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Concept dependency mining method for Wikipedia

ZHOU Yang, XIAO Kui, ZENG Cheng
(School of Computer Science and Information Engineering, Hubei University, Wuhan 430062, P. R. China)

Abstract: In the era of highly developed Internet technology, the learning resources on the Internet show an
exponential growth trend. With the diversification and disorder between various learning objects and
concepts, the recognition of the dependencies between them will have a major impact on computer
education. Aiming at the solution to this problem, this paper proposed a concept dependency recognition
method for Wikipedia. Using the characteristics of the concept in Wikipedia, a set of recognition concept
dependency model was designed, and the machine learning based classification algorithm was used to test
on the public data set. The experimental results show that with high accuracy and recall rate, the model can
effectively discover the dependencies between concepts.
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AT G 2 A AR LA o 2T RN TR A S AR A A . X T RIRILATT N T RE A 2 A T E R AR IE AN 58
RIF LA A G R 2 7 2 (A5G AR (H R A 2R T o R A Oy sk O RGE s IR e o) L AR o
27 A S A ST Y S A 2= 5 B~ A SRR R 2 4R 5N TR BE T B AT O . X AR R BL T R AR Z W)Y o
1650 279 S B A0 2 T AL PO R W) MO O R 7 o MR A T RO O 28 2 S ST A0 O 2R 00 245 1) R il 3o o 9 G
F 0 2 AR AR T X SO A U Y 2 o B AR RN A ST o i X A A ARORE 5C 2R 1) Ui R A8 Ay A A AR R
W2, 27 2D X GHEFE o ) B AR BTE VIR ER TH R 00 22 HE B B AT O HE

1 tHXHR

FLAE 2012 4 Talukdar and Cohen, (2012)" A48 7 — B e iz FH 4 5 R e 42 48 E 8 22 1] A9 0 3t ¢
F o AT I AE A A A R0 A W 1 B8 A5 52 2k N 4% B LR )T Iz Y B AL E (random walk) DL K&
PageRank 53035 e 55 & 78 00 2% v 1) B A% A o i il o o RO 4 8 8 R AT 0 28 L 0 380 00 {1 o R 1 45 478
B A 3R H k3] 600 24,

Bl J5 R B 22 1) 2 5 T I T MR A MR G &R O T BE IR )2 IR I AF 5Y : Vuong %5, 2011%; Talukdar and
Cohen, 20127 ; Liang 4%, 2015"'; Wang %, 2016"'; Scheines Z¢, 20147; Liu 4, 2016"; Pan %,
2017, Hop AR R MR & Liang 45,2015 $& 1 A —Fh AL IR OC R sl R4y — 1 & 1 kS
X 1) A Aff o MR G R

B A A G 22 1 ) T CEARE & B BT 1 SR s AT SO HOG B D B B8 B LR Y SOAR 2 2 X 4, R —
P4 ARE A A O R TR 31 L2 2 2T 6 R IR B — R AL L (B AT I SRR AR B AN R A S R B, Yang 45
(2015) I FEWFFE i R 25 A K7 DR AR 22 ) BT HL A 19 e 18 00 3R 7 ok 0 B A 2 8] % “ 4R 56 &7, 3@ i Concept
graph learning (CGL) ¥ 3@ ] i % & 25 [] Cuniversal concepts space) , {di £5 4T ] 1Y 4 gk 25 4 3¢ R &f ] DA
FHiZ38 M A 28 A5 . P SR SR A UMM & Z IRl B9 OC R JZ T I, Fabio 480" & e 4 56 | B A
S R o 2SR AT BIRRE 1) 0 T 456 A SRR F AL BRAE TR SCUUNEE AR I R 25 U0 BRI 2 2 X 4
[E1) P9 AR 5C 28, B J S web 6 3l S A AT A ALV L A S BRSO A2 AR . BE A R B T s I 2% DR AR L B
MOOC (massive open online courses) [ 2% , [ £ I () PR FE LA TF U8 5 1 2% > X R IR, 1 40 Pan 4.
(201D 6 MOOC P9 258 YA 53 BT % G o DREAS 27 20 W53 11 =7 8 i 3 I i 38 el SBCEG vl ) O B R 8 R 14
THRAE 25 73 B 2 20 B2 (8] A RO DG 3= o PRl — 4> Bl 22 A 5 e AR 2 ] LRI 5 T — 4> MOOC, ZLbf 5715 %%
TXRE A 27 20 X5 G, T LR A0 A ) Frg A0OME 5G 2% L T A 43 At 2 20 X6 G2 () 9 406 56 R o 0 10 o 2 T X R 2
> B AR A 2 Y . Liang 48, (2018)" 58 AR A 1Y I8 6 Z R SOk 3 8% 1 i 25 1) R 6 5R w3 Al
T3 0 B B A R R A R BN R LB PA IO A S R 5 BT O M B R 1 IR A
TR A AR KRAEH

FHECECT R AN RIBIESE 288 DTk F2AE T 7800 5 08 T ML 7E4E L g R 1 b iy 4 N p M iy —Fh A
R 5 A M S MR G AR S T vk T A SR D1 9 i 48 Bl 1 A gt i O vk . SRER S5 AR R IR I Y
BT AT DUAR - by 0 10 ARE 22 22 Th) A A O 2%

2 71 ik
2.1 HEE

S2E i ] Talukdar and Cohen. (2012)M 24 d3 {5 A~ [] 45 48 %% 4% 5 (global warming., meiosis.
newton’s laws,parallel postulate.public-key cryp) B8 IEE M2 N D, .D,.D;.D,.D;. T &%
P A i PR A 2 D5 E AT N T 2R A5 M HE & Xt (A, B) Z A IER BRI &, I e R4 2 28, — 28 2
W& B RS A MRBOCR B2 IS A ZATA S22 I8 B MR BA JiR, AR I 15 0L 7k o3
Sh— BRSO EL 1,
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®1 ZHRHESI

Table 1 Experimental data statistics

Domain # Concepts % Pairs # Prerequisites
D, 351 400 43
D, 256 346 55
D; 324 400 44
D, 161 200 25
D; 180 200 27

TEHEAT B & Z 18] A AR OC 2 U A2 24 vh BT A0 A6 79 50408 R 150 R A 248 R 7 B O A 1 B 0 R i R
FHAS — 0 B4 P SC A B3 o A AR DR I A A 85 A 3 P 23 7 5 SCOC T 8 U 20 17 >4 v 4 3 i
2.2 HFERR

TESEAT FRAE A IR Y, A 2 E ] —F Fr i M BE & OC T 43 1 R S8, TE4E IR B b — DR B
IO A B D TED 2 AL B 4 ER A3 < b AR LE ORI 32 R AR N A SCRR a3 rh AR S A A R B
LR R 43 5 1) R S M B A A N — S MRS R0 A 1] 53— R R 00 3 4 G AR L T E 1] MR S 4R
WE & ) — A3 4, 1) ANAE % “Computer machine learning” 7E 4 5 A Bl H %A LLE R bs 8 A X 11, (A it 38 o 4
S BRI A A A5 B 0 25 5 B A 4 8 A B HE & “ Machine Learning” i I 00 I, A7 2 HE & X S 0090 44, 5
HRMENZMIEX SR, AXIHANAFSIWLE 2,

*2 AIMHESREGEHR
Table 2 Symbols used and their descriptions

55 F55 UL

In(C) SIN TS C MBS H RS
Out(C) MER C T 5| A& 0T R 9 2B
Cat(C) & C WM R 2T K4 &
Sym(C) W& C 1 fR) SCIR) (2 e AR 80 i 24 i 4R 5
Sum(C) W& C 764 3 B o i 45 22 350 4
Tm(C) & C Q0 A i)
Mid(C”) G328 C 7B B AR Y A o B

W gL E R A S AR E S

2.2.1 A T3 AeHIE
e A 1 B A () A 7 22 ) 2 T LA S a1 () ) A e E AT DG HE . SR 22 T Y G 2R e S 21 1 4% v
AT LA B LR RRAE
X T8 7 19— DX (A, B) B i B2 IR Le 5| FIME S A (B LA KBS | A E & 8 O SCin i
AN AHCRE B U B BT A T M T R 1 A R R M A IR A B A R DR A I i o A, Rk U
K (2. ),
In A= |In(A) ]|, @D
InB=|In(B)], )
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OutA = | Out(A) |, (3

OutB = | Out(B) |, 4)

HEZEMS A 58S B & A sl HEEA Z [RUARRUE 22 5% 715807 15 2R H jaccard AU E (jaccard

similarity) . X FZEM 2 MES S1 M S2,jaccard REUE LN S1 5 S2 L HE M KN F IR/ HIE,

jaccard {EER K UEHH 2 A4 G 22 0] 1 A DL RE s ABE 2 22 ) O R B %%, 4R 5 %8 25 B jaccard (A, B) =

1, ZEMEA SHEB K In(A)S In(B)F Out(A) 5 Out(B) A Z M M AHBLE, A XE Xin=k (5,
6,

| In(A) N In(B) |
[ In(A) U In(B) |’

| Out(A) N Out(B) |
| Out(A) U Out(B) |’

AP RS B HEMEA 1 Out(ABES X AT RER RIS A ZHiH LM EB, T
TR EXS (A B) Z B X Fh G R Bt an s (7 I 45 R AR AL .
Linkin(A,B) =Lin(A,B) + Lin(B,A) — 1, 7
Linkin(A,B) € {—1,0,1},
_ 1 if dc € {B} U Sym(B) ¢ € Out(A),
Lin(A,B) =

0 else,
Liang 25 $ AT RUGE 53 11580 ME & 78 4 55 & L 24 TP 8 B2 19 reference distance (Ref D) {H 2k & H 4K #i 56
2,8,

JsIn(A,B) =

JsOut(A,B) =

(6)

Z{L]r(c; 9B) . u’((f; 9A) 2”7]7’((3,' 9A) . ’(/U(C,' ’B)
Ref D(A,B) = — — — ) (8)

2?,110(51"4) 22771uv(c‘,,3)

CraCoyereses sc, € In(A) U In(B) U Out(A) U Out(B),

1 ifc € Out(A),
w(c,A)=

0 else,

1 if B &€ Out(c),
r(c,B)=

0 else,

Fal we s ADEMES o XS A WEERE. (.. ADRRME A BEAETEES sl 1K
5.
M & Z ] A AR A OC ZR AR B 0 5 8 =2 ) A0 0 SCOGTR B AT G, — Jeooke B MIE & =2 M) ) o SO TBK 32 vy
AT 2 18] B 5B R BEAFEAE M Hi 56 & . Witten and Milne (2008)"%) 2 o il & 45 F 48 R 513 % W 7T 2 [ (1)
AL NGD(the normalized google distance) Sy 3kl . F H rp X 1 19 48 5 45 5 R b 4 S E@ B i 51 ¢
i 7 4 4 i NLD(normalized link distance) ., Ratinov 28, (20110 41,38 xf 3+ 2 A% 2 22 (8] PMI
(the pointwise mutual information) {i & 718 & 2 (8] B AR RUEE L 313 2R 5 =0 =0 (9) L (10D,
max( | In(A) |, |[In(B) )

log
NLD(A,B) = o) N InB[ 9
log W
min( | InCA) |, [In(B) )
PMI(A,B)zlog‘W" | In(A) N In(B) | (10)

[ In(A) [« | In(B) |
B It 22 A, 8 Ok 3 S & 2 1l 5] H B BCE B E . fF 4 TF-IDF (term frequency-inverse document
frequency) BAH L)L B F AR KH (shannon entropy) » 7R ME & X 2 [6] 1915 B A5 (Entropy) W (1),

|W | )
log — V1 A€ B,
WIk(A.B) =4 ¢ TIn(B)| ' " (1)

0 else,



78 Bl F.F.aadlafmARu X A RE T & 115

2.2.2 ATHrEaiie

T A YE T B E AR 2 i A A B T 432 X 8 03 2 I A g 4 R D0 i o, AT A Bl R
PUARIRE & B8 BN SO, Sy Ah 4Bl BEA TR 4 KR R N — AR 45 S JF i Milne D, Witten T H
(20131170, A AE A 6F IO 114 3 25 G SR L B AR 0T, U B E S B T 2 IR R B . DU R 4
F4) MR A L 18 7 3 7 L AR T A R

5318 2 NS5 HE SR jaccard RECEML 153 6 THES Z 18] 4028 4E 5 1Y jaccard REUILA (12),
Cat(A) N Cat(B) |
| Cat(A) U Cat(B) | °

5 PERE A A 23 2 R B AR Y AR AR T A 23 2R B R R ORIV R MR i T R AR L O SO SR
BRSO 1, M SN (A BYR 26 BRI 22 . O A5 B0 22 18] 1A AT LU o 32 22 6 B L 45T N e R Y
TRA R 8 e Xk 7 4 2 B B TR Al iR s U L0 (13D

CatD(A.B) :mm(Lon(A))*ﬁmm(Lon(B))’ (13)
max(CoD)

CoD=Con(C,) U Con(C,) U *+ U Con(A)
U Con(B) U - U Con(C,)
c,.Cy;y-,A.B.---,C, €D,

Con(A) = {Mid(C,") . Mid(C,") , ==+ .Mid(C,, )}
C,.C, ,-.C, € Cat(A),

a2

JsCat(A,B) =

2.2.3 T LA HIE

Vo 4 5 R v MR S T A P A T R T A S R R B AR A M RORS R PRt B TE R )
) HEE 725 2 X AR A AR O R 1 I B i R T 5 X () B SRR B2 0L, T H B3 A o B 0 3 o i 1 O L Rk
A1),

Cont(A,B) =Cnt(A,B) +Cnt(B,A) — 1, a4
Cont € {—1.0,1} ,
] 1 if 3c¢€{B}USym(B) ¢ A SumA) 1,
Cnt(A,B)=
0 else,

2.2.4 kTR BT IR 84 45 42

T A A A T 2 R R v % B A R AN A ] L BE A R O 0 S AR A T Y MR A o AT G Y
JE U)o ARE A %) A A s ] 7 2% R B AR OC &R o, BRI (15),

1 Tm(A) < Tm(B),

Tim(A,B) = (15
0 Tm(A) = Tm(B),

3 X %

3.1 SEIEM
SER R BRI L B Zon s R I A R AR HEAT 4325 T HUFP AE Weka 3.8.3 (waikato environment for
knowledge analysis) T. H. 2 i H 5 AN [R] 40 e b M B iz 9 = o0 4> 28 4% . J48. A R UL nf i NB
(naivebayes) . £ JZ & HI ¥l MLP (multilayerperceptron) . i #l # # (RF, randomforest) 1% 4§ [8] |5 (RF,
logistic regression)  Z i H] Weka BRINE . X T B0 8086 45 R 10 A5 238 LRI PEAS B R 7615 B
K R MGE T2 2540080 ) 32 (6 B A HE B 2R P (precision) FI A [B1 % (recall) . Z5 & W 5 b R A F {H (F-
measure) , Il F-measure & precision Al recall AL E A3, %57 5 )3 8B AR W= (16) ,
F¢=a+ﬁngéj%7o (16)
AN R B E— B R 1. FAMETH R R4 288 AUC (area under roc curve) K I & 73 28 848 19 4F 3R,
HEH AUC B8 8K, 73 FERE R Y 4 2B R B 4 X g AN [R] 3 25 4 23 2848 1 LA X ROC (receiver operating
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characteristic) fi £k 23 7 WL3& 3 A 1.

®3 FRAINHFSKREREHA

Table 3 Experimensal result

1.0

Classifier ~ Metric D, D, D, D, D;
P 81.2 78.1 857 85.3 76.2
r 88.0 82.4 87.5 85.5 83.0
J48
F1 84.0 79.4 86.4 854 79.2
AUC 47.9  59.3 56.0 55.0 47.3
P 82.7 77.8 854 857 77.3
r 82.0 78.3  83.5 81.0  80.5
NB
F1 82.3 78.1 84.3 82.8 78.8
AUC 63.3 63.2 63.0 63.0 57.9
p 82.9 79.8  82.6 8§1.6 81.2
r 83.8 81.5 84.0 82.5 81.5
MLP
F1 83.3 80.6  83.3 8§2.0 81.4
AUC 51.5 68.7  69.9 73.8 57.2
P 83.5 81.3 82.1 84.4 74.6
r 88.8 84.7 87.3 87.0 85.0
RF
F1 84.8 81.0 84.0 85.2 79.5
AUC 66.1 71.6 73.1 75.5 61.0
P 79.6  75.5 81.9 84.5 77.8
r 88.8 83.2 87.8 85.0 83.5
LR
F1 83.9 77.4  84.0 84.7 80.1
AUC 58.8  62.5 689 784 61.9
1.0 1.0 e
B _*»'
0.8 08 | X
‘ol o
" 0.6 = 0.6 *,,1
B /
b =
0.4 04
m
—%— J48 (area=0.48) —¥— J48 (area=0.59)
| —— NB (area=0.63) —— NB (area=0.63)
0.2 —+— MLP (area=0.52) 02 ¢ —— MLP (area=0.69)
RF (area=0.66) RF (area=0.72)
—+— LR (area=0.59) . —+ LR (area=0.62)
0 02 0.4 0.6 08 10 0 02 0.4 0.6 08
fBRIE fil % fBRIE fil %
(a) BHRARALB (b) AR
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1.0 - Fh—= 1.0 r
4
0.8 o 0.8
0.6 ¥ 0.6
% %
= 2
Hos| Boal
: T NB (areacois) “TNB (areac0'63)
. =0. e area=0.
TEEe o T
=0. area=0.
. . s Llli (area=0.6I9) ——LR (area=0.78)
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
BRIEH % BRI
(c) AFEH (d)FAifBe
1.0 %!
0.8 |
¥ 06|
pt £
= 04
—¥— J48 (area=0.47)
02 —— NB (area=0.58)
e r —+— MLP (area=0.57)
RF (area=0.61)
—— LR (area=0.62)

0 02 0.4 056 0.8 1.0
BIEHIHR

(e) AHEN

B1 SHAHBELINARSEBRBEMXT ROC HELER

Fig. 1 ROC curve obtained by different classifiers on five datasets

VAR R A Y 43 225 2Z 18] 19 43 2R 30 2 T X 50 3 48 a1 U9 AR B EG At 43 288 248 7 o R L R B i
22, M TR EEIE AR5 W R CGERIT LA RD | R AR ME 2404 B SRR o A S B . IR LA 9T A 4R AE
HZ 5 15 A A 3 — MR IF A 73 B BORARMEM ] . A6 A BRA F1AE FANE D3 0 S8 E R 5 T
HoAAERY X BT B S H R M IR L2 2 R Z B B OC R AR 1% 40 2 48 R Y 02 26 LT 15 2
FETHER SR 7 k  wal J2 4k AR E B 545 4E FLo 2 MBS0 4 P(F, | F) )G P(F,| F,)=
P(F,, F,) / P(F)A 28, IS 7 S0 Bl 82 Y rp R B R AF Z A ks . AR i 24 4%
TIE AR L 22 1] A0 37 o ) 0 35 T 51 FH A9 4R AE 22 18] J2 40 B 52 0 9, JF FLERAE JsIn JsOut Ref D i 41 % A #4r
FHIE I 2538 S #5174 25 (In A .In B.Out A .Out B),

TIOR3 2 A 1) AUC A AT LA ) J48 B9 73 RACR AR H R IR L J48 J2 2 T C4.5 LBl e SR 48
BRI EIFAE . 7E 5 B o JEREANY b B R A FL B Re e 19 2 8 R AL AR AR, X 7E AUC {H 14 3 i
I L AE F1AE 20 900 TR 22 1 /0 20 2.5 % .3.6 % ,0.7 % .3.2%,0.7 % . 78 AUC {8 435 i TR 25 1
18.2%6.12.3%,17.1%.20.5% 5 13.7% . X W] fg)& i TR T Bagging ML BF 2 ik BG4 X
A3 AR Z 18] A A O 2R, R T UE B RRAE 08 A A5t ol B AL AR R AR 2 1 AT R AR 2 BT IR S
3.2 4F{ESHR

AT DURE BT i RRAE AR 6 LR 00 4 K28 P LT 5 FHAUHRAE 11 A, JEF A M AR AE 2 4>, 36 F 3
AR 1A DA B BE T ) S s [R] 9 BB AE 1 A o 32 50 g Yk 25 L v ) — SRR AIE R W 5% 45 SR 119 28 b L 500l 4 DR F
ANAR 43 254k R B AL AR AR LS00 5 2R S BRERAE (9 S2 360 25 SR 4 P Y AUC {EHE AT FE B2 S5 R 36 4,
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x4 PRAZHEIDFEENTHRBE R

Table 4 Contribution of each characteristic group of research method %

AL D, D, D, D, D;

Link-based Features 53.7(—12.40) 62.6(—9.0) 51.9(—21.2)  59.4(—16.1) 47.3(—13.7)
Category-based Features 64.4(—1.7) 69.1(—2.5) 71.5(—1.6) 68.4(—7.1) 61.3(+0.3)
Content-based Feature 64.6(—1.5) 71.0¢(—0.6) 72.3(—=0.8) 73.6(—1.9 58.6(—2.4)
Time-based Feature 64.2(—1.9) 69.5(—2.1) 71.8(—1.3) 75.3(—0.2) 58.6(—2.4)

All Fearures 66.1 71.6 73.1 75.5 61.0

20T DL S A A R B R AR 2 22 ) 4 2 AUC {E#F H B— 58 19 T B 3 5 10 B 5 3 9 R AE
JEAG B R T 5 L A RRAE 42 P i 1 T B RS 29 94 115 BH A A SR A 2 TR AR G R 5T
RFRJE— AN NAT 2022, 0] DAL E B ) B K OC R0 4028, B 5 0 T 40 2 R SO SRR AIE
AT B 56 2 J2 10 2 56 1 B Y rb i B4 0 S AR IE 22 — L FE R R Y P G BRAE Ref D L& NLD Hil PMI #f2
SEAIE T I SC R TT  A H AT 40 JE RN SOARSE 3 1 30 Sk g R T 1R Ok 14 )y vk 5 2 w2 2 i i ) 4 X
2548 HhAE S 2 ] AR G &R

ELI2: 43 A7 B R T S 52 M B & AN [ R A1 20 22 18] A7 76 R AR 43 e AN 3 A B0 42 L X R AR W] e B0 L
TIE 22 6] 43 A T B it 30— SR b B T A DRI ) R 1 2 2 R R A RR AR TR 4 2 Y P i A L R
BERYRROE AT IR LAk BB 4E 00 B /. Bt B 2 T 51 A R AE SRl g i 43 A P B — A R AR 09 BT RN
B, U I AR AN E AL A0 AR SR T B R AR AR Y b 8 11 AN ERAE R E) /N B SRS B JsOut, Linkin, InB,
RefD.InA NLD.JsIn,OutB,OutA .PMI Wik, 0] LI H il ad 71584 SRR 5] A jaccard R ECH SR ZL 1
L4551 RefD Z4f (2 JFUR AR H 510E 22 0] 56 22 A9 NLD 5 PMI #5820 A2 L 3 nT B U8 05 A ok 10 ) 4 &
ZIA] 1R o SCOG 22 T BEAE 31X FLAN ORI A 26 4 W K 5C 2% () Fsf o 000 T Sz e 1 28 AR 425 4l o ABE S =2 M) ) A4HE 2%
KEHHMEXXR T FrARRAKREE,
3.3 BOEaw

YT S g AR A v e B — AR A L EAT A 5 SR [ B0 4 52 SR 45 R L 25 TR S A R R REAE 19 4
FAEBL . — D UF A A3 RSN 32 AT LA SE 7 400358 PN 10 B0 o 30 B I G2 4 ) 1) B R BT 3k Xof A AR (1 R
PELL RIS VRS T T R, S B OB — 0 B A A S I B L A 1 4 AR RIS L 4 26
ST R il BE AL ZR AR, S50 4 R 5 400 (A B AT X e L S SR LI 2,

80 r

3 Out of Domain Training [ In Domain Training
5 )
70 | ]
65

60

ROCHIZR T miAY%

55 F

50

45

a0 LR =1 =14
LAHSEEE  BEAR  FEER OFAER AHEE

B2 BHESEAUCHE(ZS)ETEAM(HA)LE/ %

Fig. 2 Comparison of AUC value (left) of cress domain classification with that in domain (right) %
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FIFIUAR B AR, 35 0 I8 11 3 2SR AN G S P 5 2 sk A B G D R R S A AT DU ) ) AR R AR R AR
P B2 o B R AT I o, 3 A5 50 H 4 5 B0 A 2 RN A ik 2 B BK 2R L D3 A T ARHE A 2 1) BT U KA 46 A X
R URBE R IRST o R AR S PR i i vk 2 rh AR MEA B 58— .
3.4 FHiERIER

H i3 A i 5T 3 5 IR B 2 ) S5 5 Oy S 1 AR B BB A 4RO G 3R A2 18 b, DRI o T 0 B R R A AR R
K k45 RS Talukdar and Cohen™" fil Liang.™ ¥ 47 HL# (B RFE— B0 . N HE S ¥ Talukdar
and Cohen & H 7 iy & & MaxEnt, Liang #H A T EM & A Ref D, BAMEF U ZFETEE Ref D 7
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Table S Comparison of accuracy of different methods %
Bl % MaxEnt Ref - Ref D LCCT
EQUAL TFIDF

D, 56.8 57.4 60.1 88.75

D, 51.0 53.0 55.7 84.68

D; 53.9 63.7 64.6 87.25

D, 64.7 70.5 67.9 87.0

D; 67.1 55.1 57.7 85.0
AVG 58.7 60.0 61.2 86.74
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