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Chapter 6

A Model-Based Mediator System
for Scientific Data Management

A database mediator system combines information from multiple existing source databasesand
createsa new virtual, mediated databasethat comprisesthe integrated ertities and their rela-
tionships. When mediating sciertic data, the technically challenging problem of mediator query
processingis further complicated by the complexity of the sourcedata and the relationships be-
tweenthem. In particular, oneis often confronted with \complex multiple-world scenarios",i.e.,
in which both the semariics of individual sourcesaswell asthe knowledgeto link them require a
\deeper modeling" than o ered by current databasemediator systems. Basedon experienceswith

federation of brain data, we presen an extension called model-kasal mediation (MBM). In MBM

data sourcesnot only export raw data and schema information but conceptual models (CMs) in-
cluding domain semartics to the mediator, e ectiv ely lifting data sourcesto \knowledge sources".
This allows a mediation engineerto de ne integrated views basedon (i) the local CMs of regis-
tered sourcesand (ii) auxiliary domain knowledge sourcescalled domain maps (DMs) and process
maps (PMs), respectively, which act as sourcesof \glue knowledge". For complex scierti ¢ data
sources,semarically rich CMs are indeed necessary in order to represen and reasonwith scien-
tic rationale for linking a wide variety of heterogeneousxperimental assumptions,obsenations,
and conclusionsthat together constitute an experimental study. We illustrate the challengesusing
real-world examplesfrom a complex neuroscienceintegration problem and presen the methodol-
ogy and someof our tools, in particular the KIND ! mediator prototype for model-basedmediation
of scierti¢ data.

6.1 Background

Seamlesdata accessand sharing, handling of large amounts of data, federation and integration
of heterogeneougata, distributed query processingand application integration, data mining, and
visualization are among the common and recurring broad themes of sciertic data managemem
in many disciplines. A main stream of activity in the bioinformatics domain is concernedwith
sequenceand structural databasessuch as GenBank, NCBI, PDB, SwissProt, etc. and much work
is dewoted to algorithmic challengesstemming from problems, e.g., e cien t sequencealignment
and structure prediction. Howewer, in addition to the well-known challenges of main stream
bioinformatics applications such asalgorithmic complexity and scalability (e.g., in genomics),there
are other major challengesthat are sometimesoverlooked, particularly when considering other
kinds of sciertic data beyond the level of sequenceand protein data, e.g., brain imagery data.
These challengesarise in the corntext of information integration of scienti ¢ data and have to do
with the inherent semartic complexity of (i) the actual sourcedata, and (ii) the \glue knowledge"
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that is necessaryto link the sourcedata in meaningful ways. We argue that traditional federated
databasesystem architectures and those of the more recernt databasemediators developed by the
databasecommunity needto be extendedin order to adequately handle information integration
of complex scierti c data from multiple sources. This extensionsis a combination of knowledge
represenation and mediator technology { in a nutshell:

Model-Basel Mediation = Database Mediation + Knowledge Representation

With respect to their semantic heterogeneity (ignoring syntactic and system aspect), we can
roughly classifyinformation integration/mediation scenarios(scierti ¢ or otherwise) along a spec-
trum as follows: On the one end, we have simple one-world senarios, somewherein the middle
we have simple multiple-world saenarios, and at the other end of the spectrum, we nd complex
multiple-world scenarios. An example of a simple one-world seenario (i.e., in which the modeled
real-world entities can be related easily to one another and come from a single domain) is com-
parison shopping sa for books. A typical query is to nd the cheapest price for a given book
from a number of sourcessuch asamazon.cormand bn.com. An exampleof a simple multiple-world
saenario is the integration of realtor and censusdata in order to annotate and rank real estate
by neighborhood quality. Here, we combine and relate quite di erent kinds of information, but
the relations betweenthe multiple worlds are simple enoughto be understood without deep do-
main knowledge. Examples of complex multiple-world saenarios are often found in sciertic data
managemen and are the subject of this chapter. Thus, \simple" and \complex" here refers to
the degreein which speci ¢ domain semanticsis required in order to be able to formalize or even
state meaningful assaiations and linkagesbetween data objects of interest { it doesnot mean
that the databaseand mediation technology for realizing sucdh mediators is simple.? For example,
to state the problem what the result of an integrated comparison shopping view should be, a
basic understanding of a \b ooks schema" (title, authors, publisher, price, etc.) is sucient. In
particular, the assaiation operation that links objects of interest acrosssourcescan be executed
(at leastin principle) asa syntactic join on the ISBN. Similarly, in the realtor example, data can
be joined basedon ZIP code, latitude/longitude, or street address,i.e., by spatial joins which
can be modeled as atomic function calls to a \spatial oracle". To understand the basic linkage of
information objects, no \insight" into the details of the spatial join is required.

This is fundamertally di erent for complexmultiple-w orld scenariosasfound in many scierti ¢
domains. There, even if data is stored in state-of-the-art (often web-accessiblefdatabases,signi -
cant domain knowledgeis required in order to even articulate meaningful queriesacrossdisciplines
(or within di erent micro-worlds of a single discipline); cf. the examplesin the next section.

Outline.  In this chapter, we illustrate these challengesusing examplesfrom our ongoing col-

laborations with usersand providers of sciertic data sets, in particular, from the Neuroscience
domain (Section 6.2). Wethen presen a methodology called model-tased mediation which extends
current databasemediator technology by incorporating knowledgerepresetation (KR) techniques
in order to createexplicit represertations of domain experts' knowledgethat canbe usedin various

ways by mediation engineersand by the model-basedmediator systemitself (Section 6.3). The

goal of model-basedmediation could be paraphrasedas

Turning scientists' questions into executable datatase queries .

In Section 6.4 we intro duce someof the KR formalisms, e.g., for domain maps and processmaps
and describe their use in model-basedmediation (some details are deferred to Appendix A). In
Section 6.5 we presen the KIND mediator prototype and other tools being deweloped at SDSC
and UCSD, primarily in the context of the Neurosciencedomain. We discusssomerelated work
and concludein Section 6.6.

2quite the opposite: such \simple" mediation scenarios often posevery dicult technical challenges, e.g., query
processingin the presenceof limited source capabilities [PGH98, LYV * 98].
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Figure 6.1: A domain map for synapse and ncmir (unlabeled, gray edges= \isa" ~ \C") and
its formalization in description logic

6.2 Scientic Data Integration Across Multiple Worlds:
Examples and Challenges from the Neurosciences

We illustrate someof the challengesof sciertic data integration in complex multiple-world sce-
narios using examplesthat involve di erent \Neuroscienceworlds". Such examplesoccur regularly
when trying to federate brain data acrossmultiple sites, scales,and even species[NPAO1], and
have led to new researt and developmert projects aimed at overcoming the current limitations
of biomedical data sharing and mediation [BIRO1].

Example 1 (Tw o Neuroscience Worlds) Considertwo Neurosciencdaboratoriessynapse and
ncmir 3 that perform experiments on two di erent brain regions. The rst laboratory, synapse,

studies dendritic spinesof pyramidal cellsin the hippocampus. The primary schemaelemeris are

thus the anatomical ertities that are reconstructed from 3-dimensional serial-sections. For eah

entity (e.g. spines,dendrites), researtiers make a number of measuremets, and study how these
measuremets change acrossage and speciesunder seweral experimental conditions.

In contrast, the ncmir laboratory studies a dierent cell type, the Purkinje cells of the cere-
bellum, inspecting the branching patterns from the dendrites of lled neurons,and localization of
various proteins in neuron compartmens. The schema used by this group consistsof a number
of measuremets of the dendrite branches (e.g, segmem diameter) and the amourt of di erent
proteins found in ead of these subdivisions. Let us assumeead of the two schemashas a classC
having a location attribute which can have a value like "Pyramidal Cell dendrite" and "Purkinje
Cell" , respectively.

How are the schemasof synapse and ncmir related? Evidently they carry distinctly dierent
information and do not even erter the purview of the schemacon icts usually studied in databases
[KS96]. To the sciertist however, they are related becauseof the following reason: Lik e pyramidal
neurons, Purkinje cells also possessiendritic spines. Releaseof calcium in spiny dendrites occurs
as a result of neurotransmission and results in changesin spine morphology (sizes and shapes
obtained from synapse). Propagation of calcium signalsthroughout a neuron dependsupon the
morphology of the dendrites, the distribution of calcium storesin a neuron and the distribution of
calcium binding proteins, whosesubcellular distribution for Purkinje cellsare measuredby ncmir .

m}

3see synapses.bu.edu and www-ncmir.ucsd.edu



Thus, a researtier who wanted to model the e ects of neurotransmissionin hippocampal spines
would get structural information on hippocampal spinesfrom synapse and information about the
types of calcium binding proteins found in spinesfrom ncmir . Note that neither of the sources
contains information that would allow a mediator systemto bridge the \semantic gap" between
them. Therefore we need, independert of the obsened experimental raw data of ead source,
additional domain knowledge in order to connect the two sources. The domain expert, here a
neuroscienist has no problem providing us with the necessary\glue knowledge":

Purkinje cells and Pyramidal cells have dendrites that have higher-order branchesthat
contain spines. Dendritic spinesare ion (calcium) regulating components. Spineshave
ion binding proteins. Neurotransmission involvesionic activity (release). lon-binding
proteins control ion activity (propagation) in a cell. lon-regulating components of cells
a ect ionic activity (release).

In order to capture such domain knowledge and make it available to the system, we employ
two kinds of ontologies called domain maps and processmaps respectively. While the former are
aimed at capturing the basic domain terminology, the latter are usedto model di erent process
cortexts (seebelow). Ontologies, such as the domain map in Figure 6.1 are often formalized in
logic (here statemerts in description logic [CGL™* 98]; seeSection 6.4.1). Togetherwith additional
inferencerules (e.g. capturing transitivit y of \ has"), logic axioms like these formally capture the
domain knowledge and allow a mediator systemsto work with this knowledge(e.g., a conceptor
classhierarchy can be usedto determine whether the system should retrieve objects of classC°
when the useris looking for instancesof C).

Domain maps not only provide a concept-orierted browsing and data exploration tool for
the end user, but { even more importantly { can be usedfor de ning and executing integrated
view de nitions (IVDs) at the mediator. The above real-world exampleillustrates a fundamertal
di erence in the nature of information integration asstudied in most of the databaseliterature and
as necessaryfor sciertic data managemei. In the latter, seeminglyunconnectedschemacan be
semartically closewhen situated in the scienti ¢ context, which in this caseis the neuroanatony
and neurophysiological setting described above. Therefore we call this mediation across multiple
worlds and facilitate it using domain maps as the one shown.

From Terminology and Static Kno wledge to \Pro cess Context"

While domain maps are useful to put data into a terminological and thus somewhat \static"
knowledge context, a dierent knowledge represettation has to be devised when trying to put
data into a dynamic or \pro cesscortext". Consider, for example, groups of neuroscierists who
study the scienceof mammalian memory and learning. Many of thesegroups study a phenomena
called long-term potentiation (LTP) in nerve cells, where repeated or sustained input to nerves
in speci ¢ brain regions (such asthe hippocampus) conditions them in such a manner that after
sometime, the neuron producesa large output evenwith a small amourt of \known" input. Given
this generalcommonality of purpose,however, individual sciertists study and collect obsenational
data for very di erent aspects of the phenomena.

Example 2 (Capturing Pro cess Kno wledge) Consider a group [BST* 0Q] that studies the
role of a speci ¢ protein N-Cadherin in the context of synpase formation during late-phaselong-
term potentiation (L-LTP), a subprocessof LTP. The data collected by the group consists of
measuremets that illustrate how the amount of N-Cadherin and the number of synapses(nerve
junctions) both simultaneously increasein cellsduring L-LTP. A di erent group, [KFMO01], studies
a new enzymecalled CAMK-IV and its impact on a chemical reaction called phosphorylation of a
protein called CREB. Their data is collectedto shov how modulating the amounts of CAMK-1V,

and other related enzymesa ect the amount of CREB production, and how this in turn, aects
other products in the nucleusof the neurons. Ideally, the goal of \mediating" betweenexperimental
information from thesetwo sourceswould be to produce an integrated view that enablesan end-
user sciertist to get a deeper understanding of the LTP phenomena. Speci cally, the end-user
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Figure 6.2: A simple processmap. Blue and red edges(marked \b" and \r", respectively) depict
processesabout which two data sources/researh groups have obsenational data; dashededges
indicate abstractions (\short cuts").

should be able to ask queries(and get answers) that exploit the scierti ¢ interrelationship between
these experimerts. In this way, the integrated accessprovided by a mediator system can lead to
new obsenations and questionsthus evertually driving new experimerts.

At the risk of oversimpli cation, we can state that the rst sourcelooks at synapse-formation,
and is only interested in the fact that some proteins (including N-Cadherin) bring about the
formation of synapses. They do not look at the processedeading to the production of these
proteins. The secondsource looks at a specic chain of ewvernts leading up to the production
of the proteins, but does not identify which proteins are produced. The semantic connection
betweenthese two sourcescan be constructed in terms of the underlying \event structure” and
how they elaborate on di erent parts of it. Figure 6.2 depicts a simplied view of the relationship
explained above and shaws the cyclic progressionof events leading to synapseformation during
LTP: Red edgessituate the rst sourcewith respectto the overall process,while blue edgessituate
the secondsource. In either case,the dashedlines show the subsequenceof everts the sources
\glossed over" or abstracted. Thus the rst source does not have any information pertaining
to phosphorylates(CAMK-1V, CREB), and the secondsourcedoes not have any data related to
forms(protein, synapse) Neither source has any data about the (black) edge synthesizes(gene,
protein). o

Domain maps allow data providers to put their sourcedata into a static/terminological con-
text, while processmaps allow them to do the samefor a dynamic/pro cesscontext. Together
they capture valuable \glue knowledge" that residesat the mediator and facilitates integration
of hard-to-correlate sources;in particular, concept-orierted data discovery (\semantic browsing")
[GLMO1], view de nition, and semaric query optimization [CGM90]. To make model-basedme-
diation e ectiv e, it is also necessaryto \ho ok" the elemerns of the sourceschemato the domain
map and the processmap. This process,which we call the contextualization mecanism, is certral
to the MBM framework.

6.3 Mo del-Based Mediation

In mediator systems,di erences in syntax and data models of sourcesS;; S;;::: are resolved by
wrappersthat translate the raw data into a commondata format, typically XML. In most current



mediator systems,all other di erences, in particular schema heterogeneitiesare then handled by
an appropriate integrated view de nition (IVD) which is de ned using an XML query language
[LPVOO, PV0O1]. We extend this architecture by \lifting" exported sourcedata from the level of
uninterpreted, semistructured data in XML syntax to the semairically rich level of conceptual
models with domain knowledge (CMs). Then, the mediator's IVDs can be de ned in terms of
CMs (glolal-as-view) and thus make useof a semartically richer model involving classhierarchies,
complex object structure, properties of relationships (relational constraints, cardinalities, ...) etc.

Mo del-Based Mediation: The Protagonists

The underlying methodology and proceduresof MBM involve usersin di erent roles and at dif-
ferert levels:

e Data providers aretypically domain experts, e.g, benc scientists who would like to make
their data from experimertal studies available to the community. In MBM, a data provider can
not only export an XML-query able version of her data, but also domain semantics by lifting the
exported data and schema information from a structural level (e.g, XML DTDs) to the level
of conceptual models? Allowing data providers to situate or \ contextualize' (Example 4) their
primary data themselveshassigni cant bene ts. First, data providers know bestwheretheir data
ts on the glue maps. Second,even without the IVDs de ned by mediation engineers,data is
automatically assaiated acrossdi erent sourcesvia their domain/pro cessmap contexts.

e View providers specify integrated view de nitions (IVDs), i.e., program complex views
in an expressiwe declarative rule-language. The IVDs are de ned over the registered complex
sourcesCM(S1); CM(S);::: and the \glue knowledge" sourcesin the mediator's repository. Thus
view providers are the actual mediation engineersand bring together (as a team or individually)
expertise in the application domain and in databasesand knowledge-represetation.

The new \fused" objects de ned by an IVD can be contextualized, basedon the contexts
provided by the source conceptual models (seeright-hand side in Figure 6.6). In this way, an
integrated, virtual view exported by the mediator becomesa\ rst-class citizen" of the federation,
i.e., is considereda conceptual level source CM(M ) itself and can be usedjust like any original
CM-wrapp ed source.

e End users can start by semantic browsing of GMs, i.e., by navigating the domain and
processontologies in the style of topic maps, where a user navigates through a concept spaceby
following certain relationships, going up and down concepthierarchiesetc. A usermay also focus
her view by issuing graph queriesover domain or processmaps which return only the subgraphs
of interest. Eventually, the user can accessraw data from di erent sources,which is (due to
contextualization) automatically organizedby context [GLMO01], and accesdlerived data resulting
from user queriesagainst the mediated views.

Conceptual Mo dels and Registration of Sources at the Mediator

We can distinguish the following componerts of the conceptual model CM of a sourceS:
CM(S) = OM(S) UONT(S) UCON(S)

The di erent logical componerts an their dependenciesare depicted in Figure 6.3:

e OM(S) is the object model of the sourceS and provides signaturesfor classes assaiations
between classes,and functions. OM(S) structures can be de ned extensionally by facts
(EDB), or intensionally via rules (IDB).

e ONT(S) is the local ontology of the sourceS, i.e., de nes conceptsand their relationships
from the source'sperspective.

4XML Schema and similar eorts like RELAX NG play an intermediate role between purely structure-based
models (DTDs) and richer semarntic models with constraint mechanisms etc.
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Figure 6.3: Model-basedmediation: dependenciesbetweenlogical componerts

e ONTG(S) is the ontological grounding of OM(S) in ONT(S), i.e., a mapping between the
object model OM(S) (classesattributes, assaiations) and the conceptsand relationships of
ONT(S).

e CON(S) is the contextualization of the local sourceontology relative to a mediator ontology
ONT(M).

e IVD(M) is the mediator's integrated view de nition and compriseslogic view de nitions in
terms of the sources'object models OM(S) and the mediator's ontology ONT(M ). By posing
queries against the mediator's IVD(M ), the user has the illusion to interact with a single,
semariically integrated sourceinstead of interacting with independert, unrelated sources.

In the following, we presert the local parts of CM(S), i.e., OM(S), ONT(S), and ONTG(S) through
a running example. For details on the contextualization CON(S) seeExample 4 and [GLMO02a].

Example 3 (Cell-Cen tered Database: CCDB) Figure 6.4 shows piecesof a simplied ver-
sion of the conceptual model CM(CCDB) of a real-world scierti ¢ information source called the
Cell-Centered Database [MGW * 02]. The database consists of a set of experiment objects.
Each experiment collects a number of cell images from one or more instruments. For ead image,
the sciertists mark out cellular str uctures in the image and perform measuremets on them
[MGW * 02]. They alsoidentify a secondset of regions, called deposit s, in imagesthat show the
deposition of moleculesof proteins or geneticmarkers. In general,a region marked as deposit does
not necessarilycoincide with a region marked as a structure. o

Note that OM(CCDB) in Figure 6.4 includes classeghat are instantiated with obsened data,
i.e., the extensionaldatabaseEDB(CCDB). In addition to classesOM(CCDB) storesass@iations,
which are n-ary relationships between object classes. The assaiation co_localizeswith speci es
which pairs of substancesoccur together in a speci ¢ structure. The object model also cortains
functions, sudch asthe domain speci ¢ methods that can be invoked by a user as part of a query.
For example, when the mediator or another client calls the function CCDB.deposit.in_structure(),
and suppliesthe id of a deposit object, the function returns a set of str ucture objects that
spatially overlap with the speci ed deposit object.

Next, we describe the source'slocal ontology, ONT(CCDB). Here, an ontology ONT(S) consists
of a set of concepts and inter-concept relationships®, possibly augmeried with additional inference
rules and constraints.® The ontological grounding ONTG(S) links the object model OM(S) to the
sourceontology ONT(S). The sourceontology seresa number of di erent purposes:

Smost formal approaches, e.g., based on description logic, consider binary relationships only
6e.g., ONT4, ONTS5 in Figure 6.4 de ne virtual relations such as transitive closure over the base relations



Classesin OM(CCDB)

experiment (id:id, date:date, cell_type:string, imagesset (image)).

image (id:id, instrument:enumf c_microscope, e_microscopeg, resolution: oat, sizex:int, size.y:int,
depth:int, structures:set (structure), regionsset (deposit)).

str ucture (id:id, name:string, length: oat, surface.area: oat, volume: oat, bounding_-box:Cube).

deposit (id:id, substancename:string, deposit_type:string, relative_intesity:enumf dark,normal,brightg,
amount: oat, bounding_box:Cube).

Associations in OM(CCDB)

co_localizeswith (deposit .substancename, deposit .substancename, str ucture .name).
surrounds(slstr ucture , s2:str ucture ).

Functions in OM(CCDB) |
deposit_in_structure(deposit .id) ! set (str ucture .name)

Source Ontology { ONT (CCDB) |

has I(co) as I( co) as '( co)

h h
cerebellum cerebellar cortex

brain vermis (ONT1)
dendrite has !(CO) spine processhas ﬁ.pm ) spine (ONT2)
cell 9 o brain_region

globus._pallidus*f brain_region. e denaturation “f process. (ONT3)
tc _has(co) := transitive _closure(has(co)). tc _.has(pm) := transitive _closure(has (pm)). (ONT4)
has _co_pm := chain(tc _has(co); tc _has(pm)) (ONT5)

[ Ontological Grounding { ONTG(CCDB) |

domain(str ucture .volume) in [0,300]

domain(str ucture .name) in tc _has(co)(cerebellum) (0OG1)
domain(experiment .cell_type) in tc _has(co)(cerebellum) (0G2)
experiment .cell_type proj efts o globus_pallidus (0G3)
denatured _protein ™™  denaturation. (0G4)

Figure 6.4: Conceptual model for registering the Cell-Centered Database[MGW * 02]

Creating a Terminological Frame of Reference. For de ning the terminology of a specic
scierti ¢ information source,the sourcedeclaresits own controlled vocabulary through ONT(S).
More precisely ONT(S) comprisesthe terms (i.e., concepts) of this vocabulary and the relation-
ships among them. The conceptsand relationships are often represetnied as nodes and edgesof
a directed graph, respectively. Two examplesof interconcept relations are has(co) and has(pm)
which are dierent kinds of part-whole relationships ’. In Figure 6.4, items ONT1 and ONT2
show fragmerts of such a concept graph. Once a concept graph is created for a source,one may
useit to de ne additional constraints on object classesand assiations.

Semantics of Relationships.  The edgesin the conceptgraph of the sourceontology represert
inter-concept relationships. Often these relationships have their own semariics that have to be
speci ed within ONT(S). Item ONT4 declarestwo new relationships tc_has(co) and tc_has(pm)
After registration, the mediator interprets this declaration and createsthe new (possibly materi-
alized) transitiv e relations on top of the baserelations has(co)and has(pm)provided by the source
S. Similarly, the item ONTS5 is interpreted by the mediator using a higher-order rule for chaining
binary relations:

e chain(R1,R2)(X,Y) if R1(X,Z), R2(Z,Y)

With this, ONT5 createsa new relationship hasco_pm(X,Y) provided that there is a Z suc that
tc_has(co)(X,Z), and tc_has(pm)(Z,Y).

7By standards of meronyms, there are di eren t kinds of the hasrelation: component-ob ject has(co), portion-mass
has(pm), member-collection has(mc), stu -ob ject has(so), place-area has(pa) etc. [AF GP96]



Ontological Grounding of OM(S). A local domain constraint speci es additional properties
of the given extensional database, and thereby establishesan ontological grounding ONTG(S)
betweenthe local ontology ONT(S) and the object model OM(S) (Figure 6.3). Items (OG1{OGZ2)
in Figure 6.4 re nes the domains of the attributes experiment .cell.type and str ucture .name
from the original type declaration (string ). The re nement constrains them to take valuesfrom
those nodes of the concept graph that are des@ndants of the concept cerelellum through the
has(co)relationship.

This constraint illustrates an important role of the local ontology in a \conceptually lifted"
source. By constraining the domain of an attribute to be conceptnameC, the corresponding object
instance o is \semantically about" C. In addition, this alsoimplies that o is about any ancestor
concept C° of C where ancestoris de ned via has(co)edgesonly. Similarly, if a specic instance,
str ucture .namehasthe value ‘spineprocess it is alsoabout ‘dendrité (ONT2 in Figure 6.4).

In addition to linking attributes to conceptnames,a constraint may alsoinvolve inter-concept
relationships. Let us assume projectsto(cell, brain_region) is a relationship in the source on-
tology ONT(CCDB). A constraint may assert that for all instances e of class experiment |,
projectsto(e.celltype, 'globuspallidus’) holds (OG3). The constraint thus re nes the original re-
lationship projectsto to suit the speci ¢ semartics of OM(CCDB). Such constraint-de ned corre-
spondencesbetween OM(S) and ONT(S) are usedin the contextualization process[GLMO02a].

Intensional De nitions. In the CM wrapper of a sourceS, we can de ne virtual classesand
assaiations that can be exported to the mediator as rst-class, queriable items by meansof an
intensional database (view de nition) IDB(S). For example, we can create a new virtual class
called denatured _protein in IDB(CCDB) via the rule:

denatured _protein (ProtName) if
deposit (ID, ProtName,protein, dark, _, _), deposit.in_structure(ID) Z

Thus, an instance of a denatured _pr otein is createdwhen a\dark" protein deposit is recorded
in an instance of deposit , and there is some structure in which this deposit is found. As a
generalprinciple of creating a CM wrapper, such a de nition will be supplemerned by additional
constraints to connectit to the local ontology. For example, assumethat ONT(CCDB) already
contains a conceptcalled process Item (ONT3) de nes denaturationas a specialization of process
We can now add the constraint (OG4) to complete the semaric speci cation about the new
denatured _protein object.

Contextual References. It is a standard practice for sciertic data sourcesto tag object
instanceswith attributes from a public standard, and to usecortrolled vocabulariesfor the values
of someof theseattributes. For example,the sourcecan specify that the domain of the deposit .id
eld can be accessedhrough an internal method, which, given a protein name, gets its id from
a speci ¢ database. For example, we can use get expasyprotein_id to retrieve this information
from the SWISS-PROT databaseon the web8 How the sourceenforcesthis integrity constraint
is internal to the sourceand not part of its conceptual export schema.

Interpla y between Mediator and Sources

In order to addressthe source registration issue, we have to specify which componerts of an
existing n-sourcefederation can be \seen", i.e., accessedy the new, n+15 source. A federation
at the mediator consistsof: (i) currently registered conceptual models CM(S) of ead participating
sourcesS, (i) oneor more glokal ontologies ONT(M ) residing at the mediator that have beenused
in the federation, and (iii) integrated views IVD(M ) de ned in a global-as-view(GAYV) fashion.
Typical mediator ontologiesONT(M ) are public, i.e., serve asdomain-speci ¢ expert knowledge
and thus can be usedto \glue" conceptualmodelsfrom multiple sources.Examplesof such ontolo-

8http://www.expasy.ch
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giesare the Unied Medical Language System (UMLS) from the National Library of Medicine®
and the Biological ProcessOntology from the GeneOrtology Consortium®. In the presenceof
multiple ontologies, articulations, i.e., mappingsbetweendi erent sourceontologies[MWKOQOQ] can
be usedto register with the mediator information about inter-source relationships. Note that a
sourceS usually cannot seeall of the above componerts (i{iii) when de ning its conceptualmodel:
While S seesthe mediator's ontologies ONT(M ) and thus can de ne its own conceptual model
CM(S) relative to the mediator's ontology in a local-as-view (LAV) fashion, it cannot directly
employ another source's conceptual model CM(S9, nor can it query the mediator's integrated
view IVD(M ) which is de ned glotal-as-view (GAV) on top of the sources. The former is no re-
striction, since S° can register CM(S9), in particular ONT(S9 with the mediator, at which point
S canindirectly refer to registered conceptsof S°via ONT(M ). The latter guaranteesthat query
processingin this setting doesnot involve \recursion through the web", i.e., betweena sourceS
and the mediator M (the dependencygraph in Figure 6.3 is acyclic).*

Example 4 (Con textualization: Lo cal-as-View)

Consider the domain map in Figure 6.5. Lighter-colored nodes correspond to conceptsthat the
mediator \understands"” and which a source can see. Now assumea source S wants to register
information about speci ¢ neuronsand their dendrites, but the mediator ontology (domain map)
does not have dedicated namesfor those speci ¢ kinds of neurons and dendrites. In MBM this
problem is solved by contextualising the new local source concepts as views on the mediator's
global concepts: In Figure 6.5 the darker-colored sourceconceptsare \ho oked" to the mediator's
domain map, thereby de ning their meaningrelative to the mediator's concepts. This is achieved
by sendingthe following rst-order axioms (here in description logic syntax) to the mediator:

MyDendrite Dendrite u 9exp.Dopamine R
MyNeuronv MediumSpiny _Neuron
u 9proj.Globus _pallidus _external
u 8has.MyDendrite

Thus instancesof MyDendrite are exactly those dendrites that expressDopamine R(eceptor), and
MyNeuronobjects are medium spiny neuronsprojecting to Globus Pallidus External and only have
MyDendrite S. Assuming properties are inherited along the transitiv e closureof isa , it follows that
MyNeuron like any MediumSpiny Neuron projects to certain structures (ORin Figure 6.5). With
the newly registered knowledge, it follows that MyNeuronde nitely projects to Globus Pallidus
External. If we want to specify that it only projects to the latter, a nonmonotonic inheritance,
e.g, using FL with well-founded semariics can be employed. o

9http://www.nlm.nih.gov/research/umls/; strictly speaking a metathesaurus, i.e., a \semi-formal" ontology
with a limited set of prede ned relationships such as broader-term/narro wer-term

10http://www.geneontology.org/process.ontology

11 At the cost of loss of e ciency , the restriction \no recursion through the web" could be lifted.



Note that the intuitiv e graphical contextualization depicted in Figure 6.5 is not unique, i.e.,
logically equivalent domain maps may have di erent graph represenations.*?> For domain maps
that can be completely axiomatized using a description logic, a reasoningsystem such as FaCT
[Hor98] can be employed in order to compute the deductive closure, in particular, to derive a
unique concept hierarchy and to ched consistencyof a domain map.

6.4 Kno wledge Representation for Mo del-Based Mediation

We now take a closer look at the principal mecanisms for specifying \glue knowledge”, i.e.,
ontologies in the form of domain maps (DMs) and processmaps (PMs).

6.4.1 Domain Maps

As is standard for ontologies, domain maps name and specify relevant conceptsby describing the
characteristic relationships among them [LGMO1]. In this way, DMs provide the basic domain
semartics which is neededto glue data acrossdi erent sourcesin multiple-world scenarios.DMs
can be depicted more intuitiv ely in the form of labeled directed graphs. In cortrast to many other
graph-basednotations, however, DMs have a solid formal semartics via a translation to logic rules
(seebelow). The graph form of DMs is de ned as follows.

De nition 1 (Domain Maps) Let C be a set of symbols called concepts R a set of roles A
domain map DM is a directed labeled graph with nodesC. A conceptC € C can be understood
as denoting a classof objects sharing a set of common properties. In order to understand how a
concept C is de ned relative to other concepts,we have to inspect its outgoing edges. We write
c € C to denotethat c is an instance of concept C.*3 We distinguish the following typesof edges
in DMs:
1.C% D (short: C — D) de nes that every C isa D, i.e., ce C impliesce D.
Since this subconcept/subclass relation is very common in DMs, we usually omit the isa
label and usethe shorthand notation C — D instead.

2. C &Y D de nes that for every ¢ € C, there exists somer-related d € D.

Here,r € R isarole, i.e., a binary relation r(c;d) betweeninstancesof C and D.

3. C ™ D de nes that for every ¢ € C and all x which are r-related to c (i.e., for which

r(c;x) holds), we have x € D.

4. C L. D denesthat if ce C andd € D, then they are r-related, i.e., r(c;d) holds.

7. C 5 D denes that C is equivalent to D, i.e., every C isa D and vice versa. We could have
denoted this also as\C«+D", howewer, the directed edge keepsthe distinction betweenC
(the de niendum) and its de nition D (de niens). o

Note that D can be an atomic or a de ned concept. When unique, ANDnodes are omitted and
outgoing arcsdirectly attached to the conceptbeing de ned. In Figure 6.5, unlabeled, grey edges
and edgedabeled\pro j" (projects-to) correspond to \isa"-edgesand \ ex:proj"-edges, respectively.

12 Similar to the fact that the samequery can have many di eren t syntactic represertations. In general, equivalence
of rst-order (or SQL) queries is not decidable.
13Thus, we can view C and D as unary predicates.



Reied Roles as Concepts. In DMs, asin description logics, it is the conceptsthat are being
de ned, whereasthe roles are only a meansto that end. In order capture the semartics of roles,
i.e., de ne their propertiesin terms of eat other, we have to turn them into conceptsthemseles.
In logic this \quoting medanism" is known as rei cation.

Example 5 (Roles as Concepts) Considera DM involving the roles regulates activates and
inhibits and assumethat in the given domain, activates(C; D) and inhibits (C; D) are special cases
of regulategC; D). Instead of intro ducing a special notation for \sub-roles"#, and then de ning
the medhanics of how roles can be related to one another, we turn rolesinto \ rst-class citizens"
by making them conceptsusing a operator mc (\mak e-concept"). Now we can apply the modeling

capabilities of DMs to roles and, e.g., simply state that mc(activates) '3 mc(regulates. o

By modeling rolesa concepts,more domain semartics can be formalized, leading to better \kno wl-
edgeengineering”. In particular, during query processing such formalized knowledge can be au-
tomatically employed by the system: Given a DM (formalized as logic rules), an MBM query
or view de nition involving activates and regulates \knows" that the former is a subconcept of
the later. If during query processing,e.g., a goal regulates(cAMP',Protein) is evaluated, the
logic rules corresponding to the DM knowledge allow the systemto deducethat any result for
activates('cAMP',Protein) is also an answer for regulates('cAMP',Protein) . This is correct since
a substitutability principle holds which allows the systemto replacea conceptD with any of its

subconceptsC, i.e., for which C 3 D holds.

Generating the Role Hierarc hy. When making a role into a concept, the isa hierarchy'® on
conceptsinducesan isa hierarchy on roles.

Example 6 (Roles as Concepts, Cont'd ) ConsideraDM stating that NProt 2 Protein , NProt

regulates some Gene and cfos -5 Gene!® The role regulates is conceptualized by asserting
mc(regulates ). When making its hidden argumernts visible, we note that mc(regulates (C;D))
really denotesa family of regulates concepts. The isa hierarchy on regulates conceptsis derived
from the isa hierarchy of its argumerts. For example, we have:

mc(regulates (NProt,cfos )) '3 mc(regulates (NProt,Gene)) 's3 mc(regulates (Protein,Gene ))

Deriving the Role Hierarc hy. Above we introduced the unary operator mc which turns role
literals into concepts. Weimplemert it in FL asa subclassof the (meta-)classconcept by asserting
\'mc: concept” and adding further rules for deriving the role hierarchy from the concepthierarchy,
given as set of mc-declarations such asr (C D): mcby the user:

r(CD:mgr(C;D):mgr(CD:r(C;D) if (r(CD:mc_r(C;D):mg;C::C;D::D (up/down)
r(CD:mgr(C;D):mgr(GD:r(C;D) if (r(CD):mc_r(C;D:mq;C::C;D::0 (mixed)

Obsene that with the rules, we get indeed the desiredresult in Example 6.

Recursiv e Concepts.  Considerthe part-of relationship has_a and its interaction with isa . For
example, since MyNeuronisa MediumSpiny _Neuron which in turn has_a Neostriatum , we conclude

that MyNeuronhas_a Neostriatum (Figure 6.5). In the general case,this givesrise to a recursive

rule \if C 2 D and D "®5® E then C "™ E". Similarly, one can de ne that isa and has.a

are independertly transitive and that isa is antisymmetric. For such recursive de nitions, an
intuitiv e graph notation can be devised, e.g., using a dashededgefor the concept being de ned
(cf. [LHL™* 98, pp.601]) to its recursive de nition. In a declarative rule-basedquery languagelike
FL, an executablespeci cation is:

14RDF(S) has such a notion called subproperty .
15strictly  speaking, the isa doesnot have to be a hierarchy but can be any directed acyclic graph.
18 Here, NProt stands for nuclear protein.



has_a(X 2) if X::Y;has_a(Y;2):

Note that here X Y;Z are concept variables. Such FL rules can also be used at the mediator to
handle inductiv e de nitions suc as(ONT4) in Figure 6.4, in particular, whenthe sourcedoesnot
have the capability to evaluate recursive de nitions.

Parameterized Roles and Concepts. Part-of relationships like has_.a comein di erent avors
F, e.g, F € {memler/collection; portion/mass ; phase/activity; :::} and transitivit y doesnot nec-
essarily carry over across a vors [AFGP96].1" This is most naturally modeled by a parameterized
role has_a(F) which is transitiv e within eadr a vor F but which may interact in other ways across
avors. It is straightforward to extend De nition 2 for parameterized roles and concepts: e.g.,
assumethe parameterized role has_a(F) should hold between conceptsC and D only for some
avors F satisfying a condition ' (F). We can extend and compile such a parameterized DM
edgeinto FL as follows:

has_a(R)II" (F)

(C D) = fhas_.a(F)(c;d) if c:CGd: ( D);' (BHg[ ( D):

Note that a parameterizedrole like has_a(F) hasa rst-order semarics in FL despite its higher-
order syntax [KLW95].

6.4.2 Pro cess Maps

Processmaps (PMs) provide abstractions of \pro cessknowledge", i.e., temporal and/or causal
relationships betweeneverts that canbe usedfor situating and linking data acrossdi erent sources.
Like DMs, PMs are directed labeledgraphs, albeit with a very di erent semariics: Nodesare used
to model states while edgescorrespond to state transitions which are labeledwith a processname
describing the transition. In this way, data providers, e.g, bend scienists can not only hook
their raw data to the (given or re ned) DMs, but alsoto processeghat are witnessedin their
experimertal studies databases(cf. Figure 6.2 and Figure 6.8).

. . " f! f
Initial Pro cess Semantics PM (. Intuitiv ely, an edgeof the forme = s 2. 9500f a PM

meansthat the process leadsfrom state sto s% ' is a necessaryprecondition that must hold in
sfor to happen, is a postondition which holdsin s® asa result of . By PMg we denote the
set of all initial processsemariics.

We call the edgee of a PM, a processoccurrence of in PM. Thus, a processoccurrence
speci es wherein a PM a processoccurs, and which pre- and postconditions' and this occur-
rence satis es. In addition to the semartics implied by the occurrenceof e in PM, a process
can have an initial semantics assaiated with the processname

To allow for parameterization of processeswe consider edge labels where processnamesare
rst-or der atoms, i.e., = (Ty;:::;Tn) whereead term T; is a logic variable or constart. For
example, consider = opens(Channel) describingthe opening processof an ion channel. We can
de ne its initial semartics by the expression

{—open(Channel)} opens(Channel) {open(Channel)}

meaning that any transition along a processoccurrenceof = opens(Channel) in a PM must
be from a state where open(Channel) was false In the successorstate, however, i.e., after has
happened, we have that open(Channel) is true.

From Pro cess Maps to Domain Maps. We call the rst-order predicatesoccurring in ' and
like \ open(Channel)" uents, sincetheir truth is state dependen. We require that the set of
uent predicate symtols F is disjoint from the set P of processnames and the setsof conceptand

17For example, orchestra has_.a musician and musician has_a arm, but not orchestra has_a arm.



role namesC and R, respectively. In cortrast, the constart parametersusedin processoccurrences,
like\ Channel" are allowed to be conceptsfrom C.

For example,a DM may have that NMDAeceptor =2 Calcium_channel =2 Channel in which
casethe processknowledgeabout the opening of channelsand the \static" knowledgefrom a DM
are directly linked through the common concept Channel.

Similarly, just as we have made roles\ rst-class" citizens by reifying them into concepts,we
can do the same for processesthereby being able to specify additional semariics of processes
using domain maps.

Example 7 (Pro cessesas Concepts) Considerthe binds _to (X Y) processwith the initial se-
mantics
{=bound X Y)} binds _to (X Y) {boundX; Y)}

Now considera DM in which we have rei ed processesas conceptsas follows:

dimerizes (% ***% " binds to (X Y)

It is easyto seethat this (parameterized) DM edge,when translated into FL, allows the system
to concludein the combined knowledgebaseDM U PM, that

{=boundX; X)} dimerizes (X) {boundX; X)}: O

Pro cess Elab oration and Abstraction. The edgee of a processoccurrence can be seen
as an abstraction of a real process. In addition to its initial semariics PMg, and the semariics
induced by its concreteoccurrencein a speci ¢ PM, we can elalorate this abstraction by replacing
the e with a (sub-)processmap elalle ) whoseinitial and nal statesare s and s The newly
creatednodesand edgesof the elaboration elal{e ) are annotated with the sameunique elatoration
identier eid. The eid includes at least a referenceto e indicating the edgebeing elaborated,
and the author (e.g., data provider) of the elaboration.

The corverseof elaboration, abstraction, takesa connectedsubgraph ( S; so; st ; E) with nodes
S, edgesE, and distinguished nodes sp; s € S (initial and nal state), and abstracts into a
singleedgee = abstrac( ( S;so;st;E)). The abstracted edgeskE of are marked with a unique
abstraction identi er aid, which includes a referenceto the new abstraction edgee , and the
author of the abstraction. SeeAppendix A.2 for further details on processmaps.

6.5 Mo del-Based Mediator System and Tools

At the core of the model-basedmediation framework is the KIND mediator system. Other impor-
tant componerts are the SMART Atlas for annotating, displaying, and relating data with brain
atlases,the Cell-Centered Database CCDB as our primary sourceof experimental data, and the
Know-ME tool for concept-basednavigation of sourceand mediated views. For a description of
the latter see[QLMGO02]; the other componerts are described next.

The KIND Mediator Protot ype

The architecture of the KIND (Knowledge-basedntegration of NeuroscienceData) mediator sys-
tem is depicted on the left in Figure 6.6. On the right a snapshotof the prototype execution is
shawn: after the userissuesa query againstthe integrated view, the systemsituates the results on
adomain map, in this caseAnatom (simple ontology of brain anatomy). By clicking on the orange
\diamonds", the user can retrieve the actual result objects, grouped by concept (foreground).

In our rst prototype [LGMOO, GLMO1] we have used the F-logic implementation Flora
[YKOO] asthe only query processingand deduction engine. As part of a large collaborativ e project
[BIRO1] we are currently reimplemerting our prototype asa modular, distributed mediator system
that includes seeral additional componerts, for example:
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Figure 6.6: Left : architecture of the KIND model-based mediator. Righ t: snapshot of the protot ype: background
left: meditor shell for issuing ad-hoc queries against CM( M ); background right : generated subgraph having the
requested result data shown in its anatomical context; clicking on a (diamond) result node retriev es the actual
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e Logic plan genertor: Given a userquery Q and an integrated view de nition 1VD, Q o IVD
is translated into a plan generator program P G(Q o IVD) which, when executed, produces
an initial logic query plan for Q o IVD.

e Query rewriter: This module takes a logic query plan and rewrites it into an executable,
distributed plan basedon the capabilities of a source(e.g., conjunctive querieswith binding
patterns or complete SQL).

e Execution plan compiler: For nal execution, the rewritten plan is compiled into a logic
program whoseruntime execution sendsthe corresponding subgueriesto wrapped sources,
retrievesresults, and post-processeshem (e.g, joins, group-bys, and unions acrosssources)
before sendingthem to the user.

e SQL plan geneator: For relational sources,.e., having SQL query capabilities, this wrapper
module translates a logic query plan into an equivalent SQL statemert, similar to [Dra92].

A preliminary version of this new system has beenrecertly demonstrated [GLM02a] and includes
all of the above modules. Plan generation and rewriting is implemented using logic programming
technology [Lud02], the SQL plan generator has beenimplemented in Java. It is planned that
the nal systemwill include specialized inference enginessuch as Flora and Xsb [SSW94 for
handling deductive and object-oriented database capabilities, and FaCT [Hor98] for reasoning
tasks over domain maps which are formalized in description logics.

The Cell-Cen tered Database and SMAR T Atlas: Retriev al and Navigation Through
Multi-Scale Data

The Cell-Centered Database (CCDB) mertioned earlier in Example 3 housesdi erent types of
high resolution 3D light and electron microscopic reconstructions of cells and subcellular struc-
tures produced at the National Center for Microscopy and Imaging Researt*® [MGW * 02]. It
contains structural and protein distribution information derived from confocal, multiphoton and
electron microscopy, including correlated microscopy. Many of the data sets are derived from
electron tomography, a powerful technique for deriving 3D information from electron microscopic

18 http://www.ncmir.ucsd.edu



Figure 6.7: Left : Examples of tomographic data sets in the CCDB. A and B show a selectively stained spiny
dendrite from a Purkinje cell. A is a projection of the volume reconstruction (dendrite appearsaswhite against dark
background). B is the segmerted dendrite. C and D show a tomographic reconstruction of the node of Ranvier. C
is a single computed slice through the volume. D is a surface reconstruction of the various components comprising
the node. Scalebar in B= 1m ;in C = 0:5m . Righ t: Registration of a data set with the Smart Atlas. The user
draws a polygon represerting the location of a data set, in this casea lled Purkinje neuron. The user species
the data base containing this data, then enters an annotation and selects a concept from the UMLS or some other
ontology. The concept ID is stored back in the database.

specimens. Electron tomography is similar in conceptto medical imaging techniques like CAT
scansand MRI in that it derivesa 3D volume from a seriesof 2D projections through a structure.
In this case,the structures are contained in sectionsprepared for electron microscopy, which are
tilted through alimited angular range. On the left of Figure 6.7 examplesof datasetsin the CCDB
are shown.

A screenshotof the Smart Atlas (Spatial Markup and Rendering Tool) is shavn on the
right of Figure 6.7. The tool is basedon a geographicmapping tool [Zas0( and allows usersto
de ne polygons on a seriesof 2D vector images and annotate them with names, relationships,
and concept IDs from an ontology sudh as UMLS. This tool provides another kind of \glue map"
(in addition to domain and processmaps); here, in the literal sense:First, a brain atlas such as
Paxinos and Watson [PW98] is translated into a spatial format (e.g., ScalableVector Graphics:
SVG). The user then \marks up" the atlas using the Smart Atlas tool, e.g, with concepts
namesfrom UMLS. Once the atlas has been (partially) marked up, it can be queried from the
samebrowser: Clicking on any point in the atlas will return the stereotaxic coordinates; clicking
on a brain region will return the name of that region, along with any synonyms, and highlight all
planes cortaining that structure. The Smart Atlas can now be usedto register a researter's
data to a speci ¢ spatial location. This alsolinks the registereddata automatically to the UMLS
ontology by virtue of the earlier semartic markup of spatial objects. To register sourcedata, the
user draws an arbitrary polygon represening the approximate data location on one of the atlas
planes (Figure 6.7: right). The useris then preserted with a form which can be usedto add
annotations or to provide additional links to conceptsof an ontology. Although the UMLS is used
in the examplesshown here, the userwill eventually be able to use multiple ontologies, including
those of their own creation, for semarically indexing data. Tools are also being developed to
de ne new terms and relationships in existing ontologies. In [GLM* 02b] we have shonvn how
spatial and conceptualinformation can be usedtogether in a mediator system; seealso [MGL * 02]
for further details on the useof the Smart Atlas .



6.6 Related Work and Conclusions

Related W ork

Signi cant progresshasbeenmadein the generalareaof data mediation in recert years,and se\eral
protot ype mediator architectures have beendesignedby projects like TSIMMIS [GMPQ* 95, SIMS
[KMA * 98], Information Manifold [LRO9€], Garlic [HKWY97], and MIX [BGL* 99. While these
approades focus mostly on structural and schema aspects, the problem of semantic mediation
has also been addressed:In the DIKE system [PTUOO], the focus is on automatic extraction of
mappings between semartically analogouselemers from dierent schemas. A global schemais
de ned in terms of a conceptual model (SDR network) where the nodes represert conceptsand
the (directed) edgelabelsrepresen their semariic distancesand a scorecalled semantic relevane
that measuresthe number of instances of the target node that are also instances of the source
node. The correspndencebetweenobjects are de ned in terms of synonymies homonymies and
sub-souce similarities, de ned by nding maximal matching betweenthe two graphs.

ODB-T ools [BB01] is a system deweloped on top of the MOMIS [BCV99] system for modeling
and reasoningabout the commonknowledge betweentwo to-be-integrated schemas. They presert
the object-oriented languageODL , : derived from a description logic (OCDL). The languageallows
auserto createcomplexobjects with nite nestingof values,union and intersectiontypes,integrity
constraints and quanti ed paths. These constructs are usedto de ne a classin one sthema as
a genealization, aggmegation, or equivalent with respect to another; subsumption of a class by
another can be inferred. An integrated schemais obtained by clustering schemaelemeris that are
closeto one another in terms of an a nit y metric.

Calvaneseet al. [CCG* 01] perform semariic information integration using an LAV approac
by expressingthe conceptualschemaby a description logic languagecalled DLR, and subsequetly
de ning non-recursive Datalog views to expresssourcedata elemers in terms of the conceptual
model. The language DLR represelts concepts C, relations R, and a set of assertionsof the
form C; @ C, or R; C Ry, where R;; R, are DLR relations with the same arity. Mediation
is accomplishedby de ning \reconciliation correspondences”,speci cations that a query rewriter
usesto match a conceptual level term to data in di erent sources.

Recerly Peim et al. [PFPGO02] have proposedan extensionto the well-known TAMBIS system
[GSN* 01]. Their approad is similar to ours [GLM0OO, LGMO01] in that a logic-basedontology
(in their casethe ALCQZ description logic) interfaceswith an \ob ject-wrapped" source. While
we use F-logic [KLW95] as the internal knowledge represeration and query language,their work
focuseson how a query on the ontology is transformed to monoid comprehensionsfor semartic
query optimization.

Summary: Mo del-Based Mediation and \Reason-able” Metadata

We have preserted model-basedmediation asa methodology that supports information integration
of scientic data acrosscomplex multiple-world scenariosas found, e.g, in the Neurosciencedo-
main. In this framework, object-oriented and conceptual models, domain maps and processmaps
all provide meansto capture more domain semartics and thus can act as\glue knowledgesources"
to link hard-to-correlate sources.We have preseried mecanismsto formally cortextualize source
data. The graph structures thus constructed have beenshown to be useful for navigating across
related conceptsand querying local data during navigation [QLMGO02].

Logic formalizations of domain and processmaps can be seenas\reason-able" or \executable"
metadata (cf. [Hor02]): Unlike convertional, descriptive metadata which is primarily used for
data discovery, formal ontologies such as domain maps and processmaps can support much more
versatile computational tasks in a mediator system as illustrated in this chapter. For example,
di erent and apparertly unrelated data objects can be assaiated and retrieved together or even
\fused" by the mediator's integrated view de nition (IVD), sincelVDs canbede ned asdeductive
rulesover domain mapsand processmaps(Figure 6.3). In this way, in model-basedmediation, logic
rules play the role of \executable" or \computational® metadata for sciertic data integration.



The latter is a challenging application and bendimark for combined database and knowledge
represenation techniques.
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App endix A

A.1 Domain Maps as Logic Rules

Domain maps borrow from description logics [CGL™* 98] the notions of concept and roles In-
deed, while some of the above constructs of DMs have equivalent formalizations in description
logic [LGMO1], the fact that we needadditional metanismslike roles as concepts recursive and
parameterizal roles and concepts, and the fact that we want \executable” DMs during query
processing,requires a translation into a more generallogic framework.

In the following, we formalize DMs in a minimal subset of F-logic (FL) [KLW95]. The se-
mantics of DMs could be formalized in other languages,in particular in other deductive database
languages. The use of FL is corveniernt since a small subset of it already matches nicely the
minimal requiremerts establishedfor a model-based mediator system [LGMO1]. Moreover, im-
plemertations of FL are readily available [FLOa, FLOb] and have beenused by the authors in
di erent mediator prototypesbefore [LGMO0O0, HLLS98, LHL * 98].

In FL, \c:C" and\C :: D" denote classmembership (c € C) and subclassing(C C D), respec-
tively. Thus, there are logic rules of the form \ head if body" that expressthe FL semarics of \: "
and\ ::", say that \ ::" is a re exiv e, transitiv e, and antisymmetric 1° relation.

19since concepts are implemented as FL classes,this avoids terminological cycles.



De nition 2 (Compilation of Domain Maps) The mapping : DM — FL of domain maps
to F-logic is de ned as follows:

1. ( C) := fCconceptg, for all atomic conceptsC 2 C
2. (r):=fr:role g, for all rolesr 2 R
3. (cfD):=fC:(D)g[ (D)
4. (CT'D):=
(@ fr(c;.d);d: ( D) if c:C d= skol p(c)g[ ( D)
(b) fFalse if c:G: (r(c;d); d: ( D))g[ ( D)
5. (c3"D):=

(@ fd: ( D) if c:Cr(c;d)g[ ( D)
(b) fFalse if c:Cr(c;d);: d: ( D)g[ ( D)

6. (C! D):=fr(c;d) if c:Gd: ( D)g[ ( D)

7. ( AND ifDy1;:::;DnQ) := fd:skol anpif d: ( D1);:::;d: ( Dn)g[ ( D1) [ [ ( Dn)

8. ( OR fDy;:::;Dng) := fd:skol orif d: ( D1) _:::_d: ( Dn)g[ ( D1)[ [ ( Dn)

9. (CVr D):=fC:(D);(D):Cif (D)g[ (D) 2

Remarks. Here, ( D) is de ned similar to ( D), but returns for a compound conceptdescrip-
tion D, a new auxiliary symbol ( D) represerning the compound. For atomic D, we simply have
( D)= ( D). The symbols\skol x " produce new Skolem function symbols everytime they are
usedin the translation : e.g, in (4a), we invert a symbolic represeration for the existertially

quarti ed variable\ _d". Note that c;d; _d are logic variables while G D, ; False are constants.?°
The di erent variants (a) and (b) in the translations of DMs correspond to di erent intended uses:
in (4a), we create an anonymous object for the 3-quanti ed variable, in (5a), we type coerce all C:r

objects into instancesof D. In contrast, the (b) translations only check whether the constraints
induced by the DM edgesare indeed satis ed, and signal an inconsistency(\ False") otherwise.

A.2 Pro cess Maps

De nition 3 (Pro cess Maps) A processmap ( S;So; St ; E) isaconnected,directed graph with
nodessS, labelededgeskE, and initial and nal statessp;s; € S. The edgese of E are of the form

es' 9l 950 (e)
where the processname is a rst-order atom and' and are rst-order formulas, called the
precondition and posteondition of e , respectively.

Given an edgee = s, = sp of a processmap ( S;sp; St ; E), the elaloration elal{e) of e is a
processmap YS% sa; sp; EY sudh that (i) the initial and nal statesares,; sy, (i) SNS = {sa;Sp},
and (iii) all e°c E%are linked to e via a common, unique identi er eid(e’ e).

A connectedsubgraph of a PM with distinguished initial and nal state is called a subpiocess
map (sub-PM). Givena PM ( S;so;s;E), the abstraction of a sub-PM  %(S%s,; s, E9 of |
denotedabstrac( 9), is anewedgee o = s, <> s, Where (i) e o € E, and (i) all e° < ECarelinked
to e o via a common, unique identi er aid(e%e o). o

Marking edgeswith elaboration and abstraction identi ers, guarantees one-to-one mappings be-
tweenan edgeand its elaboration, and similarly, betweena subprocessmap and its abstraction. In
this way, a data provider can\double-click” on an edgee and elaborate the processesnto a PM

in order to provide more preciselinks to her data. Conversely shemay \collapse" a subprocess
map into a single edgee , if her data doesnot provide information at the detailed level of ,
henceis more adequately hooked to the overall processe .

20This is reversed from the usual convention used in the rest of the paper in order to match our DM notation.
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Figure 6.8: Processmaps with elaborations and abstractions

Pro cess Maps as Logic Rules

Similar to DMs, we can translate PMs into a logic represenation (PM). The di erence is that
for DMs our formalization in description logic or F-logic yields a rst-order logic semartics, whose
unique minimal model M(DM), interprets concepts and roles as unary and binary predicates
over a set of individuals. The model M implies that data objects, which are linked as concept
instancesto a DM, have the properties de ned by the domain map (e.g., the neuronsin the
imageslinked to MyNeuronin Example 4 project to Globus_Pallidus _External ). In constrast, the
logic represetiation of a PM speci es only someprocessproperties via pre- and postconditions in
PM, and PM's graph structure. We omit the details of the semartics, due to lack of space. The
basic idea is that the graph structure of PMs (with its embedded hierarchy of elaborations and
abstractions) is formalized via a nested Kripk e structure in which the nodesof PM (states) have
assaiated rst-order models, and in which labeled processedgesspecify a temporal accessibility
relation between states?® In particular, a processelaboration of an edgee adds to the initial
semariics PMg, and the semariics of the pre- and postconditions of the concreteoccurrenceof e
in PM, an elaloration semantics i.e., a sequenceof intermediate stateswith rst-order constraints
along the paths of the elaboration.

2lsee,e.g., [LLM98, Sec.6] for a formalization of hierarchical processesusing nested Kripk e structures.



