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Abstract

We argue that the notion of information integration (II)
should be broadened to include the emerging paradigm of
scientific workflows. To the domain scientist, II often means
an “end-to-end” process, consisting of data acquisition,
transformation, analysis, visualization, and other steps.
Scientific II then requires a new paradigm that combines
a data-oriented approach with a suitable process-oriented
workflow modeling approach. Our experiences over the last
couple of years indicate that scientists have a real need for
this type of “holistic information integration”. To deliver on
this need, we have to (i) look at scientific data and workflow
management issues with the domain scientist’s eyes, and
(ii) solve the quite interesting, multi-disciplinary research
issues arising from this new perspective.

1 Background

The database research community has a long-standing, im-
pressive research record in techniques and methods relat-
ing to data management and information integration (II):
From data models (hierarchical, relational, object-oriented,
semistructured, XML,. . . ), extensions (e.g., active, tem-
poral, spatial, constraint-based) to query languages for
those models and their extensions (e.g., SQL, OQL, Dat-
alog, ECA languages, semistructured QLs, graph QLs,
XQuery), to schema evolution, schema mappings, transfor-
mations, and—last not least—data integration architectures
such as data warehouses and mediators, including their re-
lated query rewriting and answering algorithms (e.g., for
GAV and/or LAV rules), just to name a few. In addition,
over several decades now, the DB community also has been
able to bring together researchers and research results from
different computer science sub-disciplines. Based on this
cross-fertilization, the scope of DB research has expanded
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and new solutions to data management problems have been
developed. DB researchers with at least one foot in an-
other field—whether it be programming languages (e.g.,
functional programming), logic-based knowledge represen-
tation and AI (e.g., automated deduction, logic program-
ming), mathematical logic or complexity theory (e.g., finite
model theory), formal languages (e.g., compilers, automata
theory), decision support systems (e.g., OLAP, data mining
and knowledge discovery), distributed computing (e.g., par-
allel and distributed databases), or business process model-
ing (e.g., workflows)—all have contributed to the field and
advanced the state-of-the-art and/or scope of DB research.
You name it, chances are the database community can right-
fully and proudly claim:Been there, done that!

The Road Not (Yet) Taken. However, when measuring
the real-world impact on variousscientific communities,
e.g., life sciences (say bioinformatics), and other “dash-
informatics” disciplines (geoinformatics, ecoinformatics,
cheminformaticsetc.) and computational sciences (compu-
tational biology, chemistry, physics, fluid dynamics,etc.),
then the record is a bit more mixed and there is a sense
that more could be done, given the right incentives. While
there have been significant research efforts in many areas,
e.g., special kinds of data (say spatio-temporal or multi-
media), query processing and special access methods (e.g.,
for streaming data in sensor networks), the practical impact
seems to be mainly in databases becoming a commodity in
many science disciplines. As computer scientists we of-
ten focus our attention on optimizing machine performance,
i.e., execution time or memory usage. Ironically, we are not
that focused on optimizing the most precious resource in
scientific data management and computing: human time.
As Ben Shneiderman put it [13]:

“The old computing was about what computers could
do; the new computing is about what users can do. Suc-
cessful technologies are those that are in harmony with
users’ needs. They must support relationships and ac-
tivities that enrich the users’ experiences.”



2 Information Integration – Take Two

The current experience of many scientific users with data
management is: It is too hard. Data preparation and “mas-
saging” into the right format is time consuming and te-
dious at best (although ETL tools help); schema mappings,
data integration, and query rewriting all sound good to us,
and maybe even to some (diehard) biologists’ ears, but
when pressed, none of the latter seem eager to do a second
PhD in database theory or work through PODS or ICDT
proceedings. There are of course some specialized tools
and DBMS-extensions out there for information integration
(e.g., GAV/LAV-style); also recent work in model/schema
management to get serious about treating mappings as first-
class objects might lead to further practical impacts. But
from a scientist’s perspective, the problem remains: there
are many bits and pieces, some tools, many sophisticated
techniques, and a couple of “big solutions” (commercial II-
suites come to mind). But no simple, coherent paradigms
(much less: adequate tools) that capture the full spectrum of
scientific information integration have emerged yet. Indeed,
domain scientists often donot think of II as having to do we
schema mappings, query rewritingetc., as these types of II
essentially only restructure thesameinformation. Instead,
scientists are typically interested in integrating fundamen-
tally differentkinds of information for answering scientific
questions,i.e., such scientific II scenarios don’t even enter
the purview of traditional data integration approaches.

Consider,e.g., a systematist who wishes to use both ge-
nomic sequence data and morphological data in the process
of inferring the evolutionary relationships among organisms
[11]: Rather than mapping DNA sequences and morpho-
logical data into a common data format (say XML) or com-
mon schema (not that useful), differentanalysis stepsmay
be applied to each data source to infer phylogenetic trees.
The systematist then may use the assumption that the or-
ganisms have only one true set of evolutionary relation-
ships, and that the phylogenetic trees inferred from inte-
grating genomic and morphological data approximate these
true relationships. Thus, for scientists, II is less about tradi-
tional data integration (though it also plays a role), but about
information integration throughanalytical data processing
pipelines, so-calledscientific workflows[10].

For another typical example, consider a bioinformatics
workflow, chaining together the steps:

d
0→BLAST

1→Motif search
2→TF lookup

3→Fn lookup
4→

Starting with a DNA sequenced (0), BLAST finds a list of
similar sequences (1); for each of these, a list of recognized
sequence motifs is found (2); for each motif, a list of tran-
scription factors (TF) is returned (3); and finally, associated
biological functions are determined for each TF (4).

Again, data is “integrated” by applying computational
steps (here: sequence alignment) to the input data, search-
ing external databases,etc., while “gluing” the overall
process together in the form of an analysis pipeline. Note
that the type signature of the above pipeline can be given as

δ→[δ]→[[µ]]→[[[τ ]]]→[[[[φ]]]] ,
whereδ stands for the type of a DNS sequenced; [δ] for a
list of those;[[µ]] for a list of lists of motifs (resulting from
Motif search) etc.Thus, scientific II via scientific work-
flows often means chaining together computational/analysis
steps, possibly interleaved with conventional data integra-
tion and restructuring steps. The resulting data streams cor-
respond to tagged, nested data collections which in turn can
be naturally represented as XML streams [11].

3 Scientific Workflows: A New Synthesis of
Process and Information Integration

Scientific workflows [10, 14, 9] are now recognized as a
crucial top-layer through which scientists interact with the
(ideally invisible) middle and lower layers of the cyberin-
frastructure “stack”.1 They facilitate eScience by allowing
scientists to model, design, execute, debug, re-configure and
re-run their scientific data analysis, management, and vi-
sualization pipelines. Scientific workflows can be seen as
a new modeling and design paradigm, creating a particu-
lar synthesis of data-driven and process-oriented comput-
ing. Instead of forcing scientists to use Perl or Python for
gluing computational/analytical steps with data transforma-
tion and querying steps (e.g., XQuery, SQL), thus prolif-
erating another “impedance mismatch” with databases, in
our vision, an integrated framework is created: Individual
workflow steps are modeled asactors(components), which
are chained together in dataflow process networks [8],
where actors are seen as independent processes, commu-
nicating by exchanging token streams over uni-directional
channels. This dataflow/process-oriented view provides
domain scientists and workflow designers with a simple,
high-level model for thinking about their analysis pipelines.
The model is suited for conceptual-level workflow design
[2, 12], exposing both task and pipeline parallelism2. Com-
plex subworkflows can be nested and different computation
models can be combined [6]. We envision (and have par-
tially implemented) the use ofsemantic types(logic con-
straints in a suitable ontology language) to facilitate and
combine “smart” actor discovery, workflow composition,
and data integration [1, 2, 3]. Another advantage of work-
flows over script-based approaches is the ability to automat-
ically record and then queryprovenanceinformation (e.g.,

1Scientific workflows are the subject of various new workshops, con-
ferences, special journal issues, and research programs (UK eScience, NSF
Cyberinfrastructure, NIH Roadmap, BIRN, CaBIG, DOE SciDAC)

2. . . and data parallelism, via higher-order functionsmap, fold etc.



token and object dependency graphs) [5], which can then
be used by scientists and workflow engineers to “debug”
workflow runs, explain results, produces re-runs,etc.

Research Questions. From a scientist’s “end-to-end”
perspective, II often involves workflow and experiment de-
sign, execution, and management (actor reuse, workflow
and schema evolution, archival, provenance). Ever more
powerful databases can be used to accomodate scientific
computing needs [7], but a new synthesis of process and
information integration via scientific workflows seems in-
evitable to satisfy the needs in eScience. Many research
questions arise: What are useful computation models? Are
Petri nets useful here or too low-level? Should instead Kahn
process networks be used and extended to streams of nested
data collections? How can we help scientists/workflow de-
signers to create flexible, reusable workflows, yet have op-
timization potential,e.g., for static analysis (debugging dur-
ing design), scheduling of parallel and distributed work-
flows over clusters or grids? Can hybrid types [2] (combin-
ing structural and semantic information) be exploited during
workflow design and execution (optimizing machine and/or
human performance)? How can we do static analysis of sci-
entific workflows that involve both white box actors (query
and transformation actors), black box actors (e.g., external
services), and intermediate, gray actors (e.g., when struc-
tural and semantic types of actor ports are given, but the
overall input/output function is left unspecified). Another
question is: How to model, comprehensible control-flow in-
tensive workflows (e.g., for exception handling, fault toler-
ance,etc.) in a dataflow model [4]?

For many of these challenges we can build on the numer-
ous results from the database community; but we also need
to look at scientific information integration with new eyes.
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