Make Research Data Public?—Not Always So Simple

A Dialogue for Statisticians and Science Editors
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Putting data into the public domain is not the séimiey as making those data
accessible for intelligent analysis. A disting@dhgroup of editors and experts
who were already engaged in one way or anothertivtlissues inherent in
making research data public came together witlistitaans to initiate a dialogue
about policies and practicalities of requiring psibéd research to be
accompanied by publication of the research datas dialogue carried beyond
the broad issues of the advisability, the intellatintegrity, the scientific
exigencies to the relevance of these issues tgtgtatas a discipline and the
relevance of statistics, from inference to modetimgata exploration, to science
and social science policies on these issues.

Motivation

For the highest scientific standards to be uphakhy of us agree that scientific findings and
pronouncements need to be supported with factss iglespecially so for findings that directly
impact the health, well-being, or freedom of peo#er science to be open requires provision of
reasonable access to data and meta-data, togdtherlear statements of relevant assumptions,
experiments, and inferences. Yet data today dem @iot available or are provided with
inadequate context. Making data from scientifiicers widely accessible requires grappling
with many problems, from ethical to technologieafiscal. The workshop that prompted this
paper attempted to summarize common threads imoiples for proceeding toward openness

in science. As scientific journals and professicuieties grapple with these issues, attention to
relevant statistical issues must be kept in focMsthe same time the rich opportunities to
participate in and contribute to scientific datashg pose new challenges to the statistics
profession — challenges that are simultaneouslygbigiken up by other computational
disciplines. What are these challenges and oppitigs®

FIrsT is the challengéo act within the professioto establish criteria that define one or more
levels of data availability for data published bgfiessional statistical journals.

SEcoND s the challengé support scientific communitiéy defining statistical criteria that
expand the scope of usefulness of data made akabgtihose communities and their journals.

THIRD is the challengéo provide sound statistical algorithms, moduled apftwaredirectly to
the large, cooperatively generated data bases lestablished and interlinked by scientific
communities that depend upon sharing rare or cdstt.



FouRrTH is the challengéo identify and/or to create special toapecific to the new multi-
faceted research possibilities, and simultaneawsigentify(new) scientific pitfallsarising from
multiple use of rare or compiled data.

FIFTH is the challeng® advance statistical education and use of appedgrstatistical
methodologyor important data in new venues and for new anmis. This is in addition to the
traditional statistics courses and science cowatal levels from pre-college through graduate
school.

This article began with a workshop where statiatisiengaged with science and social science
researchers and editors who are grappling witlteéimsequences of making scientific research
data publicly available. The workshop, held Febr&9, 2008, at the offices of the AAAS in
Washington, D.C., was the first in what is antitgubto be a series developed under the
guidance of the National Institute of Statisticalé®ices’s (NISS'’s) National Priorities

Committee. The format chosen for this workshop ammsxploration in dialogue between
statistics and the sciences. This paper repoussssised and discussed in that workshop, which
were deliberately circumscribed to focus on datiaaathan data processing or archiving, leaving
these important issues to another forum.

Dialogue with Science Editors and Experts

The science journal editors opened the dialogule @periences from their disciplines’
perspectives on the benefits and challenges inngakisearch data available. Advantages and
difficulties varied among the disciplines, eachihgwdifferent implications for Statistics.
Summaries of several of these are presented here.

Katrina Kelner, Deputy Editor for Life Sciencé&xience

Scienceadopted the following data access policy: “Aftablication, all data necessary to
understand, assess, and extend the conclusiohe ofanuscript must be available to any reader
of Sciencé’ This policy resulted from discussion of the bsethe risks and the practicalities

of making data publicly available. When publishangcholarly paper, journals take on the
responsibility of hosting and disseminating theadatderlying the conclusionssciencéas had

an evolving policy on this score. Data can be hdusé¢he main text of the paper itself, in the
supplementary online material, in public reposésyior in rare cases on the author's web site.
Ambiguities remain in implementation and enforcetwthese policies. For example, one
question to decide is: What are “data?” Does tha ttata include raw data (x-ray film), counts
(from radioactivity-measurement instruments), psseel data (sequence data, classified images,
behaviors recorded and counted on a video), suremafiall data values, or tables and figures
prepared for publication? Defining “data” is insaiént without an equally careful definition of
meta-data, i.e., the scientific context within whtbe data can be understood and interpreted.

Obstacles to data sharing may be technical, pedctiad/or legal. Technical issues include
discipline-specific conventions, computer code, arathine-specific embedded preprocessing
software. Practical obstacles include non-unifoyroftformat, massive size of data sets, and



lack of public databases. Legal obstacles includagpy laws, multi-author ownership of the
data, material transfer agreements, and propriefaty sets. As important as any of these is an
author’s desire to capture (first) rewards fronmhes data. (See the recent National Academy of
Science report by COSEPUP for thorough discusdithese issues.)

PropositionThe traditional print-based scientific paper is lomger the
optimal format for presenting peer-reviewed scimtiesults.

Robert Moffitt, Editor ofThe American Economic Review

Data sharing has a fairly recent history in ecorsmand the field is moving gradually toward
more extensive sharing. Economics has some urfégteres that distinguish it from other
disciplines. For example, the majority of datadiby economists is publicly available because
they are provided to all researchers by the govenmimNevertheless, a small but growing
number of economists use confidential informatia@mf firms or other organizations which have
legitimate rights to privacy of information but wehioften will allow selected researchers to
analyze their data. Studies of this kind consitattout 10 percent of submissions to leading
economic journals; and data sharing requires thaipsion of the owning organization, which is
not always forthcoming. However, the main issuedonomics for the 90 percent of research
that uses publicly available data is not data slygrér sebut rather replication of results.
Replication requires knowing how the data were malated in the process of conducting the
analysis. Data may be subsetted, imputed, trimmetliers may be removed; variables and
classifications may be created in the process nflecting the research. The actual analysis files
may comprise a sample, even a random sample, otch targer database; in consequence, the
keys to replication require not only the samplitgpathm but the specific sample. For reasons
that are not always obvious, different researchéien obtain different results when analyzing
data from the same master file; and it is sometitnexase that researchers’ results are sensitive
to the choice of methods used. Other studieslmay actual error.

This focus on replicability and robustness testiag indirectly led to this demand for data-
sharing, a relatively recent phenomenon in econgrfibe professional peer-reviewed journals
in economics have taken a leadership role in isnotion.The American Economic Revieww
requires authors of accepted papers to providethethdata sets and the programs used to
manipulate the data for posting on its web sitds Policy has been well received by the
profession, and compliance has been 100%, alththigllis as a percent of articles based on non-
proprietary data. Most of the other leading jolsmia economics have recently followed the

lead of The American Economic Reviewd are now similarly requiring that authors ofegted
papers provided their data and programs. Proggedgw but steady and the desired “Culture

of Replication” and data sharing that would be myatiis still quite a way off.

Ani Thakar and Jordan Raddick, Johns Hopkins UsitgrSloan Digital Sky Survey (SDSS)

The whole goal of the SDSS, funded by the Nati®@w¢nce Foundation, is to share data with
the World. The “World” means elementary school ettd and teachers, college students and
teachers, foremost researchers, foremost astrosparat the general public - that is, anyone



seriously interested or casually intrigued by thgots in the sky. For years, astronomers took
photos, and astronomers looked at them. Now ingnisrnare digital, yielding petabytes of data
(the equivalent of tens of thousands of CDs). Timalrer of visible galaxies has gone from
200,000 to 200,000,000. After two years of avaligbio astronomers for their research, these
data become public. At today’s rate, the data desiblery two years so that 50% is available to
the public at any time. Techniques (statistical atidrwise) built for the “old days” cannot

drink from this firehose of data. The only feasitMay to access this data is (or could be) on-line,
making the internet potentially the world’s bedéseope. Even so, it has data on every part of
the sky, in every measured spectral band (optkeady, radio). It sees as deep as the world's
best instruments; better still, it is optimal wheyu are awake, and the observing conditions are
always great.

Sharing data with the public is also an accessaming, whether at age 6 or 60, whether
scientist or non-scientist, whether amateur or dupesearcher. Everyone has free choice to look
at any star or any galaxy, to ask questions arfiolrto opinions. Users appreciate the trust
implied by giving them real data; they also neellisuools that work at their level. There is a
huge audience for “Citizen Science;” and this rar&@ chance to show science in action.
However, the research problem must be authentittrentools must yield bona fide
interpretations.

Edward Ungvarsky, Capital Defender, Northern Virgi@apital Defender Office

While forensic “evidence” is hardly a novel conceptriminal law, forensic “science” is
relatively new to criminal cases. Previously, peltechnicians, not the scientifically or
mathematically trained, opined about the signifesanf forensic evidenceBecause their
opinions were accepted at face value, these tdehsitong controlled the presentation of
forensic evidence in coult.

In the late 1980s, science moved into criminal tooms with the advent of forensic DNA
evidence. There was great scientific debate atheuttility of the evidencg,lengthy court
admissibility hearing¥,and national scholarly attention paid to the bigmedd limits of the
evidence. While testing modalities have changed since & firat used in a courtroom in 1986,
typical” forensic DNA analysis is considered by many tdhee“gold standard” of scientific
evidence” Forensic DNA is customarily admitted in courtlwin associated product rule-
based “random match probability estimate,” or thelihood that a randomly chosen, unrelated
person in a particular population would have aipaldr DNA profile that has also been found in

an evidence samplé.

Forensic DNA analysis has advanced to the pointreviendom-match-probability estimates in
the 1-in-quintillions are routinely report€dparticularly in cases where a suspect is idexatifig
trawling a federal database of over seven millioastee and convicted offender profifeSuch
figures call for a re-appraisal of the assumptienderlying random-match-probability estimates
via statistical study of the data contained in tvisl similar state databaskd.aw enforcement’s
strenuous resistance to any effort to access da¢itbases — whether by scholars interested in



scientific study of the wealth of data, or by lawg/seeking to identify the perpetrator of the
offense as the source of an unknown crime scerfégproshould ceas®.

Federal law enforcement also maintains forensialitetes for many other types of physical
evidence that are routinely used in criminal prosieas and are admitted with statements of
source attribution without recognition of probadtil limitsX" These other databases too are
withheld from the type of scholarly investigationdertaken to ensure the accuracy, reliability,
and validity in scientific disciplines. After sonhigh-profile forensic misidentifications and an
in-depth scientific review, new emphasis has bdacggl on the need for research to address the
fundamental scientific validity of these identifiica disciplines! Rather than technicians
simply opining, without any statistical basis, tfatnsic evidence matches a particular source
to the exclusion of all others, research demornisgdhe probabilistic likelihood of such matches
is now recommended. If done correctly, this reseahould convert forensic “evidence” into
forensic “science Recommendations for access to criminal datakasg$or review of
forensic evidence bode well for a new age of sifiergngagement with, and improvement of,
the criminal justice system.

Richard W. Carlson, Editor &farth & Planetary L etters

An observer from outside the earth sciences migdw earth science as a single discipline. A
geologist or geochemist or geophysicist recogrizesnterdisciplinary distinctions. Data
handling in these sub-disciplines has evolved aturite different paths reflecting the types of
data involved and the data analysis needs of ffereint disciplines. In seismology, the basic
data, seismograms, are quite simple, with minireabaiated metadata, and hence are relatively
easily archived. Seismic imaging of Earth’s imterhowever, relies on the analysis of tens of
thousands of seismograms recorded from widely spoalities on Earth’s surface. The need
for analysis of large datasets contributed to #isnsology community organizing the
Incorporated Research Institutions for SeismoldByS) whose Data Management Center now
archives, and freely serves, a large fraction efviiorld’s seismic data.

In geochemistry, the basic data are simple (eegnehtal composition of rock samples), but the
metadata are complex and include such informatosample name, collection locality, rock
type, analytical techniques used, and the pre@simal detection limits of the techniques. Until
the early 1970’s, individual rock analyses weredhaon. The small quantities of data and
metadata could be published in paper form in thenals of the discipline. With the advent of
automated geochemical instrumentation, data questiapidly expanded beyond what journals
were willing to publish, leading to the publicatiohdata “summaries”, with the raw data being
retained by the author, often inaccessible to atbsgarchers. Electronic on-line supplements
removed this barrier to the publication of largemplex, digital tables, but the way that such
data tables are served by the journals of theplireiis little improved over the paper-
publishing era.

Attempts to place the published data in relatiafzhbases were initiated only in the last decade.
One example is the EarthChem (www.earthchem.ornglbdse that freely serves geochemical
data for nearly 600,000 rock samples. EarthCheraramodates all essential metadata for each
rock sample and is applicable for both individuadk data and for the mineral constituents of
many rock samples. Dynamic, interactive, web-based interfaces access these data to supply



integrated information about an individual rock gderwith references. This has opened new
research opportunities for cross-disciplinary ases$yof well-studied, well-characterized,
individual rocks. With the addition of fairly singbtatistical summaries and calculations, this is
also changing the education and next generatisgientists. With standards for metadata,
unigue sample identification, map interfaces, igation tools for data selection (rock
sampling), and integrated tools for data analysith students and researchers can explore this
multidisciplinary world. The attraction is easyeplain. The rapid growth of a community of
regular users is proof.

Rolf Apweiler, Past President, Human Proteome Gsgdion (HUPO)

Proteomics is an expensive technology, based os speEstrometer equipment, and dependent
on software to create interpretable data from #lieinstrument output. There are at least five
reasons for making proteomics data available. ¢igri8e has been built upon the knowledge
and sharing of information. (2) Data users arenaaessarily the best analysts nor the best
developers of analytic tools. (3) Meta analysislatfa can recycle previous data and findings for
new tasks. (4) Sharing data allows independenévewi the findings. (5) Simple economics.
“Information, no matter how expensive to create lba replicated and shared with little or no
cost.” (Jefferson) Simply sharing data is not efoug

Available data is not necessarily accessible datsgen data are only made available as
arbitrarily formatted tables, they carry importéintitations. Without source data, true peer
review and validation is not possible; with vemyldé raw material, testing and retesting may be
impossible. The result of the first may be largenbers of publication without validation. The
result of the second may be data hoarding to pratscientist's own line of research. A second
limitation arises from the automated preprocesdiiftgrences in embedded software of
different manufacturers’ instruments, making olijectechnique comparisons difficult or
unachievable. Accessibility requires infrastruciur@mmunity supported standardization,
controlled vocabularies and ontologies, minimunorépg requirements, and publicly available
on-line repositories. Bioinformatics grew up aloidgsthe internet, and this is reflected in the
successful on-line data sharing mechanisms alriggglace in the life sciences.

The final goal is cross-domain integration anddetion. How do we make this all happen? First
are journal guidelines that heavily influence tleeidions made by authors. By first requesting
and then mandating data submission to establisipasbitories, journals provide an important
“stick.” Gaining editorial board and community censis not a foregone conclusion. Secondly,
funders’ support and guidelines contribute botickst and carrots.” Thirdly, the data
repositories must be freely available and reliabedback loops need to be established to
ensure the accumulated data flows back to theassemunity. While there are successes, there
are also authors who will choose whenever possibdeibmit their papers without the burden of
providing truly accessible data.

At the conclusion of the editors’ and experts’ grgstions, one posed two questions:

“But what does Statistics have to do with this?”



“And, what does any of this have to do with St&g®”

In Reply

This article isnotintended to provide the answensr everto identify all the opportunities
although some are referenced. Rather its intawtstimulate responses from the various
members and organizations within the statisticatmuoinity to respond to the challenges that this
complex issue poses for science. At stake aredttedg of openness and preservation of scientific
integrity. At risk is the representation of fautgasoning as science, especially where deep
technical skill is required to discern the critidalgical, or technical flaw. One role of statistis

to clarify the reasoning and to support the sdientiterpretation by meeting the challenges
posed by the science editors and researchers aitkshop.

Challenge #1 — to Act within the Profession
Statistics Journals

Journals in other sciences have struggled andreantd struggle with policies on making
publicly available the scientific data on which #mticles they publish are based. The key issues
apply equally for statistics journals.

Which data are to be made available: Original @attih de-identification of individual
subjects)? Aggregate data? At what scale ofeggdion? Preprocessed data? After how much
pre-processing? Mixed original and synthetic d&aBsamples from original [massive] data?

Key issues also include the mechanics of avaitgbM/ho will maintain the data? Where? In
what form? With what metadata? For how long? Atwiwst? Paid by whom?

They also include preservation of scientific intggof data, security and privacy: How can data
be protected from alteration, deletion or othetatt®n? What about mischievous or even
malevolent reanalysis? What are the IP rights td geoviders when their data is reused? What
about citation permission, caveats, credit? Whotha responsibility to make data available
from interdisciplinary research?

Privacy issues take on a new life when data aegssnds from the primary researchers (data
gatherers) to the public. Once in a more publimaio, abundant auxiliary sources of
information might be joined with the original [déeintified] data to decipher individual identities
of human subjects or of proprietary information. buarantees of privacy can be given to
study subjects or to individual suppliers of datspecially proprietary or confidential data?

Journals themselves have additional issues: Homedew responsibilities change when
available data is reused by a new author? Do rereweed access to original data prior to
acceptance and will reviewers be willing to exantimeg data? What about papers presenting
conflicting inferences from a single data set? Wiilbpay for the data archives? Will authors



publish their best work in journals that requiréadavailability (and the additional work by the
authors to prepare the data for archiving)? Famgde, does an archeologist have to provide
data obtained from years of investigation withfingt paper published using the data?

The struggles to arrive at answers to these gueskiecome worthwhile when the data become
truly accessible to additional users to answemsifie questions that could or would not be
addressed otherwise and also become availablatistisians and others to develop and validate
new statistical methodology.

Is data availability impossible? Probably, No.r B Annals of Applied Statistigd OAS,

authors are strongly encouraged to make data ngbeir papers available. Data sets as well as
software and extensive mathematical derivationsearewed with the paper. When a paper is
accepted for publication, these supplementary madgeare placed in the dedicatt@ASData

and Software Archive at StatLib. Numerous statisfpurnals, such @&ometricsand the

Journal of the American Statistical Associatialso encourage authors to make their data
available. The extent to which the authors areired to make data available varies.
Biostatisticshas created the position of editor for reproduitybiin addition to annotating all
articles to indicate availability of data and ofleo

Responsibilities and a Caveat

Nothing can capture everything that happened addtewere originally being gathered or
generated or even as they were originally beindyaed. But a secondary user is going to be
severely hampered or misled if key information issimg. The federal agencies and other
organizations have long dealt with provision offisignt information for a responsible
secondary user to know what is possible and whattipossible to assume about the process of
assembling data in the data base. For examplachieas a data storage and retrieval resource
for the proteomics community that allows variougels of data annotation (Falkner and
Andrews 2007).

The researchers responsible for origination ofdida cannot be held accountable for the
objectives or the accomplishments of secondarysusfethe data. The original researchers can
however make responsible secondary data use possitiithereby promote further
achievements.

Challenge #2 — to Support Other Sciences
Statistical Criteria

Some issues, such as completeness of scientifedaiet, have significant consequences for
statistical analysis and for design of studiesiiporating publicly available data. Important
specific issues, e.g., time limitations on defanis of terms and differences in the refinement of
measurements possible with different generatiomaadsurement equipment, can be highlighted
by their impact on the final results obtained thlgylostatistical analysis and thence on the
conclusions to be drawn. Nonetheless, since thesef primaryscientificconcern, both

individual scientists and the professional socgetar their disciplines are keenly aware of these.
Identification of relevant scientific metadata mhetthe responsibility of the scientists working
in the field; and as an example, in astronomy worttevelop a taxonomy is well-advanced.



What fewer scientists appreciate is the need fostitistical metadatastill fewer claim the
expertise to define these. Some scientists mayfioviding metadata too time consuming
without a deeper understanding of the benefitpfoviding it. Articulating the questions that
must be answered to ensure statistical validityenifterpretation or reuse of scientific data is the
responsibility of statisticians.

. Does it matter how the data were gathered in tsepglace?

. Does it matter that the results came from dataceapbn (data mining) rather than
an experimental or observational plan?

. Does it matter whether data points were droppetbbor whether those same points
should have been dropped?

. Does it matter if or how missing data was imputed?

. Does it matter how measures of variation were cdatpand/or whether these can
be calculated from the data?

If the first set of questions focuses on the saxpei@mental/analytical questions that researchers
consider in their own research, a second set dtauns arise when data is borrowed,
interpolated or reused, possibly multiple times.

Will it matter if all the researchers studying aerdisease use the identical control group once it
is available through a common database? Whendlgashnot be replicated because it can only
be redundant and therefore is an irresponsibletiiends? Does it matter if “synthetic”
experimental units are created from several aveilsfurces and combined with or treated as
“real” observations? Does it matter if a new dsgacreated by sampling from several data sets
gathered for different purposes is studied instdaalnew sample from a single population?
What are the implications for estimation of vanat? What are the implications for statistical
high-dimensional data analysis?

Why is any of this important to the scientific cargions that will be drawn??

Statisticians have the knowledge to pose the drgaiestions that the scientific researchers need
to answer, and statisticians have the experienpeotide cogent and persuasive illustrations and
explanations demonstrating why these are importAniculating these for scientists to consider
as they archive data or extract data from archivestical for scientists. They need to
understand the extent to which that data can belused valid in a new context.

Data in the public domain is not usefully availabi¢hout the capability of accessing,

organizing, manipulating and [re]structuring it oralysis and for analytic software. Ancillary
(statistical) support could also take the formexfammendations about database structures (e.qg.,
relational data bases) that facilitate analysisven comparative evaluation of statistical

software for those analyses. Statisticians hakentan these roles in the past for standard
statistical methodology, especially with softwaegfprmance testing and provision of reference
data sets. The challenge escalates when more ¢enpiensive or more complex statistical



analytic tools are considered. The separate probferonfiguration of data to allow facile
transfer for sophisticated statistical analysisonees more important as the data sets become
larger, with greater internal complexity. Going bey Excel spreadsheets requires both suitable
data configuration and the requisite data extradibols. Statisticians are well-positioned to
provide guidance in data structures that are antenialthe use of sophisticated statistical
methodology and to the extraction of data for ransibsequent research endeavors. The
challenge to statisticians here is both to advigkta develop a knowledge base for useful
guidance.

Challenge #3 —to Provide Sound Statistics
Statistical Methodology for Aggregated Data

Combining data, whether in large amalgamated dadador simply in assembling from several
individual investigations, presents specific nekdslevelopment of new statistical
methodology. The whole statistical research afeaeta-analysis deals with a number of these
questions (Hedges and Olkin 1985, Whitehead 2G01%);Bayesian methodology often applies
when previous research results are used as a bparjto subsequent studies. Still, there are
new problems for which statistical methods haveyettbeen devised; three of the many kinds
of problems serve as illustrations.

One class focuses on methodology — and the conseegiéor statistical analysis — for subsetting
and/or for identifying matching cases from multipbsources whether for the purposes of
comparison or for creation of an artificial, compesndividual.

A second class focuses on synthetic experimentt themselves — that is, pseudo-experimental
units that are synthesized by attaching two diffeexperimental units from two separate
sources of [different kinds of] information and iglg them together into a single unit with
complete information. For example: combining gesoulstry on one rock sample with physical
data on a second rock of the same sort obtaineddifferent researcher. Or: combining
consumer expenditure survey information from orméiggpant with savings history from a
banking study for a participant matched in termstbhicity, age and census tract.

A third class focuses statistical implicationstod tse and repeated reuse of particular
individuals or experimental units, whether a singtean floor rock of a particular kind or a
single family tree or a single control group froratady of a rare medical condition. This extends
to reuse of code, of models, and of open-sourcesta@id scientific coding.

Recognizing these needs for statistical innovasdhe first challenge, meeting these needs can
follow.

Challenge #4 — to Identify New Needs and New Stdiisal Tools
Statistical Collaboration

Meeting the challenge to respond to “big scienggiatunities requires getting involved at a
fundamental level, then doing thard work on thehard problems, creating theew theoryand
new methodologfor deep, complex science. The interconnectedidigdiplinary databases



offer scientists the opportunity for investigatiatsa new level of complexity. This same
complexity puts new demands on the analytic proaadscreates new opportunities for
collaboration and the extension of high-dimensiatafistical theory and methods to new
arenas.

On a still higher scale, as the scientific reseg@dls become more complex, more and more
often they are also much broader in scope. Omeeprésource that statisticians have long
brought to the collaboration table is the abildyiriterpret the scientific context and then to
formulate a structured approach to a complex proldeccessfully, leading to sound inference
from the research. All thisefore data This statistical thinking now has a place onicm

larger scale to provide a statistically well-thotgtiucture for a program of research and data
collection rather than for a single experiment.e Hata are no longer uni-dimensional, and the
research goals are multi-faceted. Data sets altidimensional and may be compiled from
many sources. The questions on this larger soatevestigate a physical science or engineering
problem can be where in the overall plan to gatiserdata, where to employ statistical
principles, where to simulate, when and how tofyerin the social sciences it may be a matter
of understanding how to combine public and propriesources of data, how to link time
sequences of events and data, how to define merdsiem decision-making (independent,
adversarial, cooperative, informed/uninformed).c©®againbefore dataObviously, with data
the more familiar work is underway.

Challenge #5 — to Use Available Data to Advance Edation in Statistics
Statistics Education Embedded Statistical Software

These new large shared databases are being updathasy research resources and as teaching
tools for undergraduate and gradustience course®y providing some statistical methodology
that is integrated into the database resourcajdtabase creators provide the scientific impetus
as well as a prime opportunity for researcherssindents alike to explore the richness of
[multidisciplinary] information and to discover @resting relationships within the data bases.
Faculty report that use of the western North Anaerieolcanic and intrusive rocks NAVDAT
database (Walker, et al. 2006) in undergraduatéogg to analyze students’ own conjectures
has popularized research as a curricular activitytaas created an unforeseen enthusiasm
among geology students for data analysis with ¢haively simple internal statistical
methodology. (It is not at all clear that this &asf statistics has also created a hunger for high-
dimensional or other more advanced statistical ogsthalthough the high-dimensional data
suggests their great potential.) The scope of 8ky3(Sloan Digital Sky Survey/SkyServer) is
even broader with an open invitation to the putdliexplore and to analyze astronomy data.

At present these explorations are limited primabiythe sophistication of the readily available
(internal) statistical software and the researchietuition or the student’s inquisitiveness.
Incorporation of more extensive statistical toblsth for data exploration and for modeling,
could educate the science students in the powsswfd statistical analytic methods, both simple
and advanced. Simultaneously, utilizing thesedajentific databases in statistics classes
allows primary investigation of interdisciplinary questions ampkcation of exploratory, high-
dimensional and/or other advanced statistical nusthy going beyond textbook data sets.



One challenge to the statistical community is &ntify opportunities and mechanisms to
incorporate statistical software that is equallgaghisticated as the scientific information in
these large resource databases.

A different challenge to the statistical commungtyo take advantage of these rich scientific
data sources and the opportunities they providentbividual investigations in statistics courses.
Textbooks’ focus on end-of-the-chapter problems@mdft-used data sets have served to assist
students to mimic research investigations, witlspeegified questions and data that is well-
adapted to analysis by a specific methodology.s&hmiblic sources of complex data open new
possibilities to make the statistical investigatafrconjectures exciting, even at rather basic
levels. Both NAVDAT and SkySurvey suggest direcsiém explore the information from the
level of elementary school to post-doctoral redeaftie challenge for statistical education will
be to do this as well.

Still the most stunning statement by scientists rmséarchers during the workshop was the
query: What does Statistics have to do with datalawility? And why would Statisticians care
— apart from the policies of their own professigeairnals?

The answer is implicit in these Challenges thatrger from this highly multidisciplinary group
of very thoughtful individuals as they expressed difficulties and the successes in making data
publicly available and usable in each of their iislees. The purpose of this paper is to initiate
a discussion of these important issues within thtssical community. In addition, these issues
need to be examined in each scientific discipliné atimately find their way into the training of
scientists.
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