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Abstract Text classification is an essential task in natural language processing. The high dimension
and sparsity of text data bring many problems and challenges to text classification. Naive Bayes (NB)
is widely used in text classification due to its simplicity, efficiency and comprehensibility, but its
attribute conditional independence assumption is rarely met in real-world text data and thus affects its
classification performance. In order to weaken the attribute conditional independence assumption
required by NB, scholars have proposed a variety of improved approaches, mainly including structure
extension, instance selection, instance weighting, feature selection, and feature weighting. However,
all these approaches construct NB classification models based on the independent term features, which
restricts their classification performance to a certain extent. In this paper, we try to improve the naive
Bayes text classification model by feature learning and thus propose a two-layer Bayes model called
random forest naive Bayes (RFNB). RFNB is divided into two layers. In the first layer, random forest
(RF) is used to learn high-level features of term combinations from original term features. Then the
learned new features are input into the second layer, which is used to construct a Bernoulli naive Bayes
model after one-hot encoding. The experimental results on a large number of widely used text datasets
show that the proposed RFNB significantly outperforms the existing state-of-the-art naive Bayes text

classification models and other classical text classification models.
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7~ I EI A S RENB R — 2. 2.2 1K 44 48 o
fuf TERTRFAE 27 b A AR 3R DL i 307 SCAR 43 S .
22 F2EEFISFMERRLME BNB

Wit RENB 25 1 )2 2% 2 15 2] 09 87 FEAE /9 47 1E
B T 2 500 04 b o AR AR R B BB L (R OE R B
B S BRI AE SCRY v 3004 450 0 ke A BRI A g
B2 T SCAR S JERE R ) 25 2] Ry T (88T R AE T LA
TANZE DUt My SCA 3 AR ) 2 2], AR SO 5 1 )2
2220 4% 2 0 T R AR AT — £ 45 2 G 1% (one-hot
encoding) . Z& 3k — AT &5 Gt 0% I 9 e AF AR B T AR
IRZERL, B A 0 FI 13X 2 ANE I AT RAPLAE A
FESCRYS B A9 451 vk (1 36 o B3] 78 SO v il B
0 F7R BRI TE SCRY ok B0 L e A AT DAL T AR R
DU 37 SCAR A3 A B 2 ) 24 SCRY 46 Do Sc i 2%
SIECH N L BENLR AR R 3L 2] SR B E A T B, &
o — AT G A 7 A A kR AR SR B 4 R
T X1,

2T SR 1R 152, RENB (1955 2 J2 I 1% 3% 55
— P AN Z DL 7 SCAR 4 JE M. MINB A T BNB
(DR A A T4 AR T S 3] A SCARY s A A R A B
T B R AIE 28 35— 057 5 280 2 A5 5 1) R AiF 2% A JK 2%
AL, BRI AR R 0 A1 3X 2 AL il MNB A
T BNB AOAE 3 2% [A] B, MINB #2218 20 (4) 43 2%
BF 24 B B AR f =0 BF, 5 22 6 N G 2R I 1
JEHFE 3 AH Y T 58 4 Z0m TRt IS GR]%E SC R A3
KA m. A [HF MNB, BNB K 38 3 (1) 43 K AL
2 JECT T LA TE] X SRS 3 2R B L 38 R TR
PR PP TR SCAY 432 5 L O HL BNB 22 W 5 18] 45 7
15 B AS 2 NI 4 — 5 A 30 G i A5 3] 1) — i i R AE
FER IR AR B I BNB i Ay S 48 (4 R 2 DL 350
ARGy FAEA,

2% EPrik JRENB 404 2 J2 .56 1 )2 R A BEHL 7%
MABCRRAE 2% SR JE W R R R ASE 2 2. &0t —f
AR 5 TR BNB.H I, RENB (13 4> 2% )
AR AT LA A3 R N 25 il 2 R0 43 28 3k L A S0 43 ) T 3R
1M 2 TR R A

# % 1. RENB-Training.

A NG SCRI4E D

i R Y BEBLAR AR P (o) (P (o, | o).

O NSRS D ARG 2.1 95 15 2 1 K A
J5 1AL B ATL AR 5

@ B HIREARLES D D WIS

© iz g i B L AR AR 4325 D b B0 I 5
SCRY x 15 BT B R AR A xR T R AR
i x fEARALES D

@ 43 HI%F D g — A REAS x i — AT AL G
M, gt 5 M REAR KRN X ero» BTG
MIREARSE S IR R D eon s

® HDcwa ERUNZ4E 12 FZ(2) (31T BNB
HISEIMER P (O FIZMER P (w, [o);

© R YN bf I BEILER AR P () . P (w, [ o).

& % 2. RFNB-Classification.

B BEHLARAR P () P (w, | o) 230 d 5

RN 2SS0y d Y T ).

O B FE5r2E30HY d i ABEPLARAR , 3624 > 4%
T2 9 R bR d M ERE 1 R d

@ Xtd’ M— 0043 w5 4ok G i s ) — k1l
FRIE R d o 271 5

© B AR (1) 432 dleno - 13 5] RENB £ 7 (1
AT EE R ¢ (d) s

@ R[4 d T2 5 ¢ (d).

3 XBREER

3.1 XWEEELINHE

R T IR AR SC T 4R AR B A R L AR SO R —
RIA il T v o Pk T —Fh 22 OB AR Oy
RFNB 1 b #& xF 42, H & #5584 §§ SEMNBYY,
MNBTree™ , DWMNB* , GRSMNB"*, DTWMNB"',
TS P AR AR ) 28 Bl IR B B AT AR G Y 0 SR R
Bz AR ATTIE B T 3 FF ) & AL Csupport vector
machine, SVM)" Fl B YL 7 K (random forest,
RE) T ot 28 B 1) SCAR 43 B RLAE O HL A X 42 F
AT 2 T A X 2 LA 0 R A PR A6 5 .

BNB A1 %% Rl AR 5 DUt 4

MNB: £ 5 0 2 DLk

SEMNB.: Z5#94 J& i) MNB" ;

MNBTree: £ 520k 28 DL iF g

DWMNB.: H 5 in A MNBH

GRSMNB: {5 B #5 R AHIEZEPE Y MNBH
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DTWMNB.: 3 F g 5 REAE AL ) MNBH 5

SVM.: 3 Ff s HL

RF: Bl HLAR AR

FRATAE [ B B0 42 4 52 50 7 5 WEKA™ |52
A SCHE ) RENB, I35 B Bl AL AR AR B2 ) 2
ECH T =200 50 %45 WEKA V& &A1) 15
ANTZAE bR o SCA BOs 4 AR TR Ry SCAR

g AR, R E B R 1 iR .

3.2 EEITFMIER

A SCR 2 Fh V- i A A B A A3 S M RE
Ay B2 4y 254 FE (classification accuracy) Al AL
¥ F, {H (weighted average of F,, F..). /034 E
SR T RIETREAS (5 BREAS B9 He A 2 de i
AP FE bR F 0 T 5 AU A 22 26 (0] rh B 6 A
[F) 2 001 3 SR PR RE Y B AR R B H BT 5h

1<
Fwa:*EFj count; (20)
n

Table 1 The Detailed Description of 15 Datasets ji=1
115 MRIBE MR R Horb s count; RoRH j BIXMPEADNELF, £y
ol N &Y N N N, N N N N
. E T R E———— FHES j HSREAE  IE S RE A AR BE AR T 6
fbis 2463 2000 17 AW FEF; RN
oh0 1003 3182 10 2Xp Xr
_ J J
oh10 1050 3238 10 F; T ZD
J J
ohl15 913 3100 10 . ;
s o1s soL 0 Hrp py B e A BRSO NI 5T BORS i R AT ],
0
re0 1657 3758 25 33 XRERSHH
rel 1504 2886 13 #2BRT AN RENB X H i x4
11 414 6429 9 % NN N e N
" ERAS B BT 10 ¥R 10 3738 Bk 3R A5 1Y
trl2 313 5804 8 R . .
. s . . WIS 2R 3 BR T LA RN F o
tr23 204 5832 6 2% 2 FEe 3 AT AL B R s R B B Ak
tr31 927 10128 7 5 B 1o 1 O3 25K BE 5 F L, A o 45 B R AH X E g
trdl 878 7454 10 R - N "~ "
. 1) B ARTE A A SOR R BERUHE 15 SR 48 -1
trd5 690 61 10
A AN I AR TS N = 2
o =50 150 2 1943 FOE AT F A S 7E M IR 3.
Table 2 Classification Accuracy Comparison for RFNB Versus Its Competitors
X2 RINBEELUBRNEGHNOXBELBRER %
B RFNB BNB MNB SEMNB MNBTree DWMNB GRSMNB  DTWMNB SVM RF
fbis 86.13 66.33 77.11 83.27 79.06 80.39 79.61 79.37 82.98 84.05
oh0 90.98 79.72 89.55 88.87 88.93 89.64 90.18 92.28 89.49 89.63
ohl10 85.73 75.01 80.60 80.66 83.25 80.64 81.10 82.59 80.36 84.27
ohl15 86.90 73.72 83.60 83.36 79.01 83.29 84.38 86.35 84.26 85.06
oh5 90.64 75.40 86.63 87.55 88.74 86.87 89.72 90.99 89.77 90.12
re0 85.79 62.77 80.02 82.73 77.3 81.81 80.56 81.18 84.91 83.39
rel 86.57 59.30 83.31 82.22 84.26 83.13 86.12 86.10 85.88 83.51
trll 90.95 55.11 85.21 87.62 85.79 85.81 86.24 86.58 89.36 87.96
trl2 90.06 55.93 80.99 86.64 85.3 82.46 87.48 84.89 88.85 87.34
tr21 94.82 48.06 61.90 90.36 86.15 78.45 92.18 62.41 91.39 85.22
r23 92.60 39.79 71.15 89.05 93.04 84.02 92.01 78.56 90.50 83.63
tr31 97.35 78.57 94.60 96.86 96.48 96.28 96.46 95.64 98.39 97.72
trd1 96.14 81.35 94.65 94.97 94.38 95.21 94.37 95.25 96.59 94.60
trd5 94.33 71.07 83.64 91.54 90.36 87.36 89.86 89.00 94.45 92.39
wap 84.37 67.67 81.22 80.53 75.42 81.83 80.34 82.76 85.15 80.87
A 90.22 65.99 82.28 87.08 85.83 85.15 87.37 84.93 88.82 87.32

T R EF R R,
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Table 3 F,, Comparison for RENB Versus Its Competitors
®3 RFNBSHIEENEH F..ILRER %
P RFNB BNB MNB SEMNB MNBTree DWMNB GRSMNB DTWMNB SVM RF
fbis 86.00 66.08 77.40 82.39 78.84 80.43 79.23 79.63 82.80 82.29
oh0 90.98 77.09 89.49 88.56 88.83 89.59 90.04 92.31 89.29 89.50
ohl10 85.85 71.58 80.05 79.57 83.03 80.09 80.00 82.16 79.98 82.85
ohl5 86.76 70.79 83.25 82.89 78.63 82.84 84.01 86.06 83.97 84.67
oh5 90.62 73.61 86.55 87.27 88.57 86.78 89.50 90.95 89.59 89.86
re0 85.45 59.25 79.91 81.87 76.64 81.69 79.69 81.42 84.77 81.72
rel 84.83 51.60 81.01 78.93 82.18 81.50 83.47 84.14 85.16 80.13
trll 90.29 50.78 83.81 85.80 84.46 84.38 84.23 85.23 88.48 84.72
trl2 89.60 53.47 79.76 85.78 84.46 81.62 86.51 84.57 88.24 85.72
tr21 94.15 49.46 63.03 87.86 83.59 78.40 90.44 63.83 90.38 80.70
tr23 92.08 31.71 72.13 87.60 92.96 84.67 91.22 79.78 89.71 79.01
tr3l 98.12 76.88 94.42 96.59 96.37 96.14 96.28 95.52 98.27 97.44
trdl 96.45 78.79 94.44 94.61 94.18 94.96 94.11 95.05 96.32 93.59
tr45 94.55 68.94 82.97 90.47 90.34 86.73 88.50 88.54 94.02 91.27
wap 82.81 63.76 78.66 77.80 72.52 79.68 78.02 80.48 84.32 77.89
S 89.90 62.92 81.79 85.87 85.04 84.63 86.35 84.64 88.35 85.42

T B EF R AL

BT 2 Mk 3, KNAH KEEL (knowledge
extraction based on evolutionary learning) ¥ #& 2
PEPAE AT T R G0 EUR SR AT S BRI
PLE— 20 Lo 35 4 — X AR AL 22 ) 1) 1 BB 22 5. LUK B
AT S RAG I H T AR BR AN 2 4 M2 5 TR AR
it LR S0 ARAT 5 B A 30 1 1l (B, W 3 T KE R
a=0.05F1 «=0.1 I, a2 IE 22 Bk A1 -5 52 22 B A
BUNB)— /N T EBE ST 25 A 30, TN O Bk
F AL S BRI E T B A R AR 6 FIK 7

iR,

N 2~7 ATLLEH .

D) B JRR 1 SCA BRI A 2 BNB., 43 254
BER F . 88 R 1 . 7F 15 A EUHE 4 i B340 2%
K BEAUN KA 65.99% . F3 F R 62.92%.

2) M T BNB, MNB K J 3% 1 8 i 15 S0
rh S B R A ST AR A T R A o 2R RE L #E 15
ANBHE AR T 38 43 200K BE DO £ 5 21 82.28 06,
¥ F.. N 81.79%.

Table 4  Ranks of Classification Accuracy Computed by the Wilcoxon Test
x4 HEBENBRERMKHKRNE

Bk RFNB BNB MNB SEMNB MNBTree DWMNB GRSMNB  DTWMNB SVM RF
RENB — 120 120 120 119 120 120 114 106 119
BNB 0 - 0 0 0 0 0 0 0 0
MNB 0 120 — 18 36 8 7 0 3 5
SEMNB 0 120 102 - 87 95 49.5 64 3 32
MNBTree 1 120 84 33 — 70 24 46 13 22
DWMNB 0 120 112 25 50 — 28 40 3 13
GRSMNB 0 120 113 70.5 96 92 - 56 28 45
DTWMNB 6 120 120 56 74 80 64 — 21 33
SVM 14 120 117 117 107 117 92 99 - 96
RF 1 120 115 88 98 107 75 87 24 -

TE =" FOR A E " — TR B0 A 2 1 T BB R R AT P AL 4 o AL G IE 22 BRI X A ZR O o S 2 kAL
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Table S Ranks of F,, Computed by the Wilcoxon Test
*5 F.HBREHFNKHHMNE

Bk RFNB BNB MNB SEMNB MNBTree DWMNB GRSMNB  DTWMNB SVM RF
RFNB - 136 136 136 135 136 136 131 123 136
BNB 0 - 0 0 0 0 0 0 0 0
MNB 0 136 - 25 38 4 12 0 3 9
SEMNB 0 136 111 - 92 98 51 68 0 63
MNBTree 1 136 98 44 - 78 37 53 13 42
DWMNB 0 136 132 38 58 - 36 44 3 39
GRSMNB 0 136 124 85 99 100 - 53 17 70
DTWMNB 5 136 136 68 83 92 83 - 19 69
SVM 13 136 133 136 123 133 119 117 - 120
RF 0 136 127 73 94 97 66 67 16 -

TE =" RIR A — s B X A e b 05 SO SRR AT TR R 5 8 rR R R Y L 28 Bk R X A 2R T Ol R 2R R AL

3) AT MNB, HHEI & A 89 5 g i 5 A
SEMNB, MNBTree » DWMNB, GRSMNB, DTWMNB
T2 15 U b Y- X 53 RS B0 A 5 R B 1Y
T TR E] 87.08%,85.83%,85.15%,87.37%
84.93% P F, WA B KT, LFH3) 85.87%,
85.04 % ,84.63% ,86.35% ,84.64 %.

4) ARSCHEH A RENB 76 15 D8R % L7
SRR EIRBNT 90.22% AL L E A 1Y 5 e tE A
RUHRR G, A 8 T 28 M S 1) f ML (88.82 %6 R Bl AL
M(87.3206) °F 3 F L 353 T 89.90% , [k T
IR SCA A S AL 3K U A SR B R AR AR A
PR AEH AW B RRIE R R AT R F AN I
W 30y SCAS I3 A AU I3 2, B 2427 21 15 B 1) BNB #52

Ry KPR A B T fe k.

5) FE R AR I SCABE S 1 H 144 # BNB, H5y
Fe P fE R AR 2 L R AT LY MINB R 2R 29 17
AN E Gy a5 {0 AR AR SCAS B B B A AE R OR LA
BNB., H 53 2605 B 35 R IO MINB K HE 8 4~ H 43 45,
X WA SCHR 9 RENB, AL AT LA B 6 1 2 47
FRAE b2 2] 3l 24 SR 4 A 1O = 2 AR AE 38 0] LU
PR AN BNDB A 2 W B ] 31 U A 2, 3k o P A6 TR

6) M 4~7 FrR M BUR 56 AR G0 T HI R b A 2
BORF AR SCHR 1A RENB 5510 T A 1Y H 80
4%, 43 4% BNB, MNB, SEMNB, MNBTree . DWMNB,
GRSMNB,DTWMNB, SVM, RF. X 7 48 iE 8] T 74
SCHT R AR A A R

Table 6 Classification Accuracy Comparison Results of the Wilcoxon Tests

R6 SEBEMBRERUNRMEKRER

Bk RFNB BNB MNB SEMNB MNBTree DWMNB GRSMNB  DTWMNB SVM RF
RFNB - . .
BNB o —
MNB o . —
SEMNB o . . — .
MNBTree ° . —
DWMNB o . . _
GRSMNB o . . _
DTWMNB ° . . —
SVM o . . -
RF o . . . . _

T — 7 RR 2 " 7 R A L A A A B S 5 LT R AT R AR R T e SR AR L AT F A A I TR L A R BB 5 — 7 TR B X
FALR LR 45 500 W KT« =0.05 , X ML DL E ISR 3 MK a=0.1.
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Table 7 F, Comparison Results of the Wilcoxon Tests
®7 F.HBRERMKHLRER
GRS RENB BNB MNB SEMNB MNBTree DWMNB GRSMNB  DTWMNB SVM RF
RFNB — . . . . . . . . .
BNB —
MNB . -
SEMNB ° . . —
MNBTree ° . —
DWMNB ° . . —
GRSMNB ° . . —
DTWMNB ° . . —
SVM . . . . . . . . — .
RF . . . _
— RN o AR A B AR N 2O T AR AT T AT I e 7R AR BEAT T AR T W O R A e AR 5 — 7 BT AR 4 %
ﬁﬁéJéU\TE@,uiEUﬁ FEAKT R a=0.05, X5 ML LA AR W F M AKF R «=0.1.
4 BHESRE & £ X W

AN EE DL 3y SCAR 43 2R HY 1) Ja M % R ST B s
foft A5 ASE TRY 7E T 0 SCAS RiHiE B, O T B BRG] R
TIE (418 AR B Z 0 T AR [ S m 4 A F 0 s 2 S
B BT A H 593 E v % #mzﬁu%ﬁﬁﬁ&
152 35 T AR 11 PR T 4 AF SR P SCAR A B AL, X
E*%EELWﬂTﬂLﬁ%%ﬂ%XE?ﬂﬁ
8 B R T T AR SR HE R AE 27 2 1 T 125 ok e i AR
VLT SOA AR SRR, 2 T — X2 DL B A
B BEHLARARAS 2 01 -3 (RFNB).RFNB 7655 1 )2
SR Biti AL 2% AR D JBE L 1) BELTR) AR AIE T2 o) B 4 A 1Y
R SR JE R 2= B BT R IE RSS2 2, 4l —
P R G JE T R84 5% R AR 28 DL - i 5 A A
RETIZ A I SCA B AR B Se e 45 R R, A
SCHE Y RENB A5 81 B @ £ T BUA 19 35 2 F 19 Ah
2 U1 T34 SCAR 43 A5 R R H At 425 i Y SCA 43 2 AR

FE H AT 5250, B AL AR AR 2 ) 2R B H
PR R [ E (E 200, 85 19 2 50008 B R R AR A
FEAS ) 4 B A 0% 45 S LK R (0 F 58 a2
BT — T bifi B 4 24 B 1 38 N S 80 B O ik Ik
AL AR I A 2] 38 0 B E Dy B dE 0 TT T
PLUL i — 25 S s AR 72 AL RE T e Ah . B I IR AR
hBE B AR BRCOR T B R X R
BRI T 2 2 2 AR 2 RO R S — A

ﬁﬁﬁﬁTu WA R B 7 i K DL — 4 4R
By o] SR Z B FR SR B TP R A 20 NV RE
%E@%%%
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