Didacticiel - Etudes de cas R.R.

Subject

A Multilayer Perceptron for a classification task (neural network): comparison of
TANAGRA, SIPINA and WEKA.

When we want to train a neural network, we have to follow these steps:

* Import the dataset;

* Select the discrete target attribute and the continuous input attributes;
* Split the dataset into learning and test set;

* Choose and parameterize the learning algorithm;

* Execute the learning process;

* Evaluate the performance of the model on the test set.

Dataset
We use the IONOSPHERE.ARFF from UCI IRVINE (ARFF is the WEKA file format). The

attributes are standardized. There are 351 examples, 33 continuous descriptors, and a binary

class attribute.
Training a neural network with TANAGRA

Dataset importation

We click on the FILE/NEW menu in order to create a new diagram and import the dataset.

i TANAGRA 1.4.5 - [Dataset (ionosphere.arff)]
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Splitting the dataset into learning and test set

In the next step, we have to split the dataset into a learning set, which is used for the

computation of the neural network weights, and a test set, which is used for the model
performance evaluation.

We add the SAMPLING component; we use 66% of examples for the learning phase.

i TANAGRA 1.4.5 - [Dataset (ionosphere.arff)]

EFiIe Diagram Component  ‘Window  Help
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RReco\ter examp‘s fSampling ’ /_?tSelect examples fStratiﬁed zampling

Select the class and the predictive attributes

We add the DEFINE STATUS in the diagram, we use the shortcut in the toolbar, we set
CLASS as TARGET, and all continuous attributes as INPUT.

) TANAGRA 1.4.5 - [Dataset (ionosphere.arff)]
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Learning algorithm

We want to add a Multiplayer Perceptron in the diagram. In the first step, we add a learning
implementation algorithm (SUPERVISED LEARNING from the META-SPV LEARNING
TAB).

" TANAGRA 1.4.5 - [Dataset (ionosphere. arff)]

E File Diagram Component Windaw Help - g%
H %
Default title 208 Continue -
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In the second step, we embed in the first one, a learning method algorithm i.e. the
MULTILAYER PERCEPTRON from the SPV LEARNING tab.

i TANAGRA 1.4.5 - [Dataset {ionosphere.arff)]
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E}EC-PLS & Decision List I‘_’:‘Qﬁ-Linear discriminant analysis A ad s ression o
< J =

dd/03/yyyy Page 3 sur 25



Didacticiel - Etudes de cas R.R.
Setting the parameters

There are several kinds of parameters. The first ones are the neural architecture parameters

(NETWORK tab). We use a hidden layer with two neurons.

MLP parameters

Farameters |

Metwaork | Learning Stopping rule
[¥] Use hidden layer <_ = -

Murmber of neurons <— [

[ ok || cancet |[ Hep |

The next ones are the learning parameters (LEARNING tab). We set the LEARNING RATE
to 0.15.

We can define a validation set. This sub-sample enables to compute the error rate on a part of
the learning set which is not used for the computation of weights. In this analysis, we do not
use a validation set - VALIDATION SET PROPORTION = 0.15.

Last, because we have already standardized descriptors, we set ATTRIBUTE
TRANSFORMATION to NONE.

MLP parameters

Farameters |

Metwark Learning | Stopping rule

Learning rate : D.1EDD| 2— - g
Yalidation get proportion : |0 2— -— .

Attribute transformation

@'nnne - s .
() centered
O standardized

O normalized

| ok || canssl || Heb
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In the last tab, STOPPING RULE, we set the parameters which enables to stop the learning
process: MAX ITERATION is the max number of epochs; ERROR RATE THRESHOLD

enables to stop the learning process if the resubstitution error rate is lower than this

threshold.

It is possible to stop the learning phase when we note a stagnation of the validation error rate
on GAP TEST STAGNATION epochs. But it is not a very efficient option, check only this

option if you are confident about the behavior of neural network.

MLP parameters

Parameters |
Metwark | Learning Stopping rule
Il ax iteration : 100

<= =

-

Etror rate thresald : |D-D1

[ Test errar stagnation

<__._

Gap test stagnation : |2|:I

A

ok || cancel || Heln

Reading the results

We select the VIEW menu, the weights are computed and a new window appears.
. supervisedieaming1 (Mutiayer perceptron)
S mmametes

MLP architecture
Ize hidden layer yes
Meurons in the hidden layer 2
Learning parameters

Walidation set proportion 0.00

Learning rate 0.15
attribute transformation none
Stopping rule
wax iteration 100
Errar rate thresold 0.0100
Werifiy error stagnation no

Classifier performances

Error rate 0.02e0

Confusion matrix

good 1.0000 00403 gond 143 o

bad 0.9315 0.0000 - & 8z

Sum 149 g2

Values prediction
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In the first part of the window, we can see a summary of the network parameters and the

resubstitution confusion matrix (0.026). We know that this estimation of the error rate is

often highly optimistic.

In the second part of the window, the weights of the network are displayed. We can copy

and paste theses values in a spreadsheet.

The ATTRIBUTE CONTRIBUTION part computes the error rate of the Perceptron when we
remove one attribute. TANAGRA compares this error rate with the error rate of the whole

model in order to evaluate the importance of each attribute in the prediction.

Attribute contribution

Excluded attribute Error rate Difference Statistics

rione 0.0260 - - <— — —

ad1 0.1169 0.090%  §.60565 -_— e .
al3 0.0433 0.0173  1.6546
a4 0.0519 0.0za0  2.4519
adh 0.0863 0.0303  Z.8966
alé 0.0863 0.0303  2Z.8966
aly 0,02a0 0.0000  0,0000

For instance, we see in this table that the error rate of the whole Perceptron is 0.026. If we
remove the “a01” attribute -- i.e. we use the average of the attribute instead of the true values
-- the error rate becomes 0.1169. The difference is 0.0909, if we use a statistical comparison

between these two proportions; the t-value is 8.6868, it seems highly significant.

In the last part of the window, the ERROR RATE DECREASING shows the error rate during
the learning process. We can copy and paste this table in a spreadsheet and create a graphical

representation of the error rate progression.
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Error rate decreasing

Error evaluation \
Epoch Traim err Wal err MSE

0.45

0.4

0.35

0.3
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0.2
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0.1

Resubstitution (train) error rate

0.05

Epoch

" e o e

Evaluate the network on a test set

We want to compute the test error rate on the 120 remaining examples. We add again the
DEFINE STATUS component in the diagram. We set CLASS as TARGET, the prediction of
the neural network (PRED_SPVINSTANCE_1) as INPUT.

 TANAGRA 1.4.5 -[Sampling 1]

E Flle  Diagram | Component. Window  Help
Dw Wl 5 _
[ Define attribute statuses
= __Dataset lionosphere. arff]
é/} Sampling 1 Parameters
= % Define status 1 I
é---m'SLlpenri's_e'd Learning 1 [Mhultila Atributes | Target ] Input |Ll|ustr:atiye:l
b e -
| Define status 2 C a25 ﬁ| pred_Spvinstance_1 -
C a26
C a27
C a28
C a29
C a30 g |
C an i
C a2 :
C 233 %‘
|D =
— L) | ]
.__.D'_ata'\rir'suﬁﬁia_t:iﬂﬁ | Statistics = o [ Sl EalEERR ) ‘
Feature selection | ﬁ:égression' - — — - ‘
gp«f_.léamihg : | 'm'EtWﬁv:l&_aFr;'ing [ e ][ e H i ‘
DK Cancel elp :
@Correlation'scatterplot Export datazet atterplat
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Then, we add the TEST component (SPV LEARNING ASSESMENT tab). The error rate must

be computed on the test (unselected examples) set.

" TANAGRA 1.4.5 - [Sampling 1]
E File Diagram Component Window Help

I = X

Drefault title

= Datazet ([fonosphere.arff)
Elf Sampling 1
Bﬂ'} Define status 1
E||I| Superdsed Learning 1 (Multilayver pefcd [ porameters

=% Define status 2

Used examples

< O Selected

Execute @ Unselected

]
£ ] 1| v
; [ QK ][ Cancel ][ Help ]
Co TTETTT |
Data visualization I | Statiztics | hWonparametrc statistics | Instance zelection |
1
Feature construction ‘| Feature selection | Regression | Factorial analysis |
PLS k Clustering | Spw learning | Meta-spyw learning |
Spw learning asseszment | \ Scoring | tszociation |
E?EEias-\rar‘iance decompogjtio svalidati HFHTrain-test

E?EEootstrap

We click on the VIEW menu; the test error rate is 0.125.

Evaluation zet | unselected examples

Yalues prediction Confusion matrix
good 0.9634 0.1319 - 79 3 82
bad 0.5542 0,1034 12 26 38
1 29 120
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Modifying the network parameters

We can improve the power of the neural network when we modify the number of neurons in
the hidden layer. We set this parameter to 10. A priori, we should obtain a more efficient

network.

" TANAGRA 1.4.5 - [Test 1]

E File Diagram Component ‘Window Help x
EH
Default title A
— MLP parameters 3
= Dataset (ionosphere, arff)
=] ,f Sampling1 Parameters |
=g Define status 1 Metwark | Leaming | Stopping rule
: [¥] Use hidden layar
= f:‘ Define status 2
Hﬂu Test 1 MNurnber of neurans : 10| |Z] U
Execute ]
Wiew
Sum
good 0.9454 g2
8] ][ Cancel ][ Help
bad 0.4542 — 35
Sum 91 29 120
< pd Computation time : 0 ms. v
Components
Data vizualization Statistics Monparametrc statiztics Instance selection
Feature construction Feature selection Regression Factorial analysis
PLS Clustering Spw learning Meta-zpv learning
| Spv learning assessment Scorng Aszociation
E?EBias—\tar‘iance decomposition E?EBootstrap E?ECmss—ualidation H?HTest H”H
< | _

We click again on the VIEW menu. The resubstitution error rate is 0.0206.
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1" TANAGRA 1.4.5 - [Supervised Learning 1 (Multilayer perceptron)] _. z
E File Diagram Component Window Help - | X
- =

Detault title MLP architecture )

= Dataset (ionosphere.arff]
=- ¢ Sampling 1
= ¥l Define status 1

Use hidden layer Wes

Meurons in the hidden layer 10 &_

Learning parameters
aver pey

Parameters. .. “Walidation set proportion 0.00

Supervised parameters... Learning rate 0.15

Execute attribute transformation none
Stopping rule

Max iteration 100

Error rate thresold 0.0100

Werifiy error stagnation no

o Resaes
Classifier performances
[ mrerrse

Values prediction Confusion mati

P Ep— — )
< 3| = >
Cormponents [I
Data wisualization | Statistics | Monparametric statistics | Instance selection | Festure construction
Festure selection | Regression | Factoral analysis | PLS | Clustering ‘
Spw learning | Mheta-zpv learning | I Spv learning assessment | Scoring | Aszociation ‘

E?EBias-variance decomposition H?HTest
E?EBUutstrap H?HTrain-test
Brfcrass-uatidatian

When we click on the VIEW menu of the TEST component, the test error rate is 0.1083.

{ TANAGRA 1.4.5 - [Test 1]

EFiIe Diagram Component  Window  Help

Ow B %

Default fitle |

= Datazet (ionosphere.arff]
Elf Sampling 1

’ Evaluation set : unselected examples
-5 Define status 1

E||1| Supervised Learning 1 (ultilayer per
=¥ Define status 2

Parameters,..

Execute V¥alues prediction
good 09755 0.1209 [gond an 2 a2
bad 07105  0.0¢o0 [Bad) 11 27 38
[sum_ 91 29 i
< 2 v
Components [I
Data visualization | Statistics | Monparametric statistics | Instance selection |
Feature construction | Feature selection | Regression | Factorial analysis |
PLS | Clustering | Spw learning | Meta-cpw learning |
I Spv learning assessment | Scaring | hssociation |
E?EEias-var‘iance decomposition E?EBthstrap E?ECross-vah’dation H?HTest H?HT
4 | 2

We have a small test set, the results suffers of a strong variability. This difference is not really

significant. We have tried some other algorithms such as Linear Support Vector Machine or

Linear Discriminant Analysis. We see in the following screenshot the accuracy on the same

test set.
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" TANAGRA 1.4.5 - [Test 2]

EF\IE Diagram Component  Window Help

Ow | %
— [ E——
= [ Daaset fonosphere. ) o hameters ]
E/’& Sampling 1 Evaluation set : unselected examples
= %4 Define status 1
——
B--m Supervised Learming 1 (Wultilayer perceptron)
= % Define status 2
Hﬂi Test 1 ”3
=-[¥] Supendsed Learning 2 (Linear discriminant analysis)/ __
E- m supervised Learning 3 (Log-Reg TRIRLS) ¥alues prediction Confusion matrix
= ] siperves e €50 T
=84 Define status 3 S
X1 good 0,975 0.1209 [good a0 2 82
frf Test 2 \ N\ bad 0.7105 0.0890 [bad | 1 27 38
\ N Sum 91 9 120
\ ¥alues prediction Confusion matrix
\ good 0,975 0.1304 [good a0 z &2
\ bad 06842 00714 [bad| 12 % 3
sum 9z % 120
Values prediction Confusion matrix
good 0.9578 0,1099 - a1 1 o [
bad 07263 00345 [bad| 10 ) 3
Sum 91 9 120
v
Camponents
Data wisualization ‘ Statistics ‘ Monparametric statistics ‘ Instance selection ‘ Feature construction ‘
Feature selection ‘ Regression ‘ Factarial analysis ‘ PLS ‘ Clustering. ‘
Spv learning ‘ Meta-spv learning ‘ Spw learning assessment ‘ Scoring ‘ hssociation ‘
= " " - - —

Training a neural network with SIPINA

Importing the dataset

In order to import the dataset, we click on the FILE/OPEN menu.

Sipina Research Version
Data

Skatistics

Induction method — Analysis

View Window Help

Quyrir

Regarder dans :

Save as..

&

Access foreign databases  »
Subsample management  »

Mes documents
técents

Exit

@
¥, 5l
% SRl

o
o

Mes documents

&

Fuoste de tiavall

Learning method
MethadM ame=Improved ChalD [Tsc a
MethodClassMame=T ArbreD ecizion] —
=
Merge=005
Split=0.01

&

Favoris éseau

| 55 ionosghere

~= @ cf B

|

~ A/]

Naom du fichierg ionosphers. arff é Ouric I

Fichiers de type WEKA File Fm'r@ Y; ! =] A
- |

TupeBorferroni=1
WalueBonferoni=1
Sampling=0

|

Examples selection

1 examples selected
0 examples idle

a

|£

1E%

Ilmpruved ChalD (Tschuprow Goodness of Split)

L

dd/03/yyyy

Page 11 sur 25



Didacticiel - Etudes de cas

R.R.

Splitting the dataset

We want to use the 66% of the dataset as learning set. We select the ANALYSIS / SELECT
ACTIVE EXAMPLES menu, we select the RANDOM SAMPLING option.

Sipina Research Version

File Edit Data Statistics Induction method R

DB B

View ‘Window Help

Define class attribute.

Attribute selection

ie 23 of 351

Sampling strategy
&+ Randam
" Stratified

Learning methad
M ethodh ame=Im|
MethodClasshar
[

Merge=0.05
Split=0.01
TypeBonferani=
WalueBonfemoni=
Sampling=0

Examples selecti

Impraved ChAaID (|

Filter mathod

Ligt of examples Random sampling Fiule filter

The subsets size appears in a window.

Sipina Research VYersion

O B EY
A

=
Attribute selection Learning set editor

File Edit Data Statistics Induction method Analysis  View Window Help

Learning method
Methodt arme=lmproved ChalD [Tac &
MethodClassH ame=TArbreD ecision| —
Hdl=3

Merge=0.05

Split=0.01 —
TypeBonfemoni=1
alueBonferroni=1
Sampling=0

[

pledElzct

231 examples selected
0 examples idle

W/

Improved ChAID (Tschuprow Goodness of Splik)

Defining the class and the predictive attributes

We click on the ANALYSIS / DEFINE CLASS ATTRIBUTE menu in order to define the role
of attributes. We use drag-and-drop in order to define the TARGET and the INPUT

attributes.
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Sipina Research Yersion

File Edit Data Statistics Induction method BESEER

O BBy

Wiew Window Help

Attribute selection

Clazs ' Wariables
alh A~
|c|a$s o a6 o’
al?
Attributes ald
ald
a1 A 220
sl 3 a2l
al4 222
a05 __ 273
a6 ' 274
aly 5} 275
alg 226 —
a03 207
a10 278
all 279
Learmning method a2 v 230
MethodMame=|mproved ChalD [Tsc A a [
MethodClassM ame=T ArbreDecision] — 32
Hdl=8 (e 233
terge=0.05 Ty e
Split=0.01 = 3
TopeBonferoni=T & _ —
W alueB onferrani=1 —
S ampling=0 ~
Examples selection ¢ ok x Annuler  |F

231 examples zelected

120 examples idle 287 -3.30 217 118 025 112 023 298

1
I >

b’

Improved ChalD (Tschuprow Goodness of Split)

The attributes selection appears on the left part of the window. The type of the attributes is
displayed.

Sipina Research Yersion

File Edt Data Statistics Inductionmethod Analysis Wiew Window Help
[} e By
=@ ~
Alibute selsslion Learning set editor =
=-@3 Class attibute ~ gl anz a04 05 a5 al7
class 1 035 072 024 0.45 021 0.57
=% Predictive altibutes 2 035 072 -0.53 063 .03 .34
ag; 3 035 072 047 077 025 091
am 4 035 072 112 077 192 032
B
o 5 035 072 015 055 010 07s
s 5 035 1.25 012 135 051 114
7 7 035 058 035 057 071 077
08 8 287 .23 010 115 025 091
209 o ||z 035 054 028 077 055 091
10 10 035 1.33 028 115 025 ERE]
a1 11 035 072 0.05 077 064 091
alz 12 035 072 132 077 242 091
413 13 035 072 045 077 047 091
al4 14 035 072 207 077 023 061
&15 15 035 07z 0.06 077 013 0.91
alg J 16 0.35 026 223 077 0.33 -1.20 -
a17 ~| 17 035 072 0.04 077 027 087
Learing methad 18 287 .23 010 -3.08 242 091
MethodN ame=Improved ChalD [Tsc - | | 18 035 0.06 -0.03 013 014 0.04
MethodClassMame=T&rbreDecisionl — | flz0 287 072 237 115 0325 ERE]
Hdi=8 21 035 07z 012 077 047 081
Merge=0.05
Spited 1 il 3 287 072 217 115 025 ERE]
TypeBonferroni=1 23 035 054 0.05 077 015 091
\é’a'UEFE"fS”E"'=1 < |z 287 330 217 116 025 112
Amping= - — 25 0.35 07z -0.24 07y -013 0.31
22:‘“”"'“ ISEIEC:'D” - 25 035 072 1.21 077 -2.42 0.91
examples selects
120 examples ide 2L 038 nrz. 030 07 062 nes v
< ] 2
Improved ChalD (Tschuprow Goodness of Split)

Learning algorithm and parameters settings

The INDUCTION METHOD / STANDARD ALGORITHM menu enables us to choose the
learning algorithm. We select the NEURAL NETWORK tab and click on MULTILAYER
PERCEPTRON method.
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=13

Sipina Research Yersion
File Edit Data Statistics

O B EY

Attribute selection

-z Clazs attribute
E class 024
- & Predictive attributes 053
W =01
W 203
W =04
E 305 HMulti-Laver Perception
E alE Multi-Laver Perceptran (Test tiror rate control]
L el
W 203
W =03
W 210
W all 3
W =12
=172
Learning o | Multi-Layer Perceptron
t ethodt ame=Improved Chal X Annuler
thslTsodCIassNameﬂArbreD T T T gk ik FE
Merge=0.05 035 072 0.04 077 027 087
Split=0.01 ) — -287 -1.29 -010 -3.05 -2.42 0.,
LPIfEBBD“fFTTDH'ﬂ | 035 0.06 003 013 014 0.04
Samplnged 3 287 0.72 237 118 025 4112
; = 035 0.72 -012 077 -0.47 0.5
Examples selection
-287 nyz 217 -1.16 -0.25 =112
231 examples selected
120 examples idle 0.35 .64 008 0.77 016 0.9 v

Improved ChalD {Tschuprow Goodness of Splic)

When we click on the OK button, a new dialog box appears. We can set the architecture of

the perceptron and the training parameters.

MLP paramete r”.

Max Eror 001 Max iteration |5000 :l

FLP Stucture

Hidden layer 1 =
Learning rate (0.9

Modes per laper

W OE

We note that we choose a high MAX ITERATION (5000). That does not matter because we

can view the error rate decreasing and interactively stop the learning process in SIPINA.
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na Research Version

File Edit Data Statiskics Induction method Analysis

View Window Help

DB EY

Adttribute selection

=1 % Class athribute
E class
= §= Predictive attributes
' =01
W =03
W 204
alls

Learning method

b ax Iter=5000
fax Error=0.01
Layers=1

Learning rate=015
Layer_1=2

Examples selection

tethodM ame=tulti-Layer Perceptron
rethodClazzM ame=TF aztSimpletdLP

23 examples selected
120 examples idle

Multi-Layer Perceptron

Learning process

We select the ANALYSIS / LEARNING menu. A new window appears, we can follow the

error rate progression. A STOP button enables us to stop the processing.

Research Yersion - [Multilayer. perce,

. Induction method  Analysis View Window Help

k) e By
El Canfusion matix
Attribute selection Fel bad
=g Class athibute ~| aoes good 0
class 002 bad H 81
- g Fredictive attibutes AES
L Eul 0o
C e 0.005
(W 04 @
C gl [ 1 2
C E Rate: 0.009 Iteration: BT —
CEd
C B eural network architecture
(B a03 A Coef,
C B = Al
N 211 7 j B 15137
o a2 3\ 3 -0.0673
L Kl 4 1.2448
o a1 5 13149
W a5 [ 2.0015
c B B 17738
E al? 2 07548
] iz B -0.3010
E ala 10 -3.7710
1" -0.0857
E a;l] ~. ) 12 05730
A, 7 13 -0.9274
C \ 14 0.3007
8 =23 15 -2.0707
C = 16 -0.9501
(B =25 17 0.0570
(B 226 12 -0.9413
M 27 19 16308
L Exd 20 1.0639
o 29 21 -0.7098
C = 31 1.4035
c sl 3 16805
W i 4 2303
26 -0.0853
C =
o v 6 19531
27 0.2431
leoneemeied 20 -0.1091
MethodH ame=huli-Layer Perception i 21058
MeLhudClassName=TFasl5lmpIeMLP 0 ToaTe
M Iter=5000 i 09583
Max Enor=0.01 5 21471
Layers=1 ES 20037
Learning rate=015 -0.1006
Layer_1=2
Examples selection
231 examples selected
120 examples idle
v

Multi-Layer Perceptron

Time : 1528 ms
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Error rate evolution shows the error rate progression, we see that we obtain an error rate of

0.009 at the iteration 624 . The confusion matrix is at the right part of the window.

The STOP PROCESS button is very important. We can stop the processing when we think

that we cannot obtain a significant improvement in the remaining iterations.

In the bottom part of the window, when we select a neuron, the associated weights are

displayed.

Test error rate

In order to apply the prediction model on the test set, we click on the ANALYSIS / TEST

menu.

Analysis

Define class attribute, .,
Select active examples..,

Stop analysis

Classification L
S

LIFT -- ROC curve..,

Personnal tests r

In the subsequent dialog box, we set the following option.

Apply classifier on, ... E|
Apply on

" Learning set

i+ ilnactive examples of Databazes ,
o

f Ok x Annuler |

The confusion matrix appears in a new window. The test error rate is 0,0917.

dd/03/yyyy Page 16 sur 25



Didacticiel - Etudes de cas R.R.

Confusion matrix : Test set on NEW.FDM |'._||'E|rz|
class
good |]:-a.l:-1 |
good T u}
bad 11 133

I

Cosk : 0.0917 .

Using a validation set

We can follow the learning process in SIPINA; the utilization of the validation set is more
interesting. We can stop the learning process when the validation error rate does not
decrease. The learning set is thus split into two parts: the first, says “training set”, is used for
the computation of the weights of the network; the second, says “validation set”, is used for

a “honest” evaluation of the error rate.

We close all the windows the WINDOW / CLOSE ALL menu. In order to include the
utilization of a validation set in the learning process, we select a new algorithm:
INDUCTION METHOD / STANDARD ALGORITHM menu, MULTILAYER PERCEPTRON
(TEST ERROR RATE CONTROL) option.

Select an induction method

Induction Graph] Rule Induction  Meural netewark l Drizcriminant anal_l,lsis] Decigion Iist] Other ]

Single-Layer Perceptron
bulki-Laver Perceptron

b uilti-Layer Perceptron [Test Error rate contraol]

Multi-Layer Perceptron (Test Error rate control}

o 0K X Annuler |

The learning set size is 231. We set 70% of them as a training set (70% of 231 = 161 examples),

and the remaining as validation set (231 - 161 = 70 examples).
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Max Encor [0.01  Maxiteration (5000 2]
MLP Structure

Modes per laver

Hidden layer |1
| earnirg rate E|15

Learning # Test rato

Cleaming |70 % %)

W 0K

We click on the ANALYSIS / LEARNING menu in order to execute the learning process.

Two curves appear now in the chart. In some cases, the validation error rate may increase

when we have overfitting.

Validation error rate

Error rate evalution Confusion matris
good bad
z z z : good 2
0a4----- By oo o Lo Lo fomom e bad 13 13
oafAAAN L
S
l:l : 1 N 1 N 1 ]
] 1 2 3 4 5 (<]
E.Rate: 0.019 Iteration . EEEIEIEE] [ P T e,

Training error rate

The confusion matrix on the test set gives the following results (ANALYSIS / TEST menu).

Confusion matrix : Test set on NEW.FDM |Z||E|[5__(|

clasz
good |had |
gqood -] u]
bad 11 i3
Cosk 00917 .,
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Training a neural network with WEKA

When we execute WEKA (http://www.cs.waikato.ac.nz/ml/weka/), a dialog bow appears,
which allows us to choose the execution mode of the software. We select the KNOWLEDGE

FLOW mode. We have used the 3.5.1 version in this tutorial.

“ Weka GUI Cho... [C|[E]B

Wyigikata Environmert for
Knowledge Analysis

(£) 1988 - 2005
Uriversity of Waikato
ey Zealand

Simple CLI L Q(plmar —

Experimenter

o

Log

CAritviewer

Importing the dataset

£ Weka KnowledgeFlow Environment

"‘; | Datasources | Detasinks | Fiters | Ciassitiers | Clusterers | Associetions | Evaiustion | visuaization 1Y
. DataSources
B ~— - - - -
al| @ = &) & 1 m
: axge cas caw Databaze Sezialized
: Toader Toads: oy Botier Toiameestoaies
< >
Knowledge Flow Layout
P
v
< >
Status
Velcotne 1o the Veka Knowiesige Flow Log

The ARFF LOADER component enables to import the dataset.

= 'Bka KnowledgeFlow Environment

DﬁaSUUf’CBS‘Da{aSinks Filters || Classifiers | Clusterers | Associations | Ewaluation | ‘isualization

- -~
@aata
kg FF v

szgeLoads EOlt
Delete

Connections
dataset
instance

Actions

<

Corfigure...

E ¢ [ DataSourses

ey ¢ | @& | & | &
ﬁ : nE basTy 3y hasr R1AY

3 ArgE cas caw Databaze Berialized

Lozder Loader Loader Loader InztancesLoader

< |
Knowledge Flow Layout

A~

Apout

Reads a source that is in arff (attribute relation file format) farmat.

Rechercher dans @ |@ iohosphers

Mes
documents
récernts
=)

LS

Bureau

Status
Welcome to the Weka Knowledge Flow

N\
Matr de fichier | ionosphers.arff ‘

2

|

Mes documents  Fichiers du type §

v| [ AnnLler ]

)
|arif data fies J
¥ 4

Splitting the dataset

The TRAINTEST SPLITMAKER (EVALUATION tab) enables to split the dataset into

learning and test set.
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- Weka KnowledgeFlow Environment

’Tl | DataZources ” CataSinks || Fiters ” Classifiers ” Clusterers H Assuc\zﬂiuns‘ Evalustion ‘ \/isua\izahun|

trainingset

<

E ’—Evaluatic...
= = = =i = 3! i
! =i, r“vt‘., I::%; b == == W ) w_
= i l Coll || ol Lot Gob | ‘i8¢ | ‘e X T8 -]
i | Training TestSer  Crossalidavien TrainTest Class ClassValue Classifiec Incremental Clustezs
SetMaker Maker FoldMakez SplitMaker  Assigner Picker  PezformanceDvaluabor ClassificcBvaluaber PerformanceBv,
£ >
rHnowledge Flow Layout
-
RFE[
L’ TrainTestSpltMakerCustomizer
ArffLoader 4 About
b g n . .
plit an incoming data set into separate train and test sets.
TrainTes gy ’7
ERpgree  Configure.. >
Connections seed |1
testSet

trainPercent | BB|

| The percentage of data to ga inta the training set

Statu:
[Wa\cﬂma to the Weka Knowledge Flow

We connect the ARFF LOADER component to this new component; we use the DATASET

connection.

= Weka KnowledgeF low Environment

E:‘\ | Datasources | Datasinks | Fiters || Classifiers | Clusterers | Associations | Evaluation | wisuslization |

. [ Evaluation
H | Sl
\ e e S
4 i ‘_'_1_‘ 4.*1-.'|L {-_!_-h_ ‘.'!.-'.
= Pt Pl ok =1 = I
Training TastcZlat Cros=sVal idavion TrainTa=«t Clas=s= Cla=s=Ualus Cl
SetMakear Maker FaoldMakerx Spl itMakax A==igner Picker Perform
< >
—Knowledge Flow Layout
~
. datafet M
Edd ]
ArffLoad TrainTe=t
Delete SplicMaker
Canfigure,..
Connections
instance
Actions 2
< Start loading S
- Status
Welcome to the Weka Knowledge Flowe Lag
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Learning algorithm and parameters

In WEKA, the last column of the dataset is the default class attribute; the other columns are
the predictive attributes. If we have not this configuration, we must use the CLASS
ASSIGNER component.

The supervised learning methods are in the CLASSIFIERS tab. We add the MULTILAYER
PERCEPTRON component in the diagram. We click on the CONFIGURE menu in order to

set the right parameters.

] i
u b y
44 ’;L 47
i ..\.L

Maltilayer Pace EBF
istic WPezceptzon JRagression  Network

‘
~ Tt o -
& e -

¢ | About
Knowletge Flow Layout This neural network uses backpropagation to train.

cUl [False ~]|
pai b sty g l!‘ autoBuid |True v|

&R FF |
y debug |Fa|se v|

BrffLoader TrainTes=t
SplitMaker decay |Fa|se v|

hiddenLayers | 2

learningRate | 01 Sl

<

momeritum | 0z

Statuz

nominalToBinaryFitter |True

N
2
nhaormalizeAttributes |False e W |

Welcome to the Weka Knowledge Flow

hormalizerumericClas s |TI’UE

randomZeed | o

rezet |Fa|se

trainingTime | 100

validationSetsize | 0

validationThreshold | 20 |

We set two neurons in the hidden layer (HIDDENLAYERS); the learning rate is 0.15
(LEARNING RATE); we do not use attribute transformation (NORMALIZE ATTRIBUTES =
FALSE); the max number of iteration is set to 100 (TRAINING TIME); and we do not use a
validation set (VALIDATION SET SIZE = 0).

We connect twice the TRAINTEST SPLITMAKER to this new component; we use the

“training set” (1) and the “test set” (2) connections.
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£ Weka KnowledgeFlow Environment

B[=]E

& | Datasources | Datasinks | Fiters | Classifiers | clusterers | Associations | Evalustion | visualization | ‘ 3 |
@ 1]
.~ tt 2 o [ (o™ | L=
. - [ [ wr
) Ea 1:”; 1- T (nh (nh “
@ dmuLEi el LLLE LR e E
Multilagrer Face REF Simplalinear Simple 3
i=tic Perceptron Regrass=ion Hetmork Regre=s=ion Logistic SM0 0r
h$ >
~Khowledge Flow Layolt
el
1 trainingiet “ -
dataS* k 2 testiet b o
,':I - 1 L <:h d‘h
Lt MULTI- c
s B
arffloader TrainTe=t Hultilayer
2plicMaker Perceptron
b
< >
Status
Welcome to the Weka Knowledge Flow Lag

In order to visualize the weights of the network, we add the TEXT VIEWER component from
the VISUALIZATION tab. We use the TEXT connection.

£ Weka KnowledgeF low Environment

E:}E | DataSources || DataSinks | Fiters | Classifiers || Clusterers | Associations | Evaluation | Visualizatio

’__ﬁﬂ

. Misualization

N

i
s [f& | &

6] & |

y-
&

il
K

) & | &

Data

Scarter

| Vi=ual izer FPlotMatrix Summarizer FerformanceChart

artribute Model

Text

Graph otr
Wiemer TViewer Cha

£ >
Knowledge Flow Layout
s
[@gata L- T I -
_____Jr [ F .' tanyg . E 23
4 * b @ = m.ﬁ
RFF MULTI-F
arffLoader TrainTest Multilayer TextWicwar
SplicMaker Perceptron
&
4 >
Status
Welcome to the Weka Knowledge Flow Log
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To launch the learning process, we click on the START LOADING menu of the ARFF
LOADER component (1). And to display the results, we click on the SHOW RESULTS menu

of TEXT VIEWER (2).

Weka KnowledpeF low Environment

Instance

E‘\ DetaSources | DataSinks | Fiters | Classifiers | Clusterers | Associations | Evaluation | Yisualization | |[§ |
- Wisualization ——
e
E% Eﬁf @J E
Data Scavter  Averibuve Hadel Texy Graph sz
,,,,,,,, PlocManzin Sunmazizer PerformamcsChars  Ulewer Wismer
< | ba
Knoweledye Flow Layout
~
,,,,,, seai G 4
dat wasg t text E,, |
b —=F & L‘ 4 :o & 4 ..:@ 5
ch MuLn. i)
Brffloas Delete Multilayer Taxtlismar
Pezceptzon
Configure...
Connections
£ Weka KnowledgeFlow Environment
dataset

D DataSDuN:es DataSinks | Fiters | Classifiers | Cluster

ers | Associetions | Evalustion | Visusiizaton | HK ‘

Actions © ~Wisualizetion -
< : |
St &l {a ” i7ess H far H 72 “ 3 “ ) l @"f =
Wyaslcome to the Weka Knowledge Flow 5

e iees Flodinsn Someiuet Fecommethaze  rees  recns
< | b
Knowledge Flow Layout

(Pj»;'-v @—n.,.}i

>

Eclit

Whielzorme to the Wieka Knowledse Flow

Azfiloade: TrainTeszt Multilayez TextVie Delete
Siiisaen | Dercereian Actions z
-
< | ¥
Status
Log

The weights of the Multilayer Perceptron appear in a new window.

S=ES

Result list

Text

=== [laszsifier model ===
Schenme: MultilayerPerceptron
Felation: std ionosphere.arff

Sigmoid Node 0O

Inputs Weights

Threshold -4, 244545245550265

Hode 2 4, 168023599769535

Node 3 4, 474384531290525
Sigmoid Node 1

Inputs Weights

Threshold 4, 244555092664962

Node 2 -4,149867185140021

Node 3 -4,491755451471164
Sigmoid Node 2

Inpuats Weights

Threshold 0.270235540429924

Atcrib all 2.7367610444517725

Attrib al3 -0.7144783417552728

| ™
|
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Test error rate

We must add two new components in the diagram in order to apply the network on the test
set and visualize the confusion matrix. First, we add the CLASSIFIER PERFORMANCE
EVALUATOR (EVALUATION tab) in the diagram and we use the BATCH CLASSIFIER

connection.

£ Weka KnowledgeFlow Environment

@s | DataSources | DataSinks || Fiters | Classifiers | Clusterers | Associstions | Evalustion | lisuslization |

FEX

™ |

2]

&S

N
=
K ;

NIt

gé

]

Cla==ifallgs Clas=ifiar
Ficker FerformanceBEvaluator

Cros=Validatiesn TrainTas=e Cla== Incrs:
Tol dMaker SplitMaker Assigner lasslfle
£
“Hnoweledge Flow: Layvout
~
e L o
R
=
A S
@data =
b da*' 4 L‘ Textiemer
RFF
: batchila=sifier
+d_icnosphers TrainTas=t Multilayas -
Jarff Spl itMaker Percapbzon m N
?i'm
- 0%
Classifier
FarformanceEvaluator w
< >
Status
Ok Log

Second, we add a new TEXT VIEWER component to visualize the results (TEXT connection).

£ Weka Knowledgeklow Environment

E:IEG | DataSources | DataSinks | Fiters | Classifiers | Clusterers | Associations | Evaluation| ‘isuslization
- Wisualization o 1
s Bl & JB\&]|&
Data Scatter Attzibute Model Texe Graph Serip
‘| Wisualiser PlotMatriz Summarizer PerformanceChare N Viewer Viewer Chazs
< >
Knowledge Flow Layout
r==| s
£ “f.-ja
- :
a st h
dan: b‘ Textiewsz
= 4 ¥ ¢ =p 4 7, ui
RFF MuLTL —
v batchflassifier
td_ionosphers TzainTest Multilayer
Larff SplitMaker Perceptron m
7 bexb >
2 wasi @
Classifier Testiiewer
PerformanceEvaluator
v
< ¥
Status
oK Log
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We must execute again the learning process (START LOADING of the ARFF LOADER
component). We click on the SHOW RESULTS menu of TEXT in order to display the results.

Result list Text

=== Evaluation result === A
Schene: MultilayerPerceptron
Felation: std_ionosphere.arff
Correctly Classified Instances 95 §l.e66v % ,
Incorrectly Classified Instances 22 15.3333 % .
Kappa statistic 0.56162
Mean ahsolute error 0.z005
Root mean squared error 0.3955
Relative ahsolute error 40, 6467 %
Root relatiwe sguared error 79,7035 %
Total Mumber of Instances 1z0
=== Detailed Accuracy By Class ===
TF FRate FF Rate Frecision Recall F-Measure ROC Area Class

0.955 0.358 0.771 0.955 0.853 0.792 good

0.642 0.045 0.9219 0.642 0.756 0.792 bad

<-- classified as
‘ 64 3| a = good
b
v

£ >

There are 120 examples in the test set. The test error rate is 18.33%.

Conclusion

We note in this tutorial that the logic of the training and the evaluation of a neural network is

the same one, whatever the software used.

The implementation of a perceptron is finally rather simple. The interpretation of the results,
in particular the comprehension of the weights of the network, is definitely more

complicated.
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