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ABSTRACT

Hierarchies are extensively used in data warehouses, OLAP
systems and more recently in data stream summarization
systems.They indeed allow decision makers to consider in-
formation at multiple granularity levels and they enable ef-
ficient compression mechanisms. However, even if numerous
models of hierarchies have been proposed, some hierarchies
arising in real-world situations are still not manageable by
the current systems. For instance, in medical applications,
determining the normality of an arterial pressure measure
is infeasible without considering the patient’s characteris-
tics (e.g. age). In this paper, we thus propose to model
such context-dependent hierarchies by introducing Person-
alized Hierarchies. Firstly, we motivate this new category
by presenting the lacks of existing approaches and we pro-
pose a conceptual model for modeling personalized hierar-
chies. Finally, a first logical model for handling such context-
dependent hierarchies is proposed.

Keywords
Data Warehouses, OLAP, Hierarchies

1. INTRODUCTION

Nowadays decision makers extensively use data analysis in
order to be more and more competitive. Data warehouses
are particularly well adapted for this purpose. Defined as “a
collection of subject-oriented, integrated, mon-volatile, and
time-variant data to support management’s decisions” [2],
data warehouses offer a multidimensional view of data. Their
structure is usually modeled using a star or a snowflake
schema. Attributes representing the elements of analysis
are called measures. These measures can be explored and
analyzed from different perspectives thanks to the dimen-
sions. A dimension can either be descriptive (e.g., smoker
or not) or can form a hierarchy. The main advantage of the
hierarchies is that data can be observed at different levels of
granularity. Thus, users can navigate from a general view
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of data to a more detailed view thanks to the drill-down
operator. Inversely, the roll-up operator allows to observe
detailed measure at a higher level of granularity.

Recently, the concept of hierarchy has been employed for
multidimensional data stream summarization. Indeed, more
and more multidimensional data are daily generated (web
logs, sensor networks, ...) and it is impossible to store the
whole history of such streams. Methods are thus proposed
in order to provide decision makers with a bounded and
representative summary of the stream. Among the differ-
ent techniques employed, two approaches [1, 5] exploit the
dimension hierarchies according the following principle: the
older the data, the coarser their storage level.

Although hierarchies are very powerful and useful, their
categorization is still an open-problem. Moreover, current
OLAP or data stream summarization tools manage a re-
strictive subset of existing types of hierarchies in compari-
son with real-world situations. Moreover, traditional data
cube definitions do not always easily handle hierarchies on
measures. This leads to a lack of expressivity. To illustrate
these arguments, we rely on the three following scenarios.

SCENARIO 1 (THE PURCHASE ANALYSIS). Let us consi-
der the classical situation of the customer market basket
analysis. A typical query could be “Who bought a lot of surf-
boards during the last week?” Here, the difficulty is to exactly
define what ‘a lot of’ means. In fact, this concept clearly de-
pends on several parameters such as the temporal period, the
considered product, the store’s location... It should be noted
that current systems do not enable to manually define such
informations.

SCENARIO 2 (SENSOR NETWORK). Nowadays, sensor
networks are very common. Most of sensors send physical
measures to a centralized site which summarizes the incom-
ing data. Let us suppose that sensors send intern temper-
ature data of hydraulic pumps. A supervisor system would
like to classify these incoming values according a normality
degree. The matter is that this classification is not static
since these measures depend on some exterior parameters
such as the external temperature, the altitude, ... As a con-
sequence, considering a unique scale of normality can lead
to critical mistakes in monitoring, alarm detection or stream
summarization systems.



SCENARIO 3  (MEDICAL EQUIPMENT). Nowadays, more
and more hospitals use medical information systems. Some
of them summarize patient vital parameter streams in or-
der to perform medical alert detection. However, some vital
parameters (arterial pressure, heart rate, ...) are highly cor-
related with some physiologic human characteristics. For in-
stance, the average heart rate depends on the patient’s age.
Table 3 presents the children heart rate average depending
to the age of the children [6]. Another characteristic which
impacts a lot the heart rate is the global physic condition.
Indeed, the average heart rate for athletic men is about 60
bpm at rest. A tachycardia crisis detection system must be
aware of such knowledge in order to be efficient.

Age Group | Heart Rate
New born 140
6 months 130
1 year 115
2 years 110
6 years 103
8 years 100
10 years 95

Table 1: Children’s heart rate

The arterial pressure also depends on some human charac-
teristics. For instance, smoker’s arterial pressure dramat-
ically increases just after they have smoked a cigaret. The
age of the patient is also a parameter which impacts a lot the
arterial pressure (globally the arterial pressure of an X-year-
old person is 100+ X. Table 3 presents the arterial pressure
of some patients presenting different characteristics. Gen-
erally, a normal arterial pressure is considered between 13
and 15. With such a general knowledge, none of the patient
has a normal arterial pressure (i.e., the patients 1 and 2
would be considered as suffering from hypotension and the
patients 3 and 4 would be consider as suffering from hyper-
tension). Nevertheless, according to the above-mentionned
specific knowledge, we conclude that the patients 1 and 4
have a normal arterial pressure regarding theirs character-
istics.

| IdPatient | Age | Smoker | Arterial pressure |

1 5 No 10
2 25 Yes 10
3 40 Yes 17
4 70 No 17

Table 2: Arterial pressure of different patients

As presented in these scenarios, many hierarchies defined
on measures are context-dependent in real-world situations.
Thus the roll-up and the drill-down operators must take ex-
ternal characteristics into account. Even if these scenarios
are realistic and often occur, the literature does not provide
any formal model for this kind of hierarchy.

In this paper, we thus tackle this lack by introducing a
new category of hierarchy: personalized hierarchies. In this
study, we take Scenario 3 as a typical scenario in order to
illustrate the proposed model.

The rest of this paper is organized as follows. Section 2
presents the main existing categories of hierarchies. In Sec-
tion 3, the personalized hierarchies are defined. In Section
4, we propose a first logical model for handling such person-
alized hierarchies. Finally, we conclude and draw up some
perspectives in Section 5.

2. A BRIEF OVERVIEW OF THE EXIST-
ING CATEGORIES OF HIERARCHIES

‘We recall here that we consider the multidimensional frame-
work. In this respect, dimensions are defined, some of them
being of particular interest: the measures. For instance, the
measure number of sales is considered and analyzed with
respect to dimensions such as city, product, month.

DEFINITION 1 (DIMENSION). A dimension D is defined
as a pair (n,dom) where n is its name, and dom is its do-
main, i.e. the list of possible values (also called members).

Some dimensions can come with hierarchies. For instance,
months can be merged into quarters, and semesters, years...
For this purpose, the domain of a dimension can be divided
into the so called levels (of granularity), each level containing
a subset of the domain values.

DEFINITION 2 (LEVEL). Let D = (n,dom) be a dimen-
sion. L is said to be a level of D if L C dom.

Levels are usually disjoint : for any level L defined on D,
AL’ such that LN L' # 0.

In this section, we present an overview of the standard mod-
els of hierarchies described in the litterature. We extensively
refer to [4] and [3] for the notations and the terminology.

DEFINITION 3 (HIERARCHY). Let D be a dimension and
L be the set of levels defined on D. A hierarchy H is defined
as a set of binary relations between these levels. The se-
quence of the levels is called a (hierarchical) path and is
noted H®, ..., H®. Its size, k + 1, is called the length of the
path. The most specific level in a path, H°, is called the
leaf and the coarsest, H*, is called the root. We denote by
x € dom(H?) if x is a member of H? (i.e., if x is an instance
of the level HY).

‘We define operators in order to retrieve members at different
levels of granularity.

DEFINITION 4. The operator up(x) returns the set of the
direct generalizations of x: up(x) = X where € dom(H?)
(0 <j<k-1)and X € dom(H’*). Conversely, the
operator down(x) returns the set of the direct specializations
of : down(z) = X where x € dom(H?) (0 < j < k) and
X € dom(H?™Y).

EXAMPLE 1. For instance, if we consider the hierarchy
shown in the Figure 1, we have up(Lyon) = {France} and
down(USA) = {LA,NY}.



Several kinds of hierarchies have been studied, as described
below.

2.1 Simple hierarchies

Simple hierarchies are hierarchies where the hierarchy can
be seen as a list of levels and members can be organized as
a tree. Such hierarchies can be either categorized into sym-
metric or asymmetric hierarchies.

Figure 1 exhibits an example of a symmetric simple hier-
archy. At the instance level, the members form a balanced
tree (branches have the same length).

HIERARCHY VARIABLE INSTANCES

ALL ALL

Continent Europe America

Country [France] [spain | [[usa ] [ Brazi |
City [paris | [ yon | [Madrid ] [valencia| [ ta | [ nY ] [sao Pauld] [Brasilia]

Figure 1: An example of a symmetric simple hier-
archy (instance level)

Asymmetric hierarchies are hierarchies where the members
from the instance level form a non-balanced tree. Figure 2
(extracted from [4]) shows an example of such an asymmetric
hierarchy. We can observe that there exist agencies with no
ATM (Automatic Teller Machine).

| bankX |
[ |
| branch 1 | [ branch 2 | [ branch3 |
[ agency 12 | ['agency 31 | ['agency 32 |
[ ATM 111 | ATM 112

Figure 2: An example of an asymmetric simple hi-
erarchy (instance level)

2.2 Multiple hierarchies

Multiple hierarchies represent the situation where the schema
level in not composed by only one path but forms a directed
graph. A typical example of multiple hierarchy is the tem-
poral dimension’s hierarchy. Figure 3 shows an example of
multiple hierarchy. Indeed, the temporal dimension can be
considered either along the path day — week — ALL or
along the path day — month — year — ALL.

2.3 Parallel hierarchies

A dimension can contain different analysis criteria. If these
criteria have associated hierarchies, the hierarchy of this di-
mension is said to be parallel, which can be seen as a special
case of multiple hierarchies. A parallel hierarchy can be com-
posed of the different above-described hierarchies. There ex-
ist two subcategories of parallel hierarchies: dependent and
independent. In a parallel independent hierarchy, the dif-
ferent hierarchies do not share any level. On the contrary,

ALL

Figure 3: A temporal dimension’s schema level

parallel dependent hierarchies have some hierarchies shar-
ing some levels. Figure 4 shows an example of a parallel
independent hierarchy.

2.4 Non-strict hierarchies

For the above-mentionned simple hierarchies, we assumed
that a child member ¢ is related to at most one parent
(Jup(c)] € 1) and a parent member p can be related to sev-
eral children (|down(c)| > 0). This situation is restrictive
and there exist many real-world situations where |up(c)| > 1.
For instance, a product can belong to several categories. A
hierarchy is called non-strict if there exists at the instance
level at least one member where |up(c)| > 1. On the con-
trary, a hierarchy is called strict if |up(c)| < 1 for all the

[

employee X

members.
I
division B

i

Figure 5: default

2.5 Fuzzy hierarchies

Fuzzy hierarchies are a special case of non strict hierarchies.
They allow for the definition of granularity levels where el-
ements can gradually belong to upper level elements. For
instance, a city can be considered as belonging to some ex-
tent to the eastern part of a country and to another extent
to the western part of the same country. Two main formal
frameworks can be used for defining such fuzzy hierarchies:
fuzzy graphs and fuzzy partitions, as described in [3].

3. A CONCEPTUAL MODEL FOR PERSON-
ALIZED HIERARCHIES

In the previous section, we presented the principal hierarchy
categories and saw that a lot of real-world applications can
be handled with such categories. Nevertheless, none of the
above-mentioned scenarios can be successfully modeled with
these categories because none of them models the context-
dependency. One may think that non-strict and fuzzy hier-
archies handle such a dependency. However, let us consider
the scenario 3 to convince ourself that it is not true. Mod-
eling the heart beat with a fuzzy hierarchy (and any kind
of the above-mentioned hierarchies) would indeed lead to
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Figure 6: An illustration of a fuzzy hierarchy

consider the same membership function for all the patients.
This lack of model can lead to dramatic mistakes. So, this
challenge has to be met. In this section, we thus propose
a new category of hierarchy which takes into account the
context-dependency: personalized hierarchies.

Traditionally, a data cube is defined as a mapping between
N dimensions of analysis D = (Di, ..., Dn) and a set of mea-
sures M = (Mji,..., Mk). Thanks to hierarchies, the di-
mensions of analysis can usually be considered at multiple
levels of granularity. On the contrary, measures are often
numerical values and it is not possible to observe these val-
ues at coarser levels of granularity. As a consequence, in
such traditional approaches, it is not possible to answer the
query “Who got a very low arterial pressure one hour ago?”
or the answer would be wrong as the current systems would
consider only one way to define low although it depends on
many parameters (e.g. age).

As previously discussed, some dimension values can impact
the measure’s hierarchies (e.g. age on the normal arterial
pressure). Those dimensions are referred to as the conteztual
dimensions. We denote by AC = AC, ..., ACy, the set of all
the contextual values.

DEFINITION 5  (CONTEXTUAL DIMENSION). A dimension
D is said to be contextual if D possesses at least one con-
textual value. We denote by D¢ the set of all the contextual
dimensions.

It should be noted that if a hierarchy Hac, is defined on
a contextual value AC;, it is not obvious that all the most
precise values have a significant impact on the measure’s
hierarchy. For instance, the precise age may not useful for
describing a normal arterial pressure. Thus, we can consider
a higher level of granularity such as “baby, young, adult, old”.
We denote this significant level of granularity by H3jc, -

DEFINITION 6  (CONTEXT). Let ¢ be a context defined
on dimensions D1,...,Dy. c is defined as ¢ € dom(D1) X
.. X dom(Dy). We call ¢ a context and we denote the set of
all the possible contexts by C.

It should be noted that all the dimensions are not always

present in a context definition. Moreover, the values taken
from the domains dom(D;) usually belong to the same level
of granularity. We thus have ¢ defined as a combination of
values from Hjq, (i=1,...,k).

EXAMPLE 2. Referring back to scenario 3, dimensions Age
and Smoker are contextual and a possible context c is ¢ =
(Adult, yes).

With such new concepts, the up and down functions have
to be redefined. Indeed, the traditional up function takes
an element x and returns its father. As now the father of
r depends on a context ¢, we consider context-aware oper-
ators up and down and we have: upp(z,c) returns the set
of the direct generalizations of = according to the context
c. Conversely, the operator downp () returns the set of the
direct specializations of x with the associated context.

Now that we have made clear what we call a context, we
define the concept of personalized hierarchy.

DEFINITION 7 (PERSONALIZED HIERARCHY). Let H; be
the hierarchy associated to the dimension D. The hierar-
chy Hi is said to be personalized if there exist at least two
contexts ¢1 and ¢z and x € dom(D such that up(x,c1) #
up(z, c2).

—— Young - Smoker=no
—— Adult - Smoker=yes
—— Adult - Smoker=no ALL
| Low | |Norma|| | High |
Liow | Luow] Pomal D] | sigh
|6 | 8 10]12]14]16]18]20]22]|

Figure 7: An exemple of a Personalized Hierarchy

DEFINITION 8 (PERSONALIZED MEASURE). A measure
M, is said to be personalized if its associated hierarchy H; is
personalized. The set of the personalized measures is denoted

by Mp.

ExampPLE 3. Considering the scenario 3, dimensions Heart
rate and Arterial pressure are both personalized dimensions.

DEFINITION 9  (NEUTRAL DIMENSION AND MEASURE).
A dimension D; is said to be neutral if it is not contextual.
The set of neutral dimensions is denoted by Dn. In the same
way, a measure is said to be neutral if it is not personalized.
The set of neutral measures is denoted by My .



Thus, according to the proposed model, an analysis dimen-
sion is either neutral or contextual and a measure is either
neutral or personalized. With these concepts, we can define
a personalized cube.

DEFINITION 10
alized Data Cube is defined as a mapping such as:

dom(D¢) x dom(Dn) — dom(Mp) x dom(Mn)

We now study how to manage such personalized hierarchies,
measures and cubes.

4. HANDLING PERSONALIZED HIERAR-
CHIES

In the previous section, we propose a conceptual model for
context-dependent hierarchies: the personalized hierarchies.
Here, we focus on how to manage these hierarchies. Thus,
we firstly describe the storage cost if we materialize all the
hierarchies. Then, we propose a first approach for storing
them efficiently.

4.1 Exploiting redundancy

Personalized hierarchies are powerful and model many real-
world situations. Here, we consider the storage cost if all
the personalized hierarchies are materialized (i.e, physically
stored). Let M be a personalized hierarchy and AC =
ACh, ..., ACk be the set of all the contextual attributes. The

number of personalized hierarchies to store is |C] = |dom(AC3)| X

.. X |dom(ACY)|. Unfortunately, this number can be huge.
For instance, parameters impacting the arterial pressure are
numerous. Considering the scenario 3, Figure 8 presents the
relational table used if we made the choice of the full mate-
rialization. Some mechanisms have to be proposed in order
to be space-saving.

ARTERIAL
PRESSURE
HIERARCHY

Measure (PK)

Age Category (PK)
Smoker (PK)
AP_Category
Other attributes

Figure 8: The logical representation of the upp func-
tion

Generally, only the generalizations between the leaves of the
hierarchy and their father are variable. Indeed, the difficulty
of personalized hierarchy is to give the appropriate seman-
tic of numerical values. As a consequence, excluding the
first generalization, the rest of the personalized hierarchies
is static. As a consequence, it is useless to materialize it
|C| times. Thus, a naive solution would be to duplicate the
leaves such as shown in Figure 9. This solution is not op-
timal since there exist some situations where a single item
has the same generalization with two contexts c¢; and ca
(i.e., upp(x,c1) = upp(x,c2)). This is particularly the case

(PERSONALIZED DATA CUBE). A Person-

with the terminal values. For instance, an arterial pressure
equal to 6 is very low for any context. Figure 10 displays
a graphical representation of common generalizations. We
can observe that there exist numerous intersections. We
thus take advantage of these intersections in order to reduce
the storage cost.

‘We describe here the proposed methodology for handling the
redundancy and minimize the storage cost.

1. Create the table Hierarchy(IdContextGroup (PK), gen-
eralization).

2. Make the intersection of the different personalized hi-
erarchies (Figure 10).

3. Give an Id to every pair < z,Cy > (where x is a leaf
and C, is a set of contexts so that Vei,ca € Cyp we
have upp(x,c1) = upp(x,c2)). Figure 11 illustrates
this step.

4. Insert the tuple (id, upp(z,c1)) in the Hierarchy table.

5. Add to the fact table an attribute IdContertGroup
(FK). At each insertion in the fact table, this attribute
can be easily computed thanks to the foreign keys com-
posing the fact table.

With such a protocol, we both reduce the storage cost and
allow an effective generalization.

5. CONCLUSION

In this paper, we address the problem of defining personal-
ized hierarchies in multidimensional databases. In current
systems, hierarchies are thus defined on dimensions and do
not depend on the part of the data being considered. How-
ever, it is often necessary, in real-world applications, to con-
sider hierarchies which depend on the values on other dimen-
sions. For instance, the normal arterial pressure depends on
the age of a patient. In this paper, we focus on the concep-
tual definitions Further work include the detailed study of
the implementation and indexing of such personalized hier-
archies.
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Figure 9: A naive solution for handling personalized hierarchies
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Figure 10: Graphical representation of the personal hierarchy intersection
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Figure 11: Proposed Methodology




