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A classifier model based on the fast granular hypercube generation algorithm

HE Yi' , SHAO Yabin'** , FENG Hui' , GUO Ruilian'
(1. School of Mathematics and Statistics, Chongqing University of Posts and Telecommunications, Chongqing 400065, China;
2. Key Laboratory of Cyberspace Big Data Intelligent Security, Ministry of Education, Chongging 400065, China)

Abstract: To address the problem of radius sensitivity in granular ball based spatial partitioning, which results in coverage gaps or
region overlaps, an information granulation method is proposed based on n-dimensional hypercubes. The traditional constraint of
spherical structures is overcome by introducing a novel n-dimensional hypercube geometric model, which establishes a theoretical
framework for spatial partitioning without coverage gaps or overlapping regions. A fast granular hypercube generation ( FGHG )
algorithm is proposed, which utilizes a dimension-adaptive partitioning mechanism to enable efficient spatial division. Compared
with traditional granular ball generation algorithms, FGHG algorithm demonstrates significant advantages in computational efficiency.
A fast granular hypercube classifier (FGHC) is designed. To validate the effectiveness of the proposed algorithm, a systematic
evaluation is conducted on 13 real-world datasets from the repository, where FGHC algorithm achieving improvements in both
classification accuracy and F1 score. The granular hypercube computing paradigm established in this study provides a novel
theoretical framework for tackling complex spatial partitioning problems in data analysis.
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Fig.1 Schematic of the granular ball generated on the Fourclass dataset
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(5) (X)W RHEGE I k DA S PR 2 iR 280K
(6) End For

(7) R X BIPRSE 1(X) .

TEFR 2 AT IR SR I AT —A B AR o AR GRAE rh AT & D BRI T 28
BRI PR FEAS RO, b ke BROA B MRS SRR . 5k 2 E e ARKIR TR O i 115
FRINAEA S BT AT N SRR Z [ B RS, I DRt aR (] B B /N ke ASER S s BEJS SETTIX & A48 ) FLSEAR %5
U A 1 BUR e R AR BV A O TINS5 2R e S ) B REAT S8 A R 7 B SV TR A 25 1
SCRERS JRFRAEAS I3 B B B Dt S g X e 7 SR DR INARE |, B B AR 2 — BRI P

3 SLI& R KA

i T 99k FGHG 575 5 FGHC 1Y & , 5555 43 501 I RL 5 A BUBSCR AN 3 2 PE R TIT | 15 BUA B kE
BRITE X AT, Akl T ol B R R AR i R v 0 B S, AR [ S BE A X L SE 5 DABRIEAS [R]
(A 21 B ) A RO RS RN A M RE I 2R, AR SRR 13 A TFEIESETPAL AN EE F i SRR
A T 0] LSV 55 3 s i 5 /A B 46 | 49110 Wisconsin diagnostic breast cancer( WDBC) #(#li4E 5 Credit (3
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4, White blood cell (WBC) £l HH T 7N OGS 5 ik PRELHE SCHE , Credit %&TE%FH?EFHHWWE

Py LR fE S — E’J%ﬁLIE/J.L$ET$29A$SCE?&%/£TE;@ifa H S P R, B AR £ B
F1 PR, ARICEEE . WK 16GB DRAM Al Intel (R) , AbFH2: hy Core (TM) i5-6500,, %3@5@@?7@
W EHRLE Python 3.11.7 H i ] PyCharm 2024.1 JF & 355, B4 52560 — ik .

£ BHREGER
Table 1 Informations of data set
FUEITES FEA KR /A RO/ A EUEITES AR/ A FHIERCE /A
Cancer 683 9 Sensorreadings 5456 24
Fourclass 862 2 WBC 683 9
Heart1 294 13 Wine2 178 13
Iris 150 4 Zoo 101 16
Letter 20 000 16 Credit 690 16
PenDigits 10992 16 WDBC 569 31
Phoneme 5404 5
31 EENRETLE

i T BiE FGHG 59k i Az BUAICR Rkt B A 8, 536 T k-division 9 GBG ik | JEF F SR 4K & 1 Jm
FALH O R B RLER A B (Tocal optima ridge exploration granular ball generation, LOREGBG) Bk X b, H
PEAG AR USR5 R AT S AR 4 0.95.0.97 ,0.99 X4 N EUH 4 |, MK UGB 47 54 W A A BB, 10 S 15 B
RLAR A S TR] RIS | #E AR ) 40 B 55 A0 [R) 50 30 23 2% 44 1 58 vt B DR IE AT Lo Pk

2 R T {5 BRI BRI L, FGHG £ A 8 8s 5 A5 BORLAL R (B d5e /b Bl ol B 4 5, 15 Bk
FRR B [RI3E 0, 1 FGHG 553k B G IRAE R 2 808 4 1 fe/IN, H BT 0 SL 48 Bk R e 7 i 8 s 4 T 26 1A 3%
Kigk, Hirh 78 Heartl 20384 Wine2 3024 5 Phoneme 544 I, LOREGBG %5 1: 2 K 77 £ A A0RLER ; 78
Zoo ¥HR4E I ,GBG BIEAR A ARORIIK 328 i PR I B AR T o 2 B BRI A A A H) Rk
Y S KR B A B A i ORI R AR AR R, (EAR DG W2, 7E PenDigits FUHE4E (210E 4 0.99) I, FGHG
LR R BRI BT ] R 3.127 s, 1 GBG H3A {5 EURLAL BB [H] 2 33.994 s LOREGBG #7515 EURLAK 1 B
[ 24 6 975.449 s, B} [E] 4351 T BE 2 90.8% 55 99.96% ; 7F Letter 44454 (4l %4 0.99) I, FGHG k15 B Rtk
fIRSHTE] A 274,651 s, I GBG 8. ¥ 5 BB AL (B[R] 54 2 115.656 s, LOREGBG - ¥ {5 BORL AL /Y B |) Ky
10 784.122 s, 539 N %4 87.0% 5 97.5% . FGHG -7 (1) A= i BEAS AT 16 A R 28 (A k-division ) G744
A SRAP R 5 AR AR 5 4R T R PR PR e AR AR | 22008 A5 EORLAL Ay e ] B 2

2 OR[FISEEE AS[RPRAE AR B B B DX L
Table 2 Generation time of information-granule algorithms with varying purity thresholds A s
. 4R 0.95 4 0.97 4l 0.99
S GBG LOREGBG FGHG GBG LOREGBG FGHG GBG LOREGBG FGHG
Cancer 41.444 332.615 2.361 40.247 332.364 4.253 40.696 468.553 4.812
fourclass 32.630 41.956 0.122 30.348 42.933 0.176 34.605 47.529 0.162
heart1 136.915 13.779 138.106 15.050 140.612 14.004
iris 12.755 62.006 0.040 12.877 61.993 0.042 13.340 62.239 0.042
letter 2145.351 10626.833 188.203 2074.111 10637.291 228.887 2115.656 10784.122 274.651
PenDigits 34360 6931.383 0.168 17.418  6945.261 1.494 33.994  6975.449 3.127
phoneme 1.004.450 29.548 1 003.600 32.928 1006.484 36.480
sensorReadings 1050.699  1761.909 9.764 1105.144 1817.984 10.483  1042.081 1895.127  12.592
WBC 39.483 325.994 2.277 38.205 325.102 3.654 38.826 325.584 5.210
wine2 14.048 1.178 9.823 1.301 13.813 1.344
700 24.458 3.453 24.312 3.863 24.667 3.979
credit 308.788 398.747 11.868 299.858 398.966 12.378 316.275 401.384  13.680
WDBC 71.804 154.798 0.179 59.033 160.238 0.175 80.637 166.284 0.245
Rlin| 408 1878 20 402 1886 24 406 1923 28
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Table 3 Comparison of the number of information granules generated at various purity thresholds in different algorithms

. A 0.95 AR 0.97 2N 0.99

HRR GBG LOREGBG FGHG GBG LOREGBG FGHG GBG LOREGBG FGHG
Cancer 52 58 10 47 58 10 52 61 19
Fourclass 43 38 40 38 43 46
Heartl1 178 28 20 177 31 20 178 34 20
Iris 19 29 9 18 29 9 19 36 9
Letter 2721 3768 416 2583 3777 416 2721 416 477
PenDigits 45 554 26 22 558 26 45 26 46
Phoneme 1307 315 1242 315 1307 1333 361
Sensorreadings 1 600 781 109 1586 816 109 1 600 109 139
WBC 52 58 10 48 58 10 52 10 19
Wine2 19 7 13 7 19 13
Zoo 21 21 3 3 3
Credit 384 129 27 383 129 40 383 132 46
WDBC 94 84 13 73 88 13 69 96 19
32 HEBEE

Skt FGHC BYPEREHEAT 2 TIITAL , A 0% ) GBKNN .GBKNN++ LOREGBKNN %3 2 KNN .SVM .
FNZE DU 1T (naive bayes, NB) PLKNN 4r 28 #87 fE X%}t 5%, B F FGHC, GBKNN , GBKNN ++ fil
LOREGBKNN A #R L e 4l 5, 43 3 UK 4 FhRTEAS [R) 458 1 40 SRS, B ) B A T 4 B8 1 14 35 43

FRIE S 4 PR T bl aesr ) A R e EL

IR 4—7 W ZERTT W, FGHC 78 2 HC8 s 4 LRI B 1 3 NG BE . 7F Wine2 $i#i8 48 I+, FGHC
532545 8 100% , 7F PenDigits B4 I, 70 ZKE 0 0.998 6, 44l )4 0.99 i, FGHC 7F Iris 44 A
100% M43 25K 5 . AL Z T, GBKNN 4551 LOREGBKNN 8 vE 75 [RlFE BT 4518 T |, 20 28005 BE AT s A A
JE BIUNAE Heart] B4 [, GBKNN F1 LOREGBKNN 5.1 143 2845 B 4351~ 0.566 4 Fi1 0.666 7, i FGHC
M HEHRERE N 0.694 9,

Fd UL 0.95 W ANIE] 32 & 0 53 R RE UL
Table 4 Accuracy comparison of different classifiers with the value of purity 0.95

LUEITES GBKNN GBKNN++ LOREGBKNN FGHC
Cancer 0.922 0.909 0.897 0.971
Fourclass 0.987 1.000 0.994 0.994
Heartl 0.566 0.690 0.667 0.695
Iris 0.912 0.929 0.924 1.000
Letter 0.966 0.949 0.975 0.968
PenDigits 0.989 0.998 0.986 0.999
Phoneme 0.873 0.837 0.891 0.883
Sensorreadings 0.873 0.829 0.887 0.908
WBC 0.922 0.909 0.964 0.971
Wine2 0.955 1.000 0.944 1.000
Zoo 0.800 0.762
Credit 0.646 0.652 0.725 0.797
WDBC 0.898 0.964 0.965 0.974
TH I 0.876 0.882 0.902 0.917
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Table 5 Accuracy comparison of different classifiers with the value of purity 0.97
HAmsE GBKNN GBKNN++ LOREGBKNN FGHC
Cancer 0.922 0.932 0.897 0.971
Fourclass 0.987 0.988 0.994 0.994
Heartl 0.566 0.690 0.667 0.695
Iris 0.912 0.929 0.924 1.000
Letter 0.966 0.949 0.975 0.968
PenDigits 0.989 0.996 0.986 0.999
Phoneme 0.873 0.843 0.891 0.883
Sensorreadings 0.873 0.828 0.887 0.908
WBC 0.922 0.932 0.964 0.971
Wine2 0.955 0.944 0.944 1.000
Zoo 0.762 0.762
Credit 0.646 0.551 0.725 0.797
WDBC 0.898 0.929 0.970 0.974
RRe S 0.876 0.867 0.902 0.917
K6 HUEN 0.99 B AR 73 AAR ) 73 ST LA
Table 6 Accuracy comparison of different classifiers with the value of purity 0.99
AEITE S GBKNN GBKNN++ LOREGBKNN FGHC
Cancer 0.922 0.932 0.897 0.971
Fourclass 0.987 0.988 0.994 0.994
Heart1 0.566 0.633 0.667 0.695
Iris 0.912 0.933 0.924 1.000
Letter 0.966 0.941 0.975 0.968
PenDigits 0.989 0.997 0.986 0.999
Phoneme 0.873 0.856 0.891 0.883
Sensorreadings 0.873 0.846 0.887 0.908
WBC 0.922 0.911 0.964 0.971
Wine2 0.955 0.944 0.944 1.000
Zoo 0.762 0.762
Credit 0.642 0.551 0.754 0.797
WDBC 0.905 0.946 0.970 0.974
I I 0.876 0.865 0.904 0.917
KT OAFEEHEEA R LB 7RG X T
Table 7 Comparison of classification accuracy of different algorithms on different datasets
HAEE KNN SVM NB GBKNN LOREGBKNN PLKNN  GBKNN++ FGHC
Cancer 0.963 0.964 0.956 0.911 0.915 0.949 0.924 0.966
Fourclass 0.998 0.757 0.746 0.992 0.994 0.837 0.992 0.994
Heart1 0.722 0.746 0.797 0.566 0.667 0.576 0.671 0.695
Iris 0.947 0.933 0.867 0.915 0.945 0.967 0.930 1.000
Letter 0.975 0.729 0.736 0.969 0.975 0.731 0.946 0.970
PenDigits 0.999 0.990 0.975 0.993 0.989 0.961 0.997 0.999
Phoneme 0.875 0.759 0.744 0.879 0.905 0.803 0.845 0.883
Sensorreadings 0.857 0.720 0.511 0.874 0.891 0.752 0.834 0.907
WBC 0.966 0.964 0.956 0.911 0.961 0.964 0.917 0.966
Wine2 0.969 0.972 0.944 0.955 0.962 0.944 0.963 1.000
Zoo 0.800 0.850 0.700 0.850 0.775 0.762
Credit 0.830 0.841 0.768 0.645 0.734 0.826 0.585 0.797
WDBC 0.968 0.974 0.904 0.900 0.968 0.904 0.946 0.974
FE IS 0.913 0.861 0.816 0.876 0.909 0.851 0.871 0.916
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Table 8 F1 score comparison of different classifiers with the value of purity 0.95

i GBKNN GBKNN++ LOREGBKNN FGHC
Cancer 0.921 0.909 0.905 0.971
Fourclass 0.986 1.000 0.988 0.994
Heart1 0.541 0.676 0.667 0.663
Letter 0.966 0.949 0.965 0.968
PenDigits 0.969 0.998 0.981 0.999
Phoneme 0.848 0.792 0.878 0.879
WBC 0.921 0.909 0.964 0.971
Wine2 0.950 1.000 0.944 1.000
Zoo 0.762 0.721
Credit 0.638 0.369 0.729 0.797
WDBC 0.889 0.961 0.965 0.974
FEE 0.863 0.848 0.899 0.903

KO YA 0.97 I AR[F I RARE F1 MO L

Table 9 F1 score comparison of different classifiers with the value of purity 0.97

B GBKNN GBKNN++ LOREGBKNN FGHC
Cancer 0.907 0.931 0.914 0.963
Fourclass 0.992 0.987 0.994 0.994
Heart1 0.541 0.676 0.658 0.663
Letter 0.969 0.949 0.976 0.970
PenDigits 0.986 0.990 0.991 0.999
Phoneme 0.856 0.806 0.896 0.879
WBC 0.907 0.931 0.954 0.963
Wine2 0.950 0.943 0.953 1.000
Z0o 0.800 0.721
Credit 0.638 0.313 0.727 0.797
WDBC 0.907 0.922 0.933 0.974
FHIE 0.865 0.841 0.900 0.902

10 M4l 0.99 B R SZEEE F1 0806 1

Table 10 F1 score comparison of different classifiers with the value of purity 0.99

€S GBKNN GBKNN++ LOREGBKNN FGHC
Cancer 0.900 0.931 0.904 0.963
Fourclass 0.993 0.987 0.994 0.994
Heartl 0.541 0.597 0.678 0.663
Letter 0.972 0.941 0.985 0.972
PenDigits 0.990 0.993 0.991 1.000

Phoneme 0.859 0.824 0.871 0.879
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BiEge GBKNN GBKNN++ LOREGBKNN FGHC
WBC 0.900 0.911 0.960 0.963
Wine2 0.950 0.940 0.970 1.000
Zoo 0.762 0.721
Credit 0.633 0.313 0.768 0.797
WDBC 0.894 0.943 0.973 0.974
FHIE 0.863 0.831 0.909 0.902

T AFEEGEE AR F1 B0

Table 11 Comparison of F1 score of different algorithms on different datasets

P IS KNN SVM NB GBKNN LOREGBKNN PLKNN  GBKNN++ FGHC
Cancer 0.963 0.975 0.969 0.910 0.908 0.944 0.924 0.966
Fourclass 0.994 0.604 0.621 0.990 0.992 0.824 0.991 0.994
Heart1 0.716 0.571 0.700 0.541 0.667 0.366 0.649 0.663
Letter 0.975 0.739 0.757 0.969 0.976 0.720 0.946 0.970
PenDigits 0.999 0.995 0.986 0.982 0.988 0.907 0.993 0.999
Phoneme 0.874 0.575 0.617 0.854 0.882 0.769 0.807 0.879
WBC 0.966 0.975 0.969 0.910 0.959 0.959 0.917 0.966
Wine2 0.969 0.960 0.917 0.950 0.956 0.944 0.961 1.000
Zoo 0.800 0.769 0.625 0.850 0.775 0.721
Credit 0.830 0.849 0.814 0.637 0.741 0.797 0.331 0.797
WDBC 0.968 0.981 0.933 0.897 0.957 0.899 0.942 0.974
SEHME 0.914 0.818 0.810 0.864 0.903 0.816 0.840 0.902

L5 LTIk ,FGHC RIEAE /0 JERGE R F1 23 %0 J7 TR -5 BUAT e TREBRAY 73 28 2 A0 L HA W] A%
ST 51 D e kRS (14 20 2R I T 2 AP S B ) g

4 Hik

AT T n 4B KT R IE BRI . RO T Bl 5 A IR 45 48 70 b st Fd A v
ANFER HIBERLIR 2 AR B 5 B R R b e b i 31X —BCE AR THEDRE T A2 LA AT S, 3 o
BATRRATENE R AT SE P A SOOI PUERR 7 73 e . 5S040 AR, FGHC A2 5 a4
B B O AR TR RSO SR A TR T AT, X — BRI B R A R AR B
TR (645 FGHC 7E 52 brn P RERS SRR 1Y . SCUR A5 SRR, FGHC 1£ 7 M5 B R ] 204 05 1
WAL THETRIERAY 0268 . A8 FGHC 7173 205 JE AR 07 T R L & (EAT R AF A — B8R 24k,
n AEFS o R S L AU B R S — SN E AT R, AR ARG AT LS B T ANl A R T
A R AR, AR IR X AR AR i, AN SCOR LR 7 A2 B FEASHEZR R B S AT B B R 7 7
JRB|HE Z AL I GAL B JEYEZ TR RIS U, s DR R N TSR T T Y Al e
P, TR A AR S0 ) Bk — 2 A Rkt S B O WS 07 1]

S0k

[1] YAO Jingtao, ATHANASIOS V, WITOLD P. Granular computing: perspectives and challenges[ J]. IEEE Transactions on
Cybernetics, 2013, 43(6) :1977-1989.

[2] EERL, skige 0125, RO HAmr e esik [ T]. BHER LA, 2007,2(6) :8-26.
WANG Guoyin, ZHANG Qinghua, HU Jun. An overview of granular computing [ J]. CAAI Transactions on Intelligent
Systems, 2007, 2(6) :8-26.

[3] skiffe, E5°% B, BIRMEOR AR 2R THAMELR[T]. hEB 5 B R ,2025,55(5) < 1122-1139.
ZHANG Qinghua, WANG Yutai, ZHAO Fan. Multi-granularity computing framework for complex problem solving [ J].



78 R R % M (B % R 561 &

[4]

[5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

(17]

[18]

[19]

[20]

[21]

(22]

(23]

[24]

[25]

Scientia Sinica Informations, 2025, 55(5) :1122-1139.
ZADEH L A. Toward a theory of fuzzy information granulation and its centrality in human reasoning and fuzzy logic[ J]. Fuzzy
Sets and Systems, 1997, 90(2) . 111-127.
SARKAR M. Fuzzy-rough nearest neighbor algorithms in classification[ J]. Fuzzy Sets and Systems, 2007, 158(19) :2134-
2152.
XIA Shuyin, ZHENG Shaoyuan, WANG Guoyin, et al. Granular ball sampling for noisy label classification or imbalanced
classification[ J]. IEEE Transactions on Neural Networks and Learning Systems, 2021, 34(4) :2144-2155.
QUADIR A, TANVEER M. Granular ball twin support vector machine with pinball loss function[ J]. IEEE Transactions on
Computational Social Systems, 2024 . 1-10.
SAJID M, QUADIR A, TANVEER M, et al. GB-RVFL; fusion of randomized neural network and granular ball computing
[J]. Pattern Recognition, 2025, 159;111142.
AR B, AR SA B S TORIER T 2R BE SRR B I A RA [T ] IR R A2 (HE2A R0 ,2025,60(7) < 1-12.
HUA Youlin, SHAO Yabin, ZHU Xueqin. Multi-granularity support vector regression algorithm based on granular ball
computing[ J]. Journal of Shandong University ( Natural Science) , 2025, 60(7) :1-12.
FEAESE, D1, 0. GBDEN : — R TORLER A USRI R SR 7 6 [T ] HHEEALRL 2024 ,51(12) :166-173.
XUE Renxuan, YI Shichao, WANG Pingxin. GBDEN: a fast clustering algorithm for large-scale data based on granular ball
[J]. Computer Science, 2024, 51(12) ;:166-173.
PENG Xiaoli, WANG Ping, XIA Shuyin, et al. VPGB a granular-ball based model for attribute reduction and classification
with label noise[ J]. Information Sciences, 2022, 611.:504-521.
CHENG Dongdong, LI Ya, XIA Shuyin, et al. a fast granular-ball-based density peaks clustering algorithm for large-scale
data[ J]. IEEE Transactions on Neural Networks and Learning Systems, 2024, 35(12) :17202-17215.
GILET C, BARBOSA S, FILLATRE L. Discrete box-constrained minimax classifier for uncertain and imbalanced class
proportions[ J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2022, 44(6) :2923-2937.
WU Chengying, ZHANG Qinghua, YIN Longjun, et al. Data-driven interval granulation approach based on uncertainty
principle for efficient classification[ J]. IEEE Transactions on Fuzzy Systems, 2023, 32(1) :12-26.
XIA Shuyin, LIU Yunsheng, DING Xin, et al. Granular ball computing classifiers for efficient, scalable and robust learning
[ J]. Information Sciences, 2019, 483.136-152.
XIA Shuyin, DAI Xiaochuan, WANG Guoyin, et al. An efficient and adaptive granular-ball generation method in
classification problem[ J|. IEEE Transactions on Neural Networks and Learning Systems, 2022, 35(4) :5319-5331.
CHENG Dongdong, ZHANG Cheng, LI Ya, et al. GB-DBSCAN; a fast granular-ball based dbscan clustering algorithm[J].
Information Sciences, 2024, 674.120731.
SHAO Yabin, HUA Youlin, GONG Zengtai, et al. CON-MGSVM: controllable multi-granularity support vector algorithm
for classification and regression[ J]. Information Fusion, 2025,117.:102867.
XIE Qin, ZHANG Qinghua, XIA Shuyin, et al. GBG++: a fast and stable granular ball generation method for classification
[J]. IEEE Transactions on Emerging Topics in Computational Intelligence, 2024, 8(2) :2022-2036.
JODAS D, PASSOS L, ADEEL A, et al. PL-KNN. a python-based implementation of a parameterless K-nearest neighbors
classifier[ J]. Software Impacts, 2023, 15:100459.
LI Chen, SHAO Yabin, XIA Shuyin, et al. An adaptive granular ball classifier based on natural neighbor[ C] // Proceedings
of the 2023 8th International Conference on Mathematics and Artificial Intelligence. New York: ACM, 2023.47-52.
XIA Shuyin, LIAN Xiaoyu, WANG Guoyin, et al. GBSVM; an efficient and robust support vector machine framework via
granular-ball computing[ J]. IEEE Transactions on Neural Networks and Learning Systems, 2024, 36(5) :9253-9267.
XIE Jiang, XIANG Xuexin, XIA Shuyin, et al. MGNR: a multi-granularity neighbor relationship and its application in KNN
classification and clustering methods[ J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2024, 46(12)
7956-7972.
GANAIE M, VRUSHANK A, ANOUCK G. Granular ball K-class twin support vector classifier[ J]. Pattern Recognition,
2025, 116:111636.
AR, SRR WRE W], A5 RS R I AL RAR T [T ] INACR 2224l (B2 R ,2026,61(5) :102-113.
(%% . TR )



