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Abstract: In the big data era, the sample size is becoming increasingly large, the data dimensionality is also
becoming extremely high, moreover, there exists hierarchical structure between different class.labels. This paper
investigates incremental feature selection for hierarchical classification based on the dependency degree of inclusive
strategy and solves the hierarchical classification problem where labels are distributed at arbitrary: nodes in tree
structure. Firstly, the inclusive strategy is used to reduce the negative sample space.by exploiting the hierarchical
label structure. Secondly, a new fuzzy rough set model is introduced based on inclusive strategy, and a dependency
calculation algorithm based on the inclusive strategy and a non-incremental feature selection algorithm are also
proposed. Then, the dependency degree based on the inclusive strategy-is proposed by adopting the incremental
mechanism. Based on these, two incremental feature selection frameworks based on two strategies are designed.
Lastly, a comparative study with the method based on the sibling strategy is performed. The feasibility. and efficiency of
the proposed algorithms are verified by numerical experiments.
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Fig.1 Example of tree structure for labels
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Table 2 Example data of original hierarchical
decision table
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Table 3 Example data of incoming samples

AU C D
X, 0.15 d,
Xy 0.20 o
Xys 0.31 d»
Xy 0.35 d.
Xy7 0.50 ds
Xig 0.52 ds

P2 s IR AS IV of 245 A 1

Fig.2 Change of tree structure while incoming samples
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9. H D (wy)=Dixy) + D:(xy) &£ B He Inc-
NIDC #5554, i 4 “Inc-NIDC + 7

10. @3 Ine-NIDC + KI5 vl (D,.)

11.  End for

12, Rl —JETE a=arg(max vy, (D,.))
13.  rem=rem—{a}

14. B=BUld}

15. End while

16. % Q=B IIMERTCAYJE M5 ng (57 16~23 )

17.For ae(Q do

18. D}, (x.y)=D(x,y)- D2(x,y) % F i Inc-NIDC
B55 54 ,ic 8 “Inc-NIDC -7

19. i “Inc-NIDC - "Hit5 ¥4 (D,

20. If y{(D,.)— vy w(D..)< & then

2.  B=B-{d

22. Endif

23. End for

24. Return Jg& 144 B

VA AJE I T AL R MG B AR R
552855k AU 2R 43 iR B 2% B OQ|U)) 5 56 326
T DY, R 24 BE R Ok) 5 5 6 438 i Inc-1DU
BB B I 2% B R max {O(DY | AX . |IC).
O(AU|XLICD} 5 “Inc-NIDC + " Fl“Inc-NIDC - ” f) i}
] 52 24 B K O(UP) 55 7~15 25 R 9 I s 2 5w, AT
A B — LA N E M BB R e A A
(1) 1k, U )52 22 B 2 O(CPRIUP) 548 16~23 45 A 1
BROUAY @ PR mS M BR B rhfgoc & 200 L e X 4
(25 (2) A 1k, e T 228 BE R O(CIUF) o 25 1 5%
2 4 IR 5 1 R O(CRIUP) -

25 Lo SR A R 2% /N TR 2 AR )
SRS 1T D, |ld) < |ULIAX G < UL < (U],
SR IIN )T Bt /N TR LI T S A

P2 T ke, 3 T O s 4 g 79 A 1 R AIF o R
HE SR FH DA fige e 1L A 3 R BRI I 5 199 43 J22 4 2 )
B SR IR R ke N R 4R, AN TR T
B SN Y F R 8 T SR R S T A SR g -
M 2187 o SRS 1O R B ) < 7R B R TR
A FLERT V5 0 M SR s, 2458 N AT B 4R AT
SR 1 TR W S5 AT N R O A T SR s 5 SR g 2
O I B35 6) + 8 B UK 000 4 i A B PRA T 98 i 4
SR s I 5% TU A% TR P SR
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¥Lik s MR LAHESE 1(Inc-1IFS-v1)

A )RR E(U.CD,,) -

i B YEAT B

LW B R S N SRR He 3 51 b R 438 N 1 (U,
Uy, o+, U, B U, B8 BT 2

2. WIARAL S TR E T=0 , B=0

3.For i=1:N do //5HE 1

4. T=TUU,

5. If i=1 then /R — T HARLE M ELE B

6. L Inc-NIDCR yi(D,..) Ml yi(D,..)

7. g Inc-IFS TR B L 5w (5 7~1520)15. 3 B

8. Else /3K 28N T HEE B IS B

9. iExT Inc-1FS AU N JE M e m (55 7~15 28 ) BB B

10. End if

11. End for

12. 04T Inc-1FS [ N B TT A% J8 14k SR (55 16~23 20)

13. Return J@ PE 41 B

ik 6 ML AAESE 2(Inc-IFS-v2)

A AR (U.CD,,) -

i AT B .

LW s L I G R 2R 3 51 b R 43S N A U,
U,,--+,U,} , B U A8 frf i 2

2. VRS T=0 , U=0

3.For i=1:N do //5ms2

4. T=TUU

5. If i=1 then /KR5S —HeFHE 4L 10 2

6. @ Inc-IFSFRJEMHLAM B

7. Else /K525 N Yo BARAE 2k 5 1S 291 B

8. T Inc-IFS ¥ E M2 B

9. Endif

10. End for

11. Return J@ 27 B

TR 1 AT — UM R O A i 1 R s, B
1 L&, Inc-IFS-v1 iz F T Al /N F Inc-1FS-v2,

4 95
A B Sg s A7 8] | BT 8 £ R AR KLk, D EE

(BT F, 195 257 S MEif 22 52 1) BRI 34 TIE 1Y
PR FFS-HCP 5 AL £ % Inc-NIDC | Inc-1FS-
v1FlInc-IFS-v2 # 47X} [ o R J5 %t Inc-IFS-v1 #1l Inc-
IFS-v2 1T S50 & HUREE 3B o fe i 38 o 52 36 45 1
X T HE Y = AN FRAE R B IR A TR

TIE (tree induced error) iy B4 i% Fi% 22 ™ TIE H
SHEERAREIGE ZMAR R, P TIEAZMRFEA
TSI, AT DL A b R A SRR AR PRt i LR P

NN _ TIEf

PITIE R KR ik PERE [?i’ST[E—muﬁﬁf/l\ﬁ) .
4.1 FHUEi

SIS | Intel® Core™ i5-7200U CPU@2.50 GHz
2.71 GHz 12.0 GB,MATLAB R2016a.

BE A R A RTES R 53 A ) 22 1 T %L
i B | o OB AR Y L SCAR A A M A, B T RS
FH AL F 45 BAF AT LR R, T SRR S AEAL
T R T R AR SO A I S R Al 4R L
T4 SR AR A AR 2 BT S FLAH S A IR
B B AR AR L AT BE M 35 50 0 A L U AR 1)
AEEEN 4 INFE AR

R TE FE R EA T AR REEZEE,

R B PREA T L]

samples

um nodes X (dlayer

BEPLRI 2> 3 %A d,,,,, 5 ) B2 R Ir o num

+1)

R T I RAEL d, FoRT I Bz 28 %
Ll A8 K /Al 23 B 2 1) 13z Ak i a4 7R i Bl A AR
o XAERRE 7 AR A, ORI AR AR
AR ¥A], HOR R4 ST M6l & 200 R AR AT L
GRS ST AP

4y 25 2% .+ % Rl & HL (support vector machine,
SVMU) LK 3T 4l (K-nearest neighbors, KNN¥) ( £ %
A FHAE 3) (B HLAR AR (random forest, RF*)

EH A F : (1) % B0 4 AT B K/ A — fkAd

£4 B
Table 4 Datasets
PGS %7 A VIR RS FEAE N E Id| Id'l WA
Bridges BUE A 108 65 43 11 6 7 8
DD B fE R 3625 3020 605 473 27 31 32
Protein194 BUE A 8525 5121 3404 473 194 201 202
CLEF ECIER. 9 307 6 405 3202 252 10 16 17
SAIAPR5000 [ {5 5000 3009 1991 512 196 205 256
\Yele! ¥ 5 5 12 283 7178 5105 1000 20 29 30
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ax,)— min a(x )
M oalx)= !
i maxja(xj)—mlnja(xj)

(2) YNGR AE SR 21T, SR )5 2R FH 5 9T 38 LI Ik 7 ik
FE I AR X T e BERRAE RT3, oK 1 P, (E RT3
TIEfH,
4.2 WAL

XAy, 3k % FFS-HC™ | Inc-NIFS . Inc-IFS-
V1 Fll Inc-1FS-v2 Bk iz 17 I [a) T e fiE A4k, F,
N2 V- 35 TIE SR PR B S 1) = A5k 25 Rk 5
FE 3 & 4 FR

S - Inc-NIFS . Inc-1FS-v1 Fl Inc-1FS-v2 ]
A e=0.01,0=02,N=10,

v e U, B4R alx)el0, 1),

# 5 HiEFFS-HC.Inc-NIFS. Inc-1FS-v1 fil Inc-1ES-v2 [ 3ia 17 I ] % bk

B3 4ANSTIL P REF AEAS BOou be

Fig.3 Comparison of the number of selected

features for 4 algorithms

Table 5 Comparison of running time for FFS-HC, Inc-NIFS, Inc-1FS-v1 and Inc-IFS-v2 algorithms S
Hds 4k FFS-HC Inc-NIFS Inc-IFS-v1 Inc-IFS-v2
Bridges 0.07 0.04 0.07 0.09
DD 1167.77 11 276.98 203.35 274.44
Protein194 2939.14 63 616.80 1270.35 3472.62
CLEF 144.11 843.20 66.29 152.33
SAIAPR5000 359.85 246 672.55 791.09 1170.97
VOC 4 809.81 45 387.63 662.42 1087.62

P4 AARSTILN) F, AT EE
Fig.4 Comparison of F, for 4 algorithms
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¢ 542 FFS-HC . Inc-NIFS . Inc-1FS-v1 Fil Inc-IFS-
V2 [ it TE] . LR R i2 17 [ fe . 7F Bridges
B4 I Inc-NIFS 132 47 I 8] 5 48, 32 A 2 XA
B RN REAR X o Z2 R B3k, B8O &
(] A2 K 5 T AE oAt KB R HE 4 LR T SAIAPR 41,
Inc- IFS-v1 [ iz 47 I [H] 5% %8, H 5 FFS-HC Al Inc-
NIFS 32 17 B i) 22 BE AR % K . JoH e VOC $idis 4
|- ,FFS-HC £ /& Inc-IFS-v1 ) 7.3 4%, Inc-NIFS £ &
Inc-IFS-v1 1Y) 68.51% . 7 SAIAPR5000 %4 4 [, Inc-
NIFS ZJJ2& Inc-1FS-v1 (1) 311.8 4%, ML rhsnf LIFE
W7 T A R E b Inc-1FS-v [ Inc-1FS-v2 i st i)

¥ 3 & FFS-HC . Inc-NIFS. Inc-IFS-v1 Fl Inc-1FS-
V2 I T R AR B TR T B 4 T FRS-HC T ik
FEOEA 00N T HoA 34585 5 Inc-NIFS | Inc-1FS-v1
Inc-1FS-v2 it 3% FRAE B A - X 51 K 5 FFS-HC
7E SAIAPR5000 %t 45 45 - it 86 8 1IE A~ o i /N T 3
b 35k

[ 4 }& FFS-HC . Inc-NIFS . Inc-IFS-v1 £ Inc-IFS-
V21 F, MR o PR SRR A FF AR AE , A 3R 7R 44
Bk P AE R . AR S B AE 3 25 A% SYM
KNN 1 RF I XF b AS [7) 59 i 2 . 7 i 4 DD
BRI Z AR F, D RS2 A3 AR R R, 4N SRR Y
F, (HAEA25%% SVM FI KNN _E#5K F PF, 1 78 43 2%
PRF [ #1¥/NF PE; 78 VOC $#i 4 I, FFS-HC 11y
F, {H7E KNN F1 RF I 5 K, HA B 48 I Inc-NIFS
) F, KNS 2 LT, Inc-1FS-v1 i
Ko TERFRATBHEAE I, Inc-NIFS . Inc-1FS-v1 Fl Inc-
IFS-v2 Z [Al /Y F, (HEEAR - HERBEEL 14 E S
Mo R, AT RAFE 3 6B Inc-NIFS | Inc-1FS-v1 Fil Inc-
IFS-v2 il 11 3F HA AL .

¢ 6 /& FFS-HC . Inc-NIFS . Inc-1FS-v1 Fl Inc-1FS-
V2 (T3 TIE(EXS b o DR 7R 76 X0 B 43 25 4% T

YITIE(E /N 3 TIEEB/N, FoR Bk, M
LB EE , SAIAPRS000 $H84E | 55 v 1
YITIEAE R T H A E 45 4€ |, B0 72 SAIAPR5000 ixX />
Bl b oy 2R 25 00 R T HoA B HE 4 5 ISR A B
B 28 SVYM | Inc-NIFS B [ f i {H 2 i sb
HREMAK, H2EANBIL 03, #IKKFE,FFS-HC,
Inc-NIFS . Inc-1FS-v1 Fil Inc-IFS-v2 §J°F- 3 TIE JL-F- 7%
25,

ZRE 5. K6 MK 3. & 4, NizfTHTE] L&, Inc-
IFS-vL 1 I ] R e -, Inc-IFS-v2 YR 22 5 A 250 R
% , Inc-NIFS., Inc-IFS-v1 Fl Inc-IFS-v2 #B A 1% F
FFS-HC, H 3k Z M 2 5 A K. LR 4 B[] A4y
FROR | Inc-IFS-V1 BE 7E 5 Fa I 18] P 56 BURE AR 1E 4%
H e R B M AR 53 2R 2
4.3 Inc-1FS-v1 Fil Inc-1FS-v2 ity 5 B i & Pk
5 B

RTINS e R 1 N7 e i 1t S G AR -9
I 43 M7 Inc- IFS-v1 Al Inc-IFS-v2 1 & 7£ {0.05,0.01,
0.005,0.001,0.000 5,0.000 1} I (5SS , 25 0=0.2,
N=10 ,Z5 1K 5~ 7 i

52 Inc-1FS-v1 Fl Inc-1FS-v2 i % B {E & 195
/NEFTIFE AR AL o B & BN T s 0 e M Y &%
A0 A% X R 2 T TR K . #E VOC B i
£ I, Inc-IFS-v2 {3z 17 B ]2 32 K T HoAth Z 4, v]
A R FE XA SHCT 3R B3k T 50 S #0 2 dEATI
Jorn e R B3 TC A% T M SR T PR G A A R
JEPEL R SRR ve, (D)= YD) <& T T
YRS i R0 R T A% 1, VOC 571,000 4 J& 1
AT IE AT I ] 22 BE T B B 1 ZE A K E Inc-IFS-v1 il
Inc-1FS-v2 (32 17 B 7] bl & 1 i sk /N A2 K, FF H. Inc-
IFS-v1 [z 17 I [HLE /N T Inc-1FS-v2,

& 698 Inc-1FSVI Al Inc-1FS-v2 JIF 36 B 1F i A4~
ek ONIE T RT DUE B BE & 800N JE P2 T Y

#6 AANTENAFS TIEX B

Table 6 Comparison of average TIE for 4 algorithms

. SVM KNN RF

HES FFS-HC Inc-NIFS Inc-IFS-v1 Inc-1ES-v2 FFS-HC Inc-NIFS Inc-IFS-v1 Inc-IFS-v2 FES-HC Inc-NIFS Inc-IFS-v1Inc-IFS-v2
Bridges 1.14 1.14 1.07 1.09 1.14 1.02 1.21 1.12 1.00 1.02 1.12 1.12
DD 1.09 1.01 1.04 1.03 1.40 1.27 1.32 1.30 1.57 1.60 1.56 1.59
Protein194 1.63 1.43 1.44 1.47 1.84 1.70 1.69 1.69 2.17 2.19 2.22 2.18
CLEF 2.02 1.69 1.74 1.74 2.23 1.89 1.92 1.90 2.31 2.21 2.18 2.20
SAIAPR5000 3.67 3.43 3.44 3.46 373 3.58 3.71 3.67 3.83 3.82 3.69 3.75

VvOC 2.25 2.22 2.29 2.31 2.70

2.69 2.64 2.82 2.62 2.66 2.68 2.64
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5 Inc-1FS-v1 Al Inc-1FS-v2 (#3217 i ] %) bk
Fig.5 Comparison of running time for Inc-1FS-v1 and Inc-1FS-v2

K16  Inc-1FS-v1 Rl Inc-1FS-v2 {3 4§ fiEAS Bovt b
Fig.6 Comparison of the number.of selected features for Inc-IFS-v1 and Inc-IFS-v2

Z5AF B ™ %, Inc-IFS-v1 il Inc-1FS-v2 i 45 H#1F 1)
AEOBE %, H Inc-1IFS-v1 #l Inc-1FS-v2 I PEER4EE 1Y
B ZE A K, 75 VOC KL L, 25 £=0.000 5
i, Inc-1FS-v1 BRIk T 7 4N FEAF %8 CLEF Ztdla 46 I,
M £=0.005 B, Inc-IFS-v2 H 4k ik T 1 AN4FAE . X n]
e PR A 33X A% B0 VF 2 REAEAE SR IO T8 M N R
73X 26 /D R AT SR A 20 TR A2 3L

€ 7 9 Inc-1IFS-va MlInc=IFS-v2 ) F, {ii. 7E DD
B 4L L, BE £ <0005 i, Inc-1FS-v1 il Inc-IFS-v2
) F,, {EAE 528 SVM FTKNN _EJdi/h, e A
B3 e 90 PR RRIE N 2, 2 7 — S T4
FRAE , (EA5 0 G B T R, AR LA B B e 19
/P, Inc-IFS-v1 #l Inc-1FS-v2 i F, {8 5 A B 51 1
FH#a %, ZE I, Inc-1FS-v1 Fl Inc-IFS-v2 i 43 25 K5 )i
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P17 Inc-IFS-v1FilInc-1IFS-v2(# F, fii*f Lk
Fig.7 Comparison of F, values for Inc-IFS-v1 and Inc-IFS-v2

B BIE & 1972840, BURPER S .

LA 5~ 7, NI E] LA, B BE e 28/,
Inc-1FS-v1 #l Inc-1FS-v2 11z 17 B [8] B, BV iz 17 i
Vi) P B0 5 5 DB R SRR AR AN B RN 43 A R Bl
B & 2B/ TEA SRR F R EA FTHE
PO SRR A B R ARk

5 S&LER

A T AL ORI R T SR AR
B AR B A e SO, H 0 T T 5 SR 1) SR
FREEERIAY, JF T T — ARG SRR IR S B 51 Inc-
NIFS. #RJ5 51 A EE /Y38 s AL, Bt i 2 F
B Rk 2 F TS 0 e R TR . pr ok, AR T
TR E Ve AL Inc-1FS, LA K 9 o3 R 11 36 A
B8 Inc- IFS-v1 Fl Inc- IFS-v2, B & &% ¥ & F Inc-
NIFS, H. Inc-IFS-v1 BRI i

B T AEAS I I Ah |, 3 A0 55 4 AF S 0 AR EAE 20
BABIIE D o 43203 282 ) i, a] L) BEE 1Y oR m
W2 2R BR T A5 RS G L o g A 3R
W HEAD DL o SRS HE A SRS A X S AT AR
KRR TAE . TER KRBT W5 BB S +
ACFI IR, T 5L o SR AR R B 1 i, 5 A S
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18 D0 T 2 T A 55 SRS | Sl o 3R e LA B Al 3 s ) 446
AL .

%% ik -

[1] PARMEZAN A R S, SOUZA V M A, BATISTA G E.
Towards hierarchical classification of data streams[C]//
Proceedings of the 23rd Iberoamerican Congress on Progress
in Pattern Recognition, Image Analysis, Computer Vision,
and Applications, Madrid, Nov 19-22, 2018::314-322.

[2] SILLA C N, FREITAS A A. A survey of hierarchical classifica-
tion across different application domains[J]. Data Mining
and Knowledge Discovery, 2011, 22: 31-72.

[3] OSMANI-A, HAMIDI"M, ALIZADEH P. Clustering approach
to solve hierarchical classification problem complexity[C]//
Proceedings of the 36th AAAI Conference on Artificial
Intelligence, the 34th Conference on Innovative Applications
of Artificial Intelligence, the 12th Symposium on Educational
Advances in Artificial-Intelligence, Feb 22- Mar 1, 2022:
7904-7912.

[4] BELLMUND J L'S; GARDENFORS P, MOSER E I, et al.
Navigating. cognition: spatial codes for human thinking[J].
Science, 2018, 362(6415): eaat6766.

[5] ARONOV D, NEVERS R, TANK D. Mapping of a non-
spatial dimension by the hippocampal-entorhinal circuit[J].
Nature, 2017, 543: 719-722.



2940 Journal of Frontiers of Computer Science and Technology & B2 5iF&

2023, 17(12)

[6] X3 BH, AROREE, X 54, A5, o B0 40 00 70 J2 R AE e 4%
[9]. #F244R, 2022, 50(11): 2778-2789.

LIU H Y, LIN Y J, LIU J H, et al. Hierarchical feature
selection from coarse to fine[J]. Acta Electronica Sinica,
2022, 50(11): 2778-2789.

[7] ARIRE, B, AT, 45, T TR R PE Y 43 B 4 S 4t
A 5 B R RE ] )24, 2022, 33(7): 2667-2682.
LIN Y J, BAI S X, ZHAO H, et al. A label correlation
based common and specific feature selection for hierar-
chical classification[J]. Journal of Software, 2022, 33(7):
2667-2682.

[8] Ak, Bk F4E, B EE, . KEIRIZIE R e S
Jr k1 ERE: F B R, 2015, 45(11): 1355-1369.
LIANG JY, QIAN Y H, LI DY, et al. Theory and method
of granular computing for big data mining[J]. Scientia
Sinica: Informationis, 2015, 45(11): 1355-1369.

[9] E [ AL, 5T, 4738, &5, kT 2R IR B AETHEIE L
[3]. I HLEAHR, 2022, 45(6): 1161-1175.

WANG G Y, FU S, YANG J, et al. A review of research on
multi- granularity cognition based intelligent computing[J].
Chinese Journal of Computers, 2022, 45(6): 1161-1175.

[10] T [l JaL, F k. 2k BE T S ———Fp B A RE T A
FRBTRE AL [I]. Bdl S5 T A SR R, 2019, 1(6): 75-85.
WANG G Y, YU H. Multi-granularity cognitive computing—a
new model for big data intelligent computing[J]. Frontiers
of Data & Computing, 2019, 1(6): 75-85.

[11] MORSI N N, YAKOUT M M. Axiomatics for fuzzy rough
sets[J]. Fuzzy Sets and Systems, 1998, 100: 327-342.

[12] DUBOIS D, PRADE H. Rough fuzzy sets and fuzzy rough
sets[J]. International Journal of General System, 1990, 17(2/3):
191-209.

[13] JENSEN R, SHEN Q. Fuzzy-rough attribute reduction with
application to web categorization[J]. Fuzzy sets and Systems,
2004, 141(3): 469-485.

[14] WANG C, QI'Y, SHAO M, et al. A fitting model for feature
selection with fuzzy rough sets[J]. IEEE Transactions on
Fuzzy Systems, 2016, 25(4): 741-753.

[15] ROSENBERG A, HIRSCHBERG J. V-measure: a conditional
entropy- based external cluster evaluation measure[C]/
Proceedings of the 2007 Joint Conference on Empirical
Methods in Natural Language Processing and Computational
Natural Language Learning, Prague, Jun 28-30,.2007: 410-
420.

[16] ZHANG X, MEI C, CHEN D, et al. Active incremental
feature selection using a fuzzy-rough-set-based information
entropy[J]. IEEE Transactions on Fuzzy Systems, 2019, 28
(5): 901-915.

[17] JENSEN R, SHEN Q. New approaches to fuzzy- rough

feature selection[J]. IEEE Transactions on Fuzzy Systems,
2008, 17(4): 824-838.

[18] CHEN D, ZHANG L, ZHAO S, et al. A novel algorithm for
finding reducts with fuzzy rough sets[J]. IEEE Transactions
on Fuzzy Systems, 2011, 20(2): 385-389.

[19] YANG Y, CHEN D, WANG H, et al. Incremental perspective
for feature selection based on fuzzy rough sets[J]. IEEE
Transactions on Fuzzy Systems, 2017, 26(3): 1257-1273.

[20] BHATT R B, GOPAL M. On fuzzy-rough sets approach to
feature selection[J]. Pattern Recognition Letters, 2005, 26
(7): 965-975.

[21] HU Q, YU D, XIE Z. Information-preserving hybrid data
reduction based on fuzzy-rough techniques[J]. Pattern Recog-
nition Letters, 2006, 27(5): 414-423.

[22] TSANG E C C, CHEN D, YEUNG D S, et al. Attributes
reduction using fuzzy rough sets[J]. IEEE Transactions on
Fuzzy Systems, 2008, 16(5): 1130-1141.

[23] ZHAO H, WANG P, HU Q, et al. Fuzzy rough set based
feature selection for large- scale hierarchical classification
[J]. IEEE Transactions on Fuzzy Systems, 2019, 27(10):
1891-1903.

[24] ZHAO H, HU Q, ZHU P, et al. A recursive regularization
based feature selection framework for hierarchical classification
[J]. IEEE Transactions on Knowledge and Data Engineering,
2019, 33(7): 2833-2846.

[25] TUO Q, ZHAO H, HU Q. Hierarchical feature selection
with subtree based graph regularization[J]. Knowledge-
Based Systems, 2019, 163: 996-1008.

[26] ZHENG J, LUO C, LI T, et al. A novel hierarchical feature
selection method based on large margin nearest neighbor
learning[J]. Neurocomputing, 2022, 497::1-12.

[27] LIN'Y, LIU H, ZHAO H, et al. Hierarchical feature selection
based on label distribution learning[J]. IEEE Transactions
on Knowledge.and Data Engineering, 2023, 35(6): 5964-
5976.

[28] CHEN H, LI T, RUAN D. Maintenance of approximations
in incomplete ordered decision systems while attribute values
coarsening or refining[J]. Knowledge- Based. Systems, 2012,
31:140-161.

[29] LUO C, LI T, CHEN H, et.al. Fast algorithms for computing
rough approximations‘in set-valued decision systems while
updating criteria‘values[J]. Information Sciences, 2015, 299:
221-242.

[30] LUOQ C, LI-T, CHEN H. Dynamic maintenance of approxima-
tions in set-valued ordered decision systems under the attribute
generalization[J]. Information Sciences, 2014, 257: 210-228.

[31] YANG X, QI Y, YU H, et al. Updating multigranulation
rough approximations with increasing of granular structures



PiEE % HRE RS HEE IR IFEERE

2941

[J]. Knowledge-Based Systems, 2014, 64: 59-69.

[32] LIU D, LI T, ZHANG J. Incremental updating approximations
in probabilistic rough sets under the variation of attributes
[J]. Knowledge-Based Systems, 2015, 73: 81-96.

[33] FAN W, HE C, ZENG A, et al. An incremental approach
based on hierarchical classification in multikernel fuzzy
rough sets under the variation of object set[C]//Proceedings of
the 18th International Conference on Intelligent Computing
Methodologies, Xi’ an, Aug 7- 11, 2022. Cham: Springer
International Publishing, 2022: 3-17.

[34] LUO C, LI T, CHEN H, et al. Incremental rough set approach
for hierarchical multicriteria classification[J]. Information
Sciences, 2018, 429: 72-87.

[35] ZADEH L A. Similarity relations and fuzzy orderings[J].
Information Sciences, 1971, 3(2): 177-200.

[36] CHEN D, HU Q, YANG Y. Parameterized attribute reduction
with Gaussian kernel based fuzzy rough sets[J]. Information
Sciences, 2011, 181(23): 5169-5179.

[37] KOSMOPOULOS A, PARTALAS |, GAUSSIER E, et al.
Evaluation measures for hierarchical classification: a unified
view and novel approaches[J]. Data Mining and Knowledge
Discovery, 2015, 29: 820-865.

[38] AHO A V, HOPCROFT J E, ULLMAN J D. On finding
lowest common ancestors in trees[C]//Proceedings of the
5th Annual ACM Symposium on Theory of Computing,
Apr 30-May 2, 1973: 253-265.

[39] DEKEL O, KESHET J, SINGER Y. Large margin hierarchical
classification[C]//Proceedings of the 21st International Con-
ference on Machine Learning, Banff, Jul 4-8, 2004: 27.

[40] JOACHIMS T. Making large-scale SVM learning practical
[R]. 1998.

[41] GUO G, WANG H, BELL D, et al. KNN model- based

approach in classification[C]//On the Move to Meaningful
Internet Systems 2003: CooplS, DOA, and ODBASE-OTM
Confederated International Conferences, Catania, Nov 3-7,
2003: 986-996.

[42] RIGATTI S J. Random forest[J]. Journal of Insurance Medicine,
2017, 47(1): 31-39.

Pri€ g (1983—), 55, PRV SEZ A, -+, #id%,
CCFZx it , B AT )y [l AL ~4 T A HE
PEE R A

SHE Yanhong, born in 1983, Ph.D., professor,
member of CCF. His research interests include
machine learning, uncertainty data modelling, etc.

oI BN (1998—) , %, [ e 98 PHA, A B 5%
Az, FERGE T M RS 3R 0y A
HUANG Wanli, born in 1998, M.S. candidate.
Her research interests include granular comput-
ing, hierarchical classification, etc.

BRIGE BN (1982—) , Lo, PN N, Tt Rl
B, EEWIFET5 1 A E R R TR
HE Xiaoli, born in 1982, Ph.D., associate pro-
fessor. Her research interests include uncertainty
reasoning, granular computing, etc.

Bl (1985—) , 2, L ZR W N , 1+ R #0482
FEEAE T D5 ) AR RE A A S 0 M A
EIE

QIAN Ting, born in 1985, Ph:D., associate pro-
fessor. Her research interests include rough sets,
concept lattices, uncertainty reasoning, etc.



