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Abstract. Multidimensional databases support efficiently online analyticd
processing (OLAP). In this paper, we depict a model dedicaed to
multidimensional databases. The gproach we present designs dedsional
information through a mnstell ation of fads and dmensions. Each dmension is
possbly shared between several fads and it is organised acording to multiple
hierarchies. In addition, we define a @mprehensive query algebra regrouping
the more popular multidimensional operations in current commercia systems
and reseach approaches. We introduce new operators dedicated to a
constellation. Finally, we describe aprototype that al ows managers to query
constell ations of fads, dimensions and multiple hierarchies.

1 Introduction

In order to improve dedsion-making processin companies, dedsion suppart systems
are built from sources (operational databases). These dedicaed systems are based on
the data warehousing approach [4, 11, 24]. A data warehouse [11] stores large
volumes of data, which are extraded from multiple, distributed, autonamous and
heterogeneous data sources [4, 11, 24] and they are avail able for querying.

1.1 TheProblem

In previous works, we spedfied a functional architedure of the dedsion support
systems[18, 19], based on a dichotomy of two repositories; a data warehouse olleds
source data, which is relevant for the dedsion-makers, and it keeps data changes over
the time whereas data marts are deduced from the data warehouse and they are
dedicaed to spedfic analyse (ead data mart is subjed-oriented). This architecure
distingushes ®veral isaies laying the foundation d our study (cf. figure 1).

— Theintegration generates a globa source from data sources; it is virtual and it is
described acording to the ODMG data model. The mativating for using the objea
paradigm at the integration is that it has proven to be successul in complex data
modelling [2].

— The construction generates a data warehouse & a materialised view [8] over the
global source It is not organised according to a multidimensional model [12]. We
justify this choice by the faa that this modelling generates a lot of redundant data
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[4, 11, 12] limiting efficient warehouse management. We defined a flexible

temporal objed-oriented data warehouse model in [18, 19].

Due to manager requirements, we provide two approaches for improving the
dedsion making process

In the first approach the managers exploit the warehouse data to make global
analyses. They are helped by database spedalists who can dredly query warehouse
data using powerful and expressve languages. This approach has the advantage of
allowing dobal analyses of the dedsional information.

In the second approadc the managers make themselves their analyses. They require
advanced tools that fadlit ate analyses and multidimensional operations. We provide a
solution based on two steps:

— The organisation models data for supporting efficientlty OLAP (“On-Line
Analyticd Processng’) applicaions[5] in several subjed-oriented data marts. The
data marts may be designed according to a multidimensional model [12, 17].

— The interrogation exploits dedsional information. The managers improve their
dedsions through advanced todls fadlit ating OLAP applications.
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Fig. 1. Architedure of Dedsion Support Systems.
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In this paper, we focus on this approach based on data mart generations where
relevant data is gored “multidimensionaly”. We depict a multidimensional model and
we define amultidimensional query algebra.

1.2 Related Work

In acalemic research, multidimensional modelling has enjoyed spedaaular growth
[6]. One of the significant development is the proposal of the data aube operator [7].
Severa approaches trea data a n-dimensional cubes where the data is divided in
measures (fads) and dmensions [7, 9, 12], but the hierarchy between the parameters
is not captured explicitly by the schema. Therefore, several proposals provide
structured cube models, which cgpture dimension hierarchies [1, 3, 13, 14, 17]. Some
models provide statisticd objeds where astructured hierarchy is related to an explicit
aggregation function on a single measure supporting a set of queries [20]. To model
dimensions of complex structures, several models were made in an objed oriented
framework [3, 16, 21]. Also, some proposals exploits the tempora nature of the
multi dimensional modelling [10, 15, 16].

Most of these proposals introduce constraints and spedfic modelling choices as
ROLAP, MOLAP and OOLAP. Nevertheless in [22] the aithors provide a full
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conceptua approach through the starER model, which combines the star structure
with the semanticdly rich constructs of the ER model. In the same way, the model we
present is independent of the ROLAP, OOLAP or MOLAP context.

Moreover, existing approaches design a multidimensional database & a star
schema [12]. This approach integrates only one fad. We ague that an extended
multidimensional model in which a multidimensional database is designed as a
constellation o fads and dimensions is a more dficient way for improving a
powerful multidimensional modelling [17]. This extended model needs a query
language integrating the more popular operations in current commercial systems and
reseach approaches as well as me operations related to the constellation
organisation. The main contribution of this paper is the @mprehensive
multidimensional query algebra that we define. We provide formal definitions of the
most important multidimensional operations and we define two new operations
related to the mnstellation aganisation.

1.3 Paper Outline

Sedion 2 defines a multidimensional model supporting fads, shared dmensions and
multiple hierarchies, independently of ROLAP, OOLAP or MOLAP contexts.
Sedion 3 presents the query algebra related to the multidimensional model. Sedion 4
describes extensions of our prototype GEDOOH.

2 A Multidimensional M odél

In the achitecure that we depict in figure 1, a data mart is subjed-oriented; it is
dedicaed to a spedfic dass of users and it regroups al relevant information for
suppating their dedsional requirements. The data mart must be modelled
“multidimensionaly” for improving analyses and dedsion making proceses[12].

The multidimensional model we define is based on the ideaof the “constellation”
[17], in which data marts are wmposed of several fads and dmensions;, eath
dimension is dared between fads and it can be awciated to one or several
hierarchies. Therefore, the managers can handle several fads acwrding to shared
dimensions, fadlit ating comparisons between several measures.

2.1 Facts

A fad refleds information that have to be analysed; for example, afadual dataisthe
amourt of sales occurring in shops.
Definition 1. A fact F isdefined by atuple (fname, M™™) where
— fnameisaname,
— M™™={m, m,..., m} is a set of attributes where eab m_ represents one
measure.
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2.2 Dimensionsand Hierarchies

A dimension refleds information according to which data of fads will be analysed. A
dimension is organised through parameters, which conform to one or severa
hierarchies; the dimensions of interest may be the shop locéation, thetime, ...

Definition 2. A dimension D is defined by atuple (dname, A™™, H™™) where

— dnameisaname,

— A™™isaset of attributes,

— H™™=<H™™, H"™™,,..., H™™ > is an ordered set of hierarchies (H™™ is caled

the arrent hierarchy).

The parameters are organised acording to hierarchies. Within a dimension, values
of different parameters are related through a family of roll up functions, denoted g,,,
acording to eac hierarchy defined on them. A roll up function p,,"" "’ associates a
value v of a parameter p, with avalue v' of an upper parameter p" in the hierarchy H.

Definition 3. A hlerarchy H"™ is defined byatuple(hname P™™™) where

— hnameisaname,

P"™=<p,, P,--., P,> isan ordered set of parameters where Oj0J[i,..h], pOA™™.

Note that A™™ contains a distinguished parameter all, such that dom(all) {All}.

This attribute defines the upper granularity of hierarchies; for every hierarchy

HdnaTeiDHdna'ne dnaTe_< pll' plz' a” >.

2.3 Constellation Schema

A data mart is modelled aacording to a constellation schema; it is composed of

several fads and several dimensions, which are possbly shared between fads.

Definition 4. A constellation schema S™ is defined by a tuple (sname, FACT,
DIM, Param™™) where

— Snameisaname,

— FACT=<F,, F,,..., F>isan ordered set of fads (F, is cdled the current fad),

— DIM={D,, D,,..., D} isaset of dimensions,

— Param™™: FACT - 2" is a function such that Param™™(F)=<D/, D?,..., D,">.
It returns an ordered set of dimensions which are aciated to the fad F, (for the
current fad F,, D," and D,? are cdled the current dimensions).

Example. The cae we study is taken from commercial domain and it concerns

shop channels. The data mart supports analyses abou sales and puchases related to

various commercial shop channels and commercial warehouses. Figure 2 represents
the example of a datamart; we use extended relational notations: ‘(7' represents a fact

and* Y’ represents adimension. Note that the constell ation is named “ channdyse” .
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SHOP PAYMENT SALE SALE_PERSON
shoplD payement| D payement| D | 1 personlD
tax_rate pay_desc personiD # 4 | | first_name
sh_desc pay_class datelD # last_name
channel_desc shopl D # birth_date
channel_class P productl Dx sex | DATE
branch_desc total_sales position f*m
adr_state PRODUCT IZ,: quantity r day
adr_county product| D —=>- tax_amount day_desc
adr_city prod_desc month
adr zone type STOCK Z month_desc

2 categ W warehouselD quarter

b product|D # war_desc year

Eztfg‘?: datelD # | ar sate
pack_type warehousel D # adr_county
pack_weight quantity adr_city

— price adr_zone

Fig. 2. Example of a Constell ation Schema.

Along ead dmension, the aministrator defines one, or posdgbly several,
hierarchy(ies). These hierarchies offer various views for analysed data; e.g. users can
analyse sales acordingto dates and shops, and they can display analysed data with an
administrative organisation d the country (adr_state, adr_county, adr_city) or with a
spedfic organisation (adr_city, adr_zone). The hierarchies are defined as foll ows.

— H™ = ("h_shop_channel”, <shopl D, channel_class, branch_desc, all>)
— H™, = ("h_shop_administrative’, <shopl D, city, county, state, all>)

— H™, = ("h_shop_zone”, <shopl D, city, zone, all>)

— HP™™ = ("h_payment”, <paymentI D, pay_class, all>)

— H™ = ("h_person_position”, <personiD, position, all>)

— H™* =("h_product_category”, <prodiD, type, categ, all>)

— H®, =("h_date _gregorian”, <datelD, day, month, quarter, year, all>)

— H** = ("h_stock_administrative”, <warehousel D, city, county, state, all>)
— H**,=("h_stock_zone", <warehousel D, city, zone, all>)

3 A Comprehensive Multidimensional Query Algebra

Here, we expressin a query algebra the most popular OLAP operators introduced in
the scientific literature and we provide new operators related to the mnstellation
organisation.

3.1 Data Displaying: “ n-table”

A congtellation is displayed within an ntable acording to columns, rows and planes.
The aurrent fad F, is used to define the displayed plane. The arrent dimensions D,
and D of the current fad define displayed lines and rows. For ead current
dimension, the upper level is displayed aacording to the current hierarchy. Note that
becaise of the constellation feaure, we do nd display the cmplete information
stored in data marts, more predsely, only the measures of the arrent fad are
displayed acmrding to the arrent dimensions and their current hierarchies.
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Example. We ded with the previous example. The current fact is “sale” and the
current dimensions are “shop” and “payment” displayed acmrding to the hierarchies
“h_shop_channdl” and “h_payment”.

Table 1. Example of a Constell ation Displaying.

Sale Shop / H™™,
branch_desc BR1 BR2 BR3 BR4
Payment / pay_class | total_sales, tax_amount,
HPme guantity
PC1 (58,6,2) | (67,7,3) | (58,6,1) | (68,7,2)
PC2 (60,6, 3) | (55.6,3) | (505,1) | (65,7,3)
PC3 (455,1) | (505,1) | (525, 1) | (646,2)
Sale_per son.position="manager”
Product.categ="C1"
Date.year=2000

3.2 Multidimensional Operations

We first define relational operators in the multidimensional algebra; we alopt the
most popuar operators (Join, Aggregate, Union, Intersea, Difference). The operation
Slice and Diceis used onadimension and it removes values of the dimension that do
not satisfy a restricted condtion. Note that this operator redises sleding (or
restricting) in relational terminology.

Becaise the cmplete information stored in data marts is not displayed, we define
rotate operators for displaying measures acording to various parameters. We alopt
rotate operators introduced in [1], and we define a new rotation between fads.
Definition 5. The DRotate operation permutes two dmensions D, and D; of a fad

F. DRotate(Sh, F, D, D)=SH where
— She(sname, FACT, DIM, Param™™) is a constell ation schema,

— FOFACT isafad,

— D,ODIM and D,(IDIM are two dmensions | Param(F)=<..., D,,..., D,,...>.

Sh=(sname, FACT, DIM, Param™™) where Param™™ (F)=<..., D,..., D,...> and
OFOFAI, FZF, Param™™ (F )=Param™™(F,).

Definition 6. The HRotate operation permutes two hierarchies H"™ and H"™ of
adimension D. HRotate(Sh, D, H"™,, H™™)=Sh' where

— She(sname, FACT, DIM, Param™™) is a constell ation schema,

— DODIM isadimension,

- HZ"“iDHd"“ and H™™0OH™™ are two herarchies | H™™=<.., H™ ..,
H™™,...>.

SH=(sname, FACT, DIM", Paran™™) where

- DIM'=DIM-{D}+{D} | D,'=(dname,P™™™ H""™=<... ,H"™™ .. H"™ ...>)

— ODOFACT, if D,OParam™™(F) then Param™™(F)=Param™"™(F)-{D}+{D,}
€lse Param™™ (F)=Param™"™(F).

Definition 7. The FRotate operation permutes two fads F, and F, of a constell ation
schema Sh FRotate(Sh, F, F)=Sh" where
— She(sname, FACT, DIM, Param™™) is a constell ation schema,
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— FOFACT and FOFACT aretwo fads | FACT=<..., F,,..., F,...>.

SH= (sname FACT' DIM, Param™™) where FACT'=< B B>

Example. We complete the previous example. Managers change the dimensions in
order to analyse measures acording to ather parameters. They permute “Shop” and

“Date” as well as “Payment” and “Product”. pRrotate (DRotate (“channal yse”,
Payment, Product), Shop, Date)

Table 2. N-table Representing the Constell ation after Rotations.

Sale Date/ H*™*,
year 1998 1999 2000
Product / H™*, categ | total_sales, tax_amount,
quantity
C1 (586,2) | (67.7,3) | (586,1)
c2 (60,6,3) | (55,6,3) | (50,5,1)
C3 (455,10 | (505,1) | (52,5, 1)

Sale_per son.position="manager”

Payment.pay class="PCl"

Shop.branch_class="BR1"

The positions (values) of each parameter are ordered. We introduce one operator

for changing these positions.

Definition 8. The operation Switch permutes two pdsitions (values) pos, and pos,
of aparameter p. Switch(Sh d, p, pos,, pos,)=Sh" where

— She(sname, FACT, DIM, Param™™) is a constell ation schema,

— DODIM isadimension,

— pOP™ is a parameter of the aurrent hierarchy | p0OH
— pos,tidom(p) and pos,Lidom(p) are two pasitions (val u%) of the parameter p.

SH |sthe result where pos, and pos, are permuted in the hierarchy He

dname

The RollUp and Drill Down operations are probably the most |mportant operations

or OLAP; they allow usersto change data granularities.

Definition 9. The DrillDown operation inserts into the airrent hierarchy of a
dimension D,, a parameter p, at a lower granularity. DrillDown(Sh D,, p)=S

—h

where
— She(sname, FACT, DIM, Param™™) is a anstell ation schema,
— D,0DIM isadimension such that D=(dname, P*"™™, H"™™),

- pDP""“’ isaparameter (it will be mtegrated |n the current hierarchy of D).

SH=(sname, FACT, DIM', Param™™") where

— DIM'=DIM- {D}+{D 1 | D'=(dname, P"™™+{p}, H"'=<<p>+H"™",
Hdnanez, . g )and

- DFDFACT if D,OParam™™(F) then Param™™(F)=Param™"™(F)-{D}+{D,'}
else Param™™ (F)=Param™"™(F).

Definition 10. The RollUp operation inserts into the current hierarchy of a
dimension D, a parameter p, correspondng to an upper granularity. RollUp(Sh
D, p)=SH where

— She(sname, FACT, DIM, Param™™) is a constell ation schema,

— D,ODIM isadimension | D,=(dname, P"™, H"™),

— pOparameters™™ is a parameter, which will be integrated in the airrent
hierarchy of thedimensionD.,.

SH=(sname, FACT, DIM', Param™™") where
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- DIM'=DIM-{D}+{D'} | D/=(dname, P"™™+{p}, H"™'=<H"™+<p>,

H™™,..., H™™ >) and

— OFOFACT, if D,O0Param™™(F) then Param™"™(F)=Param™"™(F)-{D}+{D,}

else Param™™ (F)=Param™™(F).

In order to ease analyses, in [1] the authors introduce operations allowing an
uniform treament of parameters and measures; one operator converts parameters into
measures and another one aeaes parameters from spedfied measures. We alopt
these operations in the constell ation framework.

Definition 11. The Push operation converts parameters into measures. Push(Sh d,

p, )=Sh" where
— She(sname, FACT, DIM, Param™™) is a constell ation schema,

— DODIM isadimension,

— pOP™ is a parameter of the dimension D,

— FOFACT isafad | DOParam(F).

SH=(sname, FACT', DIM', Param™™") where

— FACT'=FACT-{F}+{F'} | F'=(fname, M"™™+{p}),

— DIM'=DIM-{D}+{D} | P™™=P"™™-{p} and

— Param™™(F') = Param™™(F)-{D}+{D,}, OF"0OFACT, F"£F', Param™™(F") =
Param™™(F).

Definition 12. The Pull operation converts measures into parameters. Pull(Sh F,
m, D)=SH where

— She(sname, FACT, DIM, Param™™) is a constell ation schema,

— FOFACT isafad,

— mOM™™ isameasure of the fact F,

— DODIM isadimension | DOParam(F).

SH=(sname, FACT', DIM', Param™™) where

— FACT'=FACT-{F}+{F'} | F'=(fname, M"™-{m}),

— DIM'=DIM-{D}+{D/} | P™™=P™™+{m} and

— Param™™(F') = Param™™(F)-{D}+{D,}, OF"OFACT, F"£F', Param™™(F") =
Param™™(F).

To convert a mnstellation into several star schemas (constellations composed of

ne fad), we introduce two operators. They all ow users to reduce schemas.

Definition 13. The TSplit operation generates sveral sub schemas from a
constell ation schema acording to its fads. Each generated schema is composed
of onefad. TSgit(Sh)={Sh,,..., Sh} where

— She(sname, FACT, DIM, Param™™) is a constell ation schema.

Oi0[1..u], Sh=(sname, FACT', DIM', Param™™) is a resulting sub schema. Its a
constellation schema cmmposed of one fad such that FACT'={F}, DIM'={D |
DODIM ODOParam(F,)} and Param'(F)=Param(F,).

o

Definition 14. The Split operation generates ®vera sub schemas from a
constellation schema, which is composed of one fad. Each generated sub
schema results from a seledion. Split(Sh D, p)={Sh,, $,,..., Sh} where

— She(sname, FACT, DIM, Param™™) is a constell ation schema.

— DODIM isadimension,

— pOP™™ isa parameter of the dimension D | dom(p)={ pos,, pos,,...pos}.
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Oi0[1..n], Sh=(sname, FACT, DIM, Param™™) is a resulting sub schema
acaording to the slice operation Sice(Sh, D, pred(pos)).

4 Implementation

In previous works, we have implemented a prototype dlowing administrators both to
define ad to generate data warehouses and deta marts. This prototype is cdled
GEDOOH. It is based onthree @mporents: a graphicd interface an automatic data
warehouse generator, and an automatic data mart generator.

GEDOOH helps administrators in

- Designer Analyser designing dita warehowses and data
Design Query marts. It is based on extended UML
Interface Interface notations for displaying schemas.

'y Y — Firstly, the administrator defines a data

. v warehouse from a graph of the global

| Generator | | Trangator | source (or a data mart from a graph o
the data warehouse).

— Sewmndy, the generators creae
automaticdly the data warehouse (or
the data mart) aacording to the
graphicd definitions. The schema, the

Fig. 3. GEDOOH Architedure. first extradion (which populates the

data warehowse or the data mart) and
the refresh processare generated.

This tod is implemented in Java (jdk 13) on top of a relationa database
management system (Orade) and it is operationd; its furce mde represents
approximately 8000 lines of Java mde.

Now, we ae implementing extensions in order to validate the model we present in
this paper and its asociated query algebra. We ald a user comporent allowing the
managers both to dsplay and to query constellation schemas of the generated data
marts. The extension (the user component) is composed of two parts: an interfaceand
aquery trandator.

— The query interface displays an ntable representing a constellation. This
comporent uses interna structures of the displayed information. Each
multidimensional operationistreaed by the query trandator component.

— The query trandator trandates ead multidimensional operation in a relational
query. This component sends the relational query to the RDBMS and it translates
the result in internal structures.
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=] =] E3

File Operations Options

) channalyse 577/ 2

Sale Shup !
H™?,
Twanh desc EF1 ER2 ER= EE4
I | pay_tlass total sales |
HErE Tax_azoumnd,
uaniity
rcl (546, 2y | (677, 3) | (566,10 | (68.7,2)
DC2 (606,3) | (856 F) |(S05 1) | (657 3)
PC3 (455 1) ({505 1) (525, 1)) (64,6, 2)
Sale DT som positio n="thar g e’
Product categ="T1"
Dade year=2000

]

Fig. 4. Example of a Constell ation Displaying through the GEDOOH Query Interface

5 Conclusion

We first introduce an architedure of dedsion support systems distinguishing several
isaues and laying the foundation for our study. Based onthe architedure, this paper
dedswith the data mart designing and querying.

The multidimensional model we define is based on the ideaof the “constellation”,
in which data marts are compaosed of several fads and dmensions; ead dmensionis
shared between fads and it can be associated to ore or severa hierarchies. Shared
dimensions fadlit ates comparisons between severa measures according to the same
dimensional data organisation (same hierarchies, same parameters...). This approach
provides a unified framework for the multidimensional modelli ng independently of
the ROLAP, OOLAP or MOLAP context. We develop a query algebra for the data
marts. We expressin a mmprehensive dgebra the most popular OLAP operators and
we provide new operators related to the mnstell ation aganisation (FRotate, TSplit).

We ae aurrently working on extending the tool GEDOOH. It all ows administrators
to generate adata warehouse from sources through a graphicd interface We have
extended algorithms for generating dita marts from data warehouses. Now, we
develop solutions for querying data marts based on the query algebra.

We will i nvestigate meta-modelli ng issues and we plan to develop a method for
designing dedsion support systems. We must provide adesigh method; it must be
composed of models (with concepts and constraints), a amplete processand atoal.
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