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Abstract. Everyday methods providing managers with elaborated in-
formation making more comprehensible the results obtained of queries
over OLAP systems are required. This problem is relatively recent due
to the huge amount of information they store, but so far there are few
proposals facing this issue, and they are mainly focused on presenting
the information to the user in a comprehensible language (natural lan-
guage). Here we go further and introduce a new mathematical formalism,
the Semantic Interpretations, to supply the user not only understandable
responses, but also semantically meaningful results.

Keywords: Queries interpretation, OLAP, Fuzzy Logic, Semantic
Interpretation.

1 Introduction

Nowadays more enterprises and big organizations require advanced methods pro-
viding managers with elaborated and comprehensible information. It is especially
relevant in the cases of organizations working over OLAP systems due to the
immense amount of information that is stored using datacubes.

This problem is relatively recent so there are not a lot of proposals that
face this problem. Most of the existing techniques are focused on presenting the
information to the user in a comprehensible language for him/her; i.e. in natural
language. This is the case of the linguistic summary methods, that analyze great
amount of data to provide the user with results of the “Q of the X verify the
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property Y” structure, where Q is a quantifier. However this is not enough when
the user needs the result of the query to be semantically meaningful.

An example of this situation takes place when a manager of a group of health
centers has to evaluate the performance of the medical doctors. This manager
may query about the number of patients that are attended by a given doctor,
obtaining, as a result the number of 15 patients per day. This value does not
show whether this doctor works a lot or, otherwise, attends to very few patients.
Therefore, it would be necessary to perform the query comparing the results with
the attendance values of the other medical doctors working at the same center.
With it the manager may get the conclusion that all the staff at the same center
have a similar productivity; however, he/she still does not know if it is a good
productivity or not: the value obtained does not have the same meaning if the
health center attends to a small population than if it is at a big crowded city.
Hence, to know if this number is appropriated, it would be necessary to perform
a query comparing this value with the ones of the medical doctors working at
other health centers with similar characteristics. In other words: 15 patients/day
may be a good rate in a small center (where the productivity uses to be medium)
but a bad rate in a big hospital (where the average productivity uses to be high
or very high).

In this example the same user has performed three different queries over the
same data but with distinct purposes, each requiring a different interpretation
according to the granularity of the information with which this data is compared.

The research field closer to the problem of the meaning of the queries is, as
mentioned above, the linguistic summary field. According to Bouchon-Meunier,
B. & Moyse [2], proposals in this scope can be categorized in two groups.
On the one hand can be found the proposals using fuzzy logic quantifiers
[14,17,15,7,9,1,12,11]. On the other hand, proposals base on nature languages
generation (NLG) [16,13,6,8,4,5].

Nevertheless, all of these techniques doesn’t take into account the granularity
of the information and just tell the user “how many of the X verify Y”, when what
the user really wants is to analyze the same data item from different points of
view (alone, compared with a small set or with a bigger set) each with a different
meaning.

This is why in this paper we introduce the concept of Semantic Interpretation
of the results of queries on a datacube. To this purpose in section 2 we present
the multidimensional model used as reference, whereas in section 3 we describe
then notion of semantic interpretations. Next section presetns the adapted mul-
tidimensional model including the Semantic Interpretations. In Section 5 an
ilustrative example is shown. The last section presents the main conclusions.

2 Multidimensional Model

The base for the semantic interpretation is a multidimensional model to store
the data and query it. In this section we briefly present the model. A detail
definition can be found in [10].
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2.1 Multidimensional Structure

In this section we present the structure of the fuzzy multidimensional model.

Definition 1. A dimension is a tuple d = (l,≤d, l⊥, l�) where l = li, i = 1, ..., n
so that each li is a set of values li = {ci1, ..., cin} and li∩lj = ∅ if i �=j, and ≤d is
a partial order relation between the elements of l so that li ≤d lk if ∀cij ∈ li ⇒
∃ckp ∈ lk/cij ⊆ ckp. l⊥ and l� are two elements of l so that ∀li ∈ l l⊥ ≤d li ≤d l�.

We denote level to each element li. To identify the level l of the dimension
d we will use d.l. The two special levels l⊥ and l� will be called base level and
top level respectively. The partial order relation in a dimension is what gives the
hierarchical relation between levels.

Definition 2. For each pair of levels li and lj such that lj ∈ Hi, we have the
relation μij : li × lj → [0, 1] and we call this the kinship relation.

If we use only the values 0 and 1 and we only allow an element to be included
with degree 1 by an unique element of its parent levels, this relation represents
a crisp hierarchy. If we relax these conditions and we allow to use values in the
interval [0,1] without any other limitation, we have a fuzzy hierarchical relation.

Definition 3. We say that any pair (h, α) is a fact when h is an m-tuple on
the attributes domain we want to analyze, and α ∈ [0, 1].

The value α controls the influence of the fact in the analysis. The imprecision
of the data is managed by assigning an α value representing this imprecision.
Now we can define the structure of a fuzzy DataCube.

Definition 4. A DataCube is a tuple C = (D, lb, F, A,H) such that D =
(d1, ..., dn) is a set of dimensions, lb = (l1b, ..., lnb) is a set of levels such that lib
belongs to di, F = R∪ ∅ where R is the set of facts and ∅ is a special symbol, H
is an object of type history, A is an application def ined as A : l1b× ...× lnb → F ,
giving the relation between the dimensions and the facts defined.

For a more detailed explication of the structure and the operations over then,
see [10].

2.2 Operations

Once we have the structure of the multidimensional model, we need the opera-
tions to analyse the data in the datacube. In this section we present the elements
needed to apply the normal operations (roll-up, drill-down, pivto and slice).

Definition 5. An aggregation operator G is a function G(B) where B =
(h, α)/(h, α) ∈ F and the result is a tuple (h′, α′).

The parameter that operator needs can be seen as a fuzzy bag ([3]). In this
structure there is a group of elements that can be duplicated, and each one has
a degree of membership.
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Definition 6. For each value a belonging to di we have the set

Fa =

{ ⋃
li∈Hli

Fb/b ∈ lj ∧ μij(a, b) > 0 if li �= lb

{h/h ∈ H ∧ ∃a1, ..., anA(a1, ..., an) = h} if li = lb
(1)

The set Fa represents all the facts that are related to the value a.

With this structure, the basic operations over datacubes are defined: roll-up,
drill-down, dice, slice and pivot (see [10] for definition and properties).

3 Semantic Interpretation

In this section we present the inclusion of semantic interpretations in the fuzzy
multidimensional model and the query process using those. Next section presents
the structure of the semantic interpretations. Section 3.2 studies the aggregations
functions related to the semantic of the results. The last section presents the
process of the query.

3.1 Structure

A Semantic Interpretation (SI ) is a structure associated to each fact. Elements:

– L = L1, ..., Lm: a set of linguistic labels over the basic domain. The set has
not to be a partition but this characteristic is desirable.

– fa(L, c): a function to adapt the labels in L to a cardinality c. As c can be
a fuzzy set the function has to be able to work with this kind of data. The
function fa has to be continue and monotone.

– G = G1, ..., Gn: a set indicating the aggregation functions that keep unal-
tered the meaning.

Multiple SI can be associated to each measure. On each fact we have to
store as a metadata the cardinality associated to the value. This value means
the number of values that were aggregated to obtain this value but depends on
the aggregation function used. Next section present the study about this value
according the the type of aggregations applied.

When a value is going to be shown, the system applies the semantic interpre-
tation to translate the value into a label. In this process we can differentiate two
different approaches:

– Independence interpretation. In this situation each value is studied without
considering the context (the rest of the values) so we obtained an indepen-
dence interpretation of the value. In this case, the cardinality to adapt the
labels is the one store in the value.

– Relative interpretation. In this case, the values are compared with the other
facts in the query so the interpretation is relative to the complete query so
the cardinality to adapt the labels depends on the complete set of values. In
this case, the system calculates the average cardinality of all the values and
uses this value to adapt the labels.
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3.2 Aggregation Functions

Aggregation functions have an important role in the query process and in the
semantic of the results. In this section we will study the different aggregation
function type we can find according to the cardinality of the results and if a
change of semantic occurs.

Let be a set of value V = v1, ..., vm, which set of cardinality is C = n1, ..., nm,
considering these two factors, we can classify the functions in three categories:

– Aggregators. These functions aggregate the values and the cardinality is the
sum of the cardinalities of each value

c =

m∑
i

ni (2)

The only aggregation function that satisfies this behaviour is the sum.
– Summaries. In that case, the functions take a set of values and obtain a value

that summaries the complete set. Then the cardinality has to represent the
average cardinality of the values.

c =

∑m
i ni

m
(3)

Most of the statistic indicators are in this category (maximum, minimum,
average, median, percentiles, etc.).

– Others. These functions represent a complete change of the semantic of the
values so the result has to be considered in a new domain. In that case, the
cardinality should be established to 1.

c = 1 (4)

In this category we found functions like the variance or the count.

Once we have studied the aggregation functions we have all the elements to
show the query process with the SIs in datacubes

4 Semantic Interpretations for DataCubes

One we have define the formalism for SI, we introduce this concept in the mul-
tidimensional model previously define. To be able to use the SI we need to add
information to each fact that represent the cardinality for the concrete value.
So, we have to redefine the fact (definition 3) including the metadata.

Definition 7. We say that any tuple (h, α,m) is a fact when h is an m-tuple
on the attributes domain we want to analyze, α ∈ [0, 1] and m the metatada for
these values.

In the m element of the structure we introduce the cardinality c needed for the
SI. This value is updated each time we query the datacube so, the aggregators
have to work with this metadata.

Definition 8. An aggregation operator G is a function G(B) where B =
(h, α,m)/(h, α,m) ∈ F and the result is a tuple (h′, α′,m′).
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4.1 Query Process

In this section we present the query process considering the use of the SI. We
can differentiate two phases on the query process: the OLAP query over the
DataCube and the report with the results. In both phases the SI are involved
in a different way. Let show the process on each one:

– Query over the DataCube. In this phase is where the values are calculated.
Inside this process we have to calculate the metatada of each one so, in the
next phase, the values can be shown using the SI. The cardinality is cal-
culated over each value considering the aggregation function used as shown
in section 3.2. In this process the system has to control if the semantic has
changed. On each value the system check if the aggregation function used is
in the set G of each SI. If the function is not included, then this SI is deleted.
In next phase (the report) the user can used only the SI s that satisfies this
restriction.

– Report. Once the query has finished the result is shown to the user in a
report. In this process the user has to choose the way to represent the values
(the SI to use) and the interpretation (independence or relative as shown
in section 3.1). After these steps, the system adapts the labels of each value
using the fa functions and the right cardinality (the absolute or the average).

4.2 Learning the fa Functions

In previous section we have presented the query process using SI. One of the
phase adapts the labels in L so the labels are fitted to the new cardinality. This
process is carried out using the fa function. The quality of the result will depend
on this function, so an important point is the process to define it. Asking the
user for that function is not always possible because most of the times the user is
not able to use a mathematic expression to define his/her interpretations. So, we
propose to learn the functions. The learn process will have the followings steps:

1. First we ask the user for an interpretation over the basic domain so we can
define the set L of labels over it.

2. To learn the function now the system runs some queries over the DataCube
showing the results.

3. For each query the system ask the user to associate a label of L to the value.
The system stores the associations and the cardinalities of each value.

4. With these associations the system tries to fit a function that satisfies the
interpretation with the corresponding cardinality. In this process, the system
will try continue and monotone functions to adapt the labels. If the fitted
function has good quality (the adapted labels correspond to the labels asso-
ciated by the user) the process end. In other case, the process go but to point
2 to show more queries so the system have more data to fit the function.
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5 Example

In this section we will present a small example to show in details the propose
method. Let suppose we have a simple datacube only with two dimensions (time
and centre) and only one measure (number of patients). The hierarchies for both
dimensions are shown in Figure 1.

Fig. 1. Example datacube

For the measure we define a SI indicating if the number of patient attended
by a doctor is Low, Normal or High. At base level (doctor and day) the fuzzy
partition is shown in Figure 2.

Fig. 2. Fuzzy partition over the measure Number of Patients

The SI is valid for aggregations like sum and average. The last aspect to define
is the fa function. In this example we suppose is lineal and just we multiply the
points of the fuzzy label by the new cardinality (e.g. if Low is define as (0, 0, 5, 10)
for one doctor in a day, for two doctors the label will be (2 · 0, 2 · 0, 2 · 5, 2 · 10) =
(0, 0, 10, 20)). Let suppose that we have two centres with different size. One (C1)
is placed in a city and there are 500 medical doctors in the staff. The second one
(C2) is placed in a small village and only 10 doctors are working in that centre.
If a manager asks the system to calculate the number of patients attended by
both centres each month we can get the Table 1.

The result shows very different results for each centre and it is not easy in-
terpretable due to differences in the size of each one. Let apply our proposal
and obtain the label that best represent each value. For centre C1 we have to
calculate the cardinality of the result so we can adjust the labels. We have the
datacube defined in the granularity doctor by day, so, for each month we have
aggregate the values for 500 medical doctors a 20 working days for month, so
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Table 1. Query results

Centre Month Patients

C1 January 125,000

C1 February 130,000

... ... ...

C2 January 4,200

C2 February 5,000

... ... ...

the cardinality is 500 · 20 = 10.000. We adjust the fuzzy partition for this new
cardinality as shown in Figure 3. In the case of centre C2 then the cardinality is
10 · 20 = 200 (Figure 4).

Fig. 3. Labels adaptation for query for centre C1

Fig. 4. Labels adaptation for query for centre C2

Table 2. Query results using Semantic Interpretation

Centre Month Patients Label

C1 January 125,000 Normal

C1 February 130,000 Normal

... ... ... ...

C2 January 4,200 High

C2 February 5,000 High

... ... ... ...
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In the figures we have indicated the values for the Table 1, so we have the
labels associated to each result. In Table 2 we have added the label associated
to each value.

If we use the SI in the example we see how the values are adapted so the user
has the interpretation of the values directly.

6 Conclusions

In this paper we have introduced the new concept of Semantic Interpretation,
that provides the OLAP systems with the new capability of querying about the
same given item with different purposes obtaining in each case a result with a
different meaning. With our proposal, the semantic of the results of the query
can be distinct and adapted to the needs of the user, by taking into account the
granularity of the information considered.
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