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Abstract  Attribute reduction is one of the most important applications of rough set theory. It obtains
attribute subsets by selecting relevant attributes of data. It can reduce the dimension of data and reserve the
discernible ability of original attributes. In many real-world applications, data are easily obtained, but
annotating all of them is laborious. In order to exploit few labeled and large unlabeled data in attribute
reduction, several rough set-based semi-supervised attribute reduction methods have been proposed.
However, there still exist some challenges: discretization of numerical attributes may cause data
information loss, some methods may have high computational complexity as data volumes increase, the

information of both labeled and unlabeled data are not used to the full, etc. Therefore, the reduction
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efficiency needs to be further improved. In this paper, we propose a novel semi-supervised attribute
reduction method (3WLPME) for classification problem with mixed (categorical and numerical) attributes.
The proposed method contains two procedures: label propagation and then attribute reduction. As for label
propagation, we extend the classical label propagation algorithm to three-way label propagation (3WLP). In
3WLP, the pseudo labels of unlabeled data are firstly learned by two classical label propagation processes
with diverse neighborhood size k. Then three-way decision acts as a decision strategy to choose unlabeled
data with different pseudo labels for annotating. Finally, the labeled data subset and unlabeled data subset
are updated. All the three processes mentioned above are executed iteratively until convergency. After the
procedure of 3WLP, all the data are labeled and the ultimate pseudo label accuracy of unlabeled data may
be higher. In term of attribute reduction, a heuristic attribute reduction algorithm called MEHAR based on
mix entropy is proposed. It is applied to all the labeled data (true labels and pseudo labels) to reduce their
dimension. In MEHAR, the heuristic information is attribute significance, and which is defined by mix
entropy. Mix entropy is an integration of dependency degree and conditional entropy. As dependency
degree measures the classification ability of an attribute from the algebra view of rough set, and conditional
entropy measures the average uncertainty of a decision system from the information view of rough set,
combination of them can reflect classification ability of attributes more deeply. Effectiveness of the
proposed 3WLP algorithm and MEHAR algorithm are discussed theoretically. Several simulation
experiments have also been conducted on eight selected UCI datasets, and they include: (1) the
comparisons of the pseudo label accuracy between 3WLP and random label propagation, (2) the
comparisons of the reduction quality between different attribute reduction algorithms, namely, positive
field-based, conditional entropy-based, discernibility matrix-based and mix entropy-based (MEHAR), (3)
the comparisons of the reduction quality between the proposed method 3WLPME and three other rough
set-based semi-supervised attribute reduction methods. The experimental results of (1) show the superiority
of 3WLP and indicate that it can be a novel way to annotate data. The experimental results of (2) show that
the number of attributes in MEHAR-based reduction is less without reducing the classification accuracy.
The experimental results of (3) show the efficiency and stability of 3WLPME. So, the proposed

semi-supervised attribute reduction method is effective.
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(1) TEDNFRZEMER R b, XF = bR S AL 38 535 Akt
PUPR AL R AT LB oM s (2) FEZTRT R/
IEATIA] . SRR UER RS T, X AT IR G WA e
PEA AL SR T IE . TR . R THHRE
W 1 Ja 1 24 R SR R A T LR AP 5 (3) ZEZY AT R/
IEATIFR] . AR IRUERG R AE T, XA SO Aok
BE AT S HAL 3 NI TR A A2 VB R
PR8I AT O A #r
41 HFEERMLE

SEESHE T UCT Bl 21 8l e b i 8 A %dis
27, WPBHRAE VAT T HI WAL FEERVE - R A7 AE B
Bl BT 5, X EUR R R 1T one-hot 4
i, MR ETEANE Bk 1 PR,

F1 ZBUHEE

EAGITE S MR RS IR
Z00 101 31 7
lymphography 148 60 4
dermatology 358 131 6
credit 653 46 2
yeast 1484 8 10
steel 1941 27 7
image 2310 19 7
seismic 2584 24 2

59K z-score. min-max FRifEAL 5 X B R
HATFRAEAL AL B, e T G E B Rk 3 A 2 (13),
SHIEC p=1 F p=2, BIZmGiEE (M) FIBEKGHE
& (EB), RHABE 1 (k=5) XFric %R 0.1 B%E
RIFITHRZEALHE , hPRZEMMER RISk 2 iR, 52
55 th W G A AR A A s AL L, IR PRI RS 5
FEwehnid, S5 RI 10 WF 1.

(@D The UC Irvine Machine Learning Repository (UCI), http://archive.

ics. uci. edu/ml/index. php
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F2 AFRREUREBENESXTHREERE (ratio=0.1)

GRS z-score/M z-score/E min-max/M min-max/E
Z00 0.7934+0.0811 0.7538+0.0819 0.7825+0.0593 0.7912+0.0817
lymphography 0.6073+0.1119 0.5925+0.0887 0.6107+0.1092 0.6157+0.0611
dermatology 0.8654+0.0368 0.8000+0.0599 0.8461+0.0443 0.8393+0.0466
credit 0.6817+0.0433 0.6372+0.0474 0.7026+0.0349 0.7003+0.0334
yeast 0.4794+0.0309 0.4781£0.0335 0.4763+0.0316 0.4754+0.0255
steel 0.6126+0.0178 0.6104+0.0173 0.6042+0.0147 0.5890+0.0233
image 0.8359+0.0152 0.8289+0.0164 0.8490+0.0210 0.8253+0.0188
seismic 0.8613+0.0176 0.8352+0.0201 0.8445+0.0186 0.8328+0.0134

22 EKA S MEIEETE R z-score/M 2,
Bl z-score Fp MEAL Fl & A (R B, S DhAR 2 HER
Fim T HE =M AR SRR ] z-score/
M J5 5.
42 FRE(EBXT LTI

TE = SRR B (3WLP) 1, Kk HE =k
WIEAE, XA KNN AR EALHE B TE LP A1 LP br

—

¢ IS4 I
9L o0 L L
\%.]

W

Zo2ia ES

7
(o)

Oﬁb’l‘

Z3ATES

A

Vi

P

AR
I 2 3 4 5 6
AR EL BERREL
(e) yeast (f) steel

IEA =X RIAT T AR, HRIE = SR A%k
R BA R, S A T R = PR bR T O
ZHAE (3WLPy . 3WLPy, ) FIFfHLER I TChR % 5085
( RANLPy; . RANLPy, ) MfhFRZEHEM R, BULLE R
B Ok1=5. k2=9, FRid®NK 0.1, 7 8 MEIHSE L%
Fric e BEALE BRI I R T A TAR AL 1, D
HERf RN 3 FiR.

M 0.8}
'gmw
& 07/ S
=065( < RANLP4
2 4 6 8 10
RS EARYCEL
0.94 "
0921 ¢ |-
091" & 09
0.88 | &
0.86 // 0385}
0.84 1/ = |/
0.82 1' R 81”

2 3 4 s
YA

(h) seismic

23 4 5 6 7
BARKEL
(g) image

Bl 3 = SCHRbR T Johs 2 Xs MRS 1 J0hR 28 X008 19 Dh bR 28 v 50 [E

ME 3 AT LE W, BEEEQRE S, #
H = bR B AR R T, DS B R A
credit, steel. image Fll seismic KU 5 [ & F ] o6 1
B, TE3 AU B 4 EAAAEA IR RS oL, n
zoo FHEHE [ 3WLP, 956 4 i%EAR, lymphography
BAELE L 3WLP 955 2 IRiE1R, dermatology 4
| 3WLP, B95E 3 REAR. BB, BR seismic
BAREAN, — R TR AR T 0 O b 2 U 32
PIR TREDLPR AL RE k. beoh, BEMLAR AL G5
12 B PR 25 M 2R AE 2 A A v 2 1 0 ) D 1
TH0, EdESE lymphography F1 steel H', UiHH7E
R AR A A v, A R SR A Ok B 2 W Ab e 426
SR B RO AL, X RBUR AR AL R

R S MUHGIT BRI RN AR IR 22, BEE ARG

TR AT, BRZEZ T RN R e & R %
HiRTIES

43 BMHLYEX LRI
43.1 FEFIRAWWE ML

R IR L TR A 0 e e 2 T R A R
PRyl i o N Q= B S 1 1 B S RET BT 67
MR =, RS ETIEE . T4
PRI TR P Y S I 4 T B A 4

st h, B SEA=2, & BRI AR ERER E X
Ry o=std(data)/A, SANNPREIE ISR, B E S A
RAWERZ%50h 0.05, BUSIE S TR IEL R,
RN LR RN 3 Ui, st ans 4 Uros.
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%3 TRYHEZABGAN ! S
- - N 0.9 B
Hn 4 1E 38k KU HRRAERE IRAM IR
- R AR
200 1 16 13 13 § 0.8
lymphography 1 35 20 28 K 07
dermatology 1 51 12 34 §
. B 0.6
credit 46 41 24 37
yeast 8 8 8 8 0.5 I
steel 27 16 14 14 0.4
Y X N .
image 18 18 14 1 & e@,@ q}o\&? S &£ & §r§5’ %&&@
seismic 18 18 17 15 &@ b@&‘
-2 15 26 16 20 N Bl
F4 FRABEEETHE (B 9 Pl 4 LT 24RO A9 P 203 S 40 He
Bin TF s M WHRAERE REW o .
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' ' ’ ' B N A WA R . 0y ANH
lymphography 514 3297 16.07 38.29 b R TR R A RS UE R AT 8 AL
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credit 5489 9546  3027.85  101.51 lymphography F1 dermatology PAARH) 6 > EidfafE I,
yeast 5.22 7.16 60.82 7.29 e T3 T U R 1) 0 TR R
steel 6795 5129  4812.07 20.09 gE LT, EEXSEEGHE 8 MRA BV E,
image 3792 6148 3021.02 18.92 TIRAG W BWEAREE, AT RN, AT 5
seismic 301.31  334.20 327.02 528.42 T IE BRI T 4R 0 B M A e v 2 A s e ks

MR 3 ITLAEN, ETIRAWHNAE R RS R
M2 KN, FE zoo. lymphography Al dermatology
BAREE b, A T T IR BRI S T 25 Y 2 f 3Rk
ZIA]; 7E credit. steel, image Fll seismic Z#E%E I,
D FRF IE AL TR A A e 8
MERE L, BOTRETAMENAR R L. 8F
IR/, FETIRA WA T3 T 1IE
MIEF IR E R Z 0, B2 FRFHPERER
Yk R 4 MTUEL, FETIRA M2 EE LW
iz 7Hf[E], 7£ zoo. lymphography. credit, yeast.
seismic $HE4E I, ZF T HIMMAREL; 76
steel, image FWa4E I, /b F I3 IE AL T 501
A2 R 595 5 7E dermatology B 4E b, M TIH-TIE
WU B T2 ME M A i s 2 ). BT IR 2
IR B TS ), 76 6 DB LR JE T
TR PR Y JR/ 2 T Bk s AT E), 78 5 i 4
sttt , AR KA 4 s 7 i g
e

T RS RAT R R A R B, PR
=R 2 ey R B S o T RS 1 | 2 e S
MR AE I AT TR BENLIE S, 15 20073 40 25
WKl 4 FiR.

Hor, B TR A 09 20 T BN 2R i A A
HAP S UER R AIE dermatology . image KU¥E4E [, W%

IEATIR] b, 5 T A AR Y s M 2 1 B3 R B
M FEAR GRS RUER R b, m AT IR
JEPEL R, 5 R T ARG Ja M 2 1R A R B
AL DL RS RUL] T R TR S Y e P 2 Ak
A B B AR 3.
432 CRIERMEZHE

SRy B TE AR SC B 2 W B e M 2 R s (3WL-
PME ) WA %, 571 COINMY | RSFS!
1 LPEN'S R RiC 80 L, B AR,
BATHFA] LRI T A A ) o SRR R

S, SR T A SRR AR A R 43 A
ARSI, MR IIGERPRIC R REILR 2 A
PRA M TChR 22, AN [F] 2 W B i 1k 24 ff O vk
XFUNGREEHATIRPE LI, IR UIZRr2eds. LA R
R R S - A

BB R 2 87)5 JE D BURA AR 0 2 T 2918
MFIME, AN [E] S W 2 1 5 B i 2 i R/ gk 5
fos, F¥@BAiTtEang 6 s, Hi, ETHHR
XF (%) RSFES J5 B 7E £ 5 2 48 Ik is 47 s (] 34 o 3%
HREARBUHAE steel, image Fll seismic JUHE4E 5L
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h#E 5 ATLEH, 3WLPME 2% /N, 18
steel . image . seismic Z{#E4E I H/N; FE zoo.
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x5 ARFHEERMAEHEABK N

ETE S COIN RSFS  LPEN  3WLPME
Z00 15 28 30 16
lymphography 23 59 59 27
dermatology 30 130 130 34
credit 23 15 38 36
yeast 8 8 8 8
steel 16 - 25 14
image 15 - 18 13
seismic 16 - 21 15
-3 19 - 42 21

It RSFS. LPEN /Iv; 7F 8 MR 4E iy F3 2Tk

. ULHZIT R B T ROR L

BT )5 R, TR > eds BEAT R
Wk, 7 RUER ARG IR IC R Z A AR NE 5 iR,
Hrf RAWDATA o fii Il 2k g e S I G 2
LABELEDDATA #/n (Ui FIA bras e 2u i), #Rl
SR,

#z6 AEFEEBAYEHZWFEMIETHIE (BA: 9

G/ COIN RSFS LPEN  3WLPME
700 1.6545 1554713  36.5641 7.4161
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dermatology ~ 2036.9210 23498.8572 2386.2684 622.2288
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% 6 MEUEFY], SWLPME (a4t ], e steel 45735784 - 3991.6776  79.6061
700 \lymphography\seismic ﬁ[\ E]/»] 5 ﬁﬁﬁﬁiﬁﬁ s image 5042.8877 - 4319.4109 226.2888
1A 8 N EIR4E Fig 47t [a] b B3k RSFS. LPEN seismic 860.1784 — 3529.9003 1044.9542
= 0.85 0.95 0.4
- ,, 08L /o g i 09 xfi}:{:fi ’
08} # 075V 71 M / 0.82
8 P € £085F e
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Background

Semi-supervised feature selection is a hot topic in mac-
hine learning community due to the benefits it provides for
reducing the computational cost and improving the learning
performance in diverse fields, such as machine learning, patt-
ern recognition, data mining and big data. Many methods ha-
ve hitherto been proposed, and they can be categorized into
three groups: filter-based methods, wrapper-based methods
and embedded-based methods. Attribute reduction is an impo-
rtant application of rough set theory and can be reviewed as a
filter-based method. It has attracted many researchers since
the day rough set theory was put forward. But there are only a
few studies about semi-supervised attribute reduction in rou-
gh set community, at the same time there exist some challe-
nges: such as the data type should be extended, the reduction
quality and the reduction efficiency need to be improved.

For the partially labeled data with mixed categorical
and continuous attributes, we propose a semi-supervised
attribute reduction method. There are two algorithms in this
method, namely the three-way label propagation algorithm
(3WLP) and the heuristic attribute reduction algorithm
based on mix entropy. The uniqueness of the three-way label
propagation algorithm is obtaining the pseudo labels of
unlabeled data by integrating the three-way decision theory
and active leaning into KNN label propagation algorithm.

MIAO Duo-Qian, Ph. D. , professor, Ph. D. superv-
isor. His main research interests include rough sets, granular
computing, pattern recognition and artificial intelligence,
etc.

YAO Yi-Yu, Ph. D. , professor. His main research int-
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granular computing, information retrieval, Web intelligence,

data mining etc.

Comparative experiments show that the accuracy of pseudo
labels in this algorithm is higher than the one in random
label propagation algorithm. In the heuristic attribute redu-
ction algorithm, the heuristic information is also attribute
significant, but it is designed by mix entropy, which can
reflect the classification ability of an attribute and reveal the
average uncertainty of the decision system at the same time.
Comparative experiments indicate that, in this algorithm, the
reduction quality is between the ones of positive-based
algorithm and conditional entropy-based algorithm, and the
classification accuracy of reduced data is higher than the
ones of positive-based algorithm and conditional entropy-
based algorithm. At last, various semi-supervised attribute
reduction methods are also compared. The experimental
results reflect the effectiveness of the proposed method.

The research is supported by the National Natural
Science Foundation of China under Grant Nos. 61976158,
61673301.

This paper presents a new method to handle the
semi-supervised attribute reduction, which uses three-way
decision theory into label propagation algorithm to obtain
more accurate pseudo labels and uses mix entropy to
measure the significance of attribute. It extends the rough
set theory and the three-way decision theory.



