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Abstract In the face of the complex and changeable information systems, in the field of machine learning
traditional multi-classification models cannot achieve a dynamic classification process, and it cannot solve some
problems such as disease diagnosis. Because some diagnosis procedures are too expensive, it is necessary to
judge whether the patient is likely to be ill through some preliminary diagnosis, thereby reducing the cost of the
process. Sequential three-way decisions as a multi-granularity classification algorithm, which is used to solve
dynamic classification problems in multi-granularity space. The sequential three-way decision model sorts
attributes by balancing the cost of decision results and decision process, then a multi-level granularity space is
constructed. With the injection of information in turn, objects that meet the conditions are classified at different
granularity levels. It can be said that the sequential three-way decision model solves the problem of excessive
costs for decision process. Therefore, many scholars at home and abroad have optimized the sequential
three-way decision model from perspective of cost-sensitive. However, in some cases, the sequential three-way
decision model in the coarse granularity space is prone to decision conflicts, that is, the same object gets multiple
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different classification results. Therefore, many attributes must be considered in the fine granularity space, which
leads to low classification efficiency. Because of the lack of more information and corresponding strategies, the
sequential three-way decision model is unable to process the final unclassified objects. Therefore, this paper
combines the ideas of ensemble learning and granular computing to propose a multi-granularity ensemble
classification algorithm based on attribute representation. Firstly, constructing a classifier by selecting the
attribute representatives of each granularity layer to form an ensemble classifier based on attribute
representatives. By synthesizing the different opinions of the classifier which is constructed by attribute
representation, the generation of decision conflicts in each granularity layer can be effectively reduced. Secondly,
the classification opinions of classifiers in the coarse granularity space are retained through the scoring table to
reduce the number of attributes that need to be considered in the fine granularity space. The retained score can
make the ensemble classifier which is constructed by attribute representation in the fine granularity space to
avoid more likely errors, thereby obtaining a more confident classification result. Finally, there may still be cases
where some objects are not classified after all the information has been injected, so the "relatively optimal"
strategy is adopted, and the decision class with the least objection rate is used as the final classification result of
unclassified objects. In order to verify the validity of the model in this paper, the 14 UCI data sets and 6 real data
sets which are related to medical diagnosis are used to conduct horizontal and vertical comparison experiments
respectively. Among them, the horizontal comparison experiment includes ten popular multi-classification
algorithms. Through experiments, the proposed method in this paper has better robustness, classification
efficiency and classification performance than the sequential three-way decisions and other machine learning
multi-classification algorithms. Moreover, the multi-granularity ensemble classification algorithm based on
attribute representation has improved significantly in the real data sets of medical diagnosis.
Key words dynamic classification; sequential three-way decisions; ensemble learning; attribute representation;
multi-granularity
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1EH H B ik [l BEPRWS R gt B
X,  -0.5005 1.0 1.0 -0.5005 -0.1698 -1.0 -0.5005 1.0 0.3295
X, 1.0 0.5005 1.0 0.1698  -0.3295 -1.0 1.0 -0.5005  -0.5005
X;  -0.329 1.0 -1.0 -1.0 -0.5005 -0.3295 -1.0 -1.0 -1.0
Xy 0.1698 0.5005 1.0 1.0 -0.3295 -0.1698  0.1698  -0.5005 -0.5005
X5 1.0 0.5005 -0.3295 -0.5005 -1.0 -0.3295  0.3295  -0.5005 -0.5005
Xg 03295 -0.1698 -0.5005 -0.3295 1.0 -1.0 -0.3295 -0.1698 -0.1698
X;  -0.3295 -1.0 0.3295 -0.1698 -1.0 1.0 -1.0 -1.0 -1.0
Xg 1.0 -0.5005 1.0 0.1698  -0.3295 -1.0 1.0 -0.5005  -0.5005
Xy  -0.5005 1.0 1.0 -0.5005 -0.1698 -1.0 -0.5005 1.0 0.3295
X, -0.5005  0.3295 -1.0 -0.5005 -0.1698 -1.0 -0.5005  0.3295 1.0
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9 HEEIMA CW,
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D'|

END IF
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4: Score, (X)+=cw! ;
5

6 IF Pr;}'(xD, IX) <8 THEN
;

Score_, (X)—=cw! ;

8 HHE I W B PE4r 3K Score _T, ;
9: END FOR
10: FOReach D'eD do
11: IF Score,, (x) fc A HME— THEN
12: ¥ x ¥l5r D' 2K
13: END FOR
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4.1 SCEIRE

b 5 6 A ST S 56 i FH ) a0 4R RS2 56 T
e 7, XS SEEe S5 IR PEAT T L 2 A
Lenses. Zoo. Hayes-roth. Lymphography. Tae.
SoyBean(Large). Dermatology. Balance-scale. Audit
Data. Cmc. Car-Evalution. Nursery. Adult JA<3C
SCEG BT B 14 A~ UCH AR e, BAK 6 4K
H S ) UK Biobank FHAS [F]5 ) i 404 i BT
HHak (BEHLIEO o o8 7 it RIS Ie RCR
XFIX 20 A HodE SR BEAT 7O LA HodE Ak B
Hayes-roth H[¥] name J& 14 &M% G oL @ 1,
D] LA A S 56 2 i FASOI PR 4L P . Cme, - Audit
Data, PhishingData, hayes-roth 1 Adult ¥] UCI %k
PEELLK 6 Ak E UKB (1 B SEEd 4 v o 2 A
JEYEELL R, i T — e 1 UL b,



10 it Bl IR

R FH 5 R /ML ot 43 B A B S U S . L 13 Nursery 8 12960 5
SEIGFAEE 9 mac0S10.14.4 241 8 GB RAM, 2.3 14 Adult 14 48882 2
GHz CPU, XUZAbEE#s, LLLAIwmFETE SN Python. #8 UKB ELSLHIEEAfA
UCH B A S FH L S R O R A5 B an =k 7 A o oaset |A [U| |D]

% 8 fTas.
BRI PR B A SCSRIGf# F Y UK Biobank
(fajFx UKB) RJ§-Tff R ID: 51470. #5537 LA
W E 7 MsE Chitps://iwww.ukbiobank.ac.uk/) HiiE
¥ UKB-5 16 2073
UKB %HEE E/”iﬂa ° UKB-6 19 1205

7 U0l RSB 42 SBMERERTLL S 547

D
UKB-1 19 1155 3
UKB-2 18 1509 4
UKB-3 18 702 3
UKB-4 18 839 3

5

3

(o2 BN B G N R

ID Dataset |At| |U | | D| )
1 Conses YRy E— ?ﬂTEﬁiE AR-MGEC 43 2tk fEA LS8
2 Zoo 7 o101 7 5 RN 2R REVERF T =X 2 0 RAE
8 Hayesroth > 23 B — K12 FIPAT I 1] LA R B 24 1 3 S5 1T %2 kappa
4 Lymphography 18 148 4
5 Tae 5 151 3 ﬁj‘%’é*ﬁl‘f %i& fx%ﬁj\** E\ fXJu \%'377@1
6 Soybeen(lage) 35 307 19 S FL A A 8 FBE AT S % L A4 H7 . 3 UC
o e SRR ISR T AU . kappa REL,
8 Balance-scale 4 625 3
9 AuditData 17 76 2 DENERE ., A RIFR, FLER M 9. % 10
10 Phishingdata 9 1353 3 )ﬁﬁﬂ? R
1 Cme 9 1473 3
12 Car-evalution 6 1728 4
=9 UCl BUBRE T ARttt
Dataset P =3Ik Kappa 732 — 51 R 41 Iy IHEE SRR F1{E
S3WD AR-MGEC S3WD AR-MGEC S3WD AR-MGEC S3WD AR-MGEC S3WD AR-MGEC
Lenses 0.9166 0.9583 0.8339 0.9250 0.8500 0.9778 0.9608 0.9444 0.9020 0.9608
Z0o 1.0000  1.0000 1.0000 1.0000  1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Hayes-roth 0.6439  0.7575 0.4637 0.6140  0.6242 0.7085 0.7737 0.8224 0.6909 0.7612
Lymphography ~ 0.7905  0.8446 0.6018 06926  0.7683 0.5543 0.7709 0.6726 0.7696 0.6077
Tae 0.7748  0.8543 0.6615 0.7812  0.8213 0.8538 0.8264 0.8590 0.8239 0.8564

Soybean(Large)  0.9674 0.9609 0.9643 0.9572 0.9829 0.9842 0.9794 0.9879 0.9811 0.9860
Dermatology 0.9699 0.9781 0.9624 0.9726 0.8819 0.9728 0.9387 0.9807 0.9094 0.9767
Balance-scale 0.7328 0.8416 0.5061 0.7062 0.5470 0.6087 0.82638 0.5611 0.6582 0.5839

Audit Data 0.9510 1.0000 0.8966 1.0000 0.9539 1.0000 0.9438 1.0000 0.9488 1.0000
PhishingData 0.8499 0.8536 0.7196 0.7252 0.6351 0.6156 0.8978 0.5673 0.7439 0.5905

Cmc 0.5227 0.5605 0.2675 0.2713 0.5054 0.5161 0.5188 0.5464 0.5120 0.5309
Car-Evalution 0.8310 0.8472 0.5353 0.6672 0.4386 0.4571 0.7013 0.3932 0.5397 0.4227
Nursery 0.8076 0.8588 0.7191 0.7907 0.8845 0.5317 0.9078 0.5192 0.8960 0.5254
Adult 0.8417 0.8246 0.5059 0.5476 0.5597 0.7606 0.4756 0.7916 0.5143 0.7758

®10 ASSHEET oL EIILL

Datast DFAEHE  Kappa ke EUMERK YRR HRA FL
S3WD  AR-MGEC  S3WD  AR-MGEC  S3WD  AR-MGEC S3WD  AR-MGEC  S3WD  AR-MGEC
UKB-1 0.5755 0.5903 0.3496 0.3754 0.5729 0.5924 0.5646 0.5860 0.5687 0.5892
UKB-2 0.4871 0.5149 0.2467 0.2869 0.3980 0.4179 0.3040 0.4011 0.3447 0.4093
UKB-3 0.6199 0.6667 0.1389 0.1592 0.6891 0.7811 0.3992 0.3917 0.5055 0.5218
UKB-4 0.5387 0.6758 0.1578 0.2781 0.4862 0.7880 0.3294 0.4359 0.3928 0.5613
UKB-5 0.7086 0.7660 0.6275 0.7012 0.7629 0.7722 0.7092 0.7516 0.7350 0.7618
UKB-6 0.5029 0.5826 0.1536 0.2887 0.6140 0.6863 0.4126 0.4757 0.4936 0.5619

HER AL AT REARNZREERTR  EREMEACRIR B P F S T m i R
SLAIIHER AN kappa 72K —BUE RAAEZ DR SRR AR, ARG LR P BT =300 REEAAE
EAMLL TG 2R 7 5 =30 %ﬁ&ﬁT— 14 /> UCH ik SR ai RAKRE, X2
SEMI5ETH. JUHAE PhishingData $#iderf, &k TxGEERRE R0 FEMR 17— E iR, JFE



& 4% WA 11

FERI 7 B B UKL E 23 (8] 2 JE 3 AF A — 28R 2% GUoihibE.

43 DEYERLLE 5
DRBBER BB E B bRz —, R 4D FEKZ level-1,level-2,level-3,level-4 T 134
11 BoR T A ZRiE 0 R EVETE 14 A UCH BUE4E A7 IR DS S FERS
F 11 14ANDERET UCI BIRERIITRTE AR B FERT

Dataset S3WD AR-MGEC Dataset S3WD AR-MGEC
level-1 0.0076 0.0077 level-1 0.0327 0.0213
level-2 0.0073 0.0086 level-2 0.0305 0.0100
lenses level-3 0.0137 0 Z00 level-3 0.0256 0.0087
level-4 0.0221 0 level-4 0.0086 0
KBRS 0.0509 0.0164 JFERT 0.0975 0.0401
level-1 0.0090 0.0213 level-1 0.0314 0.0221
level-2 0.0266 0.0158 level-2 0.0108 0.0124
Hayes-roth level-3 0.0247 0 Lymphography level-3 0.0035 0
level-4 0.0914 0 level-4 0.0060 0
psyEaing 0.1519 0.0372 KBRS 0.0518 0.0346
level-1 0.0576 0.1393 level-1 1.2980 0.1197
level-2 0.0416 0.0041 level-2 0.0502 0.0650
Tae level-3 0.0208 0 Soybean(Large)  level-3  0.0072 0.0451
level-4 0.0367 0 level-4 0.0086 0.0252
Jsyzaing 0.1568 0.1434 SFERT 1.3641 0.2251
level-1 0.5536 0.0383 level-1 0.0122 0.0342
level-2 0.1584 0.0347 level-2 0.0209 0.0090
Dermatology level-3 0.0053 0.0366 Balance-scale level-3 0.0338 0
level-4 0.0071 0.0225 level-4 0.0404 0
Jsyzaing 0.7246 0.1323 SFERT 0.1074 0.0433
level-1 1.0322 0.9319 level-1 0.0493 0.0303
level-2 0.0445 0 level-2 0.0661 0
Audit Data level-3 0.0141 0 PhishingData level-3 0.0114 0
level-4 0.0047 0 level-4 0.0025 0
SURERT 1.0957 0.9319 SRS 0.0694 0.0303
level-1 0.0292 0.0633 level-1 0.0180 0.0352
level-2 0.0678 0.0161 level-2 0.0364 0.0225
Cmc level-3 0.0460 0.0231 Car-evalution level-3 0.1328 0.0114
level-4 0.0289 0.0137 level-4 0.6657 0
Jsyzaing 0.1720 0.1163 SFERT 0.8531 0.0691
level-1 0.0899 0.1982 level-1 3.9504 0.3393
level-2 1.1740 0.1064 level-2 8.6991 0.2775
Nursery level-3 6.4487 0.0757 adult level-3 21222 0.3127
level-4 16.004 0 level-4 2.2129 0.1872
SR FER 23.716 0.3803 )syzaing 16.984 1.1168
12 6P ERET UKB BURERMITRIE LR B FERT
Dataset S3WD AR-MGEC Dataset S3WD AR-MGEC
level-1 0.1305 0.0197 level-1 0.3241 0.0202
level-2 0.1654 0.3115 level-2 0.0758 0.1313
UKB-1 level-3 0.2002 0.0621 UKB-2 level-3 0.0039 0.0932
level-4 0.0487 0.0569 level-4 0.0046 0.0248
Jsyzaing 0.5448 0.4502 SFERT 0.4084 0.2695
level-1 0.1019 0.1019 level-1 0.0866 0.1254
level-2 0.0111 0.0379 level-2 0.0263 0.0668
UKB-3 level-3 0.0036 0.0209 UKB-4 level-3 0.0038 0.0233
level-4 0.0041 0.0568 level-4 0.0048 0.0511
SR FER 0.1207 0.2175 JAFER 0.1215 0.2666
level-1 0.2684 2.1861 level-1 0.1142 0.1164
level-2 2.043 0.1733 level-2 0.1642 0.0760
UKB-5 level-3 0.2017 0.1093 UKB-6 level-3 0.1146 0.0603
level-4 0.0047 0.0637 level-4 0.0051 0.0275
SFERT 2.5178 2.5324 JSFERT 0.3981 0.2802

& 12 W15, BEEEEENSMSEERRE  RERZ ISR, AU 7RI R
M, AR-MGEC LT S3WD el SEARIICS UL & R, iskb 1S5 R o0 DB RIIE D> 1 SR
PATRCRE . AR-MGEC RAIRE E—h R 508 IRAQUCEL. DI, s BB VER S 1 Bt 56T
FIPPor AR B 1, I HALBARZHREEAR KA AR-MGEC Sk 3 bl HA 2.

£ 13 14 UCI BIBET AR-MGEC BARYIRFA L=
Dataset IR B Kappa — &M% S FNEE S RARER F1-Score SRR




12 it &Nl
Lenses 45.5% 10.9% 15.0% -1.7% 6.5% 67.7%
Z00 0.0% 0.0% 0.0% 0.0% 0.0% 58.9%
Hayes-roth 17.6% 32.4% 13.5% 6.2% 10.1% 75.5%
Lymphography 6.8% 15.1% -27.8% -12.7% -21.0% 33.3%
Tae 4.0% 6.8% 3.9% 3.9% 3.9% 8.5%
Soybean(Large) -0.6% -0.7% 0.1% 0.8% 0.5% 81.3%
Dermatology 0.8% 1.06% 10.3% 4.4% 7.4% 81.7%
Balance-scale 14.8% 39.5% -32.1% -32.1% -11.2% 59.7%
Audit Data 5.1% 11.5% 4.8% 5.9% 5.3% 14.9%
PhishingData 0.4% 0.8% -3.0% -36.8% -20.6% 56.3%
Cmc 7.2% 1.4% 2.1% 5.3% 3.6% 32.3%
Car-evalution 1.9% 24.6% 4.2% -43.9% -21.6% 91.9%
Nursery 6.3% 10.0% -39.8% -42.8% -41.3% 98.4%
Adult -2.0% 8.2% 35.8% 66.4% 50.8% 93.4%
RE2kSis 7.7% 11.5% -0.9% -5.4% -1.9% 61.0%
F+ 14 6 NESIHIEEE UKB T AR-MGEC ESEHUIEFHEL
Dataset SR IERR Kappa — £tk R R AEE F1-Score JEEI)
UKB-1 2.6% 7.4% 3.4% 3.8% 3.6% 16.1%
UKB-2 5.7% 16.3% 5.0% 31.9% 18.7% 28.5%
UKB-3 7.5% 14.6% 13.4% -1.9% 3.2% -64.8%
UKB-4 25.4% 76.2% 62.1% 32.3% 42.9% 6.1%
UKB-5 8.1% 11.7% 1.2% 6.0% 3.6% -16.9%
UKB-6 15.8% 88.0% 11.8% 15.3% 13.8% 25.2%
PRI 10.6% 24.8% 14.6% 11.9% 12.0% 8.6%

N7 HEIFHLAA T AR-MGEC ik AH L T S3WD
TEARRIEHUT 0 FPERERI A FER 3R T, A
Wit E 13, % 14 1K 2. K 3 K ER AR-MGEC
SHELE 14 A UCH bRl 48 DL 2 6 /> LS a 4
UKB 7R IEfi#% ., Kappa 72— 3k 280, M
DRKEE FEM KA R, W FL E DAY
SFERT PRI 2R

Lymphography

-40.00% -20.00% 0.00% 20.00% 40.00% 60.00% 80.00% 100.00%

u ZHEN W F1-Score M X BEIR m 7} EKREE W Kappa—Eit m MK EHRE

B2 144 UCH bRl T BFe Tt
Py

Ukb-6

ukb-5

ukb-4

ukb-3

Ukb-2

‘11!1' ["'I”'

ukb-1

-70.00% -50.00% -30.00% -10.00% 10.00% 30.00% 50.00% 70.00% 90.00%

W GUEERT M F1-Score W 32541 [H]5 m 4R 49K 1Y W Kappa—ECiE B MRS

B3 6ANESZ UKB HdheE T iR T
M 13, £ 14 FE 2. B 3 FAaLEH, &
CEH R AR-MGEC B34 018 & 78 UCH bR EZ i 42

IR RAEEST B R UKB AR TS £ kL
JE 532515 SBWD, TE4r S IEHH %Al Kappa /32—
B REGEAE DR T, 1R H A RIE
JERIFETE, IF HECSCEAR AR T2 RN %
MR EIR DL FEM FL A —E T, H
W, UCH ARAEEs 45 R 20 R IR S 32 T L 25
N-0.6%~45.5%, T4 7.7%; Kappa 7r2K—8E
ZH 2 T B 8 ] N -0.7%~39.5%, A
11.5%; 3 RRCR IR TR VEE Y 8.5%~98.4%,
PN 61%. FSZ UKB $E4E T, ACHIEN Y
FRIER R8Ty 10.6%, Kappa —EPE
KABIRTIELHI N 24.8%, 4> 20 FE IR T L 451
N 14.6%, FEM KA BIRETEEI N 11.9%, 7
W F1-Scorel fI$EFELHBIN 12.0%, SFERTIFETF
Eef5ll 8.6%. UCH brfEZdse T, 7EALRE 3 4 Hdfs
&K BRI £ 11 Car-evalution. Nursery #l
Adult $¥E4ERT, AR-MGEC HIELERIIE /> 51 fE 1
TR E OB = T 73 2R, JEHZAE Nursery
AR, pRBFRE TiInAM, AREESS
B oy A B S3WD M FERT I 1.6%. 56 bikn]
73, AR-MGEC SALRIE T 43 21 RESE T [
KRS T 2R REIER BB, KA
FEH I AR-MGEC 59 5 s & b B 1 s = 0
PNIER-R iR =T
4.4 FESIREE D MRS

AR-MGEC P73 R B 2 fa MR B2 R
PERFR I 73 2 WAE VR R A B ARLZ, 40k
FE R B Ja AR R 7R B2 18 40 2 5 LT AN H
M Z AT B @ AR AT 7328, IXFEA AT LR =



TE#F 455 WICEH 13

BT F AN IR, RS IRE A 2K [ M B Hayes-roth 0.7575 0.7575 0.6140 0.6140
. AN o X Lymphography ~ 0.8446 0.8446 0.6926 0.6926
NTBUEZ T ER A R, KA H Tae 0.8543 0.8543 07812 07812

AR-MGEC HHZE 14 /4~ UCI HE4E Fit4T 7148 Soybean(Large)  0.7524 0.9609 0.7268 0.9572

PPA3 FUASER BE VE 20 P AR 5 1R I Beaas:,  HLseat &5 Dermatology  0.9344 09781 0.9168 0.9726

. Balance-scale 0.8416 0.8416 0.7062 0.7062

Rk 15 fror. Audit Data 1.0000 1.0000 1.0000 1.0000
MFE 15 nfULEH, EHS0HIEELE L, R PhishingData ~ 0.8536 0.8536 0.7252 0.7252

I\ AEL BT o7 ML B9ty 4N S M B A Cmc 0.5247 0.5605 0.2532 0.2713

o3 R B A Hﬁ?rwﬁﬁﬁ I {% LIRS @iﬁbﬁ e Car-Evalution 08472 0.8472 0.6672 0.6672

I, WA AR R R R R AR, Nursery 0.6625 0.8588 0.4958 0.7907

Adult 0.8246 0.8246 0.5476 0.5476

tH, Lenses, Zoo, Soybean(Large), Nursery Z£%4f
NI R TR, R ML L 2% B R 1Y
I3 W BRI R 3 X ORI 7E 2, AR
B R SR BV 2 KK FRAR 1 B8 4ok B 25 ] T 1 43 2
MERE . DRI, TR PP 3 DR BR VR L B 2 1) 7R 1
JE AR I 23 2 i L AR B B Ak P 2 W) gk AT 2%
X HEAN ALY b B 43 28 ) R A R

x15 WO REBREIFH T EMREXTLL

4.5 FEEIXTELSLIE 4

NT PR A A SRR A R, B
IS LABMLER 2 ) 0 2 0 R EEMIL . A
T, R RISHE S T R ERZ 0 Ik
(NB. KNN. LR. RF. DT. SVM. GBDT) 7
14 A~ UCH FrifE i 52 DA & 6 /1~ UKB HL sS4 4,
BEAT T B0 B SRR . R TR 16-35 43l JE 7R T UCH

Datacet FEH Kappa /% 8(M: 25 BHm e A B SRR AR 1) 7y R EE R .
N T NN s
Lenses 0.7500 0.9583 0.5789 0.9250
Zoo 0.8713 1.0000 0.8206 1.0000
F 16 UC| #iBEE-Lenses RIXTEL 4R

f8k%  AR-MGEC NB KNN LR RF DT SVM  GBDT

iR ES 0.9583 0.7500 07500 0.7500 0.8750 0.8750 0.7500  0.8750

Kappa 0.9250 0.0000 0.3846 02381 0.7419 0.6190 0.0000  0.6190

il 0.9778 0.2500 04444 02857 0.8333 06190 0.2500  0.6190

FEIDES 0.9444 0.3333  0.6111 03333 09444 0.6667 0.3333  0.6667

F1 0.9608 0.2857 05146 03077 0.8854 06420 0.2857  0.6420

i ] 0.0164 0.0143 01026 00172 00452 00065 0.0063 0.3673

F 17 UCI BUIEEE-Zoo BIXTEL 94

6k AR-MGEC NB KNN LR RF DT SVM  GBDT

iR ES 1.0000 0.9032 009355 09355 0.9355 0.9032 0.9032 0.9677

Kappa 1.0000 0.8731 09164 009153 009168 08731 08748 0.9578

it 1.0000 0.6735 0.8571 009524 08333 06735 0.8095 0.7143

FEIEES 1.0000 0.6429 0.7857 009167 0.8095 06429 0.7571  0.7143

F1 1.0000 0.6578 0.8199 009342 08213 06578 07825 0.7143

I ] 0.0401 0.0149 01214 00313 0.0461 0.0087 0.0148 0.8885

18 UCI ##EEE-Hayes roth HIXTEL 5347

18k AR-MGEC NB KNN LR RF DT SVM  GBDT

R ES 0.6439 0.7576 05250 06250 05250 0.8750 0.8000  0.8250

Kappa 0.4637 0.6140 02423 03782 02445 08022 06844  0.7197

FEEE 0.6242 0.7085 0.6794 07432 05556 0.9037 0.8471  0.8584

FEImE 0.7737 0.8224 05280 05619 05423 09037 0.8444  0.8556

F1 0.6910 0.7612 05942 0.6400 0.5489 0.9037 0.8458  0.8570

I} je] 0.1519 0.0372 00118 01045 00154 00460 0.0067  0.0085

<19 UCI ¥#EEELymphography BIXTEL 434

fekr  AR-MGEC NB KNN LR RF DT SVM  GBDT

i ES 0.8446 0.7556 0.7556 0.7778 07333 07333  0.8000  0.8222

Kappa 0.6926 05152 05190 05706 05055 05187 0.6033  0.6515

bi1 0.5543 0.5020 0.5020 0.8472 0.3930 0.4900 0.5324  0.5474

% 0.6726 05111 05139 0.8472 03750 0.6104 05417 05611

F1 0.6077 05065 05079 0.8472 03838 05436 05370 0.5542

i} 1A 0.0346 0.0179 01218 0.0383 0.0505 0.0094 0.0135 0.5864

% 20

UCI BiEE-Tae FIXTEL 4R
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¥6F%  AR-MGEC NB KNN LR RF DT SVM  GBDT
R0k 0.8543 0.3913 05000 0.5435 0.5870 05435 0.3913 0.7174
Kappa 0.7812 0.1099 0.2622 0.3273 0.3648 0.3055 0.1481  0.5534
R 0.8538 0.3275 05116 05535 0.5824 05353 0.2778  0.7372
HlE % 0.8590 0.4191 05224 05797 05827 05415 04602 0.6727
F1 0.8564 0.3677 05169 05663 0.5826 05384  0.3464  0.7035
I ] 0.1435 0.0109 0.1098 0.0396 0.0456  0.0098 0.0129  0.4271
21 UCI HHEE-Soybean HIFTEL 5347
fetr  AR-MGEC NB KNN LR RF DT SVM  GBDT
NRTES 0.9609 0.8226  0.8548 0.9355 0.7903 0.8065 0.8548  0.8710
Kappa 0.9572 0.8048 0.8381 0.9282 0.7666 0.7840 0.8371  0.8565
T 0.9842 0.9081 0.8568 0.9804 0.8099 0.8162 0.8309  0.9112
BER 0.9879 0.9237 0.8629 09786 0.8080 0.8737 0.8551  0.9178
F1 0.9860 0.9158 0.8598  0.9795 0.8090 0.8440 0.8428  0.9145
i 1] 0.2551 0.0124 01185 0.0789 0.0556 0.0097 0.0652  3.4412
F+ 22 UCI #iREEDermatology BIXTEL 4R
¥6F:  AR-MGEC NB KNN LR RF DT SVM  GBDT
NRTES 0.9781 0.8727 009818 0.9727 09118 09386 09818 0.9545
Kappa 0.9726 0.8350 09763 0.9644 0.8851 0.9204 0.9763  0.9409
kR 0.9728 0.8239 09778 09688 0.8897 09386 0.9778  0.9565
Al 0.9807 0.8380 09815 0.9722 0.8808 0.9425 0.9815  0.9639
F1 0.9767 0.8309 09796 0.9705 0.8851 0.9405 0.9796  0.9602
i i 0.1323 0.0068 0.0173 0.0411  0.0113 0.0079 0.0258  0.9799
= 23 UCI #¥BE-Balance scale BUXTEE 4
fstr  AR-MGEC NB KNN LR RF DT SVM  GBDT
NIRGES 0.8416 0.8840 0.8320 0.8920 0.7476  0.7580  0.9000  0.8320
Kappa 0.7062 0.7841 006984 0.8030 0.5675 05930 0.8149 0.7019
K 0.6088 0.5937 0.6090 0.7952 05787 0.6046 0.7720  0.5969
R 0.5611 0.6359 0.6142 0.7040 05607 05779 0.6630  0.5988
F1 0.5840 0.6141 06116 07469 05695 05910 0.7133  0.5978
i ] 0.0433 0.0102 0.0221 0.0261 0.0135 0.0128 0.0294 0.4334
24 UCI FIEE-Audit BIXTEE 4R
fatr  AR-MGEC NB KNN LR RF DT SVM  GBDT
N ES 1.0000 0.9957 0.8798 0.9871 0.9906 1.0000 0.7253  1.0000
Kappa 1.0000 0.9908 07561 0.9726  0.9797 1.0000 0.4074  1.0000
i1id 1.0000 0.9966 0.8737 0.9831  0.9901 1.0000 0.7047  1.0000
BE 1.0000 0.9942 0.8999 0.9898 0.9899  1.0000 0.7027  1.0000
F1 1.0000 0.9954 0.8866 0.9865 0.9900 1.0000 0.7037  1.0000
i} i) 0.0438 0.0066 0.0223  0.0289 0.0120 0.0074 0.0578  0.1448
#z 25 UC|I #IEE-PhishingData BUXTEE 5347
¥&F%  AR-MGEC NB KNN LR RF DT SVM  GBDT
% 0.8537 0.8251 0.8596 0.8522 0.8456 0.8693 0.8842  0.9113
Kappa 0.7253 0.6812 07466 07261 0.7252 0.7662  0.7862  0.8419
flica 0.6157 0.6926 0.8251 0.7161 0.7869  0.8547  0.8405  0.8949
BER 0.5674 0.6478 07485 0.6429 0.7761 0.8289  0.6914  0.8612
F1 0.5905 0.6695 07849 0.6775 0.7812 0.8416 0.7587  0.8777
i i 0.0304 0.0077 0.0304 0.0169 0.0126 0.0084  0.1427  0.6988
26 UCI EIEEE-Cmec BOFTEL 734
fstr  AR-MGEC NB KNN LR RF DT SVM  GBDT
NRES 0.5587 0.4729 05136 04977 0.4702 0.4992 04819  0.5407
Kappa 0.2997 0.2255 02453 0.2128 0.1861 0.2304 0.1688  0.2935
K 0.5162 0.4898 04987 05030 0.4552 0.4854 03213  0.5290
A= 0.5465 0.4995 04928 04755 0.4546 0.4861 0.4266  0.5248
F1 0.5309 0.4946  0.4957 04889  0.4549 0.4858 0.3665  0.5269
i i 0.1164 0.0067 0.0271 0.0480 0.0117 0.0094 0.3365 0.6617
27 UCI #IEE—Car evalution BUXTEL 94
¥&Fr  AR-MGEC NB KNN LR RF DT SVM  GBDT
% 0.8472 0.6977 07801 0.6833 0.7650 0.9356 0.7419  0.9487
Kappa 0.6672 0.0095 04569 01261 05042 0.8625 0.2384 0.8885
KGR 0.4571 0.3246 07131  0.3428 04892 08126 05754  0.8760
BER 0.3932 0.2518 0.4790 0.3284 0.5349 0.8367 0.3845 0.8539
F1 0.4227 0.2836 05731 0.3354 05110 0.8245 0.4609  0.8648
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isf ] 0.0692 0.0158 0.1587 0.0652 0.0497 0.0106 0.0612 0.6333
%= 28 UCI HIEENursery FIXTEE 554
ebr AR-MGEC NB KNN LR RF DT SVM GBDT
NRGES 0.8650 0.6358 0.9396 0.7577 0.8897 0.9906 0.9398 0.9988
Kappa 0.7999 0.5279 0.9109 0.6409 0.8381 0.9862 0.9108 0.9983
b 0.5317 0.5352 0.7485 0.4878 0.6611 0.7874 0.7645 0.9991
YNl B 0.5192 0.5781 0.6686 0.4683 0.6609 0.7832 0.5900 0.9864
F1 0.5254 0.5558 0.7063 0.4779 0.6610 0.7853 0.6660 0.9927
5[] 0.3804 0.0191 0.2927 0.1917 0.0226 0.0198 4.8455 5.7159
329 UCI HIBE-Audit BIXTEE S5 47
febr AR-MGEC NB KNN LR RF DT SVM GBDT
% 0.8246 0.7624 0.8054 0.7587 0.8070 0.8150 0.7624 0.8310
Kappa 0.5476 0.0000 0.4412 0.0064 0.4376 0.4583 0.0000 0.4862
i 0.7606 0.3812 0.7309 0.5391 0.7336 0.7465 0.3812 0.7783
Hn|Z 0.7917 0.5000 0.7120 0.5021 0.7073 0.7160 0.5000 0.7207
F1 0.7759 0.4326 0.7213 0.5200 0.7202 0.7309 0.4326 0.7484
i} 18] 1.1169 0.0354 1.0972 0.2226 0.0488 0.0645 208.5963 3.1166
< 30 ELHURSE-UKB1 BIXTEE o4
abr AR-MGEC NB KNN LR RF DT SVM GBDT
N 0.5903 0.4186 0.3876  0.5426  0.4349  0.4291 0.4031 0.5581
Kappa 0.3754 0.0204 0.0675 0.3104 0.1435 0.1456 0.1223 0.3289
¥R 0.5924 0.5831 0.3773 0.5444 0.4324 0.4247 0.1354 0.5598
A a1 % 0.5860 0.3450 0.3799 0.5526 0.4390 0.4528 0.3270 0.5642
F1 0.5892 0.4335 0.3786 0.5485 0.4357 0.4383 0.1915 0.5620
isf [] 0.4325 0.0091 0.0219 0.0555 0.0149 0.0156 0.4900 0.7912
31 ELHUESE-UKB2 BTt o4
Fekr AR-MGEC NB KNN LR RF DT SVM GBDT
nR7iE 0.5149 0.0728 0.3907 0.4901 0.4053 0.4038 0.4702 0.4868
Kappa 0.2869 0.0095 0.1122 0.2545 0.1352 0.1375 0.2250 0.2472
s 0.4179 0.3230 0.3446 0.3810 0.3536 0.3335 0.4082 0.3664
FENE 0.4011 0.2739 0.3233 0.3886 0.3342 0.3363 0.3720 0.3825
F1 0.4093 0.2964 0.3336 0.3847 0.3420 0.3349 0.3893 0.3743
i [] 0.2459 0.0119 0.0355 0.0637 0.0171 0.0133 0.5503 1.0980
< 32 EHIESE-UKB3 BXTEE o #
fetr AR-MGEC NB KNN LR RF DT SVM GBDT
NRjES 0.6667 0.5975 0.5409 0.6164 0.4686 0.4355 0.6387 0.5588
Kappa 0.1592 0.0090 0.0280 0.0425 0.0216  0.0333 0.0086 0.0417
KB 0.7811 0.2715 0.2951 0.3125 0.3159 0.3048 0.3799 0.3071
H [a] 0.3917 0.3298 0.3293 0.3449 03196 0.3010 0.3364 0.3424
F1 0.5218 0.2978 0.3113 0.3279 0.3177 0.3029 0.3569 0.3238
it ] 0.2160 0.0115 0.0251 0.0499 0.0151 0.0118 0.1352 0.6526
< 33 ELHUESE-UKB4 BIXTEE 4
febr AR-MGEC NB KNN LR RF DT SVM GBDT
Rk 0.6758 0.4167 05060 0.6012 0.4842 0.4801 0.5952 0.5908
KAPPA 0.2781 0.0150 0.0051 0.1632 0.0068 0.0179 0.0186 0.1702
it 0.7880 0.1431 0.3276  0.4032 0.3371 0.3348 0.3663 0.3951
FlCIES 0.4359 0.3196 0.3325 0.3867 0.3434 0.3234 0.3390 0.3855
F1 0.5613 0.1977 0.3300 0.3948 0.3398 0.3290 0.3521 0.3902
s} 1] 0.2954 0.0101 0.0227 0.0490 0.0148 0.0122 0.1421 0.5566
<34 ESLHUESE-UKBS BIXTEE 4R
fetr AR-MGEC NB KNN LR RF DT SVM GBDT
NRES 0.7660 0.1923 0.3365 0.3365 0.3082 0.3337 0.2212 0.4519
Kappa 0.7012 0.0530 0.1587 0.1519 0.1294  0.1592 0.0082 0.3054
R 0.7722 0.3787 0.3135 0.2508 0.3082 0.3396 0.0907 0.4396
PENE] S 0.7516 0.2494 0.3102 0.3042 0.3025 0.3242 0.2061 0.4273
F1 0.7618 0.3008 0.3119 0.2749 0.3052 0.3317 0.1260 0.4334
i} 1] 0.2988 0.0072 0.0187 0.1081 0.0162 0.0205 1.7021 3.1913
3= 35 ESLHIEE-UKBS BIXTEL 24
et AR-MGEC NB KNN LR RF DT SVM GBDT
NIRES 0.5826 0.3651 0.3693 0.4896 0.3983 0.3786 0.4523 0.4425
Kappa 0.2887 0.0261 0.0193 0.1506 0.0636 0.0494 0.1047 0.1003
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biiis 0.6863 0.2639  0.3397
FENEIR S 0.4757 0.3546  0.3459
F1 0.5619 0.3026  0.3428
i () 0.2836 0.0129  0.0415

0.6604 0.3755 0.3672 0.3155 0.3852
0.4115 03756  0.3706 0.3869 0.3875
0.5071  0.3755  0.3689 0.3476 0.3863
0.0572  0.0155  0.0132 0.3381 0.6887

MEL F A [ B SR B Ed: o] LAE e, 7E UCH #r
HEHARE A B, S5O0~ ALK AR-MGEC H.92:
W RAANHEI RIS, I B AR RIE SR AT I 7]
PRIFLE RIS VE TR AT 7K fE o T 7 B S B 7 40
UKB L, ASCHEHISEIERIIE T RIFHI 251 EE,
DA S AU (RARAT 205, mT DA SO R B &5 ] 2R 5
EARLEL, R SERITHR AR b, A —E N E.
Rk, Ak LLE AR-MGEC B 8IH £ 1% 035
) AL, DA — AN B I a5 B 2R (X A B 5
[ERMED el

R EFTR, AR-MGEC HiEiEid 776 NI
1) SR s i B0 — B2 1Y) J8 MR SR IR U SR i R
P, FERIAR B VP R I AR A T 1 K 4y
SN, DAE R R e . PO R RAUR .
AR-MGEC Fykilid 255 J& AR 1K 7 2R Wk
DGR E PR LIS B Pod s Sk, JFE
ARG PR 2 B8 7 58 R PR Ar 36, SRR
PRI SRNE , R R 2 AR 3 0 R o B e ds A ] e
M. B2, ASUHRE—EfREE Ligs 17 250
FERENEER . S, 7 RIEHZE. Kappa
—EE RS, FEAE SRS NI T E R
HEZ, F1-Score fA, AT FANE 432K [l i
Y3 A

5 58

KA T WD 2R oy R EE AR Z
RFEPPR A=A, $ i 73 AU DA S S0 fpe 28k
IR RIAREE, 25 G 4 A ST RRLT B JELAR,
P — AN A BT B AR SR I 2 ok R A R o 2K
Bk HEET LR AR R AR AR 73 2K =
DL, $E v 43 2 gt IR IE % DL S il oy SR 2R
IR o 20 S2IG 36 4F , AR-MGEC B3%AH T S3WD
SR INE R T M. BdRER. B
Z HIgW 2 MR RE M K5 TERKRIIEA
TAEAF, FRATK 3 — 5 Xz AL 47 52 38 UL K dh
J7o AR EA SR MR T R ERER M 2R
B BB R HE B 2 R Ay REETE W R YT 12
W7 2 A S o 1] R R B B A R
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Background

Multi-classification has always been a common problem
in real life. When dealing with multi-classification problems,
researchers often simplify them into simple problems and then
solve them. Now, mainstream multi-classification models are
all handled according to this idea. Ensemble learning is a
mainstream machine learning method, in the field of
multi-classification, it is also a good method to improve
classification performance. The multi-classifier system is the
product of ensemble learning applied to multi-classification
problems. As an important branch of the hybrid system, it aims
to solve complex real-life multi-classification problems, such
as medical diagnosis, email filtering, sentiment analysis, face
recognition, etc. The multi-classifier system uses the training
set to train each classification learner, and then integrates the
classification results of the trained classifiers through voting
and other integration methods to obtain a better result than a
single classifier.

Granular computing, as an artificial intelligence algorithm
that conforms to human cognitive thinking, is usually used for
processing and analysis of complex problems. Different levels
of granularity layers form a multi-layered granularity structure,
and each granularity layer is composed of a group of particles
with similar information granules. The multi-level granularity
structure will form a multi-level decision process, and its
combination with the three-way decisions constitutes a
sequential three-way decision of asymptotic calculation.
Sequential three-way decision is a multi-granularity
classification algorithm, which realizes the dynamic decision
process from coarse granules space to fine granules space
asymptotically, and can effectively deal with complex
multi-classification problems. However, when dealing with
multi-classification problems, the sequential three-way decision
model is prone to decision conflicts in the coarse granules

space; the classification efficiency of the model is not high in

the fine granules space; and it lacks a good strategy to deal with
the final unclassified objects. This paper combines the ideas of
ensemble learning and granular computing, and proposes a new
multi-granularity ensemble classification algorithm based on
attribute representation.

Compared with the classic multi-granularity classification
algorithm, this algorithm has better classification performance
and efficiency, especially in the face of data sets with a large
amount of data and more attribute values. Under the coarse
granules space, the model selects the attribute representation in
the current granularity layer to construct an ensemble classifier
through corresponding strategies, and reduces the generation of
decision conflicts in the granularity layer by synthesizing the
classification opinions of the attribute representation. Under the
fine granules space, the model retains the classification
opinions of the attribute by scoring, so as to improve the
classification efficiency and performance in this granularity
level. For the final unclassified object, the relatively optimal
classification result is selected through the scoring table.
Therefore, the model proposed in this article can solve the
problem that other algorithms cannot be completely classified
and cannot be correctly classified without sufficient
information. It is especially suitable for use in medical
prediction and other similar fields, because all the indicators in
medical diagnosis cannot be obtained in the first time.
Prioritizing selection of several attributes means that patients
will be tested, and through further diagnosis, corresponding
tests will be carried out. This paper is supported by the National
Key Research and Development Program (No.2020YFC20035
02), the National Natural Science Foundation of China (No.61
876201), and the Chongging Natural Science Foundation
(No.cstc2019jcyj-cxttX0002) .



