Tanagra R.R.

1 Subject

Comparison of SVM implementations (Support Vector Machine) on large dataset.

Support vector machines (SVM) are a set of related supervised learning methods used for
classification and regression. Viewing input data as two sets of vectors in an n-dimensional space, an
SVM will construct a separating hyperplane in that space, one which maximizes the margin between
the two data sets. The original optimal hyperplane algorithm proposed by Vladimir Vapnik in 1963
was a linear classifier. However, in 1992, Bernhard Boser, Isabelle Guyon and Vapnik suggested a
way to create non-linear classifiers by applying the kernel trick (originally proposed by Aizerman et
al.) to maximum-margin hyperplanes. The resulting algorithm is formally similar, except that every
dot product is replaced by a non-linear kernel function. This allows the algorithm to fit the
maximum-margin hyperplane in the transformed feature space. The transformation may be non-
linear and the transformed space high dimensional; thus though the classifier is a hyperplane in the
high-dimensional feature space it may be non-linear in the original input space

(http://en.wikipedia.org/wiki/Support_vector _machine).

Our aim is to compare various free implementation of SVM, in terms of accuracy and computation
time. Indeed, because the heuristic nature of the algorithm, we can obtain different results
according to the used tools on the same dataset. In fact, in the publications describing the
performance of SVM, we should not only specify the parameters of the algorithm but also indicate

what is the tool used. This latter can influence the results.

SVM is very effective in domains with very high number of predictive variables, when the ratio
between the number of variables and the number of observations is unfavorable. In the other hand,
when the number of instances is high compared to the number of descriptors, it is not really
attractive in comparison to well known approaches such as logistic regression or linear discriminant
analysis. We are in a domain which is particularly favorable to SVM in this tutorial. We want to
discriminate two families of proteins from their description with amino acids. We use sequence of 4
characters (4-grams) as descriptors. Thus, we can have a large number of descriptors (31,809) in

comparison to the number of examples (135 instances).

From a certain point of view, we deal with a large dataset here. But unlike the standard situation we
have a high number of variables. It is interesting to study the behavior of the tools in this situation.
Most of the tools load the whole dataset into the main memory. The memory ability of the
computer is then the main bottleneck. The feasibility of the computation relies of the utilization of

the memory, in addition to the dataset, during the learning process.

We use the OS information for measuring the memory occupation. About the calculations time, we
use the information supplied by the tools or, if it is not available, we use a chronograph. This is not

very accurate, but this is the order of magnitude that is most important.
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We use a 5 fold cross validation for the error rate estimation. We cannot control the subdivision
according the tools. But, the results remain comparable. These are the large deviations that are

interesting to analyze.

We use the following tools:

Software Version URL

ORANGE 1.0b2 http://www.ailab.siforange/
RAPIDMINER Community Edition 4.2 http://rapid-i.com/

TANAGRA 1.4.27 http://eric.univ-lyon2.fr/~riccoftanagra/
WEKA 3.5.6 http://www.cs.waikato.ac.nz/ml/weka/

Other tools have been tested. They failed during the data loading or during the learning process. We
will list them below. It is possible that these failures are due to misuse or improper. This cannot be
excluded. The data file of this tutorial is available online. Anyone can carry out the same experiment

and probably find the right settings.

This document fills out the tutorials dedicated to the comparison of tools™.

2 Dataset

We deal with a protein classification problem. We want to discriminate two families of proteins from
their description, a sequence of 4 amino acids. Because, there are 20 kinds of amino acids, the
theoretical number of descriptors is 20* = 160.000. Many of them are not present in the dataset. We

have "only" 31809 descriptors. There are 135 instances.
The WIDE_PROTEIN_CLASSIFICATION.TXT data file is in a compressed archive®.

Note: Some OS use "," as decimal separator. In this case, use a text editor to replace ".” by ", "before

launching Tanagra.
3 EXxperiments results

3.1 ORANGE

When we start ORANGE, PYTHON is automatically launched. The memory occupation is 25 MB.

In a new schema, we add the FILE component. We click on the OPEN menu in order to select the
data file. As soon as the file is selected, the dataset is loaded. The computation time is 95 seconds.

The memory occupation becomes 118 MB.

* http://data-mining-tutorials.blogspot.com/search/label/Software%20Comparison

? http://eric.univ-lyon2.fr/~riccoftanagra/fichiers/wide _protein_classification.zip
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D File ©Options Window Help
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Drata lCIassif}l ] Ewaluate ] Wi

[ ata File

| wide_protein_classification.tat j Feload a

[ ata File —
Symbals for mizsing values in tab-delimited filez [besides default ones)

Don't care: |

Dron't know: |

File Advanced
Rename FZ Create a new atiribute when existing attributefs] ..

Remove  Del " Hawve mismatching order of values

" Have no common walues with the new [recommended)
" Misz some values of the new attribute =

A 7 Abways create a new attribute L

Infa

135 example(z), 31809 attributez]. 0 meta attributelz].
Classification; Discrete class with 2 walue(s].

The following attributes were not reuzed since they share no
common walues with the exizting attribute of the zame names: clazse

We add the SVM component (CLASSIFY tab) into the schema. We activate the OPEN menu to set
the appropriate parameters. We ask a linear SVM, we set the MODEL COMPLEXITY to 1.0. We will

use the same settings for the other tools below.

-

= Ot Orange Canvas - [Schema 1]

[ Eile options window Help Learner/Clazsifier Mame

OE&g | T o [SwM

Data | Classify lEvaIuate ]\u"isualize ]Associate ] Fiearession ]

Kemel
g E % B S5l | ¢ Linear, =y
i &= | L] | ~ i Fameail
Polpnomial, [g".w+c]™d
— " REF. expl-gTeyl =yl

" Sigmoid. tanh(g®sy+c]
gfin & oo <30 3

Options
Madel complesity [C] 1.0 J::I
Taolerance [p] 05 5:'

3

Mumeric precizion [eps] |0

il

Renams F2

Remove Del [ Estimate class probabilities

[ Limit the nurmber of support vectars

Cornplexity bound [ru) 0.5 =

d v Momalize data

Autamatic parameter search |

Apply |

Then we set the link between FILE and SVM. The processing is automatically launched. The

calculation time is 690 seconds (~ 11 minutes).

In order to obtain the (5-fold) cross validation error rate estimation, we add the TEST LEARNERS
component into the schema. Here also, it is more suitable to specify the settings before establishing

the link between the components. The error rate is 4%.
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2 Ot Orange Canvas - [Schema 1]

D File Ophions Window Help

DE& T @

| Evaluate l\-fisualize ] Aszsociate ] Regression

A

2

B8 Ot Test Learners

Sampling
@ Cross-validation

Mumber of folds:| 5 5:

" Leave-one-out

-

Random sampling

Repeat traindtest| 10 EI

4

E wamples

Test Learmers

Relative training set size:

" Test on train data

' Teston test data

™ Apply on any change
Apply

Performance scores

Target class
c1 -

Evvaluation results

Method | CA
1 |5 0.3630

Sens | Spec | AUC | Brier
0.9830) 0.9630 0.9634) 0.0741

The peak of memory occupation during the whole process is 406 MB.

3.2 RAPIDMINER

The Java Virtual Machine is automatically started when we launch RAPIDMINER. The memory
occupation is 124 MB. After we create a new diagram, we insert the CSVEXAMPLESOURCE. The
settings must be specified with caution: FILENAME states the file name; LABEL_NAME states the
class attribute; we use a real with single precision for the data storage (DATAMANAGEMENT); the

COLUMN_SEPARATORS is tabulation. The processing time is 5 seconds. The memory occupation

becomes 210 MB.

¢ RapidMiner@FUJITSU

File

Edit ¥iew Process Tools Help

= -(: Root

Frocess

o=l L%

=3 Operator Tree

) My

-

s - ~ [ =

D B ¥ & wF
% Parameters |=] xmL Comment ‘® Mew Operator

filename [D:IDataMiningIDatabases_f] . ]

read_attrihute_names
label_name
lahel_colurmn
id_name
id_calumn
weight_name
weight_column
sample_ratio
sample_size
datamanagement
column_separators

use_comment_characters

Cct 2, 2008 6:44:43 PM: [Error] Parameter filename'is not set and has no default value.

classe
1]
1)
o
1.0
-1
float_array -
it
>
G:48:53 PM
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RAPIDMINER supplies two components for SVM implementation. We test them in turns.

3.2.12  RAPIDMINER - JMYSVMLEARNER

The JMYSVMLEARNER component is a version of Stefan Ruping's MYSVM (http://www-ai.cs.uni-
dortmund.de/SOFTWARE/MYSVM/index.html). It is available into the menu item NEW OPERATOR

/ LEARNER / SUPERVISED / FUNCTIONS.

There are many parameters. Their consequence on the results seems not clear. We handle only the

complexity parameter (C = 1.0) and the kernel type (LINEAR).

47 RapidMiner@FUJITSU

File Edit “iew Process Tools Help
RMiUBERS o «aa® pPE ¥ & w ?
=2 Operator Tree ._'f-QParameters E]}(ML Cnmmem ‘| MNew Operator
g _(: ::sts keep_exampla_set O =
kernel_type [ dot v ]
; CEVExampleSource
CSWExampleSource kernel_gamma 1.0
kernel_sigma 1.0
kernel_sigmaz 0.0
kernel_sigma3 2.0
kernel_shift 1.0
kernel_degree 20
kernel_a 1.0
kernel_b 0.0
kernel_cache 200
c 1.0 v
Cct 2, 2008 6:44:43 PM: [Error] Parameter filename'is not set and has no default value.
O 7:08:32 PM

We click on the PLAY button into the toolbar. The computation time is 29 seconds. The memory

occupation becomes 338 MB.

We implement a cross validation in order to measure the error rate.
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7 RapidMiner @ FUJITSU

File Edit “iew Process Tools Help

ARoERSs oy « =% pbE ¥ & W F

=3 Operator Tree =% Parameters 3;] HhL Comment @ PMlew Operator
o _<= Root keep_example_set O
Process
create_complete_model l:l
; CEVExampleSource
CEWExampleSource average_performances_only
on leave_one_out (|
lidation
number_of_validations a
) JhdyShnLearner
= IMyEvMLeamer sampling_type shufiled sampling -
0o == CperatorChain local_random_seed -1
'@ pperatorchain
) Modelspplier
“ Modelappliar
TZD ClassificationPerfarmance
- ClassificationFPerdformance
Oct 2, 2008 7:23:13 PM: Properties are ok =

Cct 2, 2008 7:23:13 PM: Checking process setup...

Qct 2, 2008 7:23:113 PM: Inner operators are ok,

Oct 2, 2008 7:23:13 PM: Checking ifo classes

Oct 2, 2008 7:23:13 PM: ifo classes are ok. Process output: PerformanceVector.
Cct 2, 2008 7:23:12 PM: Process ok

@ [7:25:49 PM

Surprisingly, whereas the structure of RAPIDMINER diagram was very easy to apprehend up to now,
the implementation of the cross validation needs complicated handling. Thereafter, we note that
the cross validation process corresponds to the repetition of two operations: learning on a part of
the dataset, applying and measuring the error rate on the other pat of the dataset. We ask
NUMBER_OF_VALIDATIONS = 5 and SAMPLING_TYPE = SHUFFLED SAMPLING for the

XVALIDATION component, we check CLASSIFICATION_ERROR for
CLASSIFICATIONPERFORMANCE.

¢ RapidMiner@FUJITSU (test.xml)

File Edit Yiew Process Tools Help

P Oo@EE s o @B pPHEB & & ¥

%% Performancevectar

Critetion Selectar S

=y " . -~
(@) Tahle view () PlotView =

ion_error

classification_error: 11.11% +/- 6.20% {mikro: 11.11%)

true 1 true C2 class precision
pred. 1 349 1] 100.00%
pred. C2 15 21 84.38%
class recall T222% 100.00%

Save...

+ ¥validation[0] govalidation) =
+- JhivSviLearner[d] (JMySvYMLearner)
+- OperatorChain[0] (OperatorChaing
+ Modelsppliern] (ModelApplier
+- ClassificationFPerformance[0] (ClassificationPerformance)
Qct 2, 2008 7:35:25 PM: [NOTE] Frocess finished after 445 seconds =
Mct 2 P0N8 7 A5 P Process

[s] 7:36:41 P

The cross validation error rate is 11% (15 misclassified instances on 135). The computation time is
445 seconds.
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3.2.2 RAPIDMINER - LIBSVM

A JAVA version of the famous library LIBSVM (http://www.csie.ntu.edu.tw/~cjlin/libsvm/) is available
into RAPIDMINER. We add the LIBSVMLEARNER component into the diagram. We set the
appropriate settings (KERNEL TYPE and C).

#7 RapidMiner@FUJITSU (test.xml)

Eile Edit “iew Process Tools Help

B Ol s Oy @ =% pEB ¥ & W F

== Operator Tree [E% Farameters | =] XML Comment || = §
o == Root keep_example_set (]
Frocess
svm_type [C-SVC ']
; CEVExampleSource
CSWVExampleSource kernel_type [Iinear ']
degree 3
gamma 0.0
coefl oo
L= 1.0
nu os
cache_size an
epsilon 0.0010
1] 0.1
class_weights Edit Li=st {0O).. 3

ct 3, EER : annof use plofter Fa
table must have between 0 and 1000 columns, was 318145,
Qct 2, 2008 T:42:33 PM: [MOTE] Cannot use plotter 'Gridviz Data
table must have between 0 and 10000 columns, was 31815
Cct 2, 2008 743233 PM: [MOTE] Cannot use plotter ‘Surface 300 Data
table must have between 0 and 50 rows, was 118,

[s) 7:47:00 Fi

The real computation time is g9 seconds. But the listing of the coefficients of the linear classifier

takes more time. The memory occupation is 442 MB.

+# RapidMiner@FUJITSU (test.xml)

File Edit Wiew Process Tools Help

¥ RapidMiner@FUJITSU (test.xml)

D '-],-.-] E‘ % ] ¥y Ny File Edit View Process Tools Help
=3 Operator Tree D el l’:_-‘ lﬁ, = ) n gm [-fj b . "# ; Ff, L

= -c PRDDt ‘# Performancevector a
rocess itari _ -
Criterion Selector (@) Table view () F'Int\/m =
CEVExampleSource
; CSWExampleSaurce classification_error: 2.22% +/- 2.96% (mikro: 2.22%)
[ true C1 true C2 class precision
B _2’ ¥Walidation red. C1 54 Y a4 ?a;’
“F xvalidation =
pred. ©2 o T8 100.00%
LibSvMLearner class recall 100.00% 96.30%
¥ LibswMLeamer
OperatarChain
=
-c OperatarChain
y ModelApplier
“ Modelapplier =

Save...

=
Oct 2, 2008 8:12:42 PM: [NOTE] Process finished after 705 seconds
— Oct 2, 2008 8:12:42 PM: Frocess

Oet 2, 2008 8:12:42 Pl [MOTE] Process finished Roof[1] (Process)

Cct2, 2008 8:12:42 PM: Process: + CSVExamplaSource(1] (CSVEXampleSource)

RDDt[‘II] Process) +- HValidation[1] ¢validation)

+ CEWExampleSource[1] (CEVExampleSource)

+- LibSwMLearner{5] (LibSWMLearnar)
+- OperatarChain[5] (OperatorChain)

+- ¥¥alidation[1] ¢validation) +- ModelApplier(s] (Modelapplier)
+- LihS¥MLearner[3] (LibSViLearner) +- G onPerfarm (5] (C onPerformance) =
+- OperatorChain(a] (OperatorChain ot T DARA A AR R Py S Fiezsem
+- ModelApplier[5] (ModelApplien) o
+ O i ionPerformance[d] (& i ionPerformance) |
ro L APAR 1A A2 A ke Phv el bt
(&) 8:14:07 PM

We obtain the cross validation error rate (2%, 3 misclassified instances) with the sequence of
components above. Curiously, the computation time is much longer here with 705 seconds. The

memory occupation is high: 870 MB.
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3.3 TANAGRA

TANAGRA is intended to the Windows OS (Wg5 > Vista). But it can launch on other OS using an

emulator or something like that (see http://data-mining-tutorials.blogspot.com/2009/01/tanagra-

under-linux.html for the utilization of Tanagra under Linux).

First of all, we click on the FILE / NEW menu in order to create a diagram and import the dataset. A

dialog box appears, we select the data file.

Choose vour dataset and start download

i TAMAGRA 1 4,27
Window  Help

Diagram title :
Default e

Ciata mining diagram file name : \

e P — |D:1Temp1Eerdefault.tdm \ H
Diataset ("t arff,* x5} :

Tanagra
Regarder dang : |@ wide_dataset_svm v| ) ? -
LY [Z] wide_pratein_dassiication, bxt
Mes documents
récents
(i
Data wisualization Statistics n
Bureau
Feature selection Regression
Spw learming Meta-zpv learning _,,./
é@CDrrelation scatterplot [ Scatterplat with la| Mes documerts
%Expor‘t dataset \-"iew dataset .
!]&;Scatterplot E_'-ﬁ\-fiew multiple scatt :’JJ_E
Poste de travail
.‘3 MNom du fichier |w\dE_pmleiﬂ_c\ass\f\calinn bat hd ‘ [ O 1
Favaris réseau | Fichiers de type : |Taxt file ~ ‘ [ Anuler ]

The importation time is 12 seconds. The enumeration of the variables into the visualization window

is longer. There are 31810 attributes (1 class attribute + 31809 descriptors) and 135 instances.

Download information

Datasource processing
Computation time 12187 m=

Allocated memaory 52466 KB

Dataset description

31810 attribute(s)
135 example(s)

We specify the types of the variables using the DEFINE STATUS component. We set CLASSE as
TARGET, the other attributes as INPUT.
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Define attribute statuses

(' TAMAGRA 1.4.27 - [Dataset (wide_protein_class

Parameters | m'
E File Diagram Component ‘Window Help N v E
i * Target Input lllustrative
= | |
/ C RMIP ~ classs
. C spas
Drefault title C paac
= ; ; T C 440K,
=] Dataset [wide_protein_clag
%% Define status 1 C anGy -
C oGvE =
C GvED
C wEDG
C ILLE
C ERLT
|0 P
g
N B | 8| | [ Clear selaction ]
Define attiibute statuses
Pararmstars | — .
Data wisualization Statistics Y nztruction
Attributes :
Feature zelection Regression riauiEs Target ‘ Input llustrative ering
S 1 \ n . \ C mmRY ~ MMy ~ fera
pw learning eta-zpv learning C MKyL = RAKVL. = {ation
. - C kLl KyLI
@Correlatwn scatterplot ]ﬁ,Scatterplot with label C L WLIW
Expor‘t dataset (25 view dataset C uve :ﬂ,\ég
7 = . C vES -
]ﬁScatterplot I:,_:VIEW multiple scatterplod C VESE = \E’EEE
C ESEF
C sEFL SEFL
C EFLH EFLH
FLHG
€ Lhap Lo
C HOonT ] HoDT >
8| 8| | [ (SRR i )
[ ok [ cancet ][ Hele |

TANAGRA supplies two components for the implementation of SVM.

3.3.1  TANAGRA-SVM

The SVM component is a native implementation of the Platt’'s SMO algorithm. We add it into the

diagram. We click on the PARAMETERS menu in order to set the appropriate settings.

i TANAGRA 1.4.27 - [Dataset (wide_protein_classification.txt)]

E File Diagram Component ‘Window Help x
=
Kemel |
D efault title Downloa ermel | Filter | Pararneters | =
= Dataset [wide_protein_classification.txt) el T
i Pal
%% Define status 1 Datasource @ Palynam
PYp—— Computation ti O Normalized palynom
ated memof | ORBF
taset d
Execute Polynom expornent : 1 |Z]i
Yiew 1 attributes : T
‘ 135 example(s) Gamra for RBF : 10.01 oo =z
3 Cornplexity parameter : i1 .0oon | 4
Components
Data wisualization Statistics Nonparametric statistics
Feature zelection Regression Factorial analysis
. . [ QK ” Cancel ” Help
| Spv learning v lzarning Spw learning assessment
= Log-Res TRIRLS fieia Matve [ta Pratatype-NN 5 Sy,
Eﬁ'.n.f'.ultilayer perceptron &%PLS-D& 3:?' Radial basiz function
ihultinomial Logistic Regression @PLS-LDA
< L

The default settings are suitable. We click on the VIEW menu.
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The calculation time is 130 seconds. It is rather high in comparison to other tools. We try to explain

why below (Section 3.5). The memory occupation is moderate (393 MB).

Then, we insert the CROSS VALIDATION component (SPV LEARNING ASSESSMENT tab). We

activate the PARAMETERS menu.

i TANAGRA 1.4.27 - [Supervised Learning 1 (SVM)]

= |i=t
Cross-validation parameters

EBEX

x

E File Diagram Component ‘Wwindow  Help
= "
Drefault title Pararneters | s
= Dataset (wide_protein_classification, txt) 0
=% Define status 1
Mumber of repetitions
2-[F] Supendsed Learning 1 (5WW) P A
A
Number of folds : 5 e
Parameters. .. ) LAl Y
Execute g It Gl
View ave results a1
[ gave errar rate ta file 135
= —
Co
Data vizualization Statistics Nonparame ruction
Feature zelection Regression Factorig =}
Spw learnming Meta-spv learning Spuw learnin ’ ok ][ Caneel ][ Help ] on
E?EBias—\tar‘iance decompogftion I?ELea\re—One-Out
BfBaatstrap Bl Test
E?ECross-vah’dation H?HTrain—test

To launch the processing, we click on the VIEW menu. The error rate is 4% (6 misclassified

examples). During the calculations, the memory occupation remains stable (393 MB).

i TANAGRA 1.4.27 - [Cross-validation 1]
E File Diagram Component ‘Window Help

(=

Diefalt title

Error rate

=] Dataset (wide_protein_classification. txt)
=% Define status 1
=[] Supendsed Learning 1 (5yih)
E?E Cross-validation 1

Values prediction

Value Recall 1-#recision
€1 0.9259 0.0385 - A0

¢z 09758 00dEz (€2 2

Sum hZ

Computation time : b43456 ms,
Created at 0271042003 22:25:07

Confusion matrix

0,044 e >

Sum
4 L]
79 g1
g3 135

<

Data visualization Statistics

Feature selection Regression

Spv learning Mheta-spy learning

Components
Monparametrc statistics Instance selection
Factorial analysis PLS
Scorng

Spv learning aszeszment

Festure construction
Clustering

bszociation

1§ Bias-varfance decomposition IFELea\te-One-Out

g
E“EBootstrap HFHTest
i

IHCross-validation HFHTrain-test
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3.3.2 TANAGRA-LIBSVM

TANAGRA can use also the LIBSVM library (as DLL — Dynamic Link Library). We add the C-SVC
component into the diagram. We click on the PARAMETERS menu. We use the default settings.

i TANAGRA 1.4.27 - [Cross-validation 1]
E File Diagram Comporent ‘Window Help

H %

Default il

C-5VC from LIBSVM

= Dataset (wide_protein_classification.txt)
- %% Define status 1
=-[¥] Supervized Learning 1 {Suih)
E?E Cross-walidation 1

pe |
Parameters. ..

Execute

Wiew
Data wisualization Statistics
Feature zelection Regrezzion

| Spw learning Meta-spy learning

hethod

Optimization

=

1
cz

imputy
‘eated

Compone

Kernel tvpe :

Degree of kernel function :

a Gamma :

Coef:

Penality cost {Complexity) ©

More informations about parameters

Linear ~

DCompute prababilities

Nonparametric sta

Factorial anal

Spw learning assesd

l

018 Help

[ cancer ||

‘,'?Binary logistic regression &,C-RT
EC4.5 | EageRAe

[ C-pLS B Decision List
£

&.103

[ k-NN

Lpfj Linear discriminant analysis
|

-=Log-Reg TRIRLS
%Multilayer perceptron
nefhultinomial Logistic Regression

3

We click on the VIEW menu. The calculation is fast (11 seconds). Even if the dataset is duplicated

when we call the library, it seems it is not really detrimental since the memory occupation remains

reasonable (406 MB).

We implement the cross validation (5 FOLD). The obtained error rate is 4.44% (6 misclassified

instances). The calculation time is 64 seconds; the memory occupation remains stable (406 MB).

' TANAGRA 1.4.27 - [Cross-validation 2]
E File Diagram Comporent ‘Window Help

H %

Default il

=

= Dataset (wide_protein_classification.txt)
- %% Define status 1
=-[¥] Supervized Learning 1 {Suih)
E?E Cross-walidation 1
=-[¥] Supervised Learning 2 (C-5%C)

—
E?E Crossvalidation 2 e == == =

Error rate

Values prediction

1

> €2 0.9753

0.925%9 0.0355

noasz €2

Sum

Computation time : 64281 ms,
Created at 02,/10/2005 22:534:05

-~
0.0444 e W

Confusion matrix

Sum
1] 4 54
Z 79 &1
RZ 83 135

Components
Nonparametric statistics

Instance selection

Feature construction
Clustering

Aesociation

Data wisualization Statistics
Feature zelection Regrezzion
| Spw learning Meta-spy learning
‘,'?Binary logistic regression &,C-RT
EC4.5 | EageRAe
[ C-pLS B Decision List
<

Factorial analysis PLS
Spw learning assessment Scoring
&108
[ k-NN

Lpfj Linear discriminant analysiz
|

-=Log-Reg TRIRLS
%Multilayer perceptron
nefhultinomial Logistic Regression

>
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3.4 WEKA

The Java Virtual Machine is automatically launched with WEKA. We use the EXPLORER module in
this tutorial. We import the data by clicking on the OPEN FILE button with the CSVLOADER option.

> Weka 3.5.6 - Explore: Rechercher dans |\|'j wide_dataset_svm i |‘__I|E]['>__(J
Program  Applications — Tools 3 i? protein_classification_dataset. arff
spam problem. kdm E = E

e x - (|0
B Explorer - s | e |E| |
|2 svm.r

: == sym.kdm
Cpen file,.. ] 1| waveFarm.tdm

ide_protein_classification, bxk

i ide_protein_classification, zi
Filker Open a s& . P ! P

Current relation

Relation: Mone - Type: Mone
Instances: Mone % Lnique: Mone

Atkributes

Mo de fichier : |widejrutein_classificatiun.txt | [ Cuvrir +

Favioris réseau | -
Fichiers du type : |T0us les fichiers v | Annuler

weka.gui.GenericObjectEditor

Choose weka,core, converters, CSYLoader

About

Reads a source thatis in comma separated ar tab

separated format.

Skatus
Welcarne to the Weka Explorer Mo editable properties

’ Qpen... ] ’ ] [ Cancel

The importation time is fast (10 seconds). The memory occupation reaches to 243 MB.

We activate the CLASSIFY tab. By clicking on the CHOOSE button, we select the SMO algorithm.
We can set the appropriate parameters i.e. we set C = 1.0 and a linear kernel (a polynomial kernel

with degree =1).

Note: The LIBSVM library seems also available into WEKA. But on my computer, | cannot launch the

method. It seems the installation failed. The module was not reachable.
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Weka 3.5.6 - Explorer

Program  Appl ons Tools  Visualization Windows Help

B Explorer

:.Ii‘.reprocessi Classify |C|;.|ster il fssociate || Select fibutes [

=1 weka.gui.GenericObjec*Edi
e B weka gui.GenericObjec*Editor
I weka,classifier s, functions, SMC
Choose  [SMID -C 1.0 -L 0.0010 °P 1.0E-12 -M O -Y -1 -

About
Tesk opti Classifi Epuk . L A
ERROREI0RS Sl sl Implements John Platt's sequential minimal optimization
() Use training set Schemg 2 algarithm for training a support vector classifier. Capabilities o
) Supplied test set Set,, Relation:
- Instances:
(O Cross-validation | | Attributes: buildLogisticMadels |False hd |
(" Percentage split | ! |
! Test mode: G |1'D |
[ More options... ]
checksTurnedOFf |False R |
{Mom) classe - | debug |False Vl
I |
Result list (right-click For options) filker Type |Normalize training data v |
kernel [ Choose |PolyKernel -C 250007 - 1.0
v
< numFolds |—1 | 5
hatis random3eed |1 |
Problem evaluating classifier toleranceParameter |D.DDID |

[ Cpen... ] [ Save... ] [ OK ] [ Cancel ]

First we ask a learning/test session on the same dataset (USE TRAINING SET option). The

calculation time is 11 seconds. The resubstitution error rate is 0%.

= Weka 3.5.6 - Explorer |ZI|EI[5__(J

Program  Applications  Tools  Visualization  Windows Help
B Explorer

| Preprocessi Classify | Cluster || Assoriate | Select attributes | visualize |

Classifier

Choose ESMD -C1.0-L0.0010-P 1.0E-12 -M 0 -% -1 =W 1 -K "weka. classifiers. functions, suppartiector Polykernel -C 250007 -E 1.0"

Test options Classifier output

(%) Use training set e
Time taken to build model: 11.42 seconds
() Supplied test set

() Cross-validation  Fold: [1o === Evaluation on training set ===

Sunmary ===
(") Percentage split N

[ More options... Correctly Classified Instances
Incorrectly Classified Instances
Eappa statistic

Mean absolute error

mA Root mean squared error
~ LU i
Relative absolute erraor

{Mom) classe

Feesult list fright-click for options) Root relative zgquared error
: Total Number of Instances

=== Detailed Accuracy By Class ===
£

Skatus
QK

For the cross validation process, we modify the settings. Then we click again on the START button.

The error rate is 3% (4 misclassified instances). The memory occupation reaches 595 MB.
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~* Weka 3.5.6 - Explorer E“E|E|

Program Applications  Tools  Visualization  Windows Help
B Explorer,

Preprocess | Classify | Cluster | Assaciate | Select attributes || visualize |

Classifier

ESMD -C 1.0-L 00010 -P 1.0E-1Z -M 0 =% -1 -4 1 =K "weka.classifiers. functions, supportvector . PolyKernel -C 250007 € 1.0"

Test options Classifier output

() Use training set Stratified cross-validation ===
() Supplied k=

(&) Cross-validation  Folds | Correctly Classified Instances
() Percentage spm (66 | Incorrectly Classified Instances
Kappa statistic

Mean absolute error

[ More options., .,

Root mean squared error
| {Norm) classe Relative absolute eEror
L Root relatiwve scquared error

Stop Total Mumber of Instances

Resulk lisk (right-click For options)

=== Detailed &ccuracy By Class ===

Skatus
K

3.5 Summary of the main points

Into the table below, we compare the calculation times and the memory occupation of the various

versions of SVM.

Time (sec.) Cross Memory Occupation (MB)
Tool Data SVM validation . During the During the
) error rate Launching After data i
Importat | Processin ) ) learning cross
) (%) the tool importation o
ion g process validation
ORANGE 95 690 4% (6/135) 25 118 317 406
RAPIDMINER 11%
5 29 124 210 338 608
JMySVMLearner (15/235)
RAPIDMINER
5 9 2% (3/135) 124 210 442 870
C-SVC (LIBSVM)
TANAGRA - SVM 12 130 4% (6/135) 7 337 393 393
TANAGRA
12 11 4% (6/135) 7 337 406 406
C-SVC (LIBSVM)
WEKA - 5MO 11 12 3% (4/135) 54 243 489 595

Error rate. Although the tools are supposed to use the same method, we note disparities between
the performances. The first reason is the organization of the cross validation. The tools does not use
the same subdivision for the folds. It is natural that there is a little deviation about the estimated

error rate.
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The second reason is that the used algorithm is not the same one. That explains the strong
disparities in some circumstances. For example, JMYSVMLEARNER seems not efficient compared to
the others in the context of our data. It would be necessary to study in detail the algorithm and its

settings to understand this failure.

Processing time. | think that the LIBSVM library is extraordinary. Whatever tool in which it is
integrated, it is very fast. Into Tanagra, the data are duplicated before being sent to the compiled

library (DLL), this does not affect the processing time.

SMO of WEKA is also fast. Surprisingly, it is much faster than SMO of Tanagra while the source
codes are similar. After a thorough analysis of the stages of the algorithm, it seems that the
differences are primarily based on the data structure used. The dataset is organized by row into
Weka; they are organized by column into Tanagra. Thus, because SMO algorithm uses intensively a
dot product on row vector, Weka is much faster. In other contexts, when the calculations relies
mainly on analyzing the data by column (e.g. induction of decision trees), Tanagra is really more

efficient (http://data-mining-tutorials.blogspot.com/2008/11/decision-tree-and-large-dataset.html).

Morality of this, before you get excited unnecessarily on programming languages and compilers
(WEKA > JAVA; TANAGRA > DELPHI), we should first focus on the data structure when we want

to work on processing time.

Memory occupation. We note again here that JRE (Java Virtual Machine) leads to a more important
memory occupation, even if the internal data storage is efficient. We observe this by comparing the

memory occupation after the data loading and after the whole processing.

The behavior of RAPIDMINER-LIBSVM during the cross-validation suggests that many intermediate

results are kept, leading to unnecessary memory usage.

4 Related tools

We tested other tools. They failed at various step of the process. The reasons are not clear

sometimes.

e KNIME (1.5.31 - http://www.knime.org/): It was not possible to import data. During the

preview, the software crashes. It seems that this is due to the visualization grid. There is no

reason that the internal structures cannot handle the data.

e R (package eio71 - http://cran.r-project.org/web/packages/e1o071/index.html): We use

the package “e1071” of R 2.7.2 (http://www.r-project.org/). The data file is rightly imported.

The loading time is 35 seconds. The memory occupation is grown from 19 MB to 156 MB.
The problem occurs when we launch the SVM. R tries to create a vector of 3.8 GB size. It is
not possible on my computer. | do not think it is possible under Windows OS. Furthermore,

this value (3.8 GB) seems mysterious.
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e Many libraries are available online (e.q. http://www.support-vector-

machines.org/SVM_soft.html). The main difficulty is to prepare the data in the correct

format in order to launch the tool. Some libraries are associated with commercial software

such as MATLAB, their diffusion is necessarily limited.

5 Conclusion

In drawing a parallel between this tutorial and this one dedicated to the induction of decision trees

on large databases (http://data-mining-tutorials.blogspot.com/2008/11/decision-tree-and-large-

dataset.html), we realize that the solutions are more or less efficient depending on the
characteristics of data handled and the learning method used. This confirms the idea that there is no
universal solution. We must determine the most appropriate solution depending on the context of

the study that we conducted.

Anyone can reproduce the experiment described in this tutorial. We can also lead the experiment on
a dataset with other characteristics (e.g. many rows, few columns). The conclusions can be different

in this context.
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