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A	  challenge	  for	  students	  



The	  Open	  Science	  Data	  Cloud	  hosts	  over	  1PB	  of	  
scien>fic	  data,	  10,000	  cores	  and	  free	  accounts	  
for	  everyone	  in	  this	  room.	  



1.	  Make	  a	  discovery	  using	  the	  data	  in	  the	  
Open	  Science	  Data	  Cloud.	  
2.	  Write	  an	  OSDC	  applica>on	  so	  that	  
others	  can	  easily	  make	  similar	  discoveries.	  



An	  opportunity	  for	  
research	  scien>sts	  



Cyber	  Condo	  Model	  

•  Research	  ins>tu>ons	  today	  
have	  access	  to	  high	  
performance	  networks	  –	  10G	  
&	  100G.	  

•  They	  couldn’t	  afford	  access	  to	  
these	  networks	  from	  
commercial	  providers.	  

•  Over	  a	  decade	  ago,	  they	  got	  
together	  to	  buy	  and	  light	  
fiber.	  	  	  	  

•  This	  changed	  how	  we	  do	  
scien>fic	  research.	  

•  Cyber	  condos	  interoperate	  
with	  commercial	  ISPs	  



Science	  Cloud	  Condos	  

•  We’re	  building	  a	  Science	  
Cloud	  condo.	  

•  To	  provide:	  i)	  a	  sustainable	  
home	  for	  large	  commons	  of	  
research	  data;	  and	  ii)	  an	  
infrastructure	  to	  compute	  
over	  it.	  

•  “Tier	  1”	  Science	  Clouds	  need	  
to	  establish	  peering	  
rela>onships.	  

•  And	  to	  interoperate	  with	  CSPs	  
•  The	  Open	  Cloud	  Consor>um	  

(OCC)	  is	  par>cipa>ng	  and	  
looking	  for	  other	  science	  
cloud	  condos	  to	  peer	  with.	  



OSDC	  Organiza>on	  

•  Robert	  Grossman	  
Director,	  Open	  Science	  Data	  Cloud	  
•  Maria	  Paberson	  
Scien>fic	  Lead	  for	  Open	  Science	  Data	  Cloud	  
•  Allison	  Heath	  
Scien>fic	  Lead	  for	  Bionimbus	  Protected	  Data	  
Cloud	  and	  Genomics	  Data	  Commons	  
•  Heidi	  Alvarez	  
Lead,	  OSDC	  NSF	  PIRE	  Project	  
	  



Part	  1	  	  
What	  is	  Big	  Data.	  What	  is	  Data	  Science	  and	  Why	  
Do	  We	  Care?	  

Source:	  Distribu>on	  of	  the	  es>mates	  of	  the	  dressed	  weight	  of	  a	  par>cular	  living	  ox,	  made	  by	  787	  different	  
persons,	  Francis	  Galton,	  Nature	  (1907),	  No.	  1949,	  Vol.	  75,	  450-‐451.	  



What	  is	  Big	  Data?	  

A	  marke>ng	  term	  introduced	  by	  O’Reilly:	  
	  
Big	  data	  is	  data	  that	  exceeds	  the	  processing	  
capacity	  of	  conven>onal	  database	  systems.	  The	  
data	  is	  too	  big,	  moves	  too	  fast,	  or	  doesn’t	  fit	  the	  
strictures	  of	  your	  database	  architectures.	  To	  gain	  
value	  from	  this	  data,	  you	  must	  choose	  an	  
alterna>ve	  way	  to	  process	  it.	  	  
	  
Edd	  Dumbill,	  What	  is	  Big	  Data?,	  strata.oreilly.com,	  
January	  11,	  2012.	  
	  



Data	  Scien>st	  as	  a	  Job	  Category	  

•  Star>ng	  in	  2008,	  Jeff	  Hammerbacher	  (at	  
Facebook)	  and	  D.J.	  Pa>l	  (at	  LinkedIn)	  used	  the	  
term	  data	  scien>st	  as	  a	  job	  >tle	  for	  those	  who	  
“use	  both	  data	  and	  science	  to	  create	  
something	  new.”	  

Source:	  Google	  Trends	  (www.google.com/trends)	  

sta>s>cian	  

data	  scien>st	  

2005	   2007	   2009	   2011	   2013	  



Data	  Science	  as	  a	  Scien>fic	  Discipline	  
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Data	  Science	  as	  an	  Academic	  Discipline	  

•  Computer	  science	  emerged	  in	  the	  1960’s	  &	  
70s’	  
– Computer	  science	  emerged	  out	  of	  math,	  
engineering	  and	  management	  

– There	  was	  skep>cism	  at	  the	  beginning	  whether	  
computer	  science	  was	  a	  separate	  discipline.	  

•  Today	  there	  is	  an	  debate	  whether	  data	  
science	  is	  a	  separate	  discipline	  or	  whether	  it	  
will	  eventually	  be	  integrated	  into	  astronomy,	  
biology,	  physics,	  etc.	  



Do	  We	  Need	  a	  New	  Discipline?	  

•  Sta>s>cs	  has	  tradi>onally	  analyzed	  analyzes	  
scalar	  and	  vector	  data	  (and	  >mes	  series	  and	  
spa>al	  fields	  built	  from	  them).	  

•  Data	  Science	  analyzes	  a	  wider	  variety	  of	  data,	  
including	  heterogeneous	  and	  unstructured	  data,	  
media,	  etc.	  

•  Dhar:	  Data	  science	  is	  the	  study	  of	  the	  
generalizable	  extrac>on	  of	  knowledge	  from	  data.	  

•  Wladawsky-‐Berger:	  Sta>s>cs	  explains,	  while	  data	  
science	  extracts	  ac>onable	  knowledge	  from	  data.	  

•  Note	  that	  this	  is	  essen>ally	  the	  same	  way	  that	  
“data	  mining”	  was	  dis>nguished	  from	  sta>s>cs	  
during	  the	  period	  1995-‐2005.	  



Part	  2	  	  
Data	  Center	  Scale	  Compu>ng	  	  
(aka	  “Cloud	  Compu>ng”)	  

Source:	  Interior	  of	  one	  of	  Google’s	  Data	  Center,	  www.google.com/about/datacenters/	  



What	  instrument	  do	  we	  use	  to	  make	  big	  data	  
discoveries	  in	  cancer	  genomics	  and	  big	  data	  
biology?	  

How	  do	  we	  build	  a	  “datascope?”	  



Self	  Service	   Scale	  

Sonware	  stack	  
that	  scales	  to	  a	  
data	  center	  

Forgot	  cloud	  
compu>ng.	  	  Focus	  on	  
data	  centers	  &	  the	  
sonware	  they	  run.	  

Use	  of	  
automa>on	  



Source:	  Luiz	  André	  Barroso,	  Jimmy	  Clidaras	  and	  Urs	  Hölzle,	  The	  Datacenter	  as	  a	  Computer,	  Morgan	  &	  Claypool	  
Publishers,	  Second	  Edi>on,	  2013,	  www.morganclaypool.com/doi/pdf/10.2200/S00516ED2V01Y201306CAC024	  



Serng	  up	  and	  opera>ng	  large	  scale	  efficient,	  secure	  
and	  compliant	  racks	  of	  compu>ng	  infrastructure	  is	  out	  
of	  reach	  for	  most	  labs,	  but	  essen>al	  for	  the	  community.	  

This	  is	  not	  data	  center	  
scale	  compu>ng…	  



Commercial	  Cloud	  Service	  Provider	  (CSP)	  	  
15	  MW	  Data	  Center	  

100,000	  servers	  
1	  PB	  DRAM	  

100’s	  of	  PB	  of	  disk	  

Automa>c	  
provisioning	  and	  
infrastructure	  
management	  

Monitoring,	  
network	  security	  
and	  forensics	  

Accoun>ng	  and	  
billing	   Customer	  

Facing	  
Portal	  

Data	  center	  network	  

~1	  Tbps	  egress	  bandwidth	  
	  

25	  operators	  for	  15	  MW	  Commercial	  Cloud	  



opencompute.org	  www.openstack.org	  

hadoop.apache.org	  

…	  



Open	  Science	  Data	  Cloud	  (OSDC)	  

6	  PB	  
(OpenStack,	  
Hadoop,	  etc.)	  

Infrastructure	  
automa>on	  &	  
management	  

(Yates)	  

Compliance,	  &	  
security	  (OCM)	  

Accoun>ng	  &	  
billing	  

Customer	  Facing	  
Portal	  (Tukey)	  

Data	  center	  network	  

~10-‐100	  Gbps	  bandwidth	  
	  

6	  engineers	  to	  operate	  0.5	  MW	  Science	  Cloud	  

Science	  Cloud	  SW	  
&	  Services	  



Why	  not	  (only)	  use	  Amazon	  Web	  Services	  (AWS)?	  

Community	  science	  and	  
biomedical	  clouds	  

•  Scale	  /	  capacity	  
•  Simplicity	  of	  a	  credit	  card	  
•  Wide	  variety	  of	  offerings.	  
	  

vs.	  

It	  is	  s>ll	  essen>al	  to	  interoperate	  with	  CSP	  whenever	  possible	  by	  
compliance	  and	  security	  policies.	  

Commercial	  Cloud	  Service	  
Providers	  (CSP)	  

•  Lower	  cost	  (at	  medium	  
scale)	  

•  We	  can	  build	  specialized	  
infrastructure	  for	  science.	  

•  We	  can	  build	  specialized	  
infrastructure	  for	  security	  &	  
compliance.	  

•  The	  data	  is	  too	  important	  to	  
trust	  exclusively	  with	  a	  
commercial	  provider.	  



Cost	  of	  a	  medium	  private/community	  cloud	  
vs	  large	  public	  cloud.	  

Source:	  Allison	  P.	  Heath,	  Mabhew	  Greenway,	  Raymond	  Powell,	  Jonathan	  Spring,	  Rafael	  Suarez,	  David	  Hanley,	  Chai	  
Bandlamudi,	  Megan	  McNerney,	  Kevin	  White	  and	  Robert	  L	  Grossman,	  Bionimbus:	  A	  Cloud	  for	  Managing,	  Analyzing	  
and	  Sharing	  Large	  Genomics	  Datasets,	  Journal	  of	  the	  American	  Medical	  Informa>cs	  Associa>on,	  2014.	  

PB	  

Cost	  	  
(thousands	  of	  $)	  



Reliability	  over	  Commodity	  Compu>ng	  
Components	  Is	  Difficult	  as	  is	  Data	  Locality	  

•  Hadoop	  enables	  reliable	  computa>on	  over	  
thousands	  of	  low	  costs,	  unreliable	  compu>ng	  nodes.	  

•  Hadoop	  efficiently	  computes	  over	  the	  data	  instead	  of	  
moving	  the	  data.	  

•  The	  programming	  model	  of	  Hadoop	  (MapReduce)	  is	  
in	  prac>ce	  more	  efficient	  in	  terms	  of	  sonware	  
development	  than	  the	  programming	  tradi>onally	  
used	  by	  high	  performance	  compu>ng	  (message	  
passing)	  (but	  usually	  does	  not	  fully	  u>lize	  the	  
underlying	  hardware)	  



The	  Tail	  at	  Scale,	  Jeffrey	  Dean,	  Luiz	  André	  Barroso	  	  Communica>ons	  of	  the	  ACM,	  
Volume	  56	  Number	  2,	  Pages	  74-‐80	  

Latency	  is	  Difficult	  



Call	  an	  algorithm	  and	  
compu>ng	  infrastructure	  
is	  “big-‐data	  scalable”	  if	  
adding	  a	  rack	  of	  data	  (and	  
corresponding	  processors)	  
does	  not	  increase	  the	  >me	  
required	  to	  complete	  the	  
computa>on	  but	  enables	  
the	  computa>on	  to	  run	  on	  
a	  rack	  more	  of	  data.	  	  Most	  
of	  our	  community’s	  
algorithms	  today	  fail	  this	  
test.	  

The	  Rack	  Test	  



Part	  3	  
Science	  Clouds	  

Source:	  Lincoln	  Stein	  



Discipline	   Dura2on	   Size	   #	  Devices	  

HEP	  -‐	  LHC	   10	  years	   15	  PB/year*	   One	  

Astronomy	  -‐	  LSST	   10	  years	   12	  PB/year**	   One	  

Genomics	  -‐	  NGS	   2-‐4	  years	   0.4	  TB/genome	   1000’s	  

Big	  Data	  Sciences	  

*At	  full	  capacity,	  the	  Large	  Hadron	  Collider	  (LHC),	  the	  world's	  largest	  par>cle	  accelerator,	  is	  expected	  to	  produce	  more	  than	  15	  
million	  Gigabytes	  of	  data	  each	  year.	  	  …	  This	  ambi>ous	  project	  connects	  and	  combines	  the	  IT	  power	  of	  more	  than	  140	  computer	  
centres	  in	  33	  countries.	  	  Source:	  hbp://press.web.cern.ch/public/en/Spotlight/SpotlightGrid_081008-‐en.html	  
	  
**As	  it	  carries	  out	  its	  10-‐year	  survey,	  LSST	  will	  produce	  over	  15	  terabytes	  of	  raw	  astronomical	  data	  each	  night	  (30	  terabytes	  
processed),	  resul>ng	  in	  a	  database	  catalog	  of	  22	  petabytes	  and	  an	  image	  archive	  of	  100	  petabytes.	  	  Source:	  hbp://www.lsst.org/
News/enews/teragrid-‐1004.html	  



vs	  

Source:	  A	  picture	  of	  Cern’s	  Large	  Hadron	  Collider	  (LHC).	  	  The	  LHC	  took	  about	  a	  decade	  to	  construct,	  and	  cost	  about	  $4.75	  billion.	  	  	  
Source	  of	  picture:	  Conrad	  Melvin,	  Crea>ve	  Commons	  BY-‐SA	  2.0,	  www.flickr.com/photos/58220828@N07/5350788732	  

•  Ten	  years	  and	  $10B	  
•  No	  business	  value	  
•  Big	  data	  culture	  
•  Lible	  compliance	  

•  Five	  years	  and	  $1M	  
•  Business	  value	  
•  Culture	  of	  small	  data	  
•  Compliance	  

Common	  compu>ng,	  	  storage	  &	  transport	  	  infrastructure	  



Science	  vs	  Commercial	  Clouds	  

Science	  CSP	   Commercial	  CSP	  
Perspec>ve	   Democra>ze	  access	  to	  

data.	  	  Integrate	  data	  
to	  make	  discoveries.	  	  
Long	  term	  archive.	  

As	  long	  as	  you	  pay	  the	  
bill;	  as	  long	  as	  we	  keep	  
the	  our	  business	  model.	  

Data	   Data	  intensive	  
compu>ng	  

Internet	  style	  scale	  out	  

Flows	   Large	  data	  flows	  in	  
and	  out	  

Lots	  of	  small	  web	  flows	  

Lock	  in	   Data	  and	  compute	  
portability	  essen>al	  

Lock	  in	  is	  good	  



A	  Key	  Ques>on	  

•  Is	  scien>fic	  compu>ng	  at	  the	  scale	  of	  a	  data	  
center	  important	  enough	  for	  the	  research	  
community	  to	  do	  or	  do	  we	  only	  outsource	  to	  
commercial	  cloud	  service	  providers	  (certainly	  
we	  will	  interoperate	  with	  commercial	  cloud	  
service	  providers)?	  



Part	  4	  
Open	  Science	  Data	  Cloud	  



38	  
www.opencloudconsor>um.org	  

•  U.S	  based	  not-‐for-‐profit	  corpora>on	  that	  develops	  and	  
operates	  cloud	  compu>ng	  infrastructure	  for	  scien>fic	  
projects	  around	  the	  world.	  

•  Manages	  cloud	  compu>ng	  infrastructure	  to	  support	  
scien>fic	  research:	  Open	  Science	  Data	  Cloud.	  

•  Manages	  cloud	  compu>ng	  testbeds:	  Open	  Cloud	  
Testbed.	  

•  Manages	  cloud	  compu>ng	  infrastructure	  to	  support	  
medical	  and	  health	  care	  research:	  Biomedical	  
Commons	  Cloud	  

	  



OCC	  Members	  &	  Partners	  

•  Companies:	  Cisco,	  Yahoo!,	  Intel,	  …	  
•  Universi>es:	  	  University	  of	  Chicago,	  
Northwestern	  Univ.,	  Johns	  Hopkins,	  Calit2,	  
ORNL,	  University	  of	  Illinois	  at	  Chicago,	  …	  

•  Federal	  agencies	  and	  labs:	  NASA	  
•  Interna>onal	  Partners:	  Univ.	  Amsterdam,	  
Univ.	  Edinburgh,	  AIST	  (Japan),	  …	  

•  Partners:	  Na>onal	  Lambda	  Rail	  

39	  



2014	  Open	  Science	  Data	  Cloud	  (IaaS)	  

5	  PB	  2013	  	  
(OpenStack)	  

Infrastructure	  
automa>on	  &	  
management	  

(Yates)	  

Compliance,	  &	  
security	  (OCM)	  

Accoun>ng	  &	  
billing	  

(Salesforce.com)	  

Customer	  Facing	  
Portal	  (Tukey)	  

Data	  center	  network	  

~10-‐100	  Gbps	  bandwidth	  
	  

5	  engineers	  to	  operate	  0.5	  MW	  Science	  Cloud	  

Science	  Cloud	  SW	  
&	  Services	  

•  Virtual	  Machine	  (VM)	  containing	  common	  applica>ons	  &	  
pipelines	  	  

•  Tukey	  (OSDC	  portal	  &	  middleware	  v0.3)	  
•  Yates	  (infrastructure	  automa>on	  and	  management	  v0.1)	   40	  



Third	  party	  open	  
source	  sonware	  

+	  

Tukey	  

Yates	  

Open	  source	  sonware	  
developed	  by	  the	  OCC	  and	  
open	  standards	  

+	  

Data	  center	  

+	  
Data	  with	  permissions	  

+	  
Authoriza>on	  of	  users	  
access	  to	  data	  

+	  
Policies,	  procedures,	  
controls,	  etc.	  

+	  
Governance,	  legal	  agreements	  

+	  
Sustainability	  model	   41	  



Data:	  1	  PB	  of	  OSDC	  
data	  across	  several	  
disciplines	  

Instrument:	  	  
3000	  cores	  /	  	  
5	  PB	  OSDC	  	  
science	  cloud	  

+	  +	  

Team:	  you	  
and	  your	  
colleagues	  

Discoveries	  

correla>on	  
algorithms	  +	  





OSDC	  Public	  Data	  Sets	  

•  Over	  800	  TB	  of	  open	  access	  data	  in	  the	  OSDC	  
•  Earth	  sciences	  data	  
•  Biological	  sciences	  data	  
•  Social	  sciences	  data	  
•  Digital	  humani>es	  	  



OSDC	  Working	  Groups	  



Matsu Working Group: 
Clouds to Support Earth Science 
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matsu.opensciencedatacloud.org	  



Matsu	  Architecture	  

Hadoop	  HDFS	  

Matsu	  Web	  Map	  	  
Tile	  Service	  (WMTS)	  

Matsu	  MR-‐based	  
Tiling	  Service	  

NoSQL	  Database	  

Images	  at	  different	  zoom	  layers	  
suitable	  for	  OGC	  Web	  Mapping	  Server	  

Level	  0,	  Level	  1	  and	  Level	  2	  
images	  

MapReduce	  used	  to	  process	  Level	  n	  to	  Level	  n+1	  
data	  and	  to	  par>>on	  images	  for	  different	  zoom	  
levels	  

NoSQL-‐based	  
Analy>c	  Services	  

Streaming	  Analy>c	  
Services	  

MR-‐based	  Analy>c	  
Services	  

Analy>c	  Services	   Storage	  for	  WMS	  >les	  and	  
derived	  data	  products	  

Presenta>on	  Services	  

Web	  Coverage	  
Processing	  Service	  

(WCPS)	  

Workflow	  Services	  



Bionimbus	  	  
Working	  Group	  

bionimbus.opensciencedatacloud.org	  (biological	  data)	  



Bionimbus	  Protected	  Data	  Cloud	  
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OpenFlow-‐Enabled	  Hadoop	  WG	  

•  When	  running	  Hadoop	  some	  map	  and	  reduce	  jobs	  
take	  significantly	  longer	  than	  others.	  

•  These	  are	  stragglers	  and	  can	  significantly	  slow	  down	  
a	  MapReduce	  computa>on.	  	  

•  Stragglers	  are	  common	  (dirty	  secret	  about	  Hadoop)	  
•  Infoblox	  and	  UChicago	  are	  leading	  a	  OCC	  Working	  
Group	  on	  OpenFlow-‐enabled	  Hadoop	  that	  will	  
provide	  addi>onal	  bandwidth	  to	  stragglers.	  	  

•  We	  have	  a	  testbed	  for	  a	  wide	  area	  version	  of	  this	  
project.	  



OSDC	  PIRE	  Project	  

We	  select	  OSDC	  PIRE	  Fellows	  
(US	  ci>zens	  or	  permanent	  
residents):	  	  
•  We	  give	  them	  tutorials	  and	  
training	  on	  big	  data	  science.	  

•  We	  provide	  them	  
fellowships	  to	  work	  with	  
OSDC	  interna>onal	  
partners.	  

•  We	  give	  them	  preferred	  
access	  to	  the	  OSDC.	  

Nominate	  your	  favorite	  scien>st	  as	  an	  OSDC	  PIRE	  Fellow.	  	  
www.opensciencedatacloud.org	  	  (look	  for	  PIRE)	  



OSDC	  Sonware	  Stack	  



Tukey	  

•  Tukey	  (based	  in	  part	  on	  Horizon)	  v0.3.0	  
•  We	  have	  factored	  out	  digital	  ID	  service,	  file	  
sharing,	  and	  transport	  from	  Bionimbus	  and	  
Matsu.	  



Yates	  

•  Automa>on	  
installa>on	  of	  
OSDC	  sonware	  
stack	  on	  rack	  of	  
computers.	  

•  Based	  upon	  Chef	  
•  Version	  0.3.0	  



UDR	  

•  UDT	  is	  a	  high	  performance	  network	  transport	  protocol	  (v0.9.4)	  
•  UDR	  =	  rsync	  +	  UDT	  	  
•  It	  is	  easy	  for	  an	  average	  systems	  administrator	  to	  keep	  100’s	  of	  TB	  

of	  distributed	  data	  synchronized.	  	  
•  We	  are	  using	  it	  to	  distribute	  c.	  1	  PB	  from	  the	  OSDC	  



UDT	  Tuning:	  Buffers	  and	  CPUs	  	  

Configuration Change	
 Observed Transfer 
Rate	


Time to Transfer 1 TB 
(minutes)	


UDT and Linux 
Defaults	
 1.6 Gbps	
 85	


Setting buffers sizes to 
64 MB	
 3.3 Gbps	
 41	


Improved CPU on 
sending side with 
processor affinity	


3.7 Gbps	
 36	


Improved CPU on 
receiving side with 
processor affinity	


4.6 Gbps	
 29	


Improved CPU on both 
sides with processor 
affinity on both sides	


6.3 Gbps	
 21	


Turn off CPU 
frequency scaling and 

set to max clock speed	

6.7 Gbps	
 20	




Open	  Science	  Data	  Cloud	  Services	  

•  Digital	  ID	  services	  
•  Data	  sharing	  services	  
•  Data	  transport	  services	  (UDR)	  
•  What	  other	  core	  services	  are	  essen'al?	  
•  Of	  course,	  working	  groups	  and	  applica>ons	  
always	  add	  their	  own	  services	  

•  These	  core	  services	  will	  hopefully	  make	  the	  
OSDC	  abrac>ve	  as	  a	  pla�orm	  (PaaS)	  for	  
scien>fic	  discovery.	  



Part	  5:	  
Analyzing	  Data	  at	  the	  Scale	  of	  a	  Data	  Center	  

Source:	  Jon	  Kleinberg,	  Cornell	  University,	  www.cs.cornell.edu/home/kleinber/networks-‐book/	  



experimental	  
science	  

simula>on	  
science	  

data	  science	  
(big	  data	  biology,	  
medicine)	  

1609	  
30x	  

1670	  
250x	  

1976	  
10x-‐100x	  

2004	  
10x-‐100x	  



What	  are	  the	  founda>ons	  for	  data	  science?	  



Is	  More	  Different?	  	  Do	  New	  Phenomena	  
Emerge	  at	  Scale	  in	  Biomedical	  Data?	  

Source:	  P.	  W.	  Anderson,	  More	  is	  Different,	  Science,	  Volume	  177,	  Number	  4047,	  4	  August	  1972,	  pages	  393-‐396.	  



Complex	  models	  
over	  small	  data	  that	  
are	  highly	  manual.	  

Simpler	  models	  
over	  large	  data	  that	  
are	  highly	  
automated.	  

Small	  data	   Medium	  data	  

GB	   TB	   PB	  

W	   KW	   MW	  



Several	  ac>ve	  voxels	  were	  discovered	  in	  a	  cluster	  located	  within	  the	  salmon’s	  
brain	  cavity	  (Figure	  1,	  see	  above).	  The	  size	  of	  this	  cluster	  was	  81	  mm3	  with	  a	  
cluster-‐level	  significance	  of	  p	  =	  0.001.	  Due	  to	  the	  coarse	  resolu>on	  of	  the	  
echo-‐planar	  image	  acquisi>on	  and	  the	  rela>vely	  small	  size	  of	  the	  salmon	  
brain	  further	  discrimina>on	  between	  brain	  regions	  could	  not	  be	  completed.	  
Out	  of	  a	  search	  volume	  of	  8064	  voxels	  a	  total	  of	  16	  voxels	  were	  significant.	  	  
	  Craig	  M.	  Benneb,	  Abigail	  A.	  Baird,	  Michael	  B.	  Miller,	  and	  George	  L.	  Wolford,	  Neural	  correlates	  of	  
interspecies	  perspec>ve	  taking	  in	  the	  post-‐mortem	  Atlan>c	  Salmon:	  An	  argument	  for	  mul>ple	  
comparisons	  correc>on,	  retrieved	  from	  hbp://prefrontal.org/files/posters/Benneb-‐Salmon-‐2009.pdf.	  





Environmental	  Factors	  and	  Cancer	  

Source:	  Maria	  Paberson,	  University	  of	  Chicago.	  



Building	  Models	  over	  Big	  Data	  

•  We	  know	  about	  the	  “unreasonable	  effec>veness	  of	  
ensemble	  models.”	  Building	  ensembles	  of	  models	  
over	  computer	  clusters	  works	  well	  …	  

•  …	  but,	  how	  do	  machine	  learning	  algorithms	  scale	  to	  
data	  center	  scale	  science?	  

•  Ensembles	  of	  random	  trees	  built	  from	  templates	  
appear	  to	  work	  beber	  than	  tradi>onal	  ensembles	  of	  
classifiers	  

•  The	  challenge	  is	  onen	  decomposing	  large	  
heterogeneous	  datasets	  into	  homogeneous	  
components	  that	  can	  be	  modeled.	  

Source:	  Wenxuan	  Gao,	  Robert	  Grossman,	  Philip	  Yu,	  and	  Yunhong	  Gu,	  Why	  Naive	  Ensembles	  
Do	  Not	  Work	  in	  Cloud	  Compu>ng,	  Proceedings	  of	  the	  The	  First	  Workshop	  on	  Large-‐scale	  
Data	  Mining:	  Theory	  and	  Applica>ons	  (LDMTA	  2009),	  2009.	  	  



New	  Ques>ons	  

•  How	  would	  research	  be	  impacted	  if	  we	  could	  
analyze	  all	  of	  the	  data	  each	  evening?	  

•  How	  would	  health	  care	  be	  impacted	  if	  we	  
could	  analyze	  of	  the	  data	  each	  evening?	  



Part	  6	  
Key	  Ques>ons	  for	  This	  Workshop	  



•  Ques>on	  1.	  	  How	  can	  we	  add	  partner	  sites	  at	  other	  loca>ons	  
that	  extend	  the	  OSDC?	  	  In	  par>cular,	  how	  can	  we	  extend	  the	  
OSDC	  to	  sites	  around	  the	  world?	  	  How	  can	  the	  OSDC	  
interoperate	  with	  other	  science	  clouds?	  

•  Ques>on	  2.	  What	  data	  can	  we	  add	  to	  the	  OSDC	  to	  facilitate	  
data	  intensive	  cross-‐disciplinary	  discoveries?	  

•  Ques>on	  3.	  	  How	  can	  we	  build	  a	  plugin	  structure	  so	  that	  
Tukey	  can	  be	  extended	  by	  other	  users	  and	  by	  other	  
communi>es?	  

•  Ques>on	  4.	  What	  tools	  and	  applica>ons	  can	  we	  add	  to	  the	  
OSDC	  facilitate	  data	  intensive	  cross-‐disciplinary	  discoveries?	  

•  Ques>on	  5.	  	  How	  can	  we	  beber	  integrate	  digital	  IDs	  and	  file	  
sharing	  services	  into	  the	  OSDC?	  

•  Ques>on	  6.	  What	  are	  3-‐5	  grand	  challenge	  ques>ons	  that	  
leverage	  the	  OSDC?	  



Ques>ons	  



Robert	  Grossman	  is	  a	  faculty	  member	  at	  the	  University	  of	  Chicago.	  	  He	  is	  the	  Chief	  
Research	  Informa>cs	  Officer	  for	  the	  Biological	  Sciences	  Division,	  the	  Director	  of	  the	  
Center	  for	  Data	  Intensive	  Science	  (CDIS),	  	  a	  Faculty	  Member	  and	  Senior	  Fellow	  at	  the	  
Computa>on	  Ins>tute	  and	  the	  Ins>tute	  for	  Genomics	  and	  Systems	  Biology,	  and	  a	  
Professor	  of	  Medicine	  in	  the	  Sec>on	  of	  Gene>c	  Medicine.	  	  His	  research	  group	  focuses	  
on	  big	  data,	  data	  science,	  biomedical	  informa>cs,	  cloud	  compu>ng,	  and	  related	  areas.	  	  	  
	  
He	  is	  also	  the	  Founder	  and	  a	  Partner	  of	  Open	  Data	  Group,	  which	  has	  been	  building	  
predic>ve	  models	  over	  big	  data	  for	  companies	  for	  over	  12	  years.	  	  	  
	  
He	  recently	  wrote	  a	  book	  for	  the	  general	  reader	  that	  discusses	  big	  data	  (among	  other	  
topics)	  called	  the	  Structure	  of	  Digital	  Compu>ng:	  From	  Mainframes	  to	  Big	  Data,	  which	  
can	  be	  purchased	  from	  Amazon.	  
	  
He	  blogs	  occasionally	  about	  big	  data	  at	  rgrossman.com.	  	  	  
	  



Major	  funding	  and	  support	  for	  the	  Open	  Science	  Data	  Cloud	  (OSDC)	  is	  provided	  by	  the	  Gordon	  and	  
Beby	  Moore	  Founda>on.	  	  This	  funding	  is	  used	  to	  support	  the	  OSDC-‐Adler,	  Sullivan	  and	  Root	  facili>es.	  
	  
Addi>onal	  funding	  for	  the	  OSDC	  has	  been	  provided	  by	  the	  following	  sponsors:	  
	  
•  The	  Bionimbus	  Protected	  Data	  Cloud	  is	  supported	  in	  by	  part	  by	  NIH/NCI	  through	  NIH/SAIC	  Contract	  

13XS021	  /	  HHSN261200800001E.	  	  
•  The	  OCC-‐Y	  Hadoop	  Cluster	  (approximately	  1000	  cores	  and	  1	  PB	  of	  storage)	  was	  donated	  by	  Yahoo!	  

in	  2011.	  
•  Cisco	  provides	  the	  OSDC	  access	  to	  the	  Cisco	  C-‐Wave,	  which	  connects	  OSDC	  data	  centers	  with	  10	  

Gbps	  wide	  area	  networks.	  
•  The	  OSDC	  is	  supported	  by	  a	  5-‐year	  (2010-‐2016)	  PIRE	  award	  (OISE	  –	  1129076)	  to	  train	  scien>sts	  to	  

use	  the	  OSDC	  and	  to	  further	  develop	  the	  underlying	  technology.	  
•  OSDC	  technology	  for	  high	  performance	  data	  transport	  is	  support	  in	  part	  by	  	  NSF	  Award	  1127316.	  
•  The	  StarLight	  Facility	  in	  Chicago	  enables	  the	  OSDC	  to	  connect	  to	  over	  30	  high	  performance	  

research	  networks	  around	  the	  world	  at	  10	  Gbps	  or	  higher.	  
•  Any	  opinions,	  findings,	  and	  conclusions	  or	  recommenda>ons	  expressed	  in	  this	  material	  are	  those	  

of	  the	  author(s)	  and	  do	  not	  necessarily	  reflect	  the	  views	  of	  the	  Na>onal	  Science	  Founda>on,	  NIH	  or	  
other	  funders	  of	  this	  research.	  

	  
The	  OSDC	  is	  managed	  by	  the	  Open	  Cloud	  Consor>um,	  a	  501(c)(3)	  not-‐for-‐profit	  corpora>on.	  If	  you	  are	  
interested	  in	  providing	  funding	  or	  dona>ng	  equipment	  or	  services,	  please	  contact	  us	  at	  
info@opensciencedatacloud.org.	  


