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Abstract. In this paper we conduct an ethnographic study of work to explore the
interaction between scientific collaboration and computing technologies in the emerging
science of metagenomics. In particular, we explore how databases serve to organize
scientific collaboration. We find databases existing across scientific communities where
scientists have different practices and priorities. We suggest while these databases
appear to be boundary objects, they are better understood as boundary negotiating
artifacts. Due to rapid scientific and technical innovation the tools, practices, and scientific
guestions change over the course of merely a few years resulting in challenges for
collaboration.

Introduction

The use of databases is critical for metagenomiense. While databases are
often intended to span the boundaries between cantiesi of practice (Wenger,
1998), they actually serve more as sites for tlgptigtion of scientific methods,
research questions, and worldviews. Due to rapignsfic and technical
innovation the tools, practices, and scientificgjioms change over the course of
merely a few years. We find that multiple databasesuseful for supporting work
in a highly dynamic context of leading edge scientée the production and use
of these databases, and the implications thereincédlaborative work and
technology design, that will concern us in thisgrap




Unlike traditional genomics, which focuses on thenefic code of specific
organisms or species, metagenomics focuses on igigbation of genetic
material within a population of microorganisms. Theve toward metagenomic
approaches has been enabled by technological aelvam®NA sequencing that
have allowed the generation of large amounts od datsignificantly lower cost.
These new technologies have created a number dadrioftastructure-related
challenges, including exponentially increasing cataponal power and data
storage needs and new algorithms for manipulating analyzing data.
Metagenomics also requires an interdisciplinaryraggh, frequently bringing
together ecologists, geneticists, bioinformatigiated computer scientists.

Our research suggests that metagenomics researth@rdormaticists, and
developers of cyberinfrastructure often have angtrgense of an ideal conceptual
Database that would contain all genetic sequentz alad associated metadata,
and often derivative analyses. This conceptual @ and implemented
database systems frequently serve as a boundaoyiateyy artifacts (Bowker &
Star, 1999; Lee, 2007). The multiplicity of datadmsin particular, play a useful
role in supporting highly innovative and dynamigalhanging activities.

Background: Cyberinfrastructure and Databases

Cyberinfrastructures are distributed organizatiosgpported by advanced

technological infrastructures such as supercomputad high-speed networks.
Within the domain of scientific cyberinfrastructaréalso known as e-Science),
the capabilities of cyberinfrastructure are usualliended to be transformative
(Atkins, et al., 2003). Cyberinfrastructures areptyed to support work, often in

the form of collaborative data sharing and, lesguently, analysis. The ability to

pool data can enable scientists to answer questi@isno single investigator or

laboratory could answer individually. Large-scatgadsharing can enable not only
new types of scientific practices, but can alsdbnthe exploration of new types
of scientific questions. Conducting new types aéisce requires new and more
powerful technologies to support communicationadstiaring and analysis, and
access to remote instruments.

The sharing of data, however, is rarely straightfod, Previous research has
shown that that the development of effective CSCWtesns to support data
sharing groups requires a better understandingeotise of data in practice. Data
play two general roles in scientific communitie3: they serve as evidence to
support scientific inquiry, and 2) they make a abctontribution to the
establishment and maintenance of communities aftipea (Birnholtz & Bietz,
2003). Birnholtz and Bietz found that data shareyticularly in fields with high
task uncertainty, is problematic because of thdicdify of communicating
contextual information in the absence of interpeaointeraction. Needed



contextual information includes the nature of theéagthe scientific purpose of its
collection, and the social function in the commuttiitat created it.

Issues of data sharing are critical to the devetgmof large scale information
infrastructures, but a treatment of data sharirukshalso engage a discussion of
databases. In her work on databases as scienstiiments, Hine (2006) found a
mouse genome database to be an emergent strutatiie hecessarily embedded
in particular sets of work practices. She notes tha

The patterns of connection and collaboration iremtific knowledge production involving

databases can thus become both spatially and Igooihplex, building on existing networks

but adding additional density, bandwidth and newsiens (Hine, 2006, p. 293).

In other words, the database is both built upon andbling of scientific
collaboration. The database provides both oppdrasnand constraints.

Boundary Negotiating Artifacts

CSCW has long studied coordinative artifacts foe thurposes of theorizing
collaboration as well as informing the design obupware. Many types of
artifacts have coordinative functions and databgses just the information

contained therein) may be included among theseed®els on coordinative
artifacts have focused on paper and electronic meots (Lutters & Ackerman,
2002; Schmidt & Simone, 1996; Schmidt & Wagner, 208nd have looked at
these documents as boundary objects (Bowker, etl@99; Star, 1987-1989),
boundary negotiating artifacts (Lee, 2007), and ehaput forth useful

methodologies with which to understand how docusienitch as a report can
serve to organize work in the most complex of omzmions (Harper, 1998;
Schmidt & Wagner, 2005). Many of these papers uhelun their purview

spreadsheet documents and databased informatiompgiieet al., 2001; Lee,
2007). Other fields have emphasized that the datalizelf is an important
cultural form that entails a different mode of tiing about the world (Manovich,
2001) and as occasioning a new set of arrangemastepposed to scientific
journals for example, for the communication of stigc information and

methods (Hilgartner, 1995).

Previous research has definedhared information system, such as a shared
database, to be an information system that is bgedhultiple communities of
practice (Pawlowski, et al., 2000). These systemes described as typically
spanning formal organizational boundaries such wtional departments or
business units. Pawlowski et. al (2000) focus oterpnise-wide databases that
support beginning-to-end business processes. Toieythat maintaining a shared
system in an organization is challenging becauggers for system change can
originate in any of the stakeholder areas when wwdctices or requirements
change. Ultimately they suggest that shared inftionadatabases and related
artifacts are boundary objects that require brokgriranslating, coordinating and
aligning perspectives, and addressing conflictysiesns. Although we agree with



the larger premise that databases that are usedilyple communities of practice
are key for boundary work and that these databeespsre brokering, a careful
reading of the original work on boundary objectda(S 1987-1989; Star &
Griesemer, 1989) suggest that these databasesanmjlyabe a combination of
boundary negotiating artifacts and boundary objeotsthey may simply be
boundary negotiating artifacts.

Defining features of boundary objects include thhey pass from one
community of practice to another with little or mxplanation and satisfy the
informational requirements of multiple communit@fspractice. Yet some of the
things we call boundary objects do not actuallysddLee, 2007). Throughout the
literature described above, the following themesireSo-called boundary objects
may require considerable additional explanation d@isdussion to be intelligible;
Artifacts sometimes play a role in thetive negotiation of shared understanding
amongst communities of practice (and thus can bd t enlist participation and
can be adjusted through group interaction); Unsiedided artifacts that are
partial, incomplete, or are intermediary repres@mtia are ubiquitous in
collaborative work; And so-called boundary objecen “fail” to satisfy the
informational needs of collaborating parties (Hesda, 1999; Lee, 2007,
Subrahmanian, et al., 2003). The recurring thenessribed here indicate that the
boundary objects concept is not incorrect, ratherisi incomplete. Other
researchers have grappled with fitting their rededmdings to the notion of
boundary objects. Henderson (1999) found that thenddary object concept
required amendment and suggested the tenscription devices to refer to a type
of boundary object that enlists group participateord that are adjusted through
group interaction. Subrahmanian et al. (2003) psedothe broad concept of
prototypes based on their observation of artifacts that supgpgstematic updating
of boundary objects. Organizational changes, theye,nsometimes caused
boundary objects to be unable to support activitipay et al. (2001), in their
work on molecular biologists and computer sciestisefer toboundary objects
in-the-making which are unstable objects that still work to litaie collaboration
across communities by giving people common ground discussion and
negotiation. They note that in the absence of deramoperation, boundary
objects in-the-making are necessary to confront eswbncile different local
meanings.

We stress the importance of adopting a strict dedim of boundary objects
that is true its origins. By doing so, we can fudlgpreciate just how large and
nuanced is the research and design space when ceptabe idea that many
artifacts and practices are not just crossing beawing, pushing, pulling, and
everything else on, around, and through communitiegractice. Boundary
negotiating artifacts provide a lens through whighcan view the myriad uses of
artifacts, many of them messy and ad hoc. Boundegytiating artifacts:

« Are surrounded by sets of practices that may or maaye agreed upon by participants
« Facilitate the crossing of boundaries (transmittirfigrmation)



« Facilitate the pushing and establishing of bouredafilividing labor)
« May seem “effortful” in use as opposed to efforles
« Are fluid: 1) a boundary negotiating artifact cdrange from one type to another when
the context of use changes; and 2) a boundary iaéiggtartifact can sometimes also
simultaneously be physically incorporated or transied into another artifact
e Can be largely sufficient for collaboration
» Are possible predecessors of boundary objects @@®7)
Boundary negotiating artifacts are used to: recordanize, explore and share
ideas; introduce concepts and techniques; crebdmads; create a venue for the
exchange of information; augment brokering actgti and create shared
understanding about specific problems. Scientiitatboration between biologists
and computational disciplines have been noted asrateavor that requires
interpretive frames to be brought together:

At the end of the day, people in biological and patational disciplines try to produce
biological understanding by bringing their distimet interpretive frames together. But as we
have discussed, it is likely that there will be angoing need for negotiation between
disciplines. It is not the case that biologists c@mply learn how to run the numbers; the
numbers and way to run them continue to be proltiemaa biologists ask new questions and
encounter new forms of data. Similarly, mathematisiand computer scientists are challenged
to develop new analytical methods to deal withfteeibility and multi-dimensionality of living
systems. Biologists and computation experts ne@drtinue their collaboration. (O'Day, et al.,
2001, p. 417)
In the research that follows, we too find that pnactices and interpretive frames
of biologists and computational disciplines neethédorought together, but in the
area of metagenomics research there is even gskaiborative complexity. We
find that the communities of biologists who areatpting to share databases have
diverse practices, interpretive frames, and differgcientific concerns that are

brought together by databases which function asideny negotiating artifacts.

The Current Study

We employed ethnographic research methods whicbhiad entering into sites
involved in the production of metagenomics reseamt databases, getting to
know the people involved, participating in the gaibutines of the setting, and
observing what is going on. Our goal was to obsemswdinary conditions,
responses to events, and experience events owwsswauch as possible in order
to understand “social life as process” (Emerson).etL995).

Our engagement with these communities began isuh@ner of 2007, and is
ongoing at the time of writing. Our initial focusaw on one particular
metagenomics database project, and our primarysfé@muthe first year of our
engagement was on the team developing the dataWssénterviewed as many
members of the development team as we could, séthem multiple times. For
four months of this time, one of the authors atéehdeekly project meetings, ad



hoc meetings, and spent at least one day per wedking from an assigned desk
in the development team area.

In the second year of engagement, our focus shitiedeveloping a broader
understanding of the landscape of cyberinfrastrector metagenomics research.
We interviewed microbiologists, bioinformaticisteomputer scientists, and
representatives of funding agencies. We intervielba@tth users and developers of
several major genomics and metagenomics databAsesattended conferences
and workshops devoted to metagenomics researcdhats development, and the
development of standards. For the past seven moaottes of the authors has
attended weekly laboratory meetings at an acaderolecular biology laboratory
engaged in metagenomics research.

In total, this amounts to thirty-three formal intews and well over one-
hundred hours of on-site observation and infornagversation. Interviews were
semi-structured and ranged from thirty minutes ¢arty two hours, with most
lasting between sixty and ninety minutes. Transioms of the interviews, field
notes, and various indigenous documents were codAatlas.ti using a grounded
theory approach (Glaser & Strauss, 1967).

A Metagenomics Primer

The term “metagenomics” was coined in 1998, andlevhhere is some

controversy about the exact definition of the tertngenerally refers to using

genomics techniques to study communities of migaoisms (Chen & Pachter,
2005; Handelsman, et al., 1998). Until recentlywias necessary to culture
microorganisms in a laboratory in order to prodaneugh DNA for sequencing.
However, it is estimated that less than one peroktite world’s microorganisms

can be cultured using standard laboratory techsidbieigenholtz, et al., 1998).
Advances in DNA amplification techniques and newgquamcing technologies
have significantly reduced the cost of sequencimdjraade it possible to analyze
DNA without culturing, giving scientists accessamewfound wealth of genetic
information.

Metagenomic techniques are relevant to a numbdielofs, including marine
ecology, medicine, energy production, and enviramiaderemediation, to name a
few. In a typical metagenomic experiment, sciestibegin by sampling the
microorganisms from a particular environment. Faxareple, a marine
microbiologist may pass seawater through a sefigsagressively smaller filters
to isolate a particular kind of microorganism (@es, bacteria, etc.). DNA is then
extracted from the organisms and prepared for sejug While the specifics
vary across manufacturers and technologies, marpg®aeomic analyses use
“shotgun sequencing,” in which the long strand®BfA are randomly broken up
into shorter segments which are “read” by the segeie Depending on the
technology, these “reads” range from 20 to 400 haeses in length. Longer



segments of DNA are then computationally reconstaiby searching for areas of
overlap among the shorter segments.

Because of the number of different organisms in ghmple, this technique
typically results in only a small portion of eachlganism's genome being
sequenced. Through a combination of statisticdirtieues and comparisons to
known genomes, scientists can identify the mostvglemt organisms in their
sample and estimate the diversity of organismé fgopulation. Scientists can
also study the functional capacities of the popotatof microorganisms in
relation to their environment, for example, theligbiof marine microbes to
metabolize phosphorous (Gilbert, et al., 2009)har influence of the microbial
population of the gut on obesity (Turnbaugh, et2008).

Computation in Metagenomics

A discussion of metagenomics practice would bernmaete without a discussion
of the computational resources on which metagermmaties. Metagenomics
would not be possible without a broad array of cotaponal tools and
information systems. Computation is so centrah®work of these scientists that
most of our senior biologists spent very little ¢irat “the bench” working with
wet materials. Although their students spent more tat the bench and in the
field collecting samples, our senior participaritseported spending at least 90%
of their research time at a computer.

Our participants often resort to the metaphor gégiv puzzles to explain the
role of computation in metagenomics. Environmerdlabtgun sequencing has
been compared to mixing the pieces from many diffejigsaw puzzles in the
same bag and pulling out a few handfuls of theqsedhe computer is used to
put the pieces together when possible, and from réselting fragments of
puzzles, try to figure out how many puzzles weréhimbag and what picture was
on each one.

So the first computational task is to assemblefrdbigmented DNA sequences
(the puzzle pieces) into longer contiguous sequenddis is made more
complicated by differences among sequencing tecgied, which result in
varying read lengths and error rates. Even sonasgds seen to be a relatively
straightforward process compared to the later arsabf the assembled sequences.

Frequently the next step is to make the assemidegdiesices biologically
meaningful by “annotating” them. During annotatithe sequences are analyzed
and compared to existing sequence data in ordeletdify regions of the genetic
code that we already know something about. Depgnaimthe tools used and the
scientific goals, annotation may identify the plogéistructure of the DNA, its
functional properties (e.g. what proteins it progk)¢ or even the organisms that
are known to have this particular sequence. Aniwotas both a computation- and
data-intensive process. Successfully annotatingesezgs requires comprehensive
and well-curated database of known sequences tchvwthe new sequence can be



compared. And even the most powerful automated tatinn systems require
several hours to several days to annotate theptathuced in a single run on a
current DNA sequencing machine.

After annotation, researchers will analyze the #meo sequences using
statistical analysis packages and visualizationsto&/hile there are some “off-
the-shelf” packages available, frequently theselyapa are conducted using
custom software and analysis scripts.

For all of these steps, but especially for annotatand certain forms of
statistical analysis, the scientist must compaeestquences they are studying to
other known sequence data. The need to assemhégtcoompare, and annotate
large volumes of DNA sequence data precipitatesemoons databases. How these
databases are produced and used have implicationsoflaborative work and
technology design.

The Ideal Database

An underlying theme across our participant intemges the notion of an ideal
Databasé.Our participants talked about being able to skiata, across what we
in CSCW would describe as communities of practiogplying that existing
databases are serving as boundary objects and qummgly satisfying the
informational requirements of all. Further inveatign, however, shows that the
notions of the Database are highly idealized andnatelving into the details of
practice, the successful use of these databaseisa®a@ great deal of translational
and interpretive work.

Scientists using metagenomic approaches have agstense that sequence
data is a public good.The scientists we interviewed are keenly awar¢ tha
conduct research in this area it is necessary\e hacess to the data of others in
order to compare genes at hand against previoashydf genes. In order to gauge
environmental trends across time and space andctrtain the unique qualities
of particular genes requires access to amountsatd do vast that no single
researcher or group of researchers could collemigindata. The “Database” is a
particularly evocative concept here: a key featiinmetagenomics research is that
all prior sequence data serves as the baselinestgahich new sequences are
compared.

A biologist working on the design of a databaséesysdescribed one scientific
rationale for creating collections of sequence data

We use a capital “D” when we are referring to tieaceptual ideal Database, and a small “d” when
referring to a specific database system.

2 It should be noted that most of our informantsem@orking on government- or foundation-sponsored
research in academic settings. However, even antbage scientists who were involved with
commercial research, we found that proprietary eame might delay, but usually would not prevent
the public release of sequence data.



In order to understand a new gene that we donivkmbat it does, we need to compare it with
all the other genes that we have in the databatentt know what they do. So we know what
to do, for example, because they have been expetathe verified. We compare the
sequences, computationally and we find the sequertbe database, and based on that, we can
predict what the function of the gene may be. f&mtwhat we also do is we integrate all that
data in a single database because that is whatilgdting the comparative analysis; you must
integrate all the data.
Comparing a new sequence against the Databaseewgeal rthe identity and
function of genes and organisms. Similar compaggonand analyses of “all the
data” are used to understand the evolutionary tyigtborganisms or the diversity
of microbial populations. These comparisons arenexseful for determining if a
gene has been previously identified for patentiappbns.

One of the themes that emerged from our interviemd observations is that
metagenomics researchers, bioinformaticists, and veldpers of
cyberinfrastructure often have a strong sense afeal Database that they would
like to have available or are actively trying teate. While the details of the ideal
Database vary from person to person, generallglidshall available sequence data
and associated metadata, and often derivative sgmlyrhe Data would be well
classified and annotated, and the Database would cootain errors or
redundancies.

The ideal Database is also explicitly collaboratiiee Data would be collected
from and useful to scientists from a wide varieteommunities of practice. Part
of the rationale for spending the large sums of eyorequired to develop such
comprehensive databases is because the Data ceatth racross so many
domains. The same sequence Data are potentialful Use medical research,
environmental remediation, energy production, matio security, drug
development, chemical production, and many othests. The Database is
intended to be a boundary object, providing a siedided repository supporting
cooperation across multiple communities of practice

Our informants tend to think of the ideal Databaseeparate from the specific
database systems they use in their work. One mmtages researcher spoke of
the Database this way:

We also rely on data that is in the database.... &em@te a lot of primary data ourselves, but

if we want to make comparisons, we have to commavehat's in the database. So we will use

EMBL and GENBANK and the data that's in those databases as well.

This scientist refers to all of the sequence davalyced outside of his laboratory
as ‘in the database.” He then goes on to list specific sequence datakgstems

he uses. This was a common trope across many ahtauviews with scientists.

When we asked them to describe the process of Aanglgequence data, they
would often say that they compared the sequence ftthaty generated in their
laboratories to “all the other sequence data” @efg other known sequence.” On
the other hand, when we observed their work or chdke scientists to tell us



about the specific databases they used, we fouamdthiey often used multiple
databases, none of which actually contained alDiditz.

The lack of integration of databases and datasetdas usability problems for
scientists. As no single database contains allhef Data, scientists will often
create their own local aggregated datasets to witk

It's very important to have all metagenomes gatthe@ogether in one platform so that when

people look for metagenomes they don’t have toege land here and, you know, it makes it all

convenient... Yes, if you were doing a complex arialyand gathering data from many
metagenomes and you would have to register orsériger and this server and also this server
to get the metagenomes. And then this server worddide you with some information, this
other one slightly different information and thérdhone another kind of different information.

It just makes it really hard if the data is all teeed around.

There are a number of projects that are workingnetke the ideal sequence
Database a reality. Our respondents reported usengy other database systems
including GENBANK, the HJROPEAN MOLECULAR BIOLOGY LABORATORY
NUCLEOTIDE SEQUENCE DATABASE (EMBL-BANK), the QMMUNITY
CYBERINFRASTRUCTURE FOR ADVANCED MARINE MICROBIAL ECOLOGY
RESEARCH AND ANALYSIS (CAMERA), THE SEED, NTEGRATED MICROBIAL
GENOMES (IMG/M) and others. Probably the most well-knowrddongest-lived
example is GNBANK, which was created in 1982, and is now housedat t
National Center for Biotechnology Information, &idion of the National Library
of Medicine at the National Institutes of HealttENBANK was founded to be “an
annotated collection of all publicly available DNs&quences” (National Center
for Biotechnology Information). A developer of ahet database system told us
about the amount of effort spent to try to createraprehensive database:

We're very aggressive in going out and gettingdadlyi all the data that relate to the public

domain and integrate them. This is one of the nmdshse parts of maintaining and updating the

system, constantly updating and adding everythiagis released to the public domain.
This is made more difficult because sequence da&td@ng generated in many
locations, and even EBIBANK does not contain all of the publicly available
sequences:

There are several other sequencing centers thahadodirectly submit their data into

GENBANK. They are keeping the data and releasing theoughrtheir websites, but they are

not necessarily depositing them directly intBNBANK .

But even with the incompleteness of individual Oate instantiations,
participants still expressed confidence in the lid@égtabase. One developer of a
competing database systems told us:

It doesn't serve the community well if [our dataélstands out there distinguished, beating its

chest, saying we have more data thaBNBANK] or we have different data than f@BANK].

| would argue philosophically that's a losing ségyt and [our database] should not distinguish

itself on what data it contains.

Many of our informants felt that what “the scieneaid “the community” required
was for all of the specific sequence database rmgste be operating on the same
set of Data. Projects are underway to facilitate theation of this universal



Dataset across database systems. For example EN@MBC ROSETTA STONE “is
creating a mapping of identifiers describing cortlgenomes across a wide
range of relevant databases so that informatiomtaggenomes and the organism
from which they derive can be more easily integtaté€Genomic Standards
Consortium, 2008). Their vision is to create ardisted but easily accessible
version of the universal Dataset by connecting mdatabase systems into a
federated database.

However committed scientists and database devedlopsr to realizing a
concrete version of this abstract ideal Databasefimd that the vision for the
Database is contested. Both the ideal Databaspatidular database systems are
implicated in ongoing controversies about apprapriasearch questions, the role
of the researcher, science funding, and scientdiaity. At the same time that
the Database supports collaboration, it is alsojipig a role in the active
negotiation of practices and understandings. Ratian passing easily between
communities of practice, using the databases regusignificant translational
work. Every scientist we spoke with reported usmgltiple databases, often
having to manually reformat, edit, and combinedhbguts of different databases.
The databases often do not contain the contexté@nnation necessary to make
sense of the sequence data. Frequently this resuhsstration for both users and
developers.

The big issues with metagenomics is that the bihiees are dysfunctional. They're not only

dysfunctional for metagenomics, they're also dysfiomal for genomics these days.

The Database is intended to be a boundary objatiwe believe that it is more
productive to understand both the ideal Databadefanindividual instantiations
as boundary negotiating artifacts.

The Database as Boundary Negotiating Artifact

Participants describe the individual sequence dawlsystems as if they were
shadows, poor representations of a widely-agreedrugeal. We find, however,
that by looking across the landscape of databasekifferent picture emerges.
Instead, each decision about the implementatioa pérticular database system
plants a stake for a community boundary. The da&bare not so much imperfect
copies of an ideal as they are arguments about tivbatieal Database should be.

In this section, we will draw on our observatioms anterviews to discuss two
areas of negotiation around the Database. First,wille discuss the close
relationship between the Data and local sciengfiactice. Then we will discuss
the problem of metadata and information completemesequence databases. In
both instances, we find that rather than beinglstabundary objects that move
across community boundaries, the databases areahkdlartifacts that serve as
sites for negotiation of community boundaries.



The Database in Practice

The Database both contributes to and results framensfic practice. To
understand this claim, it is important to look #ldi deeper at the technical
implementation of what are commonly called databa®air respondents speak of
the databases as collections of data, but thattelitypart of the story. It is more
accurate to think of them as database-driven systénat include some
combination of raw sequence data, contextual m&taddata about the
environment from which the sample was collectedpcedural metadata (data
about how the samples were processed), assemlijedrsxes, annotations, pre-
computed analyses, and various tools for data cosgma annotation,
visualization and analysis.

The particular arrangement of data and tools thakemup each of these
systems is driven by particular scientific needse @cientist involved in database
development told us:

So | kind of think it goes back to having that di@s right.... What's your underlying emphasis

for having the database? So, our underlying empligathat we have some questions that we're

trying to answer both in complete genomes and fetagenomes.... Some of the things that

we're trying to do is to take really specific prefls that we're trying to address and use [our

database system] to address some of those problems.
One of the ways that databases are tuned for pkticesearch questions is
through their accession policy. A typical strategyfor databases to focus on a
particular type of organism or environment. Forrapée, there are databases that
focus on marine microorganisms, soil microorganisorganisms found in the
human gut, etc. Another database is attempting dileat data only about
pathogenic organisms.

Another strategy is to focus on a particular tygedata, regardless of the
source. For example, some databases are colleatilyg*16S ribosomal RNA”
sequences. These sequences are subunits of RNAréhaseful for studying the
evolutionary relatedness of species. But theseesems (which also appear in
more general archives likeERBANK) are applicable only to specific kinds of
research questions. One scientist who studies beesrthat cause various diseases
explained why she did not use 16S databases:

Everybody uses 16S and 18S sequences to cateffmeiphylogenetic community present. But
similar organisms may have the same 16S, but hawvpletely different physiology. So some,
like vibrio for example, they're a great example of this. Maityios have the same 16S but
can acquire a few genes, either by horizontal geamesfer, by phage transfer and they become
highly virulent.Vibrio cholerae is a great example of that. You can hail#io cholerae that's

not toxic at all. It acquires one gene from itsgdathe CTX gene. Horribly virulent organism,
but if you look at the 16S, you'll never know.

In other words, the method used by many metagersoragearchers to categorize
an organism, is useless for certain types of questsuch as those about whether
or not an organism is toxic or infectious. 16S seupe databases are useful for
understanding how species relate to each otherfHayt are not sufficient for



understanding how variations in other parts ofgaepome can lead to functional
differences in microorganisms. By choosing to oodjlect 16S sequences, the
database developers have privileged certain sticegtiestions over others.
Database systems are also customized with pantiquiery and analysis tools.
One advisor to a database system told us abouytrdtibem of inheriting data and
tools from a different research community:
So they had a lot of approaches to data analyéisyv, what they were looking for was slightly
different than what the [microbial ecologists] wéweking for, but it was something that many
people were interested in. They were basically borg for genes.... Eventually, all of the data
[they] had in hand plus all of their analysis, auatly became the first datasets in [our]
database. And many of the database structurée® idatabase tools were developed by [them].
And for the purposes that they had at the time thidythat, | think the database was actually
adequate and not too bad. The problem was thaidittdserve [our] community quite as
effectively as one would like. And so we made deseof recommendations over time about
restructuring the system to be more accommodatinibet kinds of questions that the ecologists
were asking rather than the kinds of questionsrit@ecular biologists and gene finders were
asking.
When the microbial ecology project adopted the lukzda system from the
traditional genomic “gene finders,” they expecthd tlatabase to be a boundary
object. They knew they would have to customize iséme extent, but thought it
would be able to “travel across borders and mainsmme sort of constant
identity” (Bowker, et al., 1999, p. 16). In the ertbwever, the system was so
tailored to a specific set of research questioasttie collection of data, the set of
tools, and even the social organization of the qmiojhad to be significantly
changed. New analysis tools were developed andoalid were discarded. Not
only was the database ported to a different teduylthe data itself was
significantly restructured to fit the new tools aapproaches. While the database
development projects had begun by working togeihehe end they were unable
to collaborate. The system that was supposed tthéige groups together could
not be shielded from the controversies that forrtted boundaries between the
communities of practice.

Metadata and Informational Needs

One of the features distinguishing metagenomic @gyres from traditional

genomics is a reliance on contextual data, netadata. Unlike traditional

genomics that focuses on the genetic information ainsingle organism,

metagenomics considers the relationships of popuaktof microorganisms to
their environments. In order to understand, forneple, the effect of changing
ocean temperatures on microbial populations, ih@sessary not only to have
sequence data but also to have associated dathwabere and when the sample
was taken. Ideally, every sequence in the datalvaséd be linked to data about
the environment from which the sample was takea, gbople involved in the
samples collection and processing, and the proesdused to isolate and



sequence the DNA. But collecting, storing, and elisisating this metadata adds
another layer of complexity to the technical exszcof database development.
Metadata and metadata standards become contestiéactsr and sites of
negotiation within the metagenomics and wider gansrmommunities.

One of the defining characteristics of boundaryeoty is that they are able to
satisfy the information needs of different commiasitof practice. However,
changes in the information needs of the community &he inclusion of new
communities can challenge the ability of an artifax be a boundary object.
Metagenomics brings new questions, and existinguesezp databases are
inadequate for the metagenomics community’s needs.

Until recently, most existing sequence databaseslitite, if any, metadata
support. Even if scientists wanted to share megatlabugh the database, often
their only recourse was to add a comment in atiegefield. More commonly, a
scientist wanting to know more about a sequendbeéndatabase would have to
track down associated publications and hope thatatlithors had included the
relevant details. A program officer from a fundiagency described the message
coming from metagenomics researchers:

The community of principal investigators basicalfid, “Look, there’s all these [metagenomic]

data coming down.... The existing databases arelgingd capable of providing us with the

ability to do what we need to do with these datéou’ve got to do something about this.

Because otherwise all of these data will be loststor to the scientific community because the

ability to query on these data will just be gorewon’t happen if you don’t do something.”

Not only were there no metadata-capable databhséshere were no standards
for what contextual data should be collected or howepresent it for storage.
Scientists will typically only collect the data tha relevant for the study at hand.
One scientist expressed frustration about thecditfy of sharing metadata:

You don’'t measure salinity when you work in the arteRight? You just assume the salinity is

about the same.... Unless you've got a CTD [condifgtitemperature, and depth sensor] or

something.... It really depends on what your quessofVhat | think is important as metadata,
in fact what | know is important as metadata, ngbodll ever measure.... We're doing
microbial ecology. Essentially nobody measures wimamicrobes are eating.... That's because
it's a hard thing to measure. But they'll all hamatrient analysis, though. That's because
nutrient analyses are easy to measure.
Having metadata standards is important for bothendidts and database
developers. For scientists, a standard can funa@®m guide for what data to
collect and how to represent it. For the databaseldpers, the standard outlines
what data should be in the database. Metadata atidare in active
development, and some have even been publisheld,(Eteal., 2008), but these
standards are still being negotiated and none beee widely adopted.

But the adoption of these standards reveals thetiatythe Database not only
crosses boundaries but is also implicated in pgsaimd establishing boundaries.
Environmental metadata is extremely important facrobial ecologists, is less
important for some other metagenomic questions, @ndignificantly less



important to many traditional gene- and whole-geedatused users of the
Database. The upshot is that it is important to rtlierobial ecologist that the
geneticist attaches environmental metadata to seguelata, but it is not
important to the geneticist. Similarly, the metadateeded by a marine
microbiologist is significantly different from thateded by someone studying the
microbial population of the human gut. This is assic case of a disparity
between those who must do extra work and those bdmefit from the work
(Grudin, 1989).

In the face of this difference in the value of ndetia between communities of
practice, the database becomes an important siteefptiations of the division of
labor. In a discussion of metadata standards, dpeed of sequence databases
were asked to require contributors to submit stedsdaompliant metadata with
their sequence data. Databases that could not ¢aidwnot) make metadata a
requirement were asked to alter the interface tkenmaetadata submission easier,
to make it easier to limit searches to sequencels mietadata, and to create
certification programs to give special status taussces with compliant
metadata. To use the language of Latour (Latous7 ), %he database becomes a
mechanism for enrolling and controlling othershe treation of a particular kind
of science.

Supporting Collaboration

While biologists, computational biologists, bioinfwaticists, and computer
scientists take the need to work together as gigeligborative endeavors differ
according to content and scope. What matters age pérticular scientific
questions, not disciplinary allegiances or trainiggch set of scientific concerns
requires different types of metadata and diffetgpes of output. The database is
a common denominator but is not sufficient for awpbshing work.
Collaboration in the metagenomics area can be brudassed according to
whether they prioritize biological or environmentglestions, but upon further
investigation those classes quickly breakdown istdbcategories with some
overlapping and some unigue requirements.

We found that the fit between the database systadrtlee scientists’ research
guestions was a more important decision factohwosing a database to use than
the completeness of the database. One researdtierst@bout certain databases
being better repositories than others, but thennwdeked why he chose to use
particular databases, he said:

Researcher: Because of what it does. Becauseaifivelan get out of it.

Interviewer: Is it about the tools or the data thaty have?

Researcher: It's about the results. The differeabsites - you can get the data from any of
those websites. It's about the tools. It's alibetresults that they can produce for you.



Another researcher also emphasized the importafctheo visualization and
analysis tools:
Well, originally | started using [that] databasechase it's a great way to look at functional
analysis.... What you’re looking at is at the fuantl profiles of each one of these samples.
And like | said before, that's really important fanderstanding the function of a community....
And so we can track - and perhaps if you think mfeaosystem, or in this case, a metabolic
system, looking at shifts in the metabolism of Wele system might be more environmentally
relevant than just looking at the change in a paldr strain of bacteria. And so you can see
these massive changes; all sorts of great waysatsepthe data into something that's
biologically relevant.
For this scientist, the most important criteria étoosing this database was the
ability to analyze and visualize the data in a wagt made it “biologically
relevant” to the questions she wanted to answer.tli@se scientists, the best
database was not the one that came closest tdeéhedomprehensive “all known
sequences” Database. Instead, it was the one #satfib the research, in other
words, the one where the entire database systena—sdatictures, tools, and
outputs—came together to best support the scienpiséictice and produce the
most meaningful answers to scientific questions.
Designing databases that work for scientists isranense challenge. There is
a great diversity of need regarding data, metadatd,software tools that stems
from a diversity of scientists and scientific ir@sts. Advances have been made
with technologies like ontologies, which can pra&visemantic mappings across
domains (Schuurman & Leszczynski, 2008). But thallehges described here go
beyond semantics and invoke questions of the \aatdeorganization of scientific
practice. A metagenomicist who has collaboratettiendevelopment of a database
system told us about three stakeholder communities are trying to use a
particular database. He describes the groups amgitargets:

There are at least three moving targets in thigeptoAnd that is that there are the ecologist
metagenomics people, there are evolution peopteatieamore interested in the evolution of the
sequences, you know, what they're telling you alsmaiution; which is actually quite different
how you analyze the data in this case. And therethee just the people that are thinking, like,
just genomes and glorified genomes, right. And'shelso a very different way of looking at the
world. | think that that's a big failing that wedili't recognize that in the beginning as much as
we should have....

We need different outputs. That's kind of the pesbl So you do almost the same thing in the
beginning, but if you're interested in the genorymy want a genome browser, right, you want
to scroll on a genome and look at a gene, wheseait'and everything. If you're someone like
me, you want something that can be funneled inttagistical package. And if you're an
evolutionist, you want the same information, buti yeant to be able to do an alignment with
them. | mean it's the same exact analysis, butfardit ‘what do you do with it at the end’ sort
of thing.... It's the tools that really count.

What we see is that there are a number of comnesniising these database
systems, and each brings its own set of researektiqns and viewpoints. At a
base level they are all using the “same” sequeata 8ut in practice, the Data do
not exist independently of the database systemnBEaecessing “raw” data



requires understanding the particular data cobectn the given system (along
with its potential errors, omissions, and redundes)¢ navigating a particular set
of data standards and formats, and dealing withpréicular query and output
technologies. When a system lets you select dasadoan the presence of a
particular gene but not based on the geographtitot from which they were

sampled, that system reinforces a particular setreskarch questions and
strengthens the boundaries between communitiesaofipe.

While there is a diversity of scientists and sdfentinterests, the larger
challenge is that the research questions are aa@iltyrevolving.

The instruments will continue to improve. But theeyhever going to be perfect because we're

continuing to push the boundaries. So the kindscantific questions we can answer will keep

extending. So we'll have demands for new instrumigom. We'll have demands for new
software tools. And | can make up 20 questions #@natimportant today. Any microecologist
can make up better questions, probably, than latmuot really - some the same, some different
and better than | can about the challenges; thequestions that metagenomics will allow us to
ask and answer. But | think we also feel that we'tdaow the range of questions fully. And so
the same is true for software tools.
As scientists are successful at generating newodsies, as technologists are
successful at developing new technologies, and lsset innovations
synergistically drive each other forward, the reskeajuestions will change and
the range of answerable research questions with alsange. Many of our
participants discuss being drawn to “metagenomardst and some of our
participants refer to metagenomics as a new digeiplt is not a far stretch then
to assume that as research questions, data, éamolgractices shift and change so
too will the communities around them.

Those wishing to support scientific collaboratidrosld take care to map out
scientific stakeholders according to scientific sfians, and not according to
domain or institutional allegiances. This mapping of concerns must be done
iteratively to keep pace with scientific developrsenFurthermore, CSCW
researchers in this area should be aware thattstgewill talk about databases as
if they function as boundary objects, but that whmessed for more detail,
scientists reveal that their databases requiresat gieal of work in order to meet
the needs of different communities of practice.sThitter phenomenon is not
necessarily a failure of requirements specificatibhe requirements are often
sufficient at the time of collection but are rerstkrinadequate by scientific
advances. Furthermore the multiplicity of databasesa reflection of the
multiplicity of interests and competing knowleddaims that are indicative of a
vigorous scientific community. Some degree of indign may be desirable, even
inevitable, but a high degree of integration amaegearch databases is a
mirage—a utopian ideal. A lofty goal for computapported cooperative science
would be to find ways to support simultaneously perative data sharing and
scientifically competitive (i.e. divergent or ungudata acquisition use, analysis,
and theory building.



Conclusion

New types of science also require new standards;epses, and collaborative
social structures, such as distributed virtual piztions comprised of domain
scientists, information scientists, and enginebfstagenomic science is among
many endeavors that require work to be coordinttezsligh and around multiple
databases. More work is needed to understand hdiabocative work is
structured by multiple databases. The tendency ismids situations where
organizations depend on imperfectly interoperallialthses as merely inefficient
legacy systems is likely glossing over insightsuljost how multiple databases
support not only different types of work but alsdfatent perspectives and
priorities. There is a more interesting story tbabout how they actually serve to
support and constrain work. We also find that theran important connection
between multiple databases and coordinative atsifac

As mentioned in earlier research on boundary natyogj artifacts in a small,
nascent design group using primarily paper docusyeatifacts can be used to
cross boundaries between communities of practicé.tiey can also be used to
affect the division of labor, or in other words,pesh and establish the boundaries
between communities of practice (Lee, 2007). I théper we have looked at
metagenomic science, which is a very different sbrendeavor, and yet it too
requires complex coordination around another typeartifact: the database.
Rather than looking at databases as static, wesehtm look at databases as
existing across scientific communities where therdcsts involved have different
practices and priorities. Due to rapid scientificdechnical innovation the tools,
practices, and scientific questions change overcthese of merely a few years.
The sequences within the databases are relatitagig,Seing a sort of minimum
common denominator, but what make the databasdsl @l relevant are the
array of constantly-changing software tools andhlyigegotiated metadata.

In dynamic environments, the number of true boundéijects that satisfy the
information requirements of multiple communities phactice may be relatively
few compared to the number of prototypes, boundaigcts in-the-making, or
boundary negotiating artifacts. If we can consither database to be another type
of artifact that coordinates multiple perspectivwesg, begin to see how multiple
databases may sometimes be necessary and useduth@lenge for computer
supported cooperative science then becomes howesmingfully support large-
scale collaborations that are reliant on multiplatabases that support a
multiplicity of knowledge building priorities andgctices.
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