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Abstract—The vagueness in decision-making may be due
to ambiguity in the decisional requirements expression.
Therefore, in the literature dealing with vagueness in
decision systems, studies were concentrated on data
vagueness and not on decision requirements. In order to
evaluate the expression in decision-making requirements
and in order to improve the data warehouses design
quality, this paper presents a rigorous fuzzy ontology-
based solution.

Based on the latest Zadeh theory “Ref. [1]”, Authors in
“Ref. [2.3]”, propose a solution consisting in using
ontologies to provide "an understanding of how the
meaning of a proposal can be composed of the meaning
of its constituents. One of the limitations of this solution
is the fuzziness presence only at the adjective sentence. In
some sense, our proposal can be seen as a continuation of
that work. We limit our study, in this paper to the “Near
negative” operator case. To the best of our knowledge,
this case has not been addressed yet in the data
warehouse context.

Index Terms—Data warehouses design, requirement
expression, decisional system, fuzzy ontology, GLMR
Model, imprecision, OLAP Analysis, NEAR- Operator.

. INTRODUCTION

The majority of existing tools for the data warehouse
(DW) development “Ref. [4]” focuses on the data storage
structure. The focus is on modeling and integration of
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data from heterogeneous sources, rather than on the
decision-making expert needs. Due to the growing DW
complexity, constant attention must be paid to assessing
their quality throughout their design and development.
The DW quality depends on the quality of all
requirements, conceptual, logical and physical models
used for the DW design.

A good requirements model quality can lead to a good
DW quality “Ref. [5]”. Various authors have proposed
measures to ensure the quality of conceptual, logical and
physical models for DW. However, there is no significant
work in the literature to ensure the quality of the decision
needs model. In data warehouse designing model,
consideration must be given not only to data sources but
also to needs analysis. Thus, when the source data or
needs analysis changes, a change in the warehouse model
may be necessary “Ref. [6]”.

However, the majority of the studies carried out on this
first phase show that the request structure is not familiar
to those who are not computer scientists “Ref. [7]” and
who represent the majority of decision makers in
intelligent economic systems. For the flexible evaluation
of business intelligence system or the representation of
vague, incomplete and uncertain knowledge, fuzzy
ontologies are used as an effective solution to these
problems “Ref. [8,9]”. Thus, the main contribution of this
article is to propose a fuzzy ontology-based rigorous
solution to evaluate the flexible decision requests that
represent the requirements expression.

This study will showing the convergence of studies to
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ontology-based conceptualization and indicating that
most  solutions have ignored the imprecision
consideration. Even the few existing studies “Ref. [10, 11,
12, 13]” in the literature dealing imprecision in decision
systems have focused studies on the data imprecision and
not in queries representing the decision maker’s
requirements. Also, the few works that treated the queries
imprecision in Databases (DBs) “Ref. [14, 15]” differ
from the imprecision treatment in decisional structure, for
example, by absence of the OLAP operator in DBs which
can present imprecision. Therefore, we focus our study
on the fuzzy operator first before considering in the future
the fuzzy OLAP operator.

The remainder of this article is organized as follows:
The section 2 presents the motivation example. The
section 3 presents the work background. Section 4
presents a state of art on the imprecision in requirements
expression and on the imprecision assessment of fuzzy
operator in database query. We present then an ontology-
based DW design. Section 5 presents our proposed
approach and presents the application of our approach in
a use case study (transportation risk).The section 6
concludes the paper and cite some perspectives.

Il. MOTIVATION EXAMPLE

In the road accidents risk study (Given the catastrophic
damage caused by road accidents in Algeria’, particularly
the large number of deaths each year “an average of 13
deaths per day” and trying to classify the main factors of
this scourge), we find difficulties to classify the transport
actors (Unacceptable Bus, negligible line, unwanted
conductor, etc.) Since this classification is based on
historical data (data warehouse) of some parameters set
previously by the expert. This problem kind find in our
proposal the solution to lift the vagueness and specify the
desired classes.

Our proposed solution can be applied either to design a
new DW or to update an existent one, in the case where
the warehouse does not respond to the fuzzy requirements.
For simplification reasons, we assume that we are in the
second case. We will briefly present starting with
presenting the main classes of our example, namely:
Company, Bus, Driver or Conductor, Line, weather and
then we present the ontological modeling of a fuzzy
query. The company represents enterprise passenger
transport (Fig. 1).

In this section, we focus on describing possible updates
to a warehouse data model when a decision requirements
is assessed differently.

To illustrate this change in the evaluation of the
decision requirements and the impacts they have on the
DW design evolution, we propose an existing DW on the
road transport risks.

Example: The decision maker requirement want to
know, in a specific period of time, the company buses
and drivers "at risk" (Unacceptable, Unsafe, etc.), for our
example the period is the semester. The imprecise

! Source: National Statistics Office, Algeria, 2016
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decisional requirements are: unsafe bus, unwanted
conductor, unacceptable line, etc.

Why using the fuzzy ontology? In order to classify, for
example each bus according to its accidents consequences
over this period by risk type defined in the ontology and
clarify its membership in this class degree. Accidents
instances occur in the Company data warehouse and will
power the dataset defined in the ontology. This
classification allows to take the suitable decision for each

actor (Bus, Driver, Line,..).

WEATHER CONDUCTOR

N_Report INT(4) C_Malr INT(9)

Date. Report Date CName \archar(15)

Notel Varchar(60) it

ype
COMPAGNY Eval_period Float
I n d exes Code INT(2)
PRIMARY Name Varchar(35) Indexes
D_Creation Date PRIMARY
Master Varchar(40)
Revenue FLOAT
N_Buses INT(2) %
Note Varchar(60)
5US LINE
Indexes N_Line INT(4)
Bus_Matr Varchar(10) PRIMARY Departure varchar(15)
Mark varchar(15) PK_Bus Arrival varchar(15)
Model varchar(15) PK Line LRType INT(1)
Max_N_Passengers INT(2) PK Conductor Eval_period Float
Registration_Dt Date PK Weather
Period_Acc Varchar(10)

Nb_Accidents INt(2) I n d €exes
Nb_Deaths INt(2) PRIMARY
Nb_Injured INt(2)

BRType INT(1)
Eval_period Float
Indexes
PRIMARY

Fig.1. Classes of existent DW

111. BACKGROUND

In this section we first define the decisional
requirement to highlight the imprecision in such
requirements, then we define the imprecision before
presenting our proposed fuzzy ontology solution and
finally we present the domain of our motivation example
which is the road transport risk.

A. Decisional Requirements

In this paper we focus on the imprecision study in the
requirements expression, and especially in the query-
based requirement.

Requirement: according to “Ref. [15]”, a requirement
is a description of a property or properties of the system
that must be satisfied. Often, the requirements can be
classified into the following categories “Ref. [16]”:
(Table 1.)

The decisional requirement can be generally functional
but also nonfunctional and rarely QoS requirements.

Example: The unwanted Bus for the last semester/year.

B. Imprecision

Imprecision in an OLAP query can be located in
clauses that can include inaccurate parts: predicate
attribute value, connector, operator, and aggregation. The
following table summarizes the possible cases. (Table 2.2)
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Table 1. REM features and approaches “Ref. [15]”

Functional Requirements
« Information requirements are gathered from
different business users and then integrated and
made consistent to have unified schemata.
» Bottom-up technique.
« Active involvement of the users.
» Dependent on knowledge of business users
« It begins with collection and analysis of
operational data sources in order to have an idea
of available data.
¢ Low participation of the users and their
requirements.
* Bottom-up technique
« Resulting Schemata is stable as it is based on
quality of the transactional data which does not
changes often like user requirements.
* Revolves around the business strategies and
objectives formulated by the top-management
« Involves top-management only.
* Top-down approach
« Tales care of progressive goal refinement from
the top-management people.
Non-Functional Requirements
Various scenarios are provided to different
users, stakeholders, top-level management
people and others based on real life situations.
Their feedbacks are collected and examined so
that the specified expectations and constraints
can be converted into requirements for addition
into the checklists.
Some “soft-scenarios” (based on dummy
situations or assumptions) are also generated.
“Soft scenarios” represent those scenarios that
do not have any straightforward definitions but
help in what-if analysis for gathering alternate
solutions to conflicting requirements.

QoS Requirements

» The frequency of usage of each and every
module is clearly understood.
« User groups are identified.

User-driven

Data-driven

Goal-driven

Scenario-Based

Usage « Criticality of available services and their
Models A
availability is regularly checked.
» Requirements are gathered based on the user
groups, frequency of usage and usage decisions.
« Users and their roles are clearly specified and
identified.
Role Based  Permissions are granted based on the roles of
Models various users.
« Hierarchies of roles are also identified.
» Each session is recorded and tracked.
Access « Each user is provided with a unique ID &
Control password.
& « Access rights are also assigned based on roles.

authorization « Provisions are made in case of loss of identity.

C. Fuzzy Ontology

The Fuzzy ontology is defined as an ontology, has, in
addition to the basic components (ie, concepts,
relationships, axioms and instances), new components
according to the fuzzy logic, fuzzy concepts and fuzzy
relations. These ensure the representation of a fuzzy
universe of discourse parties. A fuzzy ontology consists
of six components: (i) the specific concepts, (ii) fuzzy
concepts, (iii) precise relationship, (iv) fuzzy relations, (v)
axioms and (vi) instances “Ref. [17]”. In our case, in
addition to three specific components, we will be
interested in fuzzy concepts and axioms relating to these
concepts.

Copyright © 2018 MECS

Table 2. Imprecision in decisional requirements queries

Fuzzy Part Example Explication
The imprecision arises in
columns or  fuzzy
attributes (for the case of
fuzzy DBs or unclear
Select * from Bus | data  sources  when
Attribute where BRType = (is) @ designing fuzzy DWSs or
Acceptable when OLAP analysis.
(This case is interesting
for the study of
requirements imprecision
in the non-fuzzy DW)
Select Threshold 0.2 In this case thg value of
the predicate is unclear.
LName, Age , - A
- It is a subjective value
. Expertise From .
Predicate whose translation
Conductor Where .
Value - depends on the decision
~Age IS ‘Middle- .
i . maker must also define
aged” AND #Expertise he t idal function
IS ‘AT’ the trapezoida
(in general).
Find risky bus with
four-year startup and if
possible ABS braking It epables _the
Connector system. Other coml_:)matlon of multiple
connectors  "failing" predicates.
"especially since"
Select * from
Conductor where Age
NEAR 60 It is defined by a
Other  operators : | trapezoidal function and
Operator LARGE POSITIVE; | a function defining the
LARGE NEGATIVE; | relationship between the
FAR; operands.
NEAR POSITIVE;
NEAR NEGATIVE
Select name, FAVG | Instead of using the
(Eval) From | AVG function is used an
Aggregation | Conductor Group By | aggregate function
age Having FAVG @ FAVG (fuzzy Average)
(Eval) > 0.8 in the clause "Having"
One may have imprecise
in terms of Order by
Clauses Group by or used with a
Order by Select a,b,c From AB | fuzzy attribute. As may
Group by WHERE A.a=B.b | have a fuzzy operator
OLAP GROUPE BY (c) (OLAP operator with a
Operator fuzzy attribute)
"Drilldown .." used with
the Group by clause
One may have buses that
Conductor have no doubler driver,
“ldConductor only 30% of buses have
ML Name f:ioublefs._ ) hThe
- imprecision is  shown
Classes Doug'égggg 0.3 \(/)vgh a degree of ability =
Fuzzy Age One may have the case

of inaccurate attribute
(fuzzy)

The ontology taxonomy is composed of three
categories: (i) Conceptual Ontologies (CO) represent
object categories and properties that exist in a given
domain whereas (ii) Linguistic Ontologies (LO) represent
the terms used in a given domain eventually in different
natural languages. (iii) Non Canonical Conceptual
Ontologies (NCCO) include not only primitive concepts
but also defined concepts “Ref. [37]”
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D. Risk & Transportation sector risk

Transportation sector risk: Our illustrative example
treat the transportation sector risk especially accident
which is the first danger experienced “Ref. [18]” in the
transportation and the most dangerous. The several actors
of the accident are: The conductor, the bus and the line.
There are other actors such as weather which we will not
discuss in this paper. These criteria are included in
standards as a guide only to limit the decision criteria.
Accident indicators are the basis of road safety programs.
Accident data are collected for many years as a starting
point for improving road safety. The meanings of
dangerous situations are: Unacceptable: Must be
eliminated ; Unwanted: The risk is acceptable only when
the reduction of the latter is impossible; in this case the
agreement of the operator or network regulators is
imperative; Acceptable: The risk is acceptable with
appropriate supervision and agreement of the operator or
the regulator; Negligible: Acceptable unconditionally. So,
let's apply this matrix in our case of road transport,
proposed system. These rules were validated with experts
in traffic engineering. So, we will have for example
(Table 3.):

N

Properties
Expertise

Derivation
function

LO : Linguistic Ontology
NCCO : Non Canonical Conceptual
CCO : Canonical Conceptual Ontology

Fig.2. Onion Model. “Ref. [37]

TABLE 3. Some validate rules of our example

IF THEN

If (Frequency of dangerous situation is
Frequent) and (Severity of the
consequences of a dangerous situation is
Marginal)

Risk Type is
Unacceptable

If (Frequency of dangerous situation is

Occasional) and (Severity of the Risk Type is

consequences of a dangerous situation is Unwanted

Critical)

If (Frequency of dangerous situation is . .
. Risk Type is

Rare) and (Severity of the consequences Negligible

of a dangerous situation is Insignificant)

For simplicity representation example, we assume that
the bus risk type depends only on the parameters D
(Death), I (Injured) set by the expert.

Through this background, we see that this work

Copyright © 2018 MECS

represent the imprecision study in the decisional
requirements only present in the requirement query
predicate and especially in the operator part. This study
proposes a fuzzy ontology-based solution that will apply
to the example dealing with the road transport risk. This
work represents a part of open problems in this research?.

IV. RELATED WORKS

To treat the requirements expression imprecision for
the data warehouse design/update, we will present the
result of our previous bibliographical study on the
requirements analysis, before presenting imprecision in
DW and sweeping to ontologies-based data warehouses
design solutions.

A. Decisional Requirements Analysis & Imprecision
treatment

After a previous comparative study “Ref. [19]” of
different approaches, it was found that the majority of
existing work on decision-making requirements have not
considering the requirements expression imprecision. A
lot of works look for semantics of the data or use
semantics queries without revealing the imprecision at the
queries level “Ref. [20, 21, 22]”.

For the few studies which have highlighted this
imprecision, we can conclude:

Authors in “Ref. [23]” note the fact that the
information requirements expressed by the user might be
imprecise and show that a set of ontologies applications
needed to generate data that will be stored in the designed
data warehouse. These ontologies resemble database
diagrams, but they are more flexible in the sense that they
provide definitions, inaccurate and implied for the
generated data which mean adding annotation data
resources for obtaining Semantic DW, the authors in “Ref.
[24]” show that requirements for data analyses are
often unclear and uncertain, mainly because of
incomplete decision processes are flexibly structured and
poorly shared across large organizations, but also because
of a difficult communication between users and analysts.
They also differentiate between the managerial and
strategic requirements, the authors in “Ref. [25]” say that
ontological knowledge may enrich a multidimensional
model in aspects that have not been taken into account
during requirement analysis or data-source alignment. So,
we can conclude that works “Ref. [23,24,25]” have
highlighted the imprecise requirements but they don’t
dealt rigorously with vagueness requirements expression,
they presented the ontologies as remedies for incomplete,
uncertain and unclear data. These works share the fact
that they have not proposed approaches or solutions to
achieve their observations. Some works as in “Ref. [26]”,
the authors have projected the study of both imprecision
aspect in queries and uncertainty in the model but we
haven’t found a continuity to the study. Although the
authors of “Ref. [27, 28, 29]” had used queries for
requirements collection, but they did not take into

2 National Research Project “SITI”, 2011, ENERGARID Lab.
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consideration the fuzzy queries.

To the best of our knowledge, there has not been a data
warehouse design study based on fuzzy ontology and
taking into account the imprecision at the requirements
analysis phase and where the requirements are expressed
in query form.

B. Imprecision Assessment of fuzzy operator in Database
query

The authors in “Ref. [30]” introduce two fuzzy
operators - NEAR and NOT NEAR, explaining their
working and the algorithms to implement them.

The focus of this solution is to find a way to enhance
the current database management systems, and enabling
them to handle precise as well as imprecise data. The
approach taken here for this purpose is to embed
fuzziness in SQL language without changing its
underlying structure.

This operator deals with the data type NUMBER and
DATE. The purpose of this operator is to fetch the nearest
possible values to a specific number/date without any
need to define the range.

Opl NEAR Op2 1)

Here, the Opl refers to an attribute, whereas Op2 is a
fixed value, both of the same data type.

Example:

SELECT id, name, age, history FROM casualties

WHERE cause="heart attack' AND age NOT NEAR
55;

The NEAR algorithm for the NUMBER data type
works as follows:

e The margins to the op,, i.e. ml and m,, are added
dynamically on both sides, considering the value it
contains. This is performed with the help of the
formulae, Where:

ml=a—b @)
m2=a-+b ®)
a=op2 4)
b=op2-1 )

To keep this margin big is important for a certain
reason discussed later.

e The NEAR operator is supposed to obtain the
values NEAR to the op, thus the target
membership degree (md) is initially set to 0.8.

e Values till md are calculated on both the sides with
respect to the margins added to op,, with the help
of the formulae where:

m_left = (md *diff 1)+ml 6)

Copyright © 2018 MECS

m_right = (md *diff 2) —m2 @)
diff 1=0p2-ml (8)
diff 2=m2-op 2 9)

md = membership degree (0.8 initially), m,, m, = op,
margins

e The algorithm compares the op, (column) values
row by row, till the end of the table, to the
elements of the set that NEAR defined, i.e. values
from m_left to m_right, adding matching tuples to
the result set.

e It is possible that the result set is empty since no
values within the range exist in opl. The algorithm
checks for empty result set, and in that case,
decreases the target md by 0.2 and jumps to step 3.
This is the reason big margins to the op, are added.

e In case there are no values in opl that are between
ml and m2 (and thus the result set is empty), the
algorithm fetches the two nearest values (tuples) to
opz, one on each side, as the result. (Fig. 3.)

We will adapt this algorithm to our study by focusing
on the NEAR NEGATIVE part because taking the value
Op,, all the upper part of this value (and less than Op, of
the following class) is obviously a part of the desired
class and also we propose the necessary change to our
case for the belonging function.

. ?i.() (op2 value, md)
0.9 - i

T o - i

E BE el 40,08 /7 ¢ W60, 0.8

F-] -‘P '] H 't H

8 0.6 Eo— / - 1 \ - 3

a 1! I :

= 04 )

% T : l : \\\

O |

E S i : I

(175 [EEE SEY 1 i

= 7, 0, 0 L H 100, 0

m1 m_left op2 m_right m2

Fig.3. Initial margin target of NEAR “Ref. [24]” (Number Case)

C. Ontology-based data warehouse design

Before starting this part, we note that the majority of
DW vagueness studies, focuses on data inaccuracies and
offer structural solutions. Most of the discovered
problems for integrating fuzzy concepts in data
warehouse systems are solved by integrating them into a
Meta table’s structure “Ref. [32, 33, 34]”, but recent
research tends to offer ontologies-based solutions as we
will present in the following:

e Literature Review: Recent works are interested in
ontology-based data warehouse in analytical or
operational phase “Ref. [36]” but few studies are
interested in this type of structure in the design
phase. Several studies (as we will see before) used
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to express the decision- making requirements in
natural language or in SQL language as goals or
objectives to help data warehouse design or to
optimize an existing one.

Authors in “Ref. [35]” have proposed a new approach
for designing ontology-based data warehouse from a set
of Ontology-based databases (OBDBs). Additionally to
the nature of sources participating in the construction of
their data warehouse, a second important component is
the user’s requirements. They’ve proposed to extend the
use of ontologies, on the same way as for data sources, to
clarify (eliminate ambiguity) and unify users
requirements. However, this proposal had allow the
designer to express his requirements in natural language
and in goals form without SQL reformulation, the reuse
of this model is not systematic. Authors in “Ref. [5]”
have proposed a method for analyzing decisional
requirements, as a process and models that support the
discovery, specification, negotiation and validation
requirements. This approach aimed to guide analysts and
designers throughout the Decisional Business Intelligence
process. Traditionally, i* models lack any modularity,
suffering from scalability and readability issues,
regardless its widespread adoption. In their work “Ref.
[37]”, they have presented a proposal for applying
modules, specially designed for DWSs. They have defined
their proposal, and provided some guidelines how to
correctly apply it. This solution applies only requirements
analysis based-goals but doesn’t apply to based-models
nor based-queries models.

Many studies on the ontology-based data warehouse
design “Ref. [35, 36, 3, 23]” have used goals-based
approaches, but there are fewer studies queries-based or
uses case-based models “Ref. [26]”. In their paper “Ref.
[38]”, the authors have extended the OWL2 standard to
manage fuzzy data; the proposal “Ref. [38] extends the
ontology management framework Protégé with
capabilities to manage fuzzy data. Several applications of
fuzzy ontologies are used for recognition of fuzzy events
in summarization and fuzzy decision support “Ref. [39]”.

Among the most recent work using ontologies to
evaluate the imprecision, we find Martinez-Cruz & al
works in proposing the GLMP Ontology “Ref. [3]” which
makes the representation of complex data types or
different data types (e.g. temporal, spatial, fuzzy, etc.)
easier to use. Thus, the user can manage any kind of
information using the ontology, which is quite flexible in
the management of any data types or data representation.

Before presenting our proposal, we will describe the
GLMP ontology (using the expert’s knowledge and
including his/her experience) that, in our case, allow us to
evaluate the imprecision in the predicate value of the
query representing the decider requirement.

e Ontological solution - GLMP (Granular Linguistic
Model of a Perception) Ontology:

Authors in “Ref. [2,3]” proposed a method about using
ontologies to create a computational representation of the

Copyright © 2018 MECS

expert’s knowledge including his/her experience on both
the context of the analyzed phenomenon and his/her
personal use of language in that specific context. They
called GLMP the proposed ontology model. They
inspired their solution from the father of Fuzzy Logic,
Lotfi Zadeh work “Ref. [40]”, who has proposed a new
direction in his research line, namely extending Fuzzy
Logic towards Computing with Words and Perceptions
(CWP). The Granular Linguistic Model of a Phenomenon
(GLMP) is based on CWP using ontologies as a tool for
modeling the meaning of perceptions about complex
phenomena.

The GLMP (Granular Linguistic Model of a
Phenomenon) Ontology consists of a network of PMs
(Perception Mapping). Each PM receives a set of input
CPs (Computational Perception) and transmits upwards a
CP. We say that each output CP is explained by the PM
using a set of input CPs. In the network, each CP covers
specific aspects of the phenomenon with certain degree of
granularity.

A CP is the computational model of a unit of
information acquired by the designer about the
phenomenon to be modeled. In general, CPs correspond
with specific parts of the phenomenon at certain degrees
of granularity. A CP is a couple (A; W) where: A = (a;
a)....... ;an) is a vector of linguistic expressions (words or
sentences in Natural Language) that represents the whole
linguistic domain of the CP.

Example: ai=" temperature is high”. W = (wq; Wp; .....;
w,) is a vector of validity degrees we [0; 1] assigned to
each a; in the specific context. Each pair (a;; w;) is called
a computational perception item (CPI).

A PM is a tuple (U; y; g; T) where: U is a vector of
input CPs, and ui= (A;,W;).; y is the output CP, y = (A,;
W,); g is an aggregation function employed to calculate
the vector of fuzzy degrees of validity assigned to each
element in y, Wy= (wy; W,;...w), as a fuzzy aggregation
of input vectors, Wy= g(Wy;; Wy,;...;Wy,), where W are
the validity degrees of the input perceptions. T is a text
generation algorithm that allows generating the sentences
inA.

Example: T is a linguistic template, e.g., “The
temperature in the room is ‘high / medium / low’”.

GLMP model present three prototypes, we are
interested in the prototype Il. (Fig. 3.)

The comfort is good, 0.7
The comfort is medium, 0.3
The comfort is bad, 0

CPComf

The temperature is hot, 0.6
The temperature is warm, 0.4
The temperature is cold, 0

CPLight

CPTemp

Temperature value
e.g. 22.5 degrees

Light intensity value
e.g. 725 mv

Fig.4. GLMP Model — Prototype Il “Ref. [2]”
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Now, we will proceed to the presentation of our
proposed solution which is based on a fuzzy ontology to
fill gaps in the GLMP model.

Few times the comfort is good, 0
Few times the comfort is bad, 1
Few times the comfort is medium, 0
Sometimes the comfort is good, 0.3
Sometimes the comfort is bad, 0
Sometimes the comfort is medium, 0.5
Usually times the comfort is good, 0.7
Usually times the comfort is bad, 0
Usually times the comfort is medium, 0.5

CPDayComf

2PMDayComf

The comfort is good, 0.7
The comfort is medium; 0.3
The comfort is bad, 0

CPcomf

The light is high, 0.7
The light is medium, 0.3
The light is low, 0

The temperature is hot, 0.6
The temperature is warm, 0.4

The temperature is cold, 0
CPTemp

Temperature
\value
e.g. 22.5 degrees

‘Light intensity
value
e.g. 725 mv

Fig.5. GLMP Model — Prototype Il “Ref. [2]”

V. PRESENTATION OF OUR PROPOSED APPROACH

Continuing a previous studies for evaluating the
imprecision in the decisional requirements expression
which one is based on a fuzzy query language “Ref. [41]”
and the other is based on belief function “Ref. [42]”,
we‘ve limited the study in this paper only to the fuzzy
operator of requirements queries. But before presenting
our solution, we specify the causes led us to propose a
new solution:

e GLMP model does not assess the fuzzy
requirement even if it is presented in natural
language when flexibility is not present in the
query predicate value in the sentence adjective.

e GLMP model considers only the input of data
from databases, but the case of the decision-
making and the use of the data warehouse are not
considered.

e Using other ontological models of the literature,
we cannot solve the case where the need is more
complex and we do not have the possibility to
express the need for natural language, which is the
most common case in reality and the simplest for
decision-makers

e The Memon’s algorithm to evaluate the NEAR
Fuzzy operator can’t is not enough for us, in fact,
we need to treat NEAR Negative only and adapt
the NEAR solution which in our case needs other
parameters not mentioned by Memon’s
solution ”Ref. [30]”. We intend to see other
operators, to our knowledge, not studied yet.

Thus, the new proposed solution is fuzzy ontology-
based called GLMR “Granular Linguistic Model of
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Requirement Ontology — GLMR” Ontology and present
two cases (Fig. 2.):

1" Case: “Fuzzy data warehouse” we have two
situations:

* When the attribute concerning the flexible
requirements is fuzzy. We will treat this case later.

* Although when the fuzzy attributes don’t concern the
flexible requirements, we propose as solution our
ontological proposition.

2" Case: “Non fuzzy Data warehouse”: In our case,
the data warehouse is not necessarily vague, also the
dimension table is not necessarily fuzzy, (as the solution
proposed in “Ref. [33]”. We propose as solution our
ontological proposition “GLMR Ontology (Fig. 6.)

The decision need represented in the request form
presents a flexible part, in our case, it is about the NEAR-
fuzzy operator contained in the request predicate. Before
handling this requirement, the user of the transport
company's warehouse will load the relevant dataset (for
the concerned period) and in order to enrich the query
and to evaluate the fuzzy part, he consults the GMLR
ontology based on the parameters provided by the
transport expert. Once the information processed by the
ontology reasoner, already conceived and implemented,
we will have as result, RM (Requirement mapping) and
O-CPR  (Operator- Computational Perception of
requirement), which allows us to assign each acquired
value to one or more predefined classes with membership
degree for each predefined class, so that we can respond
to the request and satisfy the decision need. Our proposed
solution presents three actors: the decision maker, the
user, the expert in addition to the ontology designer who
can only be the user of the framework. As support, we
use the GLMR ontology, the data warehouse from which
we load our dataset, a pc and a means of transmission
between user and the decision maker or between the
expert and user. As shown in fig.6

In the beginning, we have as input the dataset (the
corresponding data in the semester) taken from the data
warehouse of the transport company for which, we want
to classify the bus company according to the risk type of
each, bus. Once, the data set the request of the decision
need loaded. We also collect some parameters relating to
the road transport risks from the road expert (pvi, pva).
(Fig. 6.)

The GLMR ontology is used to evaluate the inaccuracy
present, in this case, at the operator level, using the
NEAR- algorithm. Once the processing is done, we will
have the CPR_BRTypes corresponding to the acquired
data from the transport expert. These outputs of the kind
f(D;, li, MD;), which allows the user to classify all the
acquired data and which he transmits them to the
decision-maker for decision making.

First, we study the GLMP model to define our proposal
model called GLMR model and this for many reasons:
The most important reason firstly is that unlike all
existing fuzzy ontology solutions that only process
linguistic ontologies, the GLMP model allows us to
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extend it for representing canonical and non-canonical
ontologies of the onion model “Ref. [43]”. On the other
hand, the requirement expression is generally in natural
language which GLMP ontology is based on. Finally,
GLMR model allow us to represent OLAP queries,
whereas GLMP does not intend to represent. Here, some
differences between the two models:

he attribute concerning
the flexible requirement
is Fuzzy

This case will be treated
later

Fig.6. The proposed GLMR Ontology solution

The proposed GLMR Ontology
Granular Linguistic Model of a
Requirement Ontology
The new concepts non present in GLMP
model:

Operator - Computational Requirement
Connector - Computational Requirement
Fuzzy Rules of Requirement Mapping
The validity degree W

Table 4. Comparison between GLMP & our GLMR model

GLMP Model

1. The Dimension Table is
Fuzzy

2.Treat the representation of
expert’s knowledge

3. Computational representation
use only a natural al language

4. Imprecision is present in the
text  representing  expert’s
perception.

5. GLMP model don’t support
the OLAP Query clauses

6. Represent the perception
model

7. GLMP allow to construe
second order perceptions

8. INPUT

Values  provided by a
temperature sensor or by
database
9. OUTPUT

Generate sentences describing
this value

GLMR Model

1. The Dimension Table is not
necessary Fuzzy
2. Treat the
requirements

3. Requirements Queries are
not necessary written in
natural language

4. Requirement  queries
containing the fuzziness at the
predicate value, connector or
operator or other part.

5. GLMR model support the
OLAP Query clauses

6. Represent the requirement
model

7. GLMR allow to construe
second order requirements

8. INPUT

Values provided by data
warehouse.

9. OUTPUT

Matches the value in input to a
class with a degree of
belonging

decider’s

The GLMR model is none other than the GLMP model
for the case where the requirement query predicate value
is flexible. Our model support the flexible decisional
requirements, by adding new concepts: (Table 5). This
model also allows us to expand query responses by using
semantics derived from ontology as we have already seen
in an old paper with XML Databases “Ref. [44]”.
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Designer

Building GLMP Ontology

Treated information
Ready for queries

GLMR
Implementation

Enriching query by
using GLMR Ontology |

.

Knowledge
(1, pv2, MD)

Instanciation
V' Process

Input : Data

Acquisition

GLMR Output
RM Answering

Requirements Mapping N
Quering

CPR
Computational Perception
of Requirement

Archiving of data management

Development Marketing

Fig.7. System Architecture

A. Computational Perception of Requirement - Operator
case:

It is called O-CPR (Operator - CPR) which define the
operators between linguistic terms c. O-CPR (E, B, O, L),
where O: Fuzzy Operator; E = (e, €y, ....., €,) iS a vector
of predicates or linguistic expressions (words or
sentences in NL or in Pseudo or in SQL language) that
represents the whole linguistic domain of the CPR. Each
ei describes the CPR value in each position with specific
degree of granularity. These sentences can be either easy,
as a= "The temperature is NEAR 18" or more complex,
e.g., a = "Sometimes the room temperature in NOT
NEAR 25"; W = (Wg,Ws;...., wy,) is a vector of validity
degrees w;[0; 1] assigned to each e; in the specific context.
The concept of validity depends on the application, e.g., it
is a function of the truthfulness and relevance of each
sentence in its context of use.

e The fuzzy rules employed by RM can be defined
using the membership degree of Target Attribute
of model defined in “Ref. [9]”: (TA) = MD[0;1]

e The sentence in GLMP model can be replaced by a
query predicate in GLMR model.

Example: The Bus Risk Type is ‘Acceptable” can be
replace by the query: “BRType is Acceptable” or
“BRType = Acceptable”.

e The input perceptions validity degrees W in
GLMP model which represent the validity degrees
of flexible requirement in GLMR model where
each degree represent the degrees of belonging to
a Fuzzy class.
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In this paper and for simplification reason, we
introduce our solution GLMR and we satisfy with the
case where the fuzzy occurs at the operator level.

The target attribute in the query (sentence) containing
the fuzzy operator comes in two forms: Number or Date.
In this study, we will treat the number case only.

In fact the preceding scheme, we used the following
component:

e  Operator-Computational
Requirement

Perception of

(O-CPR)):

The Calculation Perception operator uses the fuzzy
operator algorithm either NEAR or NOT NEAR
Algorithm. O-CPR is the quadruplet (E, B, O, L) where:
A (al,....,an) is the present target attributes when the
operators are flexible. B (B = OP2) fixed predicate
value(s) O (01, 02......, on) is the target operator (OP), in
this case it is either “NEAR” or “Not NEAR” and with
the validity degree MD.

Example:

Select * from Bus where D near 9 AND | Near 14

e  Operator - Requirement Mapping (O-RM)):

We used RMs to create and aggregate CPRs. There are
many types of RMs.

O-RM is a triplet (U, Y, T) where:

U:is aninput of RM (Z = A, B, MD (MD-k, k = 0.2))

Y: release of O-CPR ; TO: NEAR Algorithm
processing

e NEAR- Algorithm

The calculation procedure adds margins to the
predicate value PV, m1 and m2 using “(2), (3)” and using
“(4), (5)” with pv = op2.

The algorithm computes the values on side using “(6)”
with md: membership degrees (initially 0.8) starting from
the calculation of diffl and diff2 using “(8), (9)” wherein
my, M, are pv margins

The algorithm compares the values of TA (ie:
attributes) by the elements defined from m_left to pv. If
the range is empty the algorithm adds 0.2 to md and
recalculates the margins.

In difference to the solution given by Memon in “Ref.
[30]", which gives as solution the interval
[m_left,m_right] , the solution in our case is

[m _left, PV] , itis rather the

NEAR NEGATIVE solution. In future work, we will
improve this solution to use the Skyline “Ref. [31]”
operator algorithms. We present before a comparison
between our model and the GLMP one. (Table 5).

So, the global scheme of the proposal solution is as
following:

e Number fuzzy operator case:
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Table 5. Comparison between concepts in both GLMP model
& GLMR model

Concept in GLMP Model

CcP (Computational
Perception)
CP (AW)

A=(al,a2,.....,an)is a
vector of linguistic
expressions (words or
sentences in NL)

Predicate value is a fixed
value

As “hot” in the sentence —
Temperature is “hot”

W = (W, Wy; ..., wp) iSa
vector of validity degrees wi
[0; 1] assigned to each ai in
the specific context.

CP

Doesn’t exist

Doesn’t exist

CP Item : (ai,w;)

PM (U,y, 0, T)

U is a vector of input CP s,
U=(ul,u2,...,un)

y is the output CP

g is an aggregation function
employed to calculate the
vector of fuzzy degrees of
validity assigned to each
elementiny

g is implemented using a
strong fuzzy partition of
trapezoidal membership
functions.

T is a text generation
algorithm that allows
generating the sentences in
Ay

PM
Doesn’t exist

Doesn’t exist

Concept in GLMR Model
(Operator case)

CPR (Computational Perception
of Requirement)
CPR(E,F, W, L, a)

E= (e1, €,.......en) is a vector of
requirement query predicates or
linguistic expressions (words or
sentences in NL or in SQL or in

Pseudo code)

F = (fyfa...,bn) is a vector of
predicate values (Fixe values for
the fuzzy operator case , fuzzy
value for the fuzzy query
predicate value case);

W=(W1, Wp; ceeny Wn) =
MD=(MDy, MDy; ...., MD,) is a
vector of validity degrees w; [0;1]
assigned to each e; for different
case.

V-CPR (Predicate Value)

O-CPR (Operator)

(Fuzzy  Operator such as

“NEAR” or “Not NEAR”)

L (m_left) is a vector of obtained

values m_left after evaluation

algorithm application of the NEAR

fuzzy operator

C-CPR (Connector)

(Fuzzy Connector such as “and if

possible™)

o (Mul,Mu?2) will be treated later
CPR Item : ((pvi,wi),.., (pV}W;))

RM (Requirement Mapping)
RM(Z.y.g.P)

Z is a vector of input CPRs, U =
(ul,u2,...,un)

y is the output CPR

g is an aggregation function
employed to calculate the vector
of fuzzy degrees of validity
assigned to each elementiny

g is implemented using a a strong
fuzzy partition of triangular
membership functions.

P is a processing algorithm that
asses the fuzzy connector or the
fuzzy operator (P=T for the
fuzzy predicate value)

P-RM (Predicate Value)
Connector-RM(Will be studied
later)

Operator — RM

Memon & al.[24] seek to identify
the interval m_left, m_right
while we’re looking only for the
value m_left to determine the
interval m_left, pv

For the case of Requirement Mapping and especially
for evaluating the fuzzy operator, it is proposed to have as
input TA target attribute (attribute existing in a predicate
including a fuzzy operator), a fixed value B in general, a
fuzzy operator (NEAR in our case) and an initial value of
membership degree MD (In our case MD = 0.8). Thus,
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after the NEAR Fuzzy Operator algorithm application,
the result in the output will be the interval m1, m2 or m1,
PV which is the operator validity range with a validity
degree.

CPR6
CPR5
CPR4
2RM4

CPR3

CPR1 CPR2

( 1RM1 > ( 1RM2> 1RM3

all b1l ’ cl

Fig.8. Global Scheme of our GLMR Ontology

The NEAR algorithm (Fig. 9) for the NUMBER data
type is adapted to our solution as follows:

* The margin to the pv (predicate value), i.e. ml is
added dynamically on left side, considering the value it
contains. This is performed with the help of the formulae
(9) for left side of the scale using “(4) , (5)” wih op2=pv

* The NEAR- operator is supposed to obtain the value
NEAR to the pv, thus the target membership degree (md)
is initially set to 0.8.

* Values till md are calculated on both the sides with
respect to the margin added to pv, with the help of the
formulae (6) where, md = membership degree (0.8
initially), starting from the calculation of diffl using “(8),
with op2=pv and m is pv margin

* The algorithm compares the opl (column) values row
by row, till the end of the table, to the elements of the set
that NEAR- defined, i.e. value from m_left to pv, adding
matching tuples to the result set.

* It is possible that the result set is empty since no
values within the range exist in op;. The algorithm checks
for empty result set, and in that case, decreases the target
md by 0.2 and jumps to step 3. This is the reason big
margins to the pv are added.

* In case there are no values in op, that are between ml
and pv (and thus the result set is empty), the algorithm
fetches the two Nearest values (tuples) to pv, one on each
side, as the result.

Target

Output

TA
O-Requirement | & TANear
Predicate Mapping Q PV
(B=pv) - Near Operator Validity
S O
2 P degree
< of TA

MD = MD - k
k=0.2 MD

Fig.9. Operator Requirement Mapping

The algorithm returns an empty result only if the table
referred to the query is empty. The graph in Fig. 5 depicts
the working of NEAR- operator for NUMBER data type

(Fig 9).
B. Illustrative example

We can simplify these rules after consultation with the
road transport expert by eliminating the number of
accidents parameter with the consideration in the study
only of cases where the accidents number is at most 2 and
ignoring some parameters such as the climate parameter
or the condition roadway parameter. It is therefore
satisfied to a two-Parameter solution model®* (the dead
number D and injured number ). The proposed rule is:

R1 (Risk Type is Unacceptable): (Deaths NEAR- pvp AND
Injured NEAR- pv;) OR (Deaths >=pvy AND Injured >=
pvy)

The second predicate is automatically executed since it
does not include any flexible values.

Decisional requirement: The decider want to have the
list of inacceptable Bus in the semester.

Select * from Bus where BRType="Inacceptable”

For our illustration example, we have Brtype is the
type of risk of the bus that can take values
{Inacceptable_Bus, Unwanted _Bus, Negligible Bus,
Acceptable_Bus}

Rule 1: Per period of time:

It can be seen that the request has a flexible part in the
predicate value but by the application of rule 1, the:
fuzziness will be present in the operator as:

Select * from Bus where D~9 AND 1~14

e CPR (Computational Perception of Requirement):
O-CPR(E, F, W, L)

E= {el,e2,?en}={(a 1,bl), (a2,b2),?.,(an, bn)} (10)

For our case:

E= {el, e2}={(al,bl),(a2,b2)}
el=d1INEAR- pvD AND [LNEAR- pvi

(1)
al bl
= dINEAR- 9 AND I1INEAR- 14
e2 =d2 NEAR -pvD AND I2 NEAR - pvl (12)

a2 b2

F= {pvD, pvI,?pwr}= {pvD, pvi} ={1015} (13)
L= {m leftl, m left2 ,? m_lef tr }={m_leftD, m_leti} (14)

MD= W= {MDL, MD2,?.,MDr}= {MDL,MD2} (15)
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There are four possible solutions (18):

dI NEAR- pvD ANDII NEAR- vl — >

7777777777777777777 BRType = Unacceptable
d1NEAR- pvD AND 11 NEAR- pvl 77
-d1NEAR- pvD ANDIINEAR- pvl Flspw . If dl>pw

d1NEAR- pvD ANDIINEAR- pvl If di pvp AndIf Ii> pw1

VDI :{(c—ml)/(pv—ml) If ml<=c< pv (16)

0 If pv<ml

We note that C may take as appropriate the value of
pvp or pvl and clarify this solution we‘ve suppose this
following rules example:

R1: BRType = Unacceptable_bus <> deaths Number is
close to 9 AND the injured number is close to 14).

R2: BRType = Unwnated (Unsafe) bus < Deaths
Number is close to 5 AND Injured number is close to 5).

The system behavior, when a flexible query is executed
in the system, is analyzed in this case. Part of the DW for
the semester period is developed and wused for
experimental purposes only.(Fig. 10)

The flexible query is:

Select * from Bus where BRType="Inacceptable”

"The decision maker requirement want to know, in a
specific period of time, the company buses "at risk"
(Unacceptable, Unsafe, etc.)" implies using the rules
given by the transport expert:

Select * from Bus where nb_deaths is NEAR™ 9 AND
nb_injured is NEAR™ 14

| g 1.0 (pv1 Value, md) | 1.0 pv2 Value,md)
T w T I
E E
- 0 - 08 t
g e | § 07 il
9 0 | - [y
i\n | aul .l..‘ SR, 5
£ 04 l £ |
2 5 | By |t
2 | 2 1
E ™ | [ | |
01 0l .
i [ 1 1 18g [ 1 1 | 28
ml  m left PV m2 ml  m left PV na
D : Deaths I: Injured

Fig.10. Initial margin target of NEAR Negative Operator (Number case)
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Select * From Bus Where
nb_Deaths NEAR pv

diffl <eeeeeen pv-mi
m_left < ((md * diff1) + m1

!

/ The algorithm compares A (nb_Deaths column) values row by row till

the end of the table i.e. to the elements of the set that NEAR defined ,
value defined from m_left to pv adding maching tuples to the result set.

NO Attribute the nearest
Value values as result

of

PV

Fig.11. NEAR- - Fuzzy Operator Algorithm

By NEAR- Fuzzy Operator Algorithm application,
we’ll  have:m_leftp<=nb_death<=pvp and m_leftl<=
nb_injured <= pvl. So, the query will be:

Select * from Bus where nb_deaths is between
(m_lefto AND pvp) AND nb_injured is between
(m_leftl AND pv))

We can thus calculate the belonging degree to the
different classes.

C. Experimentation of the illustrative example

We’ve create our simple DW at the ontology editor
Protééand then populate it with few examples given by
the transport direction then we’ve define all fuzzy
concepts at the GLMR ontology before loading the DW
concerned part, at our java application to address the
imprecision in the decision-making requirements and
especially in the operator part.

In this illustrative example, a bus with at least 2
accidents causing at least eight deaths and at least 12
injuries is considered a risk bus (unacceptable bus).

Therefore R1 (bus risk Type is unacceptable): the
deaths number NEAR™ 10 and the injuries number
NEAR- 15 is interpreted by our ontological solution as
follows,
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R1: D =[8, 10] and I = [12, 15]. The values for D>10
and 1>15 belong automatically to the desired class.

Example 1: We suppose having a deaths number is
either 9 or 5 and respectively an injured number is 14 or
10 and we and we will study the couple membership to
the Inacceptable Bus class for d;={9,5} and 1,={14,10}.

Table 6. CPRI Calculation of company Buses for Inacceptable bus class

Bus Class Inacceptable

Select * from Bus where BRType="Inacceptable”
Query i.e. Select * from Bus where nb_deaths is close to 9
AND nb_injured is close to 14

D=9;I1=14; a=pv ;b=pv-1;m;=a-b

Hypotheses where pv=pvp =9 or pv=pv,= 14
Diff; = a - ml (diffp, diff)) ; diffi= pv-m,
Rewritten Select * from Bus where nb_deaths is between
query using | (m_leftD AND pvD) AND nb_injured is between

GLMR (m_leftl AND pvl)
ontology
GLMR Results : CPDeaths ; CPInjured ; RMBRtype >

application | MDD; MDI ; MD (D AND 1)=MIN(MDD, MDI)
NEAR- Calculate : m_left= around ((md * diff) + m;)

Algorithm | Diffp | mdp | m_lefty | Diff,| md, m_left,

Application

Initial Value 8 0.8 13 0.7

1% iteration 8 0.8 7.1~7 13 0.7 10.1~10

2" iteration 8 06 | 58~6 | 13 | 05 | 75~8

37 jteration 8 0.4 42~4 | 13 0.3 49~5

4" iteration 8 02 | 26~3 [ 13| 01 [ 23-~2

Result In case there are no values in A (Nb_deaths ,
Nb_injured) that are between ml and pv (and thus
the result set is empty), the algorithm fetches the
Nearest value (tuple) to pv as the result.

m_leftp=7(Found value); m_left, =12(Nearest value)

Degree 08| 07 mdp = (7-1)/(10-1) = 6/9 = 0.67
membership md, = (12-1)/(15-1)= 11/14 = 0.79
MD = MIN (mdp, md;) = 0.67

Table 7. CPRI Calculation of company for Unwanted Bus class

Bus Class Unwanted
Query Select * from Bus where BRType="Unwanted”
i.e. Select * from Bus where nb_deaths is close to 5
AND nb_injured is close to 5
D=2 ; 1=4 (Input)
Hypothese a=pv ; b=pv-1;m;=a-b
S where c=pvp =5 or c=pv=pv,= 10
Diff; = a - ml (diffp, diff)) ; diffi=pv-m
NEAR- Calculate : m_left=around ( (md * diff) + m,)
Algorithm | Diffy | mdp | m_lefty | Diffi| md, m_left,
Applicatio
n
Initial Value 4 0.8 09 0.7
1°t iteration 4 0.8 42~4 09 0.7 38~4
2" iteration 4 0.6 34-~3 09 0.5 3.0
Result m_leftp =3 ; m_left,; 7 (Found values)
Degree 0.8 07 | mdp=0
membership md, = (4-1)/(5-1)=3/4=0.75
MD = MIN (mdD y md|) =0
Hypothese D=4;1=4
S
NEAR- DIffD mdD m_IeftD lef| md, m_Ieft,
Algo.
Initial Value 4 0.8 9 0.7
1% iteration 4 08 [42~4 9 0.7 38~4
2" iteration 4 06 |[34~3 | 9 05 | 30-~3
3 jteration 4 04 [26~3] 9 0.3 22~2
4™ jteration 4 02 [18~2] 9 01 | 14-~1
Result m_leftp, =4 (Found value) ; m_left; 4 (Nearest value)
Degree 0.8 0.7 mdp = (4-1)/(5-1) = 3/4 = 0.75
membership md, = (4-1)/(5-1)=3/4 =0.75
MD = MIN (mdp, md;) =0.75

For the “Unwanted Bus” class , we have
fl= {11, 13} belongs to “Unacceptable bus” class with MD = 0
f2= {4, 10} belongs to the “Unwanted bus” class with MD = 0.75

f1= {11, 13} belongs to “Unacceptable bus” class with MD = 0.75
f2= {4, 10} belongs to the “Unacceptable bus” class with MD =
0.37

Likewise using this solution in the case D=2, 1=4

3= {2, 4} belong to “Unacceptable Bus” class with md=0, Thus:
CPRIy: f;, MD =0.75; CPRI,: f,, MD =0.37; CPRI;: f3,MD =0

Example 2: for d={2,4}, 1, ={44} , Bus
Class={Unwanted Bus}, we have :
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Hypotheses . D=4, |:_10 F3={2, 4} belongs to the “Unwanted Bus” class with MD =0
NEAR- Algo.| Diffo | mdo | m_lefto | Diffy | md, | m_left F4= {4, 4} belong to this class with md=min(0.75, 0.75)=0.75
Initial Value | 4 | 08 9 0.7 Thus : CPRI;: f;, MD =0; CPRI,: f,, MD =0.75 ;
1% iteration 4 08 (42~4 9 0.7 7.3~7 CPRI3: f;, MD =0 ; CPRI,: f,, MD =0
2" jteration 4 06 |[3.4~3 9 0.5 55~6
3 jteration 4 | 04 [26~3 9 0.3 3.7~ 4
4™ iteration 4 02 |(18~2 9 0.1 1.9~2 CPRI1L: f1, MD=0 CPRI.]'; fl, ME)ZO
Result m_lefto =4 (Found value) ; m_left,; 8 (Nearest value) CPRI2: {2, MD=0.8| CPRBRType CPRBRType ggg:g; fg’ mg;g:;g
Degree 0.8 ] 0.7 | mdp = (4-1)/(9-1) = 3/8 = 0.373 CPRI3: f3, MD=0 CPRI4: 4, MD=0
membership md, = (8-1)/(14-1)=7/13 = 0.54
MD = MIN (mdp , md;) = 0.37 2RMBRType 2RMBRType

Unwanted Inacceptable

f1:{d1,11) fL:(d1,12)
f2:{d2,12} d f2:4d2,12}
fa:d3 13y [CPRDeath f3:{d3,13}
t4:(d4,14) CPRDeath CPRInjorsd t4:d4,14)

1RMDeath

11=13
12=10
13=4
Sentence 1 Sentence 2
D Near pv1
MD = 0.8 MD=07

Fig.12. GLMR Solution for Bus Risk Type Examples
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However, there is still a lot of work to do, for
generalizing this solution, to allow evaluation of the
flexible parts at the query predicate value, operators
including OLAP operators and connectors. The main
insight is to enrich querying expression with the inference
capability provided by the fuzzy ontology added to the
data warehouse. We built our benchmark (data
warehouse) representing road traffic accidents in Algeria,
observing the actual rates given in the with a 180 bus
park and for a period of 06 months, there were 10000
route sheets/semester, aggregated per week ie 1430
occurrences and over 160 accidents, 50 deaths and 600
injured, including 20 concerned bus. After application of
our solution for a period of 06 months and for only 20
Buses, we have detected the following results (Table 8):

Although the dataset was not large, the first results are
very encouraging (Fig. 12.)

Table 8. Outcome of the results of experimentation

Select Count(BRType) As Bus_Number (Threshold =0.7)
BRType Bus_Nb Decision
Inacceptable 10 Must be rem_oved from
service
Unsafe 09 Must t_)e sent to the
maintenance
Acceptable 03 /
Negligible 06 /
TOTAL 20

VI. CONCLUSION & FUTURE WORKS

This work highlights one of the decision-making
requirements in  which the expression of these
requirements by decision-makers, who are not necessarily
computer experts, generates ambiguous, or imprecise
requirements that can affect the entire decision-making
process. To remedy this problem and considering the
importance of this phase and its impact on the whole
process, we evaluate the ambiguity and imprecision in
this case by considering only a fuzzy ontology-based
solution. To illustrate this proposal, it has been applied to
transport risk management in using a set of indicators to
classify the risk types. We present in this paper our
proposed GLMR model for the NEAR- fuzzy operator,
we plan to extend this study to other fuzzy operators such
as Not Near- , Far and Large Negative.

There is still a lot of work to do. An extension of this
solution is necessary to be able to represent a complex
decision-making need by using the ability of this model
to break down the need into subparts and to represent
each part by a sub-model. Finally, through
experimentation it has been found, although the example
chosen is simple, that this model can be used to solve real
problems.

We can also think of representing this solution in
natural language, which is not the case for most of the
ontological solutions already proposed. With this solution,
we can think of evaluating more complex decisional
needs where the fuzzy is present in the operator and the
predicate value is not a fixed value such as: NEAR-

Copyright © 2018 MECS

Threshold and the threshold is specified by the transport
expert, it is found using the ontology. (Which has not
been considered by GLMP model) Consideration may be
given to another NEAREST operator (closer than) that
Memon “Ref. [26] has not processed and that the GLMR
model can solve. (Table 8.).

We plan to study fuzzy OLAP operators such as slice,
dice, etc., and use the FMOY fuzzy aggregation function
with the "Having" clause that provides the average of an
attribute using a membership degree. In addition, we will
extend it to fuzzy connectors such as “and possible” and
“especially since” connectors that may be present in the
decision-making requirement query. In addition, we plan
to address uncertainty and incompleteness in needs
expressions and apply the solution of our model to other
domains. Finally, we consider applying our proposal to a
real DW if not a large dataset or a big data.
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