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S+emmin3 reduces o word to 1ts stem. The resvlt

is less readable by homans but mokes +he text

More  com Pare.ble. across observations.

EXAMPLE ,ITroAi‘\'ior;\ and I’Tradi’riooal\ have the
Same stem: tradit
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Form
studies
studying
ninas

hifiez
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Word Porteri Porter2

cnts cat cat
meekly meekli meek
POMPOUS  POMPOU POMPONUS
thursday thursdai  thursday
tied t1 tie
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The official definition of an
n-gram is that they are a
subsequence of n items from a
given sequence, where for
search engines these
sequences are words.




N=1

N=2:

N = 3 :[This|is a|sentence

S~

| This|is|al[sentence| unigrams: 3
— ——___sentence
. . ﬂis,
This|is|a|sentence| bigrams: isa
_____H_____ﬂ__ientence
—
this is a,

trigrams: s . sentence

Mots n-grammes




Ve

Dakae Tech

Input Text

"Character N-gram”

Unigram ({1-gram)
Bigram (2-gram)
Trigram (3-gram}

Quadrogram (4-gram)

c h, a, £, a, ¢, t, ¢, r, , N, -, g, r, a, m
Ch, ha, ar, ae¢, c¢t, te, er, r , N, N-, -4,
Cha, har, are, ret, cte, ter, er , r N, N-,

Char, harec, arct, rcte, cter, ter , er N,

N-grammes Characteres
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Feature Selection methods




ERl=3

FOR FEATURE

SELECTION

2

AURRER

To yse Xi for feature selection

J
Wwe calcvlate x'z between gach
Fead‘ore and the -}-w.sef) and select
the desiced nomber of featores with
the best X scores.

The infuition is that if a featvre
15 'l"‘d‘pendcn‘l' }o the +a.r|\:se\' i+
IS v infor mative for Chs’,.ps '5

s bsc  votions.




Dimension Reduction: X2-statistic

*Assumption:a pre-defined category set for a training collection D
*Goal: Estimation independence between term and category

e e
4

X:‘M[W) Zmaxxz(w,cj)
i

: “ —r~——{Term categorical score
Sets threshold y A:=|{d|d ec,*w ed}|
I
B:=[{d| d &c," w €d}|
R 1l words: X2 < ]
emoves a Wi}l[: S max(W) Y -< (= {d d EQ].A w E d}l >
\N:=|{d| d €D} g




Features :

Happy : 23
Sad : 25
School : 3
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Variants of term frequency (TF) weight

weighting scheme TF weight
binary 0,1
raw count fi.d
term frequency fia ! Z fv.a
t'ed
log normalization 1+ log(fia)
fra
double normalization 0.5 | 0.5 + 0.5 -
maXyeqy fir d
Jra
double normalization K | K + (1 — K)
mMaxX sy =4} ft',d

o
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N
drf,

tf, , =frequency of xiny

df =number of documents containing x
Term x within documenty N = total number of documents

—)

w, ,=tf,  xlog (—,
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1,1,1,1,1,1,1,0,0,0,0,0,0

0,0,10100,1,1,1,1,0,0

0,1,1,0,0,0,0,1,0,0,1,1,1

Représentation Binaire
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D2 0 0 1 0 1 0 0 1 1 1 1 0 0

D 1 0 1 0 0 1 1 1 1 0 0 0 0




| am very happy !!
| found yesterday a little dog,
| liked it.
The poor has lost his mother

little

cat like feel
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Testing set

_.vml..n rmance

evaluation

Output
nﬂ:mmmuj____

AN

AV

Classifier

A.ﬂ

Text set to be

Feature weighting

$

Feature dimension
reduction

A

Text preprocessing

Aﬂ

Training set

classified
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Exemple d’application : IRIS Data

Iris Versicolor Iris Setosa Iris Virginica




Exemple d’application : IRIS Data N
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Petal
Samples S~
(instances, observations)

Petal Petal
length  width

Sepal  Sepal
length width

— |1 5.1 3.5 1.4 0.2 Setosa

p 4.9 3.0 1.4 0.2 Setosa

50 |6.4 3.5 4.5 1.2 Versicolor §

150 | 5.9 3.0 5.0 1.8 Virginica

l I 1\ \SEPaI
/ Class labels

(targets)

Features
(attributes, measurements, dimensions)



4.0

3.0

2.0

25

1.5

Iris Data (red=setosa,green=versicolor,blue=virginica)

2.0 3.0 4.0 0.5 1.5 25
1 I. 5 ; 1 : 1 ..p 1 1 1 é... 1
.'. . @ "' o ® T . =
e %? .'.;.“ -!a.
epal.Len e *, s . See
Sepal.Length -”g%!.:.;:.. R \5! e E.h;' oy
:.i-;?" o el : Sepal.Width .§ = % f'. 8 ﬁ:
TR 7
.‘: fie- : ‘.n. i ?"
’, 3 e
. Q‘.. L] . :. s . .o pllzg:
;:‘E‘- ’ :E::: e ° Petal.Length i:;ﬁ*
e . ek -
= .= L L) » - L - .
- .-. [ 1] '.3 : &kﬂi
L ] ‘ds .. * “.
' ‘gf' *, ofiiss j g Petal.Width
L) we ] ..r“ .
g ) © el

45 5655 65 75

1 I 1 I 1 1 I
45 55 65 75

L
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-100
sepal length - 1

- 07s
sepal_width 050
025

petal_length - 1 0.96
000

petal_width 0.96 1 -0.25

i i i i
szpal_length sepal_width petal_length petal_width
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Variance explained by each Principle component Cumulative Variance explained
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Variance explained by each Principle component Cumulative Variance explained
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Variance explained by each Principle compone

o =] =1 = = =
N w = W (=)} -~
A i i A i i

% of explained variance

L=
—
i

o
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1 2 3 4
Principal components

T T
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Principal components
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Sepal Length  Sepal Width  Petal Length  Petal Width

PCl1 [ ©.52843794, -0.23201227, 0.58394827, 0.5709011 ]
PC2 [ ©.3554837 , 0.93369239, 0.00795684, 0.04226763]
PC3 [-8.72859925, 0.24803092, ©.15153118, ©0.62021133]
PC4 [ ©.25204725, -0.11344378, -0.79748317, 0.53630521]

. . -, - . |
i Chaque facteur est une combinaison linéaire des variables 1
I initiales. A partir de ces formules, on pourra donner des :
i interprétations pour chacun des facteurs. I




3 components, captures 99.48% of total variation

PC3

0.2+

0=

0.0~

PC2 (22.85%)

-0.1=

0.2 =

. e

s

e ®

IZI.IZI IJ.1
PC1 (72.96%)
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Species
®  galosa
& yarsicoks

*  yirginica
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1- Centrer-réeduire les variables

2- Calculer matrice de corrélation

3- Calculer valeurs et vecteurs propres de la

matrice de corrélation
4- Ne garder que les valeurs propres a grandes N
valeurs L

5- Projeter les données dans ce nouvel

espace propre
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