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Abstract. In amultidimensional (MD) database, dimensions may be subject to
semantic conditions that are not enforced by MD DBM Ss or data warehouse ap-
plications. Strictness and homogeneity are possibly two of them; and are crucia
for the efficiency and correctness of answering MD aggregate queries and up-
dating materialized aggregate views. Dimensions may become inconsistent, i.e.
non-strict or heterogeneous, as the result of update operations. As a methodol-
ogy to restore consistency, we propose and investigate changes to the dimension
schema, as an dternative to changes on the dimension instance. We introduce
the notion of minimal structural repair, and establish that under certain condi-
tions, a structural repair reduces the cost wrt changing the dimension instance.
We aso show that it allows for a correct rewriting of queries posed to the orig-
inal MD model into queries in terms of the new schema. Finally, we show how
query-scoped calculated members in MDX can be used to create virtua repairs
that simulate structural repairs.

1 Introduction

Multidimensional databases (MDDBS) represent data in terms of dimensions and fact
tables. Now, a dimension is represented as a dimension schema, i.e. a hierarchy (or
lattice) of categories [13, 10], plus a dimension instance that assigns data elements to
categories, organizing them in a hierarchy that parallels the category hierarchy. Facts
are quantitative measures assigned to dimension instances. This MD organization al-
lows users to aggregate data at different levels of granularity. Aggregation is the most
important operation in OLAP applications. Performing fast query answering becomes
crucia since queries are complex, involve aggregation and also much data[15].

Figure 1 shows the schema and instance of a Location dimension. The categories
are; City, State, Province, Country, All. Here for example, USA,
England, UK, Canada are dataelements, of the Country category. Categories
(and elementstherein) are partially ordered upwards. We say, for example, that Country
is an ancestor category of City. If an element a is connected to an element b that be-
longsto a higher category, we say that a rollsup to b.
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Fig. 1: Schema(left) and instance(right) of adimension
In an ideal situation, MDDBs are expected to satisfy the strictness (aka. no double
counting) and homogeneity (aka. covering) conditions. These become semantic con-
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straints on dimension instances. In a strict dimension, every element of a category rolls
up to at most one element in a same ancestor category.

In a homogeneous dimension, all elements in a category have the same structure.
More precisely, if acategory C has C’ as an ancestor category, then all elements of C'
must roll up to some element in C’. The dimension instance in Figure 1 is not homoge-
neous, i.e. heterogeneous, because the element London does not roll up to any element
in categories State or Province. It is aso non-strict, because London rolls up to
the two different elements, England and UK, in the Count ry category.

Dimension instances that do not satisfy strictness or homogeneity (or both) are said
to be inconsistent. Hence, the dimension in Figure 1 is inconsistent. Dimensions may
becomeinconsistent for several reasons, in particular, as the result of a poor design or a
series of update operations. Inconsi stent dimensions reduce soundness and efficiency of
OLAP systems. In them it is not possible to assume that the summarizability property
holds[13, 14]. In asummarizable dimension, an aggregate view defined for a parent cat-
egory can be correctly derived from aset of pre-computed views for its child categories.
Summarizability allows for the correct reuse of materialized aggregate views.

To restore consistency, changes have to be made to the dimension schemaand/or the
dimension instance. In accordance with the area of consistent query answering (CQA)
in relational databases [1, 3], the resulting dimension is called arepair of the original
one. A minimal repair is one that minimally differs from the original dimension. As
expected, minimality can be defined and characterized in different ways [3]. Previous
work on repairing MDDBs has focused mainly on changing the dimension instance by
modifying data elements or links between them [4, 5, 6]. Repairs obtained in this way
are called data repairs. In them, the proposed approach to removing heterogeneity is
the addition of different null valuesin the dimension instance[14, 18].

Asindicated above, inconsistency may be caused by a problematic dimension sche-
ma. Therefore, changing the dimension instance may be only a temporary solution.
Future update operationswill probably produce new inconsistencies. So, exploring and
considering structural changes, i.e. changesin the schema, is a natural way to go. This
is an idea that has been suggested in [14], to overcome heterogeneity. In this work
we introduce and investigate the notion of structural repair, as an aternative to data
repair. They modify the schema of an inconsistent dimension, to restore strictness and
homogeneity.

Structural repairs restrict changes to dimension instances by allowing changes that
affect only the category lattice and the distribution of the data elements in different
categories. In particular, there are no “data changes’ (as in data repairs), in the sense
that the data elements and al so the edges between them remain. In the case of aROLAP
data warehouse (with relational schemas, like star or snow flake) fewer data changes
on a dimension instance directly results in fewer changes on records in the underlying
database.

We establish that any minimal structural repair enables query rewriting: Given a
query, Q, posed to the original, inconsistent MDDB D and any of its minimal repairs,
D', Q can be trandated into a query Q’ to be posed to D’, obtaining the same results
in terms of selected data elements and their respective aggregate values. In particular,
if in D some summarizability properties applied or “local” homogeneity and strictness
held (which, e.g. can be enforced by local semantic constraints [5]), then the query
answers for the “correct” cases in D are reobtained via @’ from D’. Even more, the



same (correct) summarizability propertiesthat held in D will hold in D’. Since repairs

are now consistent, summarizability will be at%lobal property in each of them.®
Structural repairs can be used to solve both non-strictness and heterogeneity, and

have major advantages wrt to other approaches, specialy when dealing with hetero-
geneity. On the other hand, when fixing non-strictness, structural repairs have good
properties wrt the number of changes when the parent el ements in a same category in-
volved in aviolation of strictness (i.e. they have a descendant in common) do not have
descendants in many different categories. In such undesirable cases, changing the par-
ent category may have to be propagated to categories belonging to its lower subgraph,
causing several additional changes (cf. Section 6). Thus, a datarepair or a combination
of dataand structural repair may result in fewer overall changes.

Structural repairs may be virtually implemented through appropriate view defini-
tions, an idea we develop in this work. As a view definition language, we consider
MDX, the language commonly used to query MDDBs [17, 19]. In this work we also
show how query-scoped cal culated membersin the M DX language can be used to create
virtual structural repairs. In this way, the behavior of structural repairs can be explored
at query time, which isuseful if a structural repair of choiceis going to be materialized
at some point.

This paper is organized as follows: Section 2 presentsthe MD datamodel. Section 3
formalizesthe notion of (minimal) structural repair. Section 4 discusses properties of an
ideal repair and shows that, by satisfying certain conditions, aminimal structural repair
will have those properties. Section 5 shows how virtual structural repairs can be created
in MDX. Section 6 provides a discussion of previouswork, acomparison between data
repairs and structural repairs, directionsfor future work, and some concluding remarks.
Proofs of results, additional examples, and a brief introduction to MDX can be found
in an extended version.?

2 TheMultidimensional Model
In this work we adopt as a basis the Hurtado-Mendelzon model of MDDBs [10, 13].
However, since we will deal with changes in the schema, we will use a two-sorted
structural representation of aMDDB (as in many-sorted predicate logic [8]). This will
flatten out the representation and will allow usto talk about categories as elements of the
structure (as opposed to sets of elements). In consequence, adimensionis a set-theoretic
structure of theform S = (U, CY, EY, LY, LY, ECY), where CY and EV are unary
relations, and LY, LY, ECY arebinary relations, all of them over the universe U. More
precisaly:
1. U is apossibly infinite and non-empty set that is the disiunct union of a set of
categories and a set of dataelements, say U = Ug U Ug.
2. CY C Uc is afinite, non-empty set of “active” categories. In the example above,
CY = {city, State, Province, Country, All}.
3. EV C Uy is afinite, non-empty set of “active’ data elements. In the example,
EY ={1a, ..., alll.
4. LY is the child/parent relationship between categories, i.e. edges between cate-
gories in the dimension schema. In the example, LY ={(City, State), (State,
Country), ..., (Country, A11)}.

! Actually, all these claims still hold under slightly softer conditions than those imposed by the
notion of minimal repair.
2 http://people.scs.carleton.ca/“bertossi/papers/strucRepl8Ext .pdf



5. LY isthe child/parent relationship between data elements, i.e. edges between data
elementsin the dimension instance. In the example, LY, = {(LA, California),
(California, USA),...,(Canada,all)}.

6. ECY is arelation that maps data elements to their categories. In the example,
ECY = {(1Aa,City), (California, State),...,(all,All)}.allisthe
only “element” of A11.3

From adimension S as above we can define its dimension schema structure: K(S) :=
(Ue,CY, LY). Wecan aso defineitsdimensioninstance: M (S) := (U, EY, LY, ECY).
Loosely speaking, we can say that “ M (S) is the instance for schema K (S)”.

For a structure S to represent a valid MDM, it has to satisfy the following basic
MD conditions (BMDCs): (below e; and ¢; represent members of the universeand R*
denotes the transitive closure of abinary relation R):

1. CVNEY =0. 2. L ccV xov 3. LY CEV xEY. 4 ECY C EV x CV.

5. For dl e1,€e2,C1,Ca: If (61,62) S L% and (61,61) S ECU and (62,02) S EOU,
then (Cl, CQ) S Lg.

6. For all C1: If c1 € OU, then (Cl, Cl) ¢ (Lg)*

7.Forale;: If e; € EY, thenthereexists c; with (e, ¢1) € ECY.

8. For al ¢y, co: If thereise with (e, ¢1) € ECY and (e,ca) € ECY  thenc; = cs.

9. For dl cy,co: 1 = cpiff,foradle € EY, it holds: (e,c;) € ECU iff (e,co)
€ ECY.

Notice that from these conditionsit followsthat 2. an 3. are proper inclusions.

Definition 1. Dimension S = (U,CY,EY LY LY ECY) is (a) Srict if, for all
e1,ea,e3,¢: If (e1,e2) € (LY)*, (e1,e3) € (LY)*, (ea,c) € ECY, (es,c) € ECY,
thene, = e3. (b) Homogeneousif, foral e, c1,co : If (e1,¢1) € ECY, (c1,¢2) € LY,
then there is e, With (e2,c2) € ECY and (e1,e5) € LY. (c) Consistent if it satisfies
the two previous conditions; and inconsi stent otherwise. |

3 Structural Repairs
Definition 2. A data repair for an inconsistent dimension S = (U,CY, EY, LY, LY,

~ o~ /\U
ECYy isastructure S’ = (U,CY,EY,LY, LY EC") that satisfies the dimension
conditions and the BMDCs,* and is strict and homogeneous. d

Noticethat S and S” have the same universe, the same categories, and the same category
links (but other relations may differ). We can see that, in order to obtain a data repair,
one can only add or remove data elements, change links between elements or move
elements between different categories. The following notion of structural repair (SR) is
given interms of anew MD structure, possibly with a new schema, and a mapping that
establishes the correspondence between the original dimension and the new structure.

Definition 3. A structural repair for an inconsistent dimenson S = (U,CY, EY,

. ) . ~ ~ U, .
LY, LY, ECY)isapar (S, g), with S” astructure (U, CY, EV LY LY, EC ), with
the following properties: (a) S is strict and homogeneous. (b) Elements cannot move
% We assume that in MDM all dimensions have this top category A11 with the single element

all, towhich al the other elementsroll up.
4 In the following this will be implicity assumed.



between categoriesthat exist bothinS and S’: For all e, ¢y, ca,if (e,¢1) € ECY, (e, ¢2)

c BC ,c1 # co, then {c1, 0} € (CVN CU) (c) Any new category in S’ must have
at least one datadlement. (d) g : CU — 2€7 , the schema mapping, is a total function
that maps each category of S to aset of categoriesin CU (whichisfinitein S’). () If
¢ € g(c), then ¢ and ¢’ share at least one data element. O
The role of ¢ is to establish a relationship between the schemas of S and S’. Notice
that, for each category ¢, the set of its “elements’, i.e. {e | (e,c) € ECY}, may be
C-incomparablewith {¢ | (e,¢’) € EC and ¢’ € g(c)}).
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Fig. 3: Another SR for the dimension of Figure 1

A structural repair has the same domain, including categoriesand elements, astheinitial
dimension. However, the finite sets of active categories, i.e. CU,CV, resp., may be
different. On the other side, the finitely many active elements are the same. Condition
(b) in Definition 3 ensures that in a structural repair, data elements move from one
category to another only as aresult of changes made to the dimension schema (splitting
or merging categories of S).°

Figures 2 and 3 show two of the possible structural repairs for the inconsistent
dimension of Figure 1. They show that strictness forces us to put elements England
and UK in different categories. On the other hand, homogeneity forces usto either merge
categoriesState and Province or isolate element LA in anew category.

Proposition 1. Every inconsistent dimension has a structural repair. |

This proposition can be proved by using a simple structural repair that essentialy cre-
ates a new one-element category for each element in the dimension instance, and also
links between the newly created categories whenever their single elements are con-
nected in the origina instance. Figure 4 illustrates this kind of structural repair as a
third repair for the instancein Figure 1.

5 |somorphic structural repairs, i.e. that differ only in the names of active categories, will treated
as being the same repair.



Example 1. The following mapping is a schema mapping between the dimension of

Figure 1 and the structural repair of Figure 2:

g: City — {Cityl,City2},State — {StateProv},Province — {StateProv},
Country +— {Countryl, Country2}, A1l — {Al1}. O

All

Countryl Country2 Country3 Country4

repre) [

State Provincel Province2

City1 City2  City3 Cityd

Fig. 4: Another SR for instance in Figure 1

Now we define minimal structural repairs (M SRs), as preferred repairs among the struc-
tural repairs. Thisrequires comparing structural repairs. The data movement set, defined
next, has useful propertiesfor enabling this comparison (cf. Section 4).

Definition 4. Let (S’, g) be an SR for dimension S, and ¢ a category of S. (a) The
data movement set of category c is defined by:

DMSety(c) = {e] (e,¢) € ECU} A U,eymlel (e.¢) € BC 1,
where A denotes the symmetric difference of two sets. (b) The overall data movement

set between S and S8’ is DMSet 4(S,S") := U, ccv DMSet y(c). O
Example 2. (example1 cont.) For the schemamappinginthe example: DMSet ,(City)
= 0, DMSet,(State) = {BC,0ON}, DMSet,(Province) = {California},
DMSet,(Country) = (), DMSet,(A11) = (). O

Intuitively, an MSR is a new dimension that is obtained by applying a minimal set of
changes to the schema of an inconsistent dimension. Inspired by the notion of priori-
tized minimization [16], we propose to minimize both data movement and the changes
in the set of categories, but assigning higher priority to minimizing the former.

Definition 5. For adimension S and two SRs (S{, g1) and (S5, g2):
(81, 91) <s (S5, g2) iff DMSety, (S,S7) € DMSet,,(S,S5) and
DMSet,, (S,8}) = DMSet,,(S,Sy) = (CSACS) C (CSACS:).
Here, CS, CSt and C'S> denote the finite sets (C'V) of active categories for structures
S, 81 and %, respectively. O

Definition 6. (S7, g1) isaminimal structural repair (MSR) of dimension S iff itisan
SR of S and thereis no other SR (S5, g2) for S, such that (S5, g2) <s (S1,91). (Here,
as expected, u <s v meansu <gs v, but notv <gs w.) O

Example 3. It can be shown that the structural repair of Figure 3 is an MSR for the

inconsistent dimension of Figure 1, with the following schema mapping:

g1: City — {Cityl,City2,City3},State — {State},Province — {Province},
Country — {Countryl, Country2}, A11 — {All}.

On the other hand, the structural repair of Figure 2 is not an MSR for any possi-

ble schema mapping. This is because for categories State and Province in the



original dimension, there is no category (or set of categories) in this repair that con-
tains exactly the data elements that belong to those two categories. Therefore, for
any mapping g2, DMSety, (State) # () and DMSet 4, (Province) # (). As aresult,
DMSet, (State) & DMSet,, (State). Accordingto the definition of MSR, g cannot
be minimal. O

Proposition 2. Aninconsistent dimension always has aminimal structural repair. [
Thefollowing example shows that an inconsistent dimension may have multiple M SRs.

Example 4. The structural repair of Figure 5, that is obtained by swapping the data
elements England and UK in the structural repair of Figure 3, shows another minimal
structural repair for the inconsistent dimension of Figure 1. These two minimal repairs
are not isomorphic. O

AH (all]

Cou ntry1 Country?2

State Provnct\/ BC OEJ

CITVl City2 City3 Vancouver Ottawa
Fig. 5: Another minimal SR for the dimension of Figure 1

Cari|ada UKJ [England]

If the notion of MSR is applied to a consistent dimension S, then (S, id) is one of its
MSRs, with id : ¢ — {c}, but not necessarily the only one. This is because we can
have categorieswith no membersin a consistent dimension, and changing the links that
are attached to them resultsin different minimal repairs. To ensure that a consistent di-
mensionisits only MSR, we haveto add an extra condition in the definition of minimal
repair, to restrict changes on the set of category links, i.e.on LY.

Our next result states two properties of M SRs that will be useful in Section 4.

Theorem 1. (a) If (S’,g) is an MSR of dimension S, then for every category c in
S, DMSety(c) = 0. (b) Inan MSR, if g(¢) = {c1,...,cn}, then, for al e with

(e,c) € ECY, thereisac;, suchthat (e, c;) € Ec’. 0

Notice that the inverse of the implication in (8) does not necessarily hold. The example
in Figure 4 shows an SR with an empty data movement set that is not minimal.

4 Propertiesof Structural Repairs

An OLAP system is usually modeled by athree level architecture consisting of a data
warehouse server, a query client and a data cube engine [7]. The performance of an
OLAP system is based on how it performs at each level. Any repair is expected to
remove inconsistencies of a dimension, while maintaining good properties at each of
the three levels. From this point of view, an ideal repair should satisfy the following
requirements:

1. Changes to the underlying database forced by the transition from the original di-
mension to the repair should be as few as possible.



2. Queries posed to the original instance should be rewritable as queries to the repair.
And the new queries should return similar outputsin terms of selected dataelements
and their respective aggregate values (cf. Section 4.1).

3. If the original structure allows summarizations over existing cube views, to com-
pute new cubeviews, similar summarizationsshould also be possiblein therepaired
dimension (cf. Section 4.2).

By definition, structural repairs restrict changes to data so that elements and links in
the dimension instance do not change at all. Therefore, the first requirement is strictly
satisfied by the use of structural repairs. In Sections 4.1 and 4.2 we will focus on how
structural repairs perform wrt the two other requirements.

4.1 Rewritability of cube views
The most common aggregate queries in DWHSs are those that perform grouping by the
values of a set of attributes (i.e. categories), and return a single aggregate value per
group. These aggregate queries are also known as cube views [12]. The aggregationis
achieved by upward navigation through a category path, which is captured by the notion
of roll-up relation. More precisely, the roll-up relation between categoriesc; and ¢, de-
notUed sz, istherelation {(61', 6]') | (81', Ci) S ECU and (6j, Cj) S ECU and (61', ej) S
(Lg)*}.

Now, acubeview (query) at granularity G = {(c1, ..., ¢,,) (alist of active categories)
isdenoted by C'V¢, and is expressed as:

Here, c;,... ¢, areattributes (categories) of theroll-
up relations jo, ... Ry" (where each b; is a bottom-
level category under ¢;), T is the fact table that asso-
ciates numerical values (measures) to elementsin b;,
and fisoneof min, max, count, sum, avg,
applied to fact measure a. Theresult of this cube view, denoted result (CV ), isthe set
of tuples {t1, ..., t, } With ¢, = (eji, ..., enk, ax). The non-aggregate portion (e g, . . . ,
enk) Of tuple ¢, containsthe values for the attributes in the SELECT clause (which are
thesame asinthe GROUP BY). Here, e;;, isadataelement that belongs to category ¢,
and ay, isthe value of aggregate function f for thistuple.

SELECT cj,... ¢p,f(a)
FROM T, jo, SRy
WHERE conditions
GROUP BY cj,... Cp

Definition 7. A cube view C'V on categories of dimension S is rewritable on an SR
S’, if there exists a cube view C'V. on categories of S’, such that result(CVeg) =
result(CVq). CVq iscaled arewriting of CVg inS'. |

Theorem 2. A cube view CV¢ a granularity G = (¢, ...,c¢,) on dimension S is
rewritable over astructural repair (S’, g) if the datamovement set for categoriescy, .. .,
¢, iIsempty. In particular, cube views are always rewritable over MSRs. O

Notice that in the theorem the inverse implication may not hold: Even for repairs with
non-empty data movement set, some queries may be rewritable.

Example 5. Consider the dimension of Figure 1 and acubeview (a) below for thisdi-
mension. Assumethat Facts isthefact table, and Sales isafact measure. This cube
view is not rewritable on the structural repair of Figure 2, because DMSet ;(Province)
= (). On the other hand, for the structural repair of Figure 3 (that has empty data move-
ment set for all categories), the cubeview in (b) below isarewriting. It is obtained by



replacing RE;2y = by RETerieee.

(a) SELECT Province,SUM(Sales)(b) SELECT Province,SUM(Sales)
FROM Facts, REgyinee FROM Facts, Rgigys
GROUP BY Province GROUP BY Province [l

4.2 Summarizability and structural repairs

A common technique for speeding up OLAP query processing is to pre-compute some
cubeviews and use them for the derivation (or answering) of other cube views. Thisap-
proach to query answering is correct under the so-called summarizability property (cf.
Example 6). It is globally guaranteed by the consistency conditions on the dimension
schema. However, in the case of inconsistency, there could still be localized summariz-
ability. Either way, ideally these summarizability properties should be preserved under
structural repairs.

Example 6. Consider thedimension of Figure 1 and apre-computed cubeview C'Vcountry
in (a) below for category Country. Also, consider cube view (b) below that uses
CVeountry 0 derive aggregate values for category A11:

(a) SELECT Country,SUM(Sales) ASS (b) SELECT All, SUM(S)

FROM Facts, Rgipy FROM CVeountry, Rébentry
GROUP BY Country GROUP BY All

Thisderivation will produce correct results, only if category A11 issummarizablefrom
category Country. In the dimension of Figure 1, this summarizability property does
not hold. This is because in the instance of this dimension, element London will be
considered twice as adescendant of a11 (viaEngland and UK). O

Cube view CV¢, a granularity G; = (c1,...,¢;) depends on cube view CV¢, at
granularity G2 = (¢, ..., ¢, ) iff CV¢, can be answered using the result of C'V ¢, [9].
For this to hold, each ¢; in G; must be summarizable from G5 (or a subset of G). A
formal definition of category summarizability is givenin [13].

Definition 8. An SR (S’, g) for dimension S preserves summarizability of category
¢ over categories {ci,...,c,} (@l in S) iff every ¢’ € g¢(c) is summarizable from
Ur_, 9(ck) inS’". O

Theorem 3. An SR (S, g) for dimension S preserves summarizability of category ¢
over categories {cy, ..., ¢, } if DMSety(c) = DMSety(c1) = --- = DMSety(c,,) = 0.
In particular, minimal structural repairs preserve al the summarizability properties. O

Example 7. For theinconsistent dimension of Figure 1, consider the structural repair of

Figure 3, with the schema mapping

g: City — {Cityl,City2,City3},State — {State}, Province — {Province},
Country — {Countryl, Country2}, A1l — {Al1}.

Since ¢ has an empty data movement set for every category, we expect it to pre-
serve summarizability properties that hold in the original dimension. For example,
Province is summarizable from City in the dimension in Figure 1. In the MSR
inFigure 3, Province issummarizablefrom {Cityl, City2,City3}. O



Notice in the previous example that, in addition to the preservation of existing sum-
marizability properties, the structural repair is also adding extra summarizibility prop-
erties. For instance, category A11 was hot summarizable from City through category
Country intheorigina dimension, butitisnow summarizablefrom{City1, City2,
City3} through category Countryl. This is achieved through the newly imposed
strictness and homogeneity conditions.

5 Virtual Repairsin MDX

Animportant problem that needs to be addressed is how to implement structural repairs
inaway that is transparent to users of MDDBs. As discussed in previous sections, one
advantage of using structural repairs instead of data repairs is that the former remove
inconsistencies without having to change the underlying database.

One of the interesting features of the MDX query language is the ability to define
query-scoped cal culated members. A query-scoped calculated member is a virtual ob-
ject defined in terms of other existing objects by means of a query. For example, a new
category (or data element) in terms of other existing categories (data elements, resp.),
etc. They are generated using the WITH construct in MDX:

WITH {MEMBER|SET} Memberldentifier AS ‘member-formula’ SELECT ...

This template creates a new calculated member (or set of members) that is defined
by the MDX expression 'member-formula’. {MEMBER | SET} indicates if the newly
created object is an element or a category, resp.

Using this feature, structural repairs can be virtualy created, without any need for
materializing new data or accessing the database in order to generate database views.
Thisis specially useful if the structural repair of choice is going to be materialized at
some point, after some exploratory analysis.

Example 8. The following MDX query creates a query-scoped calculated category
StateProv, as the union of categories State and Province. It then selects the
summarized value of measure Sales for the members in this new category. Here,
SalesCube isthe base cube (or fact table):

WITH SET [StateProv] AS
" [State] .MEMBERS + [Province] .MEMBERS’
SELECT [Measures]. [Sales] ON AXIS(0),
[StateProv] ON AXIS (1)
FROM [SalesCube] O

Structural repairs (or portions of them) can be generated using this form of view defi-
nitions, as virtual repairs. In them, new categories are defined as calculated members.
Virtual repairs can be used to test how structural changes will affect existing queries
before making the transition to the new MD model.

Example 9. (example 8 cont.) Consider the structural repair of Figure 2. The given
MDX query defines StateProv, the new category in the structural repair of Figure 2.
It contains the elementsin the union of categories State and Province. O

6 Discussion and Conclusions

Research on repairing inconsistent dimensions has focused mainly on modifying data
elements. Here we introduced and investigated the notion of structural repair, as an



alternative to data repair. Structural repairs restrict changes to the dimension instance
by only alowing changes that affect the dimension schema and the organization of
elementsin different categories. We defined the notion of minimal structural repair and
proved that, by having aminimal data movement set, it enables the rewriting of queries
posed to the original multidimensional model as queries to be posed to a repair. The
rewritten query the same results in terms of selected data elements and their respective
aggregate values.

The notion of (data) repair was introduced in [4], including a notion of consistent
answer in the spirit of consistent query answering (CQA) in relational databases [3].
Data repairs are generated by adding and removing links between data elements, for
restoring strictness on already homogeneous dimensions. Inspired by [2], consistent
answers to aggregate queries on non-strict dimensions are characterized in [4] in terms
of a smallest range that contain the usual (numerical) answers obtained from the min-
imal datarepairs. In [6], preliminary work on the effect of non-strictness on aggregate
queries from homogeneous dimensions was carried out. The focus is on finding ways
to retrieve consistent answers even when the MDDB is inconsistent. To restore consis-
tency, links and elements in the dimension instance are deleted in aminimal way.

In [5], repairs of heterogeneous or non-strict dimensions (or both) are obtained by
insertions and deletions of links between elements. Adding a link in the instance to
remove heterogeneity may cause non-strictness in parts of the instance that did not
have any problems before. Therefore, this has to be done in an iterative manner until
everything is fixed (usually after many changes). Logic programs with stable model
semantics were proposed to represent and compute minimal dimension repairs.

In [18], methodologies and algorithms are given for transforming inconsistent di-
mensions into strict and homogeneous ones. The dimension instance is changed (as
opposed to the schema). Problems caused by inconsi stent dimensions are fixed by intro-
ducing NULL members as new data elements. In[14], the authors study theimplications
of relaxing the homogeneity condition on MDDBs. They also argue that the addition
of NULL values (elements) and changes to the schema provide a solution to structural
heterogeneity.

An important drawback of data repairs is that they manipulate the dimension in-
stance, i.e. the data. In case the MDDB is implemented on arelational DB, this results
in changes in records, which users may find undesirable. In contrast, structural repairs
can be implemented without the need to change the underlying database, through view
definitions.

Another problem with data repairs is that resolving heterogeneity may require in-
troducing redundant NULL data values in the dimension instance. Those values have
to be proliferated along the path of ancestor categories. The alternative approach for
removing heterogeneity that is based on insertions of new links has the problem of pos-
sibly introducing new sources of non-strictness, which have to be resolved. This may
introduce multiple changes in the dimension instance.

Fixing non-strictness via structural repairs has good propertiesin terms of the num-
ber of changes when the parent elements in a same category involved in a violation of
strictness (i.e. they have a descendant in common) do not have descendants in many
different categories. In the opposite case, changing the parent category may have to
be propagated to categories belonging to its lower subgraph, causing severa additional
changes, as shown in the next example.
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(a) A non-strict dimension (b) SR causing multiple changes
Fig. 6: Structural repairs and non-strictness

Example 10. Consider the non-strict dimension of Figure 6a, where element e2 rolls
up to two different elements, e7 and e8, in category C4. Here, e7 and e8 have de-
scendants from three different categories in their subgraph. As shown in Figure 6b, a
structural repair forces many changes in the dimension schema. Using a data repair or
a combination of a data and a structural repair may result in fewer overall changes. O

Inconsistencies can be resolved by combining (the ideas behind) structural and data
repairs. In some cases, that till have to be properly characterized, taking advantage of
both approachesfor resolving different local inconsistencies may produce better results
in terms of number of changes. Thisisillustrated in the next example.

c1 el el e3 el e5

(a) Aninconsistent dimension (b) A repair that changes the schema and
instance

Fig. 7: Combining structural repairs and data repairs

Example 11. Figure 7a shows an inconsistent dimension. Restriction to pure data re-
pairs will require applying multiple data and link changes. One way is to add at least
five new and different NULL elements and ten new links, to resolve heterogeneity; and
also removethelink between e3 and e 10, to resolve non-strictness. On the other hand,
using apure structural repair requiresintroducing at least four new categories. As can be
seen in Figure 7b, a combination of structural and data changes provides a solution that
involves fewer changes (adding two categoriesin the dimension schema and removing
asinglelink in the dimension instance). O
There are still many issues to be investigate around structural repairs, and also around
their non-trivial combination with data repairs. They are the subject of ongoing re-
search. In this work we have not developed a notion of consistent answers to queries.
Thisis left for future research.

Our notion of a minimal structural repair can be extended with priorities imposed
on certain categories (or different levelsin the lattice) in the dimension schema. Higher
priorities can be assigned to categoriesthat are queried more often or contain data ele-
ments that are more sensitive to change. Multidimensional integrity constraints on the
schema[11] could also be considered in the definition.



In this work we have also showed how query-scoped calculated membersin MDX
can be used to create virtual structural repairs. This can be seen as away of implement-
ing view-based (structural) repairs. We have experimented with this approach on top of
the IBM Cognos 8 Business Intelligence system, which is also being used for testing
the performance of structural repairs. Reporting the results is part of the future work.
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