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1 Introduction

« Support vector machine » for regression.

Support Vector Machine (SVM) is a well-know approach in the machine learning community. It is usually
implemented for a classification problem in a supervised learning framework. But SVM can be used also in a
regression problem, where we want to predict or explain the values taken by a continuous dependent

variable. We say Support Vector Regression in this context’ (SVR).

The method is not widely diffused among statisticians. Yet it combines several desirable properties
compared with existing techniques. It has a good behavior even if the ratio between the number of
variables and the number of observations becomes very unfavorable, with highly correlated predictors.
Another advantage is the principle of kernel (the famous "kernel trick"). It is possible to construct a non-
linear model without explicitly having to produce new descriptors. A deeply study of the characteristics of

the method allows to make comparison with penalized regression such as ridge regression®.

The first subject of this tutorial is to show how to use two new SVR components of the 1.4.31 version of

Tanagra. They are based on the famous LIBSVM library (http://www.csie.ntu.edu.tw/~cjlin/libsvm/). We

use the same library for the classification (see C-SVC component, http://data-mining-

tutorials.blogspot.com/2008/11/svm-using-libsvm-library.html). We compare our results to those of the R

software (version 2.8.0 - http://cran.r-project.org/). We utilize the e1071 package for R (http://cran.r-

project.org/web/packages/e1071/index.html). It is also based on the LIBSVM library.

The second subject is to propose a new assessment component for the regression. It is usual in the
supervised learning framework to split the dataset into two parts, the first for the learning process, the
second for its evaluation, in order to obtain an unbiased estimation of the accuracy. We can implement the
same approach for the regression. The procedure is even essential when we try to compare models with
various complexities (or various degrees of freedom). We will see in this tutorial that the usual indicators
computed on the learning data are highly misleading in some situations. We must use an independent test

set when we want assess a model (or use a resampling scheme).

2 Dataset

We use the QSAR.XLS® data file. We want to predict a biological activity from chemical structure®. The data

file contains 74 examples and 25 variables: the dependent attribute is ACTIVITY; the variables from

! http://en.wikipedia.org/wiki/Support vector machine ; http://eprints.pascal-

network.org/archive/00002057/01/SmoSch03b.pdf ; http://users.ecs.soton.ac.uk/srg/publications/pdf/SVM.pdf

% N. Christianni, J. Shawe-Taylor, « An introduction to Support Vector Machines and other kernel-based learning

methods », Cambridge University Press, 2000, section 6.2.2.

® http://eric.univ-lyon2.fr/~ricco/tanagra/fichiers/qgsar.zip

* http://en.wikipedia.org/wiki/Quantitative structure-activity relationship
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P1_POLAT to P3_PI_DONER are the independent attributes; SUBSET is used for subdividing the dataset in a

train set (30 examples) and test set (44 examples).

3 Multiple linear regression with Tanagra

First we want to study the behavior of the state of the art regression technique i.e. the linear regression”.
Our idea is to compare the behavior of the SVR with this method. Is the SVR is really better for our QSAR

problem?

3.1 Dataimportation
After we launch Tanagra, we click on the FILE / NEW menu. We select the data file QSAR.XLS®.
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The diagram is automatically created. The dataset is loaded. Tanagra displays the number of examples and

variables in the current data file.

> http://en.wikipedia.org/wiki/Linear Regression

® Tanagra can handle directly the XLS file format. In this context, the dataset had not in the same time to be loaded
into Excel (http://data-mining-tutorials.blogspot.com/2008/10/excel-file-format-direct-importation.html). We can

also use an add-on to send the dataset from Excel to Tanagra. The process is very simple in this situation (http://data-

mining-tutorials.blogspot.com/2008/10/excel-file-handling-using-add-in.html)
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# TANAGRA 1.4.31 - [Dataset (qearsde)]
E File Diagfa-r;xponent Window Help
I = |;
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Selected sheet  dataset 3
Sheet size 75 x 25
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Datasource processing
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Alocated memory 36 KB

Dataset description

25 attribute(s)
74 example(s) i
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3.2 Subdividing the dataset into train and test sets
We want to use the SUBSET column for the dataset subdivision. We insert the DISCRETE SELECT EXAMPLES
(INSTANCE SELECTION tab) component into the diagram. We set the following parameters by clicking on

the PARAMETERS contextual menu.

#F TANAGRA 1.4.31 - [Dataset (gsarxis]
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We validate and we click on the VIEW menu. We see that 30 examples are assigned to the learning phase;

the others (44 examples) will be used for the assessment of models.
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3.3 Dependent variable and independent variables

The DEFINE STATUS component allows to specify the types of variables. We set ACTIVITY as TARGET; the
others as INPUT. The SUBSET column is not used here.

Define attribute status

| Parameters |
Attributes - I
- foutes Target Input | lllustrative
TANAGRA 1.4.31 - [Di !
E v C p2_h_doner activity
File Dim Compenent  Win C p2_h_acceptor
~u C p2_pi_doner
O @ i ) o i acca
Default title: C
.. Dataset (gsar.xls) C ::EEﬁne i T T s"es
= Discrete select examples Coih
%Y Define status 1 C p3_h| Parameters
L=
I =N
| Targeg® Input | lllustrative
B | = p2_size -
] p2_flex
p2_h_doner
= p2_h_acceptor
p2_pi_doner
e = b
Data visualization | pjl—h.—a;'temm - | gi_g::_l :ﬁ:gtluer
Feature construction | Feature selection Bi-pLcenet pz_gigma
p1_pi_acceptor p3_size
PLS | Clustering p1_polarisable p3_flex 3
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3.4 Linearregression

We insert the MULTIPLE LINEAR REGRESSION component (REGRESSION tab) into the diagram. We click on

the VIEW menu in order to launch the calculations.
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TANAGRA 1.4.31 - [Multiple linear regression 1]
EFile Diagram Component  Window Help

O B %

Drefault title

=-EF] Dataset (gsar.xls)
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The model seems very good, the coefficient of determination is R?> = 98.88% i.e. 98.88% of the variability of

the dependent variable is explained by the model.

But stopping the analysis at this stage would be a mistake. The number of independent variables is high in

relation to the number of examples. An overfitting can occur. It would be judicious to assess the quality of

the model on a dataset which has not contributed to its construction. It is the purpose of the test sample.

3.5 Evaluation on the test sample

We want to compare the observed values of the dependent attribute (ACTIVITY) with the predicted values

of the model on the test sample defined by SUBSET = TEST. We must specify the type of variables with the
DEFINE STATUS component: we set ACTIVITY as TARGET; PRED_LMREG_1, automatically added by the

regression component, as INPUT.
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We can now insert the REGRESSION ASSESSMENT component. We set the parameters in order to make the

comparison on the unselected examples at the beginning of the diagram i.e. the test sample.

T.QNAG.IiA 1.4.31 - [Multiple linear - rﬁsion
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We click on the VIEW menu. These results deserve some explanation.

__EFiIe Diagram Component Window Help

D H| 4

Drefault title

=] Dataset (gsar.xls)
B,?t Discrete select examples 1
Bﬂ Define status 1
E|Lr_{ Multiple linear regression 1
Bﬂ Define status 2

Regression Assessment 1

Used dataset : unselected examples

Dataset size : 44

m

Errar Sum of Squares
Parameters... Observed Predicted Default (Mean) Model Pseudo-R2
Evecute activity  Pred_mreg_1 0.5536 0.9722 -0.7563
.
View /
Components
Data visualization | Statistics | Nonparametric statistics | Instance selection | Feature construction |
Feature selection | I Regression | Factorial analysis | PLS | Clustering |
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l% Espilon SVR

E‘g MNu SYR IQ, Regression tree

The residual sum of squares of the model is computed as follows

RSS o = 2. (¥, = Pimoaa)” = 0.9722

The smaller is the obtained value, the better is the model. But the value in itself is not really informative.

We must compare this one to a reference situation.
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We call "default model" the model which does not use the information from the independent variables for

the prediction of the dependent variable. According to least square principle, the default model is simply

the mean of the dependent variable computed on the training sample i.e. j/i,defau,t =Y pain -

So, the residual sum of squares of the default model is

RSSdefault = Z(yi - j}i,deﬁ;uh)z =0.5536

We can now define the pseudo-R2 criterion as follows

RSSmodcl

Pseudo — R* =1 — ———model.
RSSdefault

When we have a perfect model, Pseudo-R2 = 1; if our model is not better than the default model, Pseudo-

R2 = 0; if our model is worse than the default model, Pseudo-R2 < 0.

In our situation, Pseudo-R2 = 1 —0.9722 / 0.5536 = -0.7563. Our model, which seems accurate on the train

set, is in reality very bad, worse than the default model, when we measure the accuracy on the test set.

A posteriori, this result is obvious. The number of variables is high compared with the number of examples,
an overfitting on the learning sample occurs during the learning process. The model is not reliable. It

predicts badly on the population. We must regularize more strongly the learning process.
4 ¢-SVR avec Tanagra

4.1 Training phase - Linear Kernel

We want to implement now the Epsilon-SVR component (REGRESSION tab). We insert it after the DEFINE
STATUS 1 into the diagram. We click on the PARAMETERS menu. The default parameters are the following:

r - ]
i TANAGRA 1431 %M
File Diagram Component Window Help
=] | " epsilon - SVR
—
Drefault title: .
m Parameters e —
(-] Dataset (gsar.xls) ] — i
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E|L,_{ Multple linear regression 1 Epsiion ID'I—

¥4 Define status 2 SVrigs

17, Regression Assessment 1 Kernel type :
Parameters. __ll-} Degree of kernel function : 3
Execute =N |_ Gamma : 0 3
\ . =
SO View . Coef0: IU—
Data \PISLIE1§1:IOI'I r=Nonparametri
Feature selecti\oq Regression Factorial Penality cost (Complexity) : 1
Spv learning  \ Meta-spv learning Spv learning 2

More informations about parameters

\
f Backward Eliminatioﬁ Reg f Forward Entry Regression Lﬁ, Outlier
1# DfBetas y 1 Multiple linear regression i Regress
]é Espilon SVR = - E;.Nu SYR -Q, Regress

[ ok ][ cancel || Hep |

We do not modify these settings. We validate and we click on the VIEW menu. We obtain:
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EFiIe Diagram Compeonent Window Help

D H| N

Drefault title:
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BL'_{ Multiple linear regression 1
. 5-B% Define status 2
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Parameters...

Execute

View

SVM characteristics

Characteristic  Value

# support vectors 26

Analysis of variance

Sum of squares
Total 0.6531
Error 0.0106

Pseuwdo-R2 (1-Error/Total) 0.9838

< 1 |

m
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I—r_{Mulﬁple linear regression Lv Regression Assessment
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The number of support vectors is 26. The Pseudo-R2 on the training sample is 0.9838. The regression seems

very good. But we know that this indicator, computed on the train set, is not really reliable.

4.2 Assessment

We want to use the test sample in order to evaluate the regression. We insert into the diagram: the DEFINE
STATUS component (ACTIVITY as TARGET and PRED_E_SVR_1 ad INPUT) and the REGRESSION ASSESSMENT

component (we use the unselected dataset i.e. the test sample).

EFiIe Diagram Compeonent Window Help

D H| N

Drefault title:
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-l Espilon SVR 1
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i [T
. o

Parameters...

Execute

View

Used dataset : unselected examples

m

Dataset size : 44

Error Sum of Squares
Observed Predicted Default (Mean) Model Pseudo-R2
ctivity  Pred_e_svr_1 0.5536 0.7256 -0.3108

| Components

Data visualization

|
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|

Spv learning Meta-spv learning
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lonparametric statistics |
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Factorial analysis | PLS | Clustering |
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[L DfBetas

| Espilon SVR 1# Nu SVR
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I—r_{Mulﬁple linear regression Lv Regression Assessment

-I&, Regression tree

We obtain Pseudo-R2 = 1 — 0.7256 / 0.5536 = -0.3108. The result is as wrong as that of the linear

regression. Let us see how to remedy this.
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4.3 Modifying the regularization parameter (Cost C = 0.03)

Clearly, there is overfitting on the train sample. We must smooth the influence of the train sample. We use

the regularization parameter for that i.e. the Complexity Cost parameter. It defines the cost associated to

observations outside the epsilon band width around the regression line. We click on the PARAMETERS

menu of the EPSILON SVR 1 component. We set Complexity Cost to 0.03.

@® Warning! The decimal separator may be different according to your OS.

T —
Regression Assessment

EFiIe Diagram Component Window Help

Dw H| %

Drefault title
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Kernel type :
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-
-
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. . . s _ae — i~
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Feature selection | I Regression | Factg COo _— e e e e e ———— -
Spv learning | Meta-spv learning | Spv learn More informations about parameters
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We validate and we click on the VIEW menu. Of course, the Pseudo-R2 computed on the train sample is

worse (0.6924).

EFiIe Diagram Component Window Help

0w HE| %

Default title

[=-EE] Dataset (gsar.xls)
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E|+:* Define status 1
: [ Multiple linear regression 1
B*:i Define status 2

.82 Regression Assessment 1

Parameters...

Execute

View

SVYM characteristics

Characteristic  Value

# support vectors 12

Analysis of variance

Sum of squares
Total 0.6531

Error 0.2009

Pseudo-R2 (1-Error/Total) 0.6924
4| i |

m
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Feature construction
Clustering

Association
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But what about the test sample? We click on the VIEW menu of REGRESSION ASSESSMENT 2.

"f TANAGRA 1.4.31 - [Regression Assessment
EFiIe Diagram Component Window Help

=y = N "

Default title

=B Dataset (gsar.xls)

El/_?i Discrete select examples 1

El 7% Define status 1
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% Define status 2
Lv Regression Assessment 1

=-1% Espilon SVR 1

Bf} Define status 3

Used dataset : unselected examples

m

Dataset size: 44

Errar Sum of Squares

L Observed Predicted Default (Mean) Model Pseudo-R2

Parameters... activity Pred_e_swr_1 0.5636 0.2899 0.4763
Execute
View L omponents
Data visualization | T ametric statistics | Instance selection | Feature construction |
Feature selection | I Regression | Factorial analysis | PLS | Clustering |
Spv learning | Meta-spv learning | Spv learning assessment | Scoring | Azsociation |

1% Espilon SVR % Nu SWR
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The Pseudo-R2 is now (1 — 0.2899 / 0.5536

training set, the model is better on the test set.

=) 0.4763. By being less dependent on the specificities of the

But finding the right parameter and set the right value are not really obvious. We try various values in order

to find C = 0.03. In the next section, we show how to try a range of values with the R software.

4.4 Using a RBF kernel (with C =1.0)

One of the main advantages of the SVR is the kernel trick property. We can implement a non linear model

without creating explicitly new variables. We click on the PARAMETERS menu. We set new settings.

EFiIe Diagram Component Window Help
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: Method Optimization
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¥4 Define status 2 pemmmTTTTTT T == - 3
Lv Regression Assessment 1 r\ - Kermnel type : Radial basis function ~ N
: Dearee of kernel ﬁJ;c't::n_: - Iﬁ _______
-l Define s Pararmneters,,, ——
LB Rear Gamma : ID— En
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View o Sesi_fo _ L
f\ﬁenalitymst (Complexity} : l'll— ~, :[
~ —_—
Data visualization | Statistics | Monpar| S S e e e e e e == .
Feature selection | I Regression | Fac More informations about parameters
Spv learning | Meta-spv learning | Spv led
{?_ Backward Elimination Reg -ri Forward Entry Regression Lﬁ,
I#, DfBetas [ Multiple linear regression - OK ” Cancel ” Help
| Espilon SVR [# Nu SVR £ Regression wree
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On the train set, we obtain Pseudo-R2 = 0.7361. What about the test set?

TR e
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We have Pseuo-R2 =1-0.2051 / 0.5536 = 0.6295, clearly better than the linear model.

4.5 RBFkerneland C=2.0

Again, if we set a judicious value for the regularization parameter, perhaps can we obtain better

performance? By using the trial and error scheme, it seems that C = 2.0 is an “optimal” value for the

complexity parameter. We click on the PARAMETERS menu and set the following modification.

.TA mﬂgl_
EFiIe Diagram Component Window Help

B

Default title

epsilan - SVR

[=-[EF Dataset (gsar.xls)
B,_ﬁ‘t Discrete select examples 1
Bm Define status 1
: Lr_{ Multiple linear regression 1
Bm Define status 2

i, Regression Assessment 1
[ERF4 E=pilon SVR 1
Bm Define st

Execute

Wiew

Parameters... _*

Data visualization Statistics | Maon

Regression |

|
Feature selection | I
|

Spv learning Meta-spv learning | Spv

# Backward Elimination Reg -ri Forward Entry Regression
Lﬁ, [DfBetas EMulﬁple linear regression
% Espilon SVR [ Nu SVR

Parameters

[ Method | Optimization |

Epsilon :

ID.‘I
Radial basis function ~

Kermnel type :

Degree of kernel function :

More informations about parameters

ok || cancel || Hep |
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We click on VIEW menu. The Pseudo-R2 on the train set is 0.9227.

EFHE Diagrarmn  Component Window  Help ’T"F‘

i = R

Default title

= Dataset {gsar.xls)
B,g?: Discrete select examples 1
Elf':i Define status 1

E|I.e_{ Multple linear regression 1

! EI ¥4 Define status 2

f_, Regression Assessment 1 Dataset size : 44

5114 Espilon SVR 1
E|f':i Define status 3 Error Sum of Squares

H Lv Regression Assessment 2 Observed Predicted Default (Mean) Model Pseudo-R2 L=
Parameters... activity Pred_e_swr_1 0.5536 0.1749 0.6840

Used dataset : unselected examples

m

Execute ——
e | — Components
Data visualization | T Nonparametric statistics | Instance selection | Feature construction |
Feature selection | I Regression | Factorial analysis | PLS | Clustering |
Spv learning | Meta-spv learning | Spv learning assessment | Scoring | Azsociation |

+ Backward Elimination Reg -!f‘ Forward Entry Regression [, Outlier Detection
[E, DfEetas E,Multiple linear regression a|_\. Regression Assessment
1% Espilon SVR #5 Nu SVR AQ, Regression tree

On the test sample, we obtain Pseudo-R2 = 1 — 0.1749 / 0.5536 = 0.6840. The improvement is not very

impressive. But, however, this is the best result that we obtained on our problem.

5 v-SVR with Tanagra

Nu-SVR is a variant of SVR (see http://www.csie.ntu.edu.tw/~cjlin/papers/libsvm.pdf).

5.1  Training phase

We insert the Nu-SVR component into the diagram. We click on the VIEW menu.

EFiIe Diagram Component Window Help ..:
I =

Default itle SVM characteristics 3

=-E&F Dataset (gsar.xls)

E|;_9f Discrete select examples 1 Characteristic  Value
Bf:i Define status 1 # support vectors 9
-1 Multiple linear regression 1 . .
. 584 Define status 2 Analysis of variance
. f_\. Regression Assessment 1 e ——
= I‘—d‘ Espilan SVR 1 Total 0.6531
=¥ Define status 3
: Error 0.0111

.82, Regression Assessment 2

Pseudo-RZ (1-Error/Total) 0.9830

Parameters... ‘_| = T | .
Execute e
Dat\ visualization View | Monparametric statistics | Instance selection | Feature construction |
Featurezselection | I Regression | Factorial analysis | PLS | Clustering |
\
Spv learming | Meta-spv learning | Spv learning assessment | Scoring | Azsociation |
{?_ Backward Eliminatign Reg -ri Forward Entry Regression [L Outlier Detection
I#, DfBetas S ~ [ Multiple linear regression 1) Regression Assessment
1<% Espilon SVR ~ |45 Nu SWR -’;:, Regression tree

The default kernel is linear. The Pseudo-R2 on the train set is 0.9830.
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5.2 Assessment on the test sample

For the evaluation, we insert again the DEFINE STATUS component (TARGET = ACTIVITY, INPUT =

PRED_NU_SVR_1) and the REGRESSION ASSESSMENT component (UNSELECTED).

= e
% TANAGRA 1431 - [Reg
EFiIe Diagram Component  Window  Help

BED

[ = "

Default title

=-EF) Dataset {gsar.xls)
E‘fi Discrete select examples 1
E-£% Define status 1

Used dataset : unselected examples

E|Lr_{ Multiple linear regression 1
% Define status 2

.87 Regression Assessment 1 Dataset size : 44

-1 Espilon SVR 1

: Bf:‘ Define status 3 Error Sum of Squares
i.4%: Regression Assessment 2 Observed Predicted Default (Mean) Model
BE); Mu SVR 1 activity  Pred_nu_svr_1 0.5536 0.7560

Pseudo-R2
-0.3658

E1-¥% Define status 4

PSS R oression Assessment 3

Computation time : 0 ms.

Parameters...
Execute / mpeonents |
Data visualization | View arametric statistics | Instance selection | Feature construction |
Feature selecton | I Regression | ac torial analysis | PLS | Clustering |
Spv learning | Meta-spv learning | Spv learning assessment | Scoring | Aszociation |

# Backward Elimination Reg -ri Forward Entry Regression i, Outlier Detection
Lﬁ, [fBetas
% Espilon SYR

[ Multiple linear regression i Regression Assessment

Ey. Mu SVR &, Regression tree

The Pseudo-R2 on the test set is (1 —0.7560 / 0.5536 =) -0.3658.

Here again, we can improve dramatically the performance of the model by defining the

settings.

appropriate
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6 SVR with the package e1071 of the R software

The LIBSVM library can be also implemented from R (http://www.r-project.org/) using the package e1071
(http://cran.r-project.org/web/packages/e1071/index.html). We try to make again the same analysis as

above with the same train-test subdivision of the dataset. Perhaps, the results can be slightly different

because the calculations rely on a heuristic. But, we would have to obtain comparable performances.

6.1 Loading the data file and subdivision of the dataset

First, we import the file using the xIlsReadWrite package. The column SUBSET allows to subdivide the
dataset.

likrary (x1sReadWrice)
library (el071)

donnees <- read.xls(file="gsar.xls")
summary (donnees)

fpartitioning inte training and testing set
donnees.train <- donnees[donneesfsubset=="train", 2:ncol (donnees)]
donnees.test <- donnees[donneesisubset=="test", 2:ncol (donnees) ]

6.2 Computing the default model

We compute the default model i.e. the predicted value of the model is always the mean computed on the

train set. We measure the accuracy on the test set.

g e I =" = I = - rr= T 2l T = = -
#use the mean of the dependent variable as a predictor

def.pred <- mean (donnees.trainfactivity)

#error sum of sguares of the default model on the test set

def.rss <- sum|( (donnees.testfactivity-def.pred)~2)

print (def.rss)
1

We obtain RSS.q. = Z(yi - f/i,deﬂmh)2 =0.5536, the same value as Tanagra.

R R Console E@
> #use the mean of the dependent wvariable as a predictor i
> def.pred <- mean(donnees.trainfactivity)

>

> #error sum of sgquares of the default model on the test set

> def.rss <- sum( (donnees.testfactivity-def.pred) "2}

> print (def.rss3)

[1] 0.5535554

> |

Fl 2

6.3 Linear regression

We perform a linear regression on the train set. Then, we compute the RSS and the Pseudo-R2 on the test

set.
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.
FEEEEEEE R E S E E L XL

#linear regression

Fhakdddddtbdtddddd

reg <- lm(activity ~., data = donnees.train)

print (summary (reg) )

gerror sum of sguares of the model on the test set
reg.pred <- predict(reg,newdata = donnees.test)
reg.r2s <— sum|( (donnees.testfactivity-reg.pred)©2)
print (reg.rss)

#psendo-r-sguarad

print(l.0-reg.rss/def.r=3)

While the regression seems excellent on the train set (R2 = 0.9888), we note that the accuracy is poor on
the test set (Pseudo-R2 = -0.7563). This approach is not very suitable on our problem. The results are

exactly the same as Tanagra.

R R Conscle E@

"
Rezidual standard error: 0.03432 on & degrees of freedom

Multiple R-=guared: 0.83BE88, Bdjusted R-sguared: 0.95458
F-=tatistic: 23.02 on 23 and & DF, p-value: 0.00041653

> Ferror sum of squares of the model on the test set
> reg.pred <- predict(reg,newdata = donnees.test)

> reg.rzz <- zum| (donnees.testfactivity-reg.pred) ™2)
>

print (reg.rss)
[1] ©.9722188

>

> Fpseudo-r-sguared

> print{l.0-reg.r==/def.rss)

[1] -0.7563172 3
> | =

4 F

6.4 & SVR with alinear kernel
Cost = 1.0. We want to implement the Epsilon-SVR approach. We call the svm procedure from the
1071 package. We set the same settings as for the previous analysis with Tanagra i.e. COST = 1.0

and linear kernel. Then, we apply the model on the test set.

FhEtdddddddddddddtddddddtrddddditdtd
#linear epsilon-svr with cost = 1.0

Frdtddtdtdtdtdtdtddtdtdddtdttddtddttdtd

epsilon.svr <—- svmiactivity ~.,data = donnees.train, scale = T, type = "eps-regression”,
kernel = "linear™, cost = 1.0, epsilon=0.1,tolerance=0.001, shrinking=T,
fitced=T)

print (epsilon.svr)

fprediction

esvrl.pred <- predict(epsilon.svr,newdata = donnees.test)
egvrl.rss <- sum|( (donnees.testfactivity-esvrl.pred)~2)
#fpseudo-R2

princ(l.0-ezsvrl.rzs=/def.r=2s3)

R supplies the following results:
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R R Console EI@

s

Call:

svm(formula = activity ~ ., data = donnees.train, type = "eps-reg$
kernel = "linear", cost = 1, epsilon = 0.1, tolerance = 0.001%
shrinking = T, fitted = T, scale = T)

Farameters:

S5VM-Type: eps-regression
5VM-EKernel: linear
cost: 1
gamma: 0.04347826
epsilon: 0.1

HNumber of Support Vectors: 26

> #prediction

> l.pred <- predict(epsilon.svr,newdata = donnees.test)

> <- zum{ (donneesz.testfactivity-esvrl.pred) "~2)

>

> print {1.0-esvrl.r3s/def.rss)

[1] -0.3111028 =
> | i
4| 11 I

The Pseudo-R2 (-0.3110) is very similar to this the one of Tanagra. Clearly, our settings for this probl

not appropriate. We modify the value of the regularization parameter.

Cost = 0.03. We set COST = 0.03. We observe the consequence on the accuracy of the model.

Fohddddddddbdddddddddbdbdddddddddtdoda

#linear epsilon-svr with cost = 0.03

R ]

em are

epsilon.svr <—- svmiactivity ~.,data = donnees.train, =scale = T, type = "eps-regression”,
kernel = "linear™, cost = 0.03, epsilon=0.1,tolerance=0.001, shrinking=T,
fitted=T)
—

print (epsilon.svr)

fprédiction

esvrl.pred <- predict(epsilon.svr,newdata = donnees.test)
esvrl?.r=s <— sum( (donnees.testifactivity-esvrZ.pred) ~2)
#psendo-r2

print(l.0-esvr2.rss/def.r=ss3)

The improvement is always spectacular, the Pseudo-R2 = 0.4763.

Call:

svm(formala = activity ~ ., data = donnees.train, type = "eps-regression™,
kernel = "linear™, cost = 0.03, epsilon = 0.1, tolerance = 0.001,
shrinking = T, fitted = T, scale = T)

Parameters:
SVM-Type: eps-—regression

SVHM-Kernel: linear

cost: 0.03
O amma = 0.04347826
epsilon: 0.1

HNumber of Support Vectors: 22

> ediction

> 2.pred <- predict(epsilon.svr,newdata = donnees.test)
> . sum | (donnees.testfactivity-esvrl .pred) ~2)

> Fpseudo-r2

> print(l1.0-esvr2.rss/def.rss)

[1] 0.4763447

>

[R R Console (===

m

1]
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6.5 Detecting the suitable value of the regularization parameter (1) - Linear Kernel

One of the main advantages of R is that we can implement complex processes using the internal

programming language. We must know the syntax of this programming language but it is not really difficult.

For our problem, we want to evaluate the effect of the regularization parameter on the accuracy. This last

one is measured on the test set. The program is the following.

Fhhktddddddtddddtddddtdddddbtddtit
Fdetect the "best" cost parameter
Fhhktddddddtddddtddddtdddddbtddtit

costs <- seqg(from=0.005,to=1.0,by=0.005)
pseudor?2 <- double (length (costs) )

for (¢ in l:length {costa)){
epsilon.svr <- svm{activity ~.,data = donnees.train, scale = T, type = "eps-regression”,
kernel = "linear™, cost = costs[c], epsilon=0.1, tolerance=0.001, shrinking=T,
fitted=T)

#prédiction

esvr.pred <- predict(epsilon.svr,newdata = donnees.test)
esvr.rss <- sun | (donnees.testfactivity-esvr.pred)™2)
pseudor2[c] <- l.0-esvr.rss/def.rss

#showv the max. of pseudo-rf and the correspeonding cost parameter
print (max (pseudor) )

k <- which.max (pseudor2)

print (costs[k])

In order to make easier the analysis of the results, we summarize the values in a graphical representation.

0.2
|

pseudor2

0.0
|

-0.2

0.0 0.2 04 0.6 0.8 1.0

costs

The “optimal” value seems to be COST = 0.03.
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R R Console [E=3|Ecl =2

> #show the max. of pseudo-rd and the corresponding cost parameter
> print (max (pseudor?))

[1] 0.4763447

> k «— which.max (pzeudor2)

> print (cost=s[k])

[1] O0.03

>

> |

Fl F

We note that COST = 1.0 is particularly inappropriate for our problem.

6.6 Finding the suitable value of the regularization parameter (2) - Linear kernel

The library includes a very interesting functionality. There is a predefined function which can try to detect,
using a cross validation (resampling approach), the appropriate values of the COST parameter (in fact the
best combination of cost and epsilon). We do not need a separate test set in this context. It can be useful

when we have a small dataset.

In our experiment, we control only the COST parameter.

{_‘i—!—!—d—i-!-!—i—!-!-i-!-!-i-!-!-i-i-!—d—i-!-!—i—!-!-i-!-!-i-!-!-i-i-!—d—i-!-!—i—!-!-i-!-!-i-!-!-i-i-!-d—i-!-!—i-!-!-i-!-!-i-!-!-i-i-!-!—i-!-!-i-i-!-i-!-!-i-i-!—i—i-!-!—i-

#other approach bassd on cross-validation in ordsr to obtain the "hest" cost parameter

{_‘i—!—!—d—i-!-!—i—!-!-i-!-!-i-!-!-i-i-!—d—i-!-!—i—!-!-i-!-!-i-!-!-i-i-!—d—i-!-!—i—!-!-i-!-!-i-!-!-i-i-!-d—i-!-!—i-!-!-i-!-!-i-!-!-i-i-!-!—i-!-!-i-i-!-i-!-!-i-i-!—i—i-!-!—i-

obj <- tune.svm{activity ~.,data = donnees.train, scale = T, type = "eps-regression"™,
kernel = "linear", cost = geq(from=0.005,to=1.0,by=0.005),
epsilon=0.1, tolerance=0.001, shrinking=T, fitted=T)

print(obj)

plot (objsperformances[,1],obj%performances[, 3], cvpe="1")

The optimal value (COST = 0.015) is different compared with this one obtained on the separate test set.

R R Console =3 FoR(F>==

s

> print (obj)
FParameter tuning of “svm':
— sampling method: 10-fold cross wvalidation
- best parameters:
cost epsilon
0.015 0.1

- best performance: 0.01808706

>

Fl k

We can explain this difference by the small size of the dataset, the results are very unstable. We note

however that the area of the optimal value is the same one.

Note: The computed performance indicator is the RMSE (root mean squared error) for R; the lower is the

value, the better is the result.
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IR R Graphics: Device 2 (ACTIVE) ==R ==
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6.7 RBF kernel for e-SVR
As with Tanagra, we try the RBF kernel.

Fhrtddttdtdtdddtddttddtdddttdtdtttttt
#rbf epsilon-svr with cost = 1.0

e b Rt R R R

epgilon.svr <—- svmlactivity ~.,data = donnees.train, =scale = T, type = "eps-regression”,
kernel = "radial", cost = 1.0, epsilon=0.1,tolerance=0.001, shrinking=T,
fitted=T)

print (epsilon.svr)

#fprédiction

eavri.pred <- predict(epsilon.svr,newdata = donnees.test)
eavri.res <- sunw | (donnees.testfactivity-esvr3.pred)"2)
#fpsendo-R2

print (1.0-esvr3.rss,/def.rss)

We obtain.

R R Console E@

Call:

svm(formula = activity ~ ., data = donnees.train,
type = "eps-regression”™, kernel = "radial"™,
cost = 1, epsilon = 0.1, tolerance = 0.001,

shrinking = T, fitted = T, =scale = T)

Parameters:
SVM-Type: eps-regression
SVM-Eernel: radial
cost: 1
ganmma : 0.04347826
epzilon: 0.1

Humber of Support Vectors: 27

> #preédiction

> egvr3.pred <- predict(epsilon rr,newdata = donnees.test)

> egvr3.rzs «<- sum| (donnees.testfactivity-esvr3.pred) "2)

> #pseudo-R2

> print (1.0-esvr3.rss/def.r=3)

[1] ©.&8294577

> | —
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6.8 Finding the best value for the regularization parameter - RBF kernel

Here also, we program a simple procedure in order to detect the appropriate value for the regularization

parameter. We use only the strategy based on the separate test set.

EE R R R RS S R R R R R R R R s R R R R R R R R R R R R R R R R R R R
detect the "best" cost paramster for rhf spsilon-svre
5 tE R EE EE S EEE RS SRR EEE SRR EEEEE R EEE R EE EEE R R EEEE R E L E
costs <—- seq(from=0.05,to=3.0,by=0.005)

pseudor? <- double (length ({costs))

for (c in l:length(co=sts)){

epsilon.svr <- svmf{activity ~.,data = donnees.train, scale = T, type = "epa-regression™,
kernel = "radial™, cost = casta[c], epsilon=0.1,tolerance=0.001,| shrinking=T,
fitted=T)

fprédiction

eavr.pred <- predict(epsilon.svr,newdata = donnees.test)
esvr.rss <- sum| (donnees.testfactivity-esvr.pred)™2)
pseudoxr2[c] <- l.0-esvr.rss/def.rss

grap
plot {
#shov the max. of pseudo-rZ and the corresponding cost parameter
print (max (pseudor?) )
k <- which.max (pseudor2)
print (costs[k])

hical representation
==

costs,pseudor?, ty mim)

&

The optimal value is COST = 2.34.

R R Console [ =[]

> print (max (pseudorld) )

[1] O.6844082

> k <- which.max (pseudor2)
> print {costs[k])

[1] 2.34

>

> |

4 F

The shape of the performance curve is very different compared to the previous one. We must increase the

value of COST for this kind of kernel for our problem.

IR R Graphics: Device 2 (ACTIVE) ==

06 07

pseudor2
03 04 05
|

02
|

0.1
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costs
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6.9 Vv-SVRwithR
We can also implement the NU-SVR approach with R.

FhEttdddrdddttdddtrdddd bbbttt

-

#linsar nu-svr with cost = 1.0

FhEttdddrdddttdddtrdddd bbbttt

nu.svr <- svm{activity ~.,data = donnees.train, =scale = T, tvyvpe = "nu-regressionf,
kernel = "linear™, cost = 1.0, nu = 0.5,tolerance = 0.001, =shrinking=T,
ficced=T)
print {nu.svr)
#fprédiction
nusvrl.pred <- predict (nu.svr,newdata = donnees.test)
nusvrl.res <- =zum|( (donnees.testfactivity-nusvrl.pred)™2)
#fpsendo—-R2
print (1.0-nusvrl.ras/def.rss)
The Pseudo-R2 computed on the test sample is -0.3658.
IR R Console =1 Eom| =)
-
svm(formula = activity ~ ., data = donnees.train,
type = "nu-regression”, kernel = "linear"™, cost = 1,
nu = 0.5, tolerance = 0.001, shrinking = T, fitted = T,
scale = T)
Parameters:
SVM-Type: nu-regression
SVM-Kernel: linear
cost: 1
gamma : 0.0434782¢6
na: 0.5
Humkber of Support Vectors: 29
> fprediction
> ni .pred <- predict (nu.svr,newdata = do
> rzsz <- sum| (donnees.testfactivitcy-—m
>
> svrl.ras/def.ra3)
[1] -0.3658732
>
Pl F

7 Conclusion

In the exploratory data analysis domain, we must answer 3 questions for a successful modeling process: (1)

specifying the suitable family of methods to the problem to be solved (here, regression); (2) selecting the

most effective technique given the characteristics of data (among the regression approaches, choosing the

SVR); (3) defining the appropriate values of the parameters.

This last point is not the easiest. It takes a good knowledge of techniques; it should be put in relation with

the characteristics of data. Often, we must use an experimental approach to find the "optimal" solution. It

should be as rigorous as possible.

In this tutorial, we showed how to implement the SVR (Support Vector Regression) with Tanagra and R. We

are attached to skillfully guide the regularization parameter after defining an evaluation criterion computed

on a test sample.
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