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Effective visualization is the bridge between 
quantitative information and human intuition 

Man cannot understand without images 
Aristotle, De Memoria et Reminiscentia 

You can observe a lot just by watching 
Yogi Berra, an American philosopher 
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Unstructured 
(e.g., social networks, text, …) 

Structured (following some schema) 

Nominal 
(labels) 

e.g., Hubble types 

Ordinal 
(ordered categories) 

e.g., cluster richness class 

Quantitative 
(numerical, most measurements) 

Continuous 
(uniform time series, images, 

data cubes, …) 

Discrete 
(data points, feature vectors, …) 

Can have many dimensions 

Data 



Traditional data visualization fails to reveal 
the complex patterns  - the hidden knowledge 

- that may be present in the data 



A Key Challenge: Visualizing Complexity 
•  Hyperdimensional structures (clusters, correlations, etc.) 

are likely present in many complex data sets, whose 
dimensionality is commonly in the range of                          
D ~ 102 – 104, and will surely grow 

•  It is not only the matter of data understanding, but also 
of choosing the appropriate data mining                     . 
algorithms, and interpreting the results 

•  We are biologically limited to perceiving     .                             
~ 3 - 12(?) dimensions  

What good are the data if we cannot effectively 
extract knowledge from them? 

“A man has got to know his limitations” 
Dirty Harry, another American philosopher 
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From Data Space to Visualization Space 
If data consists of feature vectors with N independent 
measurements, the form an N-dimensional data space 
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Each of the data dimensions is mapped to one “axis” 
of the visualization space: 

Data = {x1, x2, x3, … xN } 

XYZ positions, point sizes, shapes, 
RGBα or HSV colors, textures, glyphs, 

point orientations, animations, …  

Visualization 
space: { } 

The choice of this mapping is critical 



Different visualization dimensions have 
a different discrimination power 

Most accurate 

Least accurate 

(from S. Davidoff) 

(for quantitative data) 



This depends on the type of data: 

Quantitative Ordinal Nominal 



How Many Dimensions for Color? 

3?  RGB or HSV 
2?  R/G, G/B 
Actually, effectively only 1 

Perceptions of luminosity are different: 
e.g., at a given 
value, yellow 
looks brighter 
than blue 

(from S. Lombeyda) 



Hue and Value (Luminosity) can be confusing 

It may be better to limit the mapping to a two-color gradient 

(from S. Lombeyda) 



NOAA satellite data on the annual average ocean temperature at a 100m depth 

Color Map Choice Emphasizes Different Things 

(from S. Lombeyda) 



(from S. Davidoff) 

How Many Shades of Gray Can you Distinguish? 

How Many Colors? 



Multiple 1-D ≠ Multi-D 



Parallel Coordinates 

A grid plot of pairwise XY projections 



Traditional 3D suffers from many problems (navigation, 
selection, manipulation, anchoring, perspective, 

occlusion, and inability to transition to 2D and back) that 
can hide the structure present in the data 

3D Data Visualization is Not Simple  

(example: Excel) 
(example: Matlab) 



Traditional 2D Visualization 
Quasar colors in an 8-Dimensional parameter space:  

typical 2-D projections 
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Diving Into Multidimensional Datascapes 

New interactive and collaborative data visualization tools 
using immersive or augmentative Virtual Reality 
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Exploring the Virtual Mars at JPL 
S. Davidoff, J. Norris, et al. 



Navigating on Mars using VR 

S. Davidoff, 
J. Norris,      
et al. 

Users in VR are  
4 times better in 

estimating the 
relative positions, 

distances, etc. 



Why Virtual Reality? 
•  Multi > 3; multi-D ≠ multiple 1-D 
•  VR/AR is the next computing platform, following on 

the mainframe, desktop, and mobile 
•  VR solves the problems that traditionally plagued 3-D 

visualization: occlusion, perspective, navigation, etc. 
•  The key concepts are proprioception (sense of the 

relative position) and kinesthesia (movement sense) 
•  VR is a natural platform for a 

collaborative visual exploration 
and collaboration 

•  Leverages a multi-$Z investment 
by the games industry 



Why does it work?  Immersion triggers 
human pattern recognition more effectively 

than any 2D display.  We are optimized for 3D. 



VR is also a natural platform for interactions 
with a machine intelligence – leading to a 
human-computer collaborative discovery 



Summary 
•  Effective data visualization is an essential component 

of data exploration and discovery 
o  Especially when coupled with machine learning 

•  Most off-the-shelf data visualization tools are fairly 
limited, and/or poorly designed 

•   Learn how to design your data visualizations well 
•  Visualization of high-dimensionality data spaces may 

be the key bottleneck of data-driven discovery 
o  The challenge is not data size, it is data complexity 

•  Virtual Reality is a powerful, intuitive new platform 
for multi-dimensional, collaborative data exploration 
and visual analytics 


