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Abstract

The imbalance data can be seen in various areas such as text classification, credit card fraud detection, risk
management, web page classification, image classification, medical diagnosis/monitoring, and biological data
analysis.

The classification algorithms have more tendencies to the large class and might even deal with the
minority class data as the outlier data. The text data is one of the areas where the imbalance occurs. The
amount of text information is rapidly increasing in the form of books, reports, and papers. The fast and precise
processing of this amount of information requires efficient automatic methods. One of the key processing tools
is the text classification. Also, one of the problems with text classification is the high dimensional data that
lead to the impractical learning algorithms. The problem becomes larger when the text data are also
imbalance. The imbalance data distribution reduces the performance of classifiers. The various solutions
proposed for this problem are divided into several categories, where the sampling-based methods and
algorithm-based methods are among the most important methods. Feature selection is also considered as one

U/ : of the solutions to the imbalance problem. In this research, a new method of one-way feature selection is
G
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presented for the imbalance data classification. The proposed method calculates the indicator rate of the
feature using the feature distribution.

In the proposed method, the one-figure documents are divided in different parts, based on whether they
contain a feature or not, and also if they belong to the positive-class or not. According to this classification, a
new method is suggested for feature selection. In the proposed method, the following items are used.

a) If a feature is repeated in most positive-class documents, this feature is a good indicator for the positive-
class; thercfore, this featurc should have a high scorc for this class. This point can be shown as a
proportion of positive-class documents that contain this feature. Besides, if most of the documents
containing this feature are belonged to the positive-class, a high score should be considered for this
feature as the class indicator. This point can be shown by a proportion of documents containing feature
that belong to the positive-class.

b) If most of the documents that do not contain a feature are not in the positive-class, a high score should
be considered for this feature as the representative of this class. Moreover, if most of the documents that
are not in the positive class do not contain this feature, a high score should be considered for this feature.
Using the proposed method, the score of features is specified. Finally, the features are sorted in

descending order based on score, and the necessary number of required features is selected from the beginning
of the feature list.

In order to evaluate the performance of the proposed method, different feature selection methods such
as the Gini, DF'S, MI and FAST were implemented. To assess the proposed method, the decision tree C4.5 and
Naive Bayes were used. The results of tests on Reuters-21875 and WebKB figures per Micro F , Macro F and
G-mean criteria show that the proposed method has considerably improved the efficiency of the classifiers

than other methods.

Keywords: Feature selection, Imbalanced class, High dimensionality, Text classification
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(Table-4): Samplc data sct
Document Class Terml | Term2 | Term3 | Term4
Docl Classl 1 1 1 1
Doc2 Classl 1 1 0
Doc3 Class2 0 1 1 1
Doc4 Class2 0 0 1 1
DocS Class2 0 0 0 0
Doc6 Class2 0 0 0 0
Doc7 Class2 0 0 0 0
Doc8 Class2 0 0 0 0
Doc9 Class2 0 0 0 0
Docl0 Class2 0 0 0 0

;fs }.B o-.x..:as\....ulzo \-"}LMO‘ (A*J’A’)
(Table-5): Scores calculated for each feature

Terml | Term2 | Term3 | Term4
1 0.781 0.656 0.334
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(Tablc-7): Scorces calculated for cach feature
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(Table-2): Sample data sct

Document Class Term1|Term2Term3(Term4
Docl Classl 1 1 1 0
Doc2 Classl 1 1 0 1
Doc3 Class2 0 1 1 1
Doc4 Class2 0 1 1 1
Doc5 Class2 0 1 1 1
Doc6 Class2 0 1 1 0
Doc7 Class2 0 1 1 0
Doc8 Class2 0 1 1 0
Doc9 Class2 4] 1 1 0

Doc10 Class2 Q 1 0 0
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(Table-3): Scores calculated for each feature

Terml | Term2 | Term3 | Term4

1 0 0.096 0.273
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(Tablc-8): Characteristics of text data sets used in experiments.
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(Figure-1): Comparison of the performances of C4.5 classifier in Student and Project classes using various methods of feature selection
based on Micro F and Macro F.

| | | | | | | |
0.06 0.09 012 0.15 0.18 0.21
Imbalance rate

0.27

|

0.24

003 006 0095 012 015 018 021 024 027

Imbalance rate

| |l || | | | |

006 0.09 012 015 018 021 024

Imbalance rate

0.27

mGini

|
03

027

03

03

mDFS

*
——

Mac. °° 1 1 I
05
04
03
01 I I |
0 || | || | | | || | ! |

003 006 009 012 015 018 021 024 027 03

5 feature count Imbalance rate

09
08

7
06 " [ I
Mac. o
"
"l ‘ |
° | | | | | | || |
003 27

0.06 0.09 012 0.15 0.18 0.21 024 0.
10 feature count Imbalance rate

06 . r " "
Mac. B
05 i
04 -
03
02
” I I
0 i N | | L Al i i 1| |

03 003 006 009 012 015 018 021 024 027 03

=]

o o o o
N W b

15 feature count Imbalance rate

09
0.8

7
Mac. °° I | | | |
02 [
01 |
0 | | | || | || [ 1] &l 1] &

003 006 009 012 015 018 021 024 027 03

o o o
w » U

20 feature count Imbalance rate

®EMI ®mFAST mProposed method

Glisee sla ey 3l eolisiw! b Project g Student (glddiiws C4.5 wiodiwd (o315 dows Lo (V- )

Macro F g Micro F caws p Shg ol

FA ol ) 5yl 1YAA Jlo




H 1
‘3 09 I . 09
-~ || 1 4
o 08 1 ’ I 08
-=5 0.7 07
06 06 & | [
4‘ Mic. Mac. [
. 05 05
: '
3 04 04
§ 03 03 I
; 02 02 l
; e+ 0BT
g} 0 Ll | Ll || L] | il L} i | 0 I L L L} || || | || | ||
A 003 006 009 012 015 018 021 024 027 03 003 006 009 012 015 018 021 024 027 03
“‘b 5 feature count Imbalance rate 5 feature count Imbalance rate
-
j X
i 09 I . = 09
1 [ »
3 03 I 1 1 08
0.7 07
1 i 1
) . 06 06 - n |
) Mic. Mac.
0.5 05
% 04 04 "
ﬁ' 03 03
v 0.2 02
7 01 01 I I
3 o MIRER NRACN NRRCH NNECH MOACH AR RRREH MEREN HRECR D o MR MOER i A BN HNAER MARER MRRE
§ 003 006 009 012 015 018 021 024 027 03 003 006 009 012 015 018 021 024 027 03
v 10 feature count Imbalance rate 10 feature count Imbalance rate
1 [ 1
1 1 5
% 09 - - . 0.9
08 I 1 1 038
3
3‘ 0.7
—_— 0.6
-3 Mic Mac

™
|||n

; 07 -
X 0.6 _ M I

05 05

04 04

03 03

02 02 [

01 01 l I
o L} i L | | R | | L] || ] 0 L L | | | | L L |

‘|L|
0.06

003 006 009 012 015 018 021 024 027 0.03 009 012 015 018 021 024 027
15 feature count Imbalance rate 15 feature count Imbalance rate
1 1
09 | I " - . 09
08 fu1 UE BT 08
0.7 0.7 - " - :
Mic. 0.6 Mac. 0.6 ; _
05 05 .
04 04 -
03 03
02 02 [
01 01 |
0 i i I | I i || || I I | 0 I i | I I | I || i I |
03 003 006 009 012 015 018 021 024 027 03 03 003 006 009 012 015 018 021 024 027 03
20 feature count Imbalance rate 20 feature count Imbalance rate

mGini mDFS mMI mFAST mProposed method

alise g, 5l edliwl b Project g Student gldaiws (g3 926 wgasiwd oy dg lio :(Y-ISS)
Macro F s Micro F w0 (S5 il

(Figure-2): Comparison of the performances of Naive Bayes classifier in Student and Project classes using various methods of feature
selection based on Micro F and Macro F

¥ 2be ) 5l YA Jle




1 1
098 - 098 -
|
096 | [ 096 - i
094 I [ 094 I [
Mic. Mac
092 [ [ 092 | [
09 I 09 I
088 0.88
086 0.6
084 | N L N i | | | | | 0.84 i i i K i i | | | I
0012 0024 0036 0.048 006 0072 0084 0096 0.108 0.12 0012 0024 0036 0048 006 0072 0084 0096 0.108 012
5 feature count Imbalance rate 5 feature count Imbalance rate
1 1
09 09
08 0.3
07 1 4 1 0.7 2
: 06 06 [ ’
Mic. Mac.
05 05 |
0.4 0.4
03 03
02 02
01 I I 0.1 I |
0 - | . | ! | L | 0 L Ll L L] i . | 1
0012 0024 0036 0.048 006 0072 0084 0096 0.108 0.12 0012 0024 0036 0.048 006 0072 0084 0096 0.108 0.2
10 feature count Imbalance rate 10 feature count Imbalance rate
1 1
\ ]
098 09
08
096 1 1
r 07 -
! |
. 0o I 06 [ [ ' o o
Mic. Mac.
092 1 05
|
b5 04
03
088 .
086 01 I I
084 [ | | || || | | | || || i || o | | | || 1 1] | | ] | |
0012 0024 0036 0043 006 0072 0084 0096 0108 0.12 0012 0024 0036 0048 006 0072 0084 0056 0108 0.2
15 feature count imbslanicerrate 15 feature count Imbalance rate
1 1
0ss Il 09
096 I 08
. 0.7 [
094 F
y 06 [ [ I
Mic. | Mac.
092 1 05
09 | [ 04
03
088
02
086 - I I
084 ] | | | | L 1 & L} & . 0 | | | [ || | | | L .
0012 0024 0036 0048 006 0072 0084 0096 0.108 0.2 0012 0024 0036 0048 006 0072 0084 0096 0108 0.12
20 feature count Imbalance rate 20 feature count Imbalance rate

EGini WDFS mMI mFAST mProposed method

Macro F s Micro F cus 539 LGl Glidee s o9y 3l edlisiw! b Acq g Ship (gbaiwsCA.5 wigaswd o315 du Ulo (Y= JSC3)

(Figure-3): Comparison of the performances of C4.5 classifier in Acq and Ship classes using various methods of feature selection based
on Micro F and Macro F.
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(Figure-4): Comparison of the performances of Naive Bayes classifier in Acq and Ship classes using various methods of feature
selection based on Micro F and Macro F
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(Figurc-5): Comparison of the performances of C4.5 classificr in Corn and All classes using various methods of feature selection Micro
and Macro F.
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(Figure-6): Comparison of the performances of Naive Bayes classifier in Corn and All classes using various methods of feature
selection based on Micro F and Macro F
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(Table-9): Results of significance tests of the differences between PFS and FAST,
MI, DFS, and Gini methods based on Micro F

o ccs Std. .
Labels Classifier Mean Deviation t Sig.
Proposed method - Gini 2215284 1420147 9.866 .000
Proposed method-DI'S 0392580 0405141 6.128 .000
C4.5 Proposcd mcthod-M I 5075978 2640894 12.156 .000
. Proposcd method — FAST 2521250 0632796 25.199 .000
Project-student
Proposed method - Gini 0250788 0414836 3.823 .000
. Proposed mcthod - DFS 0277771 0218393 8.044 .000
Naive Bayes .
Proposed method MT .0338046 0257198 8.313 .000
Proposed method — FAST .0279313 0135865 13.002 .000
Proposed method - Gini 0308551 0201307 9.694 .000
C4.5 Proposed method - DFS 0092107 0088141 6.609 .000
Ship-Acq Proposcd method - M1 0439852 0247475 11.241 .000
Proposcd method — FAST .0363538 0198723 11.570 .000
Proposcd method — GINI 10266215 0245525 6.858 .000
.. Proposed method DFS .0095677 .0094692 6.390 .000
Naive Bayces
Proposed method - M1 0385077 0240526 10.125 .000
Proposcd method — FAST .0303108 0208659 9.187 .000
Proposcd method - GINI .0352383 0239180 9.318 .000
C4.5 proposcd mecthod - DFS 0020081 0029516 4303 .000
Corn-All Proposed method - MI 0368421 0193858 12.020 .000
Proposed method - FAST .0419387 0210802 12.583 .000
Proposed method - GINT 0324684 0253699 8.094 .000
Naive Baves Proposed mcthod - DFS 0032087 0058829 3.450 .001
’ Proposed method - MT .0258070 0181550 8.990 .000
Proposed method - FAST .0312245 0173018 11.414 .000
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(Table10): Results of significance tests of the differences between PFS and FAST,
MI, DFS, and Gini methods based on Macro F

mac

Labels Classifier Mean Std. Deviation t Sig.

Proposcd method - Gini 1505517 0893478 10.657 .000

Proposed method-DFS 0393399 0643889 3.864 .000

Project-student C4.5 Proposed method-MT .1820306 2616866 4.399 .000

Proposed method — FAST .1730649 0868316 12.606 .000

Proposed method - Gini 1214185 1660269 4.625 .000

Naive Bayes Proposed method - DFFS 0393753 0773087 3.221 .003

Proposed method - M1 1769136 2600285 4.303 .000

Proposed method — FAST 1461393 .0719871 12.839 .000

Proposed method - Gini 2215284 1420147 9.866 .000

Cc4.5 Proposed method - DFS 0392580 .0405141 6.128 .000

Ship-Acq Proposed method - MT 5075978 2640894 12.156 .000

Proposed method — FAST 2521250 .0632796 25.199 .000

Proposcd method — GINI 2137205 1807172 7480 .000

Naive Baycs Proposcd mcthod  DFS 0423581 0561289 4.773 .000

Proposed method - MI A747638 .2529405 11.871 .000

Proposed method - FAST 1861018 0689564 17.069 000

Proposcd method - GINI 2881490 1574671 11.573 .000

C4.5 proposed method - DFS 0153647 .0303661 3.200 .003

Corn-All Proposed method - MI 3414916 2528745 8.541 .000

Proposed method - FAST 4513617 0854588 33.404 .000

Proposed method - GINT 2597635 1692409 9.707 .000

Naive Bayes Proposed method - DFS 0279309 0645041 2.739 .009

Proposed method - MI 2355308 2853513 5.220 .000

Proposcd method - FAST 2876514 0929295 19.577 .000
SR ) sle o8 g eolaiu! T Student (p<0.05) 5,3 i O e soe owyp elaiea J A
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(Table-11): Comparison of the performances of C4.5 classifier using various methods of feature selection base on G-mean
Corpus Class Feature Count Feature Selection Method
Gini DFS MI FAST Proposcd Mcthod
5 0.269272 0.46446 0.11536 0.335906 0.538399
WebKB Project- 10 0.582396 0.514957 0.177042 0.456869 0.570265
¢ Student 15 0.578942 0.608538 0.18715 0.494007 0.577292
20 0.681157 0.694927 0.235472 0.488444 0.58301
5 0.368152 0.774766 0.133931 0.498781 0.89463
Aca-Shi 10 0.757251 0.821866 0.135474 0.546826 0.895778
Cashp 15 0.818887 0.901245 0.13551 0.539825 0.898167
Reuters- 20 0.823773 0.901395 0.137513 0.552348 0.89714
21875 5 0.198376 0.913599 0.185822 0.32889 0.913952
Corm-All 10 0.764238 091641 0.212548 0.353309 0.907477
’ 15 0.77263 0.923646 0.302424 0.427082 0.905797
20 0.767943 0.918231 0.286274 0453414 0.905324
5 oKl 0.615251 0.779503 0.187043 0.456308 0.791019
G-mean cows> w ‘;}A’ ubn?.l' Slixo tsbi.;‘@) L ﬁyb Ao dwd @')U A Lo :(\Y-J,-\q)
(Table-12): Comparison of the performances of Naive Bayes classifier using various methods of feature selection base on
G-mean
Corpus Class Feature Count Feature Selection Method
Gini DES MI FAST | Proposcd Mcthod
5 0.19624 0.455025 0.111981 0.33207 0.54292
WebKB Project- 10 0.513311 0.586378 0.168698 0.388171 0.575526
¢ Student 15 0.581756 0.639219 0.176356 0.429831 0.58557
20 0.685474 0.705742 0.234614 0.44955 0.599686
5 0.217512 0.752024 0.134519 0.499436 ().858348
Aca-Shi 10 0.672796 0.845196 0.12565 0477677 0.831231
cahip E 0.70273 0.876603 0.12565 0471988 0.822774
Reuters- 20 0.717439 0.851699 0.125752 0.502614 0.800845
21875 5 0.111019 0.810554 0.191299 0.4144 0.799606
Corn-All 10 0.459247 0.772823 0.212816 0425024 0.798065
’ 15 0.423376 0.74714 0.298143 0.406354 0.779827
20 0.402932 0.76326 0.31305 0.430677 0.800194
F oSl 0.473653 0.733805 0.184877 0.435649 0.732883
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