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Data	  deluge!	  

Scien5sts	  
Social	  Scien5sts	  

Funding	  agencies	  
Policy	  makers	  

Humanists	  

Librarians	  
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Digital	  libraries	  



The	  long	  tail	  of	  data	  
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The	  Conundrum	  of	  Sharing	  Research	  Data	  

If	  the	  rewards	  of	  the	  data	  deluge	  are	  to	  be	  reaped,	  then	  
researchers	  who	  produce	  those	  data	  must	  share	  them,	  
and	  do	  so	  in	  such	  a	  way	  that	  the	  data	  are	  interpretable	  
and	  reusable	  by	  others.*	  

h3p://www.tzanis.org/tzanisblog/archives/images/push-‐pull-‐thumb.jpg	  

*Borgman,	  C.L.	  (2012).	  	  The	  Conundrum	  of	  Sharing	  
Research	  Data.	  	  JASIST,	  63(6):1059–1078	  
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Long-‐Lived	  Digital	  Data	  Collec5ons.	  	  (2005).	  
Na5onal	  Science	  Board.	  
h3p://www.nsf.gov/pubs/2005/nsb0540/	  	  



What	  are	  data?	  
•  Size	  ma3ers	  

–  Big	  science,	  li3le	  science	  
–  Big	  data,	  long	  tail	  

•  Origins	  of	  data	  
–  Sources	  and	  resources	  
–  External	  factors	  
–  Purposes	  for	  collec5ng	  data	  

•  Processing	  of	  data	  
– Metadata	  
–  Provenance	  
–  Handling	  data	  
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Case	  studies	  

•  Sciences	  
– Astronomy	  
– Sensor	  networks	  

•  Social	  sciences	  
– Social	  networks:	  Twi3er	  
– Qualita5ve	  interviews	  

•  Humani5es	  
– Buddhist	  philology	  
– Distributed	  collec5ons	  



Astronomy	  

•  Add	  cool	  images	  here	  to	  talk	  over	  
•  Space	  based	  /	  ground	  based	  
•  Wave	  lengths	  
•  Celes5al	  objects	  
•  Pubs	  



Astronomy:	  An	  Info	  Perspec5ve	  
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•  Size	  ma3ers	  
–  Big	  science,	  li3le	  science	  
–  Big	  data,	  long	  tail	  

•  Origins	  of	  data	  
–  Sources	  and	  resources	  
–  External	  factors	  
–  Purposes	  for	  collec5ng	  data	  

•  Processing	  of	  data	  
– Metadata	  
–  Provenance	  
–  Handling	  data	   NASA	  Astronomy	  Picture	  of	  the	  Day	  



Astronomy	  Sources	  and	  Resources	  

•  Phenomena	  of	  interest:	  Celes5al	  objects	  
•  Organizing	  principles	  

•  Coordinates	  on	  the	  sky	  
•  Electromagne5c	  spectrum	  

•  Data	  acquisi5on	  
•  Observa5ons	  of	  the	  sky	  

•  Telescopes	  
•  Instruments	  

•  Output	  of	  computa5onal	  models	  
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Astronomy	  Sources	  and	  Resources	  

•  Data	  disposi5on:	  	  
– Repositories	  /	  archives	  

•  Scien5fic	  mission	  
•  Spectrum	  
•  Region	  
•  Time	  

– Desktop	  /	  lab	  servers	  
•  Observing	  proposals	  
•  Computa5onal	  models	  
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Purposes	  for	  collec5ng	  astronomy	  data	  

13	  h3p://www.cfa.harvard.edu/COMPLETE/	  
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Processing	  data	  for	  COMPLETE	  
•  Survey	  of	  extant	  data	  

–  Three	  star	  forming	  regions	  
–  Mul5ple	  scien5fic	  missions	  
–  Across	  electromagnet	  spectrum	  

•  New	  data	  from	  observing	  proposals	  
–  Pipeline	  processing	  
–  Calibrate,	  standardize,	  validate	  

•  Metadata	  
–  Iden5fy	  and	  retrieve	  data	  from	  archives	  
–  Create	  metadata	  for	  new	  data	  
–  Reconcile	  units	  and	  coordinate	  systems	  

•  Provenance	  
–  Document	  data	  sources	  
–  Document	  team	  workflow	  
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Handling	  data	  for	  COMPLETE	  
•  People	  involved	  

–  Mul5ple	  scien5fic	  missions	  
–  Pipeline	  processing	  
–  CfA	  team	  to	  build	  COMPLETE	  

•  Collec5ng	  the	  data	  
–  COMPLETE	  
–  Other	  sources	  as	  needed	  

•  Processing	  the	  data	  
–  Extant	  tools	  
–  New	  analy5cal	  methods	  
–  New	  visualiza5on	  methods	  

•  Releasing	  the	  data	  
–  COMPLETE	  publicly	  available	  
–  Other	  CfA	  team	  data	  in	  DataVerse	  
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What	  are	  astronomy	  data?	  
•  Scien5fic	  knowledge	  required	  to	  

–  Reconcile	  observa5ons	  from	  mul5ple	  missions	  
– Write	  new	  proposals	  to	  gather	  observa5ons	  
–  Study	  celes5al	  objects	  and	  phenomena	  

•  Disparate	  instruments	  
•  Disparate	  scien5fic	  missions	  
•  Disparate	  metadata	  
•  Dis5nct	  user	  interfaces	  and	  data	  models	  

•  Scien5fic	  contribu5ons	  
–  Crea5ng	  new	  data	  product	  from	  extant	  and	  new	  sources	  
–  Bringing	  diverse	  data	  to	  bear	  on	  extant	  problem	  
–  Innova5ng	  in	  methods	  and	  visualiza5on	  

17	  
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Seismic 

Contaminant transport 

Terrestrial 

Aquatic 

Urban 

Sensor Networked Science 

•  Create programmable, 
distributed, multi-modal, multi-
scale, multi-use observatories 
to address compelling science 
and engineering issues 

•  …and reveal the previously 
unobservable. 

•  From the natural to the built 
environment…  

•  From ecosystems to human 
systems… 
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Field Deployment of Embedded Sensor Networks 

Slide by Jason Fisher, UC-Merced 



Sensor	  networked	  science:	  
	  An	  Informa5on	  Perspec5ve	  
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•  Size	  ma3ers	  
–  Big	  science,	  li3le	  science	  
–  Big	  data,	  long	  tail	  

•  Origins	  of	  data	  
–  Sources	  and	  resources	  
–  External	  factors	  
–  Purposes	  for	  collec5ng	  data	  

•  Processing	  of	  data	  
– Metadata	  
–  Provenance	  
–  Handling	  data	  
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Coupled Human-Observational Systems 

•  Physical observations go from batch 
to interactive process 

•  Rapid deployments are high value 
–  Exploratory research 
–  α/β testing sensors  

•  Take advantage of human observer/
actuator 

•  Addresses critical issues in the field: 
–  Adaptive sampling 
–  Topology adjustment 
–  Faulty sensor detection 

•  Require real time data access, model 
based analysis, and visualization in 
the field 
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Heterogeneous Sensing: Harmful Algal Blooms 



Biological	  sensor	  networks	  
Sources	  and	  Resources	  

•  Phenomena	  of	  interest:	  Harmful	  algal	  blooms	  
•  Organizing	  principles	  

•  Coordinates	  on	  land	  and	  in	  water	  
•  Meteorological	  condi5ons	  
•  Concentra5ons	  of	  algae,	  plankton,	  nutrients	  

•  Data	  acquisi5on	  
•  Sensor	  observa5ons	  of	  water:	  voltage	  
•  Sensor	  network	  data:	  pa3erns,	  flows	  
•  Samples	  of	  water	  

•  Wet	  lab,	  centrifuge,	  pH	  concentra5ons	  
•  Algae,	  plankton,	  nutrients	  

•  Input	  to	  biological	  models	  
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Harmful	  algal	  blooms	  
Sources	  and	  Resources	  

•  Data	  disposi5on:	  	  
– Desktop	  /	  lab	  servers	  

•  Biology	  team	  data	  
•  Engineering	  team	  data	  

– Refrigerators	  /	  freezers	  
• Water	  samples	  
•  Biological	  samples	  

24	  



Purposes	  for	  collec5ng	  HAB	  data	  
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•  Specificity:	  	  
–  Biology:	  Triggers	  of	  harmful	  algal	  blooms	  
–  Computer	  science,	  engineering:	  	  

•  Robo5c	  targe5ng	  
•  Network	  modeling	  
•  Technology	  design	  and	  tes5ng	  

•  Scope:	  	  
–  Biology:	  Specific	  lake	  as	  exemplar	  
–  CS&E:	  Generalizable	  algorithms	  and	  technology	  

•  Goal:	  Co-‐innova5on	  of	  technology	  for	  science	  
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Processing	  data	  for	  harmful	  algal	  blooms	  

•  Survey	  of	  extant	  data	  
– Meteorological	  data	  on	  lake	  
–  Prior	  data	  collected	  by	  these	  teams	  
–  Available	  code,	  algorithms	  

•  Metadata	  
–  Spreadsheets,	  Matlab,	  R	  scripts	  
–  File	  naming	  conven5ons	  

•  Provenance	  
–  Biology	  team	  documents	  biological	  data	  
–  Comp	  sci	  &	  eng	  team	  documents	  sensor	  
network	  data	  
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Handling	  data	  for	  Harmful	  Algal	  Blooms	  

•  People	  involved	  
–  Biology	  team	  
–  Computer	  science/eng	  team	  

•  Collec5ng	  the	  data	  
–  Inves5gators	  
–  Graduate	  students	  

•  Processing	  the	  data	  
–  Biology	  team	  
–  Computer	  science/eng	  teams	  
–  Sta5s5cs	  partners	  

•  Releasing	  the	  data	  
–  Genome	  data	  deposited	  
–  Some	  solware	  code	  deposited	  
–  Other	  data	  shared	  on	  request,	  aler	  publica5on	  

30	  
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Sensor Collected 
Application Data 

Sensor Collected 
Proprioceptive Data 

Sensor Collected 
Performance Data 

Hand Collected 
Application Data 

Flow 

Water depth 

Ammonium 

Ammonia Phosphate 

Water temp 

pH 

Temperature 

Conductivity 

Chlorophyll 

GPS/location Time 

Sap flow 

CO2 

Humidity 

Rainfall 
Packets transmitted 

Packets received 
ORP 

PAR 

Motor speed 

Rudder angle 

Heading 

Roll/pitch/yaw 
Soil moisture 

Nitrate 

Calcium 

Chloride 

Water potential 

Wind speed 

Wind direction 

Wind duration 

Leaf wetness 

Routing table 

Neighbor table 

Fault detection 

Awake time 

Organism presence 

Organism concentration 

Battery voltage 

Mercury 

Methylmercury 

Nutrient concentration 

Nutrient presence 

LandSat images Mosscam 

CDOM 

Bird calls 

What are CENS Data? 

Graphic by Jillian Wallis 



Big	  data	  and	  the	  long	  tail	  

Astronomy:	  COMPLETE	  
•  Big	  science,	  big	  data	  
•  Sky	  coordinate	  system	  
•  Models	  to	  interpret	  

observa5ons	  
•  Disposi5on:	  public	  
•  Purpose:	  How	  do	  stars	  

form?	  

Sensor	  networks:	  HAB	  
•  Li3le	  science,	  long	  tail	  
•  Earth	  coordinate	  system	  
•  Models	  to	  interpret	  

observa5ons	  
•  Disposi5on:	  Private	  
•  Purpose:	  	  

–  What	  triggers	  HAB?	  
–  How	  to	  target	  robo5c	  

sensors?	  

32	  



Big	  data	  and	  the	  long	  tail	  

Astronomy:	  COMPLETE	  
•  Resource:	  extant	  data	  
•  Source:	  new	  observa5ons	  
•  Metadata:	  community	  

standards	  
•  Provenance	  

–  Community	  standards	  
–  Local	  prac5ce	  

•  Handling	  
–  Team	  
–  Many	  people	  prior	  to	  project	  

•  Public	  release	  of	  data	  

Sensor	  networks:	  HAB	  
•  Source:	  new	  observa5ons	  
•  Metadata:	  local	  prac5ce	  
•  Provenance:	  local	  prac5ce	  
•  Handling	  

–  Science	  team	  
–  Biology	  team	  

•  Data	  release	  on	  request	  
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Big	  data	  and	  the	  long	  tail	  

Astronomy:	  COMPLETE	  
•  Use	  of	  observa5ons	  

–  Foreground	  
–  Background	  

•  Astronomy	  data:	  	  
–  Observa5ons	  
–  Data	  products	  

•  Reusable	  by	  domain	  experts	  

Sensor	  networks:	  HAB	  
•  Use	  of	  observa5ons	  

–  Foreground	  
–  Background	  

•  Science	  data	  
–  Observa5ons	  
–  Data	  products	  

•  Computer	  science	  /	  eng	  data	  
–  Solware	  code	  

•  Reusable	  by	  those	  who	  
collected	  the	  data	  
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