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The data deluge has arrived. Data-driven science is accelerating rapidly, but without the necessary social,
technical, or policy infrastructure to support the capture, management, curation, use, and reuse of those
data. Universities, libraries, funding agencies, and investigators are making critical decisions about what
data to keep, in what form, for how long, and at what price. Academic programs are struggling to teach
new skills in data management and policy, within the disciplines and within the information professions.
All of these efforts are hampered by the lack of robust research that compares sites, disciplines, practices,
and policies over a long period of time. The UCLA Knowledge Infrastructures Team studying data, data
practices, and data curation brings to this problem several decades of research experience in the social
studies of science, digital libraries, and information systems design and development. Related projects by
each of the investigators are linked individually.



Knowledge Infrastructures Project
Research Design

Big Data

Small Data
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Knowledge Infrastructures
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Knowledge Infrastructures:
Intellectual Frameworks and Research Challenges

Report of a workshop sponsored by the National Science Foundation and the Sloan Foundation
University of Michigan School of Information, 25-28 May 2012
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@ ) Research Data Sharing
7/ without barriers

DATA ALLIANCE

Precondition:

Researchers share data



e Rewards
e Responsibility
* Data

* |[ncentives
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* Data
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Publications

Grants

Awards and honors

Teaching
Service

Technologies

Data

Rewards may vary...

TO
GOOD CREDIT
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http://blog.startfreshtoday.com/Portals/170402/images/improve-credit-scorel.jpg



e Rewards
e Responsibility
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Responsibility

Publications are
arguments made
by authors, and
data are the
evidence used to
support the
arguments.

C.L. Borgman (2015). Big Data, Little Data, No Data:
Scholarship in the Networked World. MIT Press

SCICLICC




Responsibility

* Publications
— Independent units
— Authorship is negotiated

* Data
— Compound objects

— Ownership is rarely clear

— Attribution
* Long term responsibility: Investigators

hudsonalpha.org

» Expertise for interpretation: Data collectors and analysts



Attribution of data

* Legal responsibility

— Licensed data @Cl'eative
— Specific attribution required commons

* Scholarly credit: contributorship

“Author” of data
Contributor of data to this publication
Colleague who shared data
Software developer

Data collector

Instrument builder

Data curator

Data manager

Data scientist

Field site staff

Data calibration

Data analysis, visualization
Funding source

Data repository

Lab director

Principal investigator
University research office
Research subjects

Research workers, e.g., citizen science...

"Creative Commons is a
non-profit that offers an
alternative to full
copyright."

creativecommons.org

Briefly...

Attribution means:

You let others copy, @
distribute, display, and

perform your copyrighted

work - and derivative works based
upon it - but only if they give you
credit.

13



 Rewards
e Responsibility
* Data

* |[ncentives
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What are data?
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A role for self-gravity at multiple length scales in the

process of star formation

Alyssa A. Goodman ', Erik W. Rosolowsky™, Michelle A. Borkin't, Jonathan B. Foster’, Michassl Halle'*,

Jers Ksuffmann'? & Jaime E. Pineda’

Self-gravity plays a decisive role in the final stages of star forma-
tlon, where dense cores (sixe ~0,1 parsecs) Inside molecular douds
collapse to form star-plus-disk systemas’, Bus solf-gravity's role az
carlier times (and on lerger lesgth scales, such as ~ 1 parsec) is
undear; some melecelar doud simulatices that do not indude
sclf-gravity ssgpot that ‘tesbulent frggmentation’ alone & sul-
ficient to create & mass distribution of desse cores that resanbles,
and sets, the stellar initisd s fusction’. Here we repeet 2 "den-
drogram” (hicraschical tree-diagrass) asalysis that revesls that
sclf-gravity plays & significast rele over the full range of possible
scales traced by V'CO obuesvations in the L1648 melocalar doud,
bt not everywhere in the observed reglon. [n particelar, more
than 90 per cent of the compact ‘pre-stellar cores” traced by peaks
of dwt emnisslon’ are projected on the sky within one of the den-
drogram’s self-gravitating ‘leaves’. As these peaks mark the loca-
tlons of already-forming stary, or of those probably about to form,
2 wlf-gravitating cocoon seems a critical condition for thelr exist-
ence, Turbulent fragmentation simulations withows self-gravity—
oven of unmagnetized Isothermal material—<can yield mass and
velocity power speciza very similar to what is ebserved i douds
like L1448, Bt & dendrogram of such & simulation” shows that
nearly ol the gas in it (much more thas in the observations)
appears to be sell-gravitatiog. A potestially sigeificant role for
gravity in “noc-adf- gravitating simulations suggpests incomi Y
in sissclation sucmptions and cutpet, and that it is necesary 10
include sclf- gravily in any reslitic sismalation of the star-|i i
process on sabparses scabes,

Spectral-line mapping shows whole maolecular cloods (typically
tens 1o hundreds of parsecs across, and surrounded by atomic gas)
10 be murngieally sell-gravitating'. When altesspts are made to farther
beeak down douds nto pieces wing spmmentation’ routing, some
sell-gravitaling structures are always on whatever scale is
sampled™’. But no olvervational study to date has succensfully wsed
cae spectral-line data cobve 1o ataly how the role of self. gravity varies
o 2 function of scale a=d conditions, within an individual region.

Most past stroctore sdentification i molecular chouds has been
expiicitly non-hierarchical, which malkes difficult the guantification
of physical conditioas on multiple scales vding a dngle data set
Consider, for example, the often-tsed algonthm CLUMPFINDY. In
three-cimensonal {3D) spectral-line data cubes, (1 FIND oper
ales as 2 watershal segmentation ahgorithm, idestfyieg bocal mucinm
in Lhe ponition-positica-velodily (p-p-v) cube and auigning scarly
emission 10 each Jocal maximum. Figure | gives & two-dissensional
(2D} view 1448, our sample star-forsing regon, and Fg 2
imcludes & IMPFIND dexomposition of 2 baed on “CO eluerva-
ticers. As with anry algorithen that does net offer hicschically nested or

-8

overlpping feateres as an opoon, spnificant emission foend between
t clussps i typecally cither appendod 10 the nosrest dump or
rall, uvaadly ‘puthological’, festure nealad 10 escom-
pass all the emisccn being modeled. When applied 10 molocular-lise

10« 0TSpc
- ~

Fipere 1| Nearnirared image of the L1448 star-forming regicn with
compues of molecufar emvission awerlaid, The chanoeds of the colour imnge
corvesponad 1o the peae infrased bunds ] Mbael, H (grees) and K (red), and
the comauns of integrated ixtesaty arc fom 0| 1-0) ermission”.
Tategrated intessiny is o oically, Dum oot quite Toeurly [see
Suppiereermary Todormation ], related 30 coluren deonity . and it gives & view
of ‘s’ of the moleculer gas along lizer of sight, rogandlon of distance or
velocky. The region wthis the yellow box inmediately warecading the
Prosostars has deen imuped tore deeply in e near infrared {using Caler
Alro) than the semwinder of the bax [ IMASS oW revealong protosian
an well ax the seatesed starlight known ax ‘Cloadibiane''' and outflows
wWhich appear comnge o this colour schere . The four WiTard Sall lbds
indicate segions Comuining sl gravitating dense gos, 48 ideriified by 1he
dendoogram asalysis, and the lesves they sdextify are Seat shown in Hg. 2a.
Asterinky sbow the locstions of the four most prominest enbedded young
SIars 0F Compat stellar systems in The segion [se Supplernentary Talde 1),
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forrzing oc ‘pocatellar’ cooen’
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Center for Embedded Networked Sensing

* NSF Science & Tech Ctr, 2002-2012
* 5 universities, plus partners

* 300 members

* Computer science and engineering
e Science application areas
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Documenting Data for Interpretation

Engineering researcher:
“Temperature is temperature.”

CENS Robotics team

Biologist: “There are hundreds
of ways to measure

temperature. ‘The temperature is
98’ is low-value compared to, ‘the
temperature of the surface,
measured by the infrared thermopile,
model number XYZ, is 98.” That
means it is measuring a proxy for a
temperature, rather than being in
contact with a probe, and it is
measuring from a distance. The
accuracy is plus or minus .05 of a
degree. | [also] want to know that it
was taken outside versus inside a
controlled environment, how long it
had been in place, and the last time it
was calibrated, which might tell me
whether it has drifted..”



Center for Dark Energy Biosphere Investigations
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International Ocean Discovery Program
lodp.tamu.org

* NSF Science & Tech Ctr, 2010-2020

* 20 universities, plus partners (35 institutions)
* 90 scientists

* Biological sciences

e Physical sciences




e Rewards
e Responsibility
* Data

* |[ncentives

Persistent URL: photography.si.edu/Searchlmage.aspx?id=5799
Repository: Smithsonian Institution Archives 20




Incentives

* Publications that report the research

Vs.
e Data that are reusable by others

Data
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Image: Alyssa Goodman, Harvard Astronomy 21
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Pepe, A., Mayernik, M. S., Borgman, C. L. & Van de Sompel, H. (2010). From Artifacts to Aggregations: Modeling Scientific
Life Cycles on the Semantic Web. Journal of the American Society for Information Science and Technology, 61(3): 567-582.



Metadata

e Metadata is structured
information that describes,

explains, locates, or META“ATA ISA
otherwise makes it easier HWE m“'E

to retrieve use, or manage
/5 2l T0 THE FUTURE

an information resource.*
— descriptive

— structural

— administrative

*National Information Standards Organization 2004 photo by @kissane



Provenance

* Libraries: Origin or source

* Museums: Chain of custody

* Internet: Provenance is information about
entities, activities, and people involved in
producing a piece of data or thing, which can
be used to form assessments about its quality,
reliability or trustworthiness.*

*World Wide Web Consortium (W3C) Provenance working group

British Library, provenance record: Bestiary - caption: 'Owl mobbed by smaller birds'



Reuse across place and time

Reuse by investigator

Reuse by collaborators
Reuse by colleagues

Reuse by unaffiliated others

Reuse at later times
— Months

— Years

— Decades

— Centuries

http://chandra.harvard.edu/photo/2013/kepler/kepler _525.jpg



Economics of the Knowledge Commons

Subtractability / Rivalry

Low High

Exclusion | Pifficult | Public Goods Common-pool
General knowledge resources
Public domain data Libraries

Data archives

Easy Toll or Club Goods Private Goods
Subscription journals | Printed books
Subscription data Raw or

competitive data

Adapted from C. Hess & E. Ostrom (Eds.), Understanding knowledge as a commons:
From theory to practice. MIT Press.




Q to explore in FaceBase community

How do you assign credit and responsibility for
data creation, curation, use, and reuse?

How will you balance discipline/species-
specific data models and policies with
integrative models?

What data do you expect you to share, with
whom, how, and for how long?

What scientific value do you expect to gain
from sharing data via FaceBase?

knowledge

infrastructures
b ( FaceBase




Q to explore in FaceBase community

* Who invest in data curation, and at what
stages of sharing and reuse?

* What is the scope of overlap between
contributors and users of FaceBase data?

 What scientific value can users obtain from
these data, with what kinds of investments?

knowledge

infrastructures
b ( FaceBase
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