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Abstract

We address the problem of integrating a federation of
dimensional data marts. This problem arises when, e.g., a
large organization (or a federation thereof) needs to com-
bine independently developed data warehouses. WWe show
that this problem can be tackled in a systematic way be-
cause of two main reasons. First, data marts are structured
in a rather uniform way, along dimensions and facts. Sec-
ond, data quality in data marts is usually higher than in
generic databases, since they are obtained by reconciling
several data sources. Our scenario of reference is a fed-
eration (i.e, a logical integration) of various data marts,
which we need to query in a unified way, that is, by means
of drill-across operations. e propose a novel notion of di-
mension compatibility and characterize its general prop-
erty. We then show the significance of dimension compat-
ibility in performing drill-across queries over autonomous
data marts. We also discuss general strategies for the inte-
gration of data marts.

1. Introduction

Data warehousing can be considered today a mature
technology. Many advanced tools exists to support business
analystsin the rapid construction, the effective maintenance
and the efficient analysis of data marts, the building blocks
of a data warehouse [8]. As it often happens however, the
rapid and uncontrolled spreading of these toolswithin orga-
nizations has led in many cases a number of previously un-
charted and rather involved challenges.

One problem that occurs in practice is the integration
of autonomous (i.e. independently devel oped and operated)
data marts. A data mart provides a dimensional view of
a single business process and it is today a common prac-
tice to build a data warehouse as a series of integrated data
marts. According to Kimball [8], a key success factor in
building data marts that form a data warehouse is to use a
bus architecture based on conformed (i.e., common) dimen-

sions and facts. In large companies however, very often dif-
ferent departments develop their data marts independently,
and it turns out that their integration isadifficult task. Actu-
ally, the need of combining autonomous data marts arisesin
other common cases, for instance, when companies merge
or get involved in afederated project. Another common sce-
nario requiring data mart integration occurs when we wish
to combine a proprietary data warehouse with multidimen-
sional data available on the Web [13].

Differently from the general problem of database inte-
gration [5], we believe that the integration of data marts can
be tackled in a more systematic way because of two impor-
tant reasons. First, any data mart is structured in a rather
uniform way, along the widely accepted notions of dimen-
sion and fact. Second, data quality in a data mart is usually
higher than in a generic database, since it is obtained by
cleaning and reconciling several data sources. These obser-
vations suggest that the problem of integrating autonomous
data marts can be mainly focused on the integration of in-
dependently developed facts and dimensions.

According to this view, in this paper we introduce and
investigate a fundamental notion underlying data mart in-
tegration: dimension compatibility. Intuitively, two dimen-
sions (belonging to different data marts) are compatible
when their common information is consistent. Similarly,
two facts are compatible when their contents can be com-
bined in a meaningful way. Having compatible dimensions
and facts is important because it gives the ability to look
consistently at data across data marts and to combine and
correlate such data, e.g., to perform value chain analyses.
In particular, drill-across queries are based on joining mul-
tiple data marts over common dimensions [8]. For exam-
ple, assume to have three data marts, describing promotions
of products, sales of products, and store inventory levels of
products, respectively. A drill-across query over al these
three data marts is needed if we want to identify products
that, although in promotion and available in the stores, have
sold under expectations. For a drill across query, compati-
bility of dimensions and facts is required to obtain mean-
ingful results. We show that drill across operations over in-



compatible dimensions and facts are not possible or, worse,
produce invalid results. To this end, we first introduce a di-
mension algebrathat allows usto select the relevant portion
of adimension for integration purposes. We then discussin-
tegration strategies based on the inspection and the enforce-
ment of dimension compatibility.

This paper provides the foundations for our ultimate
god: the development of a system for supporting the com-
plex tasks related to the integration of autonomous data
marts, similarly to how Clio [11] supports heterogeneous
data transformation and integration.

The integration of heterogenous databases has been ex-
tensively studied in the literature (surveys on the many
facets of thisissue can be found in[5, 6, 9, 12, 16]). In this
paper we take apart the general aspects of the problem and
concentrate our attention on multidimensional data integra-
tion. This subject has been studied by Kimball [8] in the
context of data warehouse design. In his book, he has iden-
tified the problem and has introduced, in an informal way,
the notions of dimension and fact conformity. Our notion of
compatibility has been inspired by this work, but extends
and formalizes Kimball’s notion of conformity in a way
that, we believe, is more suitable to autonomous data mart
integration. Abello et a. [1] have investigated four kinds of
rel ationships among dimensions and facts (derivation, gen-
eralization, association, and flow) that are relevant to drill-
across navigation. Although our notion of compatibility is
related to these kinds of relationships, the goals of the pa-
persdiffer, since werefer to drill-across querieswhereas[1]
refers a weaker form of drill acrossing, specific to interac-
tive navigation. Some work has been done on the problem
of integrating datamarts with external data stored in various
formats: object-oriented [15] and XML [7]. Thisis clearly
related to but different from our goal, since no attempt is
made to combine multiple multidimensional databases.

The rest of the paper is organized as follows. In Sec-
tion 2 we recall MD, a conceptual model for multidimen-
sional data, introduced in [3], that will be used throughout
this paper. In Section 3 we present an algebra over dimen-
sions, atool that will be used, in Section 4, to introduce the
notion of dimension compatibility. In Section 5 we investi-
gate the relationship between compatibility and the opera-
tion of drill across between data marts. In Section 6 we dis-
cuss possible strategies for autonomous data mart integra-
tion and finally, in Section 7, we sketch some conclusions
and discuss future work directions of research.

2. A dimensional data model

In this section, we describe the MD data model [3], a
multidimensional conceptual data model that will be used
throughout this paper. This choice is motivated by the fact
that MD includes a number of concepts that generalize

the notions commonly used in multidimensional analysisor
available in commercial OLAP systems, e.g., dimensions,
fact tables[8] and cubes [10]. Because of this, our approach
can be considered rather general and can be applied to other
multidimensional data models[17].

MD ishased on two main constructs: the dimension and
the f-table. A dimension represents a domain of real-world
entities called members. Members of adimension can bethe
daysin atimeinterval, the products sold by a company, or a
collection of stores selling these products. Each dimension
isorganized into ahierarchy of levels, corresponding to data
domains grouping dimension members at different granu-
larity. For example, products can be grouped into brands
and categories, and days can be grouped into months and
years. Within a dimension, members at different levels are
related through afamily of roll-up functions. A roll-up func-
tion relates the members of apair of levels by mapping each
member having afiner grain (e.g., a product) to a member
having a coarser grain (e.g., abrand). An f-table is the con-
ceptual counterpart of a fact table and associate measures
to members of dimensions and are used to represent factual
data. For example, the daily sales of a chain of stores can
be represented by an f-table that associates with a product,
a day, and a store, the number of items sold of that prod-
uct, day, and store, together with the corresponding gross
income and cost. In the following, we provide a more sys-
tematic presentation of these notions.

Definition 2.1 (Dimension) A dimension d is composed
of:

¢ ascheme, made of:
— afiniteset L(d) = {l1,...,1,} of levels, and

— apartid order <; on L(d); if Iy =4 Il we say
that [; rollsup to io;

e an instance, made of:

— afunction m associating a set of members with
each level; and

— afamily of functions p including aroll up func-
tion p'1—% : m(l;) — m(ly) for each pair of
levelsl; < 1. [ ]

We assume that L(d) contains a bottom element L, (wrt
=4). We shall simply write < instead of <; whenever d is
clear from the context.

Actually, each member of the bottom level 1 ; of a di-
mension d (the finest grain for the dimension) represents
areal world entity that we call ground. Members of other
levels represent groups of ground members. For example,
within a dimension of products, a ground member isasin-
gle product, whereas a member of the level brand describes
asingle brand, that is, the group composed by all the prod-
ucts of that brand. The active domain of a dimension d is



the set of all the members that actually belong to the vari-
ouslevels of d.

For each pair of levels iy, > of adimension d such that
Iy =4 l2, we assume that the following holds in any in-
stance:

e if o; € my(l1), thenthereisan oy € my(l2) such that
pllﬂl2<01) = 0y;

o if oo € my(ls), then there exists at least an 01 €
mg(l1) suchthat p'1 =2 (0;) = 0s.

Therefore, for each ground member of the dimension there
is a member in each aggregation level to which it rolls up.
Furthermore, for each member of a non-bottom level, there
isat least aground member that rolls up to it.

Let {r1,...,7,} be apredefined set of base types, (in-
cluding integers, real numbers, etc.).

Definition 2.2 (F-table) An f-table f over a set D of di-
mensions is composed of:

e a scheme f[Al ll,...,An : ln] — <M1
Tty oy, My @ Tm), Where each A; is a distinct at-
tribute name, each [; is a level of some dimen-
sion in D, each M, is a distinct measure name, and
each 7; is some base type; and

e aninstance, which isapartial function mapping coor-
dinatesfor f tofactsfor f, where:

— acoordinate is a tuple over the attributes of f,
that is, a function mapping each attribute name
A; to amember of [;;

— afact is a tuple over the measures of f, that is,
a function mapping each measure name MM to a
value in the domain of type 7. [ |

A collection of f-tables over the same dimensions compose
adata mart.

Definition 2.3 (Data mart) A data mart is composed of:
e aset D of dimensions; and
e aset F of f-tables over the dimensionsin D. ]

Example 2.4 Figures 1, 2, and 3 show three (autonomous)
data marts, each consisting of a single f-table. This exam-
ple is inspired by case studies discussed in [8]. The Sales
data mart (Figure 1) represents daily sales of products in
achain of stores. The Store Inventory data mart (Figure 2)
represents inventory snapshots for the same products and
stores of the Sales data mart given on a weekly base. Fi-
nally, the Warehouse Inventory data mart (Figure 3) repre-
sents daily inventory snapshots for the warehouses supply-
ing only the food and beverage products to the same stores
of the Sales and Sore Inventory data marts.

Note that the granularity of datain the three datamartsis
different. Thisis apparent for time data, given daily in two
data marts, but weekly in the other one. Similarly, products
aredescribed as SKUs (stock keeping units, that is, products
that can be sold at retail, like acan of coke) at the stores, but
as packages (boxes of SKUs, e.g., a package of 20 cans of
coke) at the warehouses.

Another differenceisthat thefirst two data marts contain
data about many products along years 2000-2003, whereas
the warehouse data mart contains only data about food and
beverage products along years 2002-2003. [ |

It is worth noting that, according to the traditional
database terminology, the MD is a conceptual data model
and therefore its schemes can be implemented using sev-
eral logical data model [2]. For example, as described
in[3], an MD datamart can be easily implemented as a set
of star schemes [8] having a dimension table for each di-
mension and a fact table for each f-table. Each ground
member of a dimension would be represented by a tu-
ple in the corresponding dimension table. Each sym-
bolic coordinate and the associated fact of an f-table would
be represented by a tuple in the corresponding fact ta
ble.

3. An algebrafor dimensions

We now introduce the dimension algebra (DA), asimple
algebra over dimensions that will be used to extract sub-
dimensions from a given dimensions. Specifically, DA is
based on three operators: (i) selection, which restricts a di-
mension to a subset of its ground members; (ii) projection,
which pruneslevelsand roll-up functionsfrom adimension;
(iii) aggregation, which aggregates over alevel in a dimen-
sion.

In what follows, d denotes a dimension having scheme
(L(d), <) and instance (m, p).

Definition 3.1 (Selection) Let S be a subset of the ground
members of d. The selection og(d) of d over S is the di-
mension d’ such that: (i) the scheme of d’ is the same of d
and (ii) the instance of d’ contains: the ground membersin
S, the members of d that can be reached from them by ap-
plying roll-up functions in p, al the roll-up functions of d
restricted to the members of d’. ]

Definition 3.2 (Projection) Let X be a subset of the
scheme of d such that: (i) Ly € X and (ii) if X con-
tains I; =< Is then both [; and I; are in X. The projec-
tion mx(d) of d over X is the dimension d’ such that:
(i) the scheme of d’ is X and (ii) the instance of d’ con-
tains: only the members of d that belong to levelsin X and
only the roll-up functions p!* %2 of d such that i; < I, be-
longto X. [ |
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Definition 3.3 (Aggregation) Let! bealevel in L(d). The
aggregation ;(d) of d over [ isthe dimension d’ such that:
(i) the scheme of d’ contains {, all the levels of d to which
[ rolls up, and the restriction of < to these levels, and (ii)
the instance of d’ contains. only the members of d that be-
long to levelsin d’ and only the roll-up functions p'* %= of
d suchthat I; < I, belongtod’. [ |

The simplest DA expression consists just of adimension
name, and its result is the dimension itself. More complex
DA expressions can be written by applying and combining
the three DA operators above to a dimension. For a DA ex-
pression E and a dimension d, we denote by E(d) the di-
mension obtained by applying E to d.

Example 3.4 In Example 2.4, the Time dimension 5 of the
Sore Inventory data mart can be computed by applying an
aggregation to the Time dimension ¢, of the Sales data mart,
asfollows (see Figure 4):

wweek (d)

Similarly, the Time dimension ¢3 of the Warehouse Inven-
tory data mart can be computed by applying a selection fol-
lowed by a projection to the Time dimension ¢, of the Sales
data mart, as follows (see Figure 5):

T day,month,year,day<month,month=year (O'Ogggg, 2003 (d) ) )

where Ozp02_ 2003 denotes the days that belong to years
2002-2003. [ |
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It isworth noting that DA expressions allow to “reduce”
the scheme and/or the instance of a dimension. Indeed, the
goal of a DA expression isto compute a subset of a dimen-
sion. Note also that projection and aggregation have differ-
ent goals, since projections always keep the bottom level
whereas non trivial aggregations drop it.

We now introduce a desirable property of DA expres-
sions.

Definition 3.5 (Lossless expression) A DA expression E
over a dimension d is lossless if, for each each pair of
ground members 01,02 € mg(Lly) and for each level
[ € L(d) such that o; and o2 roll up to a same member
o € my(l) (that is, pj‘d%l(ol) = pjdﬂl(OQ) = o), then
neither or both o1, 05 belong to the active domain of E(d).

|

In other words, E is lossless if, whenever a member o be-
longsto E(d), then all the membersthat roll uptooind be-
long to E(d) aswell. This property isimportant because, if
E islosdless, then aggregating an f-table over E'(d) yields
as result a subset of the facts that can be obtained by ag-
gregating over d, with the same measures. Otherwise, the
result of aggregating over E(d) could produce different re-
sults than aggregating directly over d.

Proposition 3.6 DA expressions involving only projections
and aggregations are always lossless.

On the other hand, if a DA expression involves selections,
the lossless property can fail to hold: it depends on the par-
ticular sets of elements chosen to perform the selections.

4. Dimension compatibility

In this section we present our notion of compatibility
among dimensions. Intuitively, two dimensions are compat-
ibleif their share some information and this common infor-
mation is consistent. This is a very important requirement
in drill across queries, where data marts are joined over re-
lated dimensions.

The notion of compatibility between dimensions will be
introduced gradually, by first defining the stronger notion
of equivalence. In what follows, d; and d» denote two di-
mensions, belonging to different data marts, having scheme
(L(d;), =4,) and instance (m;, p; ), respectively. Moreover,
l; and I; denotetwo levels, [; € L(dy) and Iy € L(ds).

Definition 4.1 (Level equivalence) Two levels [; and [
are equivalent (written I, = 1) if they have the same mem-
bers, that is, m1(l1) = mg(lg). |

Definition 4.2 (Dimension equivalence) Two dimensions
dy and dy are equivalent (written d; = d) if there exists
abijection ¢ between L(d;) and L(dz) such that:

e foreachlevel | € L(d,), [l isequivalent to ¢(1);
e for each pair of levels [,l' € L(dy), 1 =<4, ' if and
only if ¢(1) =4, ¢(I'); and
o for each pair of levelsl,!’ € L(d;) suchthat ! <4, U/,
the roll-up functions p!~"" and pf(l)ﬂ‘f’(l,) are equal.
|

According to this definition, two equivalent dimensionsrep-
resent exactly the same information, apart from differences
in the choice of the names given to levels. It is worth not-
ing that our notion of equivalence is conceptual. Under this
view, two levels are equivalent if they are populated by the
same real world entities. In alogical approach, in which en-
tities are represented by their identifiers, level equivalence
would be based on a bijection between such identifiers.

It is till possible that two non-equivalent dimensions
have some information in common. The first requirement
is the existence of an operational way to compare portions
of dimensions. This comment leads to the following defini-
tions.

Definition 4.3 (Dimension compar ability) Two dimen-
sions d; and d, are comparable if there exist DA ex-
pressions £, and F, over d; and ds, respectively, such
that Fi(d;) and Es(dy) are not empty and equivae-
lent. In this case, we say that d; and d» are comparable
using £, and Es. [ ]

Definition 4.4 (Dimension intersection) If two dimen-
sions d; and d, are comparable using F; and E,, then
the dimension E;1(d;) = E»(ds) is caled an intersec-
tion of d; and d5. [ ]

We are now ready to introduce our notion of compatibility
between dimensions.

Definition 4.5 (Dimension compatibility) Two  dimen-
sionsd; and d, are compatibleif they are comparable using
two lossless DA expressions F; and E. [ ]

In sum, the rational e under the definition of compatibility is
that: (i) the intersection of two dimensions represents their
common information; (ii) DA expressions are used to com-
putethisintersection; and (iii) lossless expressions avoid in-
consistency, in asense that will be clarified in the following
section.

Example 4.6 Consider again the data marts of Exam-
ple 2.4. The Sore dimensions s; and sy of the Sales and
Sore Inventory data marts are equivalent. On the other
hand, their Product dimensions p; and p, are not equiva
lent but compatible; in fact, po can be computed from p, as

Tproduct(SKU),brand,product(SKU)=brand (pl ) . The Time di-
mensionst; and ¢, are also compatible: ¢, can be computed



as Yyeer (t1). The Sore dimension s; and the Warehouse
dimension w; are compatible, since v, (s1) is equiva
lent to iy (w3). The Product dimensions p; and ps are
compatible too: their common part can be computed by ag-
gregating ps over level product (SKU), and by apply-
ing to p; aprojection (over levels product (SKU) and brand
and the roll-up relationship between them) and a selec-
tion (over food and beverage products). [ |

5. Drill acrossqueriesand dimension compat-
ibility

In this section we investigate the impact of dimension
compatibility on drill across queries.

We first define adrill across operator. In [4] we have de-
fined anatura join operation f; < f of two f-tables over a
set of common attributes (defined on the same dimensions)
whose result is the f-table having as entries the natural join
(in the relational sense) of the entries of f; and f, and as
facts (i.e., measures) the juxtaposition of their facts. A drill
across operation between two f-tables f; and f, can be de-
fined as an extension of the natural join, in which common
attributes refer to different but compatible dimensions. In
this case, before joining f; and f,, for each pair of com-
mon attributes over compatible dimensions d; and ds, we
identify an intersection d;~2 of d; and ds and then aggre-
gate f; and f> over the bottom level of d;ns.

Example 5.1 Consider again the datamartsin Example 2.4
and a drill across operation over the Sales and Sore Inven-
tory data marts. They can be combined over the compati-
ble dimensions Product, Time, and Sore. It follows that the
drill across requires an aggregation of the Sales data mart
over the Time dimension at the week level.

Another possible drill across query is on the Sales and
Warehouse Inventory data marts. Before joining them, they
need to be aggregated over the common city level in the
compatible dimensions Store and Warehouse. [ |

A number of anomalies can arise in the computation of a
drill across query:

e some detail of the original datamarts can belost in the
aggregations preceding the join, when f-tables store
facts at different levels of aggregation;

e some data of the original data marts can be lost in the
join, when f-tables refer to membersthat do not belong
to the intersection of compatible dimensions.

As an example of the former type of anomaly, the drill
across query over the Sales and Store Inventory data marts
of Example 5.1 could retrieve weekly but not daily data. As
an example of the latter kind of anomaly, the drill across
query over the Sales and Warehouse Inventory data marts

of Example 5.1 retrieves only data about food and bever-
age products along years 2002-2003 (see Example 2.4).

Both cases however refer to a loss of information that
is not present in one of the original data marts. Therefore,
these anomalies can be tolerated since they correspond to
the generation of incomplete but correct results.

To understand the impact of dimension compatibility in
drill across queries, let us consider a drill across query in-
volving two comparable but incompatible dimensions d;
and ds. According to our definitions, this means that we
are able to find datain common between d; and ds, but the
operations required to select these data produce some loss
in the original dimensions that prevent the correctness of
the result of the drill across query. More precisely, incom-
patibility implies that an aggregation over the original data
marts can differ from the computation of the same aggrega-
tion over the result of the drill across query.

Example 5.2 Consider two data marts, one representing
the costs of buying a set of products and the second the in-
comes in selling another set of products. Assume also that
the two sets of products are different but overlapping. If we
drill across over the two data marts, datais meaningful only
for the common products. If we aggregate this data at, e.g.,
the category level, the costs and incomes obtained for each
category are different from those that can be computed over
the two individual data marts. [ |

It is clear that this situation cannot be accepted in drill
across queries over autonomous data marts. Dimension
compatibility allows usto prevent this anomaly.

We now briefly discuss a problem related to measure
(fact) compatibility. Intuitively, two measures of different
data marts are compatible when their values can be com-
bined (e.g., compared, added, or multiplied) in some mean-
ingful way. This is very important in drill across queries.
However, the characterization of measure compatibility re-
quires a deep understanding of the semantics of measures
and aggregate functions, as shown by the following exam-
ple.

Example 5.3 Consider the second drill across query pro-
posed in Example 5.1, over the Sales and Sore Inventory
datamarts. Their dimensions Sore and Warehouse are com-
patible at the city level. However, joining the two datamarts
on this common level is meaningful only if a business rule
states that each warehouse in a city supply al and only
storesin the same city. If thisis not the case, the drill across
over the city level isnot correct, sincethe result of the query
will contain meaningless facts. One possible solution could
be to exclude the dimensions Store and Warehouse from the
drill across query. [ |



It is worth noting that dimension compatibility is an ex-
tension of Kimball’s dimension conformity [8], since di-
mension conformity implies dimension compatibility, but
the converse does not hold in general. We also believe that,
in autonomous data mart integration, dimension compatibil-
ity can be achieved more often than dimension conformity,
and therefore it should be considered the most common cri-
teriawhen integrating autonomous data marts.

6. Integration strategies

We now briefly illustrate a methodology for integrating
autonomous data marts that refers to the notion of confor-
mity.

1. Datamartsto be integrated are analyzed, to identify if
and how their dimensions are compatible.

2. Semantic matching of compatible dimensions is
checked, to verify whether their join is meaning-
ful.

3. Incompatible but related dimensions areidentified and,
if possible, made compatible on the basis of external
information.

Step 1 could be performed using an interactive, semi-
automated tool for data mart integration, similar in spirit to
Clio [11] and supporting a wide range of scheme-matching
and data-mapping techniques. Step 2 has the goal of pre-
venting the combination of compatible but semantically
heterogenous dimensions, as discussed in Example 5.3.
Step 3 is oriented towards the identification and enforce-
ment of further matchings and compatibilities, based on
inter-scheme knowledge. This is discussed in the follow-
ing examples.

Example 6.1 Consider again the data marts of Exam-
ple 2.4, and that the Sore Inventory and Warehouse In-
ventory data marts can be joined at levels product (SKU),
city, and year. Actualy, it should be possible to join
their Time dimensions at the week level rather than at the
year level. In fact, it suffices to extend the Time dimen-
sion t3 with aweek level by associating each day with the
corresponding week in the year. [ |

The above example suggests that external information, if
available, should be used in data mart integration, e.g., by
adding descriptive data to members. This idea is applied
again in the following and more involved example.

Example 6.2 Consider again the problem of integrating the
Sore Inventory and Warehouse Inventory data marts of Ex-
ample 2.4 and assume that each store is supplied only by a
single warehouse. In this case, this knowledge can be used
to add a warehouse level to the Sore dimension, and to

make the dimensions Sore and Warehouse compatible at
the warehouse level. [ |

Note, however, that because of autonomy, such extra
knowledge should not be embedded in the origina data
marts, but it should be rather stored in a ad-hoc repository,
managed by a sort of Federated Data \Warehouse System.

7. Conclusion

In this paper we have investigated the problem of inte-
grating autonomous data marts, with the goal of querying
them using drill-across operations. To thisaim, we have pro-
posed anovel notion of dimension compatibility and related
it to drill-across queries. It turns out the dimension compat-
ibility isanecessary condition to obtain meaningful results.
We have also discussed some strategies for the integration
of data marts.

This paper provides the foundations for our ultimate
goal: the development of a system for supporting the com-
plex tasks related to the integration of autonomous data
marts, similarly to how Clio [11] supports heterogeneous
data transformation and integration. This can be based on
semi-automatic, interactive tools for describing multiple
data marts, for determining and verifying correspondences
among their schemes and data, as well as for defining and
verifying mappings among them. For instance, borrowing
some ideas from [7, 14], “integration links’ can be used to
relate datain different data marts.

Severa concepts related to dimension and fact compati-
bility have been introduced in this paper in arather informal
way. In the future, we plan to study these notions and their
relationships with the problem of data mart integration in
more depth, both from a theoretical and practical perspec-
tive.
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