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Hybrid neighborhood graph-based hierarchical clustering algorithm for
datasets with complex structures

CHEN Zhongshang, FENG Ji, YANG Degang, CAI Fapeng
(College of Computer and Information Science, Chongqing Normal University, Chongqing 401331, China)

Abstract: Complex structured datasets typically refer to datasets containing clusters of different shapes (including
spherical, non-spherical, and manifold shapes), sizes, and densities. The natural neighbor algorithm exhibits limitations
in handling datasets with unclear boundaries and varying densities. Particularly, its performance decreases significantly
when the dataset contains a significant amount of noise. To address this drawback, we propose a hybrid neighborhood
graph-based hierarchical clustering algorithm for datasets with complex structures (HCHNG). We proposed a method of
shared natural neighborhood graph, which uses the neighbor relationships to sparse the dataset and reduce the impact of
abnormal samples on clustering results. Subsequently, the algorithm divides the dataset into several subgraphs and en-
hances the processability of variable density data by merging operations. Concurrently, we propose a new method for
defining subgraph similarity, which ensures higher similarity between subgraphs of the same class. Additionally, we im-
prove the performance of the natural neighborhood graph in identifying datasets with blurred boundaries. The experi-
mental results reveal that the HCHNG algorithms can recognize variable density spherical datasets and complex data-
sets containing a large amount of noise. Therefore, our algorithm is more effective than the existing methods in pro-
cessing datasets with complex structures.

Keywords: cluster analysis; hybrid neighborhood graph; shared natural neighbors; improved natural neighborhood

graph; shared natural neighborhood graph; subgraph similarity; complex dataset; data mining
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Fig.1 Comparison of original natural neighborhood
graphs and improved natural neighborhood graphs
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Fig.2 Results of two neighborhood graphs on the Path
dataset
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Fig. 3 Clustering results of HCHNG algorithm and SNNDPC algorithm on Path, Agg, Jain and Dd2 datasets
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(a) HCHNG: Atom (b) HCHNG: Chainlink (c) HCHNG: T2

(e) SNNDPC: Atom (f) SNNDPC: Chainlink (g) SNNDPC: T2 (h) SNNDPC: T4
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Fig. 4 Clustering results of HCHNG algorithm and SNNDPC algorithm on Atom, Chainlink, T2 and T4 datasets
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Table 1 Comparison of seven algorithms on synthetic datasets

b€ S PN FE bR DPC GBDPC LCCV K-means NDP-Kmeans SNNDPC HCHNG

AMI 0.504 0.493 0.470 0.545 0.5173 0.901 1
ARI 0.420 0.434 0.269 0.464 0.309 0.929 1
Path FMI 0.649 0.660 0.373 0.663 0.376 0.953 1
Arg- 3,3.8 3 — 3 3,0.1 3.9 3

AMI 0.934 0.656 0.889 0.839 0.925 0.955 0.979

ARI 0.920 0.536 0.679 0.711 0.778 0.959 0.986

Aee FMI 0.938 0.636 0.403 0.772 0.895 0.968 0.989
Arg- 7,0.9 7 — 7 7,0.3 7,15 7
AMI 1 0.219 0.506 0.368 1 0.435 1
) ARI 1 0.059 0.360 0.324 1 0.406 1
fain FMI 1 0.595 0.470 0.701 1 0.740 1
Arg- 2,209 2 — 2 2,0.1 2,12 2
AMI 0.629 0.708 0.906 0.732 0.777 0.848 1
ARI 0.371 0.570 0.750 0.631 0.429 0.735 1
bd2 FMI 0.521 0.662 0.868 0.702 0.691 0.785 1
Arg- 6,2.62 6 — 6 6,0.1 6,2 6

AMI 0.693 0.447 0.040 0.655 0.898 0.706 0.982

ARI 0.469 0.288 0.006 0.484 0.759 0.507 0.978

1 FMI 0.595 0.447 0.494 0.595 0.897 0.624 0.980
Arg- 6,3.59 6 — 6 6,0.1 6,16 6

AMI 0.646 0.186 0.773 0.561 0.873 0.544 0.837

ARI 0.482 0 0.798 0.452 0.765 0.603 0.872

T FMI 0.581 -0.001 0.647 0.522 0.889 0.463 0.860
Arg- 6,3.59 6 — 6 6,0.1 6,21 6

TE: ML FOR G RAR AR, «Arg-" R F LB A I I 28
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Table 2 Comparison of seven algorithms on real-world datasets

V€IS EiEL D DPC GBDPC  LCCV  NDP-Kmeans  K-means ~ SNNDPC  HCHNG
AMI 0.397 0.332 0.393 0.408 0.429 0.876 0.947
. ARI 0.293 0.224 0.203 0.167 0.280 0.898 0.965
Wine FMI 0.619 0.583 0.294 0.345 0.339 0.932 0.977
Arg- 3,06 3 — 3,0.1 3 3,18 3
AMI  0.013 -0.016 0.008 0.077 0.044 0.014 0.606
ARI 0.028 0.001 0.035 0.236 -0.062 -0.063 0.554
Semeion
FMI 0.666 0.659 0.410 0.748 0.619 0.795 0.901
Arg-  22.04 2 — 2,0.18 2 2,21 2
AMI 0.697 0.001 0.017 0.005 0.005 0.791 0.809
ARI 0.803 0.003 0.006 0.016 0.017 0.858 0.891
B FMI 0.912 0.735 0.303 0.432 0.433 0.934 0.950
Arg- 2214 2 — 2,0.12 2 2,10 2
AMI 0.010 0.245 0.029 0.015 0.029 0.009 0.121
ARI 0.003 0.150 0.006 —0.002 0.017 0.001 0.011
Contraceptive-MC
FMI 0.434 0.478 0.298 0.585 0.364 0.441 0.593
Arg- 2,13 3 — 3,02 3 321 3
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&R 2
HAmE LD DPC GBDPC LCCV ~ NDP-Kmeans K-means SNNDPC HCHNG
AMI 0.215 0.215 0.071 0.082 -0.002 0.299 0.218
ARI 0.341 0.343 0.030 0.067 0.242 —0.011 0.334
Movement _libras
FMI 0.485 0.619 0.233 0.400 0.473 0.559 0.897
Arg- 15,0.3 15 — 15,0.15 15 15,7 15
AMI 0.595 0.017 0.257 0.380 0.185 0.871 0.842
ARI 0.359 0.004 0.047 0.088 0.047 0.733 0.782
Dermatology
FMI 0.567 0.199 0.208 0.184 0.110 0.788 0.830
Arg- 6,0.7 6 — 6,0.1 6 6,9 6
AMI 0.897 0.040 — 0.018 0.872 0.923 0.930
ARI 0.863 —0.025 — —0.001 0.896 0.875 0.877
Mnist-r120
FMI 0.909 0.287 — 0.588 0.896 0.917 0.918
Arg- 7,2.73 7 — 7,0.1 7 7,18 7
AMI 0.031 0.002 0.034 0.010 0.049 0.127 0.128
ARI 0.027 0.008 0.047 0.004 —0.011 0.053 0.205
Page-blocks
FMI 0.902 0.895 0.787 0.810 0.651 0.053 0.900
Arg- 5,0.55 5 — 5,0 5 5,19 5
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