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ABSTRACT

OLAP users heavily rely on visualization of query answers
for their interactive analysis of massive amounts of data.
Very often, these answers cannot be visualized entirely and
the user has to navigate through them to find relevant facts.

In this paper, we propose a framework for personalizing
OLAP queries. In this framework, the user is asked to give
his (her) preferences and a visualization constraint, that can
be for instance the limitations imposed by the device used
to display the answer to a query. Given this, for each query,
our method computes the part of the answer that respects
both the user preferences and the visualization constraint.
In addition, a personalized structure for the visualization is
proposed.

Categoriesand Subject Descriptors

H.2.4 [Database Management]: Systems—Query Pro-
cessing

General Terms

Algorithms, Experimentation

Keywords

Multidimensional Databases, OLAP, Visualization,
Personalization, Preferences

1. INTRODUCTION

In the area of data warehousing and OLAP, the user is
provided with massive amount of data targeted for decision
making [5]. Very often, the answer to a query is likely not
to fit entirely on the device used for visualization. Thus
the decision process is based on an interactive analysis, sup-
ported by a query language, which offers primitives to navi-
gate through these data [14]. In such a context, it would be
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very helpful to provide users with the most relevant visual-
ization of the query answer.

In the context of traditional databases, a technique called
query personalization consists in taking user preferences into
account when answering a query [12]. Thus different users
may obtain different responses to the same query, according
to their profiles.

In this paper, we propose a technique that exploits user
profiles for displaying the best visualization to the user in
an OLAP context.

1.1 Motivating example

Suppose that a user has to make a decision by using his
(her) favorite OLAP system. The decision concerns sales of
items of products in different locations, by different salesper-
sons at different periods of time. The sales data are stored
in a star schema (see Figure 1).
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Figure 1: The star schema queried

Suppose that the user wants to know the amount of sales
detailed by category of products, year and region.

Obviously, if the number of categories and/or the number
of years are large, the complete answer cannot be visualized
entirely on the screen. Moreover, there are many ways to
present this result. For example, if the decision maker is
responsible for the sales in region north, (s)he will be more
interested in the visualization presented in Figure 2.

On the other hand, if the user profile indicates that the
decision maker is responsible for recent sales of drink and
food whatever the region, then (s)he will be more interested
in the visualization presented in Figure 3.

It is important to note that the sets of facts displayed in
the two visualizations of Figure 2 and Figure 3 are both sub-
sets of the same answer set. These subsets as well as the way
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Figure 2: Visualization 1
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Figure 3: Visualization 2

they are presented, i.e., the structure of each visualization,
depend on the user preferences.

1.2 Contribution

In this paper, we propose a method that, given an OLAP
query, displays the best answer for a user w.r.t. his (her)
profile. More precisely:

o We design a framework for expressing the problem of
finding the most interesting visualization in an OLAP
context.

e We propose a definition of user profiles in an OLAP
context.

e We give an algorithm that finds the most interesting
visualization w.r.t. the user profile.

1.3 Reéated Work

Handling user preferences is an important issue in current
information systems, which has motivated many research
efforts since many years. Nevertheless, only recently did the
Database community pay attention to this research area.

In the context of relational databases, different models
of user preferences have been proposed. In the qualita-
tive approach, user preferences are generally represented by
pre-orders or orders between tuples [11, 6], whereas in the
quantitative approach [1], user preferences are specified using
scoring functions that associate degrees of interest with tu-
ples (a tuple ¢ is preferred to another tuple " if the score of ¢
is higher than that of ¢'). Note that the qualitative approach
is more general than the quantitative approach, since only
total orders can be defined from scoring functions, whereas
the qualitative approach can use both total or partial order.

More recently, it has been proposed to express user pref-
erences by degrees of interest associated with values of at-
tributes, or more generally with atomic selection or join con-
ditions [12]. In our framework, user preferences are defined
by a total pre-order over the set of members of all dimen-
sions. Therefore, our approach is similar to that in [12], since
a total pre-order on members can be defined from degrees

10

of interest (a member or value of an attribute is preferred to
another member if its degree of interest is higher). However,
we also introduce wvisualization constraints that allow users
to specify the limitations imposed by the device to display
the answers to their queries. Visualization constraints can
also be used to control the form of the visualization of a
query result. For example, using visualization constraints,
a user can specify that a particular dimension must always
appear on a given axis.

The introduction of user preferences in relational databases
can be done at different levels. In [6], the author proposes a
simple embedding of user preferences formulas into relational
algebra. In this way, the user can specify in every query
what are the most interesting tuples of its answer. Then,
the tuples of the answer can be computed and ranked based
on these preferences. Another approach consists in storing
user profiles that represent preferences. In this case, when
a user submits a query, this query is personalized using the
preferences stored in his (her) profile [12]. For example, the
personalization of a user query can add selection conditions
to a query, meaning that the user obtains a subset of the an-
swer to the initial query. In general, it is expected that this
subset contains the most interesting tuples (with respect to
the user preferences) of the global answer. In our approach,
we store in user profiles both preferences that rank members
of all dimensions, and visualization constraints that control
the form of the visualization of the query results. More-
over, we use these profiles both to personalize user queries
(in the sense that selection conditions can be added to the
original user query) and to personalize the visualizations of
the answers. Note that in our approach, the personaliza-
tion of a user query and of its visualization are combined,
since we compute the most interesting part of the query an-
swer that can be visualized with respect to the visualization
constraints.

1.4 Outline

The next section introduces our approach, first intuitively
and then formally. Section 3 presents our algorithm for per-
sonalizing visualizations. The consequences of personaliza-
tion on OL AP query optimization are discussed in Section 4.
Section 5 deals with the problem of computing interesting
visualizations in more general terms and concludes the pa-
per.

2. PROBLEM AND DEFINITIONS

In this section, we first give the intuitions underlying our
approach and then, we present the basic definitions.

2.1 Problem

Suppose the user has issued a query and the expected an-
swer is a cube C. In many cases, the large number of facts in
C prevents it from being visualized entirely. Thus the user
has to navigate through the cube to reach relevant facts.
Navigation is based on restructuring operations that change
the presentation of the cube on the screen. This presenta-
tion is called structure in the following, and represents the
nesting of dimensions on axes. If the user is provided with
a language allowing multidimensional expressions, like for
instance Microsoft M DX [7], the structure of the cube can
be defined in the query itself. Otherwise, the structure is
imposed by the system.

In this paper, we deal with the problem of finding the



most interesting sub-cube of a cube C' that can be visualized
entirely.

2.1.1 Msualization constraints

Given a cube C, we are interested in knowing if C' can be
visualized entirely or not. For example, a common criterion
a cube C' must satisfy to be visualized entirely is the follow-
ing: C corresponds to one slice of the multidimensional data
set that can fit on the user’s screen. That kind of criterion
is called a visualization constraint in the following.

Visualization constraints can also be used to define pre-
cisely the structure of a cube. However, if the structure of
a given cube C' is not precisely defined by the visualization
constraints, then the problem becomes to find not only the
most interesting sub-cube of C' that can be visualized, but
also a structure for this cube that respects the visualization
constraints.

Note that in our approach, we only consider visualization
constraints that are anti-monotone, meaning that if a cube
C4 can be visualized and Cs is a sub-cube of C7, then Cs
can also be visualized (i.e., if a cube fits on the screen, a
part of it also fits on the screen).

2.1.2 User preferences

Obviously not any sub-cube of a cube C is interesting
for the user. Interestingness is defined by user preferences
(or user profile). In our approach, these preferences allow to
define a pre-ordering on cubes, so that the problem is to find
the most interesting sub-cubes of C' w.r.t. this pre-ordering
that can be visualized.

There are many ways to model user preferences and to
define pre-orderings on cubes. In this paper, user prefer-
ences are specified by a total pre-ordering on members of
all dimensions of cubes, and the pre-ordering defined over
cubes is based on this pre-ordering over members. More-
over, the pre-ordering over cubes is defined in such a way
that the following monotonicity property is satisfied: if Cy
is a sub-cube of Cy, then C is less interesting than C5. This
is so because, if C; is a sub-cube of C2, then C; contains
less information than C5 and thus, is less interesting than
Cs.

2.1.3 Problem

We are looking for the most interesting sub-cubes of a
cube C' that can be visualized. Denoting by C* one of these
sub-cubes, C™ is such that:

e There exists a structure S* that allows to visualize it.

e There does not exist a sub-cube of C' more interesting
than C* that can be visualized, i.e., C* is maximal
w.r.t. the pre-ordering over cubes.

Note that if visualization constraints do not define precisely
the structure of an optimal sub-cube C*, a structure must be
found that respects both user preferences and visualization
constraints. This means that our framework personalizes
both the set of facts to be presented to the user, and the
presentation of these facts.

‘We now turn to the formal definitions.

2.2 Definitions

In our framework, a cube is simply a set of dimensions
and a function that associates combinations of members to
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measures. In the following, we consider a fixed set D of
dimensions, each dimension D € D being a finite set of
members. Moreover, we say that a member m belongs to D,
denoted m € D, if there exists D in D such that m € D.

DEFINITION 1. - Cube. An N-dimensional cube C is a
tuple C' = (D1,...,Dn, f) where:

e Vi € [1,N], D; is a dimension in D,
e f is a mapping from D1 X ... X Dy to R.

Given two N-dimensional cubes C' = (D1, ..., Dy, f') and
C ={(D1,...,Dn, f), C' is a sub-cube of C, noted C' C C,
if Vi € [1,N],D; C D; and f’ is the restriction of f to
Dy x...x Dy, noted fp; x--x Dy, - We also use the following
notations:

e C is the set of all cubes,

e M(C) is the set of all members of C, ie., M(C) =
Uie[l,N] D;.

A structure S of a cube C specifies how the facts of C are
presented to the user.

DEFINITION 2. - Structure. A K-dimensional structure
S of an N-dimensional cube C = (D1,..., Dn, f) is a K-
tuple S = (S1,...,Sk) where K < N and S, (k=1,...,K)
are disjoint subsets of {D1,...,Dn}. We denote by S the
set of all structures.

EXAMPLE 1. In the context of our motivating example,
let C = (D1, D2, D3, f) be a 3-dimensional cube with D1 =
{north, south, east,west}, Dy = {food,drink, cloth,book}
and D3 = {2000, 2001, 2002, 2003, 2004, 2005}. In Figure 2,
we can see that f(north, food, 2002) = 72, 00.

On the other hand, let S1 = ({D2},{Ds}) and S2 =
({Ds, D2},{D1}). Si is the structure of the sub-cube of C
shown in Figure 2, and S2 is the structure of the sub-cube
of C shown in Figure 3. Note that S1 and Sz are two 2-
dimensional structures. Moreover, we can see that the di-
mension D1 does not belong to Si, meaning that this di-
mension is not placed on a visible axis of the visualization.
Thus, in Figure 2, we can only see the total sales for one
member of this dimension, namely, the north region.

DEFINITION 3. - Visualization. A wisualization is a tu-
ple (C,S) where C € C is a cube and S € S is a structure
of C.

Given a cube and a structure, we define a visualization con-
straint as a function indicating whether the cube can be
visualized using this structure.

DEFINITION 4. - Visualization constraint. A visual-
ization constraint v is a boolean function defined over C x S.
Given a cube C € C and a structure S € S, we say that C
can be visualized with respect to v if v(C, S) = true.

Moreover, a visualization constraint is anti-monotone if
for every pair of cubes (C,C’) € C?, if C C C' and there
exists a structure S' € S such that v(C’,S") = true, then
there exists a structure S € S such that v(C, S) = true.

In the following, V denotes the set of all anti-monotone vi-
sualization constraints.



EXAMPLE 2. Suppose a cube must be displayed as a bi-
dimensional cross-tab, i.e., with 2 axes. Suppose also that
each azis admits a mazimal number G of positions (in Fig-
ures 2 and 3, we have G = 4). We can define a visualization
constraint v for every cube C = (D1, ...,Dn, f) and struc-

ture S = (S1, S2) by v(C,S) = true if:
1. Vk € [1’2]’HDi€Sk |D;| < G.
2. Vi € [1,N], if D; & (S1U S2), then |D;| = 1.
In this example, a cube C' can be visualized w.r.t. v if:

1. for each azxis, the product of the cardinalities of the
dimensions on this axis is less than or equal to G, and

2. there is only one member in every dimension that does
not appear on the visible azes.

Moreover, it is easy to see that v is anti-monotone because
if v(C,S) = true, then for every C' such that C' C C, we
have that v(C', S) = true.

In our approach, we consider that a pre-ordering <p over
C is defined by user preferences. Given two cubes C' and C’,
we say that C' is less interesting than C’ if C<pC’.

The pre-ordering <p induces an equivalence relation over
C, denoted by =, defined as follows: given C' and C’ in C,
C =" if CXpC" and C'<pC hold. Intuitively, two cubes
are equivalent modulo = if they are “equally interesting”.

It is important to note that, in general if C C C’, then
we have C=<p(C’, since C’ contains more information than
C. On the other hand, if C C C’ and C can be visualized
w.r.t. a visualization constraint v € V), this does not nec-
essarily imply that C’ can be visualized w.r.t. v. This is
so because visualization constraints are anti-monotone, but
not monotone.

Based on these definitions, given a cube C, a pre-ordering
over C and a visualisation constraint v € V, the problem
is to find the most interesting sub-cubes of C' that can be
visualized w.r.t. v.

DEFINITION 5. - Problem. Given a cube C, a visual-
ization constraint v in YV and a pre-ordering <p over C,
the problem is to find a visualization (C*,S*) of C such
that C* € maz<,{C’ C C | 38 ,v(C",S") = true} and
v(C*,S") = true.

Note that several visualizations can be solution of the same
problem since =<p is a pre-ordering over C. Moreover, if
<p is a total pre-ordering, then all the sub-cubes C* of the
optimal visualizations (C*, S*) are equivalent modulo =.

2.3 Complexity

In general, the search problem presented in Definition 5
is NP-hard. Indeed, we can show that a subclass of this
general problem is similar to the N P-hard Knapsack Prob-
lem [9].

Assume that a measure of utility u(m) € N is associated
with every member m of all dimensions. We define:

e The function F), for every cube C' € C by: F,(C) =
ZmeM(C) p(m).

e The order <, over C by: C =<, C' iff F,(C) < F,.(C").
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It is easy to see that, for every pair of cubes (C,C’) € C?, if
C C C’, then we have C <, C".

On the other hand, given a structure S = (Si,...,SK)
of a cube C' and an integer GG, we define the visualization
constraint vg for every cube C' € C by: vg(C, S) = true if
(I1pes,, Pl < G), for every k € [1, K].

Given a one-dimensional cube C' = (Dy, f), our problem is
to find a visualization (C*, S*) such that C* € max<,{C" C
C | (35 €8)(va(C',S') =true)} and v(C*, S*) = true. A
sub-cube C* is defined by a subset D7 of D; such that:

1. F,(C*) = ZmeDi‘ p(m) is maximal.

2. There exists a structure S* such that vg(C*,S*) =
true, that is |Di| < G (note that with a 1-dimensional
cube C, we can only consider 1-dimensional structures
S, ie, K =1).

Thus, we are looking for a subset D] of D1 such that its car-
dinality is less than G and the objective function ) D: w(m)
is maximal. This problem corresponds exactly to the Knap-
sack Problem, which shows that a subclass of our general
problem is N P-hard.

3. ALGORITHM

In Section 2.3, we have shown that, in general, the search
problem presented in Definition 5 is N P-hard. In this sec-
tion, we present a particular pre-ordering over C and a par-
ticular set of visualization constraints for which the complex-
ity is polynomial in time. In this setting, we also propose
algorithms that:

e Find the most interesting sub-cubes of a cube that
can be visualized (see function PersoVisu presented
in Figure 4).

o Test if a cube can be visualized w.r.t. a visualization
constraint (see function FindStruct presented in Fig-
ure 5).

3.1 User Profiles

In our framework, a user profile is defined by user prefer-
ences (represented by a total pre-ordering on members) and
a visualization constraint.

Given a fixed set D of dimensions, let <p be a total
pre-ordering on members in D. For every pair of members
(m,m') € D?, we say that m’ is preferred to m if m<pm/.
Let ~p be the equivalence relation defined for every pair of
members (m,m’) € D? by m ~p m' if m<pm’ and m’<pm
hold, meaning that m and m’ are equally preferred.

We now introduce a total pre-ordering over C, based on the
lectic order used in formal concept analysis [8]. Intuitively,
given two cubes Cy and C2, C} is less interesting than Co,
noted C1=<pCq, if for every member m; in C; but not in Cs,
there exists a member mo in C> but not in C; such that ms
is preferred to m,. Formally:

DEFINITION 6. - User Preferences. Let Ci and Cy be
two cubes of C. Given a total pre-ordering <p on members,
Cy s less interesting than Ca, denoted by Ci=<pCa, if for
every mi1 € M(C1) \ M(C2), there exists ma € M(C2) \
M(Ch) such that mi<pma.



Note that if C1 C Cs, then we have M(C1) \ M(C2) = 0,
and thus, C1<pCs. More generally, the following propo-
sition states that two cubes are always comparable w.r.t.
<p, based only on the the preferred members that distin-
guish C; from C2 and C2 from Ci, i.e., the members in
maz<p ((M(C1) \ M(C2)) U (M(C1) \ M(C?))).

PROPOSITION 1. The relation <p defined over C is a total
pre-ordering. Moreover, for all cubes Ci and Ca in C, we
have: C1=pCy if and only if maz<,((M(Cy) \ M(C2)) U
(M(Cy)\ M(C2))) N Ca # 0.

PROOF: See Appendix.

We note that Proposition 1 above implies that two cubes
C1 and C5 are equivalent modulo = (i.e., C1=<pC> and
C2=pCh) if and only if the set of preferred members that
distinguish them contains members of C; and members of
Ch.

EXAMPLE 3. Let C be the cube defined in Example 1. Let
C1 and C5 be the sub-cubes of C defined by:

o C1 = <D117D127D137f1> with D11 = {north}, Do =
{food, drink, cloth, book}, D1z = {2002,2003,2004,
2005} and fi1 = fipy,xDisxDys-

o Cy = (D21, D22, Das, fo) with Da1 = {north, south,
east, west}, Dag = {food, drink}, D23 = {2004, 2005}
and f2 = f‘D21XD22><D23‘

We have M(C1) = {north, food, drink, cloth, book, 2002,
2003, 2004,2005} and M(C2) = {north, south,east, west,
food, drink,2004,2005}. Let <p be the total pre-ordering
defined over D1 U D2 U D3 by: (drink ~p food)>p2005>p
2004 >p (north ~p south ~p east ~p west)>p(2000 ~p
2001 ~p 2002 ~p 2003)>p (cloth ~p book). This total pre-
ordering defines a user’s profile that leads to the visualization
presented in Figure 3. On the other hand, we have:

e M(C1)\ M(Cs2) = {cloth, book, 2002, 2003},
e M(C2)\ M(C1) = {south, east, west}.

Thus, the most interesting members w.r.t. <p that distin-
guish C1 from Ca are south, east and west. Since all these
members belong to Ca but not to Ci, Proposition 1 shows
that 01 jPCQ .

We now define the type of visualization constraints that
we consider. Let T = (T1,...,Tk) be a K-dimensional
structure and G = (G1,...,Gk) be a K-tuple of integers.
For every cube C = (D1,...,Dn, f) and structure S =
(S1,...,SL), we define the visualization constraint vr,c by:
vr,a(C,S) = true if L = K and

e For k € [1, K], we have T}, C Sj,
This constraint means that the user wants to see the
dimensions in T} on axis k.

e For k € [1, K], we have [[, cq, [Di| < Gk
This constraint means that the user can see a maximal
number Gy, of positions on axis k.

e Fori e [1,N}, if D; & (Sl U--- USK), then |Dl‘ =1
This constraint means that every dimension that does
not appear on the visible axes must contain only one
member.
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In the following, we denote by V* the set of all visualization
constraints of the form vr . It is easy to see that every
visualization constraint in V* is anti-monotone as defined in
Definition 4.

3.2 Computing Personalized Visualizations

In this section, we present an algorithm called PersoVisu
that computes a personalized visualization of a cube C w.r.t.
to a visualization constraint v € V* and a total pre-ordering
<p over C defined by user preferences. Given a cube C, this
algorithm, presented in Figure 4, computes one of the most
interesting sub-cube C* of C that can be visualized. Note
that C* is a representative of the equivalence class modulo =
of optimal sub-cubes of C. Moreover, every sub-cube in this
equivalence class can be obtained by substituting members
of C* with equivalent members of C' not in C*.

First (see steps 1 and 2), PersoVisu computes one of
the most interesting members m; € max<, (D;) for every
dimension D; of C, and initializes every set D] to the single-
ton {m;} (¢ =1,...,N). Note that the initial sets D; define
a sub-cube C* = (D7,..., Dy, f|DTX"'XDz*v> of C that con-
tains only one cell. In our algorithm, we assume that a cube
with only one cell can always be visualized, i.e., the maximal
number of positions on every axis is strictly greater than 0.

Then, PersoVisu adds new members m* to the sets D]
so that C* is maximal w.r.t. to <p and the visualization
constraint v can be satisfied. At the beginning of the main
loop (steps 4-12), the set M contains the members of C' not
in vazl D;. Then:

e At step 5, one of the most interesting members of M
is selected.

e At steps 6 and 7, the dimension D; that contains m™
is found and m™ is added to D;.

e At step 9, it is checked whether there exists a struc-
ture S* such that v(C*,S*) = true where C* is the
sub-cube of C characterized by the dimensions D;. If
such a structure does not exist, then m™ is removed
from D;. Moreover, all members of M that belong
to the dimension m™* belongs to are removed from M.
Indeed, if the visualization constraint cannot be sat-
isfied when m* is added to D], the same happens for
every member of the dimension m™ belongs to.

When M is empty, no members can be added to the sets Dy
so that the visualization constraint can be satisfied. Thus,
the main loop is finished. At step 14, the algorithm finally
computes a structure S* of C* such that v(C*, S™) = true.
By construction of the sets D, it is easy to see that such a
structure exists.

Note that, in this algorithm, we do not explicit how it is
checked whether there exists a structure S* of C* such that
v(C*,S™) = true. In Section 3.3, we show how this test can
be performed for visualization constraints in V*. Then, in
Section 3.4, we analyse the complexity of our algorithm.

THEOREM 1. Let C be a cube in C. Given a visualization
constraint in V* and a total pre-ordering <p on members,
the algorithm PersoVisu computes a mazimal interesting
sub-cube of C' that can be visualized.

PROOF: See Appendix.



Function PersoVisu

Input: A cube C = (D1,...,Dn, f)
A visualization constraint v € V*
A total pre-ordering <p on members of all
dimensions
Output: A personalized visualization (C*, S*) of C
1. Fori=1to N
2. Let D; = {m;} where m; € maz<,(D;)
3. Let M =UX,(D:\D;)
4. While (M # () do
5. Let m* € maz<, (M)
6. Let i € {1,..., N} such that m* € D;
7. Let D} = D; U{m™"}
8. Let C* = (Df,..., Dy, [*) where
[r= M|D3 x--xD%
9. If (AS™ € S)(v(C*,S") = true) then
10. Di = D; \{m"} and M =M\ D;
11. Else M = M\ {m"}
12.  end while
13.  Let C* = (D5,..., Dk, ")
14. Let S* € S such that v(C*, S*) = true
15.  Return (C*,S™)

Figure 4: Computation of a personalized visualiza-
tion

EXAMPLE 4. Let C be the cube defined in Example 1 and
=p the pre-ordering on members defined in Example 3. Con-
sider the visualization constraint vr.c € V* defined by T =
(0,0) and G = (4,4). In this case, the user does not precise
on which axes the dimensions of C are to be displayed, and
states that no more than 4 rows and 4 columns can be seen
horizontally and vertically.

PersoVisu computes first the sets Di = {north}, D3 =
{drink} and D3 = {2005}, and then, initializes the set M
to (D1 U Dy U D3) \ {north,drink, 2005}. In its main loop,
PersoVisu successively inserts food to D3, 2004 to D3,
south to D7, east to D} and west to DT. At this stage,
we have:

e Di = {north, south, east, west}, D5 = {drink, food},
D = {2004, 2005}, and

e M = {cloth, book, 2000, 2001, 2002, 2003 }.

Moreover, the visualization constraint vr,c is satisfied if D5
and D3 are nested on the same axis, and D7 is placed alone
on a second azis.

Then, when PersoVisu tries to insert cloth into D3, no
structure S™ satisfying the visualization constraints vr,c can
be found. Therefore, PersoVisu removes cloth and book
from M. At the next iteration, for the same reason, the
years 2000 to 2003 are removed from M. Thus, M is empty
and the main loop is finished. PersoVisu terminates by
computing a structure S* such that vr,g(C*,S™) = true.
For example, S* = ({D3,D3},{Di}), as presented in Fig-
ure 3, can be output.

3.3 Satisfying Visualization Constraints

Given a cube C and a visualization constraint v in V*, we
show in this section how to test if v can be satisfied, i.e.,
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if there exists a structure S such that v(C,S) = true. The
following proposition shows that, in general, this problem is
N P-complete.

PROPOSITION 2. Let C be a cube in C and v be a visual-
ization constraint in V*. The problem to test if there exists a
structure S of C' such that v(C,S) = true is N P-complete.

PROOF: See Appendix.

In what follows, we show that when K = 2, it is possible
to solve this problem with an algorithm in O(N GZ,), where
N is the number of dimensions of C and G, is the maximal
number of positions that can be visualized on the axes.

Let vy, be a visualization constraint in V* with T =
(T, T>) and G = (G1,G2). In Figure 5, given a cube C € C,
we propose an algorithm, based on dynamic programming
and called FindStruct, that tests if there exists a structure
S of C such that vr,¢(C,S) = true. First, this algorithm
computes the set D' = {D;,,..., D;,, } of dimensions that
have to be placed on visible axes. Then, it can be seen that,
at the m-th iteration (1 < m < M) of the main loop (see
steps 6-16), the cell ¢'[k][j] of array ¢’ is different from null
if there exists a partition of E,, = {Di,,...,D;,,} C D’
into two sets S1 and S» such that, for p=1,2, T, C S, and
[, es, 1Pl < Gp. Moreover, if t'[k][j] # null, the function

FindStruct uses t'[k][j] to represent one of the partitions
{51, 52} of E,, that satisfy the constraint, i.e., S1 = t'[k][4]
and Sz = E, \ S1.

EXAMPLE 5. In the context of Example 4, assume that we
have a cube C* = (D7, D3, D3, f*) with D7 = {north, south,
east,west}, D5 = {drink, food}, and D3 = {2004,2005}.
For T = (0,0) and G = (4,4), we show step by step how the
function FindStruct tests if there exists a structure S™ such
that vp,g(C*,S™) = true

We have first K1 =4 and K2 = K3z = 2. Moreover, since
T, =To =0, we have G; = G5 = 1 and t[1][1] = 0, the
other cells of t being initialized to null. Then, D' is set to
(D}, D3, D}

At the first iteration of the main loop, let D; = D7. Since
t{1][1] = 0 and 1 x K1 = 4 < 4, we obtain t'[4][1] = {D}}
and t'[1][4] = 0.

At the second iteration, let D; = D3. Since t[4][1] = {D7}
and 1 x Ko < 4, we obtain t'[4][2] = {D7}. Since t[1][4] =0
and 1 x K> < 4, we obtain t'[2][4] = {D3}.

At the third and last iteration, let D; = D3. Since t[4][2] =
{Di} and 2 x K5 < 4, we obtain t'[4][4] = {Di}. Since
t[2][4] = {D3} and 2x K5 < 4, we obtain t'[4][4] = {D3, D3}.

At the end, assume that t[4][4] = {D53, D3} (this solution
s the last stored). In that case, FindStruct returns the
structure ({D3, D3}, {D7}), meaning that the visualization
constraint vt can be satisfied.

3.4 Complexity

In this section, we analyse the time complexity of func-
tions FindStruct and PersoVisu when 2-dimensional vi-
sualizations are considered. Let N be the total number of
dimensions of the cube C to be visualized and G,, be the
maximal number of cells that can be visualized horizontally
or vertically, i.e., G = mazx<{G1,G2}.

In the worst case, the set D’ initialized at step 5 in func-
tion FindStruct contains N dimensions. Thus, N is the
maximal number of iterations of the main loop (steps 6-16)



Function FindStruct

Input: A cube C =(D1,...,Dn, f)
A visualization constraint vr.¢ € V* with
T = <T17T2> and G = <G1,GQ>

Output: A structure S € S such that v(C,S) =

true or null if no solution exists

1. For i =1 to N Let K1=|DZ|
2. For every j € [1,G1] and k € [1, G5]
Let t[j][k] = null
3. For k=1,2
If T, = 0 then G}, = 1 else G}, = HD{ET;C K;
4. If (G} < Gy) and (Gh < G2) '
then t[G'][G5] = Ty
else Return null
5. Let D ={D;|i€c[l,N],K;>1}\ (T UTs)
6. While (D’ # () do
7. Let D; € D' and D' = D'\ {D;}
8 For every j € [1,G1] and k € [1,G2]
Let t'[j][k] = null
9. For every j € [1,G1] and k € [1,G2] do

10. If (t[j][k] # null) do
£1j + Ki[K] = tj][k] U {Ds}
12. If (kx K; < G2) then
t'[j][k * K] = t[j][k]
13. end if
14. end for
15. Lett =1t
16. end while
17.  For every j € [1,G1] and k € [1,G2] do
18. If (t[j][k] # null) do
19. Let S1 = t[]][k} and So =Th U (D’ \ T1)
20. Return (S1,52)
21. end for
22.  Return null

Figure 5: Computation of a structure satisfying a
visualisation constraint
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of FindStruct. For every iteration of this main loop, we
test if t[j][k] is different than null. In that case, we test
if we can add the dimension D; to one of the two axes of
the structure. Note that these operations are done for every
k € [1,G1] and j € [1,G2]. Thus, the time complexity of
every iteration is O(G1 x G2) = O(GZ,). Hence, since the
array t is scanned once more after the main loop, the time
complexity of FindStruct is O(N +1).G2,) = O(N.GZ,).

We now evaluate how many times the function FindStruct
is called when a personalized visualization is computed using
function PersoVisu. The main loop of PersoVisu termi-
nates when every dimension D; of the cube has been re-
moved from M. Thus, the main loop contains at least IV
iterations. On the other hand, we have to evaluate the max-
imal number of members m™ that can be added to the sets
D} . Tt is easy to see that the number of members m™* consid-
ered is maximal if no dimensions are nested on axes. In that
case, each axis k can contain Gy members (k = 1,2). Thus,
the maximal number of members m* that can be added to
the sets DJ is (G1 + G2). It follows that in the worst case,
the main loop of function PersoVisu contains G1 + G2+ N
iterations. Since FindStruct is called for every iteration and
since this function is called once more to build the structure
S* of the personalized visualization (if any), the time com-
plexity of PersoVisu is O((G1 + G2 + N + 1) N G2,) =
O(N G2, 4+ N? G2)) in the worst case.

Considering this complexity in time, it is important to
note that if the user profiles and the dimensions of the cubes
are stored in main memory, then the computation of a per-
sonalized visualization can be done in main memory, with-
out accessing the fact table (represented in our framework
by a function). Moreover, if the cube C to be visualized is
the result of a query g on a cube Cjy, ie., C = ¢q(Cp), it
is important to note that the sets D] computed by func-
tion PersoVisu can be used to add selection conditions to
the query g. We are currently investigating [3] how these
additional selection conditions can be used to optimize the
computation of ¢ by computing only the most interesting
sub-cube of C' that is visualized. The consequences of per-
sonalization on OLAP query optimization are discussed in
the next section.

4. CONSEQUENCESOF QUERY PERSON-
ALIZATION ON OPTIMIZATION

The main consequence of considering user profiles to per-
sonalize OLAP queries is the addition of new selection and
join conditions in the initial queries (see Figure 2, where a
selection condition region = ”North” has been added). To
optimize OLAP queries, several techniques were proposed,
among which we cite materialized views, indexes, and data
partitioning. Note that most algorithms selecting material-
ized views, indexes, and partitioning schemas consider a set
of workloads consisting of SQL statements on a database.
In this section, we show the impact of our approach on differ-
ent selection algorithms: materialized view selection prob-
lem (V.SP) [10], index selection problem (ISP) [4], and data
partitioning selection problem (PSP) [2].

4.1 Materialized Views Selection Problem

The V.SP consists in choosing a set of materialized views
defined over a database schema [10], such that the cost of
evaluating a set of workload queries is minimized and such



that the selected views fit into a pre-specified storage con-
straint. Several algorithms were proposed considering SQL
queries which include select, project, join, and aggregation
operations. These algorithms consider a global query access
plan, in which the local access plans for individual queries
are merged based on the shared operations (join, union, in-
tersection, etc.) on common data sets (this is called Multiple
View Processing Plan (MV PP)). Each intermediate node
represents a potential view.

In this case, considering user profiles adds new join op-
erations. Thus,the selection of materialized views is more
challenging, because the number of intermediate nodes is
increased, w.r.t. the initial MV PP.

4.2 Index Selection Problem

The task of index selection is, for a given database and a
given workload, to select an appropriate set of indexes re-
specting a storage constraint. A number of indexing strate-
gies have been suggested for data warehouses: bitmap index,
B-tree, join Index, and star join index [15].

Considering user profiles, the presence of new selection
and join conditions change the input of index selection algo-
rithms and increase the number of sets of candidate indexes
for the modified workload. For example, the data warehouse
administrator could select indexes like B-trees or bitmap
on user profile attributes used in selection conditions, and
bitmap join indexes to speed up the new join operations.

4.3 Data Partitioning Selection Problem

The technique of data partitioning consists of decompos-
ing a relational schema of a data warehouse (star schema
or snow flake schema) into several sub-schemas, obtained as
selections on the initial schema. For example, using the at-
tribute year of the dimension table Year, the star schema
of Figure 1 can be partitioned table in four sub-schemas,
where each one represents the sales of the years 2002, 2003,
2004 and 2005, respectively.

Therefore, when considering user profiles, new selection
conditions should be taken into account during the fragmen-
tation process, because the complexity of most data parti-
tioning algorithms is proportional to the number of selection
predicates [16, 2].

Regarding implementation issues of our approach, an ar-
chitectural overview of the optimization process is shown in
Figure 6. The input is a database and a workload consisting
of a set of most frequently SQL queries and their frequen-
cies. When considering user profiles, initial workloads can
be rewritten by adding new join and selection conditions to
the queries in the initial workload. Then, the data ware-
house administrator can use any selection algorithm to pick
a set of materialized views, indexes, and a data partitioning
schema.

5. CONCLUSION

In this paper, we have proposed an approach for personal-
izing answers to OLAP queries over cubes. More precisely,
we have shown how to compute the most interesting sub-
set of facts in the answer to an OLAP query, as well as a
visualization for it. Both the subset of facts and the visu-
alization are computed w.r.t. the user profiles, expressed
as a pre-ordering over members of cubes and as a visual-
ization constraint. We also considered the consequences of
personalization on OLAP query optimization.
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Figure 6: Architecture of the Optimization Process

Based on this work, we are investigating a more general
formulation of the problem considered in this paper, namely:
Given a cube C| a pre-ordering on <p defined by user pref-
erences, a visualisation constraint v, and a query language
Q over cubes, compute the most interesting cubes such that
there exists a structure which allows to visualize them.

In this paper, this problem is restricted to:

e A very simple model of cube, where each dimension
consists of only one attribute.

e The operation of selection for the language Q.
e A total pre-ordering on members for user preferences.
We are currently considering the following extensions:

e Enhancing the cube model, e.g., so as to take hierar-
chically structured dimensions into account.

e Considering a richer language @, allowing for instance
to express grouping and aggregations.

e Defining user preferences based on a pre-ordering over
facts, i.e., over members and measures.

Finally, it would be interesting to consider a more sophis-
ticated structure model for cubes, such as the Cube Presen-
tation Model proposed in [13].
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APPENDIX
A. PROOFSOF PROPOSITIONS

In this appendix, we give proofs of propositions and the-
orem.

A.1 Proof of Proposition 1

It is easy to see that <p is reflexive. Let C1 and C2 be
two cubes in C. If C; C Cj, we have C;=2pC;. If C1 ¢ C>
and Cy ¢ Ch, let m1 € maz<, (M(C1)\ M(C:) and mso €
maz<, (M (C2)\ M(C1)). It is easy to see that if m;<pma,
then C1<XpC5. Therefore, since <p is a total pre-ordering,
two cubes are always comparable.

We now show that <p is transitive. Let Ci, C3 and
C3 be three cubes of C such that Ci<pC> and Co<pCs.
We have to show that C1<pCs, i.e. that for every m; €
M(C1)\ M (C3), there exists mg € M(Cs)\ M (C1) such that
mi1<pmgs. Since <p is a total pre-ordering, it is equivalent
to show that for every mi1 € maz<, (M (C1)\ M(C3)), there
exists ms € maz<, (M(Cs) \ M(C1)) such that m;<pms.
Let m1 € maz<,(M(C1)\ M(Cs)). In the following, we
consider two cases: m1 € M(C1) \ M(C2) or m1 € M(C»).

1. If mi € M(C1) \ M(C?2), since C1<pCq, there exists
mo € maz<, (M(C2)\ M(Cy)) such that mi<pmso.

e If my € M(Cs), then we have mo € M (C3)\M(C1)
which shows that there exists ms € maz<, (M (Cs)
\M (C")) such that mi<pms.

o If my € M(Cs) \ M(C3), since Co<pCj, there
exists ms € mazr<,(M(C3) \ M(C2)) such that
mi<pma<p ms. If mg € M(C3)\M(C1), it shows
that there exists ms € max<,(M(C3) \ M(Ch))
such that m1<pms. Otherwise, if mg € M(C1), we
have ms € M(C1) \ M(C3). Thus, since C1<pCs,
there exists m5 € max<, (M(C2) \ M(C1)) such
that msz<pmb. Therefore, we have ma<pmsz<p
mf which contradicts the fact that mso is maximal
in M(C2) \ M(C4) since mb € M(C2) \ M(Ch).

2. If my; € M(C%), we have mi € M(C2)\ M(Cs). There-

fore, there exists ms € mazr<, (M(C3) \ M(C2)) such
that mi1<pms.
It ms € M(C3)\M(C1), it shows that there exists mg €
maz<,(M(C3) \ M(C1)) such that m;<pms. Other-
wise, if ms € M(C1), we have ms € M(C1) \ M(C-).
Therefore, there exists m5 € maz<, (M(Cz2) \ M(C1))
such that mi<pms<p ms. If my € M(Cs), it shows
that there exists ms € max<, (M (C3) \ M(Cy)) such
that mi1<pms. Otherwise, if my € M(C2) \ M(Cs),
since Co<pCs, there exists ms € maz<, (M(Cs) \
M (C5)) such that m5<pmj. Thus, we have m3<pmj
<pmj which contradicts the fact that ms is maximal
in M(C3)\ M(C5) since ms € M(C3) \ M(C2).

In conclusion, <p is transitive, reflexive, and every pair of
cubes are comparable, which shows that <p is a total pre-
ordering over C.

Let us show that, for all cubes C; and C5 in C, we have:
C1=2pCs if and only if maz<, ((M(C1)\ M(C2))U(M(C1)\
M(C2))) N Ca #£ 0.

Assuming that C1=<pCs2, let us suppose that we have
maz<p, ((M(C1) \ M(C2)) U (M(C1) \ M(C2))) N Cz = 0.
In this case, we have maz<, (M (C1) \ M(C2)) U (M(C1) \
M(C3))) € Cy. Thus, for every m in maz<,((M(C1) \



M (C2))U(M(C1)\ M(C2))), it is not possible to have m’ in
M (C2)\ M(C1) such that m<pm/, which is a contradiction
with the fact that C1<pCs.

Conversely, let us assume that maz <, (M (C1)\M(C2))U
(M(Cy) \ M(C2))) N C2 # B, and let m be in M(C1) \
M(C5). Then, since <p is a complete pre-ordering, we have
m<pm/ for every m’ in maz<, (M (C1)\M(C2))U(M(C1)\
M(C?3))). Since the intersection maz<, ((M(C1)\ M (C2))U
(M(C1)\M(C2))) NC> is assumed to be not empty, it follows
that C1=<pC>. Thus, the proof is complete. o

A.2 Proof of Theorem 1

Given a cube C = (D1,...,Dn, f) and a visualization
constraint v, let (C*,S*) with C* = (D7,...,Dx, f") be
the personalized visualization of C' computed by function
PersoVisu. We have to proove that there do not exist a
sub-cube C’ = (D1, ..., D}y, f') of C and a structure S’ € S
such that C*<pC’ and v(C’, S") = true.

Assume that such a visualization (C’, S") exists. Let m’ €
maz<, (M \M*) where M’ = U, D} and M* = JY_| D}
= {mi,...,m;} with mi>p...>pmyz. Considering the
main loop of function PersoVisu (see steps 4-12), m; is
the i-th member m* € M that has been selected at step 5
and that has not been rejected at step 10.

Let MT = {m; € M* | m'<pm}}. Assume that there
exists m; € M™T such that m; € M’. In that case, we
have M™*\ M’ # . Tt follows that M* \ M’ # @ and that
there exists m* € max<,(M* \ M’). Moreover, we have
m*>pm}>pm/, which contradicts the hypothesis that C* is
strictly less interesting that C’, i.e. C*<pC’. In conclusion,
for every m; € M, we necessarily have m; € M’, ie.
MFTC M.

On the other hand, we know that during the computation
of C* and after all members in M™ have been selected, m’
has not been inserted into a set D;. Assume that m’ belongs
to dimension D;. Two situations have to be distinguished:

e m’ has been selected at step 5, but has been rejected
at step 10.

e Another member m/’ of the same dimension D; as m/’
has been selected before, but has been rejected. In that
case, m’ has been removed from M, since at step 10,
we compute M = M\ D;.
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Denote by mt the last member of D; that has been se-
lected and rejected during the computation of C* (m™ = m/’
or mt =m/"). We now define the sub-cubes C* and C” of
C by:

o Ct = (Df,...,Df, f*) where for j = {1,...,N},
Df = {m € M* | m € D;} if j # i, and D] =
{meMt |meD;}u{m’}.

o C"=(DY,...,Dy, f")wherefor j = {1,...,N}, D} =
D} if j # 4, and Df = (Dj\ {m'}) U {m*}.

By construction, we can see that v(C’,S") = v(C"”,S") =
true. Moreover, CT C C” since MT C M’ and m* €
DY. Tt follows that (ISt € S)(v(CT,St) = true) since
v(C",8") = true, CT C C” and v is anti-monotone. That
contradicts the fact that m™ has been rejected during the
construction of C*, and thus, the initial hypothesis that the
cube C’ exists. In conclusion, it shows that C* is optimal,
which completes the proof. o

A.3 Proof of Proposition 2

In order to proof this proposition, we show that the prob-
lem defined is more difficult than the Subset Product prob-
lem [9].

An instance of the Subset Product problem (SP) is de-
fined by a set £ = {e1,...,en} of integers e; (¢ =1,...,N)
and an integer G. Moreover, the question is: is there a
subset E’ of E such that HeiEE’ ei =G.

On the other hand, an instance of our problem (SVC)
can be defined by a set E = {e1,...,en} of integers e; (the
cardinalities of the dimensions D; such that |D;| > 1), an
integer K (the number of visible axes), K integers Gy and
K subsets Xy, of E (k =1,...,K). Moreover, the question
is: is there a partition {F1, ..., Fx} of E such that for every
k=1,...,K, we have X} C Ej and HeieEk < Gg.

In order to prove that SV C is N P-complete, we reduce
the SP problem to our problem. Given an instance I; of
SP, we create an instance I» of SV C as follows. Given
N:1_[81_6}36,-,vvesethQ7 Gi =G, Gy =Pif P<
N/G < P+1,and X1 = X5 = ). Assume that there exists
a partition {F1,E2} of E solution of Io. Then we have
HeieEl e; < G1 =G and HEiEE2 e; < Gy < N/G. Assume
that HeieEl e; < G. It follows that: N = (HSZEE1 €;) X
(Il.,ep, i) < G+ N/G = N, which is not possible and
contradicts the hypothesis. Therefore, we necessarily have
[l.,cr, ei = G, which shows that Ej is a solution of .
Conversely, if E’ is a solution of I, it is easy to see that
{E',E\ E'} is a solution of I5. Finally, the reduction that
we propose to transform an instance of SP into an instance
of SVC can be done in polynomial time, which completes
the proof. o



