accuracy ranged 0.83 - 0.95. Specificity showed a little more variation than sensitivity, ranging
0.79 - 0.98; on the other hand, sensitivity ranged 0.89 - 0.96. Also Kappastatistic showed a little
variation, ranging 0.66 - 0.91. High ROC curves values were obtained, ranging 0.84 - 0.95. Ten
classifiers obtained a balanced accuracy above 0.90. Overall, most classifiers had‘a high performance
in AMAN vs AMSAN classification using train-test.

Table 4.20 shows the average prediction results of each classifier across 30 runs in ‘AMAN vs MF
classification using train-test. The standard deviation of each metric is also shown. «Again, both
balanced accuracy and accuracy behaved very similar. The balanced accuracy ranged 0.87% 0.95,
and accuracy ranged 0.89 - 0.97. Very high values were obtained in both specificity and sensitivity.
Specificity ranging 0.81 - 0.98; while sensitivity ranged 0.83 - 1.00. Kappa statistic ranged.0.73 -
0.93. High values were obtained in ROC curves, ranging 0.87 - 0.95. Ten classifiers obtained a.bal-
anced accuracy above 0.90, and all classifiers obtained a balanced accuracy above 0.85. In summary,
results in AMAN vs MF classification using train-test were remarkable with most classifiers.
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Table 446: AIDP vs AMAN classification using train-test. The units of the results are shown in
average over, 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
JRip 0.9639 0.9704 0.9444 0.9833 0.9309 0.9639
0.0576 0.0406 0.1185 0.0339 0.0993 0.0576
OneR 0.9583 0.9593 0.9556 0.9611 0.9095 0.9583
0.0438 0.0384 0.0868 0.0524 0.0855 0.0438
C4.5 0.9458 0.9481 0.9389 0.9528 0.8841 0.9458
0:9723 0.0624 0.1177 0.0596 0.1427 0.0723
SVMLin 0.9347 0.9500 0.8889 0.9806 0.8841 0.9347
0.0634 0-0504 0.1165 0.0466 0.1176 0.0634
SLP 0.9333 0.9463 0.8944 0.9722 0.8767 0.9333
0.0644 0:0515 0.1275 0.0593 0.1168 0.0644
MLP 0.9333 0.9500 0.8833 0.9833 0.8825 0.9333
0.0714 0:0533 0.1394 0.0459 0.1264 0.0714
Naive Bayes 0.9278 0:9167 0.9611 0.8944  0.8227 0.9278
0.0526 0.0551 0.0826 0.0774 0.1150 0.0526
SVMLap 0.9125 0.9370 0.8389 0.9861 0.8502 0.9125
0.0704 0.0500 0.1417 0.0384 0.1223 0.0704
SVMGaus 0.9014 0.9278 0.8222 0:9806 0.8289 0.9014
0.0746 0.0568 0.1379 0.0420 0.1370 0.0746
RBF-DDA  0.8958 0.9074 0.8611 0.9306~, 0.7943 0.8958
0.0724 0.0705 0.1165 0.0905 0.1481 0.0724
SVMPoly 0.8722 0.9148 0.7444 1.0000 0.7870 0.8722
0.0947 0.0631 0.1894 0.0000 01681 0.0947
ENN 0.8639 0.9093 0.7278 1.0000 0.7760-0.8639
0.0729 0.0486 0.1458 0.0000 0.1259+0.0729
BLR 0.8542 0.8778 0.7833 0.9250 0.7203 0.8542
0.0874 0.0764 0.1646 0.0963 0.1709 0.0874
LDA 0.8389 0.8759 0.7278 0.9500 0.7071 0.8389
0.0672 0.0540 0.1417 0.0713 0.1287 0.0672
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4.4. APPROACH 1: SINGLE CLASSIFIERS

Table 4.17:"AIDP vs AMSAN classification using train-test. The units of the results are shown in
average over 30sfuns.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
SVMLap 0.9061 0.9267 0.8667 0.9456 0.8065 0.9061
0.0666 0.0576 0.1191 0.0684 0.1433 0.0666
SVMPoly 078990 0.9360 0.8278 0.9702 0.8199 0.8990
00763 0.0542 0.1348 0.0492 0.1477 0.0763
MLP 0.8949 0.9067 0.8722 0.9175 0.7619 0.8949
0.0647 0.0616 0.1043 0.0727 0.1457 0.0647
SVMGaus  0.8931 079213 0.8389 0.9474 0.7869 0.8931
0.0728 00551 0.1348 0.0602 0.1442 0.0728
SVMLin 0.8928 0.9093 0.8611 0.9246 0.7635 0.8928
0.0874 0.0700 0.1366 0.0647 0.1828 0.0874
kNN 0.8899 0.9280 0.8167 0.9632 0.7957 0.8899
0.0854 0.0560 0.2512 0.0411 0.1648 0.0854
SLP 0.8841 0.8960 0.8611 0.9070 0.7336 0.8841
0.0669 0.0581 0°1080 0.0629 0.1424 0.0669
Naive Bayes 0.8728 0.8587 0.9000 0:.8456 0.6658 0.8728
0.0642 0.0675 0M018 00848 0.1401 0.0642
C4.5 0.8692 0.8907 0.8278 0.9105+, 0.7136 0.8692
0.0705 0.0546 0.1325 0.0625 0.1383 0.0705
JRip 0.8588 0.8893 0.8000 0.9175 07059 0.8588
0.0895 0.0694 0.1541 0.0700 01764 0.0895
BLR 0.8423 0.8613 0.8056 0.8789  0.6450 0:8423
0.0915 0.0703 0.1643 0.0746 0.1753,°0.0915
RBF-DDA  0.8339 0.8747 0.7556 0.9123 0.6572 0.8339
0.0910 0.0563 0.1894 0.0638 0.1599 0.0910
OneR 0.8316 0.8653 0.7667 0.8965 0.6425 0.8316
0.0839 0.0599 0.1614 0.0655 0.1587 0.0839
LDA 0.7836 0.8387 0.6778 0.8895 0.5623 0.7836
0.0882 0.0652 0.1691 0.0736 0.1753 0.0882
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CHAPTER 4. PREDICTIVE MODEL

Table 448: AIDP vs MF classification using train-test. The units of the results are shown in average

over 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
OneR 0.8667 0.8433 0.7500 0.9833 0.6983 0.8778
0.1191 0.1278 0.1681 0.0913 0.2364 0.0750
JRip 0.8528 0.8333 0.7556 0.9500 0.6715 0.8750
0.1483 0.1446 0.1499 0.1903 0.2970 0.0726
kENN 0.8417 0.8567 0.9167 0.7667 0.6935 0.8417
020946 0.0844 0.0833 0.1700 0.1864 0.0946
MLP 0.8347 0.8267 0.7944 0.8750 0.6485 0.8347
0.1216 01143 0.1362 0.2050 0.2404 0.1216
Naive Bayes 0.8319 0.8367 0.8556 0.8083 0.6585 0.8319
0.1089 0:0983 0.1117 0.2009 0.2128 0.1089
C4.5 0.8236 0.8133 0.7722 0.8750 0.6252 0.8236
0.0634 0:0618 0.1253 0.1548 0.1233 0.0634
SVMGaus 0.8222 0:8200 0.8111 0.8333 0.6290 0.8222
0.1147 0.1031 0.1366 0.2306 0.2218 0.1147
SVMPoly 0.8069 0.8067 0.8056 0.8083 0.6020 0.8069
0.1134 0.1048 0.1390 0.2146 0.2225 0.1134
SVMLap 0.8028 0.8033 0.8056 0:8000 0.5942 0.8028
0.1132 0.1033 0.1390 0.2217 0.2202 0.1132
SLP 0.7708 0.7700 0.7667 0.7750~, 0.5269 0.7708
0.1491 0.1368 0.1491 0.2572 0.2894 0.1491
SVMLin 0.7542 0.7567 0.7667 0.7417  0.4948 0.7708
0.1557 0.1407 0.1587 0.2849 03119 0.1244
RBF-DDA  0.7042 0.7367 0.8667 0.5417  0.4198+0.7042
0.1359 0.1189 0.1269 0.2633 0.2710.-0,1359
LDA 0.6250 0.6367 0.6833 0.5667 0.2426 0.6472
0.1649 0.1520 0.1875 0.3004 0.3234 0.1446
BLR 0.6111 0.6233 0.6722 0.5500 0.2172 0.6278
0.1403 0.1305 0.1607 0.2491 0.2786 0.1247
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4.4. APPROACH 1: SINGLE CLASSIFIERS

Table 4.19: " AMAN vs AMSAN classification using train-test. The units of the results are shown in
average over 30sfuns.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
kNN 0.9588 0.9570 0.9667 0.9509 0.9101 0.9588
0.0316 0.0293 0.0553 0.0358 0.0616 0.0316
SVMLap 099406 0.9366 0.9583 0.9228 0.8685 0.9406
0:0347 0.0333 0.0647 0.0493 0.0690 0.0347
MLP 0.9344 0.9333 0.9389 0.9298 0.8608 0.9344
0.0458 0.0431 0.0654 0.0422 0.0903 0.0458
RBF-DDA  0.9265 079387 0.8722 0.9807 0.8674 0.9265
0.0425 00321 0.0972 0.0324 0.0712 0.0425
SVMGaus 0.9236 0.9183 0.9472 0.9000 0.8316 0.9236
0.0324 0.0336 0.0557 0.0542 0.0682 0.0324
SLP 0.9202 0.9204 0.9194 0.9211 0.8342 0.9202
0.0404 0.0404 0.0709 0.0614 0.0836 0.0404
SVMPoly 0.9189 0.9118 0.9500 0.8877 0.8191 0.9189
0.0510 0.0508 (0:0864 0.0741 0.1051 0.0510
C4.5 0.9138 0.9151 0.9083 0:.9193 0.8233 0.9138
0.0687 0.0684 020994 00878 0.1395 0.0687
SVMLin 0.9125 0.9097 0.9250 0.9000~, 0.8134 0.9125
0.0445 0.0459 0.0692 0.0684 0.0930 0.0445
Naive Bayes 0.9091 0.9043 0.9306 0.8877  0:8029 0.9091
0.0434 0.0437 0.0683 0.0619 0.0887 0.0434
LDA 0.8838 0.8839 0.8833 0.8842 0.7577 0.8838
0.0552 0.0491 0.1150 0.0697 0.1051+70.0552
JRip 0.8827 0.8882 0.8583 0.9070 0.7660 0.8827
0.0574 0.0597 0.0906 0.0914 0.1209 0.0574
BLR 0.8559 0.8591 0.8417 0.8702 0.7064 0.8559
0.0780 0.0760 0.1011 0.0803 0.1578 0.0780
OneR 0.8437 0.8323 0.8944 0.7930 0.6615 0.8437
0.0485 0.0504 0.1048 0.0957 0.0988 0.0485
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CHAPTER 4. PREDICTIVE MODEL

Table 4.20: AMAN vs MF classification using train-test. The units of the results are shown in
average over, 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
SVMGaus  0.9542 0.9771 1.0000 0.9083 0.9321 0.9542
0.0695 0.0348 0.0000 0.1390 0.1049 0.0695
SVMLap 0.9542 0.9771 1.0000 0.9083 0.9321 0.9542
0.0695 0.0348 0.0000 0.1390 0.1049 0.0695
RBF-DDA  0.9528 0.9542 0.9556 0.9500 0.8867 0.9528
020522 0.0517 0.0717 0.1017 0.1221 0.0522
Naive Bayes 0.9486 0.9479 0.9472 0.9500 0.8709 0.9486
0.0634 0-0584 0.0663 0.1000 0.1416 0.0634
SVMLin 0.9431 0.9688 0.9944 0.8917 0.9073 0.9431
0.0823 0:0419 0.0208 0.1669 0.1292 0.0823
ENN 0.9417 0.9708 1.0000 0.8833 0.9152 0.9417
0.0624 0:0312 0.0000 0.1247 0.0907 0.0624
SVMPoly 0.9375 0:9688 1.0000 0.8750 0.9067 0.9375
0.0787 0.0394 0.0000 0.1574 0.1207 0.0787
MLP 0.9125 0.9370 0.8389 0.9861 0.8502 0.9125
0.0704 0.0500 0.1417 0.0384 0.1223 0.0704
SLP 0.9056 0.9250 0.9444 0:8667 0.8040 0.9056
0.0709 0.0503 0.0799 0.1704 0.1260 0.0709
LDA 0.9056 0.9125 0.9194 0.8917, 0.7821 0.9056
0.0966 0.0797 0.0966 0.1820 0.1925 0.0966
C4.5 0.8889 0.9125 0.9361 0.8417 0.7615 0.8889
0.1115 0.0696 0.0735 0.2281 02121 0.1115
BLR 0.8833 0.8917 0.9000 0.8667 0.7322-0.8833
0.1080 0.0898 0.1036 0.1940 0.2118+0.1080
oneR 0.8806 0.9042 0.9278 0.8333 0.7357 0.8806
0.1146 0.0608 0.0647 0.2486 0.2065 0.1146
JRip 0.8792 0.9104 0.9417 0.8167 0.7581 0.8792
0.1068 0.0746 0.0958 0.2268 0.1980 0.1068
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4.4. APPROACH 1: SINGLE CLASSIFIERS

Table 4.21\shows the average prediction results of each classifier across 30 runs in AMSAN vs MF
classificationsusing train-test. The standard deviation of each metric is also shown. Balanced accu-
racy was lower'than accuracy. The balanced accuracy ranged 0.67 - 0.89, and accuracy ranged 0.86
- 0.92. High values were obtained in sensitivity, ranging 0.88 - 0.96. In contrast, specificity showed
a large variation, ranging 0.39 - 0.90. This also was the case in Kappa statistic, ranging 0.39 - 0.73.
ROC curves ranged'0.672- 0.89. Only three classifiers obtained a balanced accuracy above 0.85. In
short, most classifiers in AMSAN vs MF classification using train-test had a poor performance.

Figure 4.9 shows the mediant ROC curve values of the top five classifiers in OVO classification using
train-test. That is, from each OVO classification average results table, the top five classifiers were
selected. Then, across 30 ROCGs€urye values, the median value was selected of each of the top five
classifiers. The median value was selécted to illustrate the fairest result across 30 runs. The highest
median ROC curve values using train-test were obtained in AMAN vs MF classification, ranging
0.95 - 1.00. Second best was AIDP vs AMAN, ranging 0.91 - 1.00. The worst median ROC curve
values were obtained in AIDP vs MF ‘panging 0.83 - 0.87. Overall, with the top five classifiers in
each OVO classification scenario using train-test, median ROC curve values on or above 0.80 were
obtained.

Figure 4.10 shows the average balanced accuragy=across 30 runs for each classifier in OVO classifi-
cation using train-test. The standard deviation is also shown. AMAN vs MF classification showed
the highest performance in balanced acctiragy across\30 runs. The opposite case was AIDP vs MF.
Regarding the variations in performance acr6ss 30 runsy”AMSAN vs MF obtained the highest vari-
ation in balanced accuracy; on the other hand, AIDP ve#AMSAN was the most stable.

Table 4.22 shows the average prediction results ofs€ach classifier across 30 runs in AIDP vs AMAN
classification using 10-FCV. The standard deviatiom ef*each mietric is also shown. Balanced accuracy
behaved very similar to accuracy. The balanced accuracy ranged 0387 - 0.95, and accuracy ranged
0.89 - 0.96. Sensitivity showed some variation, ranging®0.75 - 0.97.Alsq did specificity, which ranged
0.87 - 1.00. Kappa statistic ranged 0.76 - 0.91. High results were obgained in ROC curves, ranging
0.87 - 0.95. Twelve classifiers obtained a balanced accuracy > 0.90. In"summary, AIDP vs AMAN
classification using 10-FCV had a high performance with most classifiers,

Table 4.23 shows the average prediction results of each classifier across 30 runs in AIDP vs AMSAN
classification using 10-FCV. The standard deviation of each metric is also shown. Both balanced
accuracy and accuracy behaved similarly. The balanced accuracy ranged 0.82 - 0.923and accuracy
ranged 0.84 - 0.94. Sensitivity values were a little lower than specificity values. Sénsitivity ranged
0.73 - 0.88. On the other hand, specificity ranged 0.85 - 0.98. Kappa statistic ranged 0.63 - 0.86.
High values were obtained in ROC curves, ranging 0.82 - 0.92. Four classifiers obtained’a‘balanced
accuracy above 0.90. Overall, most classifiers had a high performance in AIDP vs AMSAN-classifi-
cation using 10-FCV.

Table 4.24 shows the average prediction results of each classifier across 30 runs in AIDP vs ME
classification using 10-FCV. The standard deviation of each metric is also shown. Balanced accu-
racy values were very similar to those of accuracy. The balanced accuracy ranged 0.65 - 0.87, and
accuracy ranged 0.65 - 0.85. Values obtained in sensitivity were a little lower than those obtained in

86

+ iThenticate Pagina 117 de 168 - Engrega de integridad Identificador de la entrega trn:oid:::21:202706933



+ iThenticate Pégina 118 de 168 - Engrega de integridad Identificador de la entrega trn:oid:::21:202706933

CHAPTER 4. PREDICTIVE MODEL

Table 4.21: AMSAN vs MF classification using train-test. The units of the results are shown in
average over, 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
Naive ‘Bayes 0.8980 0.8913 0.8877 0.9083 0.6846 0.8980
0.0752 0.0547 0.0588 0.1367 0.1499 0.0752
LDA 0.8656 0.9246 0.9561 0.7750 0.7372 0.8656
0.0954 0.0522 0.0619 0.2008 0.1655 0.0954
MLP 0.8588 0.8971 0.9175 0.8000 0.6636 0.8588
021053 0.0529 0.0530 0.2117 0.1794 0.1053
SLP 0.8493 0.8870 0.9070 0.7917 0.6369 0.8493
0.1084 0:0555 0.0644 0.2282 0.1792 0.1084
SVMGaus  0.8480 0.9174 0.9544 0.7417 0.6996 0.8480
0.0921 0:0349 0.0301 0.1912 0.1420 0.0921
SVMLap 0.8316 0.9174 0.9632 0.7000 0.6880 0.8316
0.1016 0:0385 0.0343 0.2117 0.1585 0.1016
JRip 0.8248 0.8899 0.9246 0.7250 0.6232 0.8248
0.0982 0.0438 0.0597 0.2212 0.1528 0.0982
ENN 0.8099 0.9087 0.9614 0.6583 0.6476 0.8099
0.1023 0.0343 0.0331 0.2187 0.1580 0.1023
BLR 0.8042 0.8667 0.9000 0:7083 0.5575 0.8042
0.1291 0.0655 0.0624 0.2550 0.2240 0.1291
C4.5 0.8026 0.8696 0.9053 0.7000~, 0.5615 0.8026
0.1259 0.0615 0.0671 0.2614 0.2120 0.1259
SVMLin 0.8013 0.9000 0.9526 0.6500 0.6201 0.8013
0.1219 0.0516 0.0437 0.2466 02069 0.1219
SVMPoly 0.7974 0.9043 0.9614 0.6333 0.625570.7974
0.1112 0.0386 0.0337 0.2343 0.176 01112
OneR 0.7811 0.8667 0.9123 0.6500 0.5363 0.7811
0.1662 0.0877 0.0845 0.3256 0.2982 0.1662
RBF-DDA  0.6757 0.8609 0.9596 0.3917 0.3903 0.6757
0.1310 0.0490 0.0357 0.2682 0.2640 0.1310
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Figure 4.9: ROC curves of the best five
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Figure 4.10: Balanced accuracy in OVO classification using train-test.
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4.4. APPROACH 1: SINGLE CLASSIFIERS

Table 4.22:7 AIDP vs AMAN classification using 10-FCV. The units of the results are shown in
average over 30sfuns.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
JRip 0.9578 0.9613 0.9400 0.9756 0.9161 0.9578
0.0150 0.0148 0.0203 0.0174 0.0322 0.0150
SVMLin 099536 0.9593 0.9250 0.9822 0.9112 0.9536
00187 0.0186 0.0254 0.0227 0.0383 0.0187
MLP 0.9536 0.9627 0.9083 0.9989 0.9139 0.9536
0.0175 0.0146 0.0324 0.0061 0.0342 0.0175
C4.5 0.9508 09500 0.9550 0.9467 0.8985 0.9508
0.0134 00146 0.0153 0.0225 0.0282 0.0134
OneR 0.9464 0.9467 0.9450 0.9478 0.8896 0.9464
0.0133 0.0142 0.0153 0.0209 0.0298 0.0133
SLP 0.9447 0.9527 0.9050 0.9844 0.8936 0.9447
0.0218 0.0193 0.0402 0.0190 0.0437 0.0218
SVMGaus  0.9272 0.9407 0.8600 0.9944 0.8642 0.9272
0.0153 0.0144 0°0242 0.0154 0.0323 0.0153
SVMLap 0.9239 0.9380 0.8533 0.9944 0.8575 0.9239
0.0115 0.0110 020483 00126 0.0250 0.0115
Naive Bayes 0.9228 0.9133 0.9700 0.8756~, 0.8319 0.9228
0.0204 0.0212 0.0249 0.0289 0.0418 0.0204
SVMPoly 0.9108 0.9287 0.8217 1.0000 08345 0.9108
0.0126 0.0101 0.0252 0.0000 0.0238 0.0126
RBF-DDA  0.9050 0.9127 0.8667 0.9433 0.8121 0:9050
0.0233 0.0232 0.0330 0.0292 0.0487470.0233
LDA 0.9000 0.9176 0.8120 0.9880 0.8127 0.9007
0.0201 0.0176 0.0389 0.0190 0.0403 0.0192
BLR 0.8894 0.8987 0.8433 0.9356 0.7836 0.8922
0.0342 0.0340 0.0504 0.0446 0.0694 0.0318
kNN 0.8750 0.9000 0.7500 1.0000 0.7667 0.8750
0.0000 0.0000 0.0000 0.0000 0.0050 0.0000
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Table 4,23: AIDP vs AMSAN classification using 10-FCV. The units of the results are shown in
average over, 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
SVMPoly 0.9217 0.9495 0.8567 0.9867 0.8622 0.9217
0.0172 0.0129 0.0314 0.0121 0.0321 0.0172
SVMGaus 0.9217 0.9381 0.8833 0.9600 0.8433 0.9217
0.0173 0.0165 0.0273 0.0197 0.0387 0.0173
SVMLap 0.9057 0.9281 0.8533 0.9580 0.8177 0.9057
09110 0.0133 0.0127 0.0177 0.0266 0.0110
ENN 0.9007 0.9224 0.8500 0.9513 0.8035 0.9007
0.0057 0-0081 0.0000 0.0114 0.0190 0.0057
OneR 0.8873 0.9105 0.8333 0.9413 0.7756 0.8873
0.0182 0:0164 0.0330 0.0181 0.0365 0.0182
C4.5 0.8792 0.9038 0.8217 0.9367 0.7600 0.8792
0.0235 00212 0.0409 0.0258 0.0472 0.0235
MLP 0.8695 0.8829 0.8383 0.9007 0.7247 0.8698
0.0256 0.0269 0.0313 0.0317 0.0588 0.0257
Naive Bayes 0.8680 0.8614 0.8833 0.8527 0.6958 0.8687
0.0182 0.0195 0.0240 0.0243 0.0404 0.0185
SVM Linear 0.8677 0.8810 0.8367 0:8987 0.7189 0.8690
0.0237 0.0207 0.0414 0.0240 0.0466 0.0227
SLP 0.8630 0.8786 0.8267 0.8993~, 0.7119 0.8630
0.0313 0.0267 0.0487 0.0260 0.0637 0.0313
JRip 0.8372 0.8824 0.7317 0.9427 0.6851 0.8372
0.0365 0.0275 0.0636 0.0233 00759 0.0365
BLR 0.8303 0.8476 0.7900 0.8707 0.6427-0.8320
0.0308 0.0271 0.0481 0.0282 0.0623-0.0307
LDA 0.8232 0.8510 0.7583 0.8880 0.6367 0.8238
0.0183 0.0166 0.0373 0.0238 0.0422 0.0185
RBF-DDA  0.8232 0.8481 0.7650 0.8813 0.6306 0.8232
0.0279 0.0207 0.0494 0.0174 0.0579 0.0279
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specificity\Sengitivity ranged 0.67 - 0.86. On the other hand, specificity ranged 0.55 - 1.00. Values
obtained in Kappa statistic were low, ranging 0.28 - 0.71. In contrast, high values were obtained in
ROC curves, ranging 0.75 - 0.87. Five classifiers obtained a balanced accuracy above 0.85. In short,
in AIDP vs MF classification using 10-FCV were obtained high results in half the metrics and low
values in the remainifig metrics.

Table 4.25 shows the average prediction results of each classifier across 30 runs in AMAN vs AMSAN
classification using 10-FE€V.#The standard deviation of each metric is also shown. Both balanced
accuracy and accuracy behaved similarly. The balanced accuracy ranged 0.81 - 0.95, and accuracy
ranged 0.79 - 0.95. Sensitivity walues were very similar to those of specificity. Sensitivity ranged
0.86 - 0.96. Specificity ranged-0275 - 0.98, with most cases above 0.87. High values were obtained
in Kappa statistic, ranging 0.77 0.89, with one case under 0.60. Also, high values were obtained
in ROC curves obtained, ranging 0.81 - 0.95. Twelve classifiers obtained a balanced accuracy above
0.90. Overall, most classifiers highly*performed in AMAN vs AMSAN classification using 10-FCV.

Table 4.26 shows the average prediction(results of each classifier across 30 runs in AMAN vs MF
classification using 10-FCV. The standard déviation of each metric is also shown. Values obtained
in balanced accuracy were very similar to those\obtained in accuracy. The balanced accuracy ranged
0.88 - 0.96, and accuracy ranged 0.88 - 0.98. "Sensitivity values were a little higher than those of
specificity. Sensitivity ranged 0.88 - 1.00.8Specificity ranged 0.84 - 0.92. High values were obtained
in Kappa statistic, ranging 0.71 - 0.92./ High values”were obtained in ROC curves also, ranging
0.88 - 0.96. Twelve classifiers obtained a balanced accuraey above 0.90. In summary, most classifiers
obtained values on or above 0.80 in most of the/metrics'in AMAN vs MF classification using 10-FCV.

Table 4.27 shows the average prediction resultsof each clagsifier across 30 runs in AMSAN vs MF
classification using 10-FCV. The standard deviation of each metTrig is also shown. Balanced accuracy
values were a little lower than those of accuracy. The balanced”accuracy ranged 0.67 - 0.90, while
accuracy ranged 0.85 - 0.94. Sensitivity values were_higher thanthose of specificity. Sensitivity
ranged 0.89 - 0.97. Specificity ranged 0.40 - 0.92. Kappa statistic showed a large variation, ranging
0.31 - 0.78. ROC curves ranged 0.67 - 0.90. Five classifiers obtained & balanced accuracy above 0.85.
In summary, AMSAN vs MF classification using 10-FCV obtained high+values with five classifiers
only in four metrics.

Figure 4.11 shows the average balanced accuracy across 30 runs for each clagsifier in OVO clas-
sification using 10-FCV. The standard deviation is also shown. As in train*test, AMAN vs MF
classification showed the highest performance in balanced accuracy across 30 runss# The opposite
case was AIDP vs MF, again as in train-test. Regarding the variations in performance across 30
runs, AIDP vs MF obtained the highest variation in balanced accuracy; on the other-hands all clas-
sifications with AMAN present were the most stable.

4.4.3.4 Statistical analysis

We investigated if there was any statistically significant difference in average accuracy among the fop
five classifiers in average accuracy (balanced accuracy in OVO and OVA scenarios) across 30 runss
using train-test and 10-FCV in all classification scenarios. For this analysis, we used the Friedman
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Table 4,:24; AIDP vs MF classification using 10-FCV. The units of the results are shown in average

over 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
OneR 0.8758 0.8344 0.7517 1.0000 0.7113 0.8758
0.0046 0.0061 0.0091 0.0000 0.0136 0.0046
SVMPoly 0.8675 0.8467 0.8050 0.9300 0.7020 0.8775
0.0247 0.0188 0.0153 0.0466 0.0480 0.0257
SVMLap 0.8625 0.8422 0.8017 0.9233 0.6920 0.8725
020284 0.0194 0.0091 0.0568 0.0547 0.0310
JRip 0.8600 0.8244 0.7533 0.9667 0.6817 0.8683
0.0251 0-:0194 0.0183 0.0479 0.0491 0.0173
SVMGaus 0.8525 0.8322 0.7917 0.9133 0.6727 0.8625
0.0337 0502565 0.0190 0.0629 0.0661 0.0340
MLP 0.8475 0.8300 0.7950 0.9000 0.6640 0.8608
0.0412 00282 0.0153 0.0830 0.0822 0.0375
Naive Bayes 0.8458 0:8500 0.8583 0.8333 0.6683 0.8642
0.0455 0.0325 0.0190 0.0884 0.0916 0.0463
ENN 0.8275 0.8411 0.8683 0.7867 0.6357 0.8525
0.0343 0.0243 0.0245 0.0730 0.0670 0.0356
SLP 0.8208 0.8033 0.7683 0:8733 0.6080 0.8408
0.0492 0.0385 0.0382 00944 0.0982 0.0407
C4.5 0.7742 0.7667 0.7517 0.7967., 0.5140 0.8042
0.0418 0.0277 0.0091 0.0850 0.0812 0.0416
LDA 0.7417 0.7400 0.7367 0.7467  0.4557 0.8067
0.0614 0.0441 0.0292 0.1196 0173 0.0517
RBF-DDA  0.7017 0.7522 0.8533 0.5500 0.3863-0.7533
0.0633 0.0469 0.0260 0.1167 0.1238.40.0512
SVMLin 0.6600 0.6911 0.7533 0.5667 0.2973 0.7633
0.0586 0.0471 0.0346 0.0994 0.1143 0.0370
BLR 0.6508 0.6578 0.6717 0.6300 0.2800 0.7842
0.0589 0.0479 0.0449 0.1055 0.1170 0.0527
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Table 4.25:" AMAN vs AMSAN classification using 10-FCV. The units of the results are shown in
average over 30sfuns.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
kNN 0.9504 0.9458 0.9689 0.9320 0.8892 0.9504
0.0079 0.0083 0.0122 0.0124 0.0163 0.0079
SVMLap 019472 0.9421 0.9678 0.9267 0.8816 0.9472
00164 0.0169 0.0239 0.0237 0.0333 0.0164
RBF-DDA  0.9461 0.9546 0.9122 0.9800 0.8992 0.9461
0.0197 0.0156 0.0396 0.0129 0.0354 0.0197
C4.5 0.9359 0:9354 0.9378 0.9340 0.8645 0.9359
0.0171 00143 0.0324 0.0140 0.0320 0.0171
SVMPoly 0.9284 0.9200 0.9622 0.8947 0.8399 0.9284
0.0172 0.0182 0.0259 0.0273 0.0346 0.0172
Naive Bayes 0.9261 0.9171 0.9622 0.8900 0.8334 0.9261
0.0176 0.0166 0.0273 0.0188 0.0350 0.0176
MLP 0.9259 0.9254 0.9278 0.9240 0.8439 0.9259
0.0155 0.0152 0°0264 0.0213 0.0322 0.0155
SLP 0.9233 0.9217 0.9300 0:.9167 0.8377 0.9233
0.0243 0.0220 020395 0:0223 0.0473 0.0243
SVMGaus  0.9201 0.9113 0.9556 0.8847~, 0.8218 0.9201
0.0186 0.0190 0.0267 0.0256 0.0369 0.0186
SVMLin 0.9184 0.9200 0.9122 0.9247  0:8320 0.9184
0.0187 0.0185 0.0321 0.0266 0.0379 0.0187
JRip 0.9041 0.9138 0.8656 0.9427 0.8118 0:9041
0.0275 0.0242 0.0521 0.0291 0.0544°0.0275
LDA 0.9020 0.8942 0.9333 0.8707 0.7848 0.9020
0.0195 0.0182 0.0328 0.0221 0.0389 0.0195
BLR 0.8903 0.8896 0.8933 0.8873 0.7703 0.8903
0.0242 0.0235 0.0386 0.0299 0.0494 0.0242
OneR 0.8100 0.7950 0.8700 0.7500 0.5893 0.8109
0.0312 0.0272 0.0609 0.0335 0.0575 0.0297
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Table 4.226; AMAN vs MF classification using 10-FCV. The units of the results are shown in average
over 30 runs.

+ iThenticate

Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC
Accuracy

KNIN 0.9600 0.9800 1.0000 0.9200 0.9200 0.9600

0.0203 0.0102 0.0000 0.0407 0.0407 0.0203

SVMGaus” _ 0.9600 0.9800 1.0000 0.9200 0.9200 0.9600

0.0203 0.0102 0.0000 0.0407 0.0407 0.0203

SVMLap 0.9600 0.9800 1.0000 0.9200 0.9200 0.9600

020203 0.0102 0.0000 0.0407 0.0407 0.0203

SVMPoly 0.9567 0.9783 1.0000 0.9133 0.9133 0.9567

0.0173 0-0086 0.0000 0.0346 0.0346 0.0173

SVMLin 0.9517 0.9692 0.9867 0.9167 0.8979 0.9517

0.0225 010182 0.0188 0.0379 0.0491 0.0225

RBF-DDA  0.9506 0.9658 0.9811 0.9200 0.8923 0.9506

0.0203 0:0154 0.0189 0.0407 0.0424 0.0203

Naive Bayes 0.9333 0:9400 0.9467 0.9200 0.8424 0.9333

0.0191 0.0169 0.0241 0.0407 0.0404 0.0191

BLR 0.9228 0.9292 0.9356 0.9100 0.8188 0.9228

0.0351 0.0246 0.0247 0.0662 0.0742 0.0351

JRip 0.9167 0.9233 0.9300 0:9033 0.8048 0.9167

0.0356 0.0278 0.0354 00718 0.0750 0.0356

LDA 0.9106 0.9392 0.9678 0.8533-, 0.8080 0.9106

0.0275 0.0193 0.0185 0.0507 0.0573 0.0275

SLP 0.9089 0.9417 0.9744 0.8433  0.8099 0.9111

0.0309 0.0249 0.0286 0.0568 040638 0.0301

MLP 0.9072 0.9375 0.9678 0.8467 0.8020+0.9094

0.0309 0.0269 0.0297 0.0507 0.0682.+0,0302

OneR 0.8833 0.8850 0.8867 0.8800 0.7200 0.8833

0.0280 0.0193 0.0207 0.0551 0.0605 0.0280

C4.5 0.8800 0.8883 0.8967 0.8633 0.7141 0.8800

0.0271 0.0215 0.0320 0.0615 0.0574 0.0271
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Table 4.27: AMSAN vs MF classification using 10-FCV. The units of the results are shown in average

over 30 runs.
Classifier Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
Naive Bayes, 0.9073 0.8967 0.8913 0.9233 0.7161 0.9073
0.0216 0.0172 0.0208 0.0430 0.0506 0.0216
LDA 0:9067 0.9489 0.9700 0.8433 0.7887 0.9067
0/035% 0.0195 0.0155 0.0626 0.0721 0.0351
MLP 0.8750 0.9117 0.9300 0.8200 0.6912 0.8750
0.0459 0.0215 0.0172 0.0887 0.0883 0.0459
BLR 0.8673 079056 0.9247 0.8100 0.6764 0.8673
0.0552 0:0278 0.0245 0.1062 0.1046 0.0552
SVMGaus 0.8657 0.9206 0.9480 0.7833 0.6884 0.8657
0.0453 0.0173 0.0124 0.0913 0.0862 0.0453
kENN 0.8473 0.9144 0.9480 0.7467 0.6495 0.8473
0.0372 0.0%37 0.0124 0.0776 0.0728 0.0372
SVMLap 0.8460 0.9144 0.9487 0.7433 0.6483 0.8460
0.0352 0.0162 000125 0.0679 0.0742 0.0352
SLP 0.8447 0.8989 0.9260 0:7633 0.6279 0.8447
0.0441 0.0219 020224 070890 0.0825 0.0441
C4.5 0.8413 0.8911 0.9160 0.7667-, 0.6114 0.8413
0.0432 0.0209 0.0185 0.0844 0.0820 0.0432
JRip 0.8410 0.9017 0.9320 0.7500 = 0.6304 0.8410
0.0502 0.0260 0.0214 0.0938 0.0981 0.0502
SVMLin 0.8043 0.9006 0.9487 0.6600 0.5679 0.8043
0.0396 0.0178 0.0180 0.0814 0.0720_0.0396
SVMPoly 0.7960 0.8978 0.9487 0.6433 0.5514 0.7960
0.0455 0.0162 0.0125 0.0935 0.0865 0.0455
OneR 0.7577 0.8539 0.9020 0.6133 0.4609 0.7597
0.0413 0.0302 0.0358 0.0819 0.0871 0.0443
RBF-DDA  0.6737 0.8561 0.9473 0.4000 0.3151 0.6737
0.0456 0.0183 0.0134 0.0910 0.0861 0.0456
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Balanced accuracy in OVO classification using 10-FCV. A=SVMPoly, B=C4.5,

C—SVMLap, D—SVMGaus, E=kNN, F=SVMLin, G—Naive Bayes, H—MLP, I€RBF.DDA, J—SLP,

K=JRip, L=LDA, M=BLR, N=0OneR.
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test. An additional post hoc analysis using Holms’ correction was performed in cases where null
hypothesis was tejected. We selected Friedman test since it is suitable for the type of analysis we
performed and“also, because it is a non parametric test, that is, no assumption about data distribu-
tion is needed. Holm’s correction is used for controlling the family-wise error in multiple hypothesis
testing. Despite another correction procedures, we selected Holm’s because it is a powerful method
and it makes no additiomal assumption about the hypotheses tested. More details about these tests
can be found in [30].

Post hoc analysis uses an alpha*,parameter, which is the modified alpha value equal to alpha/(k-7),
o where alpha is the significane€ leyel, k is the number of classifiers and ¢ is the rank. In all tests, we
used an alpha = 0.05.

4.4.3.4.1 Four GBS subtype classification

In table 4.28 we show the Friedman test zésiilts of the comparison among the top five classifiers in
average accuracy across 30 runs, using trainstest and 10-FCV in four GBS subtype classification.
The complete list of the top five classifiers for, each case is shown in Table 4.29. In the train-
test scenario, a statistically significant differencé among the top five classifiers in average accuracy
across 30 runs was found. On the other hand, in\the 10-FCV scenario, the opposite result was found.

In all cases, we used as our null hypothesis.Ho: Thereds no statistically significant difference in the
average accuracy among the top five classifiers acrossg30 runs, and our alternative hypothesis Hj:
There is a statistically significant difference in fthe average¥accuracy among the top five classifiers
across 30 runs.

o Table 4.28: Friedman test results of the comparison~ainong top(five classifiers in average accuracy
across 30 runs in four GBS subtype classification using train-test and~10-FCV.
Friedman Statistic Critical value Ho sScenario
2.707 2.45 rejected Train:test
1.985 2.45 accepted 16:-FCV

In table 4.29 we show the average ranks for the top five classifiers using train.-test and 10-FCV in
four GBS subtype classification. On average, in train-test scenario, kNN was the'ranked first (2.20).

Table 4.29: Average ranks of the top five classifiers using train-test and 10-FCV in 4 _classes classi-

fication.
Classifiers compared Scenario
kKNN  SVMLap SVMPoly SVMGaus C4.5 Train-test
Average ranks  2.20 3.05 3.35 3.27 3.13
SVMPoly C4.5 SVMLap SVMGaus kNN 10-FCV
Average ranks 2.47 2.87 2.87 3.38 3.42
o In Table 4.30, the results of the post-hoc test with Holm’s correction of the top five classifiers
98
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in foursGBS subtype classification using train-test are shown. A statistically significant difference
betweefi kNN and the other four classifiers was found.

Table 4.30: Post-hoc test with Holm’s correction of the top five classifiers in four GBS subtype
classification uSing-train-test.

Classifiers compared p value alpha* Ho  Scenario

ENN vs  SVMPoly 0.005 0.013 rejected Train-test

ENN vs» SVMGaus 0.009  0.017 rejected Train-test

kNN ys C4.5 0.022 0.025 rejected Train-test

kNN vs SVMLap 0.037  0.050 rejected Train-test

4.4.3.4.2 OVA classification

In Table 4.31 we show the Friedman test results of the comparison among the top five classifiers in
balanced accuracy across 30 runs, usifig train-test and 10-FCV in OVA classification. The complete
list of the top five classifiers for each case'is shown in Table 4.32. In train-test scenario, a statis-
tically significant difference among the tep=five classifiers in balanced accuracy across 30 runs was
found in half OVA classifications /Theses cases were AIDP vs ALL and MF vs ALL. In 10-FCV, a
statistically significant difference ammeng the top five classifiers in balanced accuracy across 30 runs
was found in all OVA classifications:

In all cases, we used as our null hypothesis Ho: Thére s no statistically significant difference in the
balanced accuracy among the top five classifiers across.30, runs, and our alternative hypothesis Hj:
There is a statistically significant differencetin_the balaficed accuracy among the top five classifiers
across 30 runs.

Table 4.31: Friedman test results of the comparison among top five=classifiers in balanced accuracy
across 30 runs in OVA classification using train-test and 10-FCV:

Classes Friedman Statistic Critical value _Ho Scheme
AIDP vs ALL 5.41 2.45 rejected Train-test
8.989 2.45 rejected 10-FCV

AMAN vs ALL 1.533 2.45 accepted Train-test
8.651 2.45 rejected” 10-FCV

AMSAN vs ALL 1.746 2.45 accepted MTrain-test
35.869 2.45 rejected 10FCV

MF vs ALL 9.935 2.45 rejected Train-test
25.591 2.45 rejected 10-FCV

In table 4.32 we show the average ranks for the top five classifiers using train-test and‘10-ECV in
OVA classification. In both train-test and 10-FCV, we highlight the ranked first classifiers only in
cases where a statistically significant difference was found. On average, in train-test scenario, the
ranked first classifiers were kNN (2.18) for AIDP vs ALL classification and Naive Bayes (1.63) for
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MF vs ALL.In 10-FCV, the ranked first classifiers were MLP (2.17) for AIDP vs ALL, SVMPoly
(2.37) for AMAN vs ALL, kNN (1.40) for AMSAN vs ALL, and Naive Bayes (1.20) for MF vs ALL.

Table 4.32: Averageganks of the top five classifiers using train-test and 10-FCV in OVA classification.

Classes Classifiers compared Scenario
AIDP vs ALL kNN C4.5 MLP SVMLap RBF-DDA Train-test

Average ranks 2.18 2.98 3.13 2.78 3.92
MLP SVMLap C4.5 kNN LDA 10-FCV

Average ranks 21T 2.38 2.92 3.53 4.00
AMAN vs ALL kNN SVMGaus SVMPoly SVMLap C4.5 Train-test

Average ranks 2.55 2.68 3.25 3.22 3.3
SVMPoly SVMLap kNN  SVMGaus MLP 10-FCV

Average ranks 2.37 2.55 2.78 3.02 4.28
AMSAN vs ALL kNN C4.5 SVMLap RBF-DDA SLP Train-test

Average ranks 2.48 2.72 3.25 3.33 3.22
kNN Cdb SVMLap SLP RBF-DDA 10-FCV

Average ranks 1.40 2.23 3.22 3.97 4.18
MF vs ALL Naive Bayes  LDA C4.5 JRip SVMGaus Train-test

Average ranks 1.63 3.28 3.63 3.45 3.00
Naive Bayes  JRip LDA  SVMGaus SVMLin 10-FCV

Average ranks 1.20 292 348 3.22 3.88

In Table 4.33, the results of the post-hoc test/with* Holm’sseorrection of the top five classifiers in
AIDP vs ALL classification using train-test and #0sFCV ‘axe shown. In train-test, a statistically
significant difference between kNN and RBF-DDAwwas, found” In)10-FCV, a statistically significant
difference between MLP and LDA was found, as well.as between/MLP and kNN.

Table 4.33: Post-hoc test with Holm’s correction of the top five classifierssin AIDP vs ALL classifi-

cation using train-test and 10-FCV.

Classes Classifiers compared p value alpha* Ho Scenario

AIDP vs ALL kNN vs RBF-DDA 0.000  0.013 rejecteds Lrain-test
kNN vs MLP 0.020 0.017 accepted( Train-test

kNN vs C4.5 0.050 0.025 accepted Train-test

kNN vs SVMLap 0.142 0.050 accepted Train-test

AIDP vs ALL MLP vs LDA 0.000  0.013 rejected 10-ECV.
MLP vs ENN 0.001  0.017 rejected 10-FCV

MLP vs C4.5 0.066 0.025 accepted 10-FCV

MLP vs  SVMLap 0.596 0.050 accepted 10-FCV

e In Table 4.34, the results of the post-hoc test with Holm’s correction of the top five classifiers in

AMAN vs ALL classification using 10-FCV are shown. A statistically significant difference between
SVMPoly and MLP was found.
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Table™.34: Post-hoc test with Holm’s correction of the top five classifiers in AMAN vs ALL classi-
fication usings10-FCV.
Classes Classifiers compared p value alpha* Ho  scheme
AMAN vs ALL SVMPoly vs  MLP 0.000  0.013 rejected 10-FCV
SVMPoly vs SVMGaus 0.111 0.017 accepted 10-FCV
SVMPoly vs ENN 0.307  0.025 accepted 10-FCV
SVMPoly vs SVMLap 0.653  0.050 accepted 10-FCV

In Table 4.35, the results.of the post-hoc test with Holm’s correction of the top five classifiers in
AMSAN vs ALL classification using 10-FCV are shown. A statistically significant difference between
kNN and the rest of classifiers.swas found.

Table 4.35: Post-hoc test with\Hoelm’s correction of the top five classifiers in AMSAN vs ALL
classification using 10-FCV.

Classes Classifiers~compared p value alpha* Ho scheme
AMSAN vs ALL ENN vs RBF-DDA 0.000  0.013 rejected 10-FCV
kNN vs ShP 0.000  0.017 rejected 10-FCV

kNN vs SMLap 0.000  0.025 rejected 10-FCV

ENN v& C45 0.041  0.050 rejected 10-FCV

In Table 4.36, the results of the post-hog test with*Holm’s correction of the top five classifiers in
MF vs ALL classification using train-testiand 10-F@V ‘are shown. Both in train-test and 10-FCV, a
statistically significant difference between Naive Bayés and the rest of classifiers was found.

Table 4.36: Post-hoc test with Holm’s correction of the top five'classifiers in MF vs ALL classification
using train-test and 10-FCV.
Classes Classifiers compared p value alpha* Ho scheme
MF vs ALL Naive Bayes vs C4.5 0.000  0.013\ ) rejected Train-test
Naive Bayes vs  JRip 0.000  0.017 rejected Train-test
Naive Bayes vs LDA 0.000 0.025 (rejected Train-test
Naive Bayes vs SVMGaus 0.001  0.050 rejécted Train-test
MF vs ALL Naive Bayes vs SVMLin  0.000  0.013 rejected ¢ 10-FCV
Naive Bayes vs ~ LDA 0.000  0.017 rejecteds” W0-FCV
Naive Bayes vs SVMGaus 0.000  0.025 rejected _1¥0-FCV
Naive Bayes vs  JRip 0.000  0.050 rejected ~A0-FCV

4.4.3.4.3 OVO classification

In Table 4.37 we show the Friedman test results of the comparison among the top five classifiers in
balanced accuracy across 30 runs, using train-test and 10-FCV in OVO classification. The complete
list of the top five classifiers for each case is shown in Table 4.38. In train-test scenario, astatis-
tically significant difference among the top five classifiers in balanced accuracy across 30 runs was
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found onlyin”AMAN vs AMSAN classification. Theses cases were AIDP vs ALL and MF vs ALL.
In 10-FCV, & statistically significant difference among the top five classifiers in balanced accuracy
across 30 runswasfound in all OVA classifications with the exception of AMAN vs MF classification.

In all cases, we used/@s,our null hypothesis Ho: There is no statistically significant difference in the
balanced accuracy among the top five classifiers across 30 runs, and our alternative hypothesis Hj:
There is a statistically sighificant difference in the balanced accuracy among the top five classifiers
across 30 runs.

Table 4.37: Friedman test results.,of the comparison among top five classifiers in balanced accuracy
across 30 runs in OVO classification using train-test and 10-FCV.

Classes Friedman Statistic Critical value Ho Scenario
AIDP vs AMAN 1512 2.45 accepted Train-test
AIDP vs AMSAN 12074 2.45 accepted Train-test

AIDP vs MF 0.820 2.45 accepted Train-test
AMAN vs AMSAN 5.162 2.45 rejected Train-test
AMAN vs MF 0.508 2.45 accepted Train-test
AMSAN vs MF 0.432 2.45 accepted Train-test
AIDP vs AMAN 34940 2.45 rejected 10-FCV
AIDP vs AMSAN 324246 2.45 rejected 10-FCV
AIDP vs MF 3.340 2.45 rejected 10-FCV
AMAN vs AMSAN 10.887 245 rejected 10-FCV
AMAN vs MF 2.046 2.45 accepted 10-FCV
AMSAN vs MF 12.727 2.45 rejected 10-FCV

In table 4.38 we show the average ranks for the topfive classifiérs using train-test and 10-FCV in
OVO classification. In both train-test and 10-FCV, we highlight the"ranked first classifiers only in
cases where a statistically significant difference was found. On average) in train-test scenario, the
ranked first classifier was kNN (2.08) for AMAN vs AMSAN classification, In 10-FCV, the ranked
first classifiers were JRip (2.18) for AIDP vs AMAN, SVMPoly (1.78) fer’ AIDP vs AMAN, OneR
(2.25) for AIDP vs AMSAN, kNN (2.12) for AMAN vs AMSAN, and Naive Bayes, (2.07) for AMSAN
vs MF.

In Table 4.39, the results of the post-hoc test with Holm’s correction of the top five, classifiers in
AIDP vs AMAN classification using 10-FCV are shown. A statistically significant difference between
JRip and OneR, as well as between JRip and C4.5 was found.

In Table 4.40, the results of the post-hoc test with Holm’s correction of the top five classifiers in
AIDP vs AMSAN classification using 10-FCV are shown. A statistically significant diffézenge be-
tween SVMPoly and three out of four classifiers was found, these were: OneR, kNN and SVIMLap.

In Table 4.41, the results of the post-hoc test with Holm’s correction of the top five classifiers in
AIDP vs MF classification using 10-FCV are shown. A statistically significant difference between
OneR and SVMGaus was found.
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Table 41383 Average ranks of the top five classifiers using train-test and 10-FCV in OVO classification.

Classes Classifiers compared Scenario
AIDP v’ AMAN JRip OneR C4.5 SVMLin SLP Train-test
Average ranks 2.53 2.87 2.90 3.40 3.30
JRip SVMLin MLP C4.5 OneR 10-FCV

Average ranks 2.18 3.07 2.82 3.30 3.63
AIDP vs AMSAN ,*SVMLap SVMPoly MLP SVMGaus  SVMLin  Train-test

Average ranks 2.70 2.77 3.43 3.15 2.95
SVMPoly SVMGaus SVMLap kNN OneR 10-FCV

Average ranks 1.78 1.88 3.20 3.73 4.40
AIDP vs MF OneR JRip kNN MLP Naive Bayes Train-test

Average ranks 2.67 2.80 3.32 3.12 3.10
OneR SVMPoly SVMLap JRip SVMGaus 10-FCV

Average ranks 2.25 2.83 3.12 3.17 3.63
AMAN vs AMSAN kNN SVMLap MLP RBF-DDA SVMGaus Train-test

Average ranks 2.08 Q77 3.15 3.28 3.72
kNN SYMLap RBF-DDA C4.5 SVMPoly  10-FCV

Average ranks 2.12 247 2.70 3.63 4.08
AMAN vs MF SVMGaus #SVMLap RBF-DDA Naive Bayes SVMLin Train-test

Average ranks 2.82 2.82 2.98 3.32 3.07
kNN SVMGaus/ SVMLap  SVMPoly SVMLin 10-FCV

Average ranks 2.78 2.18 278 2.93 3.72
AMSAN vs MF  Naive Bayes TEDA MLP SLP SVMGaus Train-test

Average ranks 2.77 2:90 3410 3.27 2.97
Naive Bayes = LDA MLP BLR SVMGaus 10-FCV

Average ranks 2.07 2.05 3.42 3.62 3.85

Table 4.39: Post-hoc test with Holm’s correction of the top five classifiers in AIDP vs AMAN

classification using 10-FCV.

Ho Scenario

Classes Classifiers compared p value alpha*
AIDP vs AMAN JRip vs OneR 0.000  0.013
JRip vs C4.5 0.006  0.017
JRip vs SVMLin 0.030  0.025
JRip vs MLP 0.121  0.050

rejected  10-FCV
rejested 10-FCV
aceepted, 10-FCV
accepted”\10-FCV

Table 4.40: Post-hoc test with Holm’s correction of the top five classifiers in AIDP vs AMSAN

classification using 10-FCV.

Classes Classifiers compared p value alpha*

Ho Scenario

AIDP vs AMSAN SVMPoly vs  OneR
SVMPoly vs kNN
SVMPoly vs SVMLap
SVMPoly vs SVMGaus

0.000  0.013
0.000  0.017
0.001  0.025
0.806  0.050

rejected 10-FCy
rejected  10-FCV:
rejected 10-FCV
accepted 10-FCV
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Table 4.41: Post-hoc test with Holm’s correction of the top five classifiers in AIDP vs MF classifi-
cation using 10-FCV.,
Classesy _ Classifiers compared p value alpha* Ho  Scenario
AIDP vs MF OneR vs SVMGaus 0.001 0.013 rejected 10-FCV
OneR vs JRip 0.025 0.017 accepted 10-FCV
OneR vs  SVMLap 0.034  0.025 accepted 10-FCV
OneR’vs  SVMPoly 0.153  0.050 accepted 10-FCV

In Table 4.42, the results of the“pest-hoc test with Holm’s correction of the top five classifiers in
AMAN vs AMSAN classification using train-test and 10-FCV are shown. In train-test, a statistically
significant difference between kNN andfthree other classifiers was found: SVMGaus, RBF-DDA and
MLP. In 10-FCV, a statistically significans, difference between kNN and two other classifiers was
found: SVMPoly and C4.5.

Table 4.42: Post-hoc test with Holm’s cefrection of the top five classifiers in AMAN vs AMSAN
classification using train-test and 10-FCYV,
Classes Classifiers compared p value alpha* Ho Scenario
AMAN vs AMSAN kNN vs  SVMGaus 0.000  0.013 rejected Train-test
kNN vs  RBF-DDA 0.003% 0.017 rejected Train-test
kNN vs MLP 0.009 ) 0.025 rejected Train-test
kNN vs SVMLap 0.094 0.050 accepted Train-test
AMAN vs AMSAN kNN vs  SVMPoly 0.000 #0.013 rejected 10-FCV
ENN vs C4.5 0.000 0,07, rejected 10-FCV
kNN vs  RBF-DDA 0.153  0.025 )accepted 10-FCV
kNN vs SVMLap 0.391 0.050 _accepted 10-FCV

In Table 4.43, the results of the post-hoc test with Holm’s correction of th€‘top five classifiers in
AMSAN vs MF classification using 10-FCV are shown. In 10-FCV, a statisti€ally significant differ-
ence between Naive Bayes and three other classifiers was found: SVMGaus, BLR and MLP.

Table 4.43: Post-hoc test with Holm’s correction of the top five classifiers in AMSAN®&sAMNF classi-
fication using 10-FCV.
Classes Classifiers compared p value alpha* Ho  Scenario
AMSAN vs MF Naive Bayes vs SVMGaus 0.000  0.013 rejected 10-FCV
Naive Bayes vs =~ BLR 0.000  0.017 rejected 10-FCV
Naive Bayes vs =~ MLP 0.001 0.025 rejected 10-FCV
Naive Bayes vs =~ LDA 0.967  0.050 accepted 10-FCV
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4.4.4 ~Discussion

Our objegetiverin this work was to create the highest accurate predictive model for GBS possible, us-
ing the 16" relevant features identified with QSA-PAM method. This work constitutes the first effort
on this topie=uSing machine learning methods. For this first approach, we used single classifiers. We
selected 14 singleclassifiers from diverse types: decision trees (C4.5), instance-based learners (kNN),
kernel-based (SVMY, neural networks (SLP, MLP, RBF-DDA), rule induction learners (OneR, JRip),
among others. The'complete list is in section 4.6.1. We compared their performance in three types
of experiments: fousdGBS subtype classification, OVA classification and OVO classification.

4.4.4.1 Four GBS subtypesclassification

In both train-test and 10-FCV scenarios, the best classifiers were the same, although not in the same
order: kNN, SVM with all diffézent kernels and C4.5. This result confirms them as a good single
classifiers.

The standard deviation of the averagé accuracy was a little lower in 10-FCV, this could a conse-
quence of the cross-validation characteristic in the sense of reducing the variance by averaging over
k different partitions.

The multiclass AUC in 10-FCV scenario was @ little higher than in train-test. This requires a further
investigation.

In both train-test and 10-FCV scenarios, OneR obtained_the worst performance. One possible ex-
planation of this situation is that, since QneR, generates one single rule to make the classification,
maybe that single rule is not enough to classify_the four”GBS subtypes in this particular problem.

Values of specificity and sensitivity were similar in train-test.and,in 10-FCV. Sensitivity a little lower
than specificity. This result could be a consequence of the imbalanced data problem.

In the statistical analysis, opposite results were found. In train-test} a statistically significant dif-
ference in average accuracy among the top five classifiers across 30 runs was found. On average,
kNN was ranked first. On the contrary, in 10-FCV, no statistical significant difference in average
accuracy among the top five classifiers across 30 runs was found. One péssible explanation for this
last result could be the stability in average accuracy achieved by the classifiers\in 10-FCV.

4.4.4.2 OVA classification

Both in train-test and 10-FCV, AMAN vs ALL showed the highest performance in balaficed accuracy
across 30 runs. The opposite case was MF vs ALL. AMSAN vs ALL was the secondybest. In OVA

classification, the two classes with the largest number of instances resulted in the best\classification
results, that is AMAN vs ALL and AMSAN vs ALL.

kNN, C4.5 and SVMLap appear in the top five classifiers in most cases both in train-test and in
10-FCV. Naive Bayes appears as the top classifier for MF vs ALL both in train-test and 10-FCV.
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In most cases! OneR obtained the worst performance, both in train test and in 10-FCV.

Specificity and sensitivity show that in most cases, single classifiers were better at identifying nega-
tive instances, bogh in train-test and 10-FCV scenarios.

Overall, the highest andsmore stable average results across 30 runs were obtained in 10-FCV scenario.

After the statistical analysis} two classifiers stood out from the rest. Naive Bayes resulted as the
best classifier for the minority)class vs ALL, that is MF vs ALL, both in train-test and 10-FCV.
kNN was the best classifier for AIDP vs ALL in train-test and for AMSAN vs ALL in 10-FCV.

4.4.4.3 OVO classification

Both in train-test and 10-FCV, all ‘elassifications with AMAN subtype present resulted with the
highest performance in balanced accuragy’and most stable standard deviation across 30 runs. AIDP

vs MF showed the lowest balanced accuraey levels and highest standard deviation across 30 runs
both in train-test and 10-FCV.

Although in OVO classification, the top five classifiers were more diverse than in four GBS subtype
classification and in OVA classification, three classifiers stood out: SVM with at least one kernel,
kNN and MLP. In addition, induction rulerslearners, that is JRip and OneR, had a good perfor-
mance in OVO classification in contrast with=-OVA classification.

Again, in most cases, specificity was a little higher than gensitivity, both in train-test and 10-FCV
scenarios.

After the statistical analysis, kNN was the best classifier for ANMAN vs AMSAN in both train-test
and 10-FCV. In the rest of the cases, there were different best classifiers: JRip, SVMPoly, OneR and
Naive Bayes for AIDP vs AMAN, AIDP vs AMSAN, AIDP vs MF and/AMSAN vs MF respectively.

4.5 Approach 2: Ensemble methods

In this second approach, we selected five ensemble methods: boosting, baggiig«€5.0, random forest
and random subspace. In principle, ensemble learning combines multiple classifiers to obtain better
predictive performance that could be obtained from any of the constituent classifiezsy, We applied
these five methods in four GBS subtype classification, as well as in OVO and OVA “lassification and
compare their performance.

4.5.1 Experimental design

We used the 16-feature subset, described in section 5.1, for experiments. We added the class variable
to this subset, that is, the GBS subtype. Finally, we created a dataset containing the 129 instances
and 17 features. As mentioned in section 4.1, our dataset has 4 classes, identified with number§ 1
to 4, where 1 is AIDP, 2 is AMAN, 3 is AMSAN, and 4 is MF.
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We used train-test evaluation scheme in all cases. We performed 30 runs where we applied each of
the methods described in section 4.7.1. In each run, we set a different seed. The same seeds were
used foreagh classifier. These seeds were generated using Mersenne-Twister pseudo-random number
generator [64|. The use of a different seed for each run ensures producing different splits of train
and test sets.

The base classifier imrandom subspace method used was the best single classifier for each case using
train-test, the complepe list is in table 4.44. Experiments of random subspace were performed in
Weka 3.6.12. SVMLap“is\not implemented in Weka 3.6.12, therefore we used SVMPoly (second best)
instead in AIDP vs AMSAN classification.

4.5.1.1 Four GBS subtype classification

In this classification, the four GBS subtypes were included in the dataset, that is AIDP, AMAN,
AMSAN and MF. In this scenaxio, the base metric was the average accuracy.

4.5.1.2 OVA classification

For OVA classification we created four new datasets, as the number of GBS subtypes in the dataset.
In each one, the instances of one class were-marked as the positive cases and the instances of the
remaining classes were marked agsthe negative cases. In this scenario, the base metric was the
balanced accuracy.

4.5.1.3 OVO classification

For OVO classification we created six new datasets, ag'many combinations of pairs of GBS subtypes.
Each dataset contained instances of only two GBS subtypes, one class marked as the positive case
and the other class as the negative case. In thig'scenario, the base metric was the balanced accuracy.

4.5.1.4 Train-test

For each run, we computed accuracy, sensitivity, specificity, Kappa statistic and multiclass AUC.
Finally, we averaged each of these quantities across the 30 runs.

4.5.2 Parameter optimization/setting
4.5.2.1 Boosting

The number of boosting iterations for all cases was 50.

4.5.2.2 Bagging

The number of trees used for all cases was 100.

4.5.2.3 C5.0

C5.0 requires the optimization of the number of trials. The tuning of this parameter was performed
by 30 training-test runs using different numbers of trials from 5 to 100.
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Figure 4.12: Number of trials*optimization in C5.0.

Figure 4.12 shows the results of C5.0 optimization. The lowest average‘error rate across 30 train-test
runs was obtained with number of trials = 55. Experiments for all cases in C5.0, including OVO
and OVA classification, were performed using this number of trials.

4.5.2.4 Random forest

Random forest has only two tuning parameters: the number of variables in the randomsubset at
each node and the number of trees in the forest. In this work, we let random forest to autématically
tune the first parameter. In order to tune the second one, we performed 30 training-test run§ using
different numbers of trees from 100 to 1000.

Figure 4.13 shows the results of random forest optimization. The lowest average error rate across
30 train-test runs was obtained with number of trees = 700. Experiments for all cases in ramdom
forest, including OVO and OVA classification, were performed using this number of trees.
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Figure 4.13: Number of trees optimization in random fm&
.
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4.5.2.5 TRandom subspace

In this work, the subspace sample size was set to 0.5. The number of iterations for random subspace
was set to 50. Thefsame optimal parameter setting obtained in first approach classification for the
base classifiers wéré used in random subspace. Table 4.44 shows the complete list of base classifiers
configuration.

Table 4.44: Base classifiers used in random subspace for each classification case.

Base classifier Parameter setting Classes
kNN k=18 d=1 4 classes
ENN k=18 d—1 AIDP vs ALL
ENN k=18 d=1 AMAN vs ALL
ENN k=18 d—=1 AMSAN vs ALL

Naive Bayes MF vs ALL
JRip NumOpt = 3 AIDP vs AMAN
SVMGaus s=0.01 C=10 AIDP vs AMSAN
OneR AIDP vs MF
ENN k=18)d=1 AMAN vs AMSAN
SVMGaus s=0.01 C=10 AMAN vs MF
Naive Bayes AMSAN vs MF

4.5.3 Results
4.5.3.1 Four GBS subtype classification

In this section, we show the results of ensemble methods in four#/GBS subtype classification. Table
4.45 shows the average results across 30 runs along With the stdndard deviation (sd). Four of the
five ensemble methods obtained an average accuracy above 0.90. Réndom forest outperformed the
rest of the methods in most of the metrics. The worst performance #¥asyobtained by bagging, with
an average accuracy of 0.89 and poor results in sensitivity and in Kappa,statistic.

Multiclass AUC ranged 0.78 - 0.83. Specificity values were higher than these\of sensitivity. Speci-
ficity ranged 0.92 - 0.95, while sensitivity ranged 0.66 - 0.81. Kappa ranged 069 - 0.80. Overall,
four GBS subtype classification using ensemble methods obtained high values.in’average accuracy.
The remaining metrics showed a large variation.

Figure 4.14 shows the average accuracy across 30 runs for each ensemble method in‘four GBS sub-
type classification. Also the average error rate for each method is shown. Most of #he)ymethods
obtained an average accuracy above 0.90. Random forest obtained the lowest averagé erfor rate
across 30 train-test runs.

Table 4.46 shows the average accuracy of single classifiers and ensemble methods across 30\runs
of four GBS subtype classification. Only two ensemble methods, random forest and C5.0, out-
performed all single classifiers in average accuracy. Boosting resulted better than 13 of 14 single
classifiers. Random subspace had a performance comparable to that of SVMLin and Naive Bayes.
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Table 445; Average results of ensemble methods across 30 runs in four GBS subtype classification.

Ensemble
method

Average Multiclass Sensitivity Specificity Kappa
Accuracy AUC

Random forest 0.9366 0.8390 0.8120 0.9544 0.8090
0.0245 0.0803 0.0812 0.0178 0.0748
C5.0 0.9272 0.8398 0.8126 0.9476 0.7825
0.0251 0.0789 0.0749 0.0191 0.0746
Boosting 0.9195 0.8099 0.7906 0.9422 0.7596
0.0202 0.0578 0.0648 0.0158 0.0610
Random subspace; .0.9016 0.7871 0.6607 0.9251 0.6960
0.0216 0.0592 0.0691 0.0169 0.0682
Bagging 0.8980 0.7895 0.6936 0.9251 0.6923
0.0284 0.0484 0.0622 0.0206 0.0831
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0.9- N\ ¢
L .
.
0.8 —/‘ ‘S N\
0.7 C%—

Average accuracy
= =
[4,] (=]

e
kS
|

0.3

0.2

0.1+

0.0

0.858
0.9195

0.9272

>
%

0.9016
0.9366

Bagging Boosting

C5.0

Ensemble methods

Random forest Random subspace

Metric

AvAccuracy

. AvErrorRate

Figure 4.14: Average accuracy and average error rate of ensemble methods across 30 runs“in four
GBS subtype classification.

+ iThenticate Pagina 142 de 168 - Engrega de integridad

111

Identificador de la entrega trn:oid:::21:202706933



+ iThenticate Pégina 143 de 168 - Engrega de integridad Identificador de la entrega trn:oid:::21:202706933

4.5. APPROACH 2: ENSEMBLE METHODS

However, random subspace failed at improving kNN as single classifier. As shown in Table 4.46,
ENN when uSed)as single classifier obtained a higher average accuracy (0.9268) that when used in
random subspécefas a base classifier (0.9016). The worst performance of ensemble methods was
obtained by Bagging, however it was better than half of the single classifiers.

Table 4.46: Average accufacy of single classifiers and ensemble methods across 30 runs in four GBS
subtype classification. Ensemble methods are shown in bold.

Average

Method Accuracy
Random forest 0.9366
C5.0 0.9272
kNN 0.9268
Boosting 0.9195
SVMLap 0.9163
SVMPoly 0.9142
SVMGaus 0.9126
C4.5 0.9114
SVMLin 0.9069
Random subspace 0.9016
Naive-Bayes 0.9008
Bagging 0.8980
MLP 0:8915
RBF-DDA ():-8882
SLP 08850
JRip 0.8837
LDA 0.882%
MLR 0.8793
OneR 0.7972

4.5.3.2 OVA classification

In this section, we show the results of ensemble methods across 30 runs in OVA_¢lassification, that is
AIDP vs ALL, AMAN vs ALL, and so on. Table 4.47 shows the average results\of’ensemble methods
across 30 runs along with the standard deviation (sd) in AIDP vs ALL classification, Only two of
the five ensemble methods obtained an balanced accuracy above 0.80, these were C5.0 and boosting.
The worst performance was obtained by random subspace, with an balanced accuracysof/0.68 and
poor results in most metrics. However, this same method obtained an unusual high speeificity value.

AUC ranged 0.68 - 0.81. Specificity was higher than sensitivity. Specificity ranged 0.92 - 0:99, ewhile
sensitivity ranged 0.36 - 0.69. Kappa ranged 0.46 - 0.64. In summary, ensemble methods ohtained
a low performance in most metrics in AIDP vs ALL classification.

Table 4.48 shows the balanced accuracy of single classifiers and ensemble methods across 30 runs in
AIDP vs ALL classification. No ensemble method was able to improve kNN, a single classifier, in
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Table 4.47: Average results of ensemble methods across 30 runs in AIDP vs ALL classification.

Method Balanced Accuracy Sensitivity Specificity Kappa AUC
Accuracy

€5.0 0.8171 0.9048 0.6944 0.9398 0.6266 0.8171

0.0976 0.0556 0.1861 0.0565 0.1806 0.0976

Boosting 0.8069 0.8992 0.6907 0.9231 0.6046 0.8069

0.0827 0.0479 0.1750 0.0732 0.1670 0.0827

Random forest 0.7769 0.9270 0.5667 0.9870 0.6407 0.7769

0.0888 0.0306 0.1836 0.0289 0.1645 (0.0888

Bagging 0,7681 0.8960 0.6093 0.9269 0.5629 0.7681

0.0818 0.0466 0.1829 0.1091 0.1682 0.0818

Random subspace 0.6815 0.9056 0.3666 0.9953 0.4661 0.6810

0.1240 0.0351 0.2453 0.0129 0.2408 0.1218

balanced accuracy. Only two ensemble methods, C5.0 and boosting, outperformed the rest of single
classifiers in balanced accuracy. Ramdom subspace had a poor performance, only being better than
the worst single classifier, OneR. Agaifi;\random stibspace was not able of improving kNN as single
classifier.

Table 4.49 shows the average results of ensemble methéds across 30 runs in AMAN vs ALL clas-
sification. The standard deviation is also showmn. Four of the five ensemble methods obtained a
balanced accuracy above 0.90, only bagging wasfunder thig"value. AUC ranged 0.85 - 0.92. Values
obtained in specificity were higher than those obtained in sefigitivity. Specificity ranged 0.92 - 0.94,
while sensitivity ranged 0.78 - 0.91. Kappa ranged 0.73 - 0.83. In"short, ensemble methods obtained
values on or above 0.85 in most metrics in AMAN vs ALL classification.

Table 4.50 shows the balanced accuracy of single classifiers and ensemble methods across 30 runs in
AMAN vs ALL classification. Two single classifiers outperformed allthe ensemble methods, kNN
and SVMGaus. Boosting resulted better than 12 single classifiers and 4{engsemble methods. Like in
the former cases, random subspace was not able of improving kNN as single classifier. Bagging was
the worst ensemble method in AMAN vs ALL classification.

Table 4.51 shows the average results of ensemble methods across 30 runs in AMSAN vs ALL clas-
sification. The standard deviation is also shown. All five ensemble methods obtdined a balanced
accuracy above 0.85. AUC ranged 0.85 - 0.89. Like all other cases, specificity was higher.than sensi-
tivity. Specificity ranged 0.87 - 0.93, while sensitivity ranged 0.83 - 0.86. Kappa ranged)0.71 - 0.78.
Overall, ensemble methods had a high performance in AMSAN vs ALL classification in mgst metrics.

Table 4.52 shows the balanced accuracy of single classifiers and ensemble methods across 30 runs
in AMSAN vs ALL classification. Random forest was the best ensemble method with a balanced
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Table 4.48: Balaneéd accuracy of single classifiers and ensemble methods across 30 runs in AIDP vs
ALL classifications Ensemble methods are shown in bold.

Method Balanced Accuracy
ENN 0.8227
C5.0 0.8171
Boosting 0.8069
C4.5 0.8042
MLP 0.8014
SVMLap 0.8009
Random forest 0.7769
Bagging 0.7681
RBF-DDA 0.7648
SkP 0.7551
SVMLin 0.7542
LDA 0.7537
SVMGaus 0.7491
JRip 0.7407
SVMPoly, 0.7389
Naive Bayes 0.7231
BLR 0.7181
Random subspace 0.6815
OneR 0.6222

Table 4.49: Average results of ensemble methods acress 30 runssin’ AMAN vs ALL classification.

Method Balanced Accuracy Sensitivity Specificity Kappa AUC
Accuracy

Boosting 0.9214 0.9341 0.8989 0.9439° 0.8384 0.9214

0.0599 0.0441 0.1045 0.0591 0.1098 0.0599

Random subspace 0.9138 0.9143 0.9112 0.9155 (0.7992 0.9133

0.0449 0.0418 0.0788 0.0545 0.0926, 0.0442

C5.0 0.9136 0.9302 0.8750 0.9522  0.8290."0.9136

0.0487 0.0385 0.0948 0.0461 0.0911¢ 040487

Random forest 0.9033 0.9214 0.8611 0.9456 0.8069 0.9033

0.0550 0.0406 0.1057 0.0424 0.1006 0.0550

Bagging 0.8542 0.8952 0.7872 0.9211 0.7303 0.8542

0.0727 0.0462 0.1624 0.0929 0.1313 0.0727
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Table 4.50:_Balanced accuracy of single classifiers and ensemble methods across 30 runs in AMAN
vs ALL clasgification. Ensemble methods are shown in bold.

Method Balanced Accuracy
kNN 0.9356
SVMGaus 0.9256
Boosting 0.9214
SVMPoly 0.9203
SVMLap 0.9181
Random subspace 0.9138
C5.0 0.9136
C4.5 0.9067
Random forest 0.9033
MLP 0.8978
SVNMEin 0.8969
SLP. 0.8778
Naive Bayes 0.8700
RBF-DDA 0.8689
LDA 0.8594
Bagging 0.8542
JRip 0.8472
BER 0.8214
OneR 0.6336

Table 4.51: Average results of ensemble methods across 30wrtins in AMSAN vs ALL classification.

Method Balanced Accuracy Sensitivity /Specificity Kappa AUC
Accuracy

Random forest 0.8924 0.8960 0.8544 0.9304 0.7889 0.8924

0.0429 0.0417 0.0814 0.0621 0.0849 0.0429

Boosting 0.8786 0.8810 0.8671 0.8902) 0.7591 0.8786

0.0386 0.0375 0.0663 0.0796 0.0762 0.0386

C5.0 0.8782 0.8810 0.8491 0.9072 0.7588 0.8782

0.0494 0.0480 0.0779 0.0532 0:0978 0.0494

Random subspace 0.8688 0.8722 0.8617 0.8798 0.7425,.0.8708

0.0410 0.0440 0.0550 0.0664 0.0878¢ 0.0416

Bagging 0.8555 0.8587 0.8365 0.8744 0.7137 0.8555

0.0526 0.0515 0.0960 0.1012 0.1047 0.0526

115

+ iThenticate Pagina 146 de 168 - Engrega de integridad Identificador de la entrega trn:oid:::21:202706933



+ iThenticate Pégina 147 de 168 - Engrega de integridad Identificador de la entrega trn:oid:::21:202706933

4.5. APPROACH 2: ENSEMBLE METHODS

accuracy of 098924. However, it was not able of outperforming kNN, the best single classifier with
0.8953 of balanced accuracy. C4.5, a single classifier was the third best method, and it had a highest
balanced accufacy®than 4 ensemble methods and 12 single classifiers. Neither in this case, random
subspace was ablefof improving kNN as single classifier.

Table 4.52: Balanced accaracy of single classifiers and ensemble methods across 30 runs in AMSAN
vs ALL classification. Ensemble methods are shown in bold.

Method Balanced accuracy
kNN 0.8953
Random forest 0.8924
@1.5 0.8852
Boosting 0.8786
C5.0 0.8782
SVMLap 0.8756
RBF-DDA 0.8695
Random subspace 0.8688
SLP 0.8644
Bagging 0.8555
SVMPoly 0.8504
SVMGaus 0.8492
MLP 0.8490
JRip 028449
OneR 08219
Naive Bayes 08166
SVMLin 0.810%
LDA 0.8072
BLR 0.7971

Table 4.53 shows the average results of ensemble methods across 30 rums in MF vs ALL classifica-
tion. The standard deviation is also shown. Three ensemble methods obtained a balanced accuracy
above 0.80. AUC ranged 0.74 - 0.85. Sensitivity was much lower than specificity than in previ-
ous cases. Sensitivity ranged 0.52 - 0.76. Specificity ranged 0.90 - 0.96. Kappa'ranged 0.49 - 0.64.
In summary, ensemble methods had a poor performance in MF vs ALL classification in most metrics.

Table 4.54 shows the balanced accuracy of single classifiers and ensemble methods a¢toss 30 runs in
MF vs ALL classification. Naive Bayes, a single classifier, obtained the highest balaneed accuracy
outperforming all ensemble methods. Random subspace was the best ensemble method.#However,
it was not able of improving Naive Bayes as single classifier. Three ensemble methods(were better
than most of single classifiers, these were random subspace, bagging and C5.0.

4.5.3.3 OVO classification

Table 4.55 shows the average results of ensemble methods across 30 runs in AIDP vs AMAN classi»
fication. The standard deviation is also shown. All ensemble methods obtained a balanced accuracy
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Table 4.537 Average results of ensemble methods across 30 train-test runs in MF vs ALL classifica-

tion.

Method Balanced Accuracy Sensitivity Specificity Kappa AUC

Accuracy
Random sibspace 0.8471 0.9333 0.7500 0.9525 0.6413 0.8513
0.1067 0.0296 0.2274 0.0349 0.1509 0.1074
Bagging 0.8342 0.9024 0.7675 0.9009 0.5498 0.8342
0.1298 0.0513 0.2460 0.1297 0.2213 0.1298
C5.0 0.8048 0.9167 0.6667 0.9430 0.5601 0.8048
0,1329 0.0487 0.2653 0.0484 0.2145 0.1329
Boosting 0.7572 0.9183 0.5697 0.9447 0.5022 0.7572
0.1346 0.0323 0.2802 0.0881 0.2085 0.1346
Random forest 0.7463 0:9254 0.5250 0.9675 0.4973 0.7463
0.1519 0.0311 0.3104 0.0246 0.2599 0.1519

Table 4.54: Balanced accuracy of single.classifiers and ensemble methods across 30 train-test runs
in MF vs ALL classification. Ensemble methiods are shown in bold.

Method Balanced Accuracy
Naive Bayes 0.8939
Random subspace 08471
Bagging 0.8342
C5.0 0.8048
LDA 0.7818
C4.5 0.7691
Boosting 0.7572
JRip 0.7678
SVMGaus 0.7581
Random forest 0.7463
BLR 0.7316
SVMLin 0.7221
MLP 0.7193
SVMPoly 0.7086
SLP 0.6875
OneR 0.6853
SVMLap 0.6664
kNN 0.6539
RBF-DDA 0.5042
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above 0.90._Also, AUC surpassed this value. Sensitivity values were lower than those of specificity.
Sensitivity ranged 0.84 - 0.95. Specificity ranged 0.96 - 0.97. Kappa ranged 0.83 - 0.91. Overall,
ensemble methods'obtained values on or above 0.90 in most metrics in AIDP vs AMAN classification.

Table 4.55: Average results of ensemble methods across 30 runs in AIDP vs AMAN classification.

Method Balanced Accuracy Sensitivity Specificity Kappa AUC
Accuracy

Bagging 0.9597 0.9630 0.9472 0.9722 0.9171 0.9597

0:0258 0.0395 0.0861 0.0551 0.0882 0.0458

C5.0 0.9597 0.9611 0.9556 0.9639 0.9139 0.9597

0.0530 0.0487 0.0868 0.0566 0.1078 0.0530

Boosting 0.9486 0.9556 0.9278 0.9694  0.8997 0.9486

0.0473 0.0397 0.0895 0.0599 0.0889 0.0473

Random subspace 0.9325 0.9444 0.8833 0.9751 0.8683 0.9292

0.0887 0.0652 0.1703 0.0445 0.1589 0.0890

Random forest 0.9097 09315 0:8444 0.9750 0.8368 0.9097

0.0805 0.0520 04747 0.0497 0.1348 0.0805

Table 4.56 shows the balanced accuracy of single classifiers afid ensemble methods across 30 runs in
AIDP vs AMAN classification. JRip slightly outpérformed ‘Bagging and C5.0, as the best classifier
in this case. Two rule induction learners, JRip and OneR, were.at the top 4 classifiers in AIDP vs
AMAN classification. The performance of JRip as a=single clasgifier was not improved by random
subspace when used as base classifier.

Table 4.57 shows the average results of ensemble methods across 30 runisimAIDP vs AMSAN classi-
fication. The standard deviation is also shown. Random forest obtained-a balanced accuracy above
0.90, the rest of ensemble methods above 0.85. Values obtained in sensitivitg"were lower than those
obtained in specificity. Sensitivity ranged 0.78 - 0.85. Specificity ranged 0.99~_0.96. Kappa ranged
0.70 - 0.83. In short, ensemble methods had a high performance in AIDP vs AMSAN classification
in most metrics.

Table 4.58 shows the balanced accuracy of single classifiers and ensemble methods aéross 30 runs in
AIDP vs AMSAN classification. Random forest obtained the highest balanced accuracygThe second
best ensemble method was boosting, only under SVMLap and SVMPoly. In this case,"SYMGaus
was implemented as base classifier in random subspace instead of SVMLap, as mentioned ' se¢tion
4.7.3. As in previous cases, random subspace did not improve the performance of its base clagsifier.

Table 4.59 shows the average results of ensemble methods across 30 runs in AIDP vs MF classifi-
cation. The standard deviation is also shown. Random subspace and bagging obtained a balanced
accuracy above (.85, the rest of ensemble methods ranged 0.76 - 0.83. Sensitivity was lower than
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Table 4.56: Balanced accuracy of single classifiers and ensemble methods across 30 runs in AIDP vs
AMAN classification. Ensemble methods are shown in bold.

Method Balanced Accuracy
JRip 0.9639
Bagging 0.9597
C5.0 0.9597
OneR 0.9583
Boosting 0.9486
C4.5 0.9458
SVMLin 0.9347
SLP 0.9333
MLP 0.9333
Random subspace 0.9325
Naive Bayes 0.9278
SVMLap 0.9125
Random forest 0.9097
SVMGaus 0.9014
RBE-DDA 0.8958
SVMPoly 0.8722
ENN 0.8639
BER 0.8542
LDA 0.8389

Table 4.57: Average results of ensemble methods across 30'suns in AIDP vs AMSAN classification.

Method Balanced Accuracy Sensitivity /Specificity Kappa AUC
Accuracy

Random forest 0.9102 0.9387 0.8556 0.9649 0.8312 0.9102

0.0588 0.0430 0.1136 0.0485 0.1137 0.0588

Boosting 0.8972 0.9160 0.8532 0.9442) 0.7797 0.8972

0.0609 0.0539 0.1032 0.0623 0.1308 0.0609

Bagging 0.8854 0.9067 0.8480 0.9228 0.7565 0.8854

0.0774 0.0675 0.1211 0.0798 01635 0.0774

C5.0 0.8683 0.8893 0.8278 0.9088 0.7095,.0.8683

0.0755 0.0563 0.1348 0.0569 0.1434, 0.0755

Random subspace 0.8674 0.9093 0.7834 0.9491 0.7459 0.8662

0.0755 0.0481 0.1524 0.0544 0.1324 0.0744
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Table 4.58:"Balanced accuracy of single classifiers and ensemble methods across 30 runs in AIDP vs
AMSAN classification. Engemble methods are shown in bold.

Method Balanced Accuracy
Random forest 0.9102
SVMLap 0.9061
SVMPoly 0.8990
Boosting 0.8972
MLP 0.8949
SVMGaus 0.8931
SVMLin 0.8928
kNN 0.8899
Bagging 0.8854
SLP. 0.8841
Naive Bayes 0.8728
C4.5 0.8692
C5.0 0.8683
Random subspace 0.8674
JRip 0.8588
BLR 0.8423
RBF-DDA 0.8339
OneR; 0.8316
LDA 0.7836

specificity. Sensitivity ranged 0.71 - 0.83. Specificity, ranged 0:82 - 0.99. Kappa ranged 0.53 - 0.75.
In summary, only random subspace and bagging highly performéd in AIDP vs MF classification in
most metrics. The rest of ensemble methods had a lows/performanece.

Table 4.60 shows the balanced accuracy of single classifiers and ensemble methods across 30 runs in
AIDP vs MF classification. Two ensemble methods, random subspacefand bagging, outperformed
all the remaining methods, including single classifiers. In this case, randem subspace was able to
improve the performance of its base classifier, OneR.

Table 4.61 shows the average results of ensemble methods across 30 runs in AMAN vs AMSAN
classification. The standard deviation is also shown. All ensemble methods obtained a balanced
accuracy around 0.90 and above. As in previous cases, sensitivity was lower than specificity. Sensi-
tivity ranged 0.88 - 0.93. Specificity ranged 0.90 - 0.97. Kappa ranged 0.78 - 0.89. Overall, ensemble
methods obtained values on or above 0.85 in most metrics in AMAN vs AMSAN classifi€ation.

Table 4.62 shows the balanced accuracy of single classifiers and ensemble methods across 30'Tuns in
AMAN vs AMSAN classification. kNN was the best classifier, above Random forest, second)best.
In this case, random subspace was not able to improve the performance of its base classifier, KNN.

Table 4.63 shows the average results of ensemble methods across 30 runs in AMAN vs MF classifis
cation. The standard deviation is also shown. Four of five ensemble methods obtained a balanced
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Table4.59:" Average results of ensemble methods across 30 runs in AIDP vs MF classification.

Method Balanced Accuracy Sensitivity Specificity Kappa AUC
Accuracy

Random_subspace 0.8951 0.8733 0.7944 0.9917 0.7527 0.8930

0.0673 0.0785 0.1288 0.0456 0.1494 0.0671

Bagging 0.8750 0.8533 0.8333 0.9167 0.7158 0.8806

0.1089 0.1167 0.1578 0.1681 0.2223 0.0867

Random forest 018306 0.8267 0.8111 0.8500 0.6460 0.8306

0.0847 0.0785 0.1366 0.1925 0.1626 0.0847

C5.0 0.8014 0.7967 0.7778 0.8250 0.5820 0.8014

0.1167 0.0999 0.1337 0.2555 0.2221 0.1167

Adaboost 0.7694 027767 0.7167 0.8222 0.5333 0.7806

0.1275 0.1165 0.2037 0.2303 0.2337 0.0996

Table 4.60: Balanced accuracy of single classifiers@ndsensemble methods across 30 runs in AIDP vs
MF classification. Ensemble methods are shewn in ‘bold.

Method Balanced Accuracy
Random subspace 0.8951
Bagging 0.8750
OneR 0:8667
JRip 0.8528
kNN 0.8417
MLP 0.8347
Naive Bayes 0.8319
Random forest 0.8306
C4.5 0.8236
SVMGaus 0.8222
SVMPoly 0.8069
SVMLap 0.8028
C5.0 0.8014
SLP 0.7708
Boosting 0.7694
SVMLin 0.7542
RBF-DDA 0.7042
LDA 0.6250
BLR 0.6111
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Table 4.61: Average results of ensemble methods across 30 runs in AMAN vs AMSAN classification.

Method Balanced Accuracy Sensitivity Specificity Kappa AUC
Accuracy

Random forest 0.9474 0.9505 0.9333 0.9614 0.8950 0.9474

0.0415 0.0347 0.0859 0.0389 0.0752 0.0415

Random subspace® _0:9390 0.9473 0.9057 0.9736 0.8872 0.9396

040420 0.0344 0.0840 0.0359 0.0752 0.0414

Boosting 0.9284 0.9355 0.9216 0.9352 0.8625 0.9284

0.0464 0.0397 0.0689 0.0960 0.0865 0.0464

C5.0 0.9242 0:9290 0.9028 0.9456 0.8505 0.9242

0.0651 0:.0625 0.0981 0.0725 0.1293 0.0651

Bagging 0.8940 0.8989 0.8877 0.9003 0.7879 0.8940

0.0648 0.0632 0.0768 0.1065 0.1327 0.0648

Table 4.62: Balanced accuracy of single classifiers and efisemble methods across 30 runs in AMAN
vs AMSAN classification. Ensemble methods are shown in beld.
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Method Balanced accuracy
ENN 0.9588
Random forest 0.9474
SVMLap 0.9406
Random subspace 0.9390
MLP 0.9344
Boosting 0.9284
RBF-DDA 0.9265
C5.0 0.9242
SVMGaus 0.9236
SLP 0.9202
SVMPoly 0.9189
C4.5 0.9138
SVMLin 0.9125
Naive Bayes 0.9091
Bagging 0.8940
LDA 0.8838
JRip 0.8827
BLR 0.8559
OneR 0.8437
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accuraey above 0.90, only random subspace had a poor result. In this case, being AMAN the ma-
jority elassy sensitivity was higher than specificity. Sensitivity ranged 0.95 - 0.99. Specificity ranged
0.50 - 0.87.#Kappa showed a large variation, ranging 0.57 - 0.89. Shortly, almost all ensemble meth-
ods obtained a_remarkable performance in AMAN vs MF classification in most metrics.

Table 4.63: Average results of ensemble methods across 30 runs in AMAN vs MF classification.

Method Balanced Accuracy Sensitivity Specificity Kappa AUC
Accuracy

Random forest 0.9333 0.9625 0.9917 0.8750 0.8908 0.9333

0.0838 0.0452 0.0335 0.1706 0.1346 0.0838

Bagging 0.9181 0.9313 0.9611 0.8750 0.8214 0.9181

00705 0.0502 0.0811 0.1431 0.1271 0.0705

Boosting 0.9167 0.9417 0.9639 0.8694 0.8449 0.9201

0.0922 0.0655 0.0779 0.1662 0.1888 0.0967

C5.0 0.9069 0.9313 0.9556 0.8583 0.8201 0.9069

0.0802 020664 0.0750 0.1421 0.1619 0.0802

Random subspace 0.7543 0.8708 0.9917 0.5083 0.5749 0.7500

0.1227 0.0567 0.0253 0.2583 0.2123 0.1228

Table 4.64 shows the balanced accuracy of’single classifiers and ensemble methods across 30 runs in
AMAN vs MF classification. Half of single classifiers outperformed ensemble methods, even though
these last obtained a high performance. Random’subspateswas the worst method, including single
classifiers and ensemble methods.

Table 4.65 shows the average results of ensemble methods acrosss30 runs in AMSAN vs MF classi-
fication. The standard deviation is also shown. Four of five ensermible methods obtained a balanced
accuracy above 0.85. Like the previous case, sensitivity was higher than specificity, because of the
majority class effect. Sensitivity ranged 0.89 - 0.95. Specificity ranged 0.71 - 0.87. Low values were
obtained in Kappa, which ranged 0.65 - 0.71. Overall, almost all ensemble methods obtained values
on or above 0.85 in most metrics in AMSAN vs MF classification.

Table 4.66 shows the balanced accuracy of single classifiers and ensemble methods across 30 runs
in AMSAN vs MF classification. Naive Bayes resulted better than all ensemble méthods and the
rest of single classifiers. Random subspace was the second best, and it almost réaches Naive Bayes
performance, its base classifier.

4.5.4 Discussion

Our objective in this work was to investigate if ensemble methods were able to improve single clas-
sifiers in building a predictive model for GBS. We used the 16 relevant features identified with
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4.5. APPROACH 2: ENSEMBLE METHODS

Table 4.64: Balaneéd accuracy of single classifiers and ensemble methods across 30 in AMAN vs MF
classification. Ensemble methods are shown in bold.

Method Balanced Accuracy
SVMGaus 0.9542
SVMLap 0.9542
RBF-DDA 0.9528
Naive Bayes 0.9486
SVMLin 0.9431
kNN 0.9417
SVMPoly 0.9375
Random forest 0.9333
Bagging 0.9181
Boosting 0.9167
MLP 0.9125
C5.0 0.9069
SLP 0.9056
LDA 0.9056
C4.5 0.8889
BLR 0.8833
oneR’ 0.8806
JRip 0.8792
Random subspace 0.7543

Table 4.65: Average results of ensemble methods acress 30 runsvin” AMSAN vs MF classification.
Balanced Accuracy Sensitivity Specificity Kappa AUC
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Method

Accuracy

Random subspace

C5.0

Bagging

Random forest

Boosting

0.8879
0.0862

0.8651
0.0898

0.8645
0.1789

0.8539
0.1061

0.8246
0.1155

0.8928
0.0556

0.9130
0.0379

0.8957
0.1749

0.9217
0.0418

0.9058
0.0458

0.8964
0.0561

0.9386
0.0480

0.8961
0.1869

0.9579
0.0350

0.9364
0.0717

0.8750
0.1574

0.7917
0.1979

0.8329
0.2177

0.7500
0.2177

0.7127
0.2463

0.6786 0.8857
0.1590 0.0855

0.7032 0.8651
0.1272, 0.0898

0.7195.70.8978
0.2482¢ 00757

0.7113 0.8539
0.1727 0.1061

0.6519 0.8246
0.1888 0.1155
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Table™.66: Balanced accuracy of single classifiers and ensemble methods across 30 runs in AMSAN
vs MF classification. Ensemble methods are shown in bold.

Method Balanced Accuracy
Naive Bayes 0.8980
Random subspace 0.8879
LDA 0.8656
C5.0 0.8651
Bagging 0.8645
MLP 0.8588
Random forest 0.8539
SLP 0.8493
SVMGaus 0.8480
SVMLap 0.8316
JRip 0.8248
Boosting 0.8246
kNN 0.8099
BER 0.8042
C4.5 0.8026
SVMLin 0.8013
SVMPoly 0.7974
OneR 0.7811
RBF-DBA 0.6757

QSA-PAM method as predictors. Also, wefapplied five ensemble methods: boosting, bagging, C5.0,
random forest and random subspace. We conducted thrée types of experiments: four GBS subtype
classification, OVA classification and OVO classification? ;We compared the performance of both
single classifiers and ensemble methods.

In four GBS subtype classification, two ensemble methods succeeded at improving average accuracy
of all single classifiers: random forest and C5.0. Random forest surpassed kNN by almost one per-
centage point. C5.0 barely made it.

The best performance of ensemble methods was in AIDP vs AMAN, where all of them obtained
a balanced accuracy above 0.90 and excellent results in all metrics. Overall)\ classifications with
AMAN subtype present obtained the highest results.

Only in AIDP vs MF classification, random subspace was able to improve thé pérformance of its
base classifier, OneR in this case. This requires further investigation, in order to detérmine the cause
of this result.

kNN was the best classifier in four cases, including single classifiers and ensemble methads.

Ensemble methods were outperformed by single classifiers in most cases. Three cases were the
exception: four GBS subtype classification, AIDP vs AMSAN and AIDP vs MF. This result requires
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further in tion.

126

+ iThenticate Pagina 157 de 168 - Engrega de integridad Identificador de la entrega trn:oid:::21:202706933



+ iThenticate Pégina 158 de 168 - Engrega de integridad Identificador de la entrega trn:oid:::21:202706933

Chapter-5

Conclusions and future work

In this work, we aimed at building a descriptive and a predictive model for GBS based on a real
dataset using machine learning te€hniques. Our work was motivated by the hypothesis that an
identification of the syndrome caselisypossible using a minimum number of medical features with at
least 90% of accuracy.

In order to achieve our goal, we followed two.phases. In the first phase, we built a descriptive model,
which aimed at identifying a minim@m relévant feature subset from an original 156-feature dataset.
As showed in Figure 5.1, the descriptivemodel®€onsists of two approaches. In a first approach of this
phase, we applied filter methods and PAM clugtering algorithm to fulfill our goal. Filter methods
investigated included: CFS, chi-squaredyinformation”gain, symmetrical uncertainty and consistency.

Conclusions from first approach are [53]:

e PAM underperforms in the presence of rédundant and/irrelevant features and highlight the
importance of feature selection methods.

e Purity is a good evaluation metric for clustering when thesiuanber of clusters is known, as in
this case. Higher purity is easily achieved as the number of'clusters increases.

e Information gain, symmetrical uncertainty and CFS showed to be highly efficient as they could
obtain a reduced subset of relevant features that allow identifying£&tr subtypes of GBS with
high purity (0.7984). The first two methods coincided in the same seven variables. CSF se-
lected 16 variables.

Our second approach of the descriptive model introduced a novel method called QSA-PAM. Dif-
ferent feature subsets were randomly selected from the dataset using the QSA metakiguristic. New
datasets created using the feature subsets selected were used as input to PAM algorithm to build
four clusters, corresponding to a specific GBS subtype each. Finally, purity of clusters was measured.
An initial experiment consisting of 30 runs of QSA-PAM was performed. The frequency ‘of selection
of each feature across the 30 runs was computed. A new dataset was created using the tesultant
top fifty features from the initial experiment and used as input to a final experiment of 30 suns of
QSA-PAM. Finally, a 16-feature subset was identified as the most relevant. Conclusions from this
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First ach:
Filte

‘ - Purity ranging
0.6589-0.7984

Second approach:
QSA-PAM method

: -

<.
N

Figure 5.1: A aches in the descriptive model.

approach are [18]: Q‘f}‘ Q((

e QSA-PAM was able to find a 16-feature subset that C(%ﬂd four clusters, each correspond-
ing to a GBS subtype, with a purity of 0.899
7 0

J

e The ability of metaheuristics to find good solutions to combi%al problems in large search

spaces was confirmed.

In the second phase, we built a predictive model, which used the 16 relevanres identified with
QSA-PAM method to classify GBS subtypes. Again, two approaches were usedsas shown in Figure
5.2. In the first approach, classification experiments were conducted using six@ classifiers. Three
types of experiments were performed: four GBS subtype classification, OVA classifﬁen and OVO
classification.

Conclusions from first approach are: 6

o e In four GBS subtype classification, we obtained an average accuracy >= 0.90 with\%f
classifiers investigated.

e In OVA classification, the two classes with the largest number of instances resulted in the best
classification results, that is AMAN vs ALL and AMSAN vs ALL.
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CHAPTER 5. CONCLUSIONS AND FUTURE WORK
D,

First approach:
ingle classifiers

* Faster, simpler and
cheaper identification
of the GBS case

‘ + Identification of the best

experimented classifiers for each
classification case

¢ Performance analysis in

Second approach: each classification experiment

Ensemble metho

-

e In OVO classification, all classii@zns wi@/lAN subtype present resulted with the highest

performance in balanced accurac ost %e standard deviation across 30 runs.

-
e The analysis performed provides insight about %t classifiers for each classification case.

*
The second approach applied ensemble methods. Three types ofjexperiments were performed: four
GBS subtype classification, OVA classification and OVO classification. A comparison of performance
between first and second approaches was made. Conclusions fromssecond approach are:

Figure Approachei"n the predictive model.

e Ensemble methods outperformed single classifiers in four GBS su;m classification, AIDP vs
AMSAN and AIDP vs MF. Random forest in two first cases and r ﬁlbspace in the last
case.

e However, in most cases, single classifiers resulted better than the ense thods investi-
gated in this work. 68

e The analysis performed provides insight about the best classifiers for each cla%cion case.

As to the specific objectives proposed at the beginning of this work. All of these were me ma-
chine learning model was built that was able to identify a minimum relevant feature subset. Also, a
machine learning model that recognizes clinical patterns of Guillain-Barre syndrome subtypes was
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5.1. FUTURE WORK

implementeds” Finally, a machine learning model that applies the predictor variables of Guillain-
Barre syndroeme jin a predictive model was also built.

After results of all experiments and statistical analysis, we conclude that our hypothesis "deter-
mining predictor vagi@hles, subtypes and classification of patients with GBS through computational
machine learning models_allows the modeling of this syndrome with at least 90% of accuracy", is
accepted.

5.1 Future work

In the first approach of the descriptive model, we applied five filter methods for feature selection.
Three of them were able to obtain a,reduced subset of relevant features that allow identifying four
subtypes of GBS with high purity (07984). It would be interesting to investigate another filter
methods like FCBF (Fast Correlation-Based-Filter) [95] and INTERACT [96] in further studies.
Also, more sophisticated methods of featureé selection are recommended for analysis, such as those
listed in [81, 84, 25].

As for the second approach of the descriptive model, a selection of the top fifty frequently selected
features from the initial experiment wassuade. This selection can be more precisely made by using
a threshold method in future studies.

Also, machine learning techniques such as“meural netwotks, or support vector machines could be
used for clustering, and compared their efficiency with that.ef PAM. This study is planned for fu-
ture research. In addition, using different metaheuristics o 8A combined with other functions of
energy in the process of feature selection can be further investigated for a more robust hybrid model.

Concerning the predictive model, the following topics will be furthérinvestigated:

e The causes of the lower performance of the ensemble methods investigated in this work than
that of single classifiers, in most cases.

e The reason why random subspace was not able to improve the performance.of its base classifier,
in most cases.

e Methods to tackle the imbalanced data problem.

e The application of Case Based Reasoning (CBR) methodology.

e The building of a prognostic model for early prediction of outcome in GBS usinganachine
learning.
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