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Introduction 



 

 

For high-dimensional data: 
 
ÅHow to visualize them? 
ÅHow to group them? 
ÅHow to measure their distance? 
ÅHow to scale down dimension? 

 
 



Introduction 

ÅMDS (Multi-Dimensional Scaling) 

ü Visually group data objects 

ü So that the similar are close and the dissimilar are far away 

ü Provides a good overview on the data 

ÅTwo important parts 

ü Embedding high-D data into 2D 

ü Similarity metric 

ÅMost popular metric -> Euclidean -> Curse of dimension 

ÅPC (Parallel Coordinate) -> Polyline 

ÅHow to measure the distances of polyline patterns? 



SSIM 

ÅSSIM (Structural Similarity Index) 

ÅCan SSIM avoid Curse of Dimension? 

ÅRelative contrast 

 

 

 

 

ÅThis is a property of any distance metric, some 
will do better than others.  



SSIM (Cont) 

   



Methods 



Two Embedding Algorithms 

ÅHow to embedding high-D data into 2D? 

üMDS (Multi-Dimensional Scaling) 

Â High-D distance 

Â 2D distance 

Â Objective function 

 

 

ü LDA (Linear Discriminant Analysis) 

 



The Structure Based Distance Metric 

ÅThe Structural Similarity Index (SSIM) 

 

 

 

 

 

ÅUsing the Structure-Based Metric 

ÅEffect of Windowing 



ÅUsing the Structure-Based Metric 

 



ÅEffect of Windowing 

 



Experiments 



Datasets 
ÅArtificial dataset 

ü Generated by high-D Gaussian mixture modeling 

ÅConcrete compressive strength dataset 
ü From UCI database (1030 data points, 9-D) 

ÅMass spectra of aerosol particles 
ü 2000 data points, 450-D 

ÅWaveform database generator dataset 
ü From UCI (5000 data points, 22-D) 

ÅOperating system (OS) dataset 
ü 1400 data points, 33-D 



MDS with Structural Distance(sMDS)  



Preserving Cluster Distribution 
Dataset Dimension Clusters Points each cluster distribution 

Gaussian mixture 100 8 100 Wide variety 



Preserving Cluster Distribution (Cont.) 

Dataset Dimension Clusters Points each cluster distribution 

Gaussian mixture 20 5 100 Moderately different 



The Bi-Scale Layout: 
Fusing sMDS and eMDS 

p: permitted overlap ratio 
DISSIM: dissimilarity value 



More Results with Practical Datasets 

ÅConcrete Compressive Strength Dataset 

ÅMass Spectra of Aerosol Particles 

ÅWaveform Database Generator Dataset 

ÅOperating System (OS) Dataset 



Concrete Compressive Strength Dataset 



Mass Spectra of Aerosol Particles 

 



Waveform Database Generator Dataset 



Operating System (OS) Dataset 



Conclusion 

ÅDescribed a novel high-D distance metric(SSIM). 

ÅMDS layouts in terms of both global(inter-
cluster) and local(intra-cluster) distance, using 
sMDS and eMDS respectively. 

ÅThe framework can be embedded into 
interactive cluster analysis applications like k-
means. 


