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Abstract. With the increasing amount and diver- [13] gives the definitions of equivalent HDM representa-

sity of information available on the Internet, there tions for ER, relational and UML schemas, and discusses
has been a huge growth in information systems that how inter-model transformations can be supported via this
need to integrate data from distributed, heteroge- underlying common data model. The approach is extended to

neous data sources. Tracing the lineage of the in-
tegrated data is one of the current problems being
addressed in data warehouse research. In this pa-
per, we propose a new approach for tracing data
linage based on schema transformation pathways.

also encompass XML data sources in [14], and current work
in Automed is also extending its scope to formatted data files
and plain text files.

Using a higher-level CDM such as an ER model or the

We show how the individual transformation steps relational model can be complicated because the original
in a transformation pathway can be used to trace and transformed schemas may be represented in different
the derivation of the integrated data in a step-wise high-level modelling languages and there may not be a sim-
fashion. Although developed for a graph-based data ple semantic correspondence between their modelling con-
model and a functional query language, our ap- structs. In contrast, HDM schemas cont&ilodes Edges
proach is not limited to these and would be useful and Constraintsas their constructs, which can be used as
in any data transformation/integration context. the underlying representation for higher-level modelliog-

structs. Thus, inter-model transformations can be peréarm
by transforming the HDM representations of higher-level
modelling constructs. We term the sequence of primitive
transformations defined for transforming a schefjato a

g‘ gat?j warehousmogsstsf (()jf f set of matI?naI:Ize(: V'ewsschemasg atransformation pathwafrom S; to S,. That s,
efined over a number of data Sources. [t COlIECIS COPIES ,\stormation pathway consists of a sequence of prienitiv
of data from remote, distributed, autonomous and heterog

. . gfhema transformations.
neous data. sources mtq a central 'reposnory to enable anal 112] discusses how Automed transformation pathways are
ysIS gnd.mmmg of the mtegrated.mformauc.)n. Data Wa.reéutomatically reversible, thus allowing automatic tratisin
housing is p_opularly used for on-line a_nalytlcal Procegsin ¢ yata and queries between schemas. In this paper we show
(OLAP), decision support systems, on-line information{pub,

. o NS how Automed’s transformation pathways can also be used
I!shlng and retrlevmg,.and digital libraries. Howeverm to trace the lineage of data in a data warehouse which in-
times what we need is not only to analyse the data in tr}%grates data from several sources. We assume that both the

warehouse, but also to investigate how certain warehouse I0)urce schemas and the integrated schema are expressed in

formation was derived from the data sources. Given a tl{he HDM data model since, as discussed in [13], higher-
Flet mht_hﬁtwareréou_se, df!n(illng tr:jeté;ft Oli_source dz}a |terqgve| schemas and transformations between them can be au-
rom whicht was derived IS terme alineageproblem tomatically translated into an equivalent HDM representa-
[8]. Supporting lineage tracing in data warehousing MATO i \We use a functionahtermediate query languagéQL)

ments brings sevgral bepeﬂts and gppl.lc.atlons, mcludmg 'for expressing the semantic relationships between schema
depth data analysis, on-line analysis mining (OLAM), seien

fific datab thorizati + and matedsl constructs in transformations.
ic databases, authorization management, and ma 2" The remainder of this paper is as follows. Section 2 dis-
view schema evolution [2, 20, 6, 8, 10, 9].

lat k isti th f traci li
Automed (ht t p: / / Jic. ac. uk/ Aut oned) is a cusses related work and existing methods of tracing data lin

data t f fi dint i ¢ fith b eage. Section 3 reviews the Automed framework, including
ata transformation and integration system, supporti .g %the HDM data model, IQL syntax, and transformation path-
virtual and materialized integration of schemas expressed

ways. Section 4 gives our definitions of data lineage and de-

a variety of modelling languages. This system is being dPs'cribes the methods of tracing data lineage we have adopted

vgloped Ina collab_oratwe EPSRC-funded project betwegyj Automed. Section 5 gives our conclusions and directions
Birkbeck and Imperial Colleges, London of future work

Common to many methods for integrating heterogeneous
data sources is the requirement for logical integratior) §f1
the data, due to variations in the design of data models f{@& Related work
the same universe of discourse. A common approach is to
define a single integrated schema expressed usioganon [20] proposes a general framework for computifige-
data model(CDM). In previous work within the Automed graineddata lineage using a limited amount of information
project [18, 12], a general framework has been developed #&out the processing steps. The notiorwefak inversioris
support schema transformation and integration. This framéntroduced. Based on a weak inverse function, which must be
work consists of a low-leveiypergraph based data model specified by the transformation definer, the paper defines and
(HDM) and a set of primitive schema transformations detraces data lineage for each transformation step in a visual
fined in terms of this lower-level model. ization database environment.

1 Introduction



[8] provides some fundamental definitions relating to the  ¢[c1/Exts (c1),...,cn/Exts (cy)] Whereey, ..., ¢,
data lineage problem, including tuple derivation for an op- are the constructs iVodes U Fdges.
erator, and tuple derivation for a view. It has addressed the . ] . ]
derivation tracing problem using bag semantics and has pro- 1 he functionExts ; is called anextension mapping A
vided the concept oflerivation setandderivation poolfor ~HDM modelis a triple (S, I, Exts, ;). The primitive trans-
tracing data lineage with duplicate elements. We use theffmations on HDM models are as follows, each transforma-
ideas in our approach and define the notionsiféct-pool tion being a function that when applied to a model rgturns a
andorigin-pool in Automed. new model. Note that only the schema_l and extension map-
Another fundamental concept is addressed in [4,5PiNg are affected by these transformations, not the instanc
namely the difference between “why” provenance and€:notthe data:
“where” provenance. Why-provenance refers to the source_ ,cpqame Node(fromName, toName) renames a node.
data that had some influence on the existence of the inte- renameEdge(((fromName,ci, ..., cp)), toName)
grated data. Where-provenance refers to the actual datainth  renames an edge.
sources from which the integrated data was extracted. The. ,q7dConstraint ¢ adds a new constraint
problem of why-provenance has been studied for relational— jeiConstraint ¢ deletes a constraint.
databases in [8, 20, 6, 7]. Here, we introduce the notions of- addNode(name, ¢) adds a node named name whose ex-
affect and origin provenance, give definitions for data lin- tent is given by the value of the quepyover the existing
eage in Automed, and discuss the lineage tracing algorithms schema constructs.
for these the two kinds of provenance. — delNode(name, q) deletes a node. Herg, is a query
There are also other previous works related to data lineage that states how the extent of the deleted node could be
tracing [2, 9, 10]. Most of these consideparse-grainedin- recovered from the extents of the remaining schema con-
eage based on annotations on each data transformation step, structs (thus, not violating property (ii) of an instance).
which provides estimated lineage information not the exact— addEdge({((name,ci,...,c,)),q) adds a new edge
tuples in the data sources. Using our approdicie-grained between a sequence of existing schema constructs
lineage, i.e. a specific derivation in the data sources, can ¢, ...,c,. The extent of the edge is given by the value
be computed given the source schemas, integrated schema, of the queryg over the existing schema constructs.
and transformation pathways between them. All of our al- — del Edge({(name,c1,...,c,)),q) deletes an edgeq
gorithms are based on bag semantics using the HDM data states how the extent of the deleted edge could be re-
model and the IQL query language. covered from the extents of the remaining schema con-
structs.

3 The Automed Framework A composite transformation is a sequence of > 1
primitive transformations. We term the composite transfor

This section gives a short review of the Automed schem@ation defined for transforming schemia to schemas; a
transformation framework, including the HDM data model{ransformation pathwafrom S to .Ss.
IQL language, and transformation pathways. More details of The query,g, in each transformation is expressed in a
this material can be found in [18, 12, 13, 17]. functional intermediate query languageQL [18]. This

A schemain the Hypergraph Data Model (HDM) is a SUpports a number of primitive types such as booleans,
triple (Nodes, Edges, Constraijtsontaining a set of nodes, Strings and numbers, as well as product, function and bag
a set of edges, and a set of constraintsquery ¢ over a types. The set o$implelQL queries are as follows, where
schemas is an expression whose variables are members &, D1 ..., D, denote a bag of the appropriate types
Nodesand Edges. Nodesnd Edgesdefine a labelled, di- IS bag union,—— is bagmonus([1], group groups a bag
rected, nested hypergraph. It is nested in the sense thes edgf pairs on their first componenspri Distinct sorts a bag
can link any number of both nodes and other edgm- and removes duplicatesggF'un is an aggregation function
straintsis a set of boolean-valued queries o¥eiThe nodes (maz, min, count, sum, avg), andgc groups a bag of pairs
and edges of a schema are identified by teelremeFor a  ©n their first component and applies an aggregation function
node this is just its name and for an edge it is of the forrP the second component:

({edgeName, schemey, schemes, ..., scheme,)), where
schemer, ..., scheme, are the schemes of the constructs? = D1+ D2+ + ... +4+Dx
connected by the edge. Edge names are optional and the - P~ —Ds>
sence of a name is denoted hy.“ q = group D
An instance I of a schema$ = (Nodes, Edges, Con- ¢~ %"t D
straintg is a set of sets satisfying the following: q = sortDistinct D
q = aggFun D

(i) each construct € Nodes U Edges has an extent, de- ¢ = 9¢ aggFun D

noted byFExtg ;(c), that can be derived from; q = [p|p < D1; member Dz p]
(i) conversely, each set ifi can be derived from the set of ¢ = [plp < D1; not (member D p)]

extents{ Eztg ;(c)|c € Nodes U Edges} q=[plp1 < D1;...;pr < Dyjc1;.. 5 cr]

(iii) foreache € Edges, Extg 1(e) contains only values that ~ General IQL queries are formed by arbitrary nesting of the
appear within the extents of the constructs linkedtpy above simple query constructs.

(iv) the value of every constraint € Constraints The last three constructs above ammprehensionfgl9].
is true, the value of a query ¢ being given by These have the general synfaiQ;;...;Q,], whereQ; to



Q.. are qualifiers, each qualifier being either a filter or a gen- addNode(dept {“Maths”, “CompSci”});

erator. A filter is a boolean-valued expression (thebove
are filters). A generator has syntax— g wherep is a pattern

addNode(person [z|z — mathematiciah+ +
[x|z < compScienti$};

andgq is a collection-valued expression. A pattern is either a addNode(avgDeptSalary

variable or a tuple of patterns. In IQL, the head expression

of a comprehension is also constrained to be a pattern.

IQL can represent common database query operations,

{avg([s |(m, s) < ((, mathematiciansalary))|}

++

{avg]s|(c, s) < {({_,compScientissalary))]});

such as select-project-join (SPJ) operations and SPJ oper-2addEdge(((_, dept person),

ations with aggregation (ASPJ). For example, to get the
maximum daily sales total for each store in the relation

StoreSal es(store_id,daily total,date), in
SQL we use:
SELECT store_id, max(daily_total)

FROM St oreSal es
GROUP BY store_id

In IQL this query is expressed by
gc mazx [(s,t)](s,t,d) — StoreSales]

Example: Transforming between HDM schemas
Consider two HDM schema$, = (N1, F1,Cy) andS; =
(1\727 FEs, 02), where
Ny = {mathematician, compScientist, salary},
Gy = {}a
E, = {{(., mathematician, salary)),
({-, compScientist, salary))},
Ny = {dept, person, salary, avgDeptSalary},
Cy ={},
Ey5 = {{(_, dept, person)), {{_, person, salary)),
(-, dept, avgDeptSalary))}.
Figure 1 illustrates these two schemas, withon the left
and.S; on the right of the figure:

mathematician compScientist person

salary dept salary

avgDeptSalary

Fig. 1. Transforming Schem&; to Schemas:

S1 can be transformed t6; by the sequence of primitive

schema transformations given below. The first 6 transform%

tion steps create the constructs$f which do not exist in
S1. The query in each step gives the extension of the ne

schema construct in terms of the existing schema construc}g

The last 4 steps then delete the redundant construcss.of

[(“Maths” , z)|z < mathematiciah+ +
[(“CompSci”, z)|x < compScientis};
addEdge(((_, personsalary)), ({-, mathematiciansalary))

+ + ((_,compScientissalary)));
addEdge(((_, dept avgDeptSalary),
{(“Maths”,
avg|s|(m. s) —
(“CompSci”,
avg(s|(c, s) < ({_,compScientissalary))])});
delEdge ({(_, mathematiciansalary)),
[(p, 5)|(d, p) — ((_, dept person);
(¢, s) — ((- personsalary));
d ="Maths” ;p = p']);
delEdge (((_, compScientistalary)),
[(p. $)|(d, p) < ({-. dept person);
(P, 5) < ((-, personsalary));
d = "CompSci”; p = p']);
delNode (mathematician

[p|(d,p) < {{-, dept person);
delNode (compScientist

[p|(d,p) « ((-, dept person);d =

((-, mathematiciansalary))]),

d = “Maths”]);

“CompSci”));

4 Tracing data lineage in Automed

The fundamental definitions regarding data lineage arengive
in [8], including tuple derivation for an operator, tupleria-

tion for a view, and methods of derivation tracing with both
setandbagsemantics. However, these definitions and meth-
ods are limited tavhy-provenand®] and what they consider

is a class of views defined over base relations using the re-
lational algebra operatorselection(c), projection(r), join

(1), aggregation(«), set union(l J), andset differenceé—).

The query language used in Automed is IQL basedayse-
mantics allowing duplicate elements in a data source schema
or the integrated data, and also within the collections that
are derived during lineage tracing. Also, we consider both
affect-provenancandorigin-provenancen our treatment of

the data lineage problem.

What we regard as affect-provenance includes all of the
ource data that had some influence on the result data.
Origin-provenance is simpler because here we are only in-
Wrested in the specific data in the sources from which the
sulting data is extracted.

The query in each of these steps shows how the extension
of each deleted construct can be reconstructed from tdel Data lineage with set semantics in IQL

remaining schema constructs:

The definition oftuple derivation for an operatiowas given

in [8] considering only the aspect of affect-provenance.
We use the notions ahaximal withesand minimal witness
from [5] to classify data lineage into two aspecffect-set
and origin-set For set semantics and simple IQL queries,
the definitions of affect-set and origin-set for a tuple ie th
integrated database are as follows. Ttia these definitions



is any IQL simple query. Definition 4 (Origin-pool for a simple query in IQL).
Letq, T4, ..., T, V andq be as above. We defiiis origin-

Definition 1 (Affect-set for a simple query in IQL). pool in T1, ..., T, according to gto be the sequence of
Let ¢ be any S|mple query over sef§, ..., T,,, and let bagSq 7y (@) =TT, ..., T,), whereTy, ..., T} are
V = ¢(Th, ..., T) be the set that results from applying m|n|mal sub bags of1, ..., T, such that:
qtoTy, ...,T,. Given a tuplet € V, we definet’s affect-
setin Ty, ..., T,, according to gto be the sequence of sets .

Ay, oy () =TT, ..., T), whereTy, ..., Ty, aremax- @ q(T7, ... T;) ={z|lzr < Tz =t}
imal subsets off}, ..., T,, such that: (b) VT =3t : t* e T, t* € (T; =T7)
(c) VT vt € T q(Ty, ... {zlz « TF;z # t*}, ...,
(a)Q(va-(--v T;) = {t} V=0 m)#{x\x%T a:—t}
(b) VT2 (T}, ...\ T}, ..., Ty) = {t} = Ty C Ty d) VT Vet € T o(T - T £ &
(C) VT=:Vt* € T q(T#, ... {t*}, ..., T*) # @ (&) VI FT T T
Also, we say thati?;(t) = T} ist's affect-set in T. Also, we say thayQF (t) = T; is t's origin-pool in T;.

Definition 2 (Origin-set for a simple query in IQL). Note that the condition (b) in Definition 4 ensures that if
Letg, T1, ..., T;n, V andt be as above. We defintis origin-  the origin-pool of a tuple is 77 in the source bagd’;, then
setin T, Ty accordlng to qto be the seq:Jence of setSfor any tuple inT;, either all of the copies of the tuple are in
‘I(TL...,Tm)( )= (T7, ..., T5,), whereTy, ..., T;, aremini- 7+ or none of them are iff;.
mal subsets off 1, ..., T, such that:

Proposition 2. The origin-pool of a tuple is a sub-bag of
the affect-pool of.

@) q(T7,....T;,) ={t}
(b) VI;" Ty C T7: q(T5, ..., T5, ..., Tx) #{t}
©) VIVt € T7:q(T7, ... "}, ..., T) #9D .
From above definitions and the definition of simple
Also, we say that2, (t) = T is t's origin-set in T,. IQL queries in Section 3, we now specify the affect-pool
and origin-pool for IQL simple queries. As in [8], we use
In the above definitions, condition (a) states that théerivation tracing querieso evaluate the lineage of a tuple
result of applying query; to the lineage must be the tracing? With respect to a sequence of bas That is, we apply a
tuple ¢; condition (b) is used to enforce the maximizingduery tot and the result is the derivation ofn D. We call
and minimizing properties respectively; and condition (cpuch a query theracing query for t on Ddenoted a3Qp (t).
removes the redundant elements in the computed derivation
of tuplet (see [8]). Theorem 1 (Affect-pooland Origin-pool for a tuple with
IQL simple queries.) LeV = ¢(D) be the bag that results
Proposition 1. The origin-set of a tupléis a subset of the from applying a simple IQL query to a sequence of bags
affect-set of:. D. Then, for any tuple € V, the tracing querieRQAF ()
below give the affect-pool of in D, and the tracing queries

TQRF (t) give the origin-pool ot in D:
4.2 Data lineage with bag semantics in IQL SZHOK gin-p

. . . =D ...4+D, (D=(Ds,...,D
As mentioned above, our approach for tracing data IlneangApEIt) B Téé“;gt) T ( (D1 r))
- D

is based on bag semantics which allow duplicate elements*”

to exist in the source schemas, the integrated schema and

the computed lineage collections. We use the notions of

affect- pOFC))| and orlglr? pool to describe the data lineage AP g =Di—=Dp (D=(D1,Ds))
TQ () = (o] — Dy;o =1], D)

problem with bag semantics: OP(t) = ([]a — Dy;z = t], [g]z — Dy;a = 1))

([x|z <« Dy;z =1t],...,[z|z — Dz =1])

Definition 3 (Affect-pool for a simple query in IQL). ¢ =group D
Let ¢ be any simple query over bads, ..., T;,, and let TQAP (1) = TQOP (1) =
V = ¢(Ty, ..., T,,) be the bag that results from applying =~ *? [x‘xD(_ D first z = first 1
qtoTy, ..., T,. Given a tuplet € V, we definet’s affect- '

pool in Ty, ..., T}, according ti) gto be thf sequince of g = sort D | sortDistinct D
baQSqT1 ____ 7y () =TT, ..., T%), whereTy, ..., T} are TQAP (1) = TQOP (1) =

maX|maI sub-bags of}, ...,T,, such that: D [m‘xD(_ Diw =]

(a) Q(Tl*' . 'm) {.Tl.l‘ — T Tr = f}

(b) VTV': g(TF, o Ty oo T5) = {alz — T o = £} T ari —m‘“D/mmD

(©) VTVt € T q(Tf, ... {t*), .. T) # @ () = [ v Dz =1]
g =count D /sum D [avg D

Also, we say thay#iF (t) = T is t's affect-pool in T.
! TQ (1) =TQ (1) = D



q = gcmazx D / gecmin D
TQAF (t) = [x|r « D; first x = first t]
TQRYF(t) = [z|r «— D;x = 1]

q = gccount D / gcsum D / gcavg D
TR (t) =TQR" () =
[x|z «— D; first x = first t

q = [z|z «— Dy;member Dy z)
(D = (D1, D))
TQE (1) = TQR"(t) =
([x|z < D1;z =t], [z|z « Do;z = t])

Definition 6 (Origin-pool for query-sequence)
Let @, D, V andt be as above. We definés origin-pool
in D according to Qto be Q9" (t) = D*, where D} =
¢?"(Dfy) (1 <i <), Diy ={t} andD* = Dj.

Definitions 5 and 6 show that the derivations of data in an
integrated schema can be derived by examining the transfor-
mation pathways in reverse, step by step.

An Automed transformation pathway is a composite trans-
formation consisting of a sequence of primitive transforma
tions which generate the integrated schema from the given
source schemas. The constructs of an HDM schema are

Nodes Edges and Constraints.When considering data lin-
eage tracing, we treédodesand Edgessimilarly since both

of these kinds of constructs have an extent, i.e. contaia dat
We ignore theConstraintspart of a schema because a con-
straint is just a query over the nodes and edges of a schema
and does not contain any data.

Thus, for data lineage tracing, we consider the primitive
transformationsaddNodeandaddEdgeas a singleaddCon-
structtransformationdelNodeanddelEdgeasdelConstruct
renameNode&nd renameEdges renameConstrugtand we
ignoreaddConstrainanddelConstraintransformations.

We thus summarize the problem of data lineage for each
kind transformation step as follows:

q = [z|z «— Dy;not (member Dy x)]
(D = (D1, D))
TQR"(t) = ([w|z « Disz = t], Dy)
TP (t) = [a|z — Dy;z =1

q =[plpr < D1;...;pr — Dypjca;. .. sci)
(D = (Dy,...,D,))
TQH (1) =TQYZF(t) =
([p1lpr < D1spr = t1;.. .5
pr e Dpspr =triers..5¢), ..,
[prlp1 < D1;p1 = t15...;
pr<_Dr§pT:tr;Cl;”~§ck]>

(a) ForaraddConstrudO, ¢) transformation, the lineage of
data in the extent of schema constraxis located in the
extents of the schema constructs appearing in

In the last query form above, each patternis a sub-
pattern ofp and all tupleg € V matchp; for anyt € V, t; is
the tuple derived by projecting the componentp dfom .

It is simple to show that the results of querie@a”(t)  (b) For arenameConstru¢®’, O) transformation, the lin-
and TQYP (t) satisfy Definition 3 and 4 respectively. For ~ ©2age of data in the extent of schema constfds lo-
more complex IQL queries, the above formulae can be suc- Ccated in the extent of schema constrGct _
cessively applied to the syntactic structure of an IQL quert®) All delConstrudO, ) transformations can be ignored
An alternative approach would be to decompose a transfor- Since they create no schema constructs.
mation step containing a complex IQL query into a sequence

of transformation steps each containing a simple IQL queny 4  Algorithms for tracing data lineage

In our algorithms below, we assume that each schema con-
struct, O, has two attributestelate TPis the transformation
step that create@, andextentis the current extent ad. If a
schema construct remains in the global schema directly from
For simplicity of exposition, henceforth we assume that albne of the source schemas, nigdate TPvalue is @.

of the source schemas have first been integrated into a sin4n our algorithms, each transformation stgghas four at-

gle schemasS consisting of the union of the constructs oftributes:

the individual source schemas, with appropriate renaming o
schema constructs to avoid duplicate names.

Suppose an integrated schef@&has been derived from
this source schem#' though a transformation pathway
TP = tpy, ..., tp.. Treating each transformation step
as a function applied t& GS can be obtained a&S =
tp1 otpe o...otp,.(S) = tp(... (tp2(tp1(S)))...). Thus,
tracing the lineage of data fBSrequires tracing data lineage
via a query-sequence, defined as follows:

4.3 Tracing data lineage through transformation
pathways

— transfTypewhich is“add” , “ren” or“del” ;

— query, which is the query used in this transformation step
(if any);

— source which for arenameConstru¢t)’, O) returns just
O’, and for anaddConstrudiO, q) returns a sequence of
all the schema constructs appearing;m@and

— resultwhich is O for bothrenameConstru¢o’, O) and
addConstrudio, q).

It is simple to trace data lineage in case (b) discussed
Definition 5 (Affect-pool for a query-sequence) above. IfB is a tuple bag (i.e. bag of tuples) contained in

Let@Q = ¢1, ¢2, ..., q- DE @ query-sequence over a sequendie extent oD, B's data lineage i)’ is justB itself, and we
of bagsD, and letV = Q(D) =q1 0cg2 0...0¢.(D) be define this to be both the affect-pool and the origin-pods of
the bag that results from applying to D. Given a tuple inO’.
t € V, we definet's affect-pool in D according to Qo be In case (a), where the construgtwas created by a trans-
QAP (t) = D*, whereD; = ¢P(Dy, ) (1 <i <r),D;, formation stepaddConstrudi0, g), the key point is how to
={t} andD* = Dy. trace the lineage using the quenWe can use the formulae

given in Theorem 1 to obtain the lineage of data created in



this case. The procedureffectPoolOfTuplg, O) andorig- proc  merge(DL, DL™*")
inPoolOfTuplét, O) below can be applied to trace the affectinput : data lineage sequence DL =

pool and origin pool of a tuplein the extent of schema con- ((D1,01),. .., (Dn, On));
structO. The result of these procedurd3[, is a sequence new data lineage sequenceD L™
of pairs output : merged data lineage sequence DL
begin
((D1,01),...,(Dn,0p)) for each (D™, 0™") € DL™" do
if O™ = O; for some O; in DL then {
oldData = D;;
in which eachD; is a bag which containg's derivation newData = oldData + +
within the extent of construaD;. Note that in these proce- [2| 2 — D"™; not (member oldData z)];
dures, the sequence returned by the tracing quéri@s” DL = (DL — (oldData,0;)) +
and TQ®" may consist of bags from different schema (newData, O;);
constructs. For any such ba§, B.construct denotes the }
schema construct from whose extéhbriginates. else
proc af fectPoolO fTuple(t,O) retuDri(BL)PL + (D, 0mE);
input : atracing tuple in the extent of construct O end ’
output : t's affect-pool,DL
begin Finally, we give below our algorithntraceAffectPodB,
D = [(O.extent,0')| 0" — O.relateT P.source] O) fortracing affect lineage using entire transformatiothpa
D* = TQ#P(t); ways given a integrated scher®&S§ the source schemé,
DL = [(B, B.construct) | B — D*] and a transformation pathwap;, ..., tp, from S to GS
return(DL); Here,Bis a tuple bag contained in the extent of schema con-
end structO € GS. We recall that each schema construct has
proc  originPoolO fTuple(t,O) attributesrelgteTPand extenf and that each transformation
input : atracing tuplée in the extent of construct O step has atti_’lbutG;sanszypeqUery,. sourceandresult
output : t's origin-pool, DL We examine each transfor_matmn_ step fro)pr;_l down to
begin tp_l. If_|t is a delete ste;_), we ignore it. (_)therywse we deter-
D = [(O'.extent,0')|O" — O.relateT P.source] MiN€ if the result of this step is qontalned in the current
D* = TQ9P(t); DL. I_f so, we then trace the d:?\ta lineage of the current data
DL = [(B, B.construct)| B — D] of O in DL, merge the result intd L, and del_eteO_from
return(DL); DL. At the end of this processing the resultifdy is the

end lineage of" in the data sources:
Two proceduresffectPoolOfSET, O) andoriginPoolOf-  Proc  traceAf fectPool(B,0)
Se(T, 0) can then be used to compute the derivations of #wPut : tracing tuple bag B contained in construa?
tuple set (i.e. set of tuples), (Because duplicate tuples have transformation pathway tpy, ..., tpr
an identical derivation, we eliminate any duplicate itemg a ©utput : B's affect-pool DL
convert the tracing bag to a tracing set first.) We gffect- begin

PoolOfSetbelow. originPoolOfSetT’, O) is identical, with DL = ((B,0));
originPoolOfTuplereplacingaffectPoolOfTupleln these two for j =rdownto1do
procedures, we trace the data lineage of each tupteT case tpj.trans fType = “del’
in turn and incrementally merge each time the result infa continue;
case tpj.transfType = “ren”
proc af fectPoolOfSet(T,O) if tpj.result = O; for some O; in DL then
input : a tracing tuple set T’ contained in construct O DL = (DL — (D;,0;)) + (D;,tpj.source);
output : T's affect-pool,DL case tj.transfType = “add”
begin if tpj.result = O; for some O; in DL then {
DL = (); /«the empty sequence x / DL = DL — (D;,0;);
foreacht €T do D; = sortDistinct D;;
DL = merge(DL,af fectPoolO fTuple(t,0)); DL = merge(DL,af fectPoolOfSet(D;, O;));
return(DL); }
end end
return(DL);

Because a tuple® can be the lineage of both andt; g
(¢ # 7), if t* and all of its copies in a data source have
already been added t&L as the lineage ot;, we do
not add them again int&L as the lineage of;. This is
accomplished by the procedureerge given below, where
the operator— removes a element from a sequence and the
operator+ appends an element to a sequence:

ProcedureéraceOriginPool is identical, obtained by re-
placingaffectPoolOfSeby originPoolOfSet



5 Conclusions and future work

We have presented definitions for data lineage in Autome

based on both why-provenance and where-provenance,

which we have termedffect-pooland origin-pool, respec-
tively. Rather than relying on a high-level common data

model such as an ER or relational model, the Automed inte-

gration approach is based on a lower-level CDM - the HDM

6. Y. Cui. Lineage tracing in data warehouses. phd thesis. Techni-
cal report, Computer Science Department, Stanford University,
2001.

Y. Cui and J. Widom. Lineage tracing for general data ware-
house transformations. IRroc. VLDB’0] pages 471-480,
2001.

Y. Cui, J. Widom, and J.L. Wiener. Tracing the lineage of view
data in a warehousing environmerACM TODS 25(2):179—
227, 2000.

8.

data model. Heterogeneous source schemas can be automati-C. Faloutsos, H.V. Jagadish, and N.D. Sidiropoulos. Recover-

cally translated into the equivalent HDM representatiom a

transformations between them expressed as transformsation
on their HDM representations. The contribution of the workl0-
described in this paper is that we have shown how the in-
S

can be used to trace the affect-pool and origin-pool of itemlsl'

dividual steps of Automed schema transformation pathway;

of integrated data in a step-wise fashion.

Fundamental to our lineage tracing method is the fact that

add anddel schema transformations carrgjaerywhich de-

fines the new or deleted schema construct in terms of ths.
other schema constructs. Thus, our general approach is not
limited to the HDM data model and IQL query language and
can be applied to schema transformations defined on oth&t-
data models using different query languages, or indeed to
inter-model schema transformation pathways (as used in [14

15] for example).
The data lineage problem and the solutions presented i
this paper have led to a number of areas of further work:

— Combining our approach for tracing data lineage with17.

the problem of incremental view maintenanéée have

already done some preliminary work on using the Aul8.

tomed transformation pathways for incremental view
maintenance. We now plan to explore the relationshi
between our lineage tracing and view maintenance
adopted for both.

algorithms As a part of the Automed project, we are im-

16.

.

gorithms, to determine if an integrated approach can %

Implementing our lineage tracing and view maintenance

ing information from summary data. lroc. VLDB’97 pages
36-45, 1997.

H. Galhardas, D. Florescu, D. Shasha, E. Simon, and C.A.
Saita. Improving data cleaning quality using a data lineage
facility. In Proc. DMDW'0], page 3, 2001.

R. Hull. Managing semantic heterogeneity in databases.
Proc. PODS’97 pages 51-61, 1997.

P. McBrien and A. Poulovassilis. Automatic migration and
wrapping of database applications - a schema transformation
approach. IrProc. ER'99 pages 96-133, 1999.

P. McBrien and A. Poulovassilis. A uniform approach to inter-
model transformations. [Proc. CAISE'99 pages 333-348,
1999.

P. McBrien and A. Poulovassilis. A semantic approch to inte-
grating XML and structured data sources.Rroc. CAISE'01
pages 330-345, 2001.

P. McBrien and A. Poulovassilis. Schema evolution in hetero-
geneous database architectures, a schema transformation ap-
proach. InProc. CAISE’022002.

A. Poulovassilis. An enhanced transformation language for the
HDM. Technical report, Automed Project, 2001.

A. Poulovassilis. The Automed Intermediate Query Language.
Technical report, Automed Project, 2001.

A. Poulovassilis and P. McBrien. A general formal framework
for schema transformatiomata and Knowledge Engineering
28(1):47-71, 1998.

P. Trinder. Comprehensions, a query notation for DBPLs.
Proc DBPL'9] pages 55-68, 1991.

A. Woodruff and M. Stonebraker. Supporting fine-grained
data lineage in a database visualization environmenPrdc
ICDE’97, pages 91-102, 1997.

In

n

In

plementing these algorithms over the Automed reposi-

tory and API [3].

gorithms to a more expressive transformation language

[16] extends the Automed transformation language with

Extending the lineage tracing and view maintenance al-

parametrised procedures and iteration and conditional
constructs, and we plan to extend our algorithms to this

more expressive transformation language.
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