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Abstract The traditional model of bench (wet) chemistry in many libéesces
domain is today actively complimented by computer-bassedalieries utilizing
the growing number of online data sources. A typicaiputer-based discovery
scenario for many life scientists includes the creationoafl caches of perti-
nent information from multiple online resources such assSpiot [BA0O], PIR
[BGHT00], PDB [PDB03], to enable efficient data analysis. Thislaaching of
data, however, exposes their research and eventual resties problems of data
staleness, that is, cached data may quickly be obsoleteamréct, dependent on
the updates that are made to the source data. This reprasggrsficant challenge
to the scientific community, forcing scientists to be continsly aware of the fre-
guent changes made to public data sources, and more imfipraarare of the
potential effects on their own derived data sets during these of their research.

To address this significant challenge, in this paper we pteseapproach for
handling update propagation between heterogeneous datalgaaranteeing data
freshness for scientists irrespective of their choice addaurce and its under-
lying data model or interface. We proposen&dle-layerbased solution wherein
first the change in the online data source is translated t@aesee of changes
in the middle-layer; next each change in the middle-laygrigagated through
an algebraic representation of the translation betweesdhece and the target;
and finally the net-change is translated to a set of chang¢sith then applied to
the local cache. In this paper, we present our algebraic hibderepresents the
mapping of the online resource to the local cache, as wellasdaptive propa-
gation algorithm that can incrementally propagate bottesehand data changes
from the source to the cache in a data model independent maliaeresent a
case study based on a joint ongoing project with our collatoos in the Chemistry
department at UMass-Lowell to explicate our approach.
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1 Introduction
Data Freshness - A Key Issue for Life Sciences Data

Life scientists in this post genomics age, expect to comgintheir bench-top
(wet Chemistry) research with computing based discovefiesupport this en-
deavor, over the past decade, scientists have built lagesiteries of protein
databases that make it possible for them to move their curesearch methodol-
ogy to a more computer assisted approach. Today, thesealatzes collectively
store the sequences of over 1 million proteins and the @etatomic structures
of over 24,000 proteins. Examples of such data sourcesdagome primary re-
sources that contain only data gathered on one specific isrgdi&DB [GDB]
on the Human Genome Project), others that collect data dri@tgically inter-
esting concepts (Uniprot [Uni02] and SWISS-PROT [BAOO] antpins for all
organisms), as well as powerful multi-database searchnesdiSRS [EUA96],
TISMISS [GMHI*95], TAMBIS [BBB*98], and DiscoveryLink [HKR 00]).

A typical working scenario for many life scientists is to ate local caches of
the pertinent information from several of the relevant dadarces. This can be
be highlighted by a very specific example from our collabangit(Dr. McDonald
and Dr. Vasudevan in Chemistry Department of UMass-Lowelearch. Their
research focuses on statistical analysis of amino acidgsgakto heme incorpo-
ration. This is a molecular phylogenic approach to the agtaronservation of
heme contact residues in both primary sequence and, presyrtiary (heme
pocket) topology. Current on-line databases and retriwa$ are used to eval-
uate the sequence conservation of &g peripheral heme group contacts. This
is a formidable problem since the identified sequences fer @20 globin-like
structures are stored across multiple data sources. Tiadteithis investigation,
a local data subset was created by mining data from SwisgpA®O], a primary
data source containing sequences. The subset was rebstocft) sequences of
similar lengths (141 amino acids); (2) the sequences oftii@ynajor hemoglobin
subunit components in organism’s erythrocyte; and (3) ¢mbge organisms that
assemble a tetramerfaz32) protein.

Of course, thalerived(locally cached) data used in this kind of research be-
comes outdated quickly and must be refreshed from the aligimurces. For ex-
ample in the investigation above, earlier results had gi@lt52 hits. More recent
searches of Uniprot [Uni02] (a combination of three primdatabases: Swis-
sprot [BA0O], EBI [EBIO2] and PIR [BGH00]) have now yielded 177 hits, in-
dicating a significant increase in available data. Scientising cached data must
thus be aware of the frequent changes that are made to thargritata sources,
and the effects of these updates on their own findings andtse$his is an enor-
mous task given the growth rate of protein databases. Fongheathe Swissprot
release (45.5) in January 2005, contained 3392 more e(28€3 than release 45,
less than three months earlier. The sequence data of 7Gthgxestries had also
been updated and annotations of 45,229 entries had besedd@IB04].

Updates for many of these data sources are available eithe&non-batch
mode or as a complete sethatch In the non-batch mode users can query the data
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sources and examine thienestampon an entry and manually decide whether or
not there has been an update. Note, however, that this update entry could be
on the sequence, on a comment, on the protein function or @arature refer-
ence. Users must examine each record manually or run a tim&iming differ-
ence computation algorithm to extract full update inforimratin the case of the
example above this would involve manually examining 170rds on a monthly
basis! Some data sources such as Swissprot [BAOO] alsodebgiichupdates,
that is an update set with every neglease containing new as well as modified
data records. These updated data sets are typically aeaftabdownload in ei-
ther a flat-file format (Swissprot [BA0Q]), as relationaledb(PIR [BGH"00]), or
more recently in XML format (Swissprot [BA0OQ]). In additipwhile the volume
of schema changes in these databases is not as high as tcbalages, schema or
format changes still occur at a steady rate. For examplesspnot [SIBO4] in its
last two consecutive releases made structural changeskeyitvord file as well as
to its comment format.

Manual propagation of updates from primary protein datapéslocal caches
of data are further complicated by the data model diversity exists in the life
sciences database domain. In a survey conducted in 200D[BB02] of the 111
databases surveyed [BKO02], 40% (about 44 databases) oathbakes were im-
plemented as flat files, 37% were implemented using the oel@timodel, 6%
using the object model and about 3% using the object-relatimodel. With the
popularity of the XML, some of these data sources (3% to 6%y atso pub-
lish their data in the XML format. Furthermore, there aressal/research projects
underway to define new data models that seek to provide gsaription and
guerying of the life sciences data. Given the increasingemof protein data
sources currently on-line (somewhere between 500 and BX0]), and this di-
versity of data models, a manual update propagation appibatch or non-batch
mode) is inevitably tedious, error-prone and consequetifiolete, leaving data
under-exploited and under-utilized.

1.1 Our Approach

In our work we now provide aadaptablesolution to handle the propagation of
source changes to the target across data model boundariesssantial compo-
nent for handling updates in the life sciences domain. Oukwsbased on the
hypothesis that an adaptable solution to change propagatimss data model
boundaries must necessarily loosen the tight couplingettange and the map-
ping between the source and the target. We thus propasddie-layersolution
wherein first the change in the local database is translatedéquence of changes
in the middle-layer; next each change in the middle-layprapagated through an
algebraic representation of the translation between thececand the target; and
finally the net-change is translated to a set of changes thahan applied to the
target.

The core foundation of our solution Bangan{CR03b,CR03a, CRZ01], a
transformation environmettiat provides two key features — teehemanodel and
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thetransformatiormodel. Theschemanodelis a graph model that is loosely based
on the XML Schema model and can represent schemas from the, ¥N#tional
and object models Thetransformationmodel provides uniform representation of
translations between two graphs. The goal of the transfiomenodel is two-fold:
first, to provide a transformation language in which datagsaonstrained to be
written in one language, but where the specified graph resiing (and the trans-
formation of the data they give structure to) can be mappegveral languages;
and second to provide ease of reasoning on the correctn@sspdgations over
the well-defined graph restructurings. In our work, we foonénear graph trans-
formations as (1) they are among the most elementary stescttom which more
complex abstractions can be built. In the life sciences dodirzear transforma-
tions cover a broad class of queries ranging from singglect project queries
over a single source, to more compl@in queries over multiple data sourées
(2) they represent the common set of transformations thabeamapped to the
restructuring capabilities available in languages suck@sery [W3CO01]; and (3)
they are proven to be complete. That is, there exists a s@taHrl operators that
can reduce any first-order graph into another first-ordgui@y98].

While, XML and XQuery can be used for the data model and t@nshtions
respectively, the complexity of XQuery in particular malkeisnpractical for ap-
plication in the life sciences domain. Instead, our worketala complimentary
approach that uses graph based formalism to representfiagaformations. The
linear transformations can then be mapped to XQuery or SQlettorm the ac-
tual data transformations, thereby reaping the benefitseofjtiery optimizations
offered by such languages.

To facilitate the adaptive propagation, we (1) provide alxdefined set of
primitive data and schema update operations for the dateondhe middle-
layer; (2) show how local changes in the relational or the XMbdel can be
mapped to the primitive update operations; and (3) devefoadaptive propa-
gation algorithmthat incrementally pushes the source change through the-tra
formation to the target. A preliminary version of our adaetpropagation al-
gorithm appeared in [CRO4]. A unique feature of tdaptive propagation al-
gorithm that fundamentally sets it apart from past view maintenamoek on
SQL [Kel82,GB95] and SchemaSQL views [KR02a], is its hamgllof in situ
structural changes to the modeled transformations duniegtopagation process.
Operators in modeled transformations (or mappings), by tlegy nature, exist
at the finer granularity of an individual node or edge, uni@L or SchemaSQL
views where the algebra operators operate on entire setataf 8 change such
as the deletion of an attribute, may thus result in the dmeatif the node model-
ing its mapping therein causing an update to the overalttira of the modeled
transformation. This is in contrast to view maintenanceatgms that have been
presented for SQL views [Kel82,GB95] or SchemaSQL views JR& where
changes are made in-place on the individual algebra opsraith no effect on

! Inheritance in object models is handled via flattening ofttieearchy.

2 Linear transformations do not cover queries that map daschema elements and
vice versa. We have found that such queries are, for the naostrot common in the life
sciences domain.
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the overall structure of the algebra tree. Huaptive propagation algorithmust
thus now also take into account the effect of the change owvbeall structure
of the modeled transformation. To address this, in this pajgepresent a unique
2-passadaptive propagation algorithrthat adapts the modeled transformation to
any structural changes that may occur as a side effect ofgate propagation
process.

RoadMap: The rest of the paper is organized as follows. Section 2 gives
overview of our approach. Sections 3- 5 describe our corklibgi blocks for
achieving the update propagation across different dataetaoth Section 3 we
present the Sangam model - the core of our middle layer appribat includes
both the data model and the transformation model. In Sedtiwe present a tax-
onomy of change operations that can be applied to this dateeinim Section 5
we present our core propagation strategy. In Section 6 weeptea concrete and
comprehensive example to explicate our approach and shevupdates can be
handled in our system. Related work is presented in Sectard#ve conclude in
Section 8.

2 Overview

Figure 1 gives an architectural overview of the connectioesveen the differ-
ent components that comprise tBangamsystem. Below we describe the key
steps that must be undertaken to accomplish the restrngtofithe the public
data source or query results to the desired local schemagkhssvthe ultimate
propagation of the public data source update to the local.vie

BLAST Results

Local Copy of the Results

Tteration
Tteration_hits

{—T - Iteration
Hsp

Hsp _score

Fig. 2 Mapping of BLAST Result DTD
Elements to the locaWDat a Schema
using a Box and Line Method.

Fig. 1 An Architectural Overview of
Sangam.

Step 1: At the core of the&sanganiramework is thanapping layerlt supports the
construction and management of explicit schema mappimgdlieg scientists to
definelocal viewsfrom one or more public data sources. Figure 2 depicts a frag-
ment of the mapping between the BLAST [AGMO] result schema and a locally
defined schema using a basic box and line method. We shoutcheo¢ that re-
sults from BLAST can be (and are often) stored locally on tl@et machine in a
variety of formats ranging from XML, FASTA, ASN.1, and plaiext to in some
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cases the relational format. These results maybe storédti@ror a client (scien-
tist) may choose to store only pertinent subsets of infoionalucidated from the
results as shown in Figure 2. Banganthe lines between the schema elements
are explicitly represented and subsequently stored usiatransformationsin
general, the transformations can be augmented with XQWeBJ01] fragments
to provide translation semantics for the underlying dataweler, we argue that
in the life sciences domain, it is unreasonable to expectthgascientists would
have a working knowledge of the intricacies of XQuery. Hemmcthis version of
the system we provide only simple predicate selectionsifemtapped elements.
Defining the explicit mappings between the local and puldigrees constitutes
the first step of the process.

Step 2: The key focus ofSanganframework is to facilitate the propagation of
pertinent updates from theubscribedoublic data source to the local view of the
data stored at the user site. The first step of this processateder service that
monitors the public data sources and is able to detect anylhngdates. Mul-
tiple approaches at detecting updates in XML files have beeties in the liter-
ature [CRGMW96,NACPO01, XWW02, CAM02, WDCO03], that are mostly based
on comparing consecutive database versions. While thggeaghes are general,
they provide a good first step in this direction. And while weagnize the impor-
tance of this step, it is not the focus of this paper. Here wgeme that this step is
accomplished manually, and no further discussion of thisasided in this paper.

Step 3: Once relevant update data has been extracted from the platidicource,
theupdate servic@ropagates this update from the public database to thedatal
view. This update is accomplished via the incremental pgapan of the updates
through the explicitly modeled transformations maintdibg the mapping man-
ager. In some cases, if the update is a simple data updateasjibct to the source
database, then we employ a simplified version of the view teaance algorithm
for cross model update propagation. However, if the chantgls schema struc-
turing, then the transformation query itself may no longemeell-defined on the
data source. The update service in this case not only prigstiee update through
the mapping, but also upgrades the connection by rewritiegrinsformation to
once again become well defined—connecting the source tatett

In the forthcoming sections, we detail teapping layeand theupdate service
layerand then show how the technology can be used to accomplisth sitteation
encountered by our collaborators in their work on studyimgdonservation of the
ol 3 peripheral heme group.

3 Sangam Framework - The Transformation Layer

In this section, we briefly describe the two fundamental congmts of th&Sangam
middle layer, namely the middle layer schema model and taesformations
that algebraically capture the restructuring/mappings/éen the schemas. Due
to space constraints, we present these models based onlezambile full de-
tails can be found in [CRO3Db].
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3.1 Schema Model

We assume, as in previous modeling approaches [AT96, GIEER BR00, MR83],
that schemas from different data models are representedencommon data
model. Our middle layer schema model, tBangammodel, is a graph-based
model that is loosely based on the XML Schema model and caasept schemas
from the XML, relational and object modéls

<! ELEMENT Iteration (
Iteration_iter-num
Iteration_query-ID?,

Iteration_query-def?, ,  [Tteration .
Iteration_query-len?, ‘}/\TJ
Iteration_hits? )> Iteration_ iter -num ..... Keration_hits
< ELEMENT Iteration_hits ( Ht* )> Hlitwml
[1:1] [0:1]
<IELEMENT Hit ( . /\.
Hit num Hit_num Hit_ hsps
Hit _hsps? )> o
Hsp
<! ELEMENT Hit _hsps ( Hsp* )> IV\‘l:u
Hsp _num Hsp _score
<! ELEMENT Hsp ( .
Hsp_num Fig. 4 Sangam Graph for the BLAST DTD

Hsp_score )> given in Figure 3.

Fig. 3 A Fragment of the
BLAST [AGM *90] Result DTD.

An instance of the Sangam graph model is callesbagam graphA Sang-
am graphG= (N, E , \) is a directed graph of nodes N and edges E , and a set
of labels\. Each node in the Sangam graph represenises-defined typand is
uniquely identified in the entire graph by its lalbein A. Two nodes are connected
by a directed edge that represents a compositidth\& A, relationship between
the nodes.

Example 1 Consider the BLAST-DTD fragment shown in Figutée3e the ele-
ment t er at i on hassub-elementd erati on.i t er- numandl t er ati on-

_hi t s among others. The elemdriter at i on_hi t s inturnis comprised of the
subelementtl t . Figure 4 gives the Sangam graph representation for this BL-A
DTD fragment. The elementtd erati on,lteration.iter-numltera-
tion_hits, andHit are represented as nodes in the Sangam graph with the
same labels. The HAS relationship between the elemdrtter ati on and its
subelementkt er ati on_i t er- numandl t er at i on_hi t s is represented by

% Inheritance in object models is handled via flattening ofttieearchy.
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directed edges from the nodié er at i on to the nodes t erati on.i t er num
andl t er ati on_hi t s respectively. Similarly, an edge from the nddeer a-
tion_Hi tstoHit denotesthe HAS relationship between the elemehtser a-
tion_hitsandtheHit.

An edge between two nodes can be annotated with a set of amtstrThe
local orderconstraint specifies a monotonically increasing, reldtieal ordering
for all outgoing edges from a given node

Example 2 Consider again the BLAST DTD shown in Figure 3. Herer -
ationidter-numandlteration_hits are the first and the fifth subele-
ments of the elemertt er at i on. This is captured in the Sangam graph by
the local order constraint resulting in an annotation bfon the edge between
Iterationandlteration.ter-numandan annotation 0 on the edge
betweerl t erati onandl t erati on_hi t s as shown in Figure 4.

The quantifierconstraint, fmn], on a given edge between nodep andc
specifies the minimummand maximumn occurrences of the data instances of the
nodec for a given instance of node

Example 3 In Figure 3, the subelemehtser ati on.i t er - numandl t er a-

ti on_hi t s arerequiredandoptionalrespectively, while the subeleméiitt of

the elementt er at i on_hi t s can have unbounded occurrences. This informa-
tion is captured in the Sangam graph (Figure 4) by the quamtdonstraint, and

is denoted as [1:1] for the equi r ed subelementl(t er ati on_i t er - nunj,
[0:1] for the optional subelement ¢ er ati on_hi t s) and [0:n] for the un-
bounded subelemeHi t .

A set of Sangam data graphare associated with each Sangam graph to rep-
resent the extent of the graph. Each Sangam data graph nunforthe Sangam
graph with which it is associated, and is analogous tapl e in the relational
model or a fragment of the XML documentin the XML model. At raadividual
node and edge, the corresponding values in the Sangam dathsgare repre-
sented amodeObj ect s andedgeObj ect s and are termed the extent of the
node and the edge respectively.

Example 4Figure 5 shows a Sangam data graph for the Sangam graph given i
Figure 4. The corresponding fragment of the XML documenth@ in Figure 6.

3.2 The Transformation Model

A key contribution of our work are thegansformationghat provide the founda-
tion of the box and line restructuring shown in Figure 2. lis thection, we now
introduce the building blocks of this transformation laaga — the linear graph
transformation operators and the glue logic that enabkesdmposition of these
operators to represent transformations over Sangam graphs
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<lteration>
<lteration_iter-nunrl</>
<lteration_hits>

<H t>
Iteration - 1 <H t _nunmpl</Ht_nunpe
‘/\ <Hi t _hsps>
1 Iteration_hit: -1 <Hsp>
""" "‘ <Hsp_nun®l</ Hsp_nun®
i1 <Hsp_score>531</ Hsp_score>
</ Hsp>
e <rsp>
it_ hsps -
<Hsp_nunmk2</ Hsp_nun®
— <Hsp_score>525</ Hsp_scor e>
Hsp -1 Hsp -2 < HSp>
NN\ </H t_hsps>
1 531 2 525 </Ht>

</lteration_hits>

Fig. 5 A Data Graph Corresponding to </lteration iter-nunp

the Sangam graph in Figure 4.

</lteration>
Fig. 6 The XML Document Representation
of the Data Graph in Figure 5.

Linear Transformation Operators. We define a set of linear transformation op-
erators, namely ther oss operator that represents a basic node-copgranect
operator that represents an edge-copynaot h operator that reduces a path of
two edges to a single edge; andw@bdi vi de operator that expands a single edge
to represent a path of two edges.

Thecr oss operator, very simply stated, represents a node copy apelat
takes as input a nodeand produces as output an exact capy The cross oper-
ator is a total mapping, i.e., the nodeObijects in the extentare mapped one-to-
one to the nodeObijects in the extennof.

Example 5 Figure 7 shows the application of the cross opetatthe input node
Hsp_scor e. The output of the cross operator is the ndleHsp_scor e*. All
nodeObjects, namely nodes in the data graphs that correspmthe value$31
and 525 in the extent of the input noddsp_scor e are mapped one-to-one to
nodeObjects in the extent of the output nddéisp_scor e. We use the notation
® with an incoming and outgoing edge to graphically represkatcross operator.
The incoming edge denotes the input while the outgoing edgetds the output
produced by the node.

Theconnect operator represents an edge copy operator. It takes asanput
edgee between two nodasandn, and produces as output a cagy between two

4 We use the prefix of- to easily distinguish the target nodes and edges. We fotsw t
naming convention throughout the paper.
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Hsp T-Hsp
2[1:1] l'_—> @'_—> ‘21:1\

Hsp _score T-Hsp _score
Hsp _score —)@—) T-Hsp _score
— Hsp -1 T-Hsp-1
N : — M
i: 531 —>®—> T-531 i oty
L 525 —>®—> T-525
— Hsp -2 T-Hsp-2
o

Fig. 7 An Example Showing the Appli- 525 T- 525

cation of Cross Linear Transformation

Operator to an Input Node. The Corre- Fig. 8 An Example Showing the Ap-

sponding Data Graph Transformation is plication of a Connect Linear Transfor-

also Shown. mation Operator to an Input Edge. The
Corresponding Data Transformations are
also Shown.

nodesri andn’ . The annotations a&’ (the order and the quantifier constraints)
are the same as the annotations of the input eddée connect operator is a total
mapping, i.e., the edgeObjects in the extent of the edgee mapped one-to-one
to the edgeObijects in the extentasf.

Example 6 Figure 8 shows the application of the connect dper@ the in-
put edgeHsp- scor e between the nodddsp andHsp_scor e. The output of
the connect operator is the edde Hsp- scor e between nodes- Hsp and T-

- Hsp_scor e. All edgeObijects, namely the edges in the data graphs threg-co
spond to the edges between the nddss- 1 and531, and the nodekisp- 2 and
525 are mapped one-to-one to the edgeObjects in the extent of thep- scor e.
We use the notatiof with an incoming and an outgoing edge to graphically rep-
resent the connect operator. The incoming and the outgaligg® here represent
the input and the output of the operator.

The snoot h operator is a path reduction operator. It reduces a giveatinp
path of length2 to an output path of length - that is it produces as output a
single edge. It can, however, be applied repeatedly forataation of paths with
larger lengths. The annotations of the output path (sinddegare modified from
those of the input path (of length 2) to preserve the inforomatapacity during
the reduction. The local order annotation of the output patfilects the local order
annotation of the first edge of the path. This stems from tbetffeat the two paths
(input and output) logically originate from the same nodee fuantifier annota-
tion, however, in the output path is modified to representtrabined capacity of
the input path. Intuitively, if both the edges in the inputtphave a [1:1] quantifier
constraint, then the output path would be similarly consad. However, if the
first edge of the input path is [1:1], and the second edge [Xheh the quantifier
annotation of the output path must reflect the combined égpaicthe input path
and be set to [1:m] in this case. The smooth operator is apjplia similar manner
to the paths in the data graphs to create paths of lehgtithe output data graphs.
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Example 7 Figure 9 shows the application of the smooth opetat the input
path between the nodéf t _hsps, Hsp andHsp_scor e to produce the output
path of lengthl between the nodek- Hi t _hsps and T- Hsp_scor e. A sim-

ilar reduction is applied to the corresponding paths in thetalgraphs. We use
the notations with two incoming edges and one outgoing edge to represent th
smooth operator. The two incoming edges denote the inphtgfdéngth 2, while
the outgoing edge denotes the reduced path.

Hit_hsps T-Hit_hsps Hsp T-Hsp
1 2 2
[O0:n] s 1[1:1] l[l:ll
i 1 Hsp_score $ie
Hsp_score T-Hsp_score T-Hsp_score
Fig. 9 An Example Showing the Appli- Fig. 10 An Example Showing the Appli-
cation of the Smooth Linear Transforma- cation of a Subdivide Linear Transforma-
tion Operator to Two Input Edges. tion Operator to an Input Edge.

Thesubdi vi de operator intuitively performs the inverse of the smooth op-
erator. It expands a given path of length 1 to produce a patngth 2 —that is, it
splits a given edge between two nodes to produce two edgearaimiermediate
node as output. The local order annotation for the first eddlee output path re-
flects the local order annotation of the input path, as thegtugically stem from
the same node. The local order annotation of the second edfe ioutput path
is set to 1 to denote the only outgoing edge from the newlyteceatermediate
node. The quantifier annotation for the output path is setfiect the information
capacity of the input path. Intuitively, the second edgehefdutput path now re-
flects the information capacity of the input path. Hencegitantifier is set to be
the same as that of the input path. The quantifier for the fitgeenust, however,
reflect at the least the minimum capacity of the input patmdéethe quantifier
for the first edge of the output path is set|@o: 1] if mi n for the input path is 0,
elseitis settdl : 1]. A similar subdivide operation is applied on all correspiogd
edges in the data graphs.

Example 8 Figure 10 shows the application of the subdivideratpr. Here the
subdivide operator expands the path (of length 1) betweemtidesHsp and
Hi t _scor e to produce as output a path of length 2 between the ffedés p, the
newly created intermediate nodei nt er and the nodd- Hi t _scor e. A simi-
lar operation is applied on the corresponding edgeObjetthée data graphs, and
intermediate objects are created as needed. This corrafpimrthe splitting of the
edgeObject into two separate edgeObjects and the creatiamew nodeObiject.

Composing the Linear Transformation Operators. The linear transformation
operators are primitives that operate on the nodes and edfgegiven graph.
These operators while complete in the transformations pnegiuce [GY98], are
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not sufficient to express complex transformations that é¢tttvely reduce any
given input graph to a desired output graph. Glue logic thad$these opera-
tors together is essential to accomplish this. We now intcedwo such bindings,
namely a context dependency and a derivation binding.

Context dependency is a correctness binding that enablesasdéinear trans-
formation operators to collaborate and jointly operate wmngraphs of the input
graph to produce one combined output graph. The output dinalar transfor-
mation operators bound by context dependency is visibleéroutput graph. We
term the context dependency as a correctness binding asfitétidn is used to
produce the correct set of data graphs.

Example 9 Figure 11 shows an example of a context dependéraindp. Here,
the sub-graphsis mapped using cross and smooth operators bound by context
dependency to produce the output gragh Here, one cross operator produces
the output nodd- Hi t _hsps based on the input noddi t _hsps; the second
cross operator produces the output nodeHi t _scor e based on the input node
Hi t _scor e; and the smooth operator produces an output edge based amghe
path between the nodé$ t _hsps, Hsp andHi t _scor e. The context depen-
dency binding ensures that the output edge connects thesiied t _hsps and

T- Hi t _scor e that are the mappings of the nodeist _hsps andHi t _scor e
produced by the respective cross operators. Similarly, dbietext dependency
ensures that (1) the corresponding data graphs reflect tneibg of the node
T-Hi t _Hsps- 1 to nodeT- 531, and the nodd- Hi t _Hsps- 2 to nodeT- 525
respectively; and (2) the node Hi t _Hsps- 1 is mapping ofi t _Hsps- 1, node
T-Hi t _Hsps- 2 is mapping ofHi t _Hsps, and nodesl- 531 and T- 525 are
mappings of the nodeés31 and 525 respectively produced by the cross opera-
tors.

Iteration_hits TIteration_hits
Hit_hsps —

s l 5 Deriation
T-Hit_hsps [—s Contexr b ependency | toseh
1 Hit
HSP I [D = Hif_hSPS fo:m
2 :
[ forml
Hsp_score — T-Hsp_score ) HS>
n:ni @

(G Hsp_score Hsp_score

a b
Fig. 11 Building a Transformation Us- © ©
ing a Context Dependency Binding. Here
(a) shows the actual transformation with
the transformation operators and their re-
spective inputs and outputs, while (b)
shows a thumbnail of the transformation.

Fig. 12 Building a Transformation Us-
ing Derivation Bindings. Here (a) shows
the actual transformation with the trans-
formation operators and their inputs and
outputs, while (b) shows a thumbnail of
the transformation.

Derivation binding enables the sequential applicatioregésal linear transfor-
mation operators via operator nesting. In this binding,db#put of one operator
is pipelined into the next operator, and the final output ésdhtput of the parent
operator that consumes the inputs of its children operators
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Example 10 Figure 12 shows an example of a derivation binditege, a path
of length 4 is mapped to a path of length 1 using three smooénabrs. The
first two smooth operators take as input paths of length 2 éetwthe nodes
Iteration.ter-numandHi t andHi t _hsps andHi t _scor e respectively.
These operators produce two paths of length 1 that are theslipied into the third
smooth operator to produce a path of length 1 between thesiodet er at i on-
{iter-numandHi t _scor e. The third smooth operator heswnsumeshe out-
put of the first two smooth operators and produces the finglutut

Both context dependency and derivation bindings togetitarthe transforma-
tion operators result itree-like structures providing a form analogous to algebra
trees for the transformation language.

Summary. Both context dependency and derivation bindings can andanym
cases must co-exist to provide a correct transformatiotif the Sangam graphs
and the corresponding data graphs. Figure 13 depicts theftranation corre-
sponding to the mapping example given in Figure 2. Here bartitext dependency
and derivation bindings are utilized to produce the finalréeoutput. It should be
noted here that the transformation language presentedsh&iraple yet powerful
enough to express all linear transformations on first-ogdaphs. These transfor-
mations are independent of the data model of the actual sand target. For
example, the transformation in Figure 13 can be applied tb XML and FASTA
format results obtained from BLAST, and the resulting otitpan be stored as
either an XML document, a FASTA file or as a relational dateb&oreover, the
transformations can be translated to high-level languages as XQuery or SQL,
to perform the actual data transformations.

I1'er'a1'|ons —s T-Iterations
—= : Context Dependency
ITer'cmon hits — 5 @ Derivation

io: n]

H|1'
[D 1] 5
Hit_hsps [0:n]
i
[D:n]l

Hsp T-Hsp
[1 1] [1 5

HSP_SCOFG—>§* T- HSp score
(b)

Fig. 13 Transformation Corresponding to the Box-Line TransfoioraShown in Figure 2.
Here (a) shows the transformation with all inputs and owwpwhile (b) is the thumbnail
sketch of the transformation.
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Schema Change Primitive Description

insertNode (In,7,ml,q) Creates new node with lableh and inserts
it as child of noden

insertNodeAt (In,7,ml,q,pos) | Creates new node with lableh and inserts
it as child of nodemat positionpos

del et eNode (mn) Deletes child noda from parentm

insertEdge (mn,l,q) Inserts new edge between nodesndn,
makingn child of nodem

i nsert EdgeAt (mn,l,q, pos) Inserts new edge at positiggns between
nodesmandn, makingn child of nodem

del et eEdge (m1l) Deletes edge with labell from nodem

rename (n,l’) Modifies label of noden to |’

Table 1 Taxonomy of Sangam Graph Change Primitives.

4 Taxonomy of Sangam Graph Changes

Information is not static, rather it changes over time. Instnatabase systems
this change is made through a set of data update primitivesemema evolution
primitives, the semantics of which define the precise chaWgetake the same
approach for enabling changes on the Sangam graphs. Wdue&dive Sangam
graph change primitives, namdlyser t Node, del et eNode, i nsert Edge,
del et eEdge andr enane, to insert and delete a node, insert and delete an edge,
and to rename both the node as well as an edge respectivelg. Tgives a brief
description of these operations.

We define a similar set of four operations to enable modification the data
graphs. These primitives capture the semantics for thecomodification of data
graphs via the insertion and deletion of nodeObjects anddigeObjects. Table 2
gives a brief description of these Sangam data graph moaiiificaperations. It
can be shown that the Sangam graph change primitives assitbié &angam data
graph change primitives are both minimal and correct [(Ja02

5 The Adaptive Update Propagation Strategy

Once a local change has been translated into a set of chamg®s $angam graph
in the middle layer, it must then be translated into a set aihgles on the target
Sangam graph. This is in essence similar to the incremergal maintenance
strategies proposed in literature [BLT86,GM95, MKK97,ZE&W95, AESY97],

albeit with some key differences. For SQL views, the focumishe calculation of
the extent difference between the ddnd new view” by adding or subtracting
tuples from the extent of the vieM. In these works, the schemas\béndV' are

assumed to stay the same. In the scenario when schema claeagemsidered
[KRO2a] as in update propagation through SchemaSQL viewkdsfler et al.,

the changes are made in-place on the individual algebraatgysrin the algebra
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Data Modification Primitive | Description

addObjecty, n) Creates new object with data valuer . Inserts object
o into extent | @) of noden

deleteObjectd,n) Removes objead from extent | f) of noden based
on either the object id or the value

addEdgeObjectd,02,e) Creates new edgeObjeab(<0:, 02>, or d). In-

serts the edgeObjeot into the extent R€) of edge
e:<m n> at positionor d

deleteEdgeObjecto( ,e) Removes objead. from extent R €) of edgee:<m
n> based on either the object id or the value

Table 2 Taxonomy of Sangam Data Graph Change Primitives.

tree. That is, the structure of the algebra tree remainsdheesand no algebra
nodes are added or deleted.

However, when propagating Sangam graph changes throughsfdrmation
not only is the old output Sangam graph G different from thelified output Sang-
am graph G’ , but in many cases the structure of the transfiimmaself may be
affected. For instance, new transformation operators neagdoled as a result of a
node insertion and/or existing transformation operatag be removed as a result
of a node or an edge deletion in the Sangam graph. To addisswéintroduce
the AdaptiveUpdatePropagation AUP ) algorithm — a two pass algorithm. The
first pass oAUP propagates the update while the second pass performs atgdhee
maintenance on the transformation itself.

The First Pass: Propagating the Update. The first pass of thAUP algorithm
propagates the given update, in the form of a change primitivough the trans-
formation. The algorithm performs a post-order traverms&rtsure that each trans-
formation operator processes the updates after all itslrehilhave already com-
puted their output. The result of the first pass of P algorithm is the update
sequence, that is applied to the output Sangam graph at the end of tbatap
propagation.

Figure 14 depicts the first pass of tAEP algorithm. Here, a single update
is applied to each transformation operator. Each transitiom operator can deter-
mine if its output is effected by the update. If it's outputiiéected, it produces an
updateu;’ that must be applied to its output node or edge in the outpug&a
graph. The change together with the transformation opeaa¢arecorded as a pair
<u;', op;> in the update sequence produced by the transformation operator.
Both the original update; and the generated update sequehege then prop-
agated through the transformation along the context depeaydand derivation
bindings.

While propagation is carried out through both context dejeacy and deriva-
tion bindings, and applied to the parent operator, the typbirding decides
whether: (1) the original update must be applied to the parent operator; and
(2) whether the update sequence generated by the childtoperast be propa-
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func List AUP (Updateu,, , Operatoropy) {

Listi nSequence «— &,
List § «— @, //Updates from children
List 6" «— @ // parent update sequence
UpdatePaiup , up;
BooleanupdateApplied
if (oppisLeaf)
up < applyUpdate (u, , opp)
d.append (up)
else

func List calculateUpdat@JpdatePaiup;,
Operator opj
Listd' «— @
u; < up;.getUpdate()
up;’ «— applyUpdate (u; ,opp)
/IDecide ifup;andup;’ appended
/Ito parent’sé’ or up;discarded
op:i < Up;.getOperator()
if ((e:<op,op;>) ==

/I not a leaf, then recursively invoke
/I AUP for all children
for (all childrenop; of opp)
d.append(AUP (u, , op;))
Il 6 = updates of children odp;
Il Calc. effect of each update on op
/I Generate parent's’
for (all updatePairsip; € §) { &'.append(up)
0" « calculateUpdate (up;, op) &’.append(up;’ )
} elseif((e:<op, op;>) == derivation)
return ¢’; ¢’.append(up;’ )
} return ¢’

contextDependency)
Il Calculate effect of original update
I/l Check if update applied before
if (lupdateApplied)
up < applyUpdate (u, , opy)
updateApplied— true
¢’.append(up;)

Fig. 14 First Pass of Cross Algebra Tree Target Maintenance Algorit

func UpdatePaiapplyUpdate (Updateu,, , Operatorop;)
{ if (opp.isAffectedBy(uy ))
u,’ < opp.generateUpdate (u, )
if (opp.toBeDeleted())
opp.markForDeletion()
up < (up’,opp)
return up

}

Fig. 15 First Pass of Cross Algebra Tree Target Maintenance Algorit The UpdatePair
Function.

gated up, i.e., whether it should be included in the updajeessce generated by
the parent operator. For a context dependency binding) teahoutput of all op-
erators is visible in the output graph. Hence, if the propiagas via a context
dependency binding the original updates applied to the parent operator and
any update produced by the parent operatapisendedo the update sequenée
produced by the child operator. In the case of derivatiodibig, recall that any in-
termediate results produced by the children operatorsareisible in the output
graph. Moreover, the parent operator’s output is depematettie input provided
by its children operators. Hence, when updates are propdgfatough the deriva-
tion binding only updates produced by the children opesatoe applied to the
parent operator. The original update is not applied to thrergadn this case. Fur-
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thermore, the update sequericproduced by the children operators is discarded
and a new update sequenteontaining only the parent’s update is produced.

For any transformation operatop; if the updateu; is such that it removes
its input, then the operatap, is marked for deletion. The actual removal of the
operator from the transformation occurs in the second pddB, Clean , of the
AUP algorithm.

The Second Pass: Cleaning Up. The second pass of th&UP algorithm re-
moves any non-functional operators from the transformatimd if needed mod-
ifies the update sequengeproduced by the first pass of the algorithm to reflect
the effects of the removal. Figure 16 gives the second patedUP algorithm
—AUP_Clean . There are two cases that must be considered here: (1) aatoper
with context dependency bindings has been marked for deldltn this case, as
the outputs of all other operators are independent from #mgr@utput, no other
operator is effected; and (2) an operator with derivatiardirigs to its children
operators has been marked for deletion. In this case, aglmlyutput of the root
operator is visible in the output graph, the derivation bigdalong with all in-
volved transformation operators are delétetiny effects of the deletion on the
update sequencg are computed and the final update sequedités applied to
the output graph.

func AUP_Clean (Operator op)
if (op.markForDeletion () )
I/l Propagate markForDeletion to all
/I derivation children
for (all childrenop; of op)
if ((e:<op, op,>) == derivation)
if (op; is not shared)
/I Mark the child operator for deletion.
op;.markForDeletion()
else
/I Mark the derivation edge for deletion.
e.markForDeletion()

/IRecursivly invoke algorithm

for (all childrenop; of op)
AUP_Clean (op;, op)

/I Remove the operator

if (op.markForDeletion () )
delete (op)

return

Fig. 16 Second Pass - Clean Up of Cross Algebra Tree Target Mainten@igorithm.

TheAUP algorithm has been shown to be correct, that is (1) the pratpagof
an updates by the AUP algorithm results in a well-formed transformation — this
shows the correctness of the second phase of the algorif)nth€ propagation
of an updatau by the AUP algorithm results in a valid modified output Sangam
graph; and (3) the incremental update propagation algorAdP produces an

5 It should be noted here that if a child operator in either Irigs is marked for deletion,
it would produce an update deleting its output in the firstgeha propagating the deletion
to the parent nodes as needed. The impact of its deletioreisftre covered in the first
phase ofAUP .
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Fig. 17 Time Taken to Incrementally

Propagate thei nsert Qbj ect (10),
del et eObj ect (DO),
i nsert EdgeObj ect (IEO) and

del et eEdgeObj ect (DEO) opera-

tions, Through One Smooth Algebra
Operator Compared to the Cost of
Re-computation. The number of objects
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Fig. 18 Time Taken to Incrementally
Propagate thei nsert Qbj ect (10),
del et ebj ect (DO),

i nsert EdgeOhj ect (IEO) and
del et eEdgebj ect (DEO) Opera-
tions Through Complex Transformation
of over 10 Operators Compared to the
Cost of Re-computation. The number

here refers to the size of the extent of the
given Sangam graph.

of objects here refers to the size of the
extent of the Sangam graph.

updated Sangam graph equivalent to that produced by fulbneputation. Full
proof of this is beyond the scope of this paper. We refer therésted reader to
[Cla02].

Experimental Evaluation oAUP We conducted several experiments to evaluate
the performance of thAUP algorithm. The experiments focused on two primary
aspects: (1) the relative cost of propagating the diffetygmas of updates through
a given transformation. Figure 17 shows the time taken teeimentally propa-
gate different data update operations throughsh®ot h operator; and (2) the
cost of incremental propagation (the AUP) algorithm coregao the cost of full
re-computation. In both cases only one update was prophtatugh the trans-
formation at a time. Figure 18 shows the cost of full re-cotafian in comparison

to the incremental propagation of different updates. Irhb&gures 17 and 18,
the extent of the Sangam graphs was increased. AUt algorithm exhibits a
logarithmic increase with a linear increase in the tramsfation sizé& for the prop-
agation of updates such &el et eEdge(bj ect andl nsert Edgebj ect .
The algorithm is nearly constant with linear increase imsfarmation size for
Del et ethj ect andl nsert Cbj ect primitives. In all cases re-computation
was found to be more expensive.

6 Case-Study: From Mapping to Propagation

In this section, we present a case-study explicating ouradiviechnique to ac-
complish cross-data model propagation of updates from fquddita source to a

5 The transformation size here refers to the complexity oftthrsformation measured
in terms of the number of operators.
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local view. For this case-study we use an example based oont@ing work of
Dr. McDonald and Dr. Vasudevan of the Chemistry Departmebidass-Lowell.
Their research focuses on statistical analysis of amindsagssential to heme in-
corporation. This is a molecular phylogenic approach taibgarent conservation
of heme contact residues in both primary sequence and,mpedsy, tertiary (heme
pocket) topology. Current on-line databases and retrioa$ are used to evalu-
ate the sequence conservation of &i@ peripheral heme group contacts as a first
step.

6.1 The Mapping Layer

To facilitate this investigation, we built a local data sesequences from the and

£ chains of only those organisms that assemble a tetrartesis; ) protein. The
local schema, mapped from the XML Schemas of Swissprot [BABPTR.xsd
found at [SPT04]), and PDB (PDBj.xsd found at [PDB04]), defitthe key infor-
mation that was of importance to our collaborators. Hereé?B8 data was used
to discover the sequence IDs of theand theS sequences, while Swissprot was
the main source for the sequences themselves. An additiestiction limiting
the sequences to a lengthb41 amino acid residues was imposed on the corre-
sponding data transformation. Figure 19 represents theahdXine mapping of
the relevant Swissprot and PDBj elements to the local sch&éhmboxes capture
the predicate selection that is applied on, for examplesé¢iggience length. This is
the view of theSanganframework that will typically be used by the life scientists

Public Data Sources

Local Data Source

PDBj

T-MyData

entryld
main
atom_site
model

T-entryld
T-accession#
T-name
T-sequence

chain — T-length
residue — T-mass
residue_dbref —— T-checksum
db_name — T-updated
db_id

SPTR_entry
accession#
name
sequence
length —[ 141 ]
mass
checksum
updated

Fig. 19 Mapping of Swissprot and PDBj Elements to the lotaMy Dat a Schema Shown
Using the Box and Line Method.

Figures 20 and 21 depict the graph based representatioe &wissprot and
PDB;j fragments shown in Figure 19, while Figure 22 depictsshime for the local



20 Kajal T. Claypool, and Elke A. Rundensteiner

schema fragment in Figure 19. We use the prefiX-ofin Figures 19 and 22 to
uniquely identify the target elements in our discussioreher

PDBj
1 2
[1:1] [1:1]
entryld main
1
[0:N]
SPTR_entry atom_site
1
3
i . 0:1] [0:N]
accession# name sequence model
1
. /‘ \\\?\ | [0:N]
[1:1 [1:1) [1:1) [1:1] 1:1) .
chain
sequence length mass checksum updated 1
[0:N]
residlue

Fig. 20 Sangam’s Graph-based Repre- .
sentation of the Swissprot Fragment .

- 1 residue_dbref ,
shown in Figure 19. [1:%&;1]

dbname db”id

Fig. 21 Sangam’s Graph Based Repre-
sentation of the PDBj Schema Fragment
shown in Figure 19.

T-MyDat
. / 4 \
[1:1] [0:N] [0:N] [1:1] [1:1] [1:1] [1:1

]
T-entryld  T-accession#  T-name T-sequence  T-length  T-mass T-updated

Fig. 22 Sangam’s Graph Based Representation of the [bchly Dat a Schema.

Figure 23 represents the transformation correspondiniggonapping shown
in Figure 19. Here, both context dependency and derivatiogitgs are utilized
to produce the final desired output. The desired input noslesh(asentryl d
anddb_nane) are copied, using ther oss transformation operator, to produce
the desired output nodes.

The edges between the newly created output nodes are sktbliria either
direct copying ¢onnect operator) of the correct edges from the input graph,
or via thesnoot h transformation operator. For example, the edge between the
parentPDBj and the chilcent r yl d in the source pane is represented identically
by the edge between the elementdyDat a andT- ent r yl d. This is an edge
copy that can be accomplished by a connect operator. To etisat the edge
is established between the right nodes and correct dathgep generated, the
cross operators fdPDBj :T- MyDat a andentryl d:T- ent ryl d are placed in
a context dependency binding with the connect operator@srsin Figure 234).
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On the other hand, we must reduce a path of length 7 betweeRDBE
and thedb_i d to establish a path of length 1 between the no@leblDat a
and T- accessi on#. This transformation is accomplished by six smooth op-
erators that successively reduce the input path to theeatksitput path. The
smooth operators are glued together with a derivation bogpndn addition, context
dependency bindings between the root smooth operator andrtiss operators
(PDBj :T- MyDat a, anddb_i d:T- accessi on#) are used to establish the path
between the right nodes. Figure B3depicts the resulting transformation. The
transformation for the Swissprot Schema is establishedsimaar manner and is
given in Figure 23¢).

—=: Context Dependency
— : Derivation

5

POBj: entryld: PBEj: entryId: atom_site: chain: residue_dbref db_id:
T-#hyData T-entryld T-iyData T-entryId T-tfempl T-temp2 T-temp3 T-accession#

(a) (b)

SPTR_entry:  accessiond: name: sequence: T-Igtll;:ﬂw mass: updated:

T-MyData T-accession# T-name T-sequence (=141 T-mass T-updated

(e)
Fig. 23 The Transformation Representing the Mapping Presenteitjimeé-19.

The predicates depicted in Figure 19 are captured as aiorsain the cor-
responding mapping of the target (local data view) elensgnEor example, the
restriction that sequence length bé1 residues is captured as an annotation on
thecr oss operator that maps tHeengt h in the source pane to thie | engt h
in the target pane. Such restrictions must be explicitlyrdefiby the user. How-
ever, some restrictions can be inferred from the mappingiged by the user —
these are the implicit constraints. For example, the mappfrboth source ele-
mentsdb_i d andaccessi on# to the target elemenf- accessi on# places
an implicitj oi n constraint on the mapping that is enforced when transfamin
the data graphs.

We use an XML-based storage model for persisting the schevdalsias well
as the transformation models. The local data set in thissagly was stored as a
relational database using the MySQL DBMS.
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6.2 Propagating Updates

6.2.1 Data Updates During the course of this case study (Jan 2004 to May 2004),
we observed onlgata updatesin Swissprot and PDB that conformed to the map-
ping shown in Figure 19. At the beginning of the case-studn @004), the map-
ping resulted in 152 unique sequences fordhghain, while at the end of the case
study (May 2004) there were a total of 177 sequences fontbleain in the local
database. Figures 24 and 26 show example updates (in XMLatdmat were
received from the source databases (Swissprot and PDB)cdrnesponding up-
date data graphs, the virtual representation in the mildgler, for these example
updates are shown in Figures 25 and 27 respectively. Fidifesd 29 depict
partial update sequences;- 1 andd — 2, generated from the the data graphs in
Figure 25 and 27 respectively.

<entry dataset=""Sw ss-Prot’’
created=""'1986-07-21""
updat ed=""'2004- 07- 05" ' >
<accessi on>P01999</ accessi on>
<name>HBA _ALLM </ name>

...... O’SPTR,entry
<sequence | ength=""141""

mass=""15734""

checksun¥’ ' F4AA95E87BB7ACD86’ ’
updat ed="’ 1986-07- 21"’ >

VL SMEDKSNVKAI WGKASGHL EEYGAEAL
ERMFCAYPQTKI YFPHFDVBHNSAQ RAH

P01999 HBA_ALLMI sequence

VLS....KYR 141 15734 F4A...86 2004-07-21

WKVEEC;jVEQ\F/EELDDLPmaE;S Fig. 25 The Corresponding Data Graph -
ALSPEI HASLDKFLCAJVS:A“VLTSKYR Representation of the Update in Sangam.

</ sequence>

</entry>

</ uni prot >

Fig. 24 Update From Swissprot [BAOQ]
Database.

Propagating the Updates. To exemplify our propagation algorithm, we now show
how one of these updates — addObjed41", | engt h) —is propagated through
the fragment of transformation shown in Figure 30. PP algorithm follows a
post-order traversal of the transformation implying th&t tipdater; = addObject
(“1417, | engt h) is applied first to the leaf level cross operators, and theahe
smooth operator.

Two factors determine the applicability of the updateto any operator: (1)
the match between the specified node inand the input of the operator; and (2)
the specified predicate clause, if any. The application efufpdateu; to cross
operatorSPTRent r y:T- MyDat a does not satisfy either of these two factors,
and hence results in an empty update sequence. The updastehowever, appli-
cable for the operatdrengt h:T- | engt h. Here, there is a match between the
operator’s input nodeengt h and the node specified in the update Moreover,
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O_PDBj
<entry dataset="'PDBj"’
created=""'1986-07-21"" TA00 O_main
updat ed=""'2004-07-05""' > | )
<PDBJ entryld=""'1A00"" > OT’“’”‘—S“G
<chai n> A </chai n>
X O_model
<resi due>

<resi due_dbref> SW5 </resi due_dbref>

<db_name> HBA ALLM </db_nane>

<db_i d> P01999 </db_id> O_residue
</residue> s

</ chai n>
</ PDBJ> HBA,AL{ x999

Fig. 26 Update From the PDBj
Database.

= PR “S—

Fig. 27 The Data Graph Corresponding
to the PDBj Update.

Update 1: 0; = addObject (“P01999", accession#)
Update 2: addEdgeObjectai, 0sprRr_entry, <SPTREeNtry, accession#)

Update 5: 02, = addObject (‘HBA-ALLMI”, name)
Update 6: addEdgeObjectol, 0sprRr_entry, <SPTRentry, name-)

Update 7: 05 = addObject (“VLS—KYR”, sequence)
Update 8: addEdgeObjecto, 0sprr_entry, <SPTReNtry, sequence)

Update 9: 0, = addObject (“141", length)
Update 10: addEdgeObjecioy, 03, <sequence, length)

Fig. 28 The Partial Update Sequenée— 1 Produced by the Updates in Figure 24 and
Corresponding to the Update Data Graph in Figure 25.

Update 3: 0, = addObject (“P01999", diid)
Update 4: addEdgeObjecta(,, 0sw s, <residuedbref, dhid>)

Fig. 29 The Partial Update Sequende— 2 Produced by the Updates in Figure 26 and
Corresponding to the Update Data Graph in Figure 27.

the predicate selection restricting the sequence lendth toresidues also holds.
The application of the update, to this cross operator thus produces the update
sequencé, = { < addObject (141", T-| engt h), op2 > }.

As a next step, the union of the update sequences of the ehjldr this case
simply 02, together with the original update, are applied to the parent opera-
tor (the smooth operator in Figure 30. Neither the updat® jmor the original
updateu; satisfy the two factors with respect to the smooth operatowever,
the smooth operator is in a context-dependency relation thi¢ cross operator
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SPTR_entry: length:
T-#hy Data T-length

Fig. 30 The Transformation fok engt h of asequence.

I engt h:T- I engt h, the producer of an update, and hence the final update se-
quence) = da.

As there is no modification to the transformation structthre,second pass of
the AUP algorithm is not invoked and the final update sequeniseapplied to the
output model shown in Figure 22.

Updates with Explicit Constraints. The current taxonomy of Sangam Graph
data changes (Table 2), does not includeaification primitiveas most data up-
dates can be achieved by a combinatiodelf et e andadd operations. Consider
a modification of the sequence lengih ( engt h) from 141 to 140 applied to
the data graph given in Figure 31. There are two possibletepmiegcomes in this
case: (1) the operation is disallowed as the deletion oféljaance length violates
the explicit constraint — the sequence length musiLé&. This, however, does
not accurately represent the updates in the source. ThaB8esygstem is currently
limited to supporting these semantics; (2) the operatignlts in the deletion of
the entire corresponding data graph to both reflect the @éhanthe source and
maintain the semantics of the transformation. These seécsamrgquire the intro-
duction of a newmodificationprimitive that handles the deletion and addition as
an atomic operation and deletes the entire data graph tae=osustraint con-
formance by all data graphs. Based on discussions with dlabcwators, it is,
however, unclear if automatic updates that result in thetaal of complete data
graphs are the preferred semantics in all cases.

6.2.2 Schema UpdateswWhile during the case-study we did not encounter any
real schema/structural updates, we now use an example 1o lshww a schema
update would be propagated through the transformation showrigure 234).
Consider a schema updaig = del et eNode (PDBj, entryl d) that deletes
the child nodeent r yl d of the parent nodEDB;j . The propagation of this update
through the transformation shown in Figure @3§egins at the cross operator that
mapsPDBj to T- MyDat a. This update has no effect on this operator and hence
no update sequence is produced. The update when applied twdbs operator
that mapsentryl d to T- ent ryl d, however, is effected as its input has been
deleted. This cross operator thus produces the updatersesjite del et eNode

(T- MyDat a, T- ent r yl d) to delete the corresponding noBleent r yI d in the
output graph. As this operator no longer produces an outpsitharked for dele-
tion.
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As the two cross operators are bound to the connect operataontext de-
pendency, both the original update as well as the updatessequ are applied
to it. There is an implicit deletion of the edge betwdDBj andent ryl d that
is caused by the deletion of the noelet r yI d, making the input of the connect
operator invalid. It thus produces an explicit upddgs et eEdge (T- MyDat a,
e), wheree is the label of the edge betwed&n MyDat a andT- ent r yl d. This
update is appended to the update sequénEarthermore as the connect operator
no longer produces an output, it too is marked for deletion.

The second phase of the algorithm is invoked at the end of thtepthase, as
there now exist two operators that have been marked forideleks there are no
derivation bindings, no other operators are marked fortb#leand the cross and
connect operators are both deleted. At the end of this phasegansformation is
reduced to just the cross operator that m2pBj to T- MyDat a. No other updates
are generated during this phase and the final update sequénegplied to the
output graph.

Schema Changes - Insert Operations. Schema updates that correspond to dele-
tions and modifications of the input Sangam graph can be paipd through the
AUP algorithm presented in this paper. However, we find fthiema insertsto

the input Sangam graph cannot be propagated through tlustalg. This is pri-
marily due to the fact that any additional node or edge cthiatthe input Sangam
graph can be mapped to the output Sangam graph in many diffeways or in
some cases not at all. Typically the mapping of the new nodslge in the input
Sangam graph must be done in accordance with the existingftranation. It is
feasible to provide some default propagation rules andédatault mappings for
handling these inserts. We provide some heuristics to aplisimthis in [Cla02].

6.3 Translating the Updates

The application of the entire update sequence given in Egg@B8 and 29 will
result in a data graph given in Figure 31. This data graph eacohbverted via the
application of simple rules to either a tuple(s) that canriseited into an existing
relational table(s), or into an XML document(s). As an exémpigure 32 depicts
an XML document that can be constructed from the data grapigimre 31. The
corresponding schema graph (Figure 22) provides the tagnation while the
data graph itself provides the element values. These, XMiud@nt and tuple,
can be merged with existing XML documents and or insertedlrigliational tables
respectively using standard techniques for the same. lildHme noted that for
updates that result in the deletion of a complete data gtagpbropagated update
is used to generate the corresponding relational or XML tgpda

7 Related Work

Schema Transformation and Modelin§chema transformation and integration is
an active research area [HNM199, MZ98, FK99, MIR93, CJR98, RR87]. Rosenthall
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<entry dataset="'"MData'’
created=""2004-08-21""
updat ed=""'2004- 10- 01"’ >
<T- MyDat a
T-entryld="*1A00""
T-length=""141""
T-mass=""'15734""
T- checksume' ' FAA95E87BB7ACD86 *
T- updat ed=""'1986- 07- 21"’ >
<T- accessi on>P01999</ T- accessi on>
<T- name>HBA_ALLM </ T- nanme>
1A00 P01999 HBA_ALLMI VLS...KYR 141 15734 2004-07-21 <T- Sequence> VL SVEDKSNVKAI WGKA
; SGHLEEYGAEAL
Fig. 31 The Output Qata Qraph Generated ERVFCAYPQTKI YFPHEDVEHNSAQ RAH
From the Updates given in Figure 25 and CKKVFSAL HEAVNHI DDLPGAL CRLSEL
27. HAHSL RVDPVNFKFLAHCVL WFAI HHPS
AL SPEI HASL DKFLCAVSAVLTSKYR
</ T- sequence>
</ T- Wy Dat a>

O_
T-MyDat:

Fig. 32 XML Document Generated
from the Update Graph given in Fig-
ure 31.

et al. [RR87] have proposed a fixed set of linear schema wamsftions for an

extended ER model. A recent IBM project Clio [HM199] develops a partially
automated tool for discovering mappings between two sckeflio focuses on
generating SQL queries that perform both data transfoonatand the transla-
tion of target queries into source queries. Milo et al. [ME8Bproach the prob-
lem of data translations based on schema-matching. A nuofib@mnslation algo-

rithms have also been proposed, for example between XML-@f®relational

schemas [FK99].

Meta-modeling has been looked at as a middle-ware mediunottehschema
integration and data transformation [MR83, AT96,BR00, BRPapazoglou et al.
[PR95] propose a middle-layer meta-model to accomplishsfamations be-
tween the OO and relational data models, using a set of gieedietranslation
rules that can convert source data models to and from theleaidger meta-
model. Using translations as basic building blocks, theyta automatically gen-
erate mappings from one given model to another at run-tineerf et al. [AT96]
have presented a framework to describe data models anccajmti schemas.
They focus on discovering translations between data meaelfience application
schemas. Bernstein et al. [BR0O0, MRBO03] have proposed a-metieling frame-
work to represent schemas in a common data model to faeilite&tny services
including schema translations.

Change Detection and Subscriptionis. recent years, driven by the success of the
Internet, semistructured data models and in particular Xidlize become increas-
ingly popular in many domains including scientific domainstsas protein chem-
istry. In relational databases, triggers in the sourcetiestes can be used to alert an
integration system of updates [HN99]. Web-based datalzsesften uncoopera-
tive with both an integration effort and subsequent updisesa Therefore, there
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is great interest in development of algorithms that detadtr@cognize database
changes, for example by comparing database versions [X\0BA\CRGMW96,
CAMO02,WDCO03].

Other areas of interest are models and languages to repcserging semi-
structured data, often with an emphasis on XML [PGMW95, CANSTZ01,WZ03,
MACMOL1]. Chawathe et al. [CAW98] also present a notion ofsartbing to a data
source. Some projects, such as the Xyleme project  MACMBTRO1] focus on
integrating a vast number of XML source databases.

Updating XML. Approaches to the problem of updating XML views are reldyive
recent and few. An initial paper by Tatarinov et al. [TIHW(@bposes an exten-
sion of the popular XQuery query language for XML [W3CO01] lpdate primi-
tives, such as Delete and Rename. It furthermore discussésanslation of XML
updates (insertions and deletions) to SQL updates in amyiaterhich XML doc-
uments are stored in relational databases. Braganholo lB[2HO03] study the
updatability of a subclass of XML views using a nested retal algebra. Their
algorithm relies on rather strong assumptions such ashikailgebraic represen-
tation of a view does not include atynnestoperators, and thadestonly occurs
as the last operator.

Incremental View Maintenancencremental view maintenance deals with the prob-
lem of propagating source database updates to the derivedRize to its impor-
tance for many applications, view maintenance in relatidatabases has been a
heavily researched area [BLT86, GM95, MKK97,ZGMHW95, AEFY. Work on
other, mostly on object-oriented, data models has also teea [KR98].

In principle, there are two ways to process updates to viewthe delta ap-
proach each update in a source triggers the generation of quéries &iew site
that serve to update a view extent based on knowledge almsbtirce databases,
the view definition, and the updates that have occurred.dppsoach is very pop-
ular in the field of relational databases [BLT86, GMS93, MKK®ut is difficult
to implement in XML due to the complex nature of XML updatebeTe is some
initial work available on the WHAX project which attemptsgenerate such delta-
queries [LDOO0], and partial solutions for some subsets efptoblem, involving
very simple atomic update operations by [ZM98, AMB8].

The second approach to incremental view maintenance makegfuhe fact
that queries are translated into algebra expressions iiitete their execution.
One can then define update propagation for egmératorin the query’s alge-
bra tree and, as long as the updatable operators form a cidgelra, one can
obtain an algebraic view maintenance solution for querfearioitrary complex-
ity. This algebra-based view maintenance approach waspfiogiosed for SQL
and relational algebra by Griffin and Libkin [GL95] but can &gapted to other,
more complex algebras, as demonstrated by Koeller and Rstalrer [KRO2b,
KRO04]. Jagadish et al. are developing a native XML databgsies [JAKC 02]
TIMBER based on an algebra called TAX [JLST02]. However, we ot aware
of any work on view update propagation support in the coraéXiMBER.
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In all of these above cited works, we are not aware of any ambres that
investigate a general solution for incremental update ggafion in the context of
a heterogeneous data models - a key issue when considegiisgtie of automated
to semi-automated maintenance of data sources in the idasgs domain.

8 Conclusions

A fundamental challenge in developing an approach for theemental propaga-
tion of updates from the source to the user’s cached date ilif¢hsciences domain
is the high variability in the data models. The models of ¢heata sources range
from XML to FASTA to ASN.1 to relational. One possible appcbawhich we
quickly discarded, was to develop specific propagationrtiggles for each pair of
data models. Consider for example, the query depicted rEig to store specific
projections of BLAST results (given in FASTA format) into elational database.
This query would require post-query execution (a) parsirtg@BLAST results to
extract the desired values; (b) mapping (transformatiditese results into rela-
tional attributes and tables; and (c) a propagation algorip translate the BLAST
updates to relational updates based on the specific tramafion (step (b)). Such
an approach would necessarily need to be modified for diftaransformations
and different data models.

In this paper we present an alternative approach that pee\ad (1) a simple
yet expressive transformation framework to encompasstéps ga) and (b) de-
scribed above; and (2) a unique incremental update proipagyorithm based
on the transformation framewotkThe transformation frameworkbased on lin-
ear transformations [GY98] is the core of our approach angigdes the building
blocks necessary to express linear transformations betag®gemas and data ir-
respective of their native data model. As a testament taxjisessive power, we
present two complete, yet diverse examples in this paperfifdt example shows
how our approach can be applied to transform and subsegwtmtt the pertinent
elements from a single source, in this case BLAST. This foansation can be ex-
tended with little or no effort by predicates that, for exdeqfilter out all BLAST
results below a certain scorelgp_scor e). The second example, detailed in the
case study, focuses on transforming the data from two ssumed joining their
results in a single target graph.

Beyond its application in the life sciences domain, one efuhique contri-
butions of this work is bringing exposure to the fact thatkenincremental view
propagation, propagation at the transformation model ke result in modifica-
tion of the model itself. We believe this fundamental diéfiece arises from the fact
that relational views deal with sets of data while the transfations are dealing
with translations typically defined at a lower granularity.

Current Status and Future Work. The fundamental building blocks of the
Sangam system together with the incremental update prépagdgorithm have

" The transformation framework provides the semantics és$éor correct propagation
of updates.
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been developed and are available for download at
http://ww.cs.uml.edu/~kajal/Sangam. However, we currently do not have a
visual component that would allow users to construct theippings using graph-
ical drag and drop tools. A visual tool is under developmemnt e expect to
deploy the system as a set of web services in the early paextfypear. A possible
direction for future work is to extend the Sangam framewonsrbvide support for
higher order transformations. One example of such a tramsfon is the map-
ping of an edge between two nodes to a node in the target.
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