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INTRODUCTION

A powerful, easy-to-use querying environment iswithout
doubt one of the most important componentsin a multi-
dimensional database. Its effectivenessis influenced by
many aspects, bothlogical (datamodel, integration, policy
of view materialization, etc.) and physical (multidimen-
sional or relational storage, indexes, etc.). Multidimen-
sional querying is often based on the core concepts of
multidimensional datamodeling, namely the metaphor of
the data cube and the concepts of facts, measures and
dimensions(Agrawal, Gupta, & Sarawagi, 1997; Gyssens
& Lakshmanan, 1997). In contrast to conventional trans-
actional environments, multidimensional queryingisof-
ten an exploratory process, performed by navigating
along dimensions and measures, increasing/decreasing
thelevel of detail and focusing on specific subpartsof the
cube that appear “promising” for the required informa-
tion.

BACKGROUND

Multidimensional dataare obtained by applying aggrega-
tionsand statistical functionsto elementary data, or more
precisely to data groups, each containing a subset of the
data and homogeneous with respect to a given set of
attributes. For example, the data “ Average duration of
callsin 2003 by regionand call plan” isobtained from the
so-called fact table, which is usually the product of
complex activitiesof sourceintegration (Lenzerini, 2002)
on the raw data corresponding to each phone call in that
year. Several groupsare defined, each consisting of calls
made in the same region and with the same call plan, and
finally applying the average aggregation function on the
duration attribute of the data in each group. The pair of
values (region, call plan) is used to identify each group
and is associated with the corresponding average dura-
tion value. In multidimensional databases, the attributes
used to group data define the dimensions, whereas the
aggregate values define the measures of data.

Theterm multidimensional data comesfrom thewell
known metaphor of the datacube (Gray, Bosworth, Lay-
man, & Pirahesh, 1996). For each of thenattributes, which
areused toidentify asinglemeasure, adimension of ann-

dimensional spaceis considered. The possible values of
the identifying attributes are mapped to points on the
dimension’s axis, and each point of this n-dimensional
space is thus mapped to a single combination of the
identifying attribute values and hence to a single aggre-
gate value. The collection of all these points, along with
all possible projections in lower dimensional spaces,
constitutesthe so-called datacube. In most cases, dimen-
sions are structured in hierarchies, representing several
granularity levels of the corresponding measures
(Jagadish, Lakshmanan, & Srivastava, 1999). Hence, a
time dimension can be organized into days, months and
years; a territorial dimension into towns, regions and
countries; aproduct dimension into brands, families and
types. When querying multidimensional data, the user
specifies the measures of interest and the level of detail
of the information required by indicating the desired
hierarchy level for each dimension. Inamultidimensional
environment, querying is often an exploratory process,
wherethe user “moves” along the dimension hierarchies
by increasing or reducing the granularity of displayed
data. The operation of drill-down corresponds to an
increasein detail, for example, by requesting the number
of calls by region and month, starting from data on the
number of calls by region or by region and year. Con-
versely, roll-up allows the user to view data at a coarser
level of granularity (Cabibbo & Torlone, 1997).

OLTP VS. OLAP QUERIES

Multidimensional querying systemsarecommonly known
asOn-LineAnalytical Processing (OLAP) systems(Li &
Wang, 1996), in contrast to conventional On-Line Trans-
actional Processing (OLTP) systems. Thetwotypeshave
several contrasting features, although sharing the same
requirements on fast “on-line” response times.

. Number of recordsinvolved. One of the key differ-
encesbetween OL TPand multidimensional queries
is the number of records required to calculate the
answer. OLTP queries typically involve a rather
limited number of records, accessed through pri-
mary key or other specificindexes, which needto be
processed for short, isolated transactions or to be
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issued on auser interface. In contrast, multidimen-
sional queriesusually requiretheclassificationand
aggregation of a huge amount of data (Gupta,
Harinarayan, & Quass, 1995).

i Indexing techniques. Transaction processing is
mainly based ontheaccessof afew recordsthrough
primary key or other indexes on highly selective
attribute combinations. Efficient access is easily
achieved by well-known and established indexes,
particularly B+-tree indexes. In contrast, multidi-
mensional queries require a more articulated ap-
proach, as different techniques are required, and
eachindex performswell only for somecategoriesof
queries (Chan & loannidis, 1998; Jurgens & Lenz,
1999).

i Current statevs. historical DB’s. OL TP operations
require up-to-date data. Simultaneous information
access/update is a critical issue, and the database
usually represents only the current state of the
system. In OLAP systems, the data does not need
to be the most recent available and should, in fact,
be time-stamped, thus enabling the user to perform
historical analyses with trend forecasts. However,
the presence of thistemporal dimension may cause
problemsin query formulation and processing, as
schemes may evolve over time and conventional
guery languagesare not adequateto copewiththem
(Vaisman & Mendelzon, 2001).

i Target users. Typical OLTPsystem usersareclerks,
andthetypesof query arerather limited and predict-
able. In contrast, multidimensional databases are
usually the core of decision support systems, tar-
geted at management level. Query types are only
partly predictable and often require highly expres-
sive (and complex) query language. However, the
user usually has little experience even in “easy”
guery languageslikebasic SQL : thetypical interac-
tion paradigm is a spreadsheet-like environment
based on iconic interfaces and the graphical meta-
phor of the multidimensional cube (Cabibbo &
Torlone, 1998).

i Dimensions and measures. Early statistical data-
baseresearch hasal ready shown (Shoshani & Wong,
1985) that the standard relational model and opera-
tors (commonly used to represent and query trans-
actional databases) are inadequate for effective
representation and querying of multidimensional
data. This led to the distinction between category
attributes (the dimensions) and summary attributes
(the measures). The distinction between dimen-
sions and measures is also at the basis of most
models for OLAP systems. However, as noted by
several authors, this distinction has some draw-

backs, mainly because some operations easily ex-
pressibleinrelational algebrabecomecumbersome
in multidimensional models. Some authors have
proposed multidimensiona model swithasymmetri-
cal treatment of measures and dimensions to cope
with this problem (Agrawal, Gupta, & Sarawagi,
1997; Cabibbo & Torlone, 1997; Gyssens &
Lakshmanan, 1997).

EXPRESSING MULTIDIMENSIONAL
QUERIES

As noted earlier, the metaphor of the data cube and the
concepts of facts, measures and dimensions are funda-
mental to both multidimensional datamodeling and que-
rying. In particular, techniques proposed intheliterature
and/or implemented in commercial systems to retrieve
such data are based on the idea of determining the cube
of interest and then navigating along the dimensions,
increasing or decreasing the level of detail through roll-
up and drill-down or selecting specific subparts of the
cube through the operation of slice and dice.

The query languages for multidimensional data sup-
port both these standard operations and additional ones
for performance of more sophisticated calculations. A
first broad distinction can be made among:

. Languages based on an algebra (usually an exten-
sion of the relational algebra), where queries are
expressed by using operators representing facts,
measures and dimensions. Examples of these lan-
guagesarethegrouping algebraproposed by Li and
Wang (1996) and the algebra for “symmetrical”
cubes(Agrawal, Gupta, & Sarawagi, 1997).

. Languages based on a calculus (usually an exten-
sion of the relational calculus), where queries are
expressedinamoredeclarativeway. Anexampleis
MD-CAL, amultidimensional cal culusfor fact tables
(Cabibbo & Torlone, 1997).

. Visual languages, usually relying on an underlying
algebra, and based on amoreinteractiveandiconic
querying paradigm: This is the approach of most
commercial OLAP products. A visual query lan-
guage for statistical aggregate data was proposed
by Rafanelli, Bezenchek, and Tininini (1996) and for
the M D model by Cabibbo and Torlone (1998).

Multidimensional query languages can al so beclassi-
fied by the type of model used to represent the data:

. Query languages based on arelational representa-
tion of multidimensional data, hence based on ex-
tensions of the relational algebra and calculus.
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