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Abstract: To address the limitations of the Chameleon algorithm in terms of parameter sensitivity, noise robustness, and
computational efficiency, this study proposed a statistical-MST integrated hierarchical clustering algorithm (SHCA) based on
the minimum spanning tree and statistical features. The minimum spanning tree was used to construct a sparse graph,
eliminating manual parameter intervention, and the global optimality of the minimum spanning tree was used to avoid false
cross cluster connections. The dynamic statistical merging strategy was designed to filter the noise combined with the local
distance threshold, and the sub clusters were merged iteratively through the inter cluster connectivity test to ensure the intra

cluster compactness and inter cluster separation. Experiment on 20 synthetic datasets and 10 real-world datasets was
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conducted. The result shows that the proposed SHCA algorithm outperforms existing methods in clustering performance; In
cases where performance degradation is observed on certain datasets, the analysis reveals that manifold overlap is the primary
contributing factor. Overall, SHCA significantly enhances clustering accuracy and result stability, providing some reference for

subsequent research on clustering of large-scale and complex manifold data.

Keywords: artificial intelligence theory; clustering; hierarchical clustering algorithm; minimum spanning tree; dynamic sta-

tistical merging strategy
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Fig.1 Clustering process diagram
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Fig. 3 Description of MST topology and edge weight characteristics
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R4 ATHEE
Tab. 4  Synthetic datasets

LEIES FEA B HFRAE L 255 VGRS FEA KL FEAE AL Bl
3MC 300 2 3 Lsun 400 2 3
3-spiral 312 2 3 Shapes 1 000 2 4
Atom 800 2 3 Sizesb 1 000 2 4
Cassini 1 000 2 3 Smilel 1 000 2 4
Complex8 2 551 2 8 Spherical_6_2 300 2 6
Complex9 3031 2 9 Target 770 2 6
Compound 399 2 6 Triangle2 1 000 2 4
Cure-t0-2000n-2D 2 000 2 3 Wingnut 1016 2 2
Dartboard?2 1 000 2 4 Zelnik3 266 2 3
Donut3 999 2 3 Zelnik5 512 2 4
Ho &4 10 992 DA K Pendigits £ 45 4 A5 AFERHEE
PIKA 1558 AFFEAY Internet-ad 2G4 . Tab.5 Real-world datasets
T HEAT X Y B SR AT B 4G il i B 2 B8ORS A B FEA KL B IE B H
[ﬁ] R ﬂ:tz,_( j( % E‘X M ;i:% ﬁ{g ':%s.'f‘ 75‘ J—:t Eﬁ /—\HE:, % /I\ %: ]21_% Breast-cancer-wisconsin 699 9 2
S % Dermatology 366 34 6
N S H
Eﬁﬂi,ﬁ[}é 3& ° Haberman 306 3 2
3.1 AIHEELENIRER Internet-ad 3279 1558 2
£ 20 N TR 45 X R E M Rg i 17 Tris 150 4 3
N - w - Newthyroid 215 5 3
VPR SRR 6 BT OB Femxtm o oo . o
BAEE AR AR R ) . LRRH WDBC 569 30 2
2 ADFEAR 2 AN [] 4 B PF A% SR 28 Bt & . FMIT 3 Wine 178 13 3
N N N — Z 101 16 7
SRR IR TE S S YA £ UTE SN T — -

S UG LR B, BB [0, 1] B50(A 8K R B SRR B s AMT J2 — Bl 3 15 B M PR A O ik 1 T 1
TR LSRR Z IR A G L IUEE B [ — 1, 1. BUE MR R I — Bk s . diak 6 T L
T A SO 31 78 Complex8 . Complex9, Compound % ¥C il 4 1= 32 BUAR A T 4 7F. % F 3-spiral Fil
Atom $¥i 4 . SHCA [ MST (4 Jey i i PE AL 3. 928 T 100 %6 9 B 2585 2 (AMI=1. 0) . ifii Chameleon 5.
VA e JIE I A T L Jed 4 2 R OE W R B AIR . A SHCA FE 91 22 5 B35 19 Sizesd
BARE D AR TSRS X B, FMI Jy 0. 991 5,40 THAXT L& E: . K 4 B ik gs Bk — L i
E 7 SHCA X 254 ™ a5 09 3 I 1
k6 AIHBEEZBHLER

Tab. 6 Result on synthetic datasets

" . AMI FMI

T SHCA  Chameleon CURE BIRCH GBSC SHCA  Chameleon CURE BIRCH GBSC
3MC 1.000 0 0.754 2 1.000 0 0.491 2 0.9619  1.000 0 0.812 9 1.000 0 0.577 4 0.984 7
3-spiral 1.000 0 0.410 7 0. 046 6 0.026 7 0.002 3  1.000 0 0.557 3 0.387 0 0.350 2 0.339 8
Atom 1.000 0 1.000 0 0.306 0 0.288 9 0.000 0  1.000 0 1.000 0 0.658 1 0.653 9 0.706 7
Cassini 1.000 0 1.000 0 0.738 4 1. 000 0 0.670 7  1.000 O 1. 000 0 0.779 0  1.000 0 0.703 0
Complex8 0.944 7 0.742 1 0.701 2 0.580 1 0.7152 0.9271 0.626 1 0.611 6 0.467 6 0.647 8
Complex9 0.968 6 0.783 6 0.671 2 0.706 0 0.746 0 0.946 3 0.589 3 0.472 3 0.541 8 0.5850
Compound 0.804 1 0.742 8 0.736 9 0.720 2 0.4193 0.8304 0.614 6 0.673 7 0.637 6 0.512 7
Cure-t0-2000n-2D 1.000 0 0.590 8 0.626 1 0.498 6  1.000 0 1.000 0 0.698 5 0.773 5 0.6690  1.000 0
Dartboard2 1. 000 0 0.577 6 0.532 8 0.463 5 0.000 0  1.000 O 0.632 5 0.586 1 0.539 2 0.499 2
Donut3 1.000 0 1.000 0 0.291 6 0.000 0 0.9826 1.000 0 1.000 0 0.547 6 0.576 8 0.994 0
Lsun 1.000 0 1. 000 0 1. 000 0 0.7227 1.000 0 1. 000 0 1.000 0  1.000 O 0.719 2  1.000 0
Shapes 1.000 0 0.842 6 1. 000 0 0.9743 1.000 0 1.000 0 0.816 9 1. 000 0 0.9842 1.0000
Sizes5 0.952 3 0.546 8 0.634 3 0.898 0 0.952 5 0.9915 0.655 4 0. 755 4 0.978 1 0.992 6
Smilel 1.000 0 1.000 0 0.590 5 0.766 0 0.9952 1.0000 1.000 0 0.612 4 0.7850 0.997 9
Spherical 6_2 1.000 0 0.648 2 1.000 0 0.613 9 0.8426  1.000 0 0.522 8 1.0000 0.404 6 0.851 3
Target 1.000 0 0.564 4 0.392 8 0.583 5 0.720 2  1.000 O 0.614 4 0.667 0 0.766 9 0.833 2
Triangle2 0.981 5 0.977 7 0.854 8 0.859 9 0.9728 0.9913 0.989 7 0.896 6 0.869 7 0.990 7
Wingnut 1.000 0 1. 000 0 1. 000 0 0.602 6 0.5534  1.000 0 1. 000 0 1. 000 0 0.853 1 0.793 9
Zelnik3 1.000 0 0.686 8 0.519 9 0.666 5 1.000 0 1.000 0 0.690 6 0.609 7 0.6710 1.000 0
Zelnik5 1.000 0 0.592 8 0.668 3 0.589 5 1.0000 1.000 0 0.562 2 0.649 6 0.560 2  1.000 0
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Tab. 7 Results on real-world datasets

LigE S gAY SHCA Chameleon CURE BIRCH GBSC
Breast-cancer-wis- AMI 0.669 8(3) 0.811 4(1) 0.524 1(4) 0.518 2(5) 0.731 6(2)
consin FMI 0.897 3(3) 0.949 9¢1) 0.840 3(4) 0.829 7(5) 0.923 9(2)

AMI 0. 656 7(1) 0.342 2(3) 0.259 4(4) 0.099 0(5) 0. 600 1(2)
Dermatology ~
FMI 0. 642 4(1) 0.352 8(3) 0.306 3(4) 0.230 7(5) 0.536 4(2)
AMI 0.069 3(1) 0.002 0(3) 0.011 3(2) 0.000 2(4) —0.001 7(5)
Haberman
FMI 0.761 6(1) 0.566 8(4) 0.758 6(2) 0.634 6(3) 0.550 2(5)
AMI 0.343 3(1) 0.041 6(4) 0.322 1(3) 0.334 4(2) 0. 005 9(5)
Internet-ad ~
FMI 0. 888 4(1) 0. 856 5(4) 0.882 0(3) 0. 885 6(2) 0.854 2(5)
L AMI 0.828 7(1) 0.803 2(2) 0.709 3(4) 0.701 2(5) 0.710 1(3)
i FMI 0.899 9(1) 0.840 7(2) 0.759 3(4) 0.751 5(5) 0.771 2(3)
) AMI 0. 245 3(4) 0.282 6(3) 0.119 5(5) 0.423 9(2) 0. 446 2(1)
Newthyroid
FMI 0.759 9(3) 0.607 5(5) 0.742 2(4) 0.798 6(2) 0. 809 5(1)
Pendiai AMI 0.542 8(2) 0.581 9(1) 0.463 9(5) 0.526 3(3) 0.496 6(4)
s
cnaigts FMI 0.456 0(2) 0. 441 0(1) 0.382 8(5) 0.407 1(3) 0. 394 4(4)
WDEC AMI 0. 625 0(1) 0.413 5(2) 0.040 2(5) 0.318 0(3) 0.077 9(4)

’ FMI 0.8732(1) 0.717 0(2) 0.725 0(4) 0.739 2(3) 0. 688 9(5)

Wi AMI 0.5697(2) 0.413 8(3) 0.389 4(5) 0.409 9(4) 0.820 1(1)
e FMI 0.700 1(2) 0.576 2(5) 0. 640 9(3) 0.582 1(4) 0.900 4(1)
. AMI 0.757 7(1) 0.665 7(4) 0.747 6(2) 0.706 8(3) 0.551 9(5)
0 FMI 0.718 1(1) 0.592 9(4) 0.7180(2) 0.703 4(3) 0.507 7(5)
AMI ¥ HE4 1.7 2.6 3.9 3.6 3.2
FMI - #) HE 44 1.6 3.1 3.5 3.5 3.3
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Fig. 5 Dataset overlap metrics: CBO value graph
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