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An Experimental Study on Feature Ranking Schemes for Text Classification
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ABSTRACT

This study specifically reviewed the performance of the ranking schemes as an efficient feature
selection method for text classification. Until now, feature ranking schemes are mostly based
on document frequency, and relatively few cases have used the term frequency. Therefore, the
performance of single ranking metrics using term frequency and document frequency individually
was examined as a feature selection method for text classification, and then the performance
of combination ranking schemes using both was reviewed. Specifically, a classification experiment
was conducted in an environment using two data sets (Reuters-21578, 20NG) and five classifiers
(SVM, NB, ROC, TRA, RNN), and to secure the reliability of the results, 5-Fold cross-validation
and t-test were applied. As a result, as a single ranking scheme, the document frequency-based
single ranking metric (chi) showed good performance overall. In addition, it was found that
there was no significant difference between the highest-performance single ranking and the
combination ranking schemes. Therefore, in an environment where sufficient learning documents
can be secured in text classification, it is more efficient to use a single ranking metric (chi)
based on document frequency as a feature selection method.
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A AAACE tAY HAES] ¢o] F43]
S7kelaA] ol gl AES] 7 3
do] AR Qltk &A1 Al E A4
3 Y AEE AP AOE FA B HFEE
EREoF & Fart ok IHy A &
o] HAE Ho|HE TSR AFdhs A
7FsshH, ol& AFlE Rt W

HhH o] A= T Deng et al., 2019).
E s i BT HAE HFEshE v
Ao G| 2E) o A Aol
(class) W M5 (label) & A5 k=
0]t Sebastiani, 2002: Yang & Pedersen,
1997). ¥]AE E72] tie] He 28T
o5 Sk le] A3 Tl XESkA 3l
TH(Joachims, 2002: Wang et al, 2014). ©]#]
& yak dHolEe £7719 A A A

WA A5s AstAlTle 24 9
9lo] %3 2121 (Wang et al., 2016: Wu &
. 2004), RS AgA &= 09 =
7R 7397 BtHSu, Shirab, & Matwin,

2011). B3k HAE f5o] EIgeel =g
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o7 d#fA tkLiu & Yu, 2005: Sebastiani,
2002). °|Z <& HAE FRA AHHA
9 FE3} 72 G54 7S g A
A o] et vloly ARA
AR 2T P (Cai & Zhu, 2018),

A LHE AME A28 1

o

93 A7 H32 dek(Igbal et al., 2020).

HAE ERE A% SHoEs HI7HA
filter 719ke] ApAMA o Azt A7} 7P g
1A o1 Fo)H tH Pintas, Fernandes, & Garcia,
2021). Filter 7]9ke] 47 o] 714 Ao
3 e olfre BRI SHAOE HolH e
EAeTE Eshe AR TS S84 5
Hollx] T2 HhEEel vlal 3s 2L 7] o
Fo|tH Agnihotri, Verma, & Tripathi, 2017:
Cai et al, 2018; Kumar & Minz, 2014: Liu
& Yu, 2005: Uysal, 2016). 71820 2 filter
718ke] 24 7S EENIE 71%s
7t S w91sket v 3919 A S degt
TH Abiodun et al., 2021). ©]2igt ZFAA 7]
9] filter 719k A4 7THS FE AR
(df) & AHg-8k= 7397} BoktHForman, 2003:
Rehman et al., 2018). ©]& 7'H-2 AHIES]
o thgk Aol ol 58 54 &9
8 ] S AR (df) TS ARESHEA
A Ul §oje] FAAR(t) = FAIS
FAI7} ATH Wang et al, 2012). T2 8o
(th& 2F &3 W A9 F878= VR
wizol] AP IA F23 HHe & 5 3
THWu & Xu, 2015). ool wg} 9| ~E BFE
At A 918l 7HO R LoRIeE s
tire] AEo] 3 HATK Avila-Argielles et
al, 2010; Baccianella, Esuli, & Sebastiani, 2013;
Wang et al., 2012: Wang et al., 2014: Wu
& Xu, 2015: Yao et al, 2017).
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% Qirks Zolm, ol BR8] Aol 43

# GFE w0k wepA] H2E RRA A

Zo]= Zlo|tH(Shang et al., 2007).
AL BRIk dA wet Al 7}
A FHor 72 4 dthJaved, Babri, &
Saeed, 2010 Li, Li, & Liu, 2017: Sebastiani,
2002). AA, filter W2 vlolE €] LvHF<Q
S0l oEske Ao w R daelsdt =4
2ol AAAY Z2A2E 38t Dash &
Liu, 1997). &4, wrapper a2 A 8913
gro] A &8s ksl Ag SRS
F¥3F51 (Kohavi & John, 1997), wrapper7}
HA e A4 s BekESE & 7 A%

2 3th AA, embedded WS BR77)E 8

ZE EFE A% AL 2905 Wel B AT 3

ole HAAA AAAGE Falsks ASE,
A4 el HA sl tig gxo] £77]¢]
g5 Aol ZETHGuyon et al, 2002).
& AR o Aol wet A4 =918t 71
feature ranking metrics) 3 A2 SIS A4
A7 E]E(feature subset selection algorithms) 2.
T3 = UtKBolon-Canedo & Alonso-
Betanzos, 2019). ©] FellA 24 &3t 7I'H
- Y WFE Al Q1 s Al
7HE FA8aL g E3e(Chen et al,
2009; Van Hulse, Koshgoftaar, & Napolitano,
2011). thaoll olelsk o] Wlakee = 21
<= Agstal A9 kil 919 A4S dAgitt
(Guyon & Elisseeff, 2003). Wb £7719 =
HH o0& A Ge sk filterst A &9
3} 71%¥(feature ranking scheme)-= A<] fAFSH
RO Ao ugH o8 AMEE 737 Bor
(Rehman et al, 2018), filter BFH9] 519 HF=E
A =918k 71 SIS B4 SaElEE Al
o= Asle JUTH Lazar et al., 2012).
Filter W2 £/719= SHA LR o
B o] £tk ojEa7] wEeoll e A
©] &84 (computational efficiency) 2 2%
(overfitting) A& 29 + AUrke el
ATH Abiodun et al, 2021: Venkatesh &
Anuradha, 2019). WA O 7 7HA] WPHE
t} A5 E= ZAgko] 21ol(Agnihotri, Verma,
& Tripathi, 2017; Cai et al, 2018: Ginal,
2012: Talavera, 2005: Uysal, 2016), &< 7}
B2 A7t o]FoIX tH(Pintas, Fernandes,
& Garcia, 2021). "RRPIAE 244 &918t 714
< AFE Aele aeAolge Fukl AR

OF ols) H2E BRE A% 4904 WO
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2 M35 Qdo](Joachims, 2002: Sebastiani,
2002), H7HA #A A7F s 118
ATHChen et al,, 2009: Forman, 2003: Parlak
& Uysal, 2021 Rehman et al., 2018; Rehman,
Javed, & Babri, 2017: Uysal & Gunal, 2012:
Van Hulse, Hoshgoftaar, & Napolitano, 2011).

A =913k 71 HlolE 9] YuAl 54
of 7lgkslar 9lom 7t 2Rl 7t g A
Sato] AEg Aol wet 7P w2 o9
A4S A3 Abiodun et al., 2021). 17]
A B7FerE wole] ol Ee EElNlEe]
71z38te] 7 2 o] A (relevance) & AR
317] Y3k 3o 2 F3E 4 JEd(Wang &
Hong, 2019), A7 BI2E &7& #1824
903} 7ol T2 FNEE ARSI 7
7t EttH Baccianella, Esuli, & Sebastiani,
2013). Z1E o5 71 ARIEole] thell Al
gdo] HolF2 B 54 &of9 g 73
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ZAAETS RSN 54 2 W 8ol
ZFAAREE FAGTE 2A7E e ZeE A
AL ATH Wang et al, 2012), &3k 8|l2E &
FE A A =93t 7oA Sofulz=st
TANES] A5 Hawst AFA GoHlE
o 71kt 212 53] o 22 A FE A
ok A9l 88 o2 ByE v ot
(Azam & Yao, 2012). ool we} & A= H)
2E ERE g 284 A e R
Sofuire} FEnlke] 71323 2 913} 7]
el Aol tiste] TAA R AR Btk
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HAE BRE 9% BEHe AR WY

S g ool FNIwe] 7|2 A =
A3} 7l thsted, vt 3ol F A A
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BAE A9 29 s

CATEA 2, B2E BFE I8 A4
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21 M8 oA

2 AFelA g
st 719 oS AR Qg A WA=
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AR, AFZAL tg A2 2709 £3
A% (Reuters-21578, 20NG) 3 571 ¥77)
(NB, Roccihio, SVM, Transformer, RNN) &
ARSEE SAIA, A e R T
o913t 719 15708 A48 E7 Ase dE
ettt 714 Tl =913t 7S 22 8o
Qo) 71238k 47)(atf, itf, Itf, otf) 2F ==
Lol 718kek 117] 7% (ace, acc2, chi, df, gss,
idf, jac, lor, mi, pcc, rf) &2 FE3f] A3S
sttt ek 7 A =918t 7o R A
A A 55 FHA 1007155 Fo 2000787
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TEA200 et 271¢] &4
A3 (Reuters-21578, 20NG)3# 371 E7/7]
(NB, Roccihio, SVM) & AMg-sh= 3H70l|A,
1A AdogA 7P 2 AES Bl ol
(atf) &} 3R (chi, jac)E A A

=913} 71" (atf¥chi, atf¥jac) S 3
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Newsgroups, ©1% 20NGZ #7]) S AH&8l
K Pintas, Fernandes, & Garcia, 2021: Rehman
et al, 2018; Uysal, 2016: Wang et al., 2012).
A, HAE Rl AR A 918k AR
Az y}?ﬁgg E-8-0] A7 (stop word removal),
o7 = 7FA1%)71(pruning)
£ Fstth 53] 7FKA7](pruning) & &
3l ANEA(df(=3)F AAsIATHForman,
2003). A, BI2E E7E A% A4 A7
oA 7P Wo] ARE T #3 (Bag of Words)
I} 7hEA () & A-8sHATH Aggarwal &

Z(porter stemming),

AA, 04“?—#4]2-4 Ay Al digt 2124 Zhai, 2012: Harish & Revanasiddappa, 2017:
S 33| 98k 5-fold A= t-AF Joachims, 1996; Pintas, Fernandes, & Garcia,
< et WA, 2 =913} 7 (chi, jac) 2021). 1 A3E A w3 5A=
I Z3F =913} 7% (atf*chi, atf*jac) 7+2] A (% 13 7t} o714 Reuters-215789] M+
5 ZpolE Felshr] 9l 5-fold WAREES = AR 1070, 20NG= AA 207 HFE AME
stk the o2 vl 918} 7% (chi. jac) SHA7] wiizel 2 Ate] MF HE vlwA
o} 2% 93t 71 (atf*chi) & A5 2ol ZH3E o] SRR (F A 22470 o)h S zH
sk t-AHS stk =tk

2.2 2oiElst 23 2587|

THAGS H2E FRoA 7T Wol A} Y 2AE FRolA AEdA whge] Hrtef 7}
£5]o] & A0 2 Reuters-215783 20NG(20 7 Wo)l AlgFo] & 37 ER/7I(XAHE7)A)

(E 1) =sIEs A -) dataB = xlsx/all
Eigsy Reuters-21578* 20NG**
3 5 8,599 19,997
A F(ARAE o] %) 8,375(7,948) 30,468(29,636)
wE 5 topl0 20
HEd 23 F(Hu/A4/Hd) 3,776/224/955.5 1,000/997/999.9
HE EA Imbalanced Balanced

* http://www.daviddlewis.com/resources/testcollections/reuters21578

** http://disi.unitn.it/moschitti/corpora.htm
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/SVM, He]B #o]=/NB, 22| 2/Rocchio) 2+
e 7kl 270 77 1(2173/RNN, E
™/ Transformer) & AHS-3ITE WA,
AR WE 7)) (0% SVMEE F71) 9} tho] 8
Hlo]Z (o] ¢ NBRE #7])& H2AE /A
e A5 ol AR 7MY Bol AMH
JoH (AT, 2022: A3, £, 2018:
Agnihotri, Verma, & Tripathi, 2017: Cai et
al., 2018; Pintas, Fernandes, & Garcia, 2021),

) AL

T —1

al

2018). 7
2}

o]

A

AT (0] 5 RNN2Z #7])&
= AHEst] FAEIGET, &

W9 (embedding) < 642F1°.2 A3}
LSTM #le]olE 2-&sled A2s}
5 ok 3 EAAFE(o]F TRAR
#7)) = A (keras) ARt
}MJﬂ AW Apo] 2= 32, o'l A 3= 7Y
T 270, sl dleolo] Atel2e= 32/ E HA et
Aok a2 g 71e 20 27719 HE

k=

)

keras)
o]
=

A,

o1&

= O
2s=

ZA (0% ROCE ¥71) & TEatdA % ) F9 2 2ZENX(softmax) FFE 53l
DA 2 A5E Hole AeE duA Aot 17Re] W ddetes aiich
(== 2016: 2018: Han & Karypis, 2000).
B Aol A SVM2 scikit-learn 552 Linear )
2.4 XHE =25k 71"
SVC ER71& A&sa, =AY (scaler)
= A (maximum absolute value) < & H2E ERE 93 A vhHo R 4
£319th NBE scikit-learn 2E9] tlHEE 98k 71 A 9 =98 1S 2%
Lo] B #j|o] = (Multinomial Naive Bayes) £ T8t 7o E RS 4 qith AA, ol
718, 2259 (smoothing) > 2F=2}~(Laplace) Toll 71%s 9 98t 7HEES (E 29 2
A0 E a=1& A&3tE T8 ROCE T}o] THAE, 2008). o714 Lofule e & 3
A dofg A3 rde AR, FAAAT S5y U 54 folo EANEE Tapm, dgzHel
o Abgshs WAe Atk o= 3 AHEE flEl 578 g7t 283 AA el
AZAHRNN) % E:NAZ(Transformer) & g Fdats ARSIt
HAE FHo] gol AREHE "Held 719k st A o918 7HES TRkl
wER71oITHANS, A, 2022: FAG, 3 7Iakstar 91 2™(Forman, 2003), 54 AH(¢)
&, 2021: Cunha et al, 2021; Devlin et al., o E83 (c) 9] Hof GHo| we} o]
(& 2y 8of8l=0f 7|=st & =23t 7Y
A ECREICE] 3 B

1 atf 05+ (05x (1 ) augmented tf

2 1tf log(1 + tf) log tf

3 itf 1- ((H—ltf)) Inverse tf

s of i/ okapi tf

(2+tf)




H2E BFRE 93 A2 £93 7)gel #3 A7 7
Y] 712 #HIEE g 4 It Rehman, A AR Ao 7 ok E = vkalo|t)
Javed, & Babri, 2017). (a) true positive(tp) TARES 7123 B #9l3t 7HES] A
= 815 ol &3t A t7F Ede 7 4 £ dl|4sh] fIgt A0 GoNInE I AL
(b) false positive(fp) = 5 ¢l &31A] 3L S3le £ st 7IHS tiFE oy s vy
A t7F 293 = 7 (e) false negative S AR ATH(Harish & Revanasiddappa,
(fn) 2 HF coll &3l A t7F 28R & 2017; Wang et al, 2012; Wang et al., 2014;
2 73 4 (d) true negative(tn) < B coll Wu & Xu, 2015: Yao et al., 2017). o] w
&R 2 A t7F E8sA g2 7 & 2} SbA AASE Lo 7123 T 49
o714 AA T F(N)2 ol BF ot s} 719 x FARIE] 7)1 2$ g =913} 7]
#(atb+c+d) 7t Ak o]yt FRI o 7] Ho] 207 F 447)19] Z3to] 7hsslt) o
Zote] B Ao AR 117 @Y 98t T Fd =218k 7ol tigk ARd AF 2
7S (& 3> 7} oA 71 22 oS Hel A0 (X 4)9]
o2 2% #4913 713 (combination 23 =93k 7IHE AR
ranking techniques)+> SR 9} FANIEE
(E 3) =edlzof 7|x8 & =25 7|
Ws | g 7H(e) A4 =
1 acc a—b (Forman, 2003: Rehman et al, 2018)
9 acc2 e *(z%d)' (Forman, 2003: Rehman et al., 2018)
3 chi N(ad— be)? (o)A, 2005: AT, 2022: Chang et al,
((a+e)(b+d)(a+b)(c+d)) 2015: Forman, 2003)
A df +h (Forman, 2003: Rehman, Javed, & Babri,
“ 2017: Yang & Pedersen, 1997)
ad—be
5 gss ( e ) (R, 2022 o)A, 2005)
. N [e} .
6 idf 10g(1+(m)) (o)A, 2005: Yao et al, 2017)
. a Vpl== . 1<)
7 jac P (A=, 2008: o)A+, 2005)
8 lor log( ad ) (A, 2022: ©)AIS, 2005: Agnihotri,
£ % Verma, & Tripathi, 2017)
9 mi log( Na ) (A=, 2008: Cai et al, 2018: Chang et al,
S et b)(a+e) 2015)
10 o (ad—bc) (734, 2022: Cai et al, 2018: Venkatesh
P att)atbrd)ctd) & Anuradha, 2019)
1 o log(1+( azb)) ;I(){(?;)Sh & Revanasiddappa, 2017 Lan et al.,
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(H 4y 2o{dlzel ESdlzo| 7|x8 =& =25 7|
Ho 2% 7MW (ko) 22
. ] tf Nad— be)? )
1 atf*chi (0'5+(0'0><(max tf ) * (((a+c)(b+d)(a+b)(c+d))
% 5 tf a
2 atf*jac (0'O+(0'5X(max ff))) . (a+b+(¢)
i Hong, 2019).
25 ¥ds 3z 2 4F

HAE BRE 9t A =913} 71He) A5
F71E Y3 H=Z mj32 F1(°)3} mac_F1
2 ¥7) 3 mlo]3E F1(°)8} mic FIZ 3

71)01 ol /\}&5]7 At} mac F1& 7HE

a
S
=
=
S
=
o,
QO
w
190}
o
@
o
of
091«
o
=

dHA Sk £ A
F= olfdt 7H4
o2 HESIHTHA
1, 2021: Rehman et al, 2018).
A3 A =93k VM E
Ho} 284 A Hrrshr] S8 2t
FE t-AR (0]

o
C-)Lé‘

ol

<= 2022: Cunha

=
°©
et

m

E na=

2E TRE
S
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N

ro o o\ off m

_"

A

g
A% (cross validation) 3 t-§-
F t-test2 #7]) = FYsITE WA, w44
o MR 8 SAHgS AMe e 5-F
O WA Z(0]% 5-fold cross validation &%
#27]) WHE ARSI TH Agnihotri, Verma,
& Tripathi, 2017: Rehman, Javed, & Babri,
2017). th2o2 o]z et ﬂx}ﬂzq Az
137 H3ke] t-test(95% AlE %) E 53
&9 tHCunha et al., 2021: Forman, 2003:
Pinheiro, Cavalcanti, & Ren, 2015 Wang &

e}
T
o

—

ATZAIL g Ao g 279 FHHF
(Reuters-21578, 20NG) 3%} 570 #F71(N
Roccihio, SVM, RNN, TRA) & AH&381= 2
7300A, ozl FWIEe 71 %3 T

93k 719 15718 283 7 e ATE
t}, WA, Reuters-215789] thaled 57 &
=2 *]—96}‘34*1 7t & =913t 7IHe 53
$E 10071141 2000707k4] W 3kAI21 H
mac_F1 A% (a9 )3} 2t o714 ROC

BR71eF T3] 7|28 @ 71l chig
75,%5& Aol 7P EA(ROC+chi/0.8048),
1 thzo] NB(NB+chi/0.7642), SVM(SVM+
chi/0.7534) ] o]t} EHRIE
A 710l HAE GofRlE 7Rk Tl 7]
HET 52 A5S BAAT 4% BN
(acc, idf, lor, mi) & o|Ht} Y& A% 38

HAth (I8 2)+= Reuters-2157801 thak %
 mic_F1 4522 TRAS$ NB &77]d Z}
7} F3HE (jac, chi) & A-&¢ 74571 A9 &

o Pl ® 7P $UA(TRA+jac/0.8851,
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NB+chi/0.8849), 71 tha-> SVM# RNN #
F71ell ER=(chi) & 283 ZIATHSVM+
chi/0.8817, RNN+chi/0.8806). T3k (717 1)
 TEPHE i mic F1 SHAE 40
HEHThE F@Rled 7123 ¢d 7IHE9
4oz o FL2 JoR eyt
e G FRNIE(L, lor. mi) & SoRIE
of 71z & é 712 % FelAY 23818 o
S P Aes Balth

0oz, 20NGoﬂ et 57 ER71E AR
aiEA 1570 2l =918t 7S Fell A 2

1007H°1W 200071714 HAIZ] %& mac_F1

Asol dukeog
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— VM e————=NB e=——RBQC === TRA === RNN

913}t 7] i A SHAAE AR &
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