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to learn without being explicitly programmed”
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Machine learning: Where does it fit? What is it not?
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Introduction

Introduction

Machine Learning: “Field of study that gives computers the ability
to learn without being explicitly programmed”
Artificial Intelligence Statistics / Mathematics

Data mining |
Machine L

Computer Vision

Robotics

Machine learning: Where does it fit? What is it not?

Pattern Recognition/System Modelling:

@ Unsupervised learning

@ Supervised learning
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Introduction

Supervised learning
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® Tumour benign
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Tumour size
Classification problem “Can you
estimate prognosis based on tumour
size and known age?”

Regression problem “Given these

data, a friend has a house of 75

square meters, how much can he
expect to get?”.
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Binary vs Ordinal Classification
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Comparison of binary and ordinal classification
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Introduction

Ordinal regression

Ordinal classification/regression (OR)

Definition: Ordinal classification (so called ranking, sorting or
ordinal regression) is a supervised learning problem of predicting
categories that have an ordered arrangement.
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Introduction

Ordinal regression

Ordinal classification/regression (OR)

Definition: Ordinal classification (so called ranking, sorting or
ordinal regression) is a supervised learning problem of predicting
categories that have an ordered arrangement.

Goals/Challenges:

| A\

@ To exploit the ordinal relationship of the data.

@ To minimize errors that consider the order between classes.
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Introduction

Ordinal regression

Ordinal classification/regression (OR)

Definition: Ordinal classification (so called ranking, sorting or
ordinal regression) is a supervised learning problem of predicting
categories that have an ordered arrangement.

Goals/Challenges:

@ To exploit the ordinal relationship of the data.

@ To minimize errors that consider the order between classes.

Applications

Teaching assistant evaluation, car insurance risk rating, pasture
production prediction, breast cancer conservative treatment, credit
rating. ..
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Introduction

Ordinal regression example: illness classification

@ lliness degrees based on an ordinal scale
{C = risk, C; = severe, C3 = normal,
C4 = possible presence, Cs = absence}
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@ lliness degrees based on an ordinal scale
{C = risk, C; = severe, C3 = normal,
C4 = possible presence, Cs = absence}

@ Class labels are imbued with order information
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Introduction

Ordinal regression example: illness classification

@ lliness degrees based on an ordinal scale
{C = risk, C; = severe, C3 = normal,
C4 = possible presence, Cs = absence}

@ Class labels are imbued with order information

@ Misclassification costs are not the same for different errors
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Introduction

Ordinal regression example: illness classification

@ lliness degrees based on an ordinal scale
{C = risk, C; = severe, C3 = normal,
C4 = possible presence, Cs = absence}

@ Class labels are imbued with order information
@ Misclassification costs are not the same for different errors

e Class imbalance can be very common (e.g. medicine, teaching
evaluation. . .)
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Introduction

Problem formulation

@ The purpose is to learn a mapping ¢ from the input space X
to a finite set C = { Gy, &y, ..., Co} containing Q labels,
where the label set has a linear order relation
G<G<...=< CQ.

@ Each pattern is represented by a K-dimensional feature vector
x € X C RX and a class label y € C.

@ The training dataset T is composed of N patterns
T={X,Y)=(xi,yi): ;€ X, y;€C(i=1,...,N)}, with
X = (X,"l, X,'72, e ,X,"K).
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Motivation and challenges

@ State-of-the-art in ordinal regression
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Introduction

Motivation and challenges

@ State-of-the-art in ordinal regression
@ Class imbalance

@ Data ordering exploitation
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Introduction

Motivation and challenges

@ State-of-the-art in ordinal regression
@ Class imbalance

e Data ordering exploitation

°

Real world problems
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Objectives

Objectives |

All these challenges result in the following formal objectives
considered for the thesis:

@ State of the art in ordinal regression objectives:

@ To propose an OR method taxonomy.
@ To review OR evaluation metrics.
@ To select benchmark datasets.
@ Class imbalance can be divided into the following objectives:

@ To perform an analysis of the state of the art for nominal class
imbalance.

@ To optimize algorithms that tackle the nominal class imbalance
as a multi-objective optimization problem.

@ To explore new solutions considering ordinal class imbalance.

Javier Sdnchez Monedero Tesis Doctoral
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© Data ordering exploitation:

o

o

To check if data ordering exploitation improves classification
performance in OR problems.

To design OR algorithms based on standard regression but
avoiding any trivial assumption about the latent variable.

To develop latent variable modelling approaches only with
restrictions in the labels set.

To develop classifiers that exploit the input data ordering.

To develop methods that relax the data projection of threshold
methodes.

Javier Sdnchez Monedero Tesis Doctoral
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Objectives

Objectives Il

@ Application of OR methods to real problems:

@ To develop sovereign credit rating classification methods using
ordinal regression.

@ To develop wind speed forecasting systems using ordinal
regression.

Javier Sdnchez Monedero Tesis Doctoral 14 /58
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Objectives

Proposals overview

OR State of the Art - Review
Taxonomy Datasets Performance@ - Evolutionary ANNs

and Review?& Metrics Latent Variable Modelling

New Proposals for Class Imbalance International Conference

International Journal

CCR vs MS
RMSE vs MRMSE
CEntropy vs MCEntropy

New Proposals for Ordinal Regression
EELM EELM for @
Aplications of Ordinal Regression

Extensions Ordinal Regression
Latent Indirect Modelling: @ Soverei.n Debt
Variable NVR Rating
Modelling Direct Modelling: Wind Speed
PCDOC Forecasting
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Ordinal Regression Methods

Proposed Taxonom

Ordinal
Regression

Threshold Augmented

models

Binary
Decomposition

Naive
Approaches

Discriminative Models
- Cummulative Link Models

Cost - Support Vector Machines
Regression CINO‘IEIM% Sensitive I\ﬁﬂgp}f E;nglei - Discriminant LeaFning
eI Classification ode ode - Perceptron Learning
Generative Models

- Gaussian Processes
Ensembles
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Related works

The Class Imbalance Problem

@ Data imbalance refers to
datasets where the number
of patterns belonging to
each class varies noticeably

o Classifiers tend to ignore
minority classes

o Typically, those are the
most interesting ones
(e.g. illness detection)

@ Very active research in
nominal binary and
multi-class fields
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Related works

The Class Imbalance Problem

@ Data imbalance refers to
datasets where the number
of patterns belonging to
each class varies noticeably

— no weights
with weights

o Classifiers tend to ignore

minority classes °
o Typically, those are the -
most interesting ones . o Z° .
(e.g. illness detection) N e . .
@ Very active research in Imbalance problem depends on
nominal binary and the noise and overlap degree

multi-class fields
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Related works

Evaluation of imbalanced problems

Evaluation metrics:

@ Essential to evaluate and
guide the learning algorithms
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Related works

Evaluation of imbalanced problems

Evaluation metrics:

@ Essential to evaluate and E
guide the learning algorithms v_j\perfmaassmcanon
0.8
@ Binary problems: - .
precision /recall, F-measure, gos ’
ROC and AUC E bE“E"ClaSSiﬁCﬂﬁO"//I random classification
$0.4

02 .
Lo worse = ROC curve (area = 0.95)
ROC curve (ar 85)
— ROC curve (area = 0.76)
085 0.2 08 10

0.4 0.6
False Positive Rate
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Related works

Evaluation of imbalanced problems

Evaluation metrics:

@ Essential to evaluate and

ide the learning algorithms ' =
gt he g e ==
° Bma.r}‘/ problems: e L /%%%
precision /recall, F-measure, 5 ol /%Z%%%Z%
ROC and AUC 7,
- ..
o Multi-class problems: I
Geometric Mean of accuracy i //%%%%%%%%%
D
for each class and the w5 0z ) os os g
Accuracy-Minimum r—
Sensitivity
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Related works

Solutions to the imbalance problem

@ Data preprocessing level: the data is preprocessed suppressing
or adding patterns — resampling techniques

@ Model and algorithm level: the models and/or training
algorithms consider performance of can be modified for
dealing with data imbalance.

© Hybrid approaches

Javier Sdnchez Monedero Tesis Doctoral 21 /58
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Related works

Accuracy vs. Minimum Sensitivity

— no weights
- - with weights

@ Accuracy vs. Minimum Sensitivity
for ANNs training formulated as a
multi-objective optimization
problem
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Accuracy vs. Minimum Sensitivity

— no weights
- - with weights

@ Accuracy vs. Minimum Sensitivity
for ANNs training formulated as a
multi-objective optimization
problem

@ Multi Objective Evolutionary
Algorithm (MOEA)

Cihocuracy)
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Related works

Accuracy vs. Minimum Sensitivity

— no weights
- - with weights

@ Accuracy vs. Minimum Sensitivity
for ANNs training formulated as a
multi-objective optimization
problem

@ Multi Objective Evolutionary
Algorithm (MOEA)

@ Pareto based algorithms: good
classification performance at the
cost of high computational cost

Cihocuracy)
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Multi-objective reformulation and Training algorithm

The previous Pareto based approach is reformulated as a weighed
convex linear optimization problem
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Multi-objective reformulation and Training algorithm

The previous Pareto based approach is reformulated as a weighed
convex linear optimization problem

...the error functions are not differentiable. . . )
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Proposals

Multi-objective reformulation and Training algorithm

The previous Pareto based approach is reformulated as a weighed
convex linear optimization problem

...the error functions are not differentiable. . . J

4

@ Meta-heuristic method: Evolutionary Algorithm

@ Evolutionary Extreme Learning Machine

o Based on Differential Evolution
e Avoids costly gradient descent optimization

Javier Sanchez Monedero Tesis Doctoral 23 /58
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Proposals

Results |

Nemenyi Critical Distance (CD) diagrams comparing CCR and MS
mean results:

Correct Classification [eh)
Rate (CCR) mean ranking
= roposa NI T T T S S
Baseline Method T
MS extreme of  PDEMS)— Lsve
MOEA (Pareto) PDE(C) EELM(C)
EELM(MS) ———— —— EELMCS(E)
HPDE(MS)
ELM EELMCS(CS)
Rprop HPDE(C)
OPELM
Minimum Sensitivity (MS) o)

mean ranking

@ Proposal A e —

Baseline Method
MS extreme of
MOEA (Pareto) Rprop——
OPELM—— L EELMCS(CS)
PDE(C)————————— L EELMCS(E)
EM—— L EELMMS)
PDE(M: HPDE(MS)
WPDEC)————————— — EEIM([C)
sve
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Results |l

Nemenyi Critical Distance (CD) diagrams comparing training time
mean results:

Training Time b— ¢
mean ranking
@ Proposal SR LK LN R i
Baseline Method
MS extreme of
MOEA (Pareto) HPDEMS) L sve
HPDE(C)— L—Ewm
PDE(MS)——————— L Rpop
PDE(C)———— L oPEm
EELMCS(E) EELM(MS)
EELMCS(C! EELM(C)
L —
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Proposals for OR

Proposals for OR

@ Latent variable modelling with probability distributions
@ Pairwise Class Distances Projection for Ordinal Classification

© Evolutionary Extreme Learning Machine for Ordinal Regression

Javier Sdnchez Monedero Tesis Doctoral 27 /58
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Proposals for OR

Threshold Models |

Most common models in OR

Assumption: there exist a latent continuous variable that
captures the underlying order of the patterns

This variable is difficult to measure or cannot be observed

Input space X’: observable

Label space C: observable
Latent space Z: unobservable or non-directly observable

Javier Sdnchez Monedero Tesis Doctoral 28 /58
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Proposals for OR

Threshold Models Il

The threshold model can be represented with the following general
expression:

Cl, Ifg(X) 301,

f(x.8) = C2 if 01 < g(x) < 0y, (1)

CQ’ If g(x) > 00—11

where g : X — R is the function that projects data space onto
the 1-dimensional latent space Z C R and 01 <6... <0g_1
are the thresholds that divide the space into ordered intervals
corresponding to the classes.

Javier Sdnchez Monedero Tesis Doctoral
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Proposals for OR

Threshold Models Il

Example projection of
Linear Discriminant
Analysis for OR
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Proposals for OR

Switching from classification to regression

@ We move from the following classification problem. ..

T:{(x,-,y,-)\x,-EX, y;GC,i:1,...,N},X,':(X,'l,...,X,'K).

@ ...to a regression problem where the response variable is
generated by the algorithm:

T = {6 00 | (x130) € T

where ¢ assigns a value in the latent space Z to each pattern
during the training phase

© At this point we can apply any generic regressor g to predict
the latent variable

@ Prediction consist on estimating z values for each pattern and
then assign it to each class according to a threshold set

Javier Sdnchez Monedero Tesis Doctoral 31/58
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Latent Variable Modelling with Probability Distributions

NVR |

@ Indirect modelling of the latent space: NVR algorithm

@ The latent variable Z is considered as a random variable that
is sampled, depending on the pattern class, from a set of
different probability distributions

@ The NVR approach does not assume any ordering in the input
space, but only on the labels space, which is the strict
definition of Ordinal Regression

Javier Sdnchez Monedero Tesis Doctoral
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Latent Variable Modelling with Probability Distributions

NVR [I

Probability density functions for Q different triangular distributions. For each
pattern x; € class Cy, Fy = (Uglag, ¢, by) probability distribution is used for
L generating a random number.

F
ol
o
o
|
K B
-
| TN\
/ AN
% \
% \
o+ % \
% \
/ AN
L Ll L L L L L TN L
& < % = % = 5 % 55 ]
a c by =a © by=a3 c3 b3
' .
L=%

A priori probability fq = %} of a random sample to belong to each class con-
sidering the training dataset, where N is the total number of patterns and 7 is
the number of pattern of each class C;.

Figure: NVR with triangular probability distributions example
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Latent Variable Modelling with PCD projection

Exploitation of data ordering

@ The strict definition of OR limits the order restriction to the
labels space C
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Latent Variable Modelling with PCD projection

Exploitation of data ordering

@ The strict definition of OR limits the order restriction to the
labels space C

@ Nevertheless, some authors suggest that the label ordering
should be somehow present in the input space X
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Latent Variable Modelling with PCD projection

Exploitation of data ordering

@ The strict definition of OR limits the order restriction to the
labels space C

@ Nevertheless, some authors suggest that the label ordering
should be somehow present in the input space X

@ ;Can this order be exploited to improve the latent space (Z)
modelling?

Javier Sdnchez Monedero Tesis Doctoral 34 /58
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Latent Variable Modelling with PCD projection

Data ordering restriction
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Latent Variable Modelling with PCD projection

Data ordering restriction

If there is an order in the input space, this order should be
always present between adjacent classes

hez Monedero Tesis Doctoral
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Latent Variable Modelling with PCD projection

How 'well’ is a pattern placed?

+ class 1 k(x?),1) is calculated with pattern x(*)
 class 2 +
A class 3
* class(;g
ey
)

k(x®),3) is calculated with pattern x(*)

Point we want to calculate
- its associated wy(2

+
L L L L L L

How 'well' is a pattern placed in the latent space interval
corresponding to its class?

Javier Sdnchez Monedero Tesis Doctoral 36 /58
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Latent Variable Modelling with PCD projection

How 'well’ is a pattern placed?

+ class 1 k(x?),1) is calculated with pattern x(*)
 class 2 +
A class 3
* class(;g
ey
)

k(x®),3) is calculated with pattern x(*)

Point we want to calculate
- its associated wy(2

+
I I I I I I

How 'well' is a pattern placed in the latent space interval
corresponding to its class? — We estimate this value with the
minimum distances to the patterns of neighbour classes.

Javier Sdnchez Monedero Tesis Doctoral
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Latent Variable Modelling with PCD projection

Pairwise Class Distances projection

8oy spiral Two patterns of different classes *
4 class1| thatare closer in the input space * .
o cass2| &€ naturaly separated by the PCD % ¥

251 projection #0.9387
A class 3 /
* class 4

20} 0.9630
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Applications
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of SVR-PCDOC

Latent Variable Modelling with PCD projection

Experimental results

Accuracy Meansp

Method/DataSet Hondrate TactT D X pasturc  squash-stored _squash-unstored Tac yred
ASAOR(C1.5) 0.69620 0555 0.53330.0743  0-75000 0545 0.63910.0360  0.91670.03ss 075190 1250 0.60260 1170  0-77440 1009 0394Tg.057s  0.60270.0211
POR 0.61090.0726  0.57780.0320  0.60560.0027  0.68550.0341  0.96600.0244  0.52220.1770  0.45130.1005 0.64360.1622 0.32810.0407 0.60580.0148
KLDOR 0.72180.0575 0.54220.0s71  0.58890.1736  0.61070.0082  0.97160.0187  0.6778p.1250 0.70260.1120 0.82820.1043  0.55530.0519  0.60290.0165
OM 0467301010  0.344401605  0.62220.1370  0.159d0.0361  0.97229.0222  0.49630.1537  0.38210.151s  0.348701425  0.51230.0s00  0.59400.0174

VC 0.69740.0623  0.55560.0686  0.79440.1290 65340.0365  0.96670.0250  0.63330p.1342  0.65640.1273 0.70000.0817 0.53860.0617  0.63580.0210
SVMRank 0.68400.0518  0.55330.0725  0.70000.1107  0.65110.0244  0.96850.0224  0.64810.1300  0.66410.1010  0.74870.0855 052190735 0.61780.0215
OREX 0.66540.0670  0.55330.0061  0.65000.1265  0.64670.0288  0.96730.0221  0.62960.1240  0.62820.1326  0.7179.1283  0.58070.0602  0.62930.0217
VORTAL 0.63850 0757 0.54670 nats  0.63330 1060 0.63860 o 0.969100o1a  0.66670 1003 0.638501181  0.7641073000  0.58950 agar  0.63030 0210

(SVR-PCDOC 0.67820.0505__ 0.53970.1000 __ 0.6889%0.0052 _ 0.6482¢.0280  0.97350.0205 65560.1025 0684601235 0.69490.0845 0.58169.0542 63060.0225)

“MAE Moansp

Method/DataSet ondrate Tact-Tenses calypius 5 pasture squash-stored _squash-unstored Tac d
ASAOR(C1.5) 0.40060 0945 062440 0702 0.30670.1541  0:38350.0417  0.08330 03ss 024810 1a50 0443601305 0-23880. 100/ 068600 1aas  0.44060.0234
GPOR 0594201307 0.62440.0619 0511191747  0.33100.0378  0.03400.0244 0488901901  0.62560.1181  0.3564071622  0.86140.1551  0.42480.0172
KLDOR 0.33400.0760  0.58670.1071  0.53890.20s5  0.42360.0321  0.02840.0187  0.92229.1250 0.307To.1278  0.17180.1043 0472800056 0.443d0.0188
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Latent Variable Modelling with PCD projection

Problem of the highly non-linear transformations
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Sovereign Credit Rating
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Sovereign Credit Rating

Sovereign Credit Rating

Sovereign Credit Rating
has had an increasing
importance since the
beginning of the financial
crisis

e Credit rating agencies opacity has been criticised by several
authors, highlighting the suitability of designing more
objective alternative methods

@ Here we address the sovereign credit rating classification
problem within an ordinal classification perspective

Javier Sanchez Monedero Tesis Doctoral 42 /58
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Sovereign Credit Rating

Experimental Results |
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Applications

Accuracy MAE

Method/DataSet Fitch Moody's S&P | Fitch Moody’s S&P

C4.5 0.6296 0.6667 0.5926 0.4074 0.4074 0.4815
Milogistic 0.4815 0.7778 0.3704 0.8889 0.3333 0.8889
MLP 0.6667 0.8519 0.6667 0.4074 0.2593 0.4444
Slogistic 0.7407 0.7778 0.7037 | 0.2593 0.2963 0.4074
ASAOR(C4.5) 0.5926 0.6296 0.7037 | 0.4815 0.4815 0.4074
RED-SVM 0.6667 0.8148 0.6667 0.3333 0.2222 0.4074
GPOR 0.7407 0.7037 0.6667 0.3704 0.4444 0.4444
SVOREX 0.7037 0.7778 0.5926 0.2963 0.2593 0.4444
SVORIM 0.6667 0.8148 0.6296 0.3333 0.2222 0.3704
SVR-PCDOC 0.7778 0.8148 0.7407 | 0.2222 0.2222 0.2593

The best result is in bold face and the second best result in italics
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Sovereign Credit Rating

Experimental Results |l

Class imbalance

Proposals for OR

ooe

Applications

AMAE Th

Method/DataSet Fitch Moody's S&P | Fitch Moody’s S&P

C4.5 0.4400 0.6800 0.5111 0.7621 0.7367 0.7655
Milogistic 1.1600 0.6467 0.9333 0.5255 0.7719 0.5121
MLP 0.5267 0.4067 0.4000 0.7972 0.8097 0.7492
Slogistic 0.2667 0.6200 0.5111 0.8951 0.8151 0.8060
ASAOR(C4.5) 0.4533 0.7533 0.4222 0.6989 0.6655 0.7570
RED-SVM 0.2822 0.5356 0.4222 0.8835 0.8590 0.8052
GPOR 0.5133 0.9200 0.6222 0.7738 0.6869 0.7807
SVOREX 0.2422 0.5622 0.4444 0.8886 0.8610 0.7873
SVORIM 0.2756 0.5356 0.3556 | 0.8799 0.8525 0.8370
SVR-PCDOC 0.2089 0.5467 0.2889 | 0.9224 0.8610 0.8849

The best result is in bold face and the second best result in italics
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Wind Forecasting

Wind Forecasting

@ Wind farm managers need forecasting of
wind speed to manage the farm (e.g.
wind turbines stop)

@ Wind speed had been studied as a
standard regression problem

@ Managers need a general idea of the level
of speed — ordinal categories

@ Simplification of the problem can help to
improve accuracy of the models
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Wind Forecasting

Wind Speed Categories

Figure: Wind speed classes . . .
(CL< Co < Cs < Gy) and its Figure: Synoptic pressure grid
relationship with the power curve of considered (Sea Level I-Dress.ure
the wind turbines values have been used in this

' chapter).
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Wind Forecasting

Experimental Results

Test Mean Absolute Error (MAE) results

Wind farm
Classifier H M P V] z ‘M Ru

SVM 0.242 0.267 0365 0.382 0.300 0.311 2.90

LMT 0.250 0.293 0.459 0.383 0.373 0.352 6.20

C45 0.335 0310 0540 0.434 0.487 0.421  10.90
AdalO(C45) 0.314 0.318 0.492 0.381 0.420 0.385 8.60
Adal00(C45) 0.260 0.281 0.419 0.389  0.354 0.341 6.00
MLogistic 0.258 0.288 0.514  0.433  0.405 0.379 7.80
SlLogistic 0.250 0.293  0.495 0.434 0.400 0.374 7.70

ASAOR(C45) 0.293 0.299 0.465 0.438 0.463  0.392 9.40
RED-SVM  0.242 0.261 0.364 0.382 0.295 0.309 2.20
SVOREX 0.245 0.268 0354 0378 0.317 0.312 270
SVORIM 0.248 0.267 0.355 0.378 0.314 0.312 2.60
GPOR 0.289 0316 0.526 0.472 0.513 0.423 11.00

HMM 0.301 0.322 0.646 0.525 0.535 0.466  12.60
The best result is in bold face and the second best result in italics
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Conclusions and Future Work

Conclusions and discussion |

@ State of the art in ordinal regression objectives: taxonomy and
review, datasets and performance metrics

@ Class imbalance: linear combination of continuous error
functions:

e Improves computational time
e Produces an unique candidate solution
o Lessons for EELMOR

Javier Sdnchez Monedero Tesis Doctoral 51 /58
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Conclusions and Future Work

Conclusions and discussion 1l

© Data ordering exploitation:

o Considering patterns distribution through space can improve
performance

e Thresholds can be fixed so we reduce the number of
free-parameters

e Strong pressure in the projection is not always the best option

o Not always the ordinal regression methods have the better
performance

Javier Sdnchez Monedero Tesis Doctoral 52 /58
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Future Work
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Future Work

Class imbalance techniques for ordinal regression J

PCD projection is sensitive to outliers — improve robustness J

Why ordinal methods are not achieving the best results in ordinal
datasets?
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Future Work

Class imbalance techniques for ordinal regression J

PCD projection is sensitive to outliers — improve robustness J

Why ordinal methods are not achieving the best results in ordinal
datasets? — How to learn and evaluate data ordering
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Retos en clasificacion ordinal: redes neuronales
artificiales y métodos basados en proyecciones

Challenges in ordinal classification: artificial neural
networks and projection-based methods
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