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Abstract Plenty and well labeled training samples are significant foundation to make sure the good
performance of supervising learning, whereas there is a problem of high labor-cost and time-
consuming in the samples. Furthermore, it is not always feasible to get the plenty of well-labeled
sample data in every application to support the classification training. Meanwhile. directly employing
the trained model from the source domain to the target domain normally causes the problem of
accuracy degradation, due to the information distribution discrepancy between the source domain and
the target domain. Aiming to solve the above problems, we propose an algorithm named domain
alignment based on multi-viewpoint domain-shared feature for cross-domain sentiment classification
(DAMF). Firstly, we fuse three sentiment lexicons to eliminate the polarity divergence of domain-
shared feature words that are chosen by mutual information value. On this basis, we extract the word
pairs that have the same sentiment polarity in the same domain by utilizing four syntax rules and the
word pairs that have strong association relation in the same domain by utilizing association rules
algorithm. Then, we use the domain-shared words that have no polarity divergence as a bridge to
establish an indirect mapping relationship between domain-specific words in different domains. By
constructing the unified feature representation space of different domains, the domain alignment is
achieved. Meanwhile, the experiments on four public data sets from Amazon product reviews corpora

show the effectiveness of our proposed algorithm on cross-domain sentiment classification.

Key words sentiment classification; cross-domain; polarity divergence; association rules; unified

feature representation space; domain space alignment
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Fig. 1

Overview of our proposed algorithm for cross-domain sentiment classification
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Table 1 Detailed Description of the Four
Sentiment Dictionaries
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Fused Sentiment
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Word Set
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Table 2 An Example of the Fused Sentiment Word Set
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Positive Polarity Words

Negative Polarity Words

stable, worth, grateful, good, poorly, unfeeling, disobedient,

well, excellent, smile, incompatible, blur,
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outsmart, fine, successful - dissatisfactory, bad--
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(b) Dependency parsing and sentiment polarity extraction

Fig. 2 An illustrative example of extracting sentiment polarity relations based on syntactic parsing and dependency parsing
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Wi )i hr s, EW o w, EW B w, EW i, EW s
@D for each (w, »w,;) in Pair,
@ lw&Wyand o, €W
SET1. add ((w; sw;)) 3
else w; €W, and w, €W
SET1. add ((w; sw;)) 3
® endif
@ end for
® for each (w;»w;) in Pair,
©® fw€Wyandw, €Wy
SET2. add ((w; sw;)) ;
@ else w; €W, and w, EW
SET2. add ((w; sw;)) ;
end if
® end for
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@ for each (w;»w:) in SET1 and (wsw;) in

SET2
@ ifweWy
Couple'. add((w; sw;))
@ endif
@ end for

@ return Couple'.
Apriori 5 19 32 2 AR 0 i b WU B Y
FE 6 PRI IR /N SRR BE min _s R AR R A1 T
8 IR e /N EAR B min_c 58 BUR RHK K R 1942
. A SORE 38 3 Apriori 5395 $E 4T & 4R P RRAIE 1)
)5 OC I OC R A2 4. Horb 1 dvem' RORAE L 1
WA B L ivem® Fon A LY 2 TP B A, Hordr drem!
M item® FnH
item' ={w'} .0 €EW;
item” = {(wly »wl) | saly sl EW.
BT AL B ICER o 1Y SRR EEER R T e/
SCRFRE min s, KRR IR
support(it)=Pt), 4)
Hir,itEitem' 8% it € item® ,Pit) FTon it TEFERE
rf R MR
T 2 TR B A h B0 L /N AR B min_c IF
H 1 — A Ul e T2 R AE ) A — S U & A AR 1A A
JIG ) 5 O IR U] 5 O TR U 7 B 4 A R0 AR R O
HH
e =wh=wl; (5)
confidence(r,) =confidence(wy,=>wl,) =
P(wl, swiy)
Plwy)
Horb ., € RS, RS 2 5 HL I 4 5 K00 1) 5 % B8 o —
A0 5 SRR 3R] ol FABU & AR AR 1) !, 1Y S5 A
ME 3. EL AR 10 iR G I R 0 R 1) 45 4 RV A A A B
7 2.
Bk 2. SR OCIHOML ) A 47 4 4
A A /N min_s I /NEAGE min_c,
U R o b St R AE R B W L B U Y F
WA Reviews = {({o' )1y ), Vi, LA G L A
FRAETREE & W s
faw b SR AL AR RS= {ry ).
@D L1 = find frequent 1 itemsets(W),w' €
W
@ L2 candidate=apriori_gen(L1,min_s);

P(wﬁp|wih): =min_c, (6)

@ for w in Reviews

C.,=subset(w) ;

@ for ¢in C,
c. count++;

®  end for

©® end for

@D L2 ={c},c€ L2 candidate and c. count/

Dlc. count=min_s;
® for rin L2
@  if Gsupport_count (r)[support_count (r.
W) ) =min_c

() RS. add(r);

@  endif

@ end for

@ return RS.

2) AU R) 5 S I 5C FR 1Y L A R AIE 1) 4 4 B

AR 4l AT 5T RN s €50 3 v 42 4 1 ) A% ek rh
{18 L A7 AR A 1) 0 0T B ] M = e AU 3] 119 9 DG TR G &R
e HEAT 2 A 4B A) 2 AT 5 SC I OC AR Y & A AR 3R 6
M. B ETm g mEAmE G={W, U
W EVRBEAT WK 3 FroR. 721 3, B — > T st
Xof 7 4 — A SR AR ] P 6 5 P 540 AL A7 P AE
i) OB €2 81 181 ) T3 st 8] A A7 1] 77 Sk 3 7 Sk 52 R AE 1)
AU LA 4Rk 7] ] 38 i Apriori SRR AZ 46 3 15k
RIS Z . [R) I OB 1 T T ) i 0P 0k T LAk
R AE 1) 1] SC IR OC 2R 1Y) iR 55 o R 2 B R 3R s DG 1B OC &%
R AL OCHR G R, . R 3 TR o,
T AL by [ EE BLFE B 4V HE TR ol AT A s
(] Y 2 ELRE B /N BB o ATl ) 9 SR IR O R
L wly Al wlys (BT SCHROC 2R 55, 76 AR SCrb s RRAE 18] % 1
SRR i YA B 10 fR A e, BRI an =X (8).

Strong Correlation
¥ Relationship
»

O Domain-shared Words
O Domain-specific Words

Fig. 3 Directed graph G: the description of strong
correlation relationship between domain-shared

words and domain-specific words

K3 A Gl ik S I T 3 AL A 3 ) i DG TG B

e T8 B v 2R 2 AT 22 A s R TR
FHEE S WS 2 A TOU s AL sl 3 A7 A 058 P SR B G AR
BIGnsR 2 A 0 & A R AE 3R] o), Bl ), 5 24> ST



2446

ARV S AR 2018, 55(11)

HE R AR %  JF BB R — 3 SRR Y DS HRE E
JEARAL B AGX 2 AU A R A 1] e A A 5 Aok
BOCHR. ILnAE & 3 rp I8 G188 % A7 R AR 1] wls A H
P U AT R AR 3R] ol 1 5 U S AR AE 3R] s, A
wi ARG OC R BB AT SCIRFE BE H BAH T )
confidence(wl,=wls ) ==con fidence(wy,=>wl ) s (7)
confidence(w’=wly )~ con fidence(wl=wl ) s (8)
JIT LA 2 AU A7 RRE TR @l R wly 18] AL A7 7E DI
KA.

T 7E 2 BR L b 42 4 30 A 5t OC I5 R ) i O¢
WX AR BN AT RE 58 42 A [R] o 9T DA AS SCR R AH 45 1Y
FME T I AN RZBIES B e, 2 2 />3RS I Yy
15 BE B 22 (B /N T 245 3€ BIE e W, WA 2 2 QB AL
DUy O IR 8 2 AR ). B 245X (D) il 2 B T TR

(e o) Ry SR A4S TN
| con fidence(wl, = wls ) —

c'onfidem‘e(w;hiwﬁp\ ) <e, i€ (0,0, (9
Horpone SRR G E A FE ol A ol SR A 2 1 25
B 3L R AR A @, B9 8K TR B A5 B A 2 7 s R B
F1Ry 400 S 1) A 5 O BB 5 28 1 T A R A TR X Couple?
FR.
2.4 GUEE S —FET B R E S KRR S
AEEETE 2.3, 1758 2. 3. 2 5 4R By 4
ol T R[] 8 A 1) L A 155 R T ) X R 40 4 7] 5 5C 1B
R L A R AR D)6 3R AT 400 [R) G — 4R AE 23 [R] 1
dt, Bttt R an P 4 B/ 4 J2 s JF A IR ST
P E A B 58— AR 3R 75 DR I 25 5 0 Sl 1 JR 7 A
AL i 4 thig R 5.2 6.

Source Domain Vocabulary Target Domain Vocabulary
Length=m Length=n
Layer 1:Domain Vocabularies l ! I a)2| |w”'| | Fused Sentiment Vocabulary | | ! |a)2 I "
MI MI MI MI
Domain-specific Words Length=1 Domain-specific Words
\ N N [
Layer 2: Feature Words Iw}pslwfpsl foxe ok a)fh| ok |w51pl wdy o
= r— T
B | [N I B S
Length=m, Domain-shared Words Length=n,
| | —
Sentiment Word Pairs Feature Word Pairs
Extraction Based on Extraction Based on
. Syntactic Rules Association Rules
Layer 3:Word Pairs (0%, @) | < ¥ Ll (0, 0l
(@0, 05 (0%, 05)°
Length=k, —| | Length=k,
The Extraction of Feature Word Pairs
o w7k Between Domains and the % i)
(@, @5 Extension of Domain Vocabulary (@, @5
Layer 4: Unified Feature 1 2 k
R};presentation Space @ |mZh | | ) | (@4, 03) | (@8, @%) | ‘ (@, @) ‘
1 2
couple couple
Input
Layer 5: Classifier LibSVM
Layer 6: Output Positive/Negative
Fig. 4 An illustrative example of training the cross-domain sentiment classifier
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A RRAIE TR X A4 BB R AIE 23 ) v X R R TR A AR
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pair' -

1 i !
(wsh [ 9(1);11 9 s Wsh st e

L pair’ o, pairt), (10)
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BRI A - 220 AR R A S S 2 [ 0o S B AR ) 26

2447

pair’ € Couple' U Couple® s k 2% A FAE 18] XJ (14 %%
BB O RRAE 4 FE Ry L+ k. BRI n] i 45 TR) G i )X
B RRAE JRDR L A A 1) X 45 B, S TR 45 38 i)
A4 e L K 8 45 R B A S5 Bl 4 — R AE 25 8] Y R
L — R LU BT 40 a) 1 R R A AR M A
FIME B 50 A 2 ) 22 5 1) [) .

by o= i | DA E /R T e Sl Ve = N o
Il [) 5 — 5 IF 25 8] 1) e S S o B AT I UK 2R
AU . HAKR S JE 200 2 B, 7E5E 3 T bk B
LibSVM™ AR Sy 5 45 1 4 2K 2 Hodh 2804 0

3 XWRIHTEERSH

AR il AR SCHR HG A 8 40 B IR 5 — R ik 25 ) B
75 T B 0T 1 A7 SR F) R 1 0 B A B =S T8
Aii 1) 22 53¢ 58 BB U1 I e 26 i 10 N L O HLAE
Amazon 7 i P18 BUE A IHR T AT 5 1.

3.1 HUREHMARTALE

FESE g b TR A B0 28 2 1h Blitzer™ i 4k
(1) Amazon 7 b P8 BOHE 4R, =40 92 I H] A #5450
S IR S ) BE O . B R R L T 4 A
B 5 SCVE I Bcdls 53 1 2 B(Book) . D(Dvds) , E
(Electronics) il K(Kitchen) 41 3. %54~ 40 8% ¥/
2000 Z&45 E W - Hp 1000 2502 BUR PF I8 . 1000
IR PFIE MRS T 2 R b s PR U8 1 1
JEARAE N A 1B R 2y — 1. 4 3 &4 Amazon
7 VIR A B A TE AR A

Table 3 Detailed Description of Amazon Data Sets

Used for Experiments

*& 3 Amazon 75 RiE R HIBEWIFAHE IR

Domains Positive Negative Unlabeled
Reviews Reviews Reviews

B 1000 1000 973194

D 1000 1000 122438

E 1000 1000 21009

K 1000 1000 17856

5 TR Y AR E 1) B 5 R 2 B AR IR T R TE 2
B A5 HIR] L] T 4R B NS RS /) — e F ot &
BRI A K. e _love”, “worth”, “right”, “a_
great” 4. [ B}, Pang % A" FHSCS0E B 1R H A
i AR A R OF B — 18 B AR A L
JFH TR 1 B8 90 3840 Ay AR AT LSk B B A A7 U O

FABOR. TR 78 A S b SR A 2K A8 AR 4R R AL
L, RVA0R R AR AR Ve T A b BN A O 1, 5
0. [RJ X6 T I TR G — R AIE 25 1) 4 7 AiE 17
Xf, HEHdh — A TEE R A i i B A E S 1,
02 0.

3.2 EWIZIMERSW

h T B UEAS SO 0 B T 20 A S SRR Y
UK 2 ) X 5 A5 A XoF 1 S A U A 2 B A Ak L A
SCRE 4 AN P PR TR RN R T 12 A 15 4 ek
4% .D—B,D—E,D—-K,B—»D,B—E,B—>K,E—~
B,E—-D,E—>K,K—>B,K—>D,K—E, H &k Z= M
F R VRS Wi Sk A MR B AR UL 7 U A 8] %)
FEPTBCR TR 2 A ST A B REAS s 78 53 25 e
i Bt 2B 4 h 5,6 )2, FR AT A LibSVM-
VE Sy it TR 3 26 4% b 8 R O S8 TR
U TR R AR AR PE I8 45 800 & A4 Ry Il 4R B
o B bR ST A PF e BRI 45 200 ZR AT
D S0 P K 1 2 UMK ORI A« 4B 1] T 1
L ZHAEAN B (=600, F /N min_s=0. 014,
H/NBEAEE min_c=0.08, FLEF F{H ¢=0. 005. K
3l G S 5 SR A A AR AT X A S B Sy
SHEAT 5 U IR IO SR A Sy die 2 1 B ST I R o)
KR UER . FEFELLT 6 R A7 X LL 52 5.

1) NoTransf. ANk 47 958 2 18] 0 5% » 76 I 451
B4 B2k LibSVM™ 43 2885, B HE7E H b 450358
A&/ Rl R= W

2) SCL™. th Blitzer £ Hi i 45 ¥4 %f hij 2 > B9k
HEAT 5 AR A 2

3) SFA™ .t Pan 55 A4 H ) 06 1% %) 55 500k iF
A7 15 401 R 02K

4) LP-based""*. th Li 48 A4 H 9 3 F B HE 7
(SR8 o 52 I I 28 D TR 5T 1 3] I s €50 3 ) £ 456
S A IR 2K

5) DAMF(Single). £ DAMF 3 & # Vi i &
15 B HEAT Ul ) St S AR AR 09 E 5, I 0058 3 OB
W CApriori) 5y 52 B 4 25 [R] 1) X6 5%

6) DAME. A SCHE H B3 T 22 00 A 3L S R ik 1Y
QI 7 1) X6 5 114 5 0 g J o 2R AR TR

6 Pl A0k 1 S B0 45 R LA AN R 4 PR,

a2 4 AT LA

D JEgWh—FJr ik AR 55 E—>K il K—E (45
R T HAh 10 W AT 55 . iX & W] Electronics 451 5§
55 Kitchen QUSR58 T H: Al 4508 4 AH SR 5K
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2) 5 Fh S GUAE B R B LA A T
% BIL T NoTransf 3 & W1 75 5 UK 1840 2641 55
F L 3843 I U SRR B 45 8 ) R AR SR SRR AR )2
TR FIVREAE 23 T8 04 %5 55 A Bl T 3 8 43 28 00 i ff 2.

3) DAMF 5 DAMEF (Single) #H [ F- 3 1 i %
PR 0. 422, d B DA 22 WAL 9 i B4 (1) 3 =2 R AE
A B T B Sk SR AR 8] 0 B 43 1B I DL 3k SRR AR
SR GE AT 2 POy 3B IR R [ R 1 R
)X R O R O R TR X6 AT By T3 R 4k A AE R
A3 AT Y 25 S, 2B TER A3 [R] B 6T 5 S A T ek

T 2.

4) fE{E% B~E,D—>K,E—>K it , A 3L i $2 55
% DAMF [ 8 g I T SCL F1 SFA, 156 B £ —
SR O 3 O DU R S R D, S i 3 v
T (1058 5 156 56 2R, J 1k S B4 8k 45 1] A1) Xof 5, 8 %5 430
ST %03 28 1 I R AR B T

5) Mk I, DAMF 45 SCL,SFA, LP-based
U RO RS A L FE 9 ME 55 L R Y
A Y MER SRR R T 78, 7%, Ui B @ o DL
7 S SRR S AR R 4 AU A R AR () 1) S B 3G
F A BT T B AR R 20 A A 22 S o S IR AR T

Table 4 Accuracy on 12 Subtasks of 6 Cross-Domain Sentiment Classification Algorithms

R4 oMETEHEZIE 2NEFEHES LANERE

Algorithms B—>D B—E B—K D—B D—E D—K E—B E—-D E—K K—B K—D K—E Average
NoTransf 76.8 71. 28 74.45 73.35 72.69 75.02 72.42 71.25 79.02 71.8 73.05 80. 05 74.27
SCL 78.5 75.22 77.08 78. 26 74.2 78. 94 75.02 75.25 85. 06 72.78 76.65 85. 04 77.67
SFA 80.54 72.1 78.02 77.54 76.04 79.5 75.4 75.5 85.95 74.2 76.7 85.02 78.04
LP-based 79.8 72.0 77.0 78.0 76.8 74.3 71.5 74.0 83.5 73.5 73.3 81.5 76.27
DAMEF (Single) 81.25 73.5 76.9 79.6 77.6 77.85 75.3 75.8 85.3 74.3 76.9 85. 05 78.28
DAMF 81.76 74.23 78.3 80.04 77.8 78.37 75.67 76.3 85. 32 74.43 77.1 85.09 78.70
Notes: The bold value in each cross-domain subtask means the best value.
T 2D WA SO B R A R FRAT] R iR 2%

S T A B R A AR AR 3 1 P i A% 3 10K
RN 5 . L IR A O

t(D,,D)=e(D,.D)—e(D,,D), (13)
Hrr,e(D,, D) 378 5k 40 38 %5 8] % 5% 56 & J5 , F
P50 R AR I 2575 B 43 28 4% - 76 B bi S0 3 12k it
HEBAR 2 se(D, D) F 7R LU R 408 1 bk 2 RE A I
YRAy A% FF DL bR S A R AR 2E AT 00 5K T 7 AR Y
W22, 1(D, . D) 7R R 5 45035 155 TR 43 2 Jor A8 Ak 1)

m P 5 & MAE 12 A FAT S R AT 4
PUE 8 4 NoTransf J5 ¥k (1% 3 1 Kk fe K. R A 7F
Horpr 7 A FAT 55 b o A At B 408 L AR S
P MR 14 A0k (R) TG e A S AR AR B R AR G, S
G 7S [R) 6 55 19 15 28 B 2R e /. 7 FAT % K—~E
B A 47 1% 338 i) NoTransf F1 LP-based 8.1,
At 5 SR 1 2 AL 3o R Sy 67 1 I 6 1 A
FL 7= il 45038 1 T 16 $00HE 43 A 1T A 55 J8E s b 1 0T

m NoTransf
12 B DAMF
2 DAMF(Single)
101 LP-based
& m SFA
2 8r
3
5 6
&7 %
] 7
g 41l 7
& v
= .
o HineZ
-2
B—-D B—E B—K D—B D—E D—K E—-B E—-D E—-K K—B K—D K—E
12 Subtasks
Fig. 5 The transfer loss of 6 cross-domain sentiment classification algorithms on 12 subtasks
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(a) Accuracy for different / on 12 subtasks
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(¢) Accuracy for different min_c on 12 subtasks
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(d) Accuracy for different e on 12 subtasks

Fig. 6 Effect of four parameters value on the accuracy of experiments
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