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after	  today	  you	  will…	  

•  have	  learned	  techniques	  for	  MD	  data	  visualization	  
•  have	  learned	  relationships	  between	  MD	  visualization	  

techniques	  
•  have	  understood	  the	  problems	  of	  MD	  data	  

visualization	  



WHAT	  IS	  MULTIDIMENSIONAL	  DATA?	  



•  Data	  comes	  in	  many	  different	  forms	  
•  Typically,	  not	  in	  the	  way	  you	  want	  it	  

•  Heterogeneous	  data	  often	  seen	  as	  multiple	  
dimensions	  of	  elements	  extracted	  by	  
different	  patterns	  or	  needs.	  

Data	  sets	  



A	  data	  set!	  



Schema	  

•  Cars	  
–  brand	  
– model	  
–  year	  
–  cost	  
–  size	  
–  weights	  
– miles	  per	  gallon	  



•  Often,	  we	  take	  raw	  data	  and	  
transform	  it	  into	  a	  form	  that	  
is	  more	  workable	  

•  Main	  idea:	  
–  Individual	  items	  are	  called	  

cases	  	  (rows)	  
–  Cases	  have	  variables	  

(columns)	  

Data	  Tables	  



Multi-‐Dimensional	  data	  

•  Each	  variable	  defines	  a	  data	  dimension	  
	  
•  Small	  #	  of	  dimensions	  easy	  

–  Data	  mapping,	  Cleveland’s	  rules	  

•  Easy	  stuff	  
– Univariate:	  	  1	  variable	  
– Bivariate	  :	  2	  variables	  
– Trivariate:	  3	  variables	  



Univariate	  

•  Dot	  plot	  
•  Bar	  chart	  	  	  
•  Histogram	  	  

h"p://i.y)mg.com/vi/_zurDAF1Fw4/maxresdefault.jpg	  



Bivariate	  

•  Scatterplot	  
	  



Trivariate	  	  

•  3D	  scatterplot,	  3x	  barchart,	   	   	  	  	  	  	  	  	  	   	   	  	  	  	  	  	  
2D	  plot+color,	  2D	  plot+size	  	  



Multi-‐Dimensional	  data	  

•  What	  about	  many	  dimensional	  data?	  	  	  	  n-‐D	  

What	  does	  10-‐D	  	  
space	  look	  like?	  



Multi-‐Dimensional	  data	  

•  What	  about	  many	  dimensional	  data?	  	  	  	  n-‐D	  

What	  does	  10-‐D	  	  
space	  look	  like?	  

Note	  the	  difference	  between	  spatial	  
dimensions	  (1,2,3D)	  and	  data	  dimensions	  (n-‐D)	  



Terminology	  …	  

•  Studied	  long	  before	  computer	  science,	  by	  statisticians	  
and	  psychologists.	  

•  The	  term	  «dimensionality»	  is	  overloaded:	  
multidimensional,	  multivariate,	  hyperdimensional,	  
hypervariate	  …	  

	  



Terminology	  …	  

•  Variables	  can	  be	  dependent	  or	  independent:	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  y	  =	  f(x)	  	  

	   	  y:	  dependent	  variable	  
	   	  x:	  independent	  variable	  

	  
	  

	  
	  



Terminology	  …	  

•  Variables	  can	  be	  dependent	  or	  independent:	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  y	  =	  f(x)	  	  

	   	  y:	  dependent	  variable	  
	   	  x:	  independent	  variable	  

	  
•  Multidimensionality	  refers	  to	  the	  dimensionality	  of	  

the	  independent	  variables	  

•  Multivariate	  refers	  to	  the	  dimensionality	  of	  the	  
dependent	  variables	  

	  

	  
	  

P.	  C.	  Wong	  and	  R.	  D.	  Bergeron,	  1997.	  30	  Years	  of	  Mul)dimensional	  Mul)variate	  Visualiza)on	  



Multivariate	  Multi-‐Dimensional	  Example	  

•  Three	  dimensional	  cube	  showing	  	  temperature	  and	  
pressure	  at	  various	  locations	  is	  3d2v	  

	  
–  3	  independent	  variables:	  	  XYZ	  
	  
–  2	  dependent	  variables:	  temperature	  and	  pressure	  

	  

	  
	  



Warning!	  

•  We	  do	  not	  always	  know	  the	  dependent	  /	  independent	  	  
variables	  

	  
•  For	  the	  sake	  of	  simplicity,	  we	  use	  the	  term	  “multi-‐

dimensional”	  to	  refer	  to	  dimensionality	  of	  both	  
dependent	  and	  independent	  variables	  

	   	  multivariate	  =	  multi-‐dimensional	  	  

	  	  

	   	  3d2v	  !	  5D	  
	  
	  



Genome	  Databases	  

Challenging	  to	  Visualize	  

h"p://www.extremetech.com/extreme/151133-‐the-‐quest-‐for-‐the-‐1000-‐genome/3	  



Customer	  Transactions	  Data	  

h"p://www.hongkiat.com/blog/secure-‐online-‐transac)ons-‐consumer-‐guide/	  
h"p://quirksblog.com/blog/2014/09/26/buyers-‐or-‐sellers-‐who-‐is-‐driving-‐customer-‐to-‐customer-‐web-‐transac)ons/	  

h"p://www.tatvic.com/blog/cart-‐analysis/	  



Personal	  Data	  –	  Fitness	  Bands	  







Benefits	   Generosity	   Par/cipa/on	  
	  

Savings	   Interest	   Bird	  species	  
	  

Birth	  Rate	  
	  

C02	  Emissions	  
	  

…	  

Afghanistan	  

Albania	  

Algeria	  

Andorra	  

Angola	  

Argen)na	  

Armenia	  

Aruba	  

Australia	  

…	  

1300	  indicators	  
21

4	  
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the	  data	  cube	  



Benefits	   Generosity	   Par/cipa/on	  
	  

Savings	   Interest	   Bird	  species	  
	  

Birth	  Rate	  
	  

C02	  Emissions	  
	  

…	  

Afghanistan	  

Albania	  

Algeria	  

Andorra	  

Angola	  

Argen)na	  

Armenia	  

Aruba	  

Australia	  

…	  

multi-‐dimensional	  data	  –	  our	  view	  today	  

d-‐dimensions	  

n	  data	  points	  (records)	  

n	  x	  d	  matrix	  



VISUALIZING	  MULTI-‐DIMENSIONAL	  
DATA	  



Data-‐Type	  Taxonomy	  

•  1D:	  list,	  …	  
•  2D:	  maps,	  …	  
•  3D:	  volumes,	  …	  
•  Temporal:	  timelines	  ,	  …	  
•  Hierarchies/trees:	  directories,	  …	  
•  Network/Graphs:	  web,	  …	  
•  Multi-‐dimensional:	  databases,	  …	  
	  

[Shneiderman	  1996]	  



Challenges	  

•  Mapping	  from	  ND	  to	  2D	  
•  Clutter	  on	  screen	  
•  Difficult	  user	  navigation	  in	  data	  space	  



recap	  –	  last	  lecture	  



recap:	  Variable	  	  Types	  

•  N-‐Nominal	  	  (equal	  or	  not	  equal	  to	  other	  values)	  
–  Example:	  gender,	  hair	  color	  (blond,	  brown,	  black,	  red)	  

•  O-‐Ordinal	  	  (obeys	  <	  relation,	  ordered	  set)	  
–  Example:	  soccer	  leagues,	  rainbow	  colors	  

•  Q-‐Quantitative	  (can	  do	  math	  on	  them)	  
–  Example:	  age,	  Photoshop	  colors	  



recap	  -‐	  visual	  encodings	  

Mackinlay 1986 



the	  problem	  

Hundreds	  or	  thousands	  of	  dimensions,	  only	  limited	  number	  of	  visual	  variables!	  

Benefits	   Generosity	   Par/cipa/on	  
	  

Savings	   Interest	   Bird	  species	  
	  

Birth	  Rate	  
	  

C02	  Emissions	  
	  

…	  

Afghanistan	  

Albania	  

Algeria	  

Andorra	  

Angola	  

Argen)na	  

Armenia	  

Aruba	  

Australia	  

…	  

1300	  indicators	  

21
4	  
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two	  main	  approaches	  

1.   Attempt	  to	  visualize	  all	  dimensions	  
2.  Visualize	  only	  parts	  of	  the	  data	  

"	  add	  interaction	  

Interaction	  Lecture	  



how	  do	  we	  visualize	  data	  points?	  

Data	   Analy)cs	  
Abstrac)on	  

Spa)al	  
Layout	   Presenta)on	   View	  

Data	  
Transformation	  

Spatial	  Mapping	  
Transformation	  

Presentation	  
Transformation	  

View	  
Transformation	  

1.	  Find	  a	  Dataset	  



how	  do	  we	  visualize	  data	  points?	  

Data	   Analy)cs	  
Abstrac)on	  

Spa)al	  
Layout	   Presenta)on	   View	  

Data	  
Transformation	  

Spatial	  Mapping	  
Transformation	  

Presentation	  
Transformation	  

View	  
Transformation	  

2.	  Transform	  the	  data	  
to	  arrive	  at	  data	  you	  want	  to	  visualize	  



transforming	  MD	  data	  

•  Filter	  the	  data	  
–  decide	  to	  show	  LESS	  of	  the	  data	  
–  in	  practice	  you	  almost	  always	  do	  this	  

•  Use	  a	  dimensionality	  reduction	  technique	  
–  E.g.	  principal	  component	  analysis,	  multi-‐dimensional	  
scaling	  

–  often	  used	  for	  exploring	  (dis)similarities	  in	  data	  



how	  do	  we	  visualize	  data	  points?	  

Data	   Analy)cs	  
Abstrac)on	  

Spa)al	  
Layout	   Presenta)on	   View	  

Data	  
Transformation	  

Spatial	  Mapping	  
Transformation	  

Presentation	  
Transformation	  

View	  
Transformation	  

3.	  Your	  remaining	  
possibly	  transformed	  dimensions	  



how	  do	  we	  visualize	  data	  points?	  

Data	   Analy)cs	  
Abstrac)on	  

Spa)al	  
Layout	   Presenta)on	   View	  

Data	  
Transformation	  

Spatial	  Mapping	  
Transformation	  

Presentation	  
Transformation	  

View	  
Transformation	  

4.	  Choose	  how	  to	  put	  the	  data	  points	  on	  the	  drawing	  plane	  



1.	  find	  a	  layout	  

•  Let’s	  start	  with	  one	  dimension:	  income	  per	  person	  
•  1-‐D	  Data	  points:	  Afghanistan,	  France,	  US	  

Income	  per	  person	  
	  

Afghanistan	   850	  

France	   29500	  

US	   41000	  



1.	  find	  a	  layout	  

income	  per	  person	  

Afghanistan	  

France	  

US	  

$0	   $200k	  

Income	  per	  person	  
	  

Afghanistan	   850	  

France	   29500	  

US	   41000	  



2.	  choose	  a	  visual	  encoding	  &	  mark	  

•  E.g.	  position	  +	  circle	  

income	  per	  person	  Afghanistan	   France	   US	  

$0	   $200k	  



2.	  choose	  a	  visual	  encoding	  &	  mark	  

•  E.g.	  length	  +	  rectangle	  

income	  per	  person	  Afghanistan	   France	   US	  

$0	   $200k	  

Ok,	  this	  is	  weird	  



2.	  choose	  a	  visual	  encoding	  &	  mark	  

•  E.g.	  length	  +	  rectangle	  

income	  per	  person	  Afghanistan	   France	   US	  

$0	   $200k	  

Better	  



2.	  choose	  a	  visual	  encoding	  &	  mark	  

•  E.g.	  length	  +	  rectangle	  

in
co

m
e	  
pe

r	  p
er
so

n	  

$0	  

$200k	  

Even	  better	  



bubble	  chart	  

•  Spatial	  layout	  does	  not	  have	  to	  be	  ordered	  and	  can	  
be	  computed	  by	  a	  variety	  of	  algorithms	  
(what’s	  most	  effective	  is	  another	  question)	  

#
	  billionaires	  per	  country	  



Choosing	  spatial	  layouts,	  marks,	  and	  visual	  encodings	  
often	  goes	  hand-‐in-‐hand	  

Data	   Analy)cs	  
Abstrac)on	  

Spa)al	  
Layout	   Presenta)on	   View	  

Data	  
Transformation	  

Spatial	  Mapping	  
Transformation	  

Presentation	  
Transformation	  

View	  
Transformation	  

4.	  Choose	  how	  to	  put	  the	  data	  points	  on	  the	  drawing	  plane	  

5.	  Choose	  additional	  visual	  encodings	  



1.	  find	  a	  layout	  

income	  per	  person	  Afghanistan	   France	   US	  

$0	   $200k	  

Income	  per	  person	  
	  

Life	  expectancy	  

Afghanistan	   850	   57	  

France	   29500	   81	  

US	   41000	   78	  

How	  do	  we	  extend	  this	  to	  2	  data	  dimensions?	  



1.	  find	  a	  layout	  

income	  per	  person	  

Afghanistan	  

France	  
US	  

$0	   $200k	  

200	  years	  
Income	  per	  person	  
	  

Life	  expectancy	  

Afghanistan	   850	   57	  

France	   29500	   81	  

US	   41000	   78	  



how	  do	  you	  extend	  this	  to	  2D?	  

in
co

m
e	  
pe

r	  p
er
so

n	  

$0	  

$200k	  

Think	  about	  it!	  

Income	  per	  person	  
	  

Life	  expectancy	  

Afghanistan	   850	   57	  

France	   29500	   81	  

US	   41000	   78	  



adding	  a	  third	  dimension	  

Income	  per	  
person	  

Life	  
expectancy	  

Children	  per	  
Woman	  

Afghanistan	   850	   57	   7.1	  

France	   29500	   81	   1.9	  

US	   41000	   78	   2.1	  



adding	  a	  third	  dimension	  

income	  per	  person	  

Afghanistan	  

France	  
US	  

$0	   $200k	  

200	  years	  

Suggestions?	  

Income	  per	  
person	  

Life	  
expectancy	  

Children	  per	  
Woman	  

Afghanistan	   850	   57	   7.1	  

France	   29500	   81	   1.9	  

US	   41000	   78	   2.1	  



add	  another	  visual	  encoding	  

income	  per	  person	  

Afghanistan	  

France	  
US	  

$0	   $200k	  

200	  years	  

+	  circle	  area	  

Problem:	  
Does	  not	  scale	  well	  to	  more	  dimensions	  



add	  another	  visual	  encoding	  

income	  per	  person	  

Afghanistan	  

France	  
US	  

$0	   $200k	  

200	  years	  

+	  value	  

Problem:	  
Does	  not	  scale	  well	  to	  more	  dimensions	  



add	  an	  axis	  

income	  per	  person	  

Afghanistan	  
France	  

US	  

$0	   $200k	  

200	  years	  

Problems:	  
Occlusion,	  perspective	  distortion,	  does	  not	  scale	  
"	  Not	  usually	  recommended	  	  



add	  an	  axis	  	  

income	  per	  person	  

Afghanistan	  

France	   US	  

lif
e	  
ex

pe
ct
an

cy
	  

children	  per	  woman	  

Afghanistan	  

France	   US	  

lif
e	  
ex

pe
ct
an

cy
	  



Linked	  Views	  with	  Brushing	  and	  Linking	  



back	  to	  our	  original	  problem:	  1.	  find	  a	  layout	  

•  We	  can	  also	  decide	  to	  display	  the	  whole	  data	  table	  
and	  augment	  it	  



displaying	  the	  data	  table	  itself	  

•  Heatmap	  on	  individual	  cells	  
•  (Excel	  does	  this)	  

Imagesource:	  dataremixed.com	  



table	  lens	  

Image	  source:	  h"p://www.sapdesignguild.org/goodies/controls/TableLens.htm	  

Ramana	  Rao,	  Stuart	  K.	  Card,	  Peter	  Pirolli	  (Xerox	  Parc)	  –	  1994-‐96	  	  



Classification	  of	  MD	  Vis	  Techniques	  

•  Geometric	  	  

•  Icon-‐based	  

•  Pixel-‐oriented	  

•  Hierarchical	  

•  Graph-‐based	  



Classification	  of	  MD	  Vis	  Techniques	  

•  Geometric	  	  

•  Icon-‐based	  

•  Pixel-‐oriented	  

•  Hierarchical	  

•  Graph-‐based	  



Classification	  of	  MD	  Vis	  Techniques	  
Geometric	  techniques	  



scatterplot	  matrix	  

•  This	  idea	  scales	  relatively	  well	  

Image	  Source:	  Wikipedia	  



Data	  Mining	  2011	  	  -‐	  Volinsky	  -‐	  Columbia	  
University	   66	  



scatterplot	  matrix	  

By	  Charles	  Perin	  



ScatterDice	  



small	  multiple	  (sometimes	  called	  trellis	  chart,	  lattice	  chart,	  grid	  chart,	  panel	  chart)	  

•  Series	  of	  related	  graphs/charts/plots	  typically	  layed	  
out	  in	  a	  grid-‐structure	  

•  A	  Scatterplot	  matrix	  is	  a	  type	  of	  Small	  Multiple	  –	  but	  
you	  can	  create	  and	  use	  many	  types	  of	  graphs	  and	  
charts	  in	  this	  manner	  from	  your	  MD	  datasets	  

Image	  Source:	  Wikipedia	  

Concept	  
introduced	  by	  
Edward	  Tufte	  



other	  examples:	  sm	  +	  maps	  

so
ur
ce
:	  h

"
p:
//
an
dr
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other	  examples:	  sm	  +	  bar	  charts	  

h"
p:
//
da
nm

et
h.
co
m
/p
os
t/
77
47
16
20
/m

y-‐
tr
ilo
gy
-‐m

et
er
-‐1
-‐in

-‐a
-‐s
er
ie
s-‐
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-‐p
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-‐c
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l	  



design	  choices	  to	  consider	  for	  small	  multiples	  

•  Order	  the	  individual	  charts	  logically	  
•  Use	  appropriate	  charts	  for	  your	  data	  

–  use	  comparable	  scales	  
–  use	  comparable	  encodings	  

•  Use	  the	  same	  size	  for	  all	  charts	  &	  choose	  an	  
appropriate	  size	  



Parallel	  Coordinates	  

income	  per	  person	  

Afghanistan	  

France	   US	  

lif
e	  
ex

pe
ct
an

cy
	  

Back	  to	  our	  original	  example	  



Parallel	  Coordinates	  

income	  per	  person	  

Afghanistan	  

France	  
US	  

lif
e	  
ex

pe
ct
an

cy
	  



Parallel	  Coordinates	  

in
co

m
e	  
pe

r	  p
er
so

n	  

Afghanistan	  

France	  
US	  

lif
e	  
ex

pe
ct
an

cy
	  



Parallel	  Coordinates	  



Original	  Example	  from	  Inselberg	  1997	  



the	  order	  of	  axes	  matters	  

Eurographics	  2013,	  STAR	  Report	  
J.	  Heinrich,	  D.	  Weiskopf	  



reduce	  clutter	  -‐	  highlight	  clusters	  

Revealing	  Structure	  within	  Clustered	  Parallel	  
Coordinates	  Displays,	  InfoVis	  2005	  

Lots	  of	  work	  on	  this.	  For	  example:	  



Other	  variants	  

•  Other	  layout,	  tulip	  (circular)	  
•  PC	  with	  summary	  stats	  

h"p://tulip.labri.fr/TulipDrupal/?q=node/321	  



3D	  Parallel	  Coordinate	  

h"p://www-‐vis.lbl.gov/Events/SC05/Drosophilia/Parallel-‐Coordinated.png	  



combine	  with	  other	  visualization	  techniques	  

Parallel	  Tag	  Clouds	  to	  Explore	  Faceted	  Text	  Corpora	  (Collins	  et	  al.,	  VAST	  2009)	  



how	  to	  draw	  the	  lines	  

Goal:	  avoid	  ambiguity	  

Eurographics	  2013,	  STAR	  Report	  
J.	  Heinrich,	  D.	  Weiskopf	  



star	  glyphs	  +	  parallel	  coordinates	  



Parallel	  sets	  –	  categorical	  data	  

Fabian	  Bendix,	  Robert	  Kosara,	  Helwig	  Hauser,	  Infovis	  05	  



there	  is	  much	  more	  on	  this…	  

•  Start	  here	  if	  you	  want	  more	  information	  



Paralle	  Coordinates	  

•  Try	  it	  out	  
–  XmdvTool	  	  http://davis.wpi.edu/%7Exmdv/index.html	  
–  Parvis	  http://www.mediavirus.org/parvis/	  	  
– Macrofocus	  http://www.macrofocus.com/public/products/
infoscope.html	  



Classification	  of	  MD	  Vis	  Techniques	  
Icon-‐based	  



glyphs	  
•  Small	  composite	  visual	  representations	  of	  multi-‐

dimensional	  data	  points	  
•  Often	  used	  in	  small	  multiple	  setting	  
•  Characterized	  generally	  by	  lack	  of	  reference	  

structures	  (grid	  lines,	  axes	  labels,	  …)	  

From	  Ward,	  2002	  
A	  taxonomy	  of	  glyph	  placement	  strategies	  for	  multidimensional	  data	  visualization	  



mappings	  from	  dimension	  to	  visual	  encoding	  

•  One-‐to-‐one:	  
–  each	  dimension	  maps	  to	  a	  distinct	  and	  different	  visual	  
encoding	  



example:	  chernoff	  faces	  

Im
ag

e	  
so

ur
ce

:	  W
ik
ip
ed

ia
	  

Herman	  Chernoff,	  
The	  Use	  of	  Faces	  to	  Represent	  Points	  in	  K-‐Dimensional	  
Space	  Graphically,	  1973.	  



example:	  chernoff	  faces	  

•  features	  of	  a	  human	  face	  encode	  data	  values	  

•  10	  Parameters:	  
•  Head	  Eccentricity	  	  
•  Eye	  Eccentricity	  	  
•  Pupil	  Size	  	  
•  Eyebrow	  Slope	  	  
•  Nose	  Size	  	  
•  Mouth	  Vertical	  Offset	  	  
•  Eye	  Spacing	  	  
•  Eye	  Size	  	  
•  Mouth	  Width	  	  
•  Mouth	  Openness	  	  



chernoff	  faces	  

•  reasoning:	  humans	  are	  
good	  at	  differentiating	  
faces	  and	  reading	  face	  
features	  

	  
•  problem:	  chernoff	  faces	  

have	  generally	  found	  not	  
to	  be	  very	  effective	  



mappings	  from	  dimension	  to	  visual	  encoding	  

•  One-‐to-‐one:	  
–  each	  dimension	  maps	  to	  a	  distinct	  and	  different	  visual	  
encoding	  

•  One-‐to-‐many	  
–  one	  dimension	  encoded	  in	  more	  than	  one	  way	  
–  used	  to	  improve	  accuracy	  &	  ease	  of	  interpreting	  the	  data	  
(e.g.	  for	  color	  blind	  viewers)	  

•  Many-‐to-‐one	  
–  several	  or	  all	  dimensions	  use	  the	  same	  visual	  encoding,	  
separated	  in	  space,	  orientation,	  or	  otherwise	  



star	  glyphs	  

•  Lay	  out	  dimension	  in	  radial	  fashion	  
•  Draw	  each	  point	  as	  a	  closed	  polyline	  



star	  glyphs	  

From:	  Ward	  	  Multivariate	  Data	  Glyphs:	  Principles	  and	  
Practice.	  Handbook	  of	  Data	  Visualization	  (2008)	  



Stick	  figure	  Icons	  (Pickett	  &	  Grinstein)	  

•  two	  attributes	  are	  mapped	  to	  the	  display	  axes	  
•  remaining	  attributes	  are	  mapped	  to	  lengths	  of	  limbs	  

or	  angles	  between	  them	  
•  Idea:	  Texture	  pattern	  in	  visualization	  shows	  certain	  

characteristics.	  



Stick	  figure	  Icons	  (Pickett	  &	  Grinstein)	  

Census	  data	  showing	  	  age	  
(y),	  income	  (x),	  educa)on,	  
salary,	  language,	  marital	  
status	  etc	  



Glyph-‐Based	  MD	  Visualization	  

•  Pros	  
–  Provide	  holistic	  overview	  of	  the	  information	  space	  
–  Exploit	  the	  human	  powerful	  ability	  of	  perceiving	  (texture)	  	  
–  patterns	  and	  human	  face	  characteristics	  (Chernoff)	  
–  Direct	  metaphor	  of	  Chernoff-‐face-‐like	  icons	  (e.g.	  houses)	  	  
–  may	  prove	  to	  be	  intuitive	  for	  novice	  users	  

•  Cons	  
–  	  Glyphs	  must	  be	  learned	  
–  Only	  suitable	  for	  small	  to	  medium	  data	  sets	  
–  stick	  figures	  give	  a	  rather	  broad	  overview	  and	  may	  be	  	  difficult	  to	  

interpret	  	  
–  Mappings	  may	  introduce	  biases	  in	  interpretation	  (e.g.	  the	  	  head	  shape	  

of	  a	  Chernoff-‐face	  may	  be	  easier	  to	  perceive	  and	  compare	  than	  length	  
of	  nose)	  



Classification	  of	  MD	  Vis	  Techniques	  
Pixel-‐oriented	  Techniques	  



•  Database	  of	  data	  items,	  each	  of	  n	  dimensions	  
•  Issue	  a	  query	  that	  specifies	  a	  target	  value	  of	  the	  

dimensions	  
•  Often	  get	  back	  no	  exact	  matches	  
•  Want	  to	  find	  near	  matches	  

•  Relevance	  factor	  
•  metadata	  

	  

Taken from: 
D. Keim, H-P Kriegel, “VisDB Database Exploration 
Using Multid Vis”, IEEE CG&A, 1994. 

VisDB	  



High Low Empirically established 

Technique	  

•  Calculate	  relevance	  of	  all	  data	  points	  
•  Sort	  items	  based	  on	  relevance	  

•  Use	  spiral	  technique	  to	  order	  the	  values	  
•  Color	  items	  based	  on	  relevance	  

	  



Total 
relevance 

Dim 1 Dim 2 

Dim 3 Dim 4 Dim 5 

Spiral 
in each 
window 

Items ordered by total relevance 
Same item 
appears in 

same place 
in each  
window 

Highest relevance  
value in center, 
decreasing values 
grow outward 

Display	  Methodology	  



VisDB	  Example	  	  



Directory	  Structure	  using	  treemap	  …	  	  

More	  in	  the	  Graphs+Trees	  Lecture	  



Back	  to:	  two	  main	  approaches	  

1.  Attempt	  to	  visualize	  all	  dimensions	  
2.   Visualize	  only	  parts	  of	  the	  data	  

"	  interaction	  
	  
	  



Back	  to:	  two	  main	  approaches	  

1.  Attempt	  to	  visualize	  all	  dimensions	  
2.   Visualize	  only	  parts	  of	  the	  data	  

"	  interaction	  
	  	  	  	  	  	  	  "	  Dimension	  Reduction	  
	  
	  



Back	  to:	  two	  main	  approaches	  

1.  Attempt	  to	  visualize	  all	  dimensions	  
2.   Visualize	  only	  parts	  of	  the	  data	  

"	  interaction	  
	  	  	  	  	  	  	  "	  Dimension	  Reduction	  
	  
	   	   	  which	  dimensions	  to	  choose?	  



Dimension	  Reduction	  -‐	  Approaches	  

•  Variable	  /	  feature	  selection	  

•  Combined	  dimensions:	  PCA,	  MDS	  

•  Dimension	  clustering	  
	  



Feature	  selection	  

•  the	  process	  of	  selecting	  a	  subset	  of	  relevant	  features	  
•  redundant	  features	  are	  those	  which	  provide	  no	  more	  

information	  than	  the	  currently	  selected	  features	  
–  simple	  to	  perform	  
–  intuitive	  to	  understand	  	  
–  continuous	  process	  



PCA	  

•  Statistical	  procedure	  that	  uses	  orthogonal	  
transformations	  

	  
•  It	  ‘discovers’	  new	  variables,	  called	  ‘Principle	  

Components’	  	  PCs	  which	  account	  for	  the	  majority	  of	  	  
the	  variability	  in	  the	  data.	  

•  Enables	  description	  of	  information	  with	  considerably	  	  
fewer	  variables	  than	  original	  data	  set.	  

h"p://www.dsea.unipi.it/Members/balestrinow/CP/file/TD_16_6_davies_pca.pdf	  



MDS	  

•  Multidimensional	  scaling	  (MDS)	  maps	  the	  distances	  
between	  items	  in	  a	  high	  dimensional	  space	  into	  a	  lower	  
(e.g.,	  two)	  dimensional	  space.	  

	  
•  Relocate	  n	  items	  in	  a	  2D	  dimensional	  space	  as	  points	  so	  

that	  the	  differences	  between	  pairs	  of	  points	  in	  this	  
reduced	  space	  match	  the	  ordered	  differences	  between	  
the	  subjects	  in	  original	  dimension	  

	  
•  Matching	  distances:	  minimize	  the	  difference	  of	  

distances	  in	  original	  and	  projection	  data	  space	  

h"p://www.cs.kent.edu/~zhao/infovis14/lectures/Mul)Vis2.pdf	  



Hierarchical	  Dimension	  Reduction	  

•  5-‐D	  dataset	  
•  Similar	  dimensions	  form	  clusters	  
•  Clusters	  are	  grouped	  into	  larger	  

clusters	  in	  a	  dimension	  hierarchy	  	  

h"p://www.cs.kent.edu/~zhao/infovis14/lectures/Mul)Vis2.pdf	  



summary	  

•  there	  are	  many	  different	  kinds	  of	  md	  data	  
–  today	  we	  covered	  mostly	  general	  md-‐quantitative	  data	  
– MANY	  more	  techniques	  exist	  that	  also	  mix	  types	  of	  data	  
– many	  techniques	  are	  designed	  to	  solve	  a	  domain-‐specific	  
problem	  or	  to	  help	  domain	  experts	  	  

–  almost	  all	  remaining	  lectures	  will	  also	  deal	  with	  md	  data	  

graphs	   time	  

some	  md	  examples	  from	  lecture	  1	  

text	  



general	  md-‐data	  vis	  strategies	  

•  Avoid	  over-‐encoding,	  reduce	  the	  problem	  space	  
–  ask	  yourself	  or	  your	  users	  what	  needs	  to	  be	  seen	  
–  ask	  what	  we	  can	  learn	  from	  the	  data	  you	  have,	  focus	  on	  
this	  aspect	  

–  ask	  yourself	  what	  questions	  you	  want	  your	  viewers	  to	  
answer	  

•  Use	  space	  and	  small	  multiples	  intelligently	  
•  User	  interaction	  to	  generate	  relevant	  views	  
•  Invest	  time	  in	  interaction	  design	  (see	  lecture)	  

Content	  of	  this	  slide	  adapted	  from	  Jeffrey	  Heer	  



today	  you…	  

•  learned	  about	  techniques	  for	  MD	  data	  visualization	  
•  learned	  relationships	  between	  MD	  visualization	  

techniques	  
•  understood	  the	  problems	  of	  MD	  data	  visualization	  
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