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The	  Ups	  and	  Downs	  of	  Knowledge	  
Infrastructures	  in	  Science:	  

Implica;ons	  for	  Data	  Management	  
	  
	  Chris'ne	  L.	  Borgman,	  Peter	  T.	  Darch,	  Ashley	  E.	  Sands,	  	  

Jillian	  C.	  Wallis,	  Sharon	  Traweek	  
	  

Knowledge	  Infrastructures	  Project,	  UCLA	  

hGp://www.astro.princeton.edu/~rhl/PreGyPictures/NGC2419-‐core.jpg	  

Digital	  Libraries	  2014,	  JCDL/TPDL,	  London,	  September	  2014	  



•  Australian	  Research	  Council 	  	  
–  Code	  for	  the	  Responsible	  Conduct	  of	  Research	  
–  Data	  management	  plans	  

•  Na'onal	  Science	  Founda'on	  
–  Data	  sharing	  requirements	  
–  Data	  management	  plans	  

•  U.S.	  Federal	  policy	  
–  Open	  access	  to	  publica'ons	  
–  Open	  access	  to	  data	  

•  European	  Union	  
–  European	  Open	  Data	  Challenge	  
–  OpenAIRE	  

•  Research	  Councils	  of	  the	  UK	  
–  Open	  access	  publishing	  
–  Provisions	  for	  access	  to	  data	  

2	  

Open	  data	  policies	  



Image:	  Alyssa	  Goodman,	  Astronomy,	  Harvard	  

Knowledge	  Infrastructures	  
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Knowledge	  Infrastructures	  Project	  
Research	  Ques'ons	  

1.  What	  new	  infrastructures,	  divisions	  of	  labor,	  
knowledge,	  and	  exper'se	  are	  required	  for	  
data-‐intensive	  science?	  	  

2.  How	  are	  the	  infrastructures	  of	  mul'-‐
disciplinary,	  data-‐intensive	  scien'fic	  
endeavors	  established	  and	  how	  are	  they	  
dismantled?	  	  

3.  How	  do	  data	  management,	  cura'on,	  sharing,	  
and	  reuse	  prac'ces	  vary	  among	  research	  
areas?	  	  

4.  What	  data	  are	  most	  important	  to	  curate,	  from	  
whose	  perspec've,	  and	  who	  decides?	  	  

5	  hGp://knowledgeinfrastructures.gseis.ucla.edu/	  



Big	  Data	   Small	  Data	  

Ramping	  up	  data	  
collec'on	  
	  

Large	  Synop'c	  Survey	  
Telescope	  (LSST)	  
	  

Center	  for	  Dark	  Energy	  
Biosphere	  Inves'ga'ons	  	  
(C-‐DEBI)	  

Ramping	  down	  
data	  collec'on	  
	  

Sloan	  Digital	  Sky	  Survey,	  
Parts	  I	  &	  II	  (SDSS)	  
	  

Center	  for	  Embedded	  
Network	  Sensing	  	  	  	  	  	  	  	  	  
(CENS)	  

Knowledge	  Infrastructures	  Project	  
Research	  Design	  
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Research	  Methods	  
Sites	   Interviews	   People	   Ins;tu;ons	   KI	  Project	  

CENS	   77	   72	   4	   2002-‐2013	  

SDSS	   118	   103	   21	   2009-‐	  

C-‐DEBI	   49	   49	   16	   2012-‐	  

LSST	   16	   10	   4	   2014-‐	  

Total*	   260	   232	   40	  

Interviews	  conducted	  to	  date	  by	  Knowledge	  Infrastructures	  Team	  
	  
*	  The	  cells	  do	  not	  total	  because	  of	  overlapping	  par'cipa'on	  in	  ins'tu'ons	  and	  projects.	  
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Big	  Data	   Small	  Data	  

Ramping	  up	  data	  
collec'on	  
	  

Large	  Synop'c	  Survey	  
Telescope	  (LSST)	  [4]	  
	  

Center	  for	  Dark	  Energy	  
Biosphere	  Inves'ga'ons	  	  
(C-‐DEBI)	  [3]	  

Ramping	  down	  
data	  collec'on	  
	  

Sloan	  Digital	  Sky	  Survey,	  
Parts	  I	  &	  II	  (SDSS)	  [2]	  
	  

Center	  for	  Embedded	  
Network	  Sensing	  	  	  	  	  	  	  	  	  
(CENS)	  [1]	  

Research	  Sites	  and	  Data	  

8	  



Center	  for	  Embedded	  Networked	  Sensing	  (CENS)	  

Slide by Jason Fisher, UC-Merced  
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•  NSF	  Science	  &	  Tech	  Ctr,	  2002-‐2012	  
•  5	  universi'es,	  plus	  partners	  
•  300	  members	  
•  Computer	  science	  and	  engineering	  
•  Science	  applica'on	  areas	  



UCLA   USC   UCR   CALTECH   UCM CENTER FOR EMBEDDED NETWORKED SENSING 

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 

CENS data variation 

Borgman, et al. (2007). Drowning in 
data: Digital library architecture to 
support scientific use of embedded 
sensor networks. JCDL 



hGp://skyserver.sdss3.org/dr10/en/sdss/telescope/telescope.aspx	  

•  Planning:	  1990s	  
•  Data	  collec'on	  (I-‐II):	  

2000-‐2008	  
•  25	  ins'tu'ons	  
•  204	  members	  
•  Astronomy	  
•  Astrophysics	  
•  Computer	  science	  
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hGp://classic.sdss.org/includes/sideimages/m51.html	  

hGp://www.galaxyzooforum.org/index.php?topic=280563.0	  

M51	  Galaxy	  

SkyServer	  spectroscopy	  results	  

Data	  
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Center	  for	  Dark	  Energy	  Biosphere	  Inves'ga'ons	  

Repository	  for	  seafloor	  cores.	  Photo:	  Peter	  Darch	  

Interna'onal	  Ocean	  Discovery	  Program	  
Iodp.tamu.org	  

•  NSF	  Science	  &	  Tech	  Ctr,	  2010-‐2020	  
•  20	  universi'es,	  plus	  partners	  (35	  ins'tu'ons)	  
•  90	  scien'sts	  
•  Biological	  sciences	  
•  Physical	  sciences	   13	  



Data:	  Subseafloor	  microbial	  life	  

hGps://sites.google.com/site/adoptamicrobe/home	  
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LSST	  mirror	  in	  lab	  at	  Arizona	  State	  Unviersity.	  
Photo:	  Peter	  Darch	  

LSST	  All	  Hands	  Mee'ng,	  August	  2014,	  
	  Arizona	  State	  University.	  Arrow	  to	  Peter	  Darch	  

•  Planning:	  2000s	  
•  Construc'on:	  2014-‐??	  
•  Data	  collec'on:	  2022-‐2032	  
•  Over	  100	  members	  
•  Astronomy	  
•  Astrophysics	  
•  Computer	  science	  

15	  



Data	  

hGp://www.lsst.org/lsst/gallery/data/lsst-‐imsim-‐october-‐2010	  
16	  



Big	  Data	   Small	  Data	  

Ramping	  up	  data	  
collec'on	  
	  

Large	  Synop'c	  Survey	  
Telescope	  (LSST)	  [4]	  
	  

Center	  for	  Dark	  Energy	  
Biosphere	  Inves'ga'ons	  	  
(C-‐DEBI)	  [3]	  

Ramping	  down	  
data	  collec'on	  
	  

Sloan	  Digital	  Sky	  Survey,	  
Parts	  I	  &	  II	  (SDSS)	  [2]	  
	  

Center	  for	  Embedded	  
Network	  Sensing	  	  	  	  	  	  	  	  	  
(CENS)	  [1]	  

Pairwise	  Comparisons	  of	  Sites	  

17	  



Ramping	  down:	  CENS	  and	  SDSS	  

Similari;es	  
•  Successful	  projects	  
•  Research	  con'nues	  aner	  

funding	  ends	  
•  Loose	  confedera'ons	  of	  

researchers	  
•  Science-‐technology	  

partners	  

Differences	  
•  Scale	  of	  data	  
•  Disposi'on	  of	  data	  
•  Centrality	  of	  data	  to	  

research	  
•  Time	  frame	  of	  research	  
•  Data	  sharing	  and	  reuse	  

18	  



Ramping	  up:	  C-‐DEBI	  and	  LSST	  

Similari;es 	  	  
•  Infrastructure	  investments	  
•  Mixture	  of	  big	  and	  small	  

science	  
•  Planned	  disposi'on	  of	  data	  
•  Widely	  distributed	  partners	  

Differences	  
•  Temporal	  scale	  
•  Heterogeneity	  of	  exper'se	  
•  Heterogeneity	  of	  data	  

prac'ces	  
•  Maturity	  of	  standards	  
•  Community	  building	  

19	  



Small	  data:	  CENS	  and	  C-‐DEBI	  

Similari;es	  
•  NSF	  Science-‐Technology	  

Centers	  
•  Problem	  oriented	  
•  Community	  building	  
•  Mixture	  of	  big	  and	  small	  

science	  
•  Minimal	  data	  standards	  

Differences	  
•  Technology	  vs.	  Science	  

focus	  
•  Disposi'on	  of	  data	  
•  Knowledge	  infrastructure	  

concerns	  

20	  



Big	  data:	  SDSS	  and	  LSST	  

Similari;es 	  	  
•  Common	  personnel	  
•  Temporal	  scale	  
•  Data	  release	  

Differences	  
•  Range	  of	  disciplines	  
•  Scale	  of	  data	  collec'on	  
•  Release	  raw	  vs.	  curated	  

data	  

21	  



Discussion	  and	  Conclusions	  
•  Knowledge	  infrastructure	  needs	  may	  vary	  by	  

22	  

– Temporal	  scale	  of	  research	  
– Degree	  of	  research	  coordina'on	  
– Common	  or	  compe'ng	  data	  
standards	  

– Release	  and	  reuse	  as	  goals	  
– Communi'es	  and	  governance	  



Discussion	  and	  Conclusions	  

– Goals	  of	  research	  
– Scale	  of	  data	  
–  Investments	  in	  data	  
stewardship	  

– Locus	  of	  digital	  library	  
exper'se	  	  

23	  

Fastlizard4:	  tapes	  from	  the	  Kleinrock	  Internet	  History	  Center	  at	  UCLA	  (flickr.com)	  

•  Digital	  libraries	  for	  scien'fic	  data	  may	  vary	  by	  
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