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Bio-­‐surveillance	
  from	
  Big	
  Data:	
  Big	
  Challenges	
  

Deliver	
  the	
  capability	
  to	
  
mine,	
  search	
  and	
  analyze	
  this	
  
data	
  in	
  near	
  real	
  /me	
  

Informa/on	
  Technology	
  

The image cannot be displayed. 
Your computer may not have 
enough memory to open the image, 
or the image may have been 
corrupted. Restart your computer, 
and then open the file again. If the 
red x still appears, you may have to 
delete the image and then insert it 
again.

We	
  generate	
  2	
  quinKllion	
  bytes	
  (2	
  x	
  1018)	
  of	
  data	
  every	
  day.(IBM)	
  Data	
  à	
  Discovery	
  à	
  Insights	
  

•  Determining	
  emerging	
  pa.erns	
  
in	
  the	
  data	
  

•  SpaKo-­‐temporal	
  correlaKons	
  

•  Testable	
  hypotheses	
  

Resiliency	
  Analysis	
  and	
  
Coordina/on	
  System	
  

VERDE	
  
(Visualizing	
  the	
  electric	
  grid)	
  

CMS	
  Analy/cs	
  
(Decision	
  from	
  Big	
  Data)	
  

Zero	
  Day	
  A=ack	
  Detec/on	
  

•  Suite	
  of	
  sta/s/cal	
  and	
  machine	
  learning	
  tools	
  for:	
  
–  discovering	
  inherent	
  staKsKcal	
  structure	
  of	
  domain	
  
specific	
  big	
  data	
  

–  providing	
  testable	
  hypotheses	
  (“acKonable	
  insights”)	
  

•  Challenges	
  faced	
  in	
  developing	
  a	
  computaKonal	
  
infrastructure:	
  
–  Volume/Velocity	
  
–  Scaling	
  algorithms	
  

What	
  is	
  this	
  talk	
  about	
  …	
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Analyzing	
  Big	
  Data	
  
•  Event	
  Detec/on:	
  Kme-­‐points	
  where	
  
there	
  is	
  deviaKon	
  from	
  “normal”	
  
behavior	
  

•  Mul/-­‐scale	
  Feature	
  Extrac/on:	
  
intrinsic	
  structure	
  of	
  data	
  

•  Cluster	
  &	
  Visualize:	
  simplifying	
  the	
  
interpretaKon	
  for	
  meaningful	
  
insights	
  

Wish you 
had done it 
in 6.5 s? 

Data	
  à	
  Insights	
  à	
  Discovery	
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Part	
  1:	
  Online	
  Event	
  Detec/on	
  
•  Spa8o-­‐temporal	
  correla8ons	
  

•  Dynamical	
  clustering	
  

Anomaly	
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Mo/va/on:	
  Detec/ng	
  spa/o-­‐temporally	
  correlated	
  
pa=erns	
  in	
  real-­‐/me	
  data	
  streams	
  (Twi=er)	
  

•  Outbreak:	
  
–  Flu,	
  dengue,	
  west	
  Nile	
  virus,	
  etc	
  

•  GPS	
  Loca/on:	
  
–  MulK-­‐scale:	
  local	
  to	
  regional	
  to	
  naKonal	
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Flu associated markers 
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Fever Pain Death Emerg
ency 

… 

L1 

L2 

L3 

L4 

L5 

Visualizing	
  terms	
  associated	
  with	
  west	
  nile	
  virus	
  
as	
  a	
  stacked	
  graph,	
  indica9ng	
  dis9nct	
  9me-­‐
varying	
  pa<erns	
  in	
  disease	
  associa9on.	
  

Neoformix:	
  Visualizing	
  Twi.er	
  data	
  

•  Which	
  geographic	
  regions	
  exhibit	
  correlated	
  pa<erns	
  in	
  
twi<er	
  pa<erns?	
  

-  Indica9ve	
  of	
  emergent	
  pa<erns	
  in	
  spread	
  of	
  disease/	
  outbreak	
  
-  Can	
  be	
  across	
  diseases	
  or	
  regions	
  or	
  along	
  9me	
  

•  At	
  what	
  9me-­‐points	
  do	
  these	
  pa<erns	
  change?	
  
-  Anomalies	
  indica9ve	
  of	
  sudden	
  surges	
  in	
  infec9ons	
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Tensor	
  representa/on	
  for	
  intra-­‐molecular	
  distances	
  

N 

N 

T 

Collect data 
from social 
networks 

3D tensor of outbreak terms + 
locations evolving over time 

• Conceptually	
  the	
  data	
  is	
  
a	
  collecKon	
  of	
  matrices	
  

• Conveniently	
  
represented	
  as	
  a	
  tensor	
  

Tensors	
  are	
  N-­‐dimensional	
  matrices,	
  that	
  are	
  
useful	
  to	
  capture	
  mul9-­‐way	
  dependencies	
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Online	
  Tensor	
  Analysis	
  

Ud 

 
UT

d 
 

Sd 

Cd 

unfold 1 reconstruct 2 

update 3 
Nr x Nw 

X(d) 

XT
(d) 

X
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Ud 

 
UT
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Sd 

Cd 

Diagonalize 4 

 
 
 

X(d) XT(d) 

 
 Nr x Nr 

Ramanathan,	
  A.,	
  Agarwal,	
  P.K.,	
  Kurnikova,	
  M.	
  and	
  Langmead,	
  C.,	
  RECOMB	
  2009.	
  
Sun,	
  J.,	
  Faloutsos,	
  C.,	
  and	
  Kolda,	
  T.,	
  KDD	
  2006.	
  

New data 

For every dimension d 

Cd ßCd + X(d)XT
(d) Cd ß Ud Sd UT

d 

5   7 
6   8 1   3 

2   4 

Kolda,	
  T.	
  and	
  Bader,	
  B.	
  W.,	
  2005.	
  Tech.	
  Report,	
  Sandia	
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Transla/ng	
  to	
  a	
  small	
  world!	
  

8	
  

• Which	
  regions	
  of	
  the	
  
molecule	
  are	
  moving	
  
together?	
  

•  At	
  which	
  9me-­‐points	
  are	
  
the	
  spa9o-­‐temporal	
  
pa<erns	
  of	
  mo9ons	
  
changing?	
  

x1,	
  y1,	
  z1	
  
x2,	
  y2,	
  z2	
  …

	
  
	
  …
	
  

	
  …
	
  

	
  

xN,	
  yN,	
  zN	
  

x1,	
  y1,	
  z1	
  
x2,	
  y2,	
  z2	
  …

	
  
	
  …
	
  

	
  …
	
  

	
  

xN,	
  yN,	
  zN	
  

x1,	
  y1,	
  z1	
  
x2,	
  y2,	
  z2	
  …
	
  

	
  …
	
  

	
  …
	
  

	
  

xN,	
  yN,	
  zN	
  

x1,	
  y1,	
  z1	
  
x2,	
  y2,	
  z2	
  …

	
  
	
  …
	
  

	
  …
	
  

	
  

xN,	
  yN,	
  zN	
  

0	
   T	
  1	
  

…,	
  …,	
  …,	
  	
  

Time	
  =	
  	
  

Data	
  

Bag	
  of	
  Words	
  

T-­‐1	
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Data	
  à	
  Insights	
  à	
  Discovery:	
  
Time-­‐points	
  where	
  spa/o-­‐temporal	
  correla/ons	
  change	
  	
  
can	
  be	
  used	
  to	
  control	
  simula/ons	
  

Structural	
  differences	
  shown	
  in	
  green	
  

Clustering	
  spa/al	
  regions	
  in	
  the	
  enzyme	
  
showing	
  similar	
  pa=erns	
  of	
  mo/on	
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Key	
  Contribu/ons	
  
An	
  online	
  tool	
  for	
  data	
  mining:	
  

1.   Anomaly	
  detec8on:	
  
–  /me	
  points	
  where	
  social	
  media	
  pa=erns	
  change	
  
–  Can	
  be	
  used	
  to	
  track	
  disease	
  outbreak	
  

2.   Spa8o-­‐temporal	
  paBern	
  discovery:	
  
–  cluster	
  geographical	
  regions	
  based	
  on	
  media	
  pa=erns	
  
	
  

3.   Data	
  summariza8on	
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Part	
  2:	
  Discovering	
  inherent	
  sta/s/cal	
  structure	
  in	
  
big	
  data	
  
•  Organizing	
  high	
  dimensional	
  spaces	
  

•  Odor	
  percep8on	
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Mo/va/on:	
  Towards	
  machine	
  olfac/on…	
  

• Odor	
  percep8on:	
  
–  What	
  is	
  the	
  perceptual	
  space	
  of	
  the	
  

human	
  olfactome?	
  

•  31	
  million	
  molecules	
  from	
  
Pubchem!!	
  
–  Big	
  Data:	
  How	
  to	
  organize	
  this	
  

space?	
  

•  We	
  don’t	
  have	
  this	
  organizaKon:	
  
–  Can	
  we	
  build	
  this	
  from	
  data?	
  

–  StaKsKcal	
  characterisKcs	
  from	
  both	
  
psychophysics	
  &	
  chemical	
  spaces	
  

Pleasant?	
  

Unpleasant?	
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Using	
  semi-­‐supervised	
  learning	
  to	
  “odor”	
  label	
  
the	
  Pubchem	
  	
  
•  Label	
  small	
  porKon	
  of	
  the	
  data	
  
with	
  odor	
  percepts	
  
–  Derive	
  physio-­‐chemical	
  
features	
  from	
  labeled	
  data	
  

•  Graph-­‐kernel	
  approaches	
  to	
  
quickly	
  compare	
  compounds	
  

•  Propagate	
  labels	
  on	
  successively	
  
to	
  larger	
  data	
  sets	
  (flavornet,	
  
superscent)	
  

•  Test	
  /	
  Validate	
  /	
  Refine	
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Building	
  a	
  perceptual	
  model	
  of	
  odors	
  on	
  Atlas	
  of	
  
Odor	
  Chemical	
  Percepts	
  (AOCP)	
  

•  144	
  odors;	
  ~150	
  odor	
  descriptors	
  

•  Use	
  non-­‐negaKve	
  matrix	
  
factorizaKon	
  for	
  dimensionality	
  
reducKon	
  
–  Use	
  bi-­‐clustering	
  to	
  associate	
  
odors	
  with	
  percepKon	
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Clustering	
  odors	
  based	
  on	
  perceptual	
  quali/es	
  

• Odors	
  separated	
  into	
  
clear	
  odor	
  percepts:	
  
–  (Fruity,	
  sweet)	
  different	
  
from	
  (Floral,	
  sweet)	
  

–  Putrid	
  different	
  from	
  
Sewer,	
  etc.	
  

• Rigorous	
  cross	
  validaKon	
  

odors	
  

Castro,	
  J.	
  M.,	
  Ramanathan,	
  A.,	
  Chennubhotla,	
  C.S.,	
  PLoS	
  ONE	
  (submi.ed)	
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Data	
  à	
  Insights	
  à	
  Discovery	
  
Odors	
  with	
  similar	
  percep/on	
  share	
  unique	
  physio-­‐chemical	
  
signatures	
  

•  Fruits	
  and	
  sewer	
  have	
  
disKnct	
  chemical	
  features:	
  
–  nRCOOCR	
  
–  nS	
  

•  IdenKfied	
  automaKcally	
  
from	
  over	
  1600	
  physio-­‐
chemical	
  features	
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Key	
  Contribu/ons	
  &	
  Future	
  Work	
  
A	
  machine	
  learning	
  framework	
  to	
  relate	
  chemicals	
  to	
  their	
  odor	
  
percepts:	
  

•  Discovery	
  of	
  underlying	
  staKsKcal	
  structure	
  within	
  large-­‐scale	
  
datasets	
  
–  linking	
  “chemical	
  nature”	
  to	
  “odor	
  percepKon”	
  

–  linking	
  “odor	
  percepKon”	
  to	
  “chemical	
  signatures”	
  

•  Organizing	
  odors	
  into	
  a	
  perceptual	
  frame	
  of	
  reference	
  using	
  
novel	
  machine	
  learning	
  tools	
  
–  integraKon	
  with	
  psycho-­‐physics	
  experiments	
  

–  expanding	
  the	
  compounds	
  to	
  include	
  a	
  larger	
  chemical	
  repertoire	
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Part	
  3:	
  Moving	
  to	
  the	
  cloud…	
  
•  Organizing	
  high	
  dimensional	
  spaces	
  

•  Auto-­‐regressive	
  models	
  

•  Bio-­‐medical	
  imaging	
  applica8ons	
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Mo/va/on:	
  Automate	
  detec/on	
  of	
  pa=erns	
  
from	
  disparate,	
  distributed	
  data	
  
• Data:	
  Twi.er	
  Feed	
  /	
  Social	
  
media	
  
–  Globally	
  distributed	
  data	
  
–  Large	
  volume	
  

•  Temporal	
  models:	
  
–  pa.erns	
  in	
  disease	
  spread	
  

• GeneraKve	
  models:	
  
–  predicKng	
  how	
  disease	
  may	
  
spread	
  

L1 

L3 L5 



20 	
  Managed	
  by	
  UT-­‐Ba.elle	
  
	
  for	
  the	
  U.S.	
  Department	
  of	
  Energy	
   NDIA	
  Bio-­‐surveillance	
  Conference,	
  Washington	
  DC,	
  2012	
  

Example	
  Implementa/on:	
  Disease	
  Diagnos/cs	
  
using	
  BioViDA	
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Bio-­‐surveillance	
  and	
  the	
  Cloud	
  

Bio-­‐surveillance	
  data	
  
•  is	
  BIG	
  and	
  NOISY	
  
	
  
•  requires	
  repe88ve	
  analysis	
  in	
  chunks	
  

•  modeling	
  involves	
  linear	
  algebra	
  and	
  
sta8s8cs	
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