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Abstract. With theincreasing amount and diversity of information available onthe In-
ternet, there has been a huge growth in information systems that need to integrate data
from distributed, heterogeneous data sources. Tracing the lineage of the integrated
data is one of the current problems being addressed in data warehouse research. In
this chapter, we propose a new approach for tracing data lineage which is based on
schema transformation pathways. We show how the individual transformation stepsin
atransformation pathway can be used to trace the derivation of the integrated datain
a step-wise fashion. Although developed for a graph-based common data model and
afunctional query language, our approach is not limited to these and would be use-
ful in any data transformation/integration framework based on sequences of primitive
schema transformations.

1 Introduction

A data warehouse consists of a set of materialized views defined over a number of data
sources. It collects copies of data from remote, distributed, autonomous and heterogeneous
data sourcesinto a central repository to enable analysis and mining of theintegrated informa-
tion. Data warehousing is popularly used for on-line analytical processing (OLAP), decision
support systems, on-line information publishing and retrieving, and digital libraries. How-
ever, sometimes what we need is not only to analyse the data in the warehouse, but also to
investigate how certain warehouse information was derived from the data sources. Given a
tuple ¢ in the warehouse, finding the set of source data items from which ¢ was derived is
termed the data lineage problem [1]. Supporting lineage tracing in data warehousing envi-
ronments brings several benefits and applications, including in-depth data analysis, on-line
analysis mining (OLAM), scientific databases, authorization management, and materialized
view schemaevolution[2, 3, 4, 1, 5, 6].

AutoM ed isadatatransformation and integration system, supporting both virtual and ma-
terialized integration of schemas expressed in a variety of modelling languages. This system
is being developed in a collaborative EPSRC-funded project between Birkbeck and Imperial
Colleges, London — seehttp://www.ic.ac.uk/automed

Common to many methods for integrating heterogeneous data sources is the requirement
for logical integration [7] of the data, due to variations in the design of data models for the
same universe of discourse. A common approach is to define a single integrated schema
expressed using a common data model. Using a high-level modelling language (e.g. ER,
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OO0 or relational) as the common data model can be complicated because the original and
transformed schemas may be represented in different high-level modelling languages and
there may not be a simple semantic correspondence between their modelling constructs.

In previouswork within the AutoMed project [8, 9, 10], ageneral framework has been de-
vel oped to support schema transformation and integration. This framework provides alower-
level hypergraph based data model (HDM) as the common data model and a set of primitive
schema transformations for schemas defined in this data model. One advantage of using a
low-level data model such asthe HDM isthat semantic mismatches between modelling con-
structs are avoided. Another advantageisthat it providesaunifying semanticsfor higher-level
modelling constructs.

In particular, [10] shows how ER, relational and UML data models, and the set of primi-
tive schema transformations on each of them, can be defined in terms of the lower-level HDM
and its set of primitive schema transformations. That paper also discusses how inter-model
transformations are possible within the AutoMed framework, thus allowing a schema ex-
pressed in one high-level modelling language to be incrementally transformed into a schema
expressed in a different high-level modelling language. The approach was extended to also
encompass XML data sources in [11], and ongoing work in AutoMed is also extending its
scope to encompass formatted data files, plain text files, and RDF [12].

In the AutoMed approach, the integration of schemas is specified as a sequence of prim-
itive schema transformation steps, which incrementally add, delete or rename schema con-
structs, thereby transforming each source schema into the target schema Each transformation
step affects one schema construct, expressed in some modelling language. Thus, the inter-
mediate (and indeed the target) schemas may contain constructs of more than one modelling
language. We term the sequence of primitive transformations steps defined for transforming a
schema.S; into aschema.S; atransformation pathway from S; to S,. That is, atransformation
pathway consists of a sequence of primitive schema transformations.

[9] discusses how AutoMed transformation pathways are automatically reversible, thus
allowing automatic translation of data and queries between schemas. In this chapter we show
how AutoMed's transformation pathways can also be used to trace the lineage of datain a
data warehouse which integrates data from several sources. The data sources and the global
schema may be expressed in the same or in different data models. AutoM ed uses a functional
intermediate query language (1QL) for defining the semantic relationships between schema
constructsin each transformation step. In this chapter we show how these queries can be used
to trace the lineage of datain the data warehouse.

The fundamental definitions regarding data lineage were developed in [1], including the
concept of a derivation pool for tracing the data lineage of a tuple in a materialised view,
and methods for derivation tracing with both set and bag semantics. Another fundamental
concept was addressed in [13, 14], namely the difference between “why” provenance and
“where” provenance. Why-provenance refers to the source data that had some influence on
the existence of the integrated data. Where-provenance refers to the actual datain the sources
from which the integrated data was extracted. The problem of why-provenance has been stud-
ied for relational databasesin[1, 3, 4, 15]. Here, we introduce the notions of affect and origin
provenance in the context of AutoMed, and discuss lineage tracing algorithms for both these
the two kinds of provenance. There are also other previous works related to data lineage trac-
ing[2, 6, 5]. Most of these consider coarse-grained lineage based on annotations on each data
transformation step, which provides estimated lineage information, not the exact tuplesin the
data sources. Using our approach, fine-grained lineage, i.e. a specific derivation in the data
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sources, can be computed given the source schemas, integrated schema, and transformation
pathways between them.

The remainder of this chapter is asfollows. Section 2 reviews the aspects of the AutoMed
framework necessary for this chapter, including the HDM datamodel, IQL syntax, and trans-
formation pathways. Section 3 givesour definitions of datalineage and describes the methods
of tracing data lineage that we have devel oped. Section 4 gives our conclusionsand directions
of future work.

2 TheAutoMed Framework

This section givesashort review of the AutoMed framework, including the HDM data mode!,
IQL language, and transformation pathways. More details of this material can be found in
[8,9, 10, 16].

As mentioned as above, the AutoMed framework consists of a low-level hypergraph-
based data model (HDM) and a set of primitive schema transformations for schemas defined
in this data model. Higher-level data models and primitive schema transformations for them
are defined in terms of the lower-level HDM and its primitive schema transformations.

A schema in the HDM data model is a triple (Nodes, Edges, Constraints) containing
a set of nodes, a set of edges, and a set of constraints. A query ¢ over a schema S is an
expression whose variables are members of Nodes and Edges. Nodes and Edges define a
labelled, directed, nested hypergraph. It is nested in the sense that edges can link any number
of both nodes and other edges. Constraintsis a set of boolean-valued queries over S.

These definitions extend to schemas expressed in higher-level modelling languages (see
for example [10] for encodings in the HDM of ER, relational and UML data models, [11]
for XML and [12] for RDF). Schemas in general contain two kinds of constructs: structural
constructsthat have data extents associated with them and constraint constructs that map onto
some set of HDM constraints. A query on a schema is defined over its structural constructs.
Within AutoMed transformation pathways and queries, schema constructs are identified by a
unique scheme, which is atuple of |abels delimited by double chevrons (( and )).

In the AutoM ed integration approach, schemas are incrementally transformed by applying
to them a sequence of primitive transformation steps. Each primitive transformation makes
a‘delta’ change to the schema, by adding, deleting or renaming just one schema construct.
Each add or delete step isaccompanied by aquery specifying the extent of the new or deleted
construct in terms of the rest of constructs in the schema. Two additional kinds of primitive
transformation, extend and contract, behave in the same way as add and delete except that
they indicate their accompanying query may only partially construct the extent of the schema
construct being added to, or deleted from, the schema. Their accompanying query may be
just the distinguished constant void, which indicates that there is no information about how
to derive the extent of the new/deleted construct from the rest of the schema constructs, even
partially. We refer the reader to [17] for an extensive discussion of the AutoMed integration
approach.

To illustrate our work in this chapter, we define below a ssimple relational data model.
However, we stress that the development in this chapter is generally applicable to all mod-
elling languages supported by the AutoMed framework.



4 Tracing Data L ineage Using Schema Transformation Pathways

R
o .. O O .
K, ke @& @

Figure 1: asimple relational data model

2.1 Asimplerelational data model

Schemas in our simple relational model are constructed from primary key attributes, non-
primary key attributes, and the relationships between them. Figure 1 illustrates the represen-
tation of a relation R with primary key attributes k1, ..., k,, and non-primary key attributes
ai, ..., Gy There is a one-one correspondence between this representation and the underly-
ing HDM graph. In our simple relational model, there are two kinds of structural schema
construct: Rel and Att (for ssmplicity, we ignore here the constraints present in a relationa
schema, e.g. key and foreign key constraints, since these are not used by our data lineage
tracing methods, but see [10] for an encoding of aricher relational data model). The extent
of a Rel construct ((R)) is the projection of the relation R onto its primary key attributes
ki, ..., k,. The extent of each Att construct ((R, a)) where a is an attribute (key or non-key)
isthe projection of relation R onto k1, ..., k,, a.

For example, arelation StoreSales(store_id, daily_total, date) would be modelled by a
Rel scheme ((StoreSales)), and three Att schemes ((StoreSales, store_id)), ({StoreSales,
daily_total)), ((StoreSales, date)).

The set of primitive transformations for schemas expressed in this simple relation data
model isasfollows:

e addRel(((R)), q) addsto the schemaanew relation R.

The query ¢ specifies the set of primary key values in the extent of R in terms of the
already existing schema constructs.

e addAtt(((R, a)), ¢) addsto the schemaan attribute a (key or non-key) for relation R.

The query ¢ specifies the extent of the binary relationship between the primary key at-
tribute(s) of R and thisnew attribute a in terms of the already existing schema constructs.

e delRel(((R)), q) deletes from the schemathe relation R (provided all its attributes have
first been deleted).

The query ¢ specifies how the set of primary key valuesin the extent of 12 can be restored
from the remaining schema constructs.

e delAtt(((R, a)), q) deletes from the schema attribute a of relation R.

The query ¢ specifies how the extent of the binary relationship between the primary key
attribute(s) of R and a can be restored from the remaining schema constructs.

e renameRel(((R)), R") renamestherelation R to R’ in the schema

e renameAtt(((R, a)), a') renames the attribute « of R to «'.
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A composite transformation is a sequence of n > 1 primitive transformations. We term
the composite transformation defined for transforming schema S; to schema S, atransforma-
tion pathway from S; to S,. The query, ¢, appearing in aprimitive transformation is expressed
in a functional intermediate query language, IQL [16]. For the purposes of this chapter we
assume that the extents of all schema constructs are bags.

2.2 SmplelQL queries

In order for our data lineage tracing methods to be unambiguous, we limit the syntax of
the query ¢ that may appear within a transformation step to the set of simple IQL (S QL)
queries— we refer the reader to [14] for a discussion of ambiguity of datalineage tracing for
different classes of query language. More complex I1QL queries can be encoded as a series of
transformations with SIQL queries on intermediate schema constructs.

The syntax of SIQL queries, g, is listed below (lines 1 to 12). D, D, ..., D, denote a
bag of the appropriate type (base collections). The construct in line 1 is an enumerated bag of
constants. ++ isthe bag union operator and — — isthe bag monus operator [18]. group groups
a bag of pairs on their first component. distinct removes duplicates from a bag. aggFun is
an aggregation function (max, min, count, sum, avg). gc groups a bag of pairs on their first
component and applies an aggregation function to the second component.

The constructsin lines 9, 10, 11 are instances of comprehension syntax [19, 20]. Each 77,
..., T, iIseither asingle variable or atuple of variables. 7 is either a single variable or value,
or atuple of variables or values, and must include all of variables appearing in 71, ..., T,.
Each C4, ..., C is a condition not referring to any base collection. In 9, by the constraints
of comprehension syntax, each variable appearing inz, (1, ..., C, must appear in some 7;.
In 10 and 11, the variables in 7 must appear in z*. In line 12, map applies afunction f to a
collection D, where f is constrained not to refer to any base collections.

. ¢ = [c1,¢2,..sCh (wheren > 0 and each ¢y, ..., ¢, iSaconstant)
2. q = Di++Dy++...+4D, (wheren > 1)
3. q = D1 - —D2

4. q = groupD

5. q = sortD

6. q = distinct D

7. q = aggFun D

8. q = gcaggFun D

9. q = [z|T1 ¢ D1;... ;T < Dy; Ch; .. Ck (wheren > 1,k > 0)
10. ¢ = [Z|T <= Dy; member D 7]

11. ¢ = [Z|T < Dy; not(member Dy 7)]

12. ¢ = map f D

QL can represent common database queries, such as select-project-join (SPJ) queries and
SPJ queries with aggregation (ASPJ). For example, to obtain the maximum daily sales total
for each storein arelation StoreSales(store_id, daily_-total, date), in SQL we would use:

1General comprehensions have the syntax [e|Q1; - .. ; Q,]- Q1 to Q,, are qualifiers, each qualifier being
either afilter or agenerator. A filter isaboolean-valued expression: the C; above arefilters, asaremember Doy
and not(member Dy 7). A generator has syntax p < ¢ where p is a pattern and c¢ is a collection-valued
expression. In SIQL, the patterns p are constrained to be single variables or tuples thereof while the collection-
valued expressions ¢ are constrained to be base collections.
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SELECT store id, max(daily total)
FROM StoreSales
GROUP BY store id

In IQL, assuming the simple relational model defined in Section 2.1, this query would be
expressed by
gc max ((StoreSales, daily_total))

2.3 Anexample: transforming relational schemas

Consider two relational schemas S; and S,. S; is a source schema containing two rela-
tionsmathematician(emp_id, salary) and compScientist(emp_id, salary). S, isthetarget
chema containing two relations per son(emp-id, salary, dept) and department (dept N ame,
avgDeptSalary).

By our definition of the smple relational model in Section 2.1, S; has a set of Rel con-
structs Rel; and a set of Att constructs Att;, while S, has a set of Rel constructs Rel, and a

set of Att constructs Att,, where:

Rely = {{{(mathematician)), ((compScientist))}

Att; = {({mathematician, emp_id)), ((mathematician, salary))
((compScientist, emp_id)), ((compScientist, salary))}

o~ o~ T~ o~

Rely, = {{(person)), ((department))}
Atty = {{{person,emp_id)), ({person, salary)), ({(person, dept))
((department, dept N ame)), ((department, avgDeptSalary))}

Schema S; can betransformed to S, by the sequence of primitive schematransformations
given below. Thefirst seven transformation steps create the constructs of .S, which do not ex-
ist in S;. The query in each step gives the extension of the new schema construct in terms
of the extents of the existing schema constructs. The last six steps then delete the redundant
constructs of S;. The query in each of these steps shows how the extension of each deleted
construct can be reconstructed from the remaining schema constructs.

(1) addRel (({person)), ({mathematician)) + + ({compScientist)))

(2) addAtt  (((person,emp_id)),

mathematician, emp_id)) + + ((compScientist, emp_id)))
(3) addAtt  (((person, salary)

o~ ~— o~

(
(mathematician, salary)) + + ((compScientist, salary)))
(4) addAtt  (((person,dept)),[(z, "Maths")|x + ((mathematician))] + +
[(z, "CompSci")|z + ({(compScientist))])
(5) addRel (((department)),["Maths", CompSci")
(6) addAtt  (((department, deptName)), [(" Maths",” Maths"), ("CompSci”,” CompSci”)))
(7) addAtt  (((department, avgDeptSalary)),
gc avg [("Maths", s)|(z, s) «+ ({(mathematician, salary))]
++ gecavg [("Maths", s)|(x, s) < ({mathematician, salary))])
(8) delAtt  (((mathematician, salary)), [(z, s)|(z, s) < ((person, salary));
(2, d) ({person,dept));d = "Maths"; z = '])
(9) delAtt  (((mathematician, emp_id)),[(z,id)|(x,id) < ((person,emp_id));
(2',d) < ((person,dept));d = "Maths"; z = z'])
(10) delRel  (({(mathematician)), [z|(z,d) < ((person,dept));d = " Maths"])
(11) delAtt  (((compScientist, salary)), [( z, 8)|(z,s) < ((person, salary));
(2',d) + ((person, dept));d = "CompSci"; z = z'])

—~
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(12) delAtt  (((compScientist, emp_id)), [(z,id)|(z,id) < ((person,emp_id));
(z',d) < ((person,dept));d = "CompSci";z = z'])
(13) delRel  ({{compScientist)), [z|(x,d) + ((person,dept));d = "CompSci"])

Note that we actually permit the specification of compositions of SIQL queries within
primitive transformations e.g. the queriesin steps (4) and (7) above are not SIQL queries but
are composed of nested SIQL sub-queries. Such queries are automatically broken down by
our software into a sequence of add or delete transformation steps with SIQL queries within
them. The decomposition procedure undertakes a depth-first search of the query tree and
generates the sequence of transformations from the bottom up. For example, the following
decompositions would be equivalent to steps (4) and (7) above, with (4.1) ~ (4.5) replacing
step (4) and (7.1) ~ (7.9) replacing step (7)*:

(4.1) addAtt  ({(person,mathsDept)),[(z, "Maths")|x + ((mathematician))])
(4.2) addAtt  ({(person,CSDept)),[(x, "CompSci")|x + ({compScientist))])
(4.3) addAtt  ({(person,dept)), {{(person, mathsDept)) + + ({person, CSDept)))
(4.4) delAtt  (((person,CSDept)),[(x, "CompSci")|x + ({(compScientist))])
(4.5) delAtt  (((person,mathsDept)),[(z, "Maths")|z < ((mathematician))])

(7.1) addRel ({{(mathsSalary)),map (A(x,s).("Maths",s)) ((mathematician, salary)))
(7.2) addRel (({(avgMathsSalary)), gc avg ((mathsSalary)))
(7.3) addRel ({{(compSciSalary)), map (A(z,s).("CompSci”, s)) ((compScientist, salary)))
(7.4) addRel (((avgCompSciSalary)), gc avg ({(compSciSalary)))
(7.5) addAtt  ({{department,avgDeptSalary)),

((avgMathsSalary)) + + ((avgCompSciSalary)))
.6) delRel  ({{avgCompSciSalary)), gc avg {{compSciSalary)))
.7) delRel  ({(compSciSalary)), map (A(z,s).("CompSci”, s)) ((compScientist, salary)))
.8) delRel  ({{avgMathsSalary)), gc avg ({(mathsSalary)))
.9) delRel  (((mathsSalary)), map (A(z,s).("Maths", s)) ((mathematician, salary)))

3 Tracing datalineagein AutoMed
3.1 Datalineage with bag semanticsin SQL

The fundamental definitions regarding data lineage were developed in [1], as were meth-
ods for derivation tracing with both set and bag semantics. However, these definitions and
methods are limited to why-provenance[14], and also to the class of views defined over base
relations using the relational algebra operators selection (o), projection(r), join (), aggre-
gation (), set union (| J), and set difference (—). The query language used in AutoMed is
based on bag semantics, allowing duplicate elements within a source construct or integrated
construct, and also within the collections that are derived during lineage tracing. Also, we
consider both affect-provenance and origin-provenance in our treatment of the data lineage
problem. What we regard as affect-provenance includes al of the source data that had some
influence on the result data. Origin-provenanceis simpler because here we are only interested
in the specific datain the sources from which the resulting data is extracted. In particular, we
use the notions of maximal witness and minimal witness from [14] in order to define the

2We have left the IQL queriesin steps (8) ~ (13) asis, since al delete transformations are ignored in our
datalineage tracing procedures (see Section 3.2 below).
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notions of affect-pool and origin-pool in Definitions 1 and 2 below.

In both these definitions, condition (a) states that the result of applying query ¢ to the
lineage must be the bag of all tuplestin V.

Condition (b) is used to enforce the maximizing and minimizing properties, respectively.
Thus, the affect-pool includesall elementsin data sources which could generate ¢ by applying
¢ to them, while if any element and all of its copiesin the origin-pool was deleted, then ¢ or
all of t’'scopiesin V' could not be generated by applying the query ¢ to the lineage.

Condition (c) in both definitions removes the redundant elements in the computed deriva-
tion of tuplet (see[1]). Condition (d) in Definition 2 ensuresthat if the origin-pool of atuple
t s} in the source bag 7;, then for any tuple in 7;, either al of the copies of the tuplearein
T7 or none of them arein 77"

Definition 1 (Affect-pool for a SIQL query) Let ¢ beany SIQL over bags T3, ... , 7,,, ad
let V = q(T}, ..., T,) bethebag that results from applying ¢ to 73, ... , T,,,. Given atuple

t € V, we define t’s affect-pool in Ty, ..., T, according to q to be the sequence of bags
q(‘ﬁ,...yw (t)=(Ty,...,T), whereT}, ..., T} aremaximal sub-bagsof 7, ... , T,, such
that:

@ q(T7,...., 1) ={zlz < V,z =t}

(b) VI q(TY, ..., Ty, ..., T}) ={zlz < V,z =t} =T CTF

() VI :Vt* e T q(Ty, ..., {t*}, ... ) IT}) #9

Also, we say that ¢2iF (t) = T ist’s affect-pool in T;.

Definition 2 (Origin-pool for a SIQL query) Let ¢, 11, ..., T,,, V and ¢ be as above. We

define t’s origin-pool in Ty, ... , 1}, according to g to be the sequence of bags Q?TI;,...,TM (t)
=(Ty,...,T}), whereT}, ..., T areminimal sub-bagsof 71, ..., T,, such that:

@ q(Ty, ..., 1)) ={z|lz <V, z =t}

(b) VI;:vt* e T q(TY, ... {zle < TSz £t} ...\ Ty) #{zle < V;z =1t}
(© VIVt e Tr: q(Ty,... , {t*},... , Ty) #9D

(d) VT7: -3t ¢t € T, t" € (T; = T})

Proposition 1. The origin-pool of atuplet isasub-bag of the affect-pool of ¢.

Following on from the above definitions and the definition of SIQL queriesin Section 2.2,
we now specify the affect-pool and origin-pool for SIQL queries. Asin[1], we usederivation
tracing queriesto evaluate the lineage of atuplet with respect to a sequence of bags D. That
IS, we apply a query to ¢ and the result is the derivation of ¢ in D. We call such a query the
tracing query for t on D, denoted as TQ)) (¢).

Theorem 1 (Affect-pool and Origin-pool for a tuple with SIQL queries). Let V' = ¢(D)
be the bag that results from applying a SIQL query ¢ to a sequence of bags D. Then, for any
tuplet € V, thetracing queriesTQ4” (¢) below give the affect-pool of ¢ in D, and the tracing
queries TQ9F () give the origin-pool of ¢ in D:
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1. g = [e1,.cn)
T (1) = TQYY(t) = [zlw < [c1,mmcnlsz = 1]
/* An enumerated bag can be regarded as a system-defined base collection*/
[*for the purposes of data lineage tracing. */

2. g = Di++...++4D, (D={(Dy,...,Dy))
TQR" (1) = TQP () = (sl < Dyz =t],... [zl  Dnjo =1))
3. q = D1 — —D2 (D = <D1,D2>)
TQR"(t) = ([wlw « Disz =1, Dy)
TQYP(t) = ([z|z « Di;z =t),[z|z + Dojz = t])
4. q = group D
T ) = TQYF(t) = [v|z + D; firstx = firstt]
5. g = sort D/ distinct D
TQH"(t) = TQP'(t) = [zle « Dz =1
6. g = mazD/minD
TQR(t) = D
TQYP(t) = [z]z + Djz =t]
7. q = sumD
TQp"(t) = D
TQRI () = [zle < Dz #0]
8. g = countD [avg D
TQR" () = TQP'(H) = D
9. g = gcmazD [ gemin D
TQA(t) = [z|z + D; firstx = firstt]
TQR'(®) = [zl Diz=1]
10. q = gcsumD
TQM(t) = [z|z + D; firstx = firstt]
TQYP(t) = [z|z + D;firstx = firstt;second z # 0]
11. g = gccount D [/ gcavg D
T () = TQEF(t) = [z + D; firstz = first ]
12 q = [E# e Di.. it DuiCiioiCl (D= (Du....Du))
TR () = TQPF(1) =
([x1|x1 < D131 = (A\T.Z0) t], ..., [Zn|2n < Dy zp = (AT.T,) t])
13. g = [Z|T < Di;member D2 7| (D = (Dq, Ds))
TQH (1) = TR () = (=T + Di;T = t],[yly + D2;y = (A\T.Y) 1)
14. g = |[Z|T < Dy;not(member Dy 7)] (D = (Dy, D))
TQR" ([T < Dz =t], [yly < Dasy = (A2.Y) t])

—
o~
~

QR () = ([Elr « Dz =1],0)
15. q = map f D
TR () = TQYP'(H) = [zl + Di(f7) =1]

If fisinvertible, we can obtain t's data lineage directly using f’s
inverse function f=1i.e. TQAP (1) = TQSE (t) = fL(t).

It is straightforward to show that the results of queries TQAP (¢) and TQSF () satisfy
Definition 1 and 2 respectively.

3.2 Tracing data lineage through transfor mation pathways

For simplicity of exposition, we assume that all of the source schemas have first been in-
tegrated into a single schema S consisting of the union of the constructs of the individual
source schemas, with appropriate renaming of schema constructs to avoid duplicate names.
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Suppose an integrated schema GS has been derived from this source schema S though a
transformation pathway TP = tp,, ... , tp,. Treating each transformation step as a function
appliedto S GScan be obtained as GS=tp; otpy o...otp,.(S) =tp. (... (tp2(tp1(S))) .. .).
Thus, tracing the lineage of data in GS requires tracing data lineage via a query-sequence,
defined as follows:

Definition 3 (Affect-pool for aquery-sequence) Let Q@ = ¢, ¢, . . . , ¢, beaquery-sequence
over asequence of bags D, and let V = Q(D) =q o gz o ... 0 ¢.(D) be the bag that results
from applying @ to D. Given atuplet € V, we define t's affect-pool in D according to Q to
be Qi () = D*, where D; = ¢/\"(D;,,) (1 < i <r), D}, = {t} and D* = Dj.

Definition 4 (Origin-pool for query-sequence) Let (), D, V' and ¢ be as above. We define
t'sorigin-pool in D according to Q to be Q%" (t) = D*, where D} = ¢°”(D;, ) (1 <i <),
D:, ={t}and D* = D:.

Definitions 3 and 4 show that the derivations of data in an integrated schema can be
derived by examining the transformation pathways in reverse, step by step.

An AutoMed transformation pathway consists of a sequence of primitive transformations
which generate the integrated schema from the given source schemas. The schema constructs
are generaly different for different modelling languages. For example, HDM schemas have
Node, Edge, and Constraint constructs, ER schemas have Entity, Attribute, Relationship
and Generalisation constructs [10], while the simple relational schemas of Section 2.1 have
Rel and Att constructs.

Thus, each modelling language also generally has a different set of primitive transforma-
tions. For example, for the HDM these are addNode, delNode, addEdge, delEdge etc.
while for our simple relational data model of Section 2.1 they are addRel, delRel, addAtt,
delAtt etc.

When considering data lineage tracing, we are only concerned with structural constructs
associated with a data extent e.g. Node and Edge constructs in the HDM, and Rel and Att
constructsin the smplerelational datamodel. Thus, for data lineage tracing, we ignore prim-
itive schema transformation steps which are adding, deleting or renaming only constraints.
Moreover, we treat any primitive transformation which is adding a construct to a schema
as a generic addConstruct transformation, any primitive transformation which is deleting a
construct from a schemaas ageneric del Construct transformation, and any primitivetransfor-
mation which is renaming a schema construct as a generic renameConstruct transformation.
We can summarize the problem of data lineage for each of these transformations as follows:

(a) For an addConstruct(0O, ¢) transformation, the lineage of data in the extent of schema
construct O islocated in the extents of the schema constructs appearing in the query q.

(b) For arenameConstruct(Q’, O) transformation, the lineage of datain the extent of schema
construct O islocated in the extent of schema construct O'.

(c) All delConstruct(O, ¢) transformations can be ignored since they create no schema con-
structs.
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3.3 Algorithmsfor tracing data lineage

In our agorithms below, we assume that each schema construct, O, has two attributes: re-
lateTP is the transformation step that created O, and extent is the current extent of O. If a
schema construct remains in the global schema directly from one of the source schemas, its
relateTP valueis .

In our algorithms, each transformation step tp has four attributes:

e transfType, whichis“add’, “ren” or “ del”;
e query, which isthe query used in this transformation step (if any);

e source, which for arenameConstruct(O’, O) returnsjust O', and for an addConstruct(O, q)
returns a sequence of all the schema constructs appearing in ¢; and

e result which is O for both renameConstruct(O’, O) and addConstruct(O, q).

It issimpleto trace datalineage in case (b) discussed above. If Bisatuple bag (i.e. abag
of tuples) contained in the extent of O, B's data lineage in O’ isjust B itself, and we define
this to be both the affect-pool and the origin-pool of B in O'.

In case (@), wherethe construct O was created by atransformation step addConstruct(O, q),
the key point is how to trace the lineage using the query ¢. We can use the formulae givenin
Theorem 1 to obtain the lineage of data created in this case. The procedures affectPool Of Tu-
ple(t, O) and originPool Of Tuple(t, O) below can be applied to trace the affect pool and origin
pool of atuplet in the extent of schema construct O. The result of these procedures, DL, is
a sequence of pairs

((D1,01),...,(Dn,On))
in which each D; is a bag which contains ¢'s derivation within the extent of schema con-
struct O;. Note that in these procedures, the sequence returned by the tracing queries TQ4"
and TQ®” may consist of bags from different schema constructs. For any such bag, B,
B.construct denotes the schema construct from whose extent B originates.

proc affectPool Of Tuple(t, O)
input :  atracing tuple ¢ in the extent of construct O
output : t’saffect-pool, DL

begin
D = [(O.extent,0") | O + O.relateT P.source]
D* = TR (1);
DL = [(B, B.construct) | B < D*]
return(DL);

end

proc originPoolOf Tuple(t, O)
input :  atracing tuple ¢ in the extent of construct O
output : t’sorigin-pool, DL
begin
D = [(O'.extent,0") | O" < O.relateT P.source]
D* = TQPF(t);
DL = [(B, B.construct) | B <— D*]
return(DL);
end
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Two procedures affectPool OfSet(7', O) and originPool OfSet(7°, O) can then be used to
compute the derivations of atuple set (i.e. set of tuples), T'. (Because duplicate tuples have an
identical derivation, we eliminate any duplicate items and convert the tracing bag to atracing
set first.) We give affectPool OfSet below. The procedure originPool OfSet(7, O) is identical,
with originPool Of Tuple replacing affectPool Of Tuple. In these two procedures, we trace the
datalineage of each tuplet € 7' inturn and incrementally merge each timetheresultinto D L:

proc affectPool OfSet (T, O)

input :  atracing tuple set T" contained in construct O
output : T’sdffect-pool, DL
begin

DL = (); / xthe empty sequence x |
foreachteT do
DL = merge(DL, affectPoolOf Tuple(t, O));
return(DL);
end

Because atuplet* can bethelineage of both¢; and ¢; (i # 7), if t* and all of itscopiesina
data source have already been added to D L asthe lineage of ¢;, we do not add them again into
DL asthe lineage of ¢;. This is accomplished by the procedure merge given below, where
the operator — removes an element from a sequence and the operator + appends an element
to a sequence:

proc merge(DL, DL"")
input :  data lineage sequence DL = ((D1,01),... ,(Dn,On));
new data lineage sequence D L™*"
output : merged data lineage sequence DL
begin
for each (D™, 0™") € DL™" do {
if O™ = O; for some O;in DL then {
oldData = Dj;
newData = oldData + +[z |z < D™"; not (member oldData z)];
DL = (DL — (oldData,0;)) + (newData, O;); }
else
DL = DL + (Dnew’ Onew);}
return(DL);
end

Finally, we give below our algorithm traceAffectPool (B, O) for tracing affect lineage us-
ing entire transformation pathways given a integrated schema GS the source schema S, and
atransformation pathway tp;, ... , tp, from S to GS Here, B is atuple bag contained in the
extent of schema construct O € G'S. We recall that each schema construct has attributes re-
lateTP and extent, and that each transformation step has attributes transfType, query, source
and result. We examine each transformation step from ¢p, down to tp;. If it is a delete step,
weignoreit. Otherwise we determineif the resuit of thisstep is contained in the current D L.
If so, we then trace the data lineage of the current dataof O in D L, mergetheresult into DL,
and delete O from D L. At the end of this processing the resulting DL isthe lineage of 7" in
the data sources:
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proc traceAffectPool (B, O)
input :  tracing tuple bag B contained in construct O;
transformation pathway tp1,...,tp,
output : B’sdffect-pool, DL
begin
DL = ((B,0))
for j =r downto1do{
case tpj.transfType = “ del”
continue;
case tpj.transfType = “ren’
if tpj.result = O; for some O; in DL then
DL = (DL — (D;,0;)) + (D;,tp;.source);
case tj.transfType = “ add”
if tpj.result = O; for some Oy in DL then {
DL = DL — (D;, O;);
D; = distinct Dy;
DL = merge(DL, affectPoolOfSet(D;, O;)); }
}
return(DL);
end

Procedure traceOriginPool is identical, obtained by replacing affectPool OfSet by origin-
Pool OfSet.

We illustrate the use of the traceAffectPool agorithm above by means of a simple exam-
ple. Referring back to the example schema transformation in Section 2.3, suppose we have a
tracing tuplet = ( "Maths",2500) in the extent of ((department, avgDeptSalary)) in Ss.
The affect-pool, DL, of thistupleistraced as follows.

Initially, DL = ((( "Maths",2500), ({(department, avgDeptSalary)))). traceAffectPool
ignoresall the del steps, and findsthe add transformation step whose result is” ({department,
avgDeptSalary))". Thisisstep (7.5), tp(.5), and:

tp(r.5)-query = ((avgMathsSalary)) + + ((avgCompSciSalary)) and

tp(7.5)-source = [((avgMathsSalary)), ((avgCompSciSalary))]

Using algorithm affectPoolOfSet, t'slineage at tp( 5) is as follows:

DL 5 = (([z|r + ((avgMathsSalary));z = ("Maths",2500)], ((avgM athsSalary))),
([z]x + ((avgCompSciSalary));x = ("Maths",2500)], ((avgCompSciSalary))))
= ((("Maths",2500), ((avgMathsSalary))), (O, ({(avgCompSciSalary))))
= ((("Maths",2500), ((avgM athsSalary))))

After removing the original tuple, (( "Maths",2500), ({(department, avgDeptSalary))),
and merging itslineage D L7 5), the updated D L is((( " Maths", 2500), ((avgMathsSalary)))).

Similarly, we obtain the data lineage relating to above DL. Thus, DL is al of the
tuples in ((mathsSalary)) and DL,y isal of the tuplesin ((mathematician, salary)),
where ((mathematician, salary)) isabase collectionin S;.

We concludethat the affect-pool of tuple (" Maths”, 2500) inthe extent of ((department,
avgDeptSalary)) in Sy consistsof all of thetuplesintheextent of ((mathematician, salary))
ins;.
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4 Conclusions and future work

We have presented definitions for data lineage in AutoMed based on both why-provenance
and where-provenance, which we have termed affect-pool and origin-pool, respectively. Rather
than relying on a high-level common data model such as an ER, OO or relational model, the
AutoMed integration approach is based on a lower-level common data model — the HDM
data model. High-level modelling languages, and the set of primitive schema transforma-
tions on each of them, are defined in terms of the HDM and its set of primitive schema
transformations. The integration of schemas is specified as a sequence of primitive schema
transformation steps, which incrementally add, delete or rename schema constructs, thereby
transforming each source schema into the target schema. Each transformation step affects
one schema construct, expressed in some modelling language, and the intermediate and tar-
get schemas may contain constructs of more than one modelling language.

The contribution of the work described in this chapter is that we have shown how the
individual steps of AutoMed schematransformation pathways can be used to trace the affect-
pool and origin-pool of items of integrated data in a step-wise fashion.

Fundamental to our lineage tracing method is the fact that add schema transformations
carry a query which defines the new schema construct in terms of the other schema con-
structs. Although developed for a graph-based common data model and a functional query
language, our lineage tracing approach is not limited to these and could be applied in any
data transformation/integration framework which based on sequences of primitive schema
transformations.

We are currently implementing the algorithms presented here, and also algorithms for
incremental view maintenance. The data lineage problem and the solutions presented in this
chapter have led to a number of areas of further work:

e Making use of the information imparted by queries in delete transformation steps, and
also the partial information imparted by queries in extend and contract transformation

steps.

e Combining data lineage tracing with the problem of incremental view maintenance: We
have aready done some preliminary work on using the AutoMed transformation path-
ways for incremental view maintenance. We now plan to explore the relationship be-
tween our lineage tracing and view maintenance algorithms, to determineif an integrated
approach can be adopted for both.

e Extending the lineage tracing and view maintenance algorithms to a more expressive
transformation language: [21] extends the AutoMed transformation language with para-
metrised procedures and iteration and conditional constructs, and we plan to extend our
algorithms to this more expressive transformation language.
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