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Abstract

The traditional DBSCAN algorithm, when processing data, often faces decision risks by forcing cer-
tain uncertain data points into a specific cluster. A three-way DBSCAN algorithm based on shadowed
sets and Shared Nearest Neighbor is proposed to address this issue. This algorithm utilizes the
three-way decision-making approach to classify core points into the core region. For non-core points,
the theory of shadow sets is introduced to calculate the membership degree of the samples, catego-
rizing them into either the core region or boundary region. The Shared Nearest Neighbor algorithm
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is then applied to further refine the classification of samples within the boundary region, thereby
enhancing the accuracy and robustness of clustering. Applied in text analysis, experimental com-
parative analysis has verified that this algorithm demonstrates better performance and improves
the accuracy of text clustering.
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Figure 1. Shadow set structure
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=1 BURE
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1 Flame 2 2 240
2 Aggregation 7 2 788
3 Square 4 2 1000
4 R15 15 2 600
5 Cure 3 2 2000
6 Iris 3 4 150
7 Wine 3 13 178
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8 Seeds 3 7 197
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4.2. ¥ iERR
4.2.1. EERAEMIERR

1) A R B(ARD & — P TR0 2845 R AR v R e br . HBUMEVERIZE[-1, 1]z 18, Hrf1
TR B RBE R, MREHT 1 £ BRI .

- SCHESG

283 HEC =) )

Hrp, n FoRBEEETREALE, n BORELREN o HIRRER N b, MIFEASL.
2) AR ELAE B (NMI) S 2 5 SRR RN L SR AR R L O AN PN F b . HLBUE TS FEIAELO, 1]
8], fEM RN L, RIS -

®)

2x1(U,V)

©)

Horp, 1(UV) REELER U MIE SRS V 2R EAR, H(U)ZREER UM, H(V)2HESEr
2V .

3) HEMHE(ACC)F] A & S SR A R A e . FLUEVE IO, 1] 08, 1 RoRIERERE KR
S B AEE TRRRUR T

k
acc=1yc, (10)
nia

Horr, n RRBARE TSR, CFRRFIR I GHINFE BN ZAEL Kk FREHENAHL.

4.2.2. ZXBRITMiBER

FH B SR R bR VR VAl AR I A O A P 2 TR R O 2R, T = 3 SR A A BB 120 5 LA B i
FEFRMHEASHERAGENTEA BERH . WA T =R IR b7 v .

SN FEAR S Maji Z5£[27]F 2007 R, HARE SCA:

k
y=23lct| 1)
n =1
Sob, 0 RTREUR IR A RS K R AL,

RO R T, AR R B OR AT
H AP R Zhang £5[28]T 2019 EfRH, A FUE -

COFA C, ML B A R,y 2R BT 57

DOI: 10.12677/hjdm.2025.152012 143 B 540


https://doi.org/10.12677/hjdm.2025.152012

H

A‘\R‘E’\; Iaﬁﬁ

it

¢

H,
RIS -

=X RAELL

4.3.

1 k

a:Ez

*_
@ ==

j=1

|

>lcy]
j=1
> (et ]+[cl)

CY| %6 C, WARBIR RAH, o Fla 5 BIRRHTA

[C7]+[cl

(12)

(13)

SRR T Yo R AV o o, LR o

A /N8 ] 3W-DBSCAN 50 5 A SCir# H i) SS3W-DBSCAN HiEsT 10 4N B £ #ET = X 58

&K, Hrb, EANTHESE NS HRENE 2 Pox,

s
K3k

ST R BN 1) = SR BEE TP B RPN 1S 0 ke 3 Fome
3~7 4 SS3W-DBSCAN 5% 3W-DBSCAN HETE N THIFEF M RBLE R, WNEHTTLUEH,
£j 3W-DBSCAN 454 ML, SS3W-DBSCAN Hykift — Bl fb i it stk 4y, W8/b T REATE 1 S X 35
(it FEAY S, fECR BSOS S R, A sk e o B AR A5 B 2K
I 3 HEn AN, SS3W-DBSCAN FLVELE TR AIAZ O sUHII S s BT INHERA, 0145 2R 45 SRS ks
B, R A AL P S [R] 22 S B O B AR AR SR B 2, A R D TR AR RUPE R A X3 i A
PR T A MR sem, BB T /E = SCRIME S P IR I

Table 2. Parameter settings for synthetic datasets
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(a) 3W-DBSCAN (b) SS3W-DBSCAN
Figure 3. Clustering results of flame
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Figure 7. Clustering results of cure
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Table 3. Three-way clustering evaluation results

F 3 ZXBIFNER

4 a a
HHER 3W- SS3W- 3W- SS3W- 3W- SS3W-
DBSCAN DBSCAN DBSCAN DBSCAN DBSCAN DBSCAN
Flame 0.550 0.829 0.522 0.794 0.522 0.809
Aggregation 0.473 0.722 0.331 0.693 0.473 0.722
Square 0.530 0.796 0.526 0.764 0.526 0.764
R15 0.672 1.000 0.672 1.000 0.672 1.000
Cure 0.598 0.728 0.832 0.886 0.598 0.728
Iris 0.540 0.860 0.526 0.854 0.523 0.854
Wine 0.500 0.854 0.351 0.795 0.489 0.792
Seeds 0.519 0.857 0.494 0.799 0.495 0.800
Ecoli 0.476 0.878 0.388 0.883 0.476 0.878
Heart 0.535 0.772 0.504 0.695 0.513 0.696

4.4, TARTERSL

AR T THUCNews (4 4EF1 SogouCS £i#ii4E, THUCNews HIiE A K5 H ARG 5 AL S2 50 = 1R
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BHESEZ NN, BT @R, 2F . R 788 5 20, 1210 ek, H, 1T, @R 245
b, BRI 240 0. KT UARYERE W TEAE Bk 4 PR,
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FDBSCAN #i%[29]. KANN-DBSCAN #%[18]. 3W-DBSCAN 5L [10] 1A #2 Hi ) SS3W-DBSCAN
Fk. SEIRYRA BERT MALBHAT SO EAL, (TH 220 B gmbd 2 b T 4, seiond fee e —3, (OR
KA

SEIG AN 5~7 Fn, SS3W-DBSCAN #32:7E THUCNews 1 SogouCS #idi 85 I i) & 45 br 318
Fxfbes ik, H ACC 5452 ik 5] 0.898 1 0.901, NMI F1 ARI #&b5t 5 2327+ # 4 4t DBSCAN %
7%, ACC fEH520 3R TH T 16.9%#1 14.1%, AHLL 3W-DBSCAN 53, tHH BZERT, I 7 Hmr Rk
KR . TCWe RTER/NE R THUCNews HiiE 4814 /& 7E RO MU 1) SogouCS %idli4E I, SS3W-DBSCAN
BRI T B v RE
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Table 5. ACC comparison on text datasets
5. AKIEE LAY ACC XitL

etk
Model THUCNews SogouCS
ACC ACC
DBSCAN 0.729 0.675
FDBSCAN 0.809 0.777
KANN-DBSCAN 0.822 0.821
3W-DBSCAN 0.871 0.881
SS3W-DBSCAN 0.898 0.901
Table 6. NMI comparison on text datasets
6. MAKIEE LAY NMI 39EE
Hi sk
Model THUCNews SogouCS
NMI NMI
DBSCAN 0.719 0.707
FDBSCAN 0.800 0.778
KANN-DBSCAN 0.809 0.785
3W-DBSCAN 0.816 0.828
SS3W-DBSCAN 0.842 0.848
Table 7. ARI comparison on text datasets
=7 MXAEIRE LR ARI XYEE
EVE/RE S
Model THUCNews SogouCS
ARI ARI
DBSCAN 0.655 0.652
FDBSCAN 0.728 0.703
KANN-DBSCAN 0.747 0.727
3W-DBSCAN 0.781 0.798
SS3W-DBSCAN 0.839 0.803

5. 45RiE
A R T B SR I L =2 B AT =% DBSCAN 2B K 15:(SS3W-DBSCAN), A 3k T 155
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DBSCAN 7 &b FH SCAS K I A7 1E (R RBDR 120 SRAS B o M 1) ol 51 NI e AR B0, 3k G 1 ANl i 11
T AR RS S R AR FIE MG A, DA T IR SRSy, BT T SUARER I
HER PRI B e . SRI0 & R B, SS3W-DBSCAN 7EA R SCAK 4 - R B T4 4t DBSCAN 5i%.
Fe R R U] LA R — D AR T AR, PR E AR, DU T b N5 2 N 5

EHEWH

W JR VT 2 W — - B e A A 85 9% R s 100 H (1504120015); WA RN K & HEHLARFE 515 8T

T2 2Bt 808 0% U0 H (IKYJIGY202205)
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