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Discrete exponential Bayesian networks 

Afif MASMOUDI 

ABSTRACT 

Our work aims at developing or expliciting bridges between Bayesian networks (BNs) and 

Natural Exponential Families, by proposing discrete exponential Bayesian networks as a 

generalization of usual discrete ones. We introduce a family of prior distributions which 

generalizes the Dirichlet prior applied on discrete Bayesian networks, and then we 

determine the overall posterior distribution. Subsequently, we develop the Bayesian 

estimators of the parameters, and a new score function that extends the Bayesian 

Dirichlet score for BN structure learning. Our goal is to determine empirically in which 

contexts some of our discrete exponential BNs (Poisson deBNs) can be an effective 

alternative to usual BNs for density estimation. 
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Multivariate Dispersion Models & Applications : On 

characterizations of multiple stables-Tweedie models 

Kokonendji Célestin C. 

ABSTRACT 

Dispersion models are introduced to extend Normal model into specific analyses such as 
regression, extreme, geometric sum and count; and, why not for a Bayesian network? 
The basic family of dispersion models is the (univariate) Tweedie model which 
generalizes the stable distributions. As particular cases of multivariate Exponential 
Dispersion models, we consider first disturbances of Gaussian random vector by some 
Tweedie components, namely Normal stables-Tweedie (NST) models, and then 
disturbances of NST for getting multiple stables-Tweedie (MST) models. After a global 
scheme of characterizations of (exponential) dispersion models by (generalized) variance 
functions, we show several results on NST and MST models. For instance, NST and MST 
models are classified by their variance functions. Only NST are characterized by some of 
their assoiciated pseudo-orthogonal polynomial functions and also by their generalized 
variance functions (or determinant of variance functions) through explicit solutions of the 
corresponding Monge-Ampère equations. 
 

 



INTERNATIONAL CONFERENCE ON BAYESIAN NETWORKS AND APPLICATIONS  

SOUSSE, OCTOBER 14TH-16TH, 2016 

 

 

 

 

 

Accepted Articles 

 



Bayesian network for constructing probabilistic 

ontologies

Emna hlel 

MIRACL Laboratory, Sfax University, Technology Center 

BP 242 – 3021, Sakiet Ezzit, Sfax, Tunisia 
emnahlel@gmail.com  

 

 

 Salma Jamoussi and Abdelmajid Ben Hamadou 

MIRACL Laboratory, Sfax University, Technology Center 

BP 242 – 3021, Sakiet Ezzit, Sfax, Tunisia 

salma.jamoussi@isimsf.rnu.tn and 

abdelmajid.benhamadou@isimsf.rnu.tn

 
Abstract— During the past years, the ontologies are widely 

used for representing knowledge of most real world domains. 

They provide a definition of concepts, relationships, etc. Thanks 

to these elements, they are used to model the reality (real world 

applications). However, this world includes inaccuracies and 

imperfections which cannot be represented by classical or 

ontologies (COs). Probabilistic ontologies (POs) have come to 

remedy this defect. This paper is part of this framework in which 

we have proposed a novel method to construct probabilistic 

ontologies. For this aim, we have used Bayesian network which is 

a probabilistic model allowing to represent the knowledge of 

domain on a formal theoretical basis. Indeed, in this paper, we 

have presented a way to discover probabilistic relationships 

between a list of instances of an OWL ontology by using Bayesian 

network and how we can model these relationships in ontologies. 

Keywords—Bayesian network, Bayesian inference, probabilistic 

ontology, uncertain. 

I.  INTRODUCTION 

During the past years, the ontologies are widely used for 
representing knowledge of most real world domains. They 
provide a definition of concepts, relationships, and other 
features related to modeling knowledge of complex domains 
[1]. Despite that the ontologies have become standard for 
representing knowledge in many applications; however they 
are not able to deal with uncertainty that is a ubiquitous aspect 
of most real world problems [2]. Modeling uncertainty is a big 
challenge. Several methods for modeling uncertainty in 
ontologies have recently started emerging. Generally, these 
methods are based on mathematical techniques of uncertainty: 
the probabilistic theory, the fuzzy logic approach and the 
Dempster-Shafer theory [3, 4, 5]. The Probability theory has 
been proven to be one of the most powerful approaches to deal 
with uncertainty and it is a natural choice for representing the 
uncertain and probabilistic knowledge [6]. In this work, we 
restrict our attention to approaches based on the probabilistic 
theory for representing uncertain and probabilistic knowledge 
and more specifically on the Bayesian network (BN). The latter 
is one of the best models for representing the knowledge on a 
formal theoretical basis. It aims to represent knowledge of a 
particular system (complex and simple) in the form of a graph 
that is intuitive, clear, readable and understandable by a non-
specialist. This model has powerful techniques: BN structure 
learning, BN parameters learning, Bayesian inference (BI), etc 
[7, 8]. 

In this work, we have proposed a novel method to build 
probabilistic ontologies. Indeed, in this paper, we have 
presented a way to discover probabilistic relationships between 
a list of instances of an OWL ontology by using Bayesian 
network and how we can model these relationships in 
ontologies. The remainder of this paper is organized as follows. 
The sections 2 and 3 present the Bayesian networks and the 
major existing works. In section 4, we propose our method for 
constructing probabilistic ontologies. Finally, we conclude by 
summarizing our work and listing points for future work. 

II. BAYESIAN NETWORK 

In the recent years, BNs have been widely applied with 
success in various fields as medical service performance 
analysis [9], gene expression analysis [10], breast cancer 
prognosis [11], etc. This probabilistic model is one of the best 
models for representing the knowledge on a formal theoretical 
basis [7, 8]. It aims to represent knowledge of a particular 
system (complex and simple) in the form of a graph that is 
intuitive, clear, readable and understandable by a non-
specialist. Indeed, it represents a set of variables and 
their conditional dependencies via a directed acyclic 
graph (DAG): the nodes represent variables and arcs represent 
probabilistic dependencies between them. Mathematically, a 
bayesian network B=(G, C) is defined by: 

· G=(X, E) is a directed acyclic graph whose nodes are 
associated with a set of random variables X={X1, �, Xn} 
and E is the set of arcs that represent dependencies 
between these nodes, 

· C={P(Xi|Pa(Xi))} is a set of probabilities where each 
node Xi is conditionally dependent of the state of its 
parent Pa(Xi) in G. 

We distinguish two methods of learning: BN parameters 

learning (when the BN structure is given) and BN structure 

learning. The BN structure learning determines an appropriate 

graph from the observed data. The BN parameters learning 

determines the best set of parameters of BN (probability 

distribution: conditional and marginal probability) taking into 

account the observed data. Moreover, one of the powerful 

techniques of BN is Bayesian inference which consists to 

propagate one or more certain information (values established 

by certain variables) to deduce how this intervenes on the 



probabilities of other network variables. Mathematically, the 

inference in a bayesian network is the calculation of P(U| ) 

(with U is the set of variables and ε is the new information on 

one or more variables U), that is to say calculating the 

posterior probability of the network knowing that   [12]. It has 

a wide range of practical applications, for example tracking 

aircraft based on radar data, building a bibliographic database 

based on citation lists, analyzing a list of symptoms to infer 

the illness of a patient, etc. Different algorithms exist to 

perform inference on BN: “loop cutset conditioning” [13], 

“algorithm LS” [14], “algorithm of Shenoy-Shafer” [15], and 

algorithm “lazy propagation” [16], etc. The most popular 

inference algorithm for multiple connected networks was 

proposed by Lauritzen and Speigelhalter [14]. This algorithm 

involves the extraction of an undirected triangulated graph of 

the BN, and the creation of a tree whose vertices are the 

cliques of the triangulated graph. This tree is called junction 

tree. The conditional probabilities are then computed by 

transmitting messages in this tree. 

III. RELATED WORK  

 None of the existing semantic web languages such as 

RDF/RDFS, SHOE, OWL and etc provide a means for 

representing uncertain and probabilistic knowledge of real 

world domains. Different probabilistic approaches for 

extending these languages, especially OWL, with the ability to 

support uncertainty are explored in literature. Indeed, several 

Bayesian-based approaches to model uncertainty in ontologies 

have been proposed: BayesOWL [6], OntoBayes [17] and PR-

OWL [18]. Various works provide a comparative study on 

those approaches such as [19]. BayesOWL [6] is a proposal to 

represent the uncertainty in OWL ontologies through BN in 

order to facilitate Ontology Mapping in the semantic web. The 

representation of probabilistic knowledge in BayesOWL is 

performed via additional language markups, which can be 

simply viewed as an upper ontology [17]. BayesOWL is used 

to estimate the degree of the overlap or inclusion between two 

concepts in terms of conditional probabilities of the form 

P(C|D) where C and D are two classes. This degree expresses 

the probability that an instance of D is also an instance of C.  It 

is true that this work is the first major research effort 

published in the field of probabilistic extension of Semantic 

Web language (OWL). However, there are several limitations 

considering this approach. Firstly, its application potential is 

very limited: Ontology Mapping in the semantic web. In 

addition, it cannot represent probabilistic information about 

any relations of ontology, except the subsumption relation. 

Indeed, the authors of [6] have only focused on the concepts 

taxonomy. On the contrary, an ontology is not only a 

taxonomy, it is also a model which includes a list of 

components such as proprieties, instances, non-taxonomic 

relations, etc. 

OntoBayes [17] is an ontology-driven uncertainty model, 

which integrates probabilistic models (BNs) into OWL 

ontologies for preserving their advantages. It was developed as 

an extension which enables OWL ontologies to represent BNs. 

Indeed, the authors of [17] have proposed an upper ontology, 

called Ontology OntoBayes, for representing random 

variables, dependencies between them and probabilities 

associated to these variables. In other words, this ontology 

allows describing the qualitative and quantitative 

representation of a BN (the essentials of a BN). By using 

OntoBayes ontology, the users can write down probabilistic 

models that correspond to BNs [19].  

Probabilistic OWL (PR-OWL) [18] is a PO approach that is 

implemented on the basis of first-order logic. It is a 

probabilistic extension which enables OWL ontologies to 

represent MEBNs (Multi-Entity Bayesian Networks) [20]. It 

provides a number of new OWL constructs for constructing 

POs. Indeed, it is an upper ontology that describes first-order 

probabilistic models (MEBNs). In order to write a PO by 

using this upper ontology, the users can import this ontology 

into an editor of ontology such as Protégé
1
. After importing it, 

they start the step of construction of domain-specific concepts 

by using the PR-OWL definitions to represent uncertainty. 

However, there are several limitations of this probabilistic 

approach. Firstly, the construction of fundamental elements of 

model PR-OWL (such as Mfrags and all their elements) for 

representing the uncertainty is performed with a manual way 

while the whole process is error-prone and tedious [21]. 

Moreover, this probabilistic approach uses the MEBN for 

representing the uncertainty; however, the community MEBN 

is not wide enough to be considered as an emerging standard 

for representing uncertainty [21].  

 We have noted that these probabilistic extensions of 

semantic web language OWL (OntoBayes, BayesOWL and 

PR-OWL) have some common points. They provide Bayesian 

extensions which enable OWL ontologies to represent the 

essential components of the corresponding probabilistic model 

(BN, MEBN) by using new major OWL elements (classes and 

properties). However, for constructing PO based on one of 

these extensions it is necessary that the ontologist has known 

the foundation of the corresponding probabilistic model to 

identify the different ontology elements that describe the 

quantitative and qualitative representation of this model (as 

states, variables, etc). This requires an enormous effort by 

ontologist for doing so. On the contrary, in this paper, we have 

tried to propose a new method (semi-automatic) of PO 

construction by using the BN only for calculating the 

probabilities which represent the uncertain aspect without 

modeling the different components of BN in OWL ontology. 

In other words, the modeling of uncertain knowledge in 

ontologies is totally independent of the representation 

provided by BN. Moreover, in the most proposals of 

extensions of semantic web languages for supporting 

uncertainty [17, 18], the representation of the probabilistic and 

uncertain knowledge into OWL ontologies is performed via 

additional language markups. More specifically, these 

proposals extend the OWL model with a list of major elements 

for modeling uncertainty (modeling the fundamental elements 

of corresponding probabilistic model). On the contrary, in this 

paper, we have tried to extend the language OWL only with 

minor statistical extensions that do not require an OWL 

                                                           
1 http://protege.stanford.edu/  



philosophy for representing the probabilities obtained with the 

help of BN. In other words, we have extended the OWL 

ontologies with minimal changes for supporting the 

uncertainty. 

IV. PROPOSED METHOD FOR BUILDING PROBABILISTIC 

ONTOLOGY 

During the past years, the ontologies are widely used for 

representing knowledge of most real world domains. They 

provide a definition of concepts, relationships, and other 

features related to modeling knowledge of particular domain 

[1]. Thanks to these elements, they are used to model the 

reality (real world applications). However, this world includes 

inaccuracies and imperfections which cannot be represented 

by classical ontologies. POs have come to remedy this defect 

[18]. We can define the PO simply as a CO enriched with 

uncertain and probabilistic knowledge. Indeed, POs augment 

COs with the ability to represent the uncertainty [22, 23]. This 

paper is part of this framework in which we have proposed a 

method for constructing probabilistic ontologies. Indeed, we 

have presented a way to discover probabilistic relationships 

between a list of instances of an OWL ontology by using 

Bayesian network and how we can model these relationships 

in ontologies. The process of this method includes five steps, 

as shows in figure 1, which are: specification of requirements, 

identification of knowledge of domain (deterministic and 

probabilistic), construction of classical ontology, 

determination of probabilistic relationships and integration of 

these relationships in the classical ontology obtained 

previously. As a case study, we have tried to construct a PO 

which describes a system of scientific documentation 

(research themes, authors, etc). 

Fig. 1. Process of construction of probabilistic ontologies 

 

A. Specification of requirements 

This phase determines the domain and the purpose of 
ontology: It is important to be clear identified the purpose 
(goal) of the ontology. In addition, the ontologist must verify 
the necessity of the creation of PO through research of 
uncertainties and inaccuracies in the field of study.  

B. Identification of knowledge of domain  

We have distinguished between two types of knowledge: 

deterministic (classical) knowledge and probabilistic 

(uncertain) knowledge. In our case study, the classical 

knowledge is a list of concepts (Theme, Author, etc) and its 

instances, list of relations (co-author, characterized, etc). 

Moreover, the relation “be-interested” (between the instances 

of Author and the instances of Theme) and the relation “be-

connected” (between the instances of the concept Theme) are 

considered as probabilistic relationships (probabilistic 

knowledge). 

C. Construction of classical ontology 

This phase consists to build a CO, named O, which 

represents the deterministic knowledge previously mentioned. 

There are several methodologies for developing ontologies in 

literature [24, 25]. Generally, to develop an ontology one 

should follow a list of steps. Firstly, we identify the concepts 

(classes), their properties and the concepts hierarchy, etc. 

Also, it is necessary to specify the relationships among the 

concepts in detail by giving a name, source concept, target 

concept, cardinality, etc. Then, we create the instances or 

individuals of the ontology.   

In our case study, we construct the classical ontology, named 

O, which is composed of three concepts which are: "Author", 

"Key-Word" and "Theme". Each research theme is 

characterized by a keyword list. Each author has from 1 to M 
coauthors. In addition, O consists of two relationships which 

are "have-word", "co-author". The relation "have-word" 

expresses that a theme is characterized by a set of keywords. 

The relationship "co-author" indicates that an author may have 

a co-author list.  After that, we create the different instances of 

the obtained ontology (population of ontology). The ontology 

O includes a list of instances: A={A0, �, Ai, �An} which 

represent the instances of the concept Author, T={T0, �, Tj, �, 

Tm} which represents the instances of the concept Theme and 

W={W0, �, Wy, �, Wk} which represents the instances of the 

concept Key-Word. So, the obtained ontology represents the 

deterministic knowledge of the interest domain. 

D. Determination of probabilistic relationships  

The aim of this phase is to determine the probabilistic 
relationships between the different instances of the ontology O. 
For doing this, we have used the BN. Indeed, this phase 
includes three steps: construction of BN graph, BN parameters 
learning and selection of probabilistic relationships. 
In our case study, for determining the probabilistic 
relationships (“be-interested”) between the instances of the 
concept Theme and the concept Author and the probabilistic 
relationships (“be-connected”) between the instances of Theme, 



we have followed this process. Firstly, we have constructed the 
BN graph from the observed data. We can divide the nodes of 
this graph in two sets: A={A0, �, Ai, �An} which represent the 
instances of Author and T={T0, �, Tj, �, Tm} which represents 
the instances of Theme. Each node of the obtained BN graph 
has two values true and false. 

After determining the BN graph, the process of BN 
parameters learning can be started. The latter is an essential 
step in a BN construction. This is done by specifying a 
conditional probability distribution for each node of BN graph 
taking into consideration the observed data. It can be 
performed with a simple statistical or Bayesian learning (if the 
database is complete). In our case, we used an estimator with 
complete data. This estimator is based on a statistical approach. 
It involves estimating the probability of an event by the 
frequency of occurrence of the event in the database: 

 

                       (1) 

where Ni,j,k is the number of events in the database for which 
the variable Xi is in the state xk and its parents are in the 
configuration xj. This approach is called Maximum Likelihood 
Estimation (MLE) [20].  

 After that, we have selected the probabilistic relationships 
between the instances of the ontology O based on the results of 
the inference Bayesian. For each element Tj of T, we have 
followed this process to determine the probabilistic relations 
"be-connected” between this theme and the other themes 
(T\{Tj}):  

· Determination of probabilities of BN variables: Given 
the observation of the variable of the obtained BN 
which represents the theme Tj (Tj=true), this step 
determines the probabilities of the BN variables which 
represents the set of themes by applying the Bayesian 
inference (we have interested only to the probabilities 
associated to the set T/{Tj}). This step us provides a set 
of probabilities ProbT={P0, ..., Pu, ..., Pm}, with Pu is 
equal to: 

 Pu=P(Tu="true"|Tj="true")  (2) 

where Tu belongs to T, u is from 1 to m and Pu 

measures the strength of connection between the theme 

Tj and the theme Tu and it allows estimating the degree 

of dependency between them. For example, the 

probability P(imagery="true"|multimedia= 

"true")=0.9 means that the theme “imagery” is 

strongly connected to the theme “multimedia” with a 

probability equal to 0.9.  

· Selection of the probabilistic relationships (“be-
connected”): In this step, we have selected only the 
probabilistic relationships between the theme Tj and the 
other themes that have the highest probability values by 
using a threshold which is fixed empirically. It us 
provide a list of probabilistic relationships RT={R0, � 

Ru, �, Rf} and the set ProbRT={P0, �, Pu, �, Pf} where 
Ru is a probabilistic relationship between the Tj and Tu 

and it is associated with a probabilistic value Pu which 
represents the strength of connection between these two 
themes.  

For each element ai of A, we have followed the same 
process to determine the probabilistic relations “be-interested” 
between this author and the list of themes T:  

· Determination of probabilities of BN variables: Given 
the observation of the variable of the obtained BN 
which represents the author ai (forcing the value of the 
variable ai to true), this step determines the 
probabilities of the BN variables which represents the 
set of themes. It us provides a set of probabilities 
ProbA={P0, ..., Pj, ..., Pm}, with Pj is equal to: 

 Pj=P(Tj="true"|ai="true")  (3) 

where Tj belongs to T, j is from 1 to m and Pj depicts 

the probability of having the theme Tj when we see that 

the author ai is present.  

· Selection of the probabilistic relationships (“be-
interested”): In this step, we have selected only the 
probabilistic relationships between the author ai and the 
themes that have the highest probability values by using 
a threshold which is fixed empirically. This step us 
provide a list of probabilistic relationships RA={R0, � 

Rj, �, Rp} and the set ProbRA={P0, �, Pj, �, Pp} where 
Rj is a probabilistic relationship between the author ai 
and the theme Tj and it is associated with Pj.  

For better explanation, we can take an example. Imagine this 
situation: let G be a graph of BN which includes a set of 
authors (A) and a set of themes (T). The figure 2 shows this 
structure.  

Fig. 2. An example of BN graphe.  

 

For selecting the probabilistic relationships between the author 
A1 and their themes, we have followed this procedure. Given 
the observation of the BN variable which represents the author 
ai, what are the probabilities of the other BN variables which 
represent the themes? After calculating the probabilities of 
these variables by applying Bayesian inference, the next step 
consists to select the probabilistic relationships (“be-
interested”) between the author A1 and the list of themes 



which have the high probabilities (with threshold=0.45). These 
themes are T1 (P1=0.62), T4 (P4=0.6), T5 (P5=0.58), T2 
(P2=0.5), T3 (P3=0.48). So, the probabilistic relationships 
between the instance A1 of Author and the instances of Theme 
are:  R1 (between A1 and T1), R4 (between A1 and T4), 
R5 (between A1 and T5), R2 (between A1 and T2) and 
R3 (between A1 and T3). 

E. Integration of the probabilistic relationships in the 

classical ontology 

For modeling the probabilistic relationships, we have 
performed some change in the structure of the classical 
ontology O which is previously constructed. Indeed, we have 
used relations N-ary for representing the probabilistic 
relationships. In our case study, the relationship "be-connected" 
is represented as an N-ary relation, which is characterized by a 
data-Property named "ProbT". For representing this 
relationship in OWL ontology, we have added to O a new 
concept "Theme-Theme" which is characterized by "ProbT" 
data-Property and two ObjectProperty: "have-theme1 " and 
"have-theme2". "ProbT" expresses the probability that the 
theme Tj is connected to another theme Ts: 
P(Ts="true"|Tj="true"). The value of this property for each 
pair of instances (Theme, Theme) is determined from the 
previous phase.  For adding the probabilistic relationships “be-
interested" between the instances of Author and the instances 
of Theme, we have followed the same procedure.  

V. CONCLUSION AND PERSPECTIVES 

In this paper, we have proposed a new method for 
constructing probabilistic ontologies. Indeed, we have 
presented a way to discover probabilistic relationships between 
a list of instances of an OWL ontology by using Bayesian 
network and how we can model these relationships in 
ontologies. This method includes five steps which are: 
specification of requirements, identification of knowledge of 
domain (deterministic and probabilistic), construction of 
classical ontology, determination of probabilistic relationships 
and integration of these relationships in the classical ontology 
obtained previously.  

As perspectives for this work, we will try to propose a 
method for representing another probabilistic component (such 
as probabilistic instance) of probabilistic ontology. In addition, 
we will try to create a tool allowing to guide the users for 
building a probabilistic ontologies.               
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ABSTRACT 

Explaining exchange rate dynamics and identifying its determinants still a difficult 
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financial-economic factors and exchange rate vary depending on different context is the 

main question that this paper attempts to answer. For this reason, this study uses an 

additive Gaussian Bayesian Network in order to evaluate interactions between different 

determinants of exchange rate and hence providing a powerful predicting tool. We take 
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Abstract. In this paper, an approach for scheduling problems of n tasks on 

single machine with three unavailability periods is proposed. This problem 

is strongly NP-complete which makes finding an optimal solution looks 

impossible task. In this frame, we suggested a novel heuristic in which 

availability periods are filled with the highest weighted tasks. To improve 

the performance of this approach, we used, on one hand, different 

diversification strategies with the aim of exploring unvisited regions of the 

solution space, and on the other hand, two well-known neighborhoods 

(neighborhood by swapping and neighborhood by blocs). The computational 

experiment was  out on single machine with different availability 

zone. It must be noted that tasks movement can be within one zone or 

between different zones. Note that all data in this problem are integer and 

deterministic. The weighted sum of the end dates of tasks constitutes the 

optimization performance criterion in the problem treated in this paper.  

  

.Keywords: Scheduling, metaheuristic, single machine ,NP-complete,  

unavailability periods. 

 
 

1. Introduction. A scheduling problem under machines availability 

constraints has been studied by many authors.  For example  

max/ / / /mP N C-C   has been studied by Lee [9,10,11], Schmidt [15] 

and Yun-Chia  et al([18] 

 The tabu search is a metaheuristic originally developed by Glover [5], 

Glover and Hanafi[4]) and independently by Hancen[6]. 

This method combines a local search procedure with a certain number of 

rules and mechanism which allows surmounting the obstacle of local optima 

without cycling. Toward furthermore, it proved hight efficiently in 

resolution of the problems NP-complet and approximate more the optimal 

solution. 

 

The scheduling problem of a single machine with minimization of the 

weighted sum of the end dates of tasks. without unavailability constraint is 

optimally resolved by using the WSPT (weighted shortest processing time) 

rules. The case of several machines isstudied by 

manyauthorslikeBelouadeh[3], Sadfi[7] and Haouari[13]. 

Zribiet al. [19] have studied the problem 
1

1/ / / /
n

j j
j

N w C
=

- åC   and 

have comparedtwo exact methods: one is the Branch and Bound, the otheris 

the integerprogramming.They have concludedthatBranch and Boundmethod 

have better performance and itallowedresolving instances of more than 1000 

tasks. 

 

Another studysAdamu and Adewunmi[1] have studied the problem  

( )
1

/ /
n

m j j j
j

P w U V
=

+å  , they proposed some metaheuristics for 



scheduling on parallel identical machines to minimize weighted number of 

early and tardy jobs. 

 

In 2013, they carried out a comparative study of different (a genetic 

algorithm, particle swarm optimization and simulated annealing with their 

hybrids) metaheuristics for identical machines. 

 

Selt and zitouni[16] have studied the problem PM//N-C//åwjCj they carried 

out a comparative study heuristic and metaheuristic for three identical 

parallel machines 

 

2. Problem statements. 

 
The objective is to determinethe input sequenceoftaskson the machineasthe 

weighted sum ofenddatesoftasks(åwjCj) to be  minimal. 

It must be noted that there is ( )!n  possibility to assign n  tasks to the 

machine I Sakarovitch,[14] 

 

3 Neighborhoods structure. 

 Neighborhood determination constitutes the most important stage in 

metaheurstic methods elaboration. In the following part, we use twowell-

known Neighborhoods, (neighborhood by swap) and (neighborhood by 

block).It must be noted that tasks movement can be within one period or 

between different periods. 

4.Tabu list structure. 

Thetabu method is based on the principle that consists in maintaining in 

memory the last visited solutions and in forbidding the return to them for a 

certain number of iterations. The aim is to provide sufficient time to the 

algorithm so it can leave the local optimum. In other words, the tabu method 

conserves in each stage a list L  of solutions (Tabu's) which it is forbidden 

to pass-by temporarily. The necessary space for saving a set of solutions 

tabus in the memory is indispensable. 

The list, that we propose, contains the found solutions sequences. After 

many tests, a dynamic size list, which varies according to the search 

amelioration state, is conceived. The initial size of this list is considered to 

be  
3

2

N
 where N the tasks number is. After that, during the search, 

when 5 successive iterations pass without amelioration of solution, the list is 

reduced to a number inferior or equal to N . On the other hand, when 5  

successive iterations pass and the solution is ameliorated, the list is 

increased to a number superior or equal to 2 N  . The Tabu list is 

consequently dynamic and its size varies within the interval[ , 2 ]N N . 

The decrease or the increase of list size must always be done at the end of 

the list. 

5. Formulations mathematics 

 



This problem is formulated as an integre liner programming model: 
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6 .Heuristic (H1) 

An initial solution is always necessary. For this reason, we suggest in this 

part the following heuristic: assigned the (best) task h  where 

{ }( )min jh

h

pp

w wj
j JÎ

=   to the machine I, based on two principles justified by 

the two following propositions: 

Proposition 3.In an optimal scheduling, it is necessary to schedule the tasks. 

in each availability period of the machine according to the order SWPT. 

Proof.It results directly by adjacent task exchange like used by Smith 

(1956) for the corresponding periods. 

Proposition 4.It is not useful to let the machine (idle) if a task can be 

assigned to this machine. 

Notations 

We denote by: 

{ }1,2,...,J n=  : The set of tasks. 

hp  : Execution time of the task h  

NAI   : No task assigned to the  machine I. 

a   : Number of availability periods. 

{ }1,2,...,Z a=   : Availability periods. 

zS  ( ZzÎ ) : The beginning of the unavailability period of the machine I  

. 



zT ( )z ZÎ  : The end of the unavailability period of the machine  I  

( )z z Zs Î  : The set of partial sequences assigned to the machine .I  

( ) ( ) ( )1 2
... .z

as s s s= È È È  

( )
/  

  

task  assigned to the machine  I  

with
.

j j

J z Zz
T C Sz zj

Î =
£ £

ì üï ï
í ý
ï ïî þ

 

zC ( )z ZÎ  : Execution time of the task j Î
zJ  . 

ALGORITHM  

Initialization 

{ }1,2,...,J n= , { } { }1 ; 1,2,..., ; NAI Z I Ia= = = , ,s j= 0,f s =

1, 0zz C= =  and 1 0T =  . 

Sort task h JÎ  in increasing order according to the criterion /h hp w   in 

a list 1L  

Sort task h JÎ  in increasing order according to the criterion hp  in a list 

2L  

While  

( )1  and L zj a¹ £ do 

Begin  

Set 
1

/h h hp p w=    from the top list of  1.L  

2h hp p= from the top list of 2.L  

Determine the task h JÎ   such that 

( )
1 2

min ,z z h hS C p p- >=  

Endif 

 Begin 

Assigned the task h  to the machine I 

Delete the task h  from the two lists 1L   and 2L  



Compute  ;

z

z j z

j J

C p T
Î

= +å  

Determine { }z z hs s= È   and ;h zf f w Cs s= +  

Set { }\J J h=  

End 

Else  

Begin 

Set  1;z z= + ;NAI I=  

End 

Endif 

End 

 RECAPITULATED TABLE 

In table 1 below one use the followingabbreviations: 

N by swap :Tabusearch by Swapping 

 Am perc:Percentage of improvement of the initial costs 

 N by blo:Tabusearch by block 

 In co by  Heuristic : Initial cost by heuristic 

7 .Experimentation and results 

7.1.Data generation  

The heuristic were tested on problems generated with 700 tasks similar to 

that used in previous studies (Adamu and Abass, 2010), (Baptiste et al, 

2000), (Ho and Chang,1995), (M'Hallah and Bulfin, 2005); for each task j  

an integer processing time jp  was randomly generated in the interval 

( )1,99  with a weight randomly jw  chosen in interval ( )1,10 .  

Number of 

tasks 

N by swap Am 

perc 

N by blo Am perc In co by  

Heuristic 

n = 150 96151 2% 101614 1,17% 117409 

155672 3% 124821 6,5% 189178 

74340 22% 60770 26% 96165 

n=350 815645 15% 939556 3% 967359 

595982 31% 924034 6,2% 986806 

927050 04% 102202 1,4% 116201 

N=700 2703709 1% 2362804 5% 2809706 

2683403 2% 2291407 6% 2836902 



Table(1) - (Results with 3a = ) 

 

 

 

 

 

8. Results 

The results listed in table (01) show clearly that the tabu method based on 

neighborhood by block presents the best (lowest) costs compared with tabu 

method based on neighborhood by swapping. This is due to the fact that the 

first neighborhood ensures a faster tasks movement besides that the search 

space is richer with optimal partial sequences in each availability periods. 

This can also be explained by the nature of used neighborhoods, besides the 

left shifting of other tasks in the swapping neighborhood. The results show 

that execution time obtained by the two neighborhoods is acceptable. 

On the other hand, the heuristic amelioration rate between the two 

neighborhoods is remarkable (FIG1. FIG2. FIG4). It is also noted that the 

cost amelioration rate of the proposed tabu search heuristic is situated 

between %1  and 26%.  
 

7 .Conclusion 

In this paper, a metaheuristic polynomial approach (Tabu search) as solution 

for tasks scheduling problem with single machine and unavailability periods 

is presented., by considering that the tabu list is dynamic and its size varies 

according to amelioration state of the solution. According to the curried out 

tests, it can be concluded that the proposed approach ensure better results 

(heuristic amelioration costs up to 26%). It must be noted that the 

neighborhood by block presents the best costs (FIG3. FIG4) with an 

acceptable execution time. 
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FIG1 .Percentage of heuristic cost amelioration based on 

metaheuristic for n=700 

 
 
 
 
 

 
 

FIG2 . Comparison of heuristic and metaheuristic for n=700 
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FIG3. Comparison of heuristic and metaheuristic for n=700 

 
 

 
 

FIG4. Comparison of heuristic and metaheuristic for n=700 
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Abstract— Due to the relatively clear semantics and ability to 

handle complex systems, Bayesian networks tend to be 

increasingly used for managing uncertainty. They are proving to 

be an innovative and attractive reasoning tool in many fields, in 

particular, the web. In this context, they have attracted a lot of 

attention from theorists and system developers and they were 

adopted in various web applications. Several software are used to 

model Bayesian networks such as BNT, Probayes, Hugin, Bayesia 

and Genie. However, few software authorize the manipulation of 

Bayesian networks online. In our work, we implement a dynamic 

website serving to create and manipulate a Bayesian network. 

Keywords— Bayesian network; web; modeling; learning; 

inference; decision-make support; diagnosis. 

I.  INTRODUCTION 

 Bayesian networks (BN) [1], [2], [3] are by far one of the 
most reliable and coherent formalisms for problem solving as 
well as knowledge management. They are the result of a 
convergence between statistical methods and artificial 
intelligence technologies. These models proved their efficiency 
in various fields of application due to their convivial structure, 
inferential power, as well as their natural way of representing 
uncertainty using probabilities. 

The tools, libraries and software necessary for constructing 
and manipulating BNs are still evolving in the direction where 
they develop conviviality in their interfaces in order to better 
represent a BN. However, most available BNs engine are not 
adapted for online exploiting. 

The objective of this work is to conceive and implement a 
tool for modeling and diagnosing using Online Bayesian 
networks. This application will be hosted on a dynamic website 
which will allow users creating and manipulating BN online. 
Our contribution consists in formalizing the proper tools for 
our application using the Matlab toolbox BNT (Bayesian 
Network Toolbox) [4]. 

II. CASE STUDIES 

Bayesian networks tend to be more and more used for the 
development of several applications. They are increasingly 
popular methods for modelling uncertain and complex domains 
such as decisional analysis, telecommunications and expert 
systems. At best, they provide a robust and mathematically 

coherent framework for the analysis of this kind of problems. 
They emerge from artificial intelligence research and have 
been applied to a wide range of problems, ranging from text 
analysis [5] to problems in medical diagnosis [6] and the 
evaluation of scientific evidence [7]. They are also increasingly 
used in the modelling and management of web applications. 

Bayesian networks are not a household name in the web 
context. However, they are gaining popularity in this field and 
are likely to establish their position as one of the standard 
methods of analysis especially in problems dominated by 
uncertainty. With the growth on the concern about context-
aware applications, Hong et al [16] have proposed a context-
aware messenger application that exploits dynamic Bayesian 
networks to automatically infer a user’s context and shares 
contextual information to enrich electronic communication. 
Recently, a goal-directed, context-sensitive, Bayesian control 
strategy for active sensing, termed C-DAC (Context-
Dependent Active Controller), was proposed by Ahmad and 
Yu [8] to focus sensory and cognitive resources on the 
behaviorally most relevant stimuli and events in the 
environment. Graf and Liu [9] have suggested an automatic 
approach for identifying students’ learning styles in LMSs 
(learning management systems). The approach is based on 
inferring students’ learning styles from their behavior in an 
online course and was developed for LMSs in general. Horvitz, 
Kadie, Paek and Hovel [10] have created a computing and 
communication systems that sense and reason about human 
attention by fusing together information from multiple streams. 
In other research work, Tlemsani and Abdelkader [11] have 
proposed a web application which aims to design and 
implement a system of automatic recognition of isolated 
characters online. In the same context, Philippot, Belaïd and 
Belaïd [12] have proposed a method of recognition of 
handwritten forms online using an electronic pen clip type. 
This method identifies the class of the form based on the 
positioning of the filled fields. 

III. MODELING 

A. Tools 

The growing research in Bayesian networks stimulated an 
equivalent development in tools for acquiring and processing 
graphical models, of which is the BNT that offer various 



functionalities to allow users to manipulate Bayesian 
Networks. Although BNT is found on a solid algorithmic basis 
that is both rich and open source, it is still not adapted for 
online modeling of BN it also lucks a graphical interface that 
would help creating BN. 

In this section we will present the details of implantation of 
our application. In this project we created a dynamic website 
with graphical interfaces that are flexible that allows users to 
manipulate Bayesian networks online and perform diagnosis in 
several fields without acquiring any additional software on 
their machines. 

B. Defining the user’s needs 

It consists in creating an online Bayesian network from a 
database of samples. The user selects a database from his 
personal space and specifies the characteristics of its content 
(separator, missing value, ...). Once the database is uploaded, 
the user can introduce the structure and estimate the parameters 
by choosing one of the two options suggested, either manually 
or by learning. 

The second method relies on the conceived system to learn 
the model by inserting the necessary parameters and returning 
the graph and the results of the learning of the parameters. The 
corresponding results are displayed on a specialized web 
interface and consulted by the user. 

Once the BN structure is created and the probability tables 
are defined, the user adds the necessary observations to adjust 
the system to a new situation, resulting in generating inference. 
We have used the BNT to generate the structure, parameters 
and the inferences. 

The user can exploit the diagnosis in numerous fields, he is 
asked to provide additional information through the enquiry 
handed over by the platform. This information is processed by 
the BNT in order to output diagnosis results. 

C. Building the graphical tool 

Now that we established on overview of the application and 
the development environment. We can focus on the making 
and functioning of the application. 

The current work presents a tool for online modeling and 
diagnosing by Bayesian networks. In this paper, we present 
two parts. The first consist in modeling the BN online using 
learning algorithms to recognize the structure and the 
parameters provided by the BNT. The second part illustrates 
one example of application that validates the efficacy of our 
website.  

1) Modeling a Bayesian Network. 
The application provides the users with an online graphical 

interface allowing the modeling of Bayesian Networks that 
communicates with distance server on which Matlab software 
is installed. 

The process of creating a BN in the application possesses 
the following characteristics: 

· Manual: The user is free to manipulate node, arcs and 
probabilities table of each node. 

· By learning: We apply learning algorithms in order to 
identify the structure and the parameters (probability 
tables) of a BN. 

· Hybrid: This approach combines both manual input of 
the network structure and automatic gathering of the 
probabilities from a database. 

We are currently interested in creating BNs by learning. In 
the following, we will detail the main interfaces to give an idea 
about the functioning of this part of the application. 

a) Importing a database of samples. 

The user uploads the database from his personal space, 
indicates the set of characters he uses to separate fields, and 
then specifies if the database contains a header line for 
variables definition and also if it contains missing values. Once 
the user’s options are collected, the database is saved on a 
Matlab server. Fig. 1 illustrates the specification of file format 
and samples database loading. 

Fig. 1. Interface “Load database of samples”. 

 

b) Creating a Bayesian network 

The examples database is now saved in the Matlab server, 
now the database can be exploited using the learning 
algorithms. Many algorithms can be used to infer the structure 
and parameters of BN [2]. In our work, we used the K2 and the 
EM algorithm. An interface appears to help creating the 
structure and parameters using the suggested algorithms (Fig. 
2). 

Fig. 2. Interface “Learning”. 

 



The results are displayed on the same graphical interface in 
a graph representing the connections between nodes of the BN 
created and also the probability tables. In addition, our 
application can convert the network to many formats 
compatible with different BN software and libraries. 

c) Entering observations 

Entering new observations consists in adjusting the model 
to a new situation in which the information is available. It 
guides the system in calculating the a posteriori probabilities 
distribution. This way the user can indicate the nature of each 
node (observed or not) by referring to the structure of the 
displayed network. For each node, he can add an observation as 
depicted in Fig. 3. 

Fig. 3. Interface “Learning results”. 

 

 

The inference output is a table and a bar chart containing 
the a posterior probabilities of each node. 

2) Case study: Medical diagnosis 
In this section, we will operate on a well know example in 

the BN literature: The “visit to Asia” BN [2]. 

“Visit to Asia” database contains eight nodes; if one visits 
Asia recently he risks tuberculosis infection, Smoking is a risk 
factor for lungs cancer and bronchitis. Lungs radiology 
diagnosis cannot recognize lungs cancer and tuberculosis and it 
also cannot detect the presence of dyspnea. According to these 
facts we need the knowledge database to allow determining the 
probabilities of positive diagnosis for each disease. 

In order to perform such diagnosis the user has to choose 
the appropriate category « Health », thereby an interface 
appears with a single choice question. 

After inserting the observations, the application outputs a 
chart indicating the probability of positive diagnoses for each 
disease and provides the corresponding results in percentage 
(Fig. 4). 

 

 

 

 

 

 

Fig. 4. Interface “Diagnosis results”. 

 

IV. CONCLUSION 

In this paper we provided an overview of the application 
“Modeling and diagnosis by online Bayesian networks”. This 
application is an online platform allowing knowledge modeling 
using Bayesian networks. Once the network is established, an 
inference component can process the available observations. 
The application can find solutions and help decision making 
using the diagnosis available in various fields. 

Looking ahead, we are interested on improving our website. 
Thereby this application can serve as a starting point for later 
study. A number of issues remain to be addressed to refine the 
development of our application. On the one hand we aim to 
host your website to be public in order to test the well-
functioning of our application in terms of response time and 
expected results. On the other hand it will be possible to 
implement a graphical tool that allows the user to create his 
Bayesian network manually. We also suggest vary the choice 
of algorithms used for both learning and inference and expand 
our testing on other bases examples and benchmarks. 

We believe that it is important to continuously verify the 
adequacy of the model as we develop it. The functions and 
needs will be studied in more detail. Our application will be 
incrementally modified and improved in order to win the 
challenge of quality and better adapt to the environment and 
users. 
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ABSTRACT 

In this paper, a segmentation algorithm of brain Magnetic Resonance Imaging (MRI) is presented. 
The proposed method is based on Tweedie Hidden Markov Random Field (THMRF) processing 
and the Expectation- Method of moments and Maximization algorithm (EMM). THMRF is a 
Markov Random Field (MRF) whose state sequence cannot be observed directly and whose spatial 
information is encoded through the mutual influences of neighboring sites. EMM algorithm is 
obtained by the combination of both EM (Expectation-Maximization) algorithm and the method 
of moments. It is an iterative technique for determining the maximum likelihood estimates (MLEs) 
of the mean parameter µ and the estimator of dispersion parameter λ: The algorithm has been 
validated on synthetic data and tested on real images. The proposed method of segmentation can 
be detect the brain tumor. 
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Abstract — With the emergence of high-dimensional data in 

various application domains, the accurate clustering of instances 

becomes a challenging task due to the problem of the curse of 

dimensionality. We propose a new loose hierarchical Bayesian 

network model for instances clustering. This new model takes into 

account the complex relationships that exist among the features. It 

uses the latent variables for ensuring the convergence to an 

optimal partition of the instances. We propose a generalized 

algorithm for learning the proposed Bayesian network model. Our 

method escapes the over-fitting problem of the Bayesian network 

learning with a limited number of instances. The experimental 

results show the efficiency of our proposed model as well as the 
proposed learning algorithm on benchmark datasets.   

Keywords — Bayesian network; latent variable; clustering; high-

dimensional data 

I.  INTRODUCTION 

The exponential growth of the automatic information 
processing has led to the development of data acquisition 
techniques such as the sensors, the computer-assisted 
management systems, the activity log applications, etc. The 
collected data is, therefore, consolidated so as to form high-
dimensional data and it is used for modeling real-life problems. 
Mining the knowledge behind the expression of such data yields 
to rich results that support decision-making tasks. In the context 
of this paper, we are interested in finding groups of individuals 
that have similar behaviors given a set of features. This is 
referred to Cluster analysis or Clustering of instances. There is 
a variety of clustering approaches that have been applied on 
many datasets and have shown competitive performances. 
Accordingly, new trends of clustering are focusing on the 
enhancement and the adaptation of the classic algorithms so as 
to take into account the high-dimensionality of the used datasets. 

Actually, high dimensional data is characterized by a high 
number of features (variables) and a very low number of 
instances. Affected by the Curse of dimensionality problem [1], 
clustering these instances with such data-expression engenders 
two main challenges. From the one hand, the distance between 
each pair of individuals becomes meaningless, given that an 
instance is expressed over a large vector. Therefore, the value of 
the found distance does not reflect the degree of similarity 
between two given instances. From the other hand, it is likely 
that the features of the used dataset are correlated. With such 

assumption, it is possible that two different subsets of features 
lead to different partitions of instances [2]. Consequently, it is 
primordial to examine the dependency’s relations that exist 
among the whole set of features before running the instances 
clustering routine. The aim of extracting these relations is to 
abstract the information among correlated features.  

In this article, we opt for the Bayesian Network modeling [3] 
for tackling the above-mentioned problems. It is defined as a 
graphical and a probabilistic model where the features are 
represented by a set of nodes and corresponding random 
variables. The dependencies among the features are modeled 
through directed edges between pairs of nodes so as to form an 
acyclic graph. The probability distribution of each random 
variable is computed based on its corresponding node’s parents 
in the graph. We use this Bayesian network model for 
representing the features in a given high-dimensional dataset. 
Since these features are very likely to be correlated, we propose 
to introduce a finite set of latent variables in order to represent 
these complex dependencies among the features. Recall that the 
latent variable is a hidden variable that controls the high 
dependencies between groups of features. Learning a Bayesian 
network from a high-dimensional data can be easily affected by 
the curse of dimensionality problem. In fact, it is necessary that 
the number of instances has to be very high as compared to the 
number of features; which is not the case of high-dimensional 
data. Therefore, the introduction of the latent variables is useful 
for ensuring the building of a generalized Bayesian network.  

 We propose a new clustering model based on a loose 
hierarchical Bayesian network with latent variables. Our 
proposed model has a tree-like structure where the leaf nodes 
represent the observed set of features of a given training dataset 
and the inner nodes represent the latent variables. The aim of 
using the latent variables is to provide a sub-partition of the 
instances based on a given set of highly dependent observed 
features. It is possible that certain features, of the training 
dataset, are dependent to various groups. Hence, our proposed 
hierarchical structure is loose, i.e. supports multiple parents. The 
root of the obtained Bayesian network is therefore a global latent 
variable that enables to cluster the instances given the learnt 
latent variables. Accordingly, our proposed algorithm for 
learning this loose hierarchical Bayesian network with latent 
variables proceeds on three steps: feature fuzzy clustering, latent 
variable modeling and global clustering.   



II. RELATED WORK 

Clustering high dimensional-data has been handled by 
different ways. The most intuitive point of view consists on 
applying a classical clustering algorithm preceded by a 
dimension reduction method. Features’ selection methods were 
used for assessing the observed set of features, ranking them and 
selecting the most discriminative ones [4]. These methods are 
simple and easily implemented. However, it is not guaranteed 
that the obtained sub-set of features is efficient for an optimized 
partition of instances. Feature extraction methods, such as the 
Principal Component Analysis [5] and Latent Semantic Analysis 
[6], were also applied. These methods mainly focus on 
eliminating information redundancy through the correlated 
features. They look for a low-dimensional representation of the 
training data in order to perform a given classical clustering 
algorithm. Experimentally, these methods have shown a great 
performance as compared to the feature selection methods. 
However, the transformation of the feature space, through these 
matrices’ manipulation methods, does not guarantee an optimal 
instance partition. It has been shown mathematically and 
experimentally that vectors with the highest eigenvalues do not 
necessary contain the optimal discriminative information [7].  

Furthermore, the most distinguished related work to 
Bayesian network modeling for instances clustering is the 
Autoclass model [8]. It consists on creating a simple hierarchical 
Bayesian network structure where the leaf-nodes are the set of 
observed features and the root node is a latent variable that 
clusters the instances. It is assumed, in this model, that the 
features are independent one one-to-another; they have a 
common parent which is the latent variable. This Bayesian 
clustering algorithm has shown remarkable ability to not only 
automatically find the number of clusters but also provide a 
relevant instances partition. Unfortunately, Autoclass does not 
take into account the dependencies between the features. This 
leads to a deterioration of its clustering performance with high-
dimensional data. Some attempts were trying for enhancing this 
hierarchical model by inserting more latent variables. A famous 
example is the strict hierarchical model proposed by [9]. It 
allows the modeling of the complex relations between the 
observed features through stacks of latent variables. This model 
was successfully applied for a Bayesian classification context 
and was not adapted for the clustering’s finality. Moreover, it 
was remarkably overtaken by the semi-hierarchical Bayesian 
structure [10] because this latter used a loose latent architecture 
for modeling complex relationships between the observed 
features.  

III. PROPOSED METHOD 

Our contribution is an instance clustering model based on a 
loose hierarchical Bayesian network structure. It deals with 
high-dimensional data. It is based on the assumption that 
different sub-sets of features lead to different instances 
clustering. It also uses the latent variables for abstracting the 
groups of highly dependent features. An example of the 
proposed loose Bayesian network for instances clustering is 
given in Fig.1. where the training dataset contains 8 observed 
features {F1, F2, … , F8}. These features are grouped, according 
to the dependency between them, into 3 clusters. Each cluster is 
represented by a latent variable LV1, LV2 and LV3. Each of these 

latent variables gives a partial partition of the instances 
according to its corresponding selected cluster of the observed 
variables. For example, the latent variable LV1 allows to cluster 
the instances by using the observed features F1, F2 and F3. 
Similarly, LV2 allows to cluster the instances by using the 
observed features F3, F4, F5 and F6. Finally, the three obtained 
latent variables are used for learning an enclosing latent variable, 
represented as GLV, which provides a global partition of the 
instances.  

Accordingly, we propose a new clustering model based on 
Bayesian network modeling and latent variable learning. Our 
proposed algorithm starts by applying a “Features fuzzy 
clustering” module in order to group similarly expressed 
features. Subsequently, a latent variable is learnt in order to 
abstract each of the found clusters of features. Finally, this same 
module, the “Latent variable learning”,  is applied on the whole 
set of the found latent variables in order to provide the global 
partition of the instances given all the observed features. 

 

Fig. 1. Example of the loose hierarchical Bayesian network model  

A. Features fuzzy clustering

The first step of our proposed algorithm consists on mining 
overlapped groups of highly-dependent features of the used 
training dataset. In that manner, even the most complex 
relationships between the observed features will be modeled in 
the obtained Bayesian model for instances clustering. It was 
shown experimentally in recent studies that the graphical 
clustering approach is adequate for clustering the features in 
high-dimensional data [10, 12]. Besides, the classical distances, 
such as the Euclidean distance and Manhattan distance, are not 
suitable for measuring the degree of dependency between two 
given variables. Thus, we use the Mutual Information (1) for 
measuring the quantity of the flow of information among a pair 
of features/variables noted V1 and V2.  

  (1) 

 

Consequently, our clustering algorithm starts by computing 
the Mutual Information between all couples of features. These 
values are used, subsequently, for building a weighted 
dependency-based graph. We obtain a complete graph where the 
nodes represent the features and the weighted undirected edges 
represent the degree of dependency between them. We propose 

 ! ( !,  ") = # # $(%!, %")&'*
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the use of an intuitive thresholding function (2) in order to 
eliminate the low-weighted edges. We define α as a coefficient 
that determines the proportion of significant values of the 
Mutual Information. The value of α can be set manually 
depending on the category of the studied problem. 

  (2) 

Having the graph that models the dependency relationships 
between the observed variables, we look for the highly 
connected cliques in order to represent them by a latent variable. 
Two overlapped cliques are represented by two latent variables 
(See the example of the clusters 1 and 2 in Fig.1).  

B. Latent variable learning 

Once the fuzzy clusters of features are identified, each group 
of highly dependent observed variables is represented by a latent 
variable. In this step, we address more precisely the problem of 
estimating the cardinality (i.e. the number of states) of the latent 
variable. The cardinality represents the number of clusters in the 
corresponding sub-partition. Actually, there is a tradeoff 
between candidate values of the latent variable’s cardinality. In 
fact, low values of the cardinality lead to information loss and 
high values lead to complex parameter estimation.  

We use the Equilibrium Criterion [11] for estimating the 
optimal cardinality of each latent variable. This criterion ensures 
a statistic balance of the latent variable. In fact, the optimal 
cardinality of this hidden variable is reached when the Log 
Likelihood (LL) of the partial structure is approximated to the 
overall Mutual Information (MI) between the latent and 
observed variables. This is formally written as in (3) where a 
given latent variable LVk has k states and represents a cluster 
that contains nc observed features (F1, F2, … , Fnc).  

  (3) 

Once the cardinality of the latent variable is determined, we 
proceed to learning the parameters of this hidden variable. To do 
so, we adopted the same principle that was used in [10] for 
finding the values of the latent variables. Then, we apply the 
Maximum Likelihood Estimation [13] algorithm for computing 
the probability distribution of the latent variable given its 
representative set of observed features. When all the latent 
variables are fully learnt, we repeat these steps on the obtained 
latent variables in order to learn a last latent variable that does 
the global clustering (See the example of Fig.1 where GLV is 
the parent of LV1, LV2 and LV3).  

C. Loose hierarchical Bayesian Network learning 

As it is shown in the example of Fig.1, the structure of our 
proposed instances’ clustering model is a loose hierarchical 
Bayesian network. It is described as a three-levelled tree. The 
first level is the leaves of the tree which represent the observed 
features of the used training dataset. The second level is 
composed of a set of latent variables. Each of them provides a 
possible partition of the instances according to its corresponding 
sub-set of observed features. Finally, in third level contains the 
root of this Bayesian network’s structure. This root is a latent 

variable that provides a global partition of the instances. This 
global instances’ partition is based on the partial partitions 
provided by each of the latent variables learnt in the second level 
of the tree.  

Having a cluster of nq features (F1, F2, … , Fnq) and a 
corresponding latent variable LVq, the partial partition of the 

instances given LVq is determined as ! "#$%&'( , ') , � , '*+-. The 

computation of this quantity is done in (4) through the 
application of the Bayes theorem. 

  (4) 

The prior probability of ! "'( , ') , � , '*+&#$%- is determined 

through the parameter estimation step [13], the probability 
distribution of the latent variable !.#$%/ is already inferred from 

the values determination step [10] and the probability 
distribution of the observed features of the cluster 

!.'( , ') , � , '*+- is computed based on the used training dataset.  

These partial partitions are very useful for converging to a 
“good” clustering. Unfortunately, the high-dimensional data is 
subject to the curse of dimensionality problem [1]. This means 
that the number of instances is very limited as compared to the 
number of features. Consequently, the learnt clustering model 
for instances can easily fall in the over-fitting problem. This gets 
more accentuated by the fact that the Bayesian network needs a 
rich training dataset in terms of instances for ensuring a 
generalized model. To tackle this problem, we adopt the 
principle of ensemble learning which has shown a great 
performance for escaping the over-fitting problems with the 
Bayesian networks [14]. We use all the partial partitions 
provided by each latent variable of the second level of the 
proposed hierarchy. These partitions are combined so as to 
provide a final instances clustering that optimizes as much as 
possible the discrimination between the instances. 
Correspondingly, the global latent variable (GLV), which is the 
root of the proposed structure, combines the results of the latent 
variables in the second level of the hierarchy. Its probability 
distribution is based indirectly on the original set of features and 
it is determined as in (5) where c is the number of the found 
overlapped clusters of features.   

  (5)  

The posterior probability of the global latent variable, GLV, 
given a latent variable LV0 of the second level of the proposed 
hierarchy is also computed in (6) based on the Bayes theorem. 

(6) 

The prior probability of a given latent variable #$1  given the 
global latent variable is also inferred through the parameter 
learning step [13] that we adopted in our proposed algorithm. 
Likewise, the probability distribution of the global latent 
variable P(GLV) is inferred by the values determination process 

min .234$1 , $56/ 7 89 : .max .234$1 , $56/ ; min .234$1 , $56/6< 
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[10]. Finally, the probability distribution of  !"  is, indeed, 
computed based on the corresponding observed set of features. 
Therefore, #( !") is computed based on the observed features 
in its corresponding cluster (4).  

IV. RESULTS AND DISCUSSION 

The perquisite of our proposed loose hierarchical Bayesian 
network model for instances clustering consists on (i) the use of 
a fuzzy feature clustering in order to take into account the 
complex relationships between the observed set of features, (ii) 
the automatic determination of the number of clusters and (iii) 
the robustness to the low number of instances in the high-
dimensional data. In this section, we assess the ability of our 
algorithm to estimate the optimal number of clusters and we 
evaluate the quality of the obtained partition while using our new 
proposed model for instances clustering.  

A. Estimation of the number of clusters 

For certain application domains, the number of the clusters 
of instances, in a given training dataset, is unknown. The cluster 
analysis process, therefore, is required to automatically look for 
the optimal number of groups of instances. We propose to 
compare our adopted method for estimating this number 
Equilibrium Criterion (EC) [11] with some of the most known 
clustering algorithms that offer this functionality. The compared 
algorithms are:  

· The EAST algorithm [15]. It uses the Hill-climbing 
routine in order to find the optimal cardinality of the LV. 
The algorithm adds or removes the states of the LV so 
as to get a simple hierarchical model (i.e. structure and 
parameter). The optimal model is determined by a 
modified version of the BIC score. The root of the 
obtained structure is a latent variable that clusters the 
wholes set of instances.  

· The density based algorithm DBSCAN [16]. As its 
name implies (Density-based spatial clustering of 
applications with noise), DBSCAN is a density based 
algorithm. It finds the clusters based on the density 
distribution of the dataset. Two given instances are 
merged when they present a low distance value. 
Therefore, the number of highly dense found clusters is 
the optimal number of clusters of the corresponding 
dataset.  

· The X-means [17] variation of the K-means algorithm 
[18]. It runs the K-means clustering algorithm with 
different number of clusters and return the partition that 
corresponds to the optimal number of cluster. The 
determination of such partition is done through an intern 

clustering validation index such as the within cluster 
inertia. 

· Ensemble clustering [14]. The idea is quite similar to X-
means. It consists on running K-means with different 
numbers of clusters and choosing the optimal partition 
through a set of internal clustering validation indices 
(Calinski–Harabasz, Simplified Silhouette, Dunn’s, 
Davies–Bouldin, Xie–Beni and S_DBW).    

We run these algorithms on 5 benchmark datasets: Iris. 
Ionosphere, Glass, Wine and Vote. We report, in TABLE 1, the 
obtained number of clusters when applying each of the above 
mentioned algorithms. We indicate in the second column the real 
number of clusters in each dataset.  The last line of the table 
contains the score of each clustering algorithm (i.e. the number 
of times the algorithm succeeds in finding the real number of 
clusters). We remark that the EC method for estimating the 
optimal cardinality of the latent variable, hence the optimal 
number of instances’ clusters, and the X-means algorithm 
succeed in pioneering the other algorithms (EAST, DBSCAN 
and Ensemble learning).  As the X-means finds the optimal 
number of clusters after several runs of K-means, we consider 
that it is not suitable for high-dimensional datasets where the 
number of features is very high. Therefore, the EC is more 
straightforward and is promising in terms of running-time 
optimization.   

B. Partition assessment 

In this subsection, we evaluate the quality of the obtained 
partition while executing our proposed instances clustering 
algorithm based on the loose hierarchical Bayesian network with 
latent variables. We apply 4 different clustering algorithms: K-
Means [18], as a partitioning method, the Hierarchical 
Clustering (HC), as a hierarchical method, DBSCAN [16], as a 
density-based method, and the Expectation-Maximization (EM) 
algorithm as a model-based method. In order to ensure a fair 
comparative study, we initialize the above mentioned algorithms 
with the correct number of the instances’ clusters. We apply our 
method as well as these 4 clustering algorithms on relatively 
large benchmark datasets. We note, in TABLE. II, the number 
of features and the number of classes of each of the chosen 
datasets.   

We record the cluster to class error rate of each obtained 
partition as compared to the original cluster assignment of the 
used training dataset. This is called the cluster to class evaluation 
and it is the number of times an instance is incorrectly attributed 
to a given cluster as reference to its original class. We note, in 
TABLE III, the obtained results of the comparison.  

TABLE I.  COMPARISON OF THE NUMBER OF CLUSTERS ESTIMATION 

Dataset Number of clusters EC EAST DBSCAN X-MEANS Ensemble clustering 

Iris 3 3 1 3 3 2 

Ionosphere 2 2 Out-of-memory 1 4 2 

Glass 6 5 1 1 6 6 

Cancer 2 2 2 1 2 3 

Vote 2 2 2 13 4 4 

Score 4/5 2/5 1/5 4/5 3/5 



TABLE II.  DATASETS DESCRIPTION 

Dataset Number of features Number of clusters 

Glass 9 6 

Labor 16 2 

Ionosphere 35 2 

Soybean 35 19 

TABLE III.  CLUSTER TO CLASS ERROR RATES COMPARISON 

Dataset Our method K-means HC DBSCAN EM 

Glass 0.27 0.57 0.63 0.55 0.57 

Labor  0.22 0.22 0.35 0.21 0.21 

Ionosphere 0.24 0.28 0.35 0.27 0.25 

Soybean 0.35 0.91 0.84 0.75 0.33 

 

We remark that our method tops up the other clustering 
algorithms in terms of the provided partition. In fact, the lower 
is the Cluster-to-class rate, the more adequate are the found 
clusters. This means that the obtained partition resembles as 
much as possible to the original partition of classes. Also, the 
low values of this score indicate that our method is more likely 
to ensure the correct affectation of each instance to its 
corresponding cluster. Furthermore, we remark that our method 
is suitable for multiple class problems (i.e. datasets with a high 
number of classes).  

V. CONCLUSIONS AND FUTURE WORK 

We proposed a new method for clustering the instances of a 
high-dimensional dataset. Our proposed clustering model is a 
loose hierarchical Bayesian network with latent variables. Our 
proposed model is characterized by the use of a fuzzy feature 
clustering in order to take into account the complex relationships 
between the observed set of features. It is also distinguished by 
the possibility to the automatically determine the number of 
clusters of a given dataset. The use of the latent variable, in this 
clustering model, is beneficent. From the one hand, it abstracts 
the complex relations between the features. From the other hand, 
it provides a partial partition of the instances while using a sub-
set of features. Our proposed method is, therefore, robust to the 
over-fitting problem caused by the low number of instances in 
the high-dimensional data. The experimental results validated 
these advantages of our proposed instances’ clustering model. 
As future work, we propose to enhance our proposed algorithm 
so as to be able to cluster the instances of extremely high-
dimensional datasets (i.e. with thousands of features). We also 
opt for applying our method for real-life problems.  
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Abstract—This paper proposes a new adaptation of the ant colony
optimization metaheuristic to learn Bayesian networks structures. The

Ant based algorithm for Bayesian networks structures learning (Ant-B-
Learn) is a score based algorithm where ants are constructive heuristics
with both forward and backward behavior. Experimental results on real

data sets and by comparison with other heuristic based algorithm have

shown the effectiveness of the Ant-B-Learn.

I. INTRODUCTION

As a method of reasoning under uncertainty Bayesian networks

(BNs) have become so popular within the artificial intelligence

probability and uncertainty community. In many practical applications

the BNs is unknown and there is a need to learn it from data.

This problem is known as the BN learning problem, informally its

stated as follows: given training data and prior information (e.g.

expert knowledge, causal relationships) estimate the graph topology

(network structure) and then learning network parameters. Learning

the BN structure is considered as a harder problem than learning the

BN parameters because once the BN structure has been learned, the

parameters are usually estimated (in the case of discrete variables)

using the relative frequencies of all combinations of variable states

as exemplified in the data. Learning the structure from data by

considering exhaustively all possible structures is not feasible in most

domains, regardless of the size of the data, since the number of

possible structures grows exponentially with the number of nodes.

Hence, structure learning requires methods that, in a large space of

candidate models, identify a solution that approached the best the

optimal model. Metaheuristics are stochastic search methods in a

space of hypothesis that proceed by sampling an objective function

until converging to an optimal or a near optimal solution. The

Ant Colony Optimisation (ACO) metaheuristic has been successfully

applied to a large number of difficult problems and it is well adapted

to solve problems modeled by graphs. In this paper, we present a new

algorithm for solving the problem of the structure learning of BNs

from data based on the Ant Colony Optimization (ACO) metaheuris-

tic. The Ant-B-Learn algorithm has demonstrated its efficiency on

benchmark data sets when compared with other metheuristics based

algorithms. The reminder of the paper is organized as follows. In

section two we remind basic notions related to the Bayesian Networks

theory and the problem of structure learning of Bayesian networks

from data. In section three, we give a brief overview of related

works. In section four, we describe the basic ideas of Ant Colony

Optimisation metaheuristic. In section five, we detail how we have

adapted the ACO to learn Bayesian networks structures. In section

six, we give and comment the experimental results. Finally, we end

with a general conclusion and some perspectives

II. BASIC NOTIONS RELATED TO BAYESIAN NETWORKS

Bayesian networks are graphical structures for representing the

probabilistic relationships among a large number of variables and

doing probabilistic inference (implication) with those variables [1].

So they are a useful tool in the representation of uncertain knowledge

which is a human reasoning.

A Bayesian network consists of the following:

- There is a set of variables and a set of directed edges between

variables.

- Each variable has a finite set of mutually exclusive states.

- The variable together with the directed edges form an acyclic

directed graph (DAG).

- To each variable A with parents B1, , Bn there is attached a

conditional probability table P (A|B1, , Bn).
- If A has no parents, then the table reduces to the unconditional

probability table P (A).

The DAG of a Bayesian network model is a compact graphical

representation of the dependence and independence properties of the

joint probability distribution represented by the model. Note that if A
has no parents, then the table reduces to the unconditional probability

table P (A). For the DAG in Fig.1., the prior probabilities P (A) and

P (B) must be specified.

To exploit information in data bases, it is necessary to transform

them into probabilistic graphical models. Learning a Bayesian net-

work from data involves tow subtasks: learning the structure of the

network (i.e. determining what depends on what) and learning the

parameters (i.e. the strength of the dependencies). Structure learning

is a hard task, because of all difficulties related to it, we mention for

example:



Fig.1. A directed acyclic graph (DAG). The probabilities to specify

are P (A),P (B),P (C|A,B),P (E|C),P (D|C),P (F |E), and

P (G|D,E, F ).

• Node ordered requirement: many BN-learning algorithms re-

quire additional information, notably an ordering of the nodes

to reduce the search space.

• Computational complexity: the space of all Bayesian network

structures is extremely large because the number of different

structuresf(n) , grows more than exponentially in the number

n of nodes.

There are basically two approaches used for learning the structure

of Bayesian networks; constraint-based and score-based [2]. The

constraint based methods establish a set of conditional independence

statements holding for the data, and use this set to build a network

with d-separation properties corresponding to the conditional inde-

pendence properties determined. The Score-based learning assigns a

number (a score) to each Bayesian network structure. The objective

of score based learning is to resolve the problem of the exhaustive

search by ideas like restriction at the tree space, nodes ordering and

Greedy search [3].

III. RELATED WORKS

Metaheuristics such as Genetic Algorithms and Ant Colony Opti-

mization were applied to solve the problem of the structure learning

of Bayesian networks. The first adaptation of the genetic algorithm to

the problem is due to Larranage [4]. A Bayesian network structure is

a one dimensional array that concatenates the lines of the adjacency

matrix of the DAG of the BN. Later, Larranage and al [5] propose four

hybrid algorithms to overcome the drawbacks of their first one. They

impose an order to matrix elements, so if cij designs the existence

of an arc between variable i and variable j, the inequality i > j
is originated in the assumed ancestral order between the variables.

Because of the inequality the crossover and the mutation operators to

be used are closed operators. And that helps to generate valid models.

In J. Lee and al [6] a BN structure is represented as a pair of

chromosomes (ordering chromosome and the connection chromo-

some):. The ordering chromosome consists of indices of variables.

If there are n root nodes (nodes with no parents), the first n genes

of the chromosome are the indices of the root nodes. The next genes

are the indices of the children nodes of the root nodes without

overlaps. This structure is repeated until the whole variables show

up. The connection chromosome denotes the connectivity matrices

which defines the dependency relation between the variables. The

genetic operations are only applied to the first chromosome. But the

second one is also automatically changed to accommodate the change

of the first chromosome.

The first adaptation of the ACO metaheuristic for learning Bayesian

Networks structures was called ACO-B[7] and was proposed by Luis

M. de Campos and all. ACO-B is a scoring based algorithm which

main idea is: each ant constructs a BN structure by adding one edge at

a time while starting with an empty graph while taking into account

the pheromone intensity of an edge and the heuristic information

which is based on measuring the k2 score during the process of the

construction of the BN structure in a feasible solution space. In their

approach, JI Jun-Zhong and all [8] combine the ideas of two basic

approaches to learn a BN structure with ACO. The first approach

on which they are based is learning structure of a BN by means

of performing effective conditional independence tests on sample

data and distinguishing all connected relationship among nodes. The

second approach is performed by considering a learning model of a

BN structure to learn it using score functions.

In this paper we learn BN by an adaptation of the ACO. The Ant-B-

Learn allows forward and backward decisions in the ants construction

heuristic.

IV. BASIC IDEAS OF ANT COLONY OPTIMISATION

METAHEURISTIC

Ant Colony Optimization was introduced by Marco Dorigo and his

colleagues in the early 1990s. The first ACO algorithm was called

Ant System (AS)[9] and it was aimed to solve the travelling salesman

problem (TSP). The TSP is a problem of a salesman who wants

to find a shortest path starting from one city, passing once by a

given set of cities and then return to departure city. For Dorigo and

his colleagues they modeled the TSP problem as a graph (N,E,w)
where N is the set of cities, E is the set of edges between cities

and w is the set of edges weight that corresponds to the distance

between two cities. They consider a colony of m ants where m is

a parameter of the algorithm. When the ant ak is positioned on the

city i, it has to choose the next city to visit among Γ(k, i) cities. In

order to satisfy the constraint that an ant visits all the n cities once,

when a tour is completed; the list Γ(k, 0) is composed of all the

cities initially and every time an ant visit a city i it is removed from

Γ. The ant ak moves from its current city i to the city j with the

transition probability defined as:

pkij(t) =







[τij(t)]
α.[ηij ]

β

∑
l∈Γ(k,i)[τil(t)]

α.[ηil]
β if j ∈ Γ(k, i)

0 otherwise

(1)

τij(t) is a function of the trail intensity which gives information

about how many ants in the past have chosen that same edge (i, j);
the second, the visibility ηij which says that the closer j to i is the

more desirable it is.

The parameters α and β are two desirability measures that control

the relative importance of trail versus visibility.When the ant com-

pletes a tour, the value of the tour cost Lk to minimize is computed

and the values ∆τkij are updated.

At the start, initial values τ0 for trail intensity are set on edges.

Then, the trail intensity is updated at each iteration of the ACO

according by ants traversing the arcs and a global pheromone update

is performed by the best ant. This process is iterated until the tour

counter reaches the maximum (user- defined) number of cycles, or

all ants make the same tour. We call this last case stagnation behavior

because it denotes a situation in which the algorithm stops searching

for alternative solutions.



V. ANT-B-LEARN : AN ANT BASED ALGORITHM FOR

BAYESIAN NETWORKS LEARNING

The proposed ant colony optimization algorithm for Bayesian

network structure learning (Ant-B-Learn) is a score based algorithm.

The Ant-B-Learn algorithm is a constructive heuristic where each ant

constructs a complete solution to the problem while maximizing the

bayes metric score function. The behavior of an ant is function of

the global knowledge of the colony and of some trivial heuristic that

might be used by the ant if it is left at its own.

In previous works based on the ant colony metaheuristic to solve

this problem, each ant starts from an empty graph and adds at

each step one edge to its partial solution. Thus, the ants havent the

possibility to turn back on decisions made on the previous iterations.

In the Ant-B-Learn algorithm, ants have the possibility to make

a backtracking by deleting an edge from the current graph if this

deletion increases the score of the BN.

In the next sub-sections, we will describe in details the Ant-B-

Learn algorithm.

A. Ant constructive heuristic

To construct its own solution each ant k(k = 1, 2, .,m) starts from

the empty graph G0 (arcs-less DAG) and proceeds either by adding

or by deleting (after adding some arcs) an arc at one time until no

score gain is possible.

We denote by Gh the current graph modeling an incomplete BN

structure. Gh is a graph with all nodes Xi ∈ X , exactly h arcs and no

directed cycles. Suppose there are a feasible candidate directed arcs

to add and d feasible candidate directed arcs to delete. The addition of

an arc is forbidden if it already exists in the current graph or it leads

to a cycle formation. The deletion of an arc is not feasible if it leads

to a reduction of the score value. By mean of heuristic information

and pheromone intensity the ant selects one arc aij and add it to the

graph Gh, or select an existing arc aef and remove it from the graph

Gh. Thus, the new state is denoted as Gh+1 = Gh ∪ {aij} in the

case of arc addition and Gh−1 = Gh − {aef} in the case of graph

deletion. A modification of the state of the graph Gh is allowed only

if it improves the score value. Once there is no way to make the

score of a Bayesian network structure higher by adding or deleting

an arc, the construction process is ended and the ant gets its solution

Gg . The figure Fig.2. below shows the construction mechanism.

FIG.2. The construction process of a BN for an ant

Let Γ(Gh,+) be the set of feasible arcs that can be added to the

partial graph Gh . The ant selects from Γ(Gh,+), the arc (i, j) that

maximizes the quantity [τrl(t)].[ηrl](t)]
β where (r, l) ∈ Γ(Gh,+) .

Let ∆score(Gh,+, (i, j)) be the increase of the score value due to

the addition of the arc (i, j) to the graph Gh.

Let Γ(Gh,−) be the set of feasible arcs that can be deleted

from the partial graph Gh. The ant selects from Γ(Gh,−), the arc

(i, j) that maximizes the quantity [ηrl(t)]
β/[τrl(t)] where (r, l) ∈

Γ(Gh,−) and let ∆score(Gh,−, (i
′

, j
′

)) be the increase of the score

value due to the deletion of the arc (i
′

, j
′

) from the graph Gh.

An ant k could whether proceeds by adding or deleting an arc

according to a probabilistic transition rule that it selects a directed

arc aij to add or select a directed arc a
i
′
j
′ to delete, from the current

candidate arcs to add or to delete. The decision rule (3.5) applied by

an ant at the decision point where it has a current partial graph Gh

(which was an empty graph at first decision point) is the following:

(u,v)=































argmax(∆score(Gh,+, (i, j)),∆score(Gh,−, (i
′

, j
′

)) if q ≤ q0

where

(i, j) = argmaxr,l∈Γ(Gh,+){[τrl(t)].[ηrl(t)]
β}

(i
′

, j
′

) = argmaxr,l∈Γ(Gh,−){
[ηrl(t)]

β

[τrl(t)]
}

I,J otherwise

(2)

The term ηrl(t) represents the heuristic information of the directed

arc arl and τrl(t) is the quantity of the pheromone deposited on the

arc arl. The parameter β is a weighted coefficient which controls the

importance of the heuristic information ηrl(t) versus the pheromone

rate ηrl(t) to influence the selection of arc. If β equals 0 only the

pheromone rate influences the decision of the ant. The parameter

q0(0 < q0 ≤ 1) determines the relative importance of exploitation

versus exploration, q(q ∈ [0, 1]) is a random number.

- First case we have q ≤ q0 so :

If ∆score(Gh,+, (i, j)) is higher than ∆score(Gh,−, (i
′

, j
′

))

then the arc (i, j) is added otherwise a deletion of the arc (i
′

, j
′

)
is performed.

- Second case q > q0 so:

I and J are a pair of nodes randomly selected to be add

according to the probability in (3).

pkij(t) =







[τij(t)]
α.[ηij(t)]

β

∑
r,l∈Γ(Gh,+)[τrl(t)]

α.[ηrl]
β if (i,j) ∈ Γ(Gh,+)

0 otherwise

(3)

Where the parameter α depicts the relative importance of the

pheromone τrl(t) left by real ants.

B. Local pheromone update

Initially, the pheromone intensity of every directed arc is a constant

value τ0, i.e.,τij(0) = τ0. When an ant completes the construction

of its solution, it performs a local update of the pheromone intensity

on all directed arcs selected in this solution. If the arc aij belongs to

the current solution then the pheromone level of the corresponding

arc is changed in the following way:

τij(t+ 1) = (1− ψ)τij(t) + ψτ0 (4)

Where τ0 is a constant related with the initial solution, 0 < ψ ≤ 1
is a parameter that controls the pheromone evaporation.

C. Global pheromone update

At each iteration of the algorithm, the colony updates the best

solution obtained so far by means of the bayes metric, and performs

the global updating rule for each arc of the current best solution.



τij = (1− ρ)τij + ρ∆τij (5)

With :

∆τij =

{

1

|f(G+:D)|
′ if aij ∈ G

+

τij otherwise
(6)

Where 0 < ρ ≤ 1 is also a parameter of the pheromone

evaporation, and f(G+ : D) is the metric value of the best solution

G+.

D. The algorithm

The main difference between our algorithm and the previous ones

which are based on the ACO is that in the Ant-B-Learn algorithm,

an ant has the possibility to return back on previous decisions and

it has the possibility to delete an already added arc in the previous

iterations.

The Ant-B-Learn algorithm executes a number of NC iterations

where at each iteration the m ants of the colony construct indepen-

dently their solutions and the best one will be picked by mean of

their score, the algorithm is given below.

Algorithm 1 Ant-B-Learn Algorithm

1: procedure BEGIN PROCEDURE

2: 1) Initialization

3: Initialize m τ0 and NC
4: 2) Search Procedure

5: NC time iteration

6: For l = 1 to NC do:

7:

8: i) For k = 1 to m do:

9: Gk = AntSearchProcedure();
10: Perform local pheromone updating

11: ii) G+
(l) = argmaxkf(Gk : D);

12: iii) If (f(G+
(l) : D) ≥ f(Gk : D)) then G+ = G+

(l);
13: iv) Perform global pheromone updating ;

14:

15: EndFor

16: return G+

17: end procedure

E. The score metric

As the learning goal is to achieve the best BN structure whose

score is the maximum, the heuristic information function of a directed

arc can be interpreted as the greatest increase produced in f score

when the arc is added or deleted from the graph. The heuristic

information will be calculated by mean of Bayes [10] metric which

is a decomposable score.

According to the decomposability of metric Bayes the operator that

adds an arc Xj → Xi to the current Gh will bring:

f(G(h+1) : D)− f(Gh : D) =

f(Xi,Π(Xi) ∪ (Xj))− f(Xi,∪(Xi))
(7)

The operator that deletes an arc Xe → Xf to the current Gh will

bring:

f(G(h−1) : D)− f(Gh : D) =

f(Xf ,Π(Xf )−Xe)− f(Xf ,Π(Xf ))
(8)

The Bayes metric of a Bayesian network structure GD for a

database D is:

QBayes(GS , D) =

P (GS)Π
n
i=0Π

qi
j=1

Γ(N
′

ij)

Γ(N
′

ij +Ni)
Πri

k=1

Γ(N
′

ijk +Nijk)

Γ(N
′

ijk)

(9)

Where

- P (GS) is the prior on the network structure (taken to be

constant hence ignored in the weka implementation).

- Γ(.) the gamma-function.

- D database.

- GS network structure.

- ri (1 ≤ i ≤ n) cardinality of xi.
- qi the cardinality of the parent set of xi in GS (the number of

different values to which the parent of xi can be instantiated).

- N
′

ij and N
′

ijk represent choices of priors on counts restricted

by N
′

ij = Σri
k=1N

′

ijk .

- Nij (1 ≤ i ≤ n, 1 ≤ j ≤ qi) number of records in D for

which pa(xi) takes its jth value.

- Nijk (1 ≤ i ≤ n, 1 ≤ j ≤ qi, 1 ≤ k ≤ ri) number of records

in D for which pa(xi) takes its jth value and for which xi
takes its kth value.So Nij = Σri

k=1Nijk

VI. EXPERIMENTAL RESULTS

To evaluate the performance of our approach, we have performed

the experimental evaluation on the Weka software on benchmark

data sets. The table give for each considered data set the number

of attributes; their type, the number of instances and the number of

classes.

Data set Attributes Type Instances Classes

Weather 5 Numeric 14 2

Iris 5 Numeric 150 3

Glass 10 Numeric 214 7

prima-diabets 9 Numeric 764 2

german-credit 21 Nominal 1000 2

breast-cancer 10 Nominal 286 2

Vote 17 Nominal 435 2

TABLE I: data sets

The parameters of the algorithm are fixed after many simulation

as follow: α = 0.75, β = 0.9, τ0 = 0.7, q0 = 0.9, ψ0 = 0.75 and

ρ0 = 0.75

A. Evaluation measures

To evaluate the performance of a learner, we use some known

measures which may either be maximized or minimized.

• Correctly and Incorrectly Classified Instances: shows the rate

of test instances that were correctly and incorrectly classified.

• The Kappa coefficient: measure the degree of agreement of

two or more judges which are the classifier and the actual class

of the example. The agreement / disagreement between the

two judges can be read directly into the matrix of confusion

measure whose value is even larger than the matrix is diagonal.

The Kappa coefficient is calculated as follows:

kappa =
P0 − Pe

1− Pe

(10)



Where P0 : The proportion of the sample on which both judges

agree (i.e the main diagonal of the confusion matrix). And

Pe =
Σipip.i
n2

where

– pi: sum of the elements of the line i
– p.i: sum of the elements of the column i
– n : sample size[11]

• Mean Absolute error: For each example, we calculate the dif-

ference between the probability (calculated by the classification)

for an example of belonging to his true class, and its initial

probability of belonging to the class that has been fixed in the

set of examples (in general, this probability is 1). It then divides

the sum of these errors by the number of instances in the set

of examples [11].

|p1 − a1|+ · · ·+ |pn − an|

n
(11)

where

– Actual target values: a1a2 . . . an
– Predicted target values: p1p2 . . . pn

• Precision and Recall: In pattern recognition and information

retrieval with binary classification, precision (also called posi-

tive predictive value) is the fraction of retrieved instances that

are relevant, while recall (also known as sensitivity) is the

fraction of relevant instances that are retrieved. Both precision

and recall are therefore based on an understanding and measure

of relevance [11].

Recall =
TP

TP + FN
(12)

Precision =
TP

TP + FP
(13)

• F-Measure : A measure that combines precision and recall is

the harmonic mean of precision and recall [Wikipedia]. This

amount is used to group into a single number performance

classification (for a class) as regards the Recall and Precision

[11]:

FMeasure =
2×Recall × Precision

Recall + Precision
(14)

• ROC-Area : Receiver Operating Characteristic (ROC) curves

measure the capability of a binary test or classifier to correctly

distinguish between positive and negative instances.

B. Discussion of the results

First we test Ant-B-Learn (A-B-L) algorithm and compare the

results obtained by our algorithm with those of the K2, Genetic

Search (GS), Hill Climber (HC) , Simulated Annualing (SA), Tabu

Search (TS) which are learning algorithms in weka. Then we compare

the results with an ACO algorithm (named Ant-ADD) which only

add arcs in their process of structure construction. For 10 runs of

every algorithm, we give the mean of different evaluations measures

to compare our results to other approaches. Despite they show great

results for small data sets Genetic Algorithm couldnt handle with a

big number of attributes. Ant-B-Learn shows good results compared

to K2 and other algorithms in weka. Based on the table of results, we

can clearly see that Ant-B-Learn shows best results for most datasets

in weka, in terms of values of Correctly Classified Instances and

kappa static. It also has the lower values for the error in general;

an algorithm which has a lower error rate will be preferred as it has

more powerful classification capability and ability. The Asia database

is a large real database which is used to test the performance of

approaches; it contains 6058 instances and 8 attributes. The results

on this data set confirm the efficiency of the Ant-B-Learn algorithm.

Data sets Alg CCI Kappa MAE P FM RA

Weather A-B-L 42.85% -0.365 0.503 0.351 0.386 0.333

Genetic Search 64.28% 0.186 0.396 0.629 0.632 0.689

K2 42.85% -0.365 0.516 0.351 0.386 0.333

HillClimber 42.85% -0.365 0.516 0.351 0.386 0.333

SimulatedAnnualing 64.28% 0.186 0.381 0.629 0.632 0.778

TabuSearch 42.85% -0.365 0.516 0.351 0.386 0.333

Iris A-B-L 93.33% 0.9 0.058 0.934 0.933 0.979

Genetic Search 94% 0.91 0.049 0.94 0.94 0.979

K2 92.66% 0.89 0.04 0.927 0.927 0.98

HillClimber 94.66% 0.92 0.0387 0.947 0.947 0.98

SimulatedAnnualing 92.66% 0.89 0.052 0.927 0.927 0.979

TabuSearch 93.33% 0.9 0.0417 0.934 0.933 0.931

breast-cancer A-B-L 74.47% 0.25 0.37 0.733 0.702 0.635

Genetic Search - - - - - -

K2 70.27% 0 0.418 0.494 0.58 0.471

HillClimber 68.93% 0.2601 0.3784 0.691 0.695 0.597

SimulatedAnnualing 73.77% 0.247 0.375 0.718 0.699 0.602

TabuSearch 69.93% 0.2601 0.3784 0.691 0.695 0.597

german-credit A-B-L 70% 0.151 0.38 0.662 0.659 0.677

Genetic Search - - - - - -

K2 72.1% 0.25 0.346 0.698 0.698 0.742

HillClimber 72% 0.2678 0.3516 0.7 0.703 0.728

SimulatedAnnualing 71.7% 0.2758 0.3447 0.7 0.704 0.73

TabuSearch 68.7% 0.1257 0.3613 0.645 0.648 0.708

prima-diabets A-B-L 74.86% 0.434 0.307 0.749 0.747 0.809

Genetic Search - - - - - -

K2 74.47% 0.41 0.32 0.737 0.737 0.792

HillClimber 73.56% 0.3947 0.3188 0.728 0.729 0.794

SimulatedAnnualing 74.34% 0.423 0.313 0.739 0.74 0.8

TabuSearch 73.56% 0.3947 0.3188 0.728 0.729 0.794

Glass A-B-L 72.89% 0.632 0.105 0.731 0.725 0.874

Genetic Search - - - - - -

K2 70.56% 0.59 0.103 0.695 0.876 0.847

HillClimber 70.56% 0.5946 0.1071 0.708 0.685 0.868

SimulatedAnnualing 72.42% 0.6258 0.1101 0.727 0.727 0.878

TabuSearch 70.56% 0.5946 0.1071 0.708 0.685 0.868

Vote A-B-L 93.56% 0.864 0.104 0.936 0.936 0.972

Genetic Search - - - - - -

K2 94.71% 0.88 0.063 0.947 0.947 0.987

HillClimber 94.25% 0.8794 0.0666 0.943 0.943 0.98

SimulatedAnnualing 94.94% 0.8936 0.066 0.95 0.949 0.99

TabuSearch 94.48% 0.8841 0.0691 0.945 0.945 0.97

Asia A-B-L 85.787% 0.713 0.238 0.861 0.861 0.862

Genetic Search 85.737% 0.712 0.238 0.861 0.859 0.856

K2 85.176% 0.699 0.242 0.853 0.861 0.857

HillClimber 84.912% 0.693 0.249 0.850 0.857 0.857

SimulatedAnnualing 84.912% 0.693 0.249 0.850 0.857 0.863

TabuSearch 84.912% 0.693 0.249 0.850 0.859 0.857

TABLE II: A Comparison between Ant-B-Learn algorithm and other

algorithms in weka for different data sets

VII. CONCLUSION AND PERSPECTIVES

The Ant-B-Learn algorithm merges a local score measure with

pheromone intensity on arcs to find best solutions. Dealing with an

empty graph, ants proceed by adding arcs and then iteratively whether

by adding or deleting arcs in the aim to construct a structure with

maximized score. The empirical results show good results first when

comparing the performance of our approach to approaches in weka

like HillClimber and K2 algorithm, second to a developed algorithm

which mainly just adds arcs without a possibility of removing arcs

when constructing a solution. We have done also many tests to fix

parameters related to ACO metaheurstic because these parameters

influence the quality of the results. Evaluation measures in weka

give us a clear evaluation of our approach, because it gives us the

opportunity to test it on small and large data sets and to compare

it with other approaches. Our future work is applying our algorithm

to some real-life data mining problems, and improving the approach

either by applying a new score or extending this approach to more

complicated problems like incomplete data sets hidden variable, and



multi-relational data.
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Abstract— In recent years, deep neural networks have won 

numerous contests in various natural language processing tasks. 

It tries to mimic the human brain, which is capable of processing 

and learning from the input data and solving different kinds of 

complicated tasks well without require neither any hand craft 

features nor separately tuned components. Word embeddings 

resulting from neural networks models have been shown to be a 

great asset for a large variety of NLP tasks such as sentiment 

analysis and computing semantic similarity. In this paper, we 

explore some well known deep learning models proposed in the 

NLP field. Then, we review some contributions based on 

word2vec, well known neural network model. Finally, we present 

an application for concepts extraction based on word2vec as 

words representations method and K-means as clustering 

algorithm. 

Keywords—deep learning; word embedding; semantic 

similarity;  word2vec; natural language processing, concept 

extraction 

I. INTRODUCTION  

Natural language processing (NLP) aims to process text 
with computers in order to analyze it, extract information and 
eventually to represent the same information differently. We 
may want to associate categories to parts of the text (e.g. POS 
tagging or sentiment analysis), structure text differently (e.g. 
parsing), or computing semantic similarity of words in order to 
determine a list of concepts or similar words or sentences or 
documents. The use of neural networks for NLP applications is 
attracting huge interest in the research community and they are 
systematically applied to all NLP tasks. 

In recent years we have witnessed a resurgence in the field 
of neural networks which it is based on the representation of 
the data through multiple layers. This topic is referred to as 
deep learning. Recent studies have shown that deep learning 
methods perform very well on various natural language 
processing tasks. In most NLP approaches, documents or 
sentences are represented by a sparse bag-of-words 
representation. There is now a surge of interest in single word 
vector spaces which goes beyond this by adopting a distributed 
representation of words, by constructing a vector space 
representation for each word, called a word embedding. These 
distributed representations have proven the capacity to 
encapsulate the semantic and syntactic structure of language 
while remaining a fixed-length real-valued vector, allowing for 
easy usage and extension into a variety of tasks. An important 
step was the introduction of continuous representations of 

words. These word embeddings are now the state-of-the-art in 
NLP. Among successful works, we cite  the study of Collobert 
and Weston [1], Turian et al., 2010 [2],  Collobert et al. [3] and 
Mikolov et al. [4]. Reference [4] introduce the word2vec 
model, an efficient method for learning high quality vector 
representations of words. We focus on this model as it 
represents an interesting state-of-the-art for distributed 
semantic representation in the NLP field and we describe some 
contributions based on this neural network method. At the end 
of this paper, we present our application to extract the semantic 
concepts of the considered basedata. To attend our goal, we use 
the word2vec model to represent words and K-means as 
unsupervised classifier to build up concepts. 

The remainder of this paper is organized as follows: 
Section 2 introduces the concept of deep learning, some of its 
architectures, word embeddings and semantic similarity. We 
summarize some relevant previous works for natural laguage 
processing in Section 3. Word2vec and some of its based work 
is presented in Section 4.  In section 6, we present our 
application for concept extraction. Section 5 is conclusion. 

II. BACKGROUND 

A. Deep Learning 

Deep learning research aims at discovering learning 
algorithms that discover multiple levels of distributed 
representations, with higher levels representing more abstract 
concepts. A central idea of deep learning is referred to as 
greedy layerwise unsupervised pre-training, which is to learn a 
hierarchy of features one level at a time [5]. The features 
learning process can be purely unsupervised and is trying to 
learn a new transformation at each level to be composed with 
the previously learned transformations. The greedy layerwise 
unsupervised pre-training [6-8] is based on training each layer 
with an unsupervised learning algorithm, taking the features 
produced at the previous level as input for the next level. Each 
iteration of unsupervised feature learning adds one layer of 
weights to a deep neural network. It is then straightforward to 
extracted features either as input to a standard supervised 
machine learning classifier or as initialization for a deep 
supervised neural network. The most attractive quality of deep 
networks is that they can perform well without any external 
hand-designed resources or time-intensive feature engineering.  

The architecture of a deep neural network is drawn in 
Figure 1. 



 

Fig. 1. The architecture of  deep neural networks 

B. Deep architectures 

There are several deep architectures, but DBNs, auto-

encoders and RNNs have been successfully used for numerous 

tasks. 

Deep Belief Networks are probably amongst the most 

famous and basic kind of deep neural network architectures. It 

is a generative probabilistic model with one visible layer at the 

bottom and many hidden layers up to the output. Each hidden 

layer unit learns the statistical representation via the links to the 

lower layers. The more higher the layers are the representations 

and they are the more complex [9]. Deep Belief Networks are 

stacks of Restricted Boltzmann Machines (RBMs) followed by 

fine tuning. RBM is a two-layer network, which can be trained 

reasonably efficiently in an unsupervised fashion.  

Autoencoders are simple learning networks which aim to 

transform inputs into outputs with the least possible amount of 

distortion. Stacked auto-encoders are stacked auto-encoders 

and they are trained bottom up in unsupervised fashion, 

followed by a supervised learning phase to train the top layer 

and fine-tune the entire architecture.  

Recurrent Neural Networks (RNNs), have connections that 

have loops, adding feedback and memory to the networks over 

time. This memory allows this type of network to learn and 

generalize across sequences of inputs rather than individual 

patterns. In fact, new information is added in every layer 

(every network iteration), and the network can pass this 

information on for an indefinite number of network updates. 

C. Word embeddings  

Distributed word representations are a critical component 
of many natural language processing applications such as 
information retrieval, search query expansions, or representing 
semantics of words. It is common to represent words as indices 
in a vocabulary, but this fails to capture the rich relational 
structure of the lexicon. In recent years, vector-based models, 
also referred to as word embeddings, have proven to do much 
better in this regard. They consist at mapped each word of the 
corpus text to a set of numbers in a high-dimensional space. 
These word embeddings have shown the capacity to 
encapsulate the semantic and syntactic structure of language 

while remaining a fixed-length real-valued vector. They 
encode continuous similarities between words as distance or 
angle between word vectors in a high-dimensional space. 

D. Semantic Similarity 

Understanding the meaning of a piece of text is a 
fundamental challenge of natural language processing. Humans 
can compute semantic similarity due to their background 
knowledge about words and their interpretation ability. 
However, for a machine to “understand” a piece of text and 
compute semantic similarity of words which have multiple 
meanings is still remained as an ambiguous task. It must be 
noted that the meaning of each word is depend on the  words in 
its context and humans can interpret the meaning of a word 
according to its context. The main challenge refers to machines 
and how they deal with natural language and interpret 
concepts. Distributed representations of words in a vector 
space help learning algorithms to achieve better performance in 
natural language processing tasks by grouping similar words. 

III. DEEP LEARNING FOR NLP 

Neural network based deep learning methods have recently 
been shown to perform well on various natural language 
processing tasks. A number of methods have been explored to 
train and apply word embeddings using continuous models for 
language. In the well-known work on NLP, Collobert and 
Weston [1] developed and employed a convolutional neural 
network architecure to learn embeddings in an unsupervised 
manner through a contrastive estimation technique. They 
define a unified architecture for natural language processing 
that solve simulateously a number of classic problems 
including part-of-speech tagging, chunking, named entity 
tagging, semantic role identification and similar word 
identification.  

In [3],  Collobert et al., provide a comprehensive review on 
ways of applying unified neural network architectures and 
related deep learning algorithms to solve NLP problems from 
“scratch”. The proposed system learn automatically internal 
representations or word embedding from vast amounts of 
mostly unlabeled training data while performing a wide range 
of  NLP tasks. It was proposed to use a time-delay neural 
network which ran over words and a decoder layer calculating 
sentence-level likelihood using transition matrix at the top to 
find the best tag sequence at the sentence level. 

In [10], a recurrent neural network architecture is 
successfully applied to sentiment analysis for semantic 
compositionality. It was applied with local context to build a 
deep architecture. Despite missing global context, the network 
was proven to be capable of successful merging of natural 
language words based on the learned semantic transformations 
of their original features.  

In [11], wu et al. introduce a deep semantic embedding 
networks which is a supervised learning algorithm that 
computes semantic representation for text documents by 
respecting their similarity to a given query. Unlike other 
methods that use single layer learning machines, deep semantic 
embedding networks maps word inputs into a low dimensional 
semantic space with deep neural network, and achieves a 



highly nonlinear embedding to model the human perception of 
text semantics. Through discriminative fine tuning of the deep 
neural network, the proposed network is able to encode the 
relative similarity between relevant/irrelevant document pairs 
in training data, and hence learn a reliable ranking score for a 
query-document pair [11]. 

More recently, Mikolov et al. [4]  introduce word2vec, a 
novel word embedding procedure. Their model offers two 
architectures based on neural network language model [1,12], 
continuous bag-of-words (CBOW) and Skip-gram. This model 
has proved effective in several tasks in natural language 
processing. We will describe this neural network and its 
alternative models in the next section. 

IV. WORD2VEC AND ITS ALTERNATIVE MODELS  

Word2vec was designed to handle a large amount of texts 
and inferring a linear structure that models semantic and 
syntactic relations linking words. As mentioned above, this 
method offers two artificial neural networks architecture: the 
CBOW architecture and Skip-gram architecture. In CBOW 
model, a word is predicted from its surrounding words whereas 
for Skip-gram, multiple surrounding words are predicted from 
one input word. It built for each word a context window which  
corresponds to the n previous words and n next words for a 
central word. Within this window, all words are treated 
equally. To avoid computing a full softmax over the entire 
vocabulary, hierarchical softmax can be applied on a Huffman 
tree representation of the vocabulary, which saves calculations, 
at the potential loss of some accuracy. An additional strategy to 
get better embeddings is negative sampling, where, instead of 
only using the words observed next to one another in the 
training data as positive examples, random words are sampled 
from the corpus and presented to the network as negative 
examples. As result for this model, words whose meanings are 
related are generally closer in terms of euclidean distance than 
between unrelated words. 

An alternative way of getting word embeddings, called 
GloVe (Global Vectors), is proposed in [13]. Rather than being 
based on language models it is based on global matrix 
factorisation. Only a word-word co-occurrence matrix is used. 
GloVe avoids the large computational cost, but training 
directly on the non-zero elements in it. As a cost function, the 
model uses a weighted least squares variant. The weighting 
function has two parameters, an exponent and a maximum cut-
off value that influence the performance.  

As well, Le and Mikolov [14] learn a dense representation 
for documents using a simplified neural language model, 
inspired by the word2vec. Their algorithm aims to calculate 
paragraph vectors, by adding an explicit paragraph feature to 
the input of the neural network. In [14], a convolutional neural 
network, built on top of word2vec word embeddings, is 
proposed for matching natural language sentences. This 
network can nicely combine the hierarchical sentence modeling 
through layer-by-layer composition and pooling, and the 
capturing of the rich matching patterns at different levels of 
abstraction.  

Another work based on word2vec word embeddings is 
presented in [15]. In this work, a convolutional neural network 

is trained on top of word2vec word embeddings. The method is 
only evaluated on sentence classification tasks, not on semantic 
similarity. 

In [16], Mikolov et al. present another contribution for 
learning representations of phrases. The idea is that many 
phrases have a meaning that is not a simple composition of the 
meanings of its individual words. To learn vector 
representation for phrases, they find words that appear 
frequently together, and infrequently in other contexts. 
Word2phrase was based on the skip-gram word2vec model. 

V. APPLICATION TO CONCEPT EXTRACTION 

In this section, we aim to automatically identify semantic 
concept related to an application; a touristic basedata. To build 
up the appropriate concepts, the corpus words has to be 
gathered in several classes, each class will represent one 
semantic concept. To do this, we used the unsupervised 
classification method K-means. In fact, the K-means will 
decide which words to group in the same class according to 
their representation. Thus, semantically significant words 
representations constitutes a key step in the building up of the 
list of concepts. As word2vec has proven its efficiency in 
various NLP tasks, we employed this neural network for 
determining the words representation. The used corpus 
contains 821 words in English.  We considered 8 concepts. To 
evaluate results, we calculate the F-measure well known 
measure which is designed as follows: 
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Where nij is the number of words present in both concepts Ci 

and Cj. Ni and Nj represent the total number of words of t-he 

concept Ci and Cj. 
We achieved an F-measure rate equals to 92.35%. This 

result is so satisfactory. It is noted that the K-means based 
word2vec representations finds a coherent list of concepts 
which are related to the considered application. The considered 
reference concepts were prepared manually.  

TABLE I.  SOME OBTAINED CONCEPTS EXAMPLE 

Concept Group of words 

Concept 1 

Favourites, preferred, chosen, appreciated, adored, 
liked, loved 

Concept2 Tunis, Djerba, Sousse, Paris, Hammemet, Londres 

Concept3 
Dining, mall, shopping, shops, buy, pay, money, visit, 
discover 

Concept4 Discover, travels, flights 



VI. CONCLUSION 

Learning good semantic vector representations is a 
challenging and on going area of research in natural language 
processing. Recently, deep learning models have been proven 
to be one of the most powerful methods in tackling this 
problem. In this paper, we present deep learning, word 
embeddings and semantic similarity concepts and review some 
relevant deep neural networks for natural language processing. 
Word2vec is one of neural networks models which has proven 
its efficiency in a variety of natural language processing and be 
the most used as state-of-the art. In order to extract concepts of 
our application, we have firstly employed this model to 
construct words representations. Then, we used the K-means to 
classify to words according to their representation. We give 
good results that demonstrate the efficiency of using K-means 
based word2vec representation for extracting concepts. 
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Abstract— Big Data has become a tempting solution for 

companies that aim at building competitiveness through the use 

of their customer data, suppliers, products, processes, machines, 

etc. Big Data can create efficient challenging solutions in health, 

security, government and more; and usher in a new era of 

analytics and decisions. Knowledge discovery in Big Data 

comprises a set of methods and techniques used to identify, 

create, represent, predict, and enable creating experience that 

can constitute a real immaterial capital. However, to explore 

significant meaning to the perpetual tsunami of data, Big Data 

needs Data Mining. In turn, to broaden the scope of its targeted 

analyses, Data Mining requires Big Data. Thus, there is a 

complementary relation between these two major concepts. This 

paper presents a state of art where we try to make a comparison 

of Machine Learning techniques applied in Big Data and the best 

performing technique. 

Keywords—Big Data; data mining; Machine Learning; 

Bayesian network; 

I. INTRODUCTION 

Processing huge amounts of data stored using computers to 
extract relevant information has become the stake of the twenty 
first century’s data processing worldwide. It is necessary to 
have a model making a link between the different observations 
and reality, even when observations are incomplete and 
inaccurate. We seek to find relevant relationships between 
variables or groups of variables. 

Big Data relate data in large volumes, complex, from 
different sources and of different types. With the rapid 
development of networks, data storage, and data collection 
capacity, Big Data is now expanding in numerous scientific 
and technical areas, including physics, biology and 
biomedicine. Large-scale data sets are collected and studied in 
numerous domains, from engineering sciences to social 
networks, commerce, biomolecular research, and security [1]. 
The issue of Big Data research is typically highlighted with 3 
V that denote: volume, variety and velocity. However, other 
characteristics should not be neglected as the versatility, 
accuracy, and recovery of data and information. So, we can 
take advantage of Big Data by knowledge discovery to 
understand or predict, hence the role of Machine Learning.  

The remaining sections of the paper are organized as 
follows. We discuss in section II the basic concepts of Big 

Data, knowledge discovery in Big Data and Machine Learning, 
and we show the specify of Machine Learning in Big Data. In 
section III, we make a comparative study between the main 
techniques of Machine Learning according to the knowledge 
discovery in Big Data. In section IV, we discuss the advantages 
of Bayesian network in the context of Big Data. The last 
section presents conclusions drawn from this state of art. 

II. BACKROUND AND DEFINITIONS 

      In this section, we first broach the Big Data environment 
and its main characteristics and then the background of 
Knowledge discovery in Big Data. 

A. Era of Big Data 

Actually, Big Data does not have a unique definition; 
different works have defined it in different ways. Gartner [2] 
defines Big Data as high volume, high velocity, and high 
variety information assets that require new forms of processing 
to enable enhanced decision making, insight discovery, and 
process optimization. As for Jacobs, he specifies in [3] that Big 
Data is data whose size forces us to look beyond the tried-and-
true methods that are prevalent at that time. To simplify the 
meaning of Big Data, the concept is defined within the concept 
of the 3V model, which is presented by the IBM researchers 
[4] as illustrated in Figure 1. 

• Volume (size): Actually, it is very normal to have 
Terabytes and Petabytes of storage system for enterprises. As 
the database grows the applications and architecture built to 
support the data needs to be revaluated always. According to 
[5], in 2011, digital information has grown nine times in 
volume in just 5 years and its amount in the world will reach 
35 trillion gigabytes by 2020 [6]. 

• Velocity (streaming data): Social media explosion has 
changed our vision to data. People reply more and more on 
social media to update them with the latest happening. The data 
movement is now real time and the update window has 
minimized to fractions of the seconds. 

• Variety (structured and unstructured data): The real 
world has data in many different formats and this is one among 
the important challenges we need to face with Big Data. Data 
can be stored in multiple structured formats like excel, 
database,  access. It can also be stored in  unstructured  formats  



 

like videos, SMS, pdf or something we can have not thought 
of. 

 

            
                 Volume               Velocity                Variety 
 

Figure 1. The 3V model defining Big Data 

B. Knowledge discovery and data mining in Big Data 

The knowledge extraction and data mining is to make sense 
of large amounts of data, from a certain area, massively 
captured and stored by businesses today. Indeed, the real value 
is not in the acquisition and storage of data, but rather in our 
ability to extract useful reports and find trends and interesting 
correlations to support decisions made by the makers of 
companies and scientists. This extraction uses a range of 
techniques, methods, algorithms and tools origins statistics, 
artificial intelligence, databases, etc. However, before 
attempting to extract useful knowledge from data, it is 
important to have a clear procedure and understand the overall 
approach. In fact, just knowing data analysis algorithms and 
apply them on hand in the data is not sufficient for the conduct 
of a data mining project. Certainly, a blind application of data 
mining methods on data in hand can lead to the discovery of 
knowledge incomprehensible or even useless for the end user 
[7]. 

It is mainly for this reason that the activity of knowledge 
extraction and data mining was quickly organized in the form 
of a process called Knowledge Discovery in Databases (KDD). 
This process is presented as a complex, non-trivial, consisting 
of several iterative steps, and requires a permanent interactivity 
by the expert user. The process provides a roadmap to be 
followed by practitioners in the planning and implementation 
of knowledge extraction projects from data. 

C. Machine Learning  

The Machine Learning (ML) is a set of statistical tools or 
geometric and computer algorithms that automate the 
construction of a prediction function f from a set of 
observations called the training set [8]. It is a highly 
interdisciplinary field building upon ideas from many different 
kinds of fields such as artificial intelligence, optimization 
theory, information theory, statistics, cognitive science, optimal 
control, and many other disciplines of science, engineering, 
and mathematics [9–12]. Because of its implementation in a 
wide   range  of  applications,  Machine  Learning  has  covered  

 

almost every scientific domain, which has brought great impact 
on science and society [13]. It has been used on a variety of 
problems, including recommendation engines, recognition 
systems, informatics and data mining, and autonomous control 
systems [14]. 

ML is therefore a fundamental data-driven approach. It is 
deemed helpful to build decision support systems that adapt to 
the data and for which no treatment algorithm is listed. We find 
the following terms to describe ML: 

•   ML can create systems that learn their own rules. 

•   ML retrieves a program from the data. 

•  ML model learns by itself associations and similarities 
from different data sets. 

Generally, the field of Machine Learning is divided into 
three subdomains: supervised learning, unsupervised learning, 
and reinforcement learning [15]. 

 Briefly, supervised learning requires training with labelled 
data which has inputs and desired outputs. 

In contrast with the supervised learning, unsupervised learning 
does not require labelled training data and the environment 
only provides inputs without desired targets. Reinforcement 
learning enables learning from feedback received through 
interactions with an external environment. 

D. Specificity of Machine Learning for Big Data 

Machine Learning for Big Data requires specific methods 
because it must take into account that the 3 V characterizing 
the term "Big Data" leaves open the crucial question of what 
the big challenge in the "Big Data" is. 

The first interpretation suggested by the "V" = volume of 3V: 
what is big is the volume of data. So a large volume of data 
requires techniques that have the power to be able to overcome 
this difficulty. 

The second interpretation suggested by the "V" = variety: what 
is great is the number of parameters that characterize each 
observation in some contexts. That Big Data number of 
parameters could number in thousands. So, we need to find the 
solution to address the heterogeneity of data. 

The third interpretation, suggested by the "V" = velocity: what 
is great is the frequency at which data are generated, captured 
and shared. For this criteria, we must find the right technical 
solution that can handle high-speed data.  

So, we have 3 essential critical issues of Machine Learning 
techniques for Big Data from three different perspectives, as 
described in Figure. 2, including learning for large scale of 
data, learning for different types of data, learning for high 
speed of streaming data [16]. 



 

Figure 2. The critical issues of Machine Learning for Big Data 

III. COMPARATIVE STUDY 

In this section, we compare the main ML techniques that 
can be applied to Big Data from the perspective of knowledge 
extraction. 

A. Comparison criteria 

we analyse and compare the techniques according to 6 
criteria: 

· Discrete variables  

· Continuous variables 

· Large classes 

· Large number of variables 

· Missing data 

· Time 

· Mixed data 

B. Main Machine Learning techniques 

1) Decision tree  
Decision trees [17] (also known as classification trees) are 
probably one of the most intuitive and frequently used data 
mining techniques. From an analyst’s point of view, they are 
easy to set up and from a business user’s point of view they 
are easy to interpret. Classification trees, as the name implies, 
are used to separate a data set into classes belonging to the 
response variable. Usually, the response variable has two 
classes: Yes, or No (1 or 0). If the response variable has more 
than two categories, then variants of the developed decision 
tree algorithm may be applied. In either case, classification 
trees are used when the response or target variable is 
categorical in nature. 
 

2) Bayesian networks 
Judea Pearl has pioneered Bayesian Networks, from its work 
on the 80 probabilistic reasoning in intelligent systems [18]. 
Bayesian networks are models that come from the marriage 
between graph theory and probability theory. They use the 
basic rule Bayes theorem, hence their name. Indeed, a 
Bayesian network is described by a graph and a set of 

parameters. The graph is shown as nodes connected to each 
other by directed arcs. The parameters are all the probabilities 
of each graph node to other nodes conditionally. 
 

3) Support Vector Machine  
Support Vector Machine (SVM) [19] formulate the 
classification problem as a quadratic optimization problem 
related to maximizing the maximum margin. 
This choice is justified by the statistical learning theory, which 
shows that the border separating maximum margin has the 
smallest generalization error. 
The margin is the distance between the border of separation 
and the nearest samples (support vectors). 
In the non-linearly separable case, the key idea is to transform 
the representation space of input data in a larger description 
space (possibly infinite), wherein it is likely that there is a 
linear separator through a core function, the kernel functions 
for transforming a scalar product in a large space in a single 
point assessment of a function (kernel trick). 
 

4) Neural network  
A neural network [20] is a computation model whose 
schematic operation is based on the operation of biological 
neurons. Each neuron is a weighted sum of its inputs (or 
synapses) and returns a value depending on its activation 
function. This value can be used either as one input of a new 
layer of neurons, whether as a result it is up to the user to 
interpret (class, calculation results, etc.). 
The learning phase of a neural network adjusts the weight 
associated with each synapse input (also referred to as 
synaptic coefficient). 
It is a long process that must be repeated for each structural 
change to the database being processed. 
 

5) Deep Learning 
Deep learning [25] (also known as deep structured learning, 
hierarchical learning or deep machine learning) is a branch of 
machine learning based on a set of algorithms that attempt to 
model high level abstractions in data by using a deep graph 
with multiple processing layers, composed of multiple linear 
and non-linear transformations. 
Deep learning is part of a broader family of machine learning 
methods based on learning representations of data. 

a. Comparison assessment 

We present in this section a comparative assessment based 
on the previously defined criteria. Table I show a comparison 
between various Machine Learning techniques from the point 
of view of extraction of knowledge that can be applied on Big 
Data. The adopted representation is as follows: 

• Each line corresponds to a characteristic, which can be an 
advantage, or the inclusion of a specific problem. 

• If the technology allows to take into account this problem, 
or has this advantage, a + sign is placed in the box. 

• A ++ sign is placed in the box for the best technique from 
the considered characteristic point of view. 

 

The critical issues 

of ML in big data 

Learning of large 
scale of data 

Learning from 
different types of 

data 

Learning from 
high speed of data 



TABLE I.  A COMPARAISON OF MACHINE LEARNING TECHNIQUES APPLIED IN BIG DATA 

 

Knowledge discovery 

 

Decision tree 
Bayesian 

networks 

 

SVM 

 

Neural network 
Deep 

Learning 

Discrete variables ++ ++ + ++ ++ 

Continuous variables + ++ + ++ ++ 

Large classes + + - + + 

Large number of variables + + + + + 

Missing data + ++ + + + 

Time + + + + + 

Mixed data - ++ - + + 

 
 
• A - sign is placed in the box if the technology does not take 
into account this criterion. 
From Table 1 [26] [27] [28], we notice that the Bayesian 
networks have more advantages over other techniques but 
the comparison between the Bayesian networks, neural 
network and deep learning was very difficult because these 3 
techniques are very near in the point of view of the answer to 
the criteria of Big Data. Indeed, respecting the crucial 
questions of big data, Bayesian networks meet more than 
other machine learning techniques. Compared with neural 
network and deep learning, Bayesian networks treated more 
mixed data (criterion variety of Big Data), both Bayesian 
networks can find solutions for the missing data because 
certainly in the big data there is a large enough volume so we 
will certainly find the missing data. However, certain 
characteristics associated with Big Data pose challenges for 
modifying and adapting Bayesian Network to address those 
issues. 
 
1) ADVANTAGES OF BAYESIAN NETWORKS 
     Several significant advantages of Bayesian networks can 
be argued [20,21,22]. First, they provide the ability to collect 
and merge the knowledge of various kinds in the same 
model, they are flexible in regards to missing information. 
Second, Bayesian networks allow investigators to use their 
domain expert knowledge in the discovery process for Big 
Data, while other techniques rely primarily on coded data to 
extract knowledge. Also, Bayesian network models can be 
more easily understood than many of the other techniques via 
the use of nodes and arrows. Third, researchers in the domain 
of Big Data can easily encode domain expert knowledge 
through the use of these graphical diagrams, and thus more 
easily understand and interpret the output of the Bayesian 
network. Bayesian networks are also superior in capturing 
interactions among input variables. In some situations, 
decision    trees   may   appear   to   produce   more   accurate  

 
 
classifications because they consider only relationships 
between output and input variables. However, ability to 
capture the relationships among input variables has 
tremendous value in exploring data. Bayesian network 
models can produce relatively accurate prediction even in the 
situation where complete data are not available. Last, 
because Bayesian networks can incorporate domain 
knowledge into statistical data, Bayesian networks are less 
influenced by small sample size [23]. They can be also more 
easily understood than many of the other techniques via the 
use of nodes and arrows. These represent the variables of 
interest and the relationships of variables, respectively.  

 

IV. CONCLUSIONS 

Big Data are now rapidly expanding in different science 
and engineering domains. Learning from these massive data 
is expected to bring significant opportunities and 
transformative potential for various sectors. However, most 
traditional Machine Learning techniques are not inherently 
efficient or scalable enough to handle the data with the 
characteristics of large volume, different types, high speed, 
uncertainty and incompleteness, and low value density. In 
response, Machine Learning needs to reinvent itself for Big 
Data processing. This paper began with a brief review of 
some definitions of Big Data, knowledge discovery, data 
mining and Machine Learning, followed by a comparative 
study of some Machine Learning techniques. Then, a 
discussion about the best technique that can be applied with 
Big Data was made. Anyway, an absolutely appropriate 
technique does not exist, so we need to update the old 
techniques in order to join the era of Big Data or invent a 
new technique. 
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Abstract—We study the estimation of the mean q  of a 

multivariate normal distribution ( )pp INX 2,~ sq  in 
pÂ ,  

2s is unknown and estimated by the chi-square variable 

222 ~ nS cs . In this work we are interested in studying bounds 

and limits of risk ratios of shrinkage estimators to the maximum 

likelihood estimator, when n  and p tend to infinity provided 

that c
p

p =¥+ 2

2

lim
s
q

. We recall that the risk ratios of 

shrinkage estimators to the maximum likelihood estimator, has a 

lower bound
c

c
Bm +

=
1

, when n  and p tend to infinity 

provided that c
p

p =¥+ 2

2

lim
s
q

. We show that if the shrinkage 

function ),(
22 XSy satisfies some conditions, the risk ratios 

of shrinkage estimators X
X

S
XS )),(1(

2

2
22yd -= , 

which did not inevitably minimax, to attain the limiting lower 

bound mB . When the dimension is moderate, we give sufficient 

conditions for a shrinkage estimator to dominate the maximum 

likelihood estimator, establishing a minimaxity result. We deduce 

that the James-Stein estimator is minimax, and for any estimator 

dominate it, his risk ratio attain this lower bound mB  (in 

particularly its positive-part version). We graph the 

corresponding risk ratios for estimators of James-Stein 
JSd , its 

positive-part 
+JSd and estimators defined in selected examples, 

for diverse values of n  and p . 

Keywords—James-Stein estimator ; multivariate gaussian 

random variable; non-central chi-square distribution; shrinkage 

estimator; quadratic risk. 

I.  INTRODUCTION  

The estimation by shrinkage estimators, of the mean q  of a 

multivariate normal distribution ( )pp IN 2,sq  in 
pÂ , has 

experienced many development since the papers of C. Stein 

[11], W. James [8]  and C. Stein [12]. In these works one 

estimates the mean q  by shrinkage estimators deduced from 

the empirical mean estimator, which are better in quadratic 

loss than the empirical mean estimator. 

More precisely, if X   represents an observation or a sample of 

multivariate normal distribution ( )pp IN 2,sq , the aim is to 

estimate q   by an estimator d  relatively at the quadratic loss 

function : 
2

),(
p

L qdqd -=  

where 
p

. is the usual norm in
pÂ .  We associate his risk 

function : 

( ) ( )( )qdqd q ,, LER =
. 

  W. James, and C. Stein [8], introduced a class of estimators 

improving X=0d , when the dimension of the space of the 

observations p 3³ , denoted by :  

( )
( )

X
X

S

n

pJS

j ÷
÷
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ç
ç

è
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+
-

-=
2

2

2

2
1d  , pj ,...,1= .         (1.1) 

where 
2

n

22 ~ csS  is the estimate of 
2s . 

   A.J. Baranchik [1] proposed the positive-part of James-Stein 

estimator dominating the James-Stein estimator when 3³p ,   
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       G. Casella and J.T. Hwang [5] studied the case where 
2s  

is known ( )12 =s  and showed that if the limit of the ratio 

p

2
q

,  when p tends to infinity is a constant 0>c , then 

( )
( )

( )
( ) c

c

XR
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XR
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p
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qd
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       L. Sun [9] has considered the following model : 

( ) ( )2

j

2 ,~, sqsq Ny jij  ni ,...,1=  , mj ,...,1= where 

( ) jijyE q=  for the group j  and var
2)( s=ijy is unknown. 

The James-Stein estimators are written in this case : 
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He shows that for any estimator of the form 

( )tJS
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where  
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Namely 

n
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2s

+
constitutes a lower bound for the 

ratio
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qdy
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,
lim
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     L. Sun [9] also shows that this bound is attained for a class 

of estimators defined by : 

( ) mjyyy
T

S
T jj ,...,1,)),(S1(

2

2
22 =+--= yd  

    where y  satisfies certain conditions. This bound is also 

attained for any estimator dominating the James-Stein 

estimator, in particular the positive-part version of the James-

Stein estimator. 

    Finally, we note that if n  tends to infinity then the ratio 

n
q

q
2s

+
  tends to 1, and thus the risk of the James-Stein 

estimator is that of 0d  (When n  and m tend to infinity). 

 

A. Hamdaoui and D. Benmansour [7], considered the 

following classe of shrinkage estimators 

( ) ,, 22 XXSlJS yddy +=  which is introduced in D. 

Benmansour, T. Mourid [3]. The authors showed that if 

)0(lim

2

>=¥+ c
p

p

q
then the risk 

ratios
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when n  and p tend to infinity provided 

that .lim
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When the dimension p is moderate, A.C. Brandwein and W.E. 

Strawderman [4] considered the following 

model ( ) ( )22
~, UXfUX +-q , where 

pX == qdimdim  and kU =dim . The classical 

example of this model is, of course, the normal model of 

density
2
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estimator )(
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+
+=d  dominate X , so that 

d is minimax, provided the function g  satisfies certain 

conditions. 

    Y. Maruyama [10] has also studied the minimaxity of 

shrinkage estimator when the dimension of parameter’s space 

is moderate. Then he considered the following model 

: ),(~ dd INz q  and the so called `p -norm given by : 
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, 0>p . He stydied the minimaxity of 

shrinkage estimators defined as follows : )ˆ,...,ˆ(ˆ
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f ffq -
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2
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where )1()2(0 --££ dda , 0>p . 

Note that the risk functions of these estimators are calculated 

relatively to the usual quadratic loss function defined at above. 

 

      In this work we adopt the model ( )pp INX 2,~ sq  and 

independently of the observations X , we observe 
222 ~ nS cs an estimator of 

2s . Note that 

( ) 2, sq pXR = ,  is the risk of the maximum likelihood 

estimator. We generalize the results given in the papers of D. 

Benmansour and A. Hamdaoui [2], and A. Hamdaoui and D. 

Benmansour [7]. Then we give different conditions for a 

general class of shrinkage estimator as given in the paper of A. 

Hamdaoui and D. Benmansour [7] so that, if 

,lim
2

2

c
p

p =¥+ s
q

then the risk ratio attain the lower bound 

c

c
Bm +

=
1

 when n  and p tend to infinity.  

    When the dimension is moderate, we give sufficient 

conditions for a shrinkage estimator to dominate the maximum 

likelihood estimator, establishing a minimaxity result. Then 

we deduce another proof which shows that the James-Stein 

estimator is minimax, and for any estimator dominate it, its 

risk ratio attain this lower bound mB  (in particularly its 

positive-part version). 

    In the following we denote the general form of a shrinkage 

estimator as follows :  

X))X,(S1(
22fdf -=  ,                   (1.3) 

    In Section 1, we recall somme results obtained in the paper 

of A. Hamdaoui and D. Benmansour [7]. The authors showed, 

that under condition ,lim
2

2

c
p

p =¥+ s
q

 the risk ratio of 

shrinkage estimators fd  given in (1.3) , to the maximum 

likelihood estimator X , has a lower bound mB , when n  

and p  tend to infinity. The second result indicates that under 

the same condition ,lim
2

2

c
p

p =¥+ s
q

 the risk ratio of 

James-Stein estimator 
JSd , to the maximum likelihood 

estimator X , tends to the value 
c

c

+1
 when n  and p tend 

simultaneously to infinity. 

    In Section 2 we give the main results of this paper. In the 

first we considered the general classe of shrinkage 

estimators ( ) X
X

S
XS ),1(

2

2
22ydy -=  , then we show 

that if the function y satisfies some conditions which is 

different from the one given in A. Hamdaoui and D. 

Benmansour [7], the risk ratios of shrinkage estimators yd , to 

attain the limiting lower bound mB , provided that 

,lim
2

2

c
p

p =¥+ s
q

. 

     In second part of this section, we studie the minimaxity of 

shrinkage estimators given in (3.1), when p  is moderate.We 

deduce another proof of the minimaxity of James-Stein 

estimator 
JSd , and we note that any shrinkage estimator 

dominate it ( in particulary its positive-part 
+JSd ), has a risk 

ratio attain the limiting lower bound mB , provided 

c
p

p =¥+ 2

2

lim
s
q

. 

    Finally, we graph the corresponding risks ratios for 

estimators of James-Stein 
JSd , its positive-part 

+JSd , and 

estimators defined in selected examples for diverse values of 

n  and p . 
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Abstract— Computer-Aided Diagnosis (CAD) systems have 

become an emerging research field in medical diagnosis. The 

classification is considered as the last and the decisive step in a 

CAD system. It exploits the results of feature extraction step to 

classify the new and unseen instances. In this paper, we propose a 

new multiple bayesian network classifier system (MCS) for 

medical detection system. Classifier selection is an important 

issue in MCS which aims to remove redundant and irrelevant 

members from the initial classifier set and increase the 

performance ensemble. Accuracy and diversity are two 

important parameters referring to the performance of an 

ensemble system. Inspiring from the minimum Redundancy 

Maximum relevance (mRMR) feature selection algorithm, we 

propose a two-stage classifier set selection based on relevance and 

diversity measures. Experiments were carried out on six data sets 

from UCI Machine Learning Repository and Ludmila Kuncheva 

Collection. The experimental results are encouraging and 

validate the effectiveness of the proposed classifiers selection 

method and also the effectiveness of the bayesian network 

ensemble. 

Keywords—medical data classification; classifiers selection; 

diversity measures; relevance; MRMR method, bayesian 

network. 

I.  INTRODUCTION  

Over the recent years, computer-aided diagnosis (CAD) 

systems have become an emerging research field in medical 

diagnosis and receive growing attention from medicine 

industry [1]. The basic concept of CAD system is to assist 

clinicians in their medical diagnoses using computer result as 

a second opinion [2]. The success of such system is due to its 

speed of diagnosis, efficiency, effectiveness, consistency and 

ability to deliver reliable solutions to assist the step of 

glaucoma detection. CAD system is a suite of phases that have 

to be executed one after the other; it generally consists of three 

main stages: image acquisition, feature extraction and the 

classification phase [3].  
The classification is considered as the last and the decisive 

step in a CAD system. It exploits the results of feature 
extraction step to classify the new and unseen instances. 
Numbers of CAD systems have been developed for medical 
detection system and have mostly make use of single classifier 

[4,5]. Therefore, in this paper, we focus on employing 
multiple classifier systems (MCS) using bayesian network as 
base classifier for improving the accuracy of medical data 
classification. 

MCSs are very efficient technique, mostly because of the 
fact that the classification performance of an ensemble often 
outperforms their base models [6-8]. The diversity of 
individual classifiers, classifier selection and the combination 
rule for the outputs of these classifiers are three main issues in 
classifier ensemble [9]. Many researchers have demonstrated 
that there is not a clear accuracy gain in an ensemble built 
from a set of identical base classifiers [10]. The ideal situation 
is that the initial base classifiers should make uncorrelated 
errors, and the final classification error can be minimized by 
the combination of multiple base classifiers. In others words, it 
is important to assure the diversity between the members in 
the generation phase of the ensemble [11]. Generally, the 
diversity in classifier ensemble is achieved by manipulating 
the training set using randomly selection in order to generate 
multiple hypotheses like bagging and boosting methods [12, 
13] or by manipulating the feature set, i.e. Random Subspaces 
(RSS) [18-16].  

In this paper we focus on Random Subspace method using 

Bayesian Network as base learner to construct the initial 

classifier ensemble. The bayesian network is one of the widely 

used models in medical data classification [16-18]. Bayesian 

networks are popular decision support models because they 

inherently model the uncertainty in the data. They are a 

successful marriage between probability theory and graph 

theory. They allow to model a multidimensional probability 

distribution in a sparse way by searching independency 

relations in the data [17]. The RSS create various component 

classifiers using different random subsets of features to train 

them. In each pass, such a selection is made and a subspace is 

fixed. Then all samples are projected to this subspace, and a 

classifier is trained by using the projected training samples 

[15].   
Classifier selection is an important and difficult problem 

which aims to decrease the computational complexity of the 
machine learning algorithm, remove redundant and irrelevant 
members from the initial classifier set and increase the 



performance ensemble. Classifier selection can be divided into 
two general categories: static and dynamic. In the first type, 
the ensemble members are defined during the training phase 
once and used for the classification of unseen patterns, while 
in the second type, they are defined during the classification 
based on training performances and also various parameters of 
the actual sample to be classified [19]. Accuracy and diversity 
are two important parameters referring to the performance of 
an ensemble system [20]. The ideal situation is when 
individual classifiers are the most accurate where the 
probability of correct classification for the recognition objects 
is the greatest, but are possibly different from each other at the 
same time. The individual classifiers must be both diverse and 
accurate [21-24]. The key issue in classifier ensemble 
selection is how to use these two parameters to find optimal 
classifier subset. 

Recently, various approaches have been developed for 
gene selections which achieve promising results. Ding and 
Peng have been developed Minimum Redundancy Maximum 
Relevance method (mRMR) which aims to maximize the 
relevancy of a gene subset while minimizing the redundancy 
among the genes to find the optimal subset of multiple genes 
[25-27].  

Inspiring from this philosophy of selection, we propose in 

this paper a new MCS to classify medical diagnostic data. At 

first stage an initial pool of classifiers are trained using the 

Random Subspace method with the aim of assuring initial 

diversity among base classifiers. In the next step, we propose a 

two-stage classifier subset selection scheme using modified 

version of mRMR algorithm. The proposed selection 

approach: Maximum Relevance Maximum diversity 

(MRMD), attempts to choose an optimal subset of classifiers 

by selecting in the first stage the accurate classifiers that have 

the highest relevance and eliminating redundant ones in the 

second stage while increasing the amount of diversity within 

the selected ensemble. The decisions provided by the selected 

classifiers are merged using majority voting rule to produce 

the final classification result. Majority voting is widely 

combination method whose effectiveness has been proven 

empirically and theoretically [16]. Majority voting is the most 

popular voting method. The concept of voting is both simple 

to implement and appealing [29]. Here, given a new pattern x, 

each classifier votes for one specific class, and the final output 

class label is the one that receives the highest number of votes. 

The remainder of this paper is organized as follows. In 

Section 2, we give an outline of the MRMR method. Section 3 

our classifier selection method is presented in detail. Several 

comparative experiments with UCI classification data sets and 

Ludmila Kuncheva Collection of real medical data are 

demonstrated in Section 4. Finally section 5 concludes this 

paper. 

II. MRMR METHOD 

The mutual information is a quantity that measures the 
mutual dependence between two random variables X and Y. 
In this case, information is thought of as a reduction the 
uncertainty associated of a random variable due to the 
knowledge of the other random variable [27]. Thus, the more 

mutual information between X and Y, the less uncertainty 
there is in X knowing Y or Y knowing X. Formally, the 
mutual information of two discrete random variables X and Y 
can be defined as:  

  (!;  ")  =  # # $(%;  &) log
$(% ; &)

$(%) $(&)&'"%' !                    (1) 

Where p(x, y) is the joint probability distribution function 
of X and Y, and p(x) and p(y) are the marginal probability 
distribution functions of X and Y, respectively. In the 
continuous case, we replace summation by a double integral. 

Using the concept of mutual information, the MRMR 
method proposed by Peng et al. [25] aims at selecting 
candidate genes with both the maximum relevance for the 
target concerned and the minimum redundancy among the 
genes themselves. Given gi, which represents the gene i in S, 
gj, which represents the gene j, and the class label c, The 
redundancy p and the pertinence r are defined as :  

                   *+,(-) =  
1

|.|
#  (/- , c)/-Î .                       (2) 

                         0+1(-) =  
1

|.|
#  (/- , /2 )/- ,/2 Î .                  (3) 

To obtain the gene i with maximal relevance for the target 
c and minimal redundancy relative to the others genes in S, 
Eqs. (2) and (3) are combined into the score function [33]: 

  .34,+(-) =  !"(#)/$!%(#)        (4) 

III. PROPOSED APPROACH 

As mentioned before, the object of the classifier selection 

process is to choose appropriate set of members according to 

selection measures and selection algorithm with the aim to 

reduce the number of ensemble members. In practice, 

accuracy and diversity of base learners are two important 

factors to achieve better classification performance in 

ensemble learning. In this paper, we propose a two-stage 

classifier subset selection inspired from the mRMR feature 

selection algorithm which based on the mutual information 

and diversity measures to control the balance between the 

accuracy and diversity among the base classifiers.  

The main idea of the proposed algorithm MRMD takes as 

input a pool of classifiers C = {c1, c2,� , cN} with size N. The 

classifiers outputs must be presented with a binary matrix of 

size N *L (N is the number of the objects and L is the number 

of classifiers), when each column represents the output of 

classifier cp  for all samples N, cp = [cp,1, cp,2,� cp,N] T , with 

cp,i  is the output of the classifier p for the instance i. the vector 

W represents the class of the instances, W = {ω1, ω2,�ωM }. 

In the first stage, each classifier’s pertinence is evaluated 

on the validation set by calculating the relevance using mutual 

information as per Equation 5 and then the highest scorer 

classifier is selected and added to new subset. Next a looping 

is performed for the remaining classifiers. At each iteration, 

we calculate the relevance of all possible combinations 

ensemble between the output classifier and the remaining 

classifiers and we select highest scorer set comparing with the 

others sets and the current selected set. The algorithm stops 

when the maximum iteration number threshold is reached. 



 

                   !"(#$) =  
1

|%|
& '(#$ , W)#$Î (                           (5) 

In the second stage, the disagreement measure is used to 

accomplish the classifier selection in the reduced classifier set. 

In this step, we evaluate the classifiers by calculating the 

diversity of each one using disagreement measure as per 

Equation 6 and remove the members with weak diversity from 

the ensemble. The selection process is repeated until the 

ensemble size meeting requirement.  

           )*+(*) =  
1

|(|
& )*,(#* , #- )#* ,#-Î .                  (6) 

Where /*,(#* , #- ) is the disagreement measure between the 

classifiers #* , #-  in C.  

Disagreement measure (DS) represents the number of 
times that one of the classifiers was incorrect and the other 
correct. It can thus be defined for two classifiers a and b as :  

     )*,0*, -1 =
210 +201

200 +201 + 210 +211
                               (7) 

 

Where N
00 

is the number of patterns that both classifiers 

wrongly classified; in contrast, N
11 

stands for the number of 

patterns that both classifiers correctly classified; N
10 

is the 
number of patterns classified correctly by classifier Di but not 

by Dj; likewise, N
01 

is the total of patterns classified correctly 
by classifier Dj, but not by Di. The diversity increases with 
increasing values of the disagreement measure in the range 
from 0 to 1 [28]. 

IV. EXPERIMENTATION 

A. Experimentation setup 

In order to evaluate the performance of the new proposed 
method, we have chosen six binary medical datasets from the 
UCI machine learning data repository [29] and Ludmila 
Kuncheva Collection of real medical data [30]. These datasets 
represent a real-world medical data collected from human 
patients and the attributes are similar to the one used by the 
pathologist.  In order to minimize the influence of variability 
in the training set, 5-fold cross validation was on the five 
datasets. In detail, each dataset was partitioned into five 
subsets with similar sizes and distributions. Then, the union of 
3 subsets was for generating individual classifiers, a subset is 
used as the validation set for competence and diversity 
measures while the remaining subset is used as the test set.   

Our experiments are divided into two parts. First, we 
present the results of the overall classifiers using different 
learner base, we compare the results of the bayesian ensemble 
using the Naïve-Bayes with other classifier ensemble as Multi-
Layer Percepetron (MLP), J48, SVM and LADTree. The base 
classifiers are taken from the Waikato Environment for 
Knowledge Analysis (Weka) version 3.4. The parameters used 
for each algorithm in this study were set at the default settings.  

In the second part, we compare the performance of the 
proposed selection method using the Naïve-Bayes as base 
learner against four multiple classifier selection systems: (1) 
SB - this system selects the best classifier in the ensemble with 

the highest accuracy; (2) MRMR – this system selects the best 
classifiers in the pool with the high score using MRMR 
method; (3) DIV (DS/WCEC) – this system defines the 
competence of the classifier subsets according to diversity 
measures and next the ensemble of divers classifiers is 
selected; (4) PER – this system is based on selecting the best 
pertinent classifiers. 

All the learning and combination methods used in this 

study were conducted using Java Language using WEKA 

tools and an initial pool of 30 classifier are trained using the 

Random Subspace method with the aim of assuring initial 

diversity among base classifiers. The parameters used for each 

algorithm in this study were set at the default settings. The 

size of selected classifiers is fixed at 5 in all methods. 

TABLE I.  DATASETS USED FOR CLASSIFICATION 

Dataset #Attribute #Simple #Positive #Negative 

Diabetes (D1) 8 768 268 500 

Echocardiogram  (D2) 132 12 24 50 

Heart disease  (D3) 13 270 120 150 

Parkinson (D4) 22 195 48 147 

Respiratory (D5) 17 85 45 40 

Wisconsin breast 
cancer (D6) 

9 699 458 241 

 

B. Experimentation results 

TABLE II.  RANDOM SUBSPACE RESULTS 

Dataset MLP J48 ADTree SVM Naïve-B 

D1 76,69 74,49 76,69 65,62 75,52 

D2 82,59 82,92 81,48 81,02 85,18 

D3 83,51 81,29 82,58 79,35 83,96 

D4 77,94 78,46 78,46 74,87 81,02 

D5 92,94 89,41 91,76 91,54 92,94 

D6 96,15 95,85 96,85 95,99 97,14 

Average 84,97 83,73 84,63 81,39 85,96 

 

The classification accuracy of the Random Subspace 

classifier ensembles are presented in Table 2. The accuracy 

refers to the percentage of correct classification on testing 

data. As depicted in this table, the average performance of the 

bayesian network ensemble is better than those of MLP, J48, 

ADTree and SVM on five datasets: Naïve-B ensemble is on 

average 0.99% higher than MLP ensemble, 2.23% higher than 

J48, 1.33% higher than ADTree and 4.57 higher than SVM. 

The only exception was D5 dataset when the accuracy has 

significantly enhanced using MLP ensemble. Also, the SVM 

ensemble shows a lower accuracy compared to the other 

ensembles. 

 



TABLE III.  ACCURACY OF DIFFERENT CLASSIFIER SELECTION 

METHOD USING BAYESIAN NETWORK  

Dataset SB mRMR DIV PER MRMD 

D1 72,36 78,62 74,96 78,02 79,92 

D2 75,61 78,51 87,94 87,98 88,51 

D3 77,03 84,07 85,92 84,07 87,03 

D4 84,01 89,23 87;69 89,23 90,76 

D5 88,23 91,76 90,58 94,11 95,29 

D6 96,28 97,00 96,42 97,28 98,42 

TABLE IV.  SPECIFICTY OF DIFFERENT CLASSIFIER SELECTION 

METHOD USING BAYESIAN NETWORK 

Dataset SB mRMR DIV PER MRMD 

D1 32,09 53,67 48,48 52,81 54,97 

D2 48,00 64,00 74,54 74,54 80,00 

D3 82,23 89,07 90,13 90,78 90,78 

D4 59,52 85,71 76,19 83,33 83,33 

D5 90,47 91,17 94,11 97,05 97,05 

D6 96,66 97,24 96,66 97,24 98,44 

 
Table 3 presents the classification accuracy of the different 

classifier set selection method using the Bayesian network. 
The best result for each database is bolded. As depicted in this 
table, the proposed method (MRMD) provides better 
performance than the others method in the six datasets: D1 
with 79.92%, D2 with 88.51%, D3 with 87.03%, D4 with 
90.78, D5 with 95.23% and D6 with 98.29% 

Beside the accuracy evaluation, it is important to observe 
the specificity, sensitivity, AUC of the medical diagnostic 
system. Sensitivity is defined as the number of true positive 
classifications divided by all positive classifications. 
Specificity represents the true negative rate and it is calculated 
by the division of true negative classifications by true negative 
and false positive classifications .The area under curve (AUC) 
is another widely used metric for evaluating the classifiers 
performances. It equals to the probability that a classifier will 
rank a randomly chosen positive instance higher than a 
randomly chosen negative one. It takes on values from 0 to 1. 
The higher the value of AUC, the better the classification 
algorithm is .AUC value is calculated from the area under the 
ROC curve. ROC curves are usually plotted using true 
positives rate versus false positives rate, as the discrimination 
threshold of classification algorithm is varied [28].  

Given the ratio of true positives (TP), false positives (FP), 
true negatives (TN) and false negatives (FN), specificity and 
sensitivity measures can be calculated with the following 
equations: 

                                 Sensitivity =
TP

TP +FN
 100%                 (8) 

                                  Specificity =
TN

TN +FP
 100%                 (9)   

TABLE V.  SENSITIVITY OF DIFFERENT CLASSIFIER SELECTION 

METHOD USING BAYESIAN NETWORK 

Dataset SB mRMR DIV PER MRMD 

D1 89,73 89,92 86,32 89,73 88,80 

D2 92,59 87,65 97,46 97,46 93,82 

D3 70,33 77,11 76,27 79,66 82,03 

D4 90,84 90,19 90,84 90,84 92,81 

D5 86,04 92,15 88,23 92,15 94,11 

D6 96,28 97,00 96,42 97,28 98,42 

TABLE VI.  AUC OF DIFFERENT CLASSIFIER SELECTION METHOD 

USING BAYESIAN NETWORK 

Dataset SB mRMR DIV PER MRMD 

D1 73,00 85,20 78,90 85,60 87,20 

D2 84,90 90,80 70,20 71,40 93,40 

D3 89,60 93,00 93,70 94,20 95,40 

D4 91,90 94,50 84,30 94,50 96,50 

D5 98,70 97,80 95,70 97,90 96,40 

D6 99,00 99,10 99,20 99,30 99,60 

In terms of Sensitivity and Specificity and As Table 4 and 
Table 5 are examined, MRMD have has offered better results 
than the others ensemble learning. Based on Naïve-Bayes 
ensembles, the proposed approach MRMD has the highest rate 
of sensitivity over the six datasets, and also the PER ensemble 
has the highest rate over D3, D4 and D5 datasets. On the other 
hand the MRMD has the best sensitivity results over four 
datasets: D3 with 82.03%, D4 with 92.81%, D5 with 94.11% 
and D6 with 98.42%. For D1 and D2 datasets the PER 
ensemble outperforms the others classifier selection systems. 

In Table 6, a comparison of the areas under the ROC curve 

for the proposed approach is listed. The receivers operating 

characteristic (ROC) curve of the given medical datasets are 

shown in Fig. 1. 

V. CONCLUSION 

Computer-aided diagnosis is an emerging research field 
that has been extensively studied. A crucial task for a CAD 
system is discovering efficient machine learning method. In 
this paper, we have presented a novel approach for 
constructing ensembles for medical data classification 
problems based on classifier set selection and mRMR method. 
The proposed method uses the bayesian network as classifier 
base. The main contribution of this paper is the two-stage 
classifier set selection scheme that use both accuracy and 
diversity as a means to select classifiers. Experiments 
conducted on six data sets from UCI Machine Learning 
Repository and Ludmila Kuncheva Collection have confirmed 
that the classifier subset selection step looks really promising 
in improving the use of multiple classifiers. During the 
experimentation, we also looked at using diversity measure, 
together with mean base classifier relevance, as the selection 
criterions is better than the results achieved by each one 
separately. 



 

 

                                                       (Diabetes)      (Parkinsons) 

 

                        
     (Echocardiogram)      (Respiratory) 

    
        (Heart-Statlog)      (W Breast Cancer) 

 

Fig. 1. Roc curves of the classifier selection methods on six data sets
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ABSTRACT 

 
Abstract—Such as Hidden Markov Models (HMM), Dy-

namic Bayesian networks (DBN) suffers from a discrimina-
tory ability especially on speech recognition even if their 

progress is huge. In order to ameliorate the results of recog-

nition systems, we apply Support Vectors Machine (SVM) as 

an estimator of posterior probabilities since they are charac-

terised by a high predictive power and discrimination. 
Moreover, they are based on a structural risk minimization 

(SRM) where the aim is to set up a classifier that minimizes a 

bound on the expected risk, rather than the empirical risk. 

In this paper, we describe the use of the hybrid model 

SVM/DBN for Arabic triphones-based continuous speech 
recognition. The best results are obtained with the proposed 

system SVM/DBN when we achieve 93.02% as the best aver-

age recognition rate of multi-dialect Arabic continuous 

speech compared to 73.24%, 80.83% and 88.13 % respec-

tively with triphones mixture-Gaussian HMM, SVM/HMM 
and DBN systems. 

 
Keywords— Dynamic Bayesian networks; hybrid models; 

supports vectors machine; Hidden Markov models, Arabic 

continuous speech.  

 

I.  INTRODUCTION 

A typical ASR system operates with the help of five 

basic modules: feature extraction for signal parameteriza-

tion, acoustic models, language models, pronunciation 

model and decoder. 

Traditionally statistical models, such as Gaussian mix-

ture models, have been used to represent the various mod-

alit ies for a g iven speech sound. 

Bayesian Networks are a particular type of Graphical  

Models, providing a general and flexible framework to  

model, factor, and compute joint probability distributions 

among random variab les in a compact and efficient way. 

DBN are a useful tool for representing complex stochastic 

processes. Recent developments in inference and learning  

in DBNs allow their use in real-world applicat ions is the 

first successful application of DBNs to a large scale 

speech recognition problem. Investigation of the learned 

models indicates that the hidden state variables are strong-

ly correlated with acoustic properties of the speech signal. 

In this paper, we present the performance of the hybri-

dizat ion of Supports Vectors machine with DBN Arab ic 

triphones-based continuous speech recognition. 

In literature, several works were concerned with DBN 

based automatic speech recognition.  

In [1] the authors presented a methodology for model-

ing of speech without any priori hypothesis is carried out 

on the dependencies between the observed values and 

hidden processes on the floor. The approach is technically  

very interesting because all the effort of calculation is 

realized in the learning phase. This approach is used for a 

spot of recognition of isolated words. In [2], Zweig de-

scribes the probabilistic procedure for recognition of s e-

quences of observations of a Word through the HMM 

signal that are a special case of the DBN. Subsequently, a 

brief description on the basic concepts of Bayesian Net-

works was presented. Then, Bayesian architecture was 

designed for speech recognition. The results obtained are 

too encouraging reports to those obtained with the HMMs. 

In [3] the authors used the DBN framework to construct 

acoustic models that are capable to learn the dependency 

structure of the hidden and observed speech process . In 

[4], new ideas to improve automatic speech recognition 

have been proposed that make use of context user infor-

mat ion such as gender, age and dialect. In this thesis a 

basic speech recognition system was built using Gaia to  

test if speech recognition is possible using Gaia 

anddbns.dbn models were designed for the acoustic mod-

el, language model and train ing part of the speech recog-

nizer. Experiments using a small data set proved that 

speech recognition is possible using Gaia. In [5], the paper 

presents a Bayesian network model that uses an additional 

variable to represent the State of joints. The strongest 

point in this system is that it uses measurement of joints 

along the learning data, will not need to know these values 

in the recognition phase. Isolated words recognition re-

sults show that the system combining the acoustic va-

riables and measures of joints is more effect ive than a 

sound system. 

Several works were tried to solve many problems re-

lated to ASR using HMM by many extensions of DBN 

models.  

In [6], the authors present the effectiveness of DBN 

compared to HMM for multi-dialect isolated words rec-

ognition with MSA corpora which motivated us to apply 

SVM as an estimator of emission probabilities hoping 

ameliorating the recognition rates like it was obtained 

with SVM/HMM by report HMM and MLP/HMM on [7].  

In [9], the authors’ presents the effectiveness of 

SVM/HMM for the recognition of Arabic continuous 

speech recognition based triphones recognition comparing  

to HMM and MLP/HMM. 

The main contribution of this paper consists in the de-

fin ition of a new approach able to ameliorate automatic 

Arabic speech recognition. We make a comparative study 

between HMM, SVM/HMM, DBN and SVM/DBN for 

continuous automatic speech recognition based triphones 

modeling. 

This paper is organized as follows: Section 1 displays 

generally the architecture of an ASR. Section 2, introduc-

es the definition of graphic models. Section 3 describes 

the proposed hybrid model SVM/DBN in section 4. Expe-

rimental results are presented in section 5. 

 



II. AUTOMATIC SPEECH RECOGNITION 

 

A system of automat ic speech recognition (ASR) is to 

transcribe a voice message into a text. The main applica-

tions using ASR systems are automatic transcriptions, 

indexing multimedia documents and man-machine dialo-

gue. Systems of automatic speech recognition of a conti-

nuous current are based on a statistical approach which 

[10] has proposed formalization, resulting from the infor-

mat ion theory.  

 From acoustic observations X, the goal of a recogni-

tion engine is to find the sequence of words  most likely  

among all possible sequences. This sequence must ma x-

imize the following equation [12]: 

 

 

 

 

 does not depend on a partic-

ular  value of W and can be released from the calculation  

of the argmax:   

 

 

 

Where the term P (W) is es timated by using the lan-

guage model. P (X|W) corresponds to the probability  

given by the acoustic models. This approach allows inte-

grating the same decision-making process, the acoustic 

and linguistic information. 

 

III. GRAPHIC MODELS FOR A UTOMATIC 

SPEECH RECOGNITION 

A. Hidden Markov models 

 

The speech signal can be likened to a series of units. In  

the context of Markov ASR, the acoustic units are mod-

eled by HMM which are typically left-right tristate.  

At each state of the Markov model there is a probabili-

ty distribution associated modeling the generation of 

acoustic vectors via this state [11]. 

. An HMM is characterized by several parameters: 

-N: the number of states of the model.  

-  is the matrix of transi-

tion probabilit ies on the set of states of the model.  

-  is the matrix of emission  

probabilit ies of the observations Xt for the state qk. 

-π is the init ial distribution of states,  P(qi=0) . 

 

B. Dynamic Bayesian networks 

 

In recent years, probabilistic of Bayesian networks  

[13] have emerged as the primary method for representing 

and manipulating probabilistic information. A Bayesian 

network provides a means of encoding the dependencies 

between a set of random variables (RV). The RVs and 

dependencies are represented as the nodes and edges of a 

directed acyclic graph. A Bayesian network exp loits mis s-

ing edges (implying conditional independence) to factor 

the joint distribution of all RVs into a set of simpler prob-

ability distributions. A dynamic Bayesian network con-

sists of instances of a Bayesian network repeated over 

time, with dependencies across time.  

The BNs formalism consists in associating a directed 

acyclic graph to the joint probability distribution (JPD) 

 of a set of Random variables  

 

                           (4) 

 

The nodes of the graph represent random variables, 

and arrows encode conditional independences that are 

assumed in the JPD. The separation properties of the 

graph involved the set of all conditional independence 

relationships which are named the Markov properties. BN 

is completely defined by a graph structure S and a set of 

parameters θ of conditional probabilit ies of variab les giv-

en their parents. Indeed, the JPD can be expressed in a 

form that factored is  

 

        (5) 

 

Where denotes parents  in S. 

A DBN consists of instances of a Bayesian network 

repeated overtime, with temporal dependency arcs linking  

the instances The structure and parameters are assumed to 

repeat for each time slice (i.e., the process is assumed to 

be stationary), so the conditional probabilit ies associated 

with Xi[t], t:1..T, are tied. In fact, DBNs can be seen as 

"unrolling" a one-frame network for T time steps [14] and 

adding time-dependencies, in effect creating a BN of size 

N x T. The required conditional probabilities may be 

stored either in tabular form or with a functional represen-

tation. 

 

IV. HYBRID MODEL SVM/DBN 

A. Supports vectors machine 

 

SVMs are a new statistical learning techniques in-

itiated by V. Vapnick in 1995 [15]. The success of this 

method is justified by the solid theoretical foundation that 

underpins it. They can address a variety of problems in-

cluding classification. SVM is a method well s uited to 

deal with high dimension data such as text and images 

[10]. Since their introduction in the field of pattern recog-

nition, several studies have demonstrated the effectiveness 

of these techniques primarily in image processing. 

Classifiers are typically optimized based on some form 

of risk min imization. Empirical risk min imization is one 

of the most commonly used techniques where the goal is 

to find a parameter setting that minimizes the risk: 

 

Where  is the set of adjustable parameters ,  are 

the expected output and given input, respectively. The 

parameter m is the number of couples (xi, yi) of input data. 

However, minimizing  does not necessarily imply  

the best classifier possible [16]. The form of two-class 

problem learning is an example of structural risk minimi-

zation where the aim is to learn a classifier that min imizes 



a bound on the expected risk, rather than the empirical 

risk [10] .SVM is based on this Structural risk.  

The classificat ion of data depends on nature of separa-

tion of data. There are cases of linearly separable data and 

nonlinearly separable data. With SVM a discriminative 

hyperlane with maximal border is searched when classes 

are linear separable. With constant intra classes variation 

classification confidence grows with increasing interclass 

distance. The former are the simplest SVM because they 

can easily find a linear separation. 

 

(7) 

 

 And an optimal linear discrimination function will be 

finding in this new space. This transformation increases 

the linear separation. 

For the nonlinear SVM, we are in front with very high 

dimension of the feature space     . So must  

not be calculated explicit ly, but can be expressed with  

reduced complexity with kernel functions.  

 

 

 

 We do not need to know, how the new feature space  

  looks like. We only need the kernel function as a 

measure of similarity such as Polynomial-kernel, Linear-

kernel, Sigmoid-kernel and Radial-Basis Function kernel. 

 

B. Hybrid model SVM/DBN 

 

Here we have used SVM to estimate posterior proba-

bilities in the training phase and the recognition phase 

[7][9]. First, we train one SVM for every sub-task signal 

which means one versus all. Every triphone is a separate 

class. The function f ( ) that describes the separation 

plane measures the distance of the element  to the mar-

gin. The inclusion of the element  on one of the classes 

depends of sign (f ( )). A lso, the distance is far from the 

margin it has a higher probability of belonging to the class 

 

1) Emission probabilities with SVM 

 

After choosing and applying the kernel function the 

conditional probability  is generating when a 

general model is summarized by min imizing the number 

of support vectors and supports the maximum data [16]. 

We need to calculate the likelihoods that the input vector 

  is given the classj of the appropriate phoneme  

j . We apply the Bayes ru le to  obtain those 

HMM emission probabilities: 

 

                     (13) 

 

  is the likelihood of the in-

put vector  is given the class of the triphone j.  

  is the prior probability of the 

triphone. 

  is the priori probability of acoustic 

vector  

 
 

Fig.  1. General architecture of SVM/DBN hybrid model applying to 
the recognition of the Arabic word “qal” 

 

2) The decoding phase 

 

For each triphone we attribute a DBN described on 

[8]. We consider that all the states are combined on one 

DBN Given a sequence of observations  

and a DBN M with N states we wish to find the maximum 

probability state path .  

Let be the probability of the most probable path 

ending in state j at time t : 

     

  

 

So  which is the probability estimated  

by the SVM kernel function from the observation  

We have to determinate finally: 

 

                                (14) 

 

At the end we choose the highest probability endpoint, 

and then we backtrack from there to find the highest prob-

ability path. We obtain a sequence of states that represents 

the observations’ sequence X.  

The Viterb i algorithm is the best solution to this prob-

lem is to estimate the posterior probability P (Q | X). The 

state sequence most likely at the time t depends only t and 

the most likely sequence to t-1. 

 

 



V. EXPERIMENTATIONS 

 

In our experimentations, we have used multi dialect  

Arabic speech parallel corpus. It is designed to encompass 

four main dialects; Modern Standard Arabic (MSA), Gulf, 

Egypt and Levantine dialects. Parallel prompts were writ-

ten for the four main dialects, which involved 1291 re-

cordings for MSA and 1069 recordings for other dialects. 

The recordings were conducted with the consent of 52 

participants. 32 speech hours were obtained. After the 

segmentation stage, a total number of 67,132 speech files 

were resulted [19]. 

The main domain in this  work is travel and tourism.  

The intention behind focusing on a single specific domain  

rather than attempting to undertake more general work 

was to try and control the volume of data.  

To split this domain into parts, eight general sections 

were done. Four sections directly related to travel and 

tourism: Restaurant (A), Hotel (B), Transport (C) and  

Street and shopping (D); and the remaining four are ne-

cessary for tasks related to this area: Days and times (E), 

Currency (F), Global cities (G) and Numbers (H). We will 

use those alphabetic abbreviations to divide every section 

to the authors on the results tables. 

The following table presents the speakers count, the 

utterance counts and the phonemes counts of the four 

main dialects [19]. 

 

TABLE  I. Description of MSA multi-dialect corpora 

 

 Spe

aker 

count 

Ut-

terance 

count 

Total 

utterance 

Pho-

nemes count 

Total  

Phonemes 

MSA 12 2790  33.480 15.505 186.060 

Gulf 12 2531  30.372 11.920 171.480 

Egyptian 20 2702  54.040 15.088 301.760 

Levantine 8 2643  21.144 11.828 119.184 

Total 52       10.666  160.180 59.781 778.484 

 

 

This work was done with the graphic models tookit  

(GMTK). GMTK is a freely-available toolkit written in  

C++ that is designed for DBN-based speech recognition 

[14]. It has many desirable features, such as sparse, conti-

nuous observation distributions, switching parents, beam 

search and generalized EM training. It  supports smoothing 

and Viterbi in ference using the online Frontier algorithm. 

GMTK has a number of features, including a language for 

specifying structures and probability distributions, loga-

rithmic space exact training and decoding procedures, the 

concept of switching parents, and a generalized EM train-

ing method which allows arbitrary sub-Gaussian parame-

ter tying. Taken together, these features endow GMTK 

with a degree of expressiveness and functionality that 

significantly complements other publically availab le 

packages. We have developed our systems with the best 

parameters obtained after many tests and experimenta-

tions. HTK is used for modeling the phoneme or the tri-

phone HMM. For each Arab phoneme or triphone we 

assigned a left-right HMM with 5 states . The emission 

probabilit ies are modeled by 64 mixtures of Gaussians. 

Maximum-likelihood parameter estimat ion was used to 

train HMM on data using the Viterbi algorithm.  

For SVM/HMM model we have used the same archi-

tecture and parameters obtained in [9]. A lso for the use of 

DBN system we applied the architecture presented by 

zweig [2] and stephenson [5] and the parameters done on 

[6]. Now we will present all the recognition rates obtained 

for each Arabic d ialect by the eight sections from A to H. 

When reporting the performance of a speech recogni-

tion system, sometimes word accuracy (WAcc) is used 

instead: 

 

 

 

TABLE  II. Recognition rates with HMM, SVM/HMM, 
DBN and SVM/DBN of MSA-dialect continuous speech. 

 

 HMM SVM/HMM DBN SVM/DBN  

A 73.81 
% 

78.32 % 87.84% 94.30% 

B 68.96 

% 

77.25 % 88.07% 93.43% 

C 73.7 % 76.65 % 86.65% 92.93% 

D 69.61 

% 

78.84 % 88.33% 91.45% 

E 68.7 % 83.93 % 86.84% 93.92% 

F 68.7 % 78.56 % 87.69% 94.02% 

G 73.7 % 78.94 % 89.03% 93.42% 

H 72.21 

% 

75.84 % 88.44% 94.21% 

TABLE  III. Recognition rates with HMM, SVM/HMM, DBN 

and SVM/DBN of Gulf-dialect continuous speech. 

 HMM SVM/HMM DBN SVM/DBN  

A 71.7 % 77.53 % 86.81% 91.26% 

B 75.21 

% 

83.98% 87.04% 92.34% 

C 71.64 

% 

78.64% 86.26% 95.02% 

D 71.16 

% 

78.83 % 88.93% 94.31% 

E 66.7 % 81.9 % 89.32% 93.79% 

F 73.29 
% 

77.83 % 89.39% 92.09% 

G 70.69 

% 

79.73% 89.86% 97.93% 

H 71.27 

% 

78.94 % 90.18% 94.72% 

TABLE  IV. Recognition rates with HMM, SVM/HMM, DBN 

and SVM/DBN of Egyptian-dialect continuous speech. 

 HMM SVM/HMM DBN SVM/DBN  

A 73.87 
% 

85.44 % 87.92% 92.22% 

B 71.29 

% 

84.16 % 89.14% 93.45% 

C 73.32 

% 

82.7 % 87.28% 91.90% 

D 70.68 

% 

83.29 % 89.29% 93.23% 

E 73.54 

% 

80.69 % 88.93% 92.09% 

F 71.13 
% 

86.88 % 90.23% 91.29% 

G 73.09 

% 

81.56 % 89.21% 93.49% 

H 73.81 

% 

82.87 % 89.07% 92.97% 

 



TABLE  V. Recognition rates with HMM, SVM/HMM, DBN 
and SVM/DBN of Levantine-dialect continuous speech. 

 HM
M 

SVM/HMM DBN SVM/DBN  

A 76.81 

% 

78.09 % 86.72% 93.02% 

B 76.61 

% 

82.93 % 88.14% 91.64% 

C 74.43 

% 

83.32 % 85.20% 90.29% 

D 75.18 
% 

81.39% 87.22% 92.32% 

E 80.68 
% 

82.12 % 88.23% 93.19% 

F 87.81 

% 

80.34% 85.98% 92.32% 

G 79.96 

% 

82.77% 87.20% 91.04% 

H 70.48 

% 

82.34 % 89.96% 93.27% 

 

The results presented on the previous tables’ shows the 

good effectiveness of applying DBN on the recognition of 

continuous multi dialect Arabic speech comparing to 

HMM standards and SVM/HMM. As it is seen the 

SVM/DBN behaves very well comparing to all the others 

systems for the four dialects. We see that the recognition 

rates obtained for all domains in all Arab ic dialects by 

SVM/DBN are the better results for the four systems. 

The following resumes the total of average of the rec-

ognition rates obtained for the MSA, Gulf, Egyptian and 

Levantine dialect. 
Table 6.  Average of Recognition rates with HMM, 

SVM/HMM, DBN and SVM/DBN systems of multi-dialect 

continuous speech. 
  

HMM 

 

SVM/HM

M 

DBN SVM/DB

N MSA  71.17

% 

78.54% 87.86

% 
93.46% 

Gulf 71.45

% 

79.67% 88.47

% 
93.93% 

Egyp-
tian 

72.59
% 

83.44% 88.88
% 

92.58% 

Levan-
tine 

77.74
% 

81.66% 87.33
% 

92.13% 

Aver-

age 

73.24

% 

80.83% 88.13

% 

93.02% 

We conclude from table 6 that the hybrid model  

SVM/DBN obtains a good effectiveness and performance 

comparing to DBN system experimented on the same 

conditions of learning and testing. 

As illustrated in the previous tables , the recognition 

rates of the multi-dialect Arabic triphones-based conti-

nuous speech obtained by the system of HMM are the 

lowest. 

As it is seen, DBN behave well, although the hybrid 

system SVM/DBN seems more efficient than the last one. 

It obtains the best recognition rate for the 4 dialects. 

That’s why we evaluate the gain obtained by SVM/DBN 

by reporting HMM standards, SVM/HMM and DBN. 

Thus, compared to the performance of the others sys-

tems  we realize that there is an improvement of the rec-

ognition rates of Arabic triphones -based continuous 

speech difference between them i.e. the recognition rates 

of Arabic triphones-based continuous speech with 

SVM/DBN are bigger than those obtained by the HMM 

standards, SVM/HMM and DBN which proves the effec-

tiveness of the hybridization of the SVM with DBN.  

VI. CONCLUSION 

In this paper, we have presented a hybrid ASR system 

SVM/DBN applied to the recognition of Arabic triphones -

based continuous speech. To improve the performance of 

the SVM/DBN model, we have presented a comparison of 

the recognition rate of Arabic mult i-d ialect triphones-

based continuous speech using consecutively: HMM stan-

dards, SVM/HMM, DBN and SVM/DBN which is our 

proposed work. The results of multi-d ialect Arabic tri-

phones-based continuous speech recognition obtained by 

the hybrid model SVM/DBN compared to those obtained 

with the others systems showed a good effectiveness and 

performance. In fact, the best results are obtained with the 

proposed system SVM/DBN where we have achieved 

93.02% as an average of recognition rates of 4 Arab ic 

dialects. The speech recognizer was evaluated with multi-

dialect Arabic continuous speech corpora MSA corpus 

and performs at 93.03% as an average of recognition rates 

of 4 Arabic d ialects compared to 73.24%, 80.83% and  

88.13 % respectively with triphones mixture -Gaussian 

HMM, SVM/HMM and DBN systems . 
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Abstract—Different types of Bayesian networks may be used for

supervised classification. We combine such approaches together

with feature selection and discretization and we show that such

combination gives rise to powerful classifiers. A large choice

of data sets from the UCI machine learning repository are

used in our experiments and an application to Epilepsy type

prediction based on PET scan data confirms the efficiency of

our approach.

1. Introduction

Bayesian networks are powerful graphical models for
representing the joint distribution of a random vector X.
They have been extended to answer the classification task
where one wishes to predict the label of a class variable Y ∈
{1, ..., J} having observed a set of explanatory variables
X = (X1, ..., Xp).

The simplest Bayesian network classifier is the naive
Bayes approach (NB) where the components of X are as-
sumed to be independent given Y . Tree augmented naive
Bayes (TAN) [4] is a direct extension of NB where each
variable Xi, j = 1, , , p, may depend on at most one other
variable than Y .

Other approaches use more general and complex unre-
stricted Bayesian networks for classification. Unrestricted

Bayesian networks build Bayesian networks over the joint
set (Y, X) and classify any instance by estimating the
posterior probability P (Y |X) using the network. Multinet

Bayesian networks build multiple Bayesian networks over
the observations corresponding to each label of Y . This
gives an estimation of P (X, Y ) and using Bayes rule one
may compute P (Y |X).

Feature selection approaches aim to reduce the dimen-
sion of the data keeping only the important variables for the
classification. Different feature selection approaches have
been suggested in the litterature [15], [19]. Such approaches
may be embedded in the process of classification, or done as
an independent preprocessing. We use the later approaches
based on random forests variable importance.

Bayesian networks for continuous data are strongly
based on the Gaussian assumption and very sensitive to it.
When this assumption is not true it is common either to use
Cox- Box transformations or to discretize the data [4].

In this work, we show that combining feature selec-
tion and discretization through Bayesian network classifiers
gives a powerful approach when compared to other classical
machine learning methods for classification like random
forests (RF), support vector machines (SVM) and CART
(classification and regression trees [1]). The method giving
the best result over a wide choice of experiments is the
multinets approach.

To illustrate the efficiency of our approach we apply
it to PET scanning data (Positron Emission Tomography)
obtained for fifty four patients suffering from four different
types of epilepsy. Each of the thirty seven variables in
the data corresponds to the signal intensity measured at a
Region of interest (ROI) in the brain. It is supposed that the
connectivity whether it exists or not between the ROIs is
very important to identify the class of epilepsy. Graphical
models used for classification of such datasets coming from
MRI images have shown to be very powerful [18].

This work will be presented as follows: Section 2 give a
brief introduction of classification using Bayesian networks:
Naive Bayes, tree augmented naive Bayes, unrestricted and
multinets Bayesian networks. Section 3 describes the dis-
cretization method we used and the feature selection based
on random forests. Section 4 describes the experiments
and results. Finally, section 5 considers the application to
Epilepsy type prediction from PET scan data.

2. Classification using Bayesian network

A Bayesian network denoted B = (G,Θ) is a directed
acyclic graph G with parameter Θ. Each node of G corre-
sponds to a variable Xi, i = 1, ..., p. The structure of graph
G represents the dependencies between the variables and
Θ = (θ1, ..., θp) are the conditional probabilities of each
variable Xi over π(Xi), the set of its parents in the graph.
A Bayesian network assumes that the joint probability of
X = (X1, ..., Xp) is factorized as follows:

P (X1, ..., Xp) =

p
∏

i=1

P (Xi|π(Xi)) (1)

Learning a Bayesian network is done through the estima-
tion of the structure of the graph G and the set of parameters
Θ from the data set.



Structure learning for Bayesian networks may be done
using various algorithms. Some of them aim to maximize a
score over the structure (BIC score [22], MDL score [14],
[20], [25]) and others identify the existence of connections
and their directions using conditional independence tests for
instance. In our experiments we used BIC score for learning
the structure of Bayesian networks.

The parameters of Bayesian networks may be learned
either by maximum likelihood estimation (MLE) or by
Bayesian estimation.

In our work, we used MLE for estimating the parameters
for the continuous attributes. For example, for a continuous
node X1 having two parents X2 and X3, the local parame-
ters for X1 are defined by the conditional Gaussian model

X1|X2, X3 ∼ N(µX1|X2,X3
, σ2

X1|X2,X3
).

Thus, the parameters estimates are the same induced by
fitting a linear regression model of X1 over its parents X2

and X3.
For a discrete node, the corresponding conditional dis-

tribution is assumed to be multinomial with parameter θ.
The Bayesian Maximum a Posteriori approach is used to
estimate the parameters that is, the estimate of θ is the one
maximizing

P (Θ|X) ∝ P (X|Θ)P (Θ)

where P (Θ|X) is the posterior distribution, P (X|Θ) is
the multinomial likelihood function and P (Θ) is the prior
distribution taken to be a Dirichlet distribution.

In classification, a discrete variable Y taking values
y ∈ {1, ..., J} is also available. One may construct a
Bayesian network over (X, Y ) putting a constraint over the
graph structure such that Y has no parents.

Equation 1 becomes:

P (X1, ..., Xp, y) = P (y)

p
∏

i=1

P (Xi|π(Xi)) (2)

Once a Bayesian network is learned from the data, it may
be used to compute any marginal or conditional probability
over a subset of the variables in the network. This is called
inference from the Bayesian network. We present now the
different Bayesian networks classifiers used later in our
experiments.

2.1. Naive Bayes

Naive Bayes classifier (NB) [16], [17] is a restricted
Bayesian network which makes the assumption that the
predictor variables are conditionally independent given the
class variable (see figure 1). Under this assumption the joint
probability distribution is given by:

P (y,X1, ..., Xp) = P (y)

p
∏

i=1

P (Xi|y)

and the class prediction for Y may be computed using

argmax
y

P (y|X1, ..., Xp) = argmax
y

P (y)P (X1, ..., Xp|y)

where P (X1, ..., Xp|y) is inferred from the network. The
number of parameters in NB is much lower than in unre-
stricted Bayesian networks.

2.2. Tree Augmented Naive Bayes (TAN)

TAN [4] is another type of restricted Bayesian network
classifier which takes into account the correlation between
predictor variables. It allows each variable in the network to
have at most one other parent than Y . So, the factorization
for joint probability distribution under TAN assumption is
given by

P (X1, .., Xp, y) = P (y)P (Xq|y)

p
∏

i=1,i 6=q

P (Xi|y, π(Xi))

where Xq denotes the root node which is X3 in figure 2.
Chow and Liu algorithm [2] is updated by [4] to learn

the structure of TAN taking into account the class variable
by computing the conditional mutual information between
each pair of predictor variables given the class as follows:

I(Xi, Xj |Y ) =
∑

xi

∑

xj

∑

y

P (xi, xj , y) log
P (xi, xj |y)

P (xi|y)P (xj |y)

for i, j = 1, .., p and i 6= j. Learning TAN structure starts
from a complete undirected graph with edges having weight
equal to I(Xi, Xj |Y ). Kruskal algorithm [13] is used
to obtain the maximum spanning tree from the structure.
Finally, the class variable is set to be the parent of all
predictor variables and the second parent is chosen randomly
among the predictor variables to determine the direction of
the edges which agree with TAN structure restriction. More
about Bayesian networks see [9], [10], [12], [23]

Y

X3X2X1 X4 X5

Figure 1: Naive Bayes classifier

Y

X3X2X1 X4 X5

Figure 2: TAN classifier

2.3. Unrestricted Bayesian networks (UBN) and

Multinet (MN)

Unrestricted Bayesian networks (UBN) may be used in
at least two other ways for classification [2], [4]. First,



a UBN may be learned from a data set using both input
and class variable (X, Y ). Once the UBN is learned, the
posterior probabilities P (Y |X) may be inferred by likeli-
hood weighting sampling [5], [24]. This consists on having
a large sample from the networks and the probabilities by
estimating frequencies.

Multinets Bayesian networks consists of estimating J
Bayesian networks separately for each label of Y . Each used
to estimate the conditional probabilities P (X|Y ). Bayes rule
is then used to estimate the posterior probabilities

P (Y |X) =
P (X|Y )P (Y )

∑

x,y

P (X, Y )P (Y )

.

The idea behind this approach is that the interactions
between the input variables X may be different according
to the value of Y [4]

3. Discretization and Feature selection using

random forests

Bayesian networks for continuous data are strongly
based on the Gaussian assumption. In real data sets, this
assumption rare holds and variables may be of both kinds
continuous and discrete. That is why we choose to discretize
the data.

We also apply a feature selection approach in order
to reduce the data dimensions, reduce the complexity cost
of models estimation and avoid noise due to irrelevant
variables.

3.1. Discretization

We used the ReliefF measure [11] for variables quality
estimation to discretize the continuous variables [21].
ReliefF algorithm selects an instance Ri randomly and then
searches for the k nearest instances having the same class as
Ri called nearest hits Hj(Y ) and searches for the k nearest
neighbors having different class than Ri called nearest
misses Mj(Y ). This process is repeated m times to update
the quality estimation for the variables, where m is a user
defined parameter. The quality estimation for the variable Xi

at every iteration is: W [Xi] = W [Xi]−
−

k∑

j=1

diff(Xi,Ri,Hj)

m.k
+

∑

Y 6=class(Ri)

[

P (Y )
1−P (class(Ri))

k
∑

j=1

diff(Xi, Ri,Mj(Y ))

]

/(m.k)

where W [Xi] is initialized to zero, ∀ i = 1, .., p, and
diff(Xi, t1, t2) computes the difference between the values
of the attribute Xi for instances t1 and t2. We use the
measures

diff(Xi, t1, t2) =

{

0, value(Xi, t1) = value(Xi, t2)
1, value(Xi, t1) 6= value(Xi, t2)

}

,

if the variables are nominal.

And

diff(Xi, t1, t2) =
|value(Xi,t1)−value(Xi,t2)|

max(Xi)−min(Xi)
,

if the variables are continuous.

To discretize the attribute Xi, the ReliefF measure is
used with a greedy search algorithm (see algorithm 1) to
find the split point that maximizes the heuristic measure
W [Xi] [21]. At each iteration the algorithm searches for

Algorithm 1 Greedy algorithm searching for the split points
that maximize the ReliefF measure.

1: Best Discretization = {}
2: Set of split point = {}
3: repeat m times
4: if Set of split points is best so far then
5: Best discretization =Set of split points
6: end if
7: until the heuristic search is worse than the previous

step.

the new split point maximizes the heuristic estimate of the
discretized variable [11].

3.2. Feature selection using random forests

Random forests designed among the most known and
powerful classification models. They combine a large num-
ber of trees trained over bootstrap samples of the original
data set.

Random forests are particularly attractive because they
offer a very original variable importance measure which has
been widely analyzed in the literature and proved to be very
efficient in a large number of situations [3].

We use variable importance assessed by random forests
in order to select the best subset of variables for the classi-
fication task. This is done following the idea given by [7]
and summarized in algorithm 2.

For each variable we compute its importance by av-
eraging over 100 runs of random forests. Variables are
ranked in the decreasing order of their importance and
introduced sequentially in an embedded increasing random
forests model. The accuracy of each model is estimated by
ten cross-validation and the optimal number of important
variables to retain is the one corresponding to the most
accurate model.

4. Experimental methodology and results

In this section, we compared the efficiency of Bayesian
network classifiers (NB, TAN, unrestricted Bayesian net-
works (UBN) and multinets Bayesian networks (MN) to
other classical methods like SVM, random forests (RF) and
decision trees (CART). Support vector machines depend
on two parameters β and C = cost which are the kernel
parameter and the constant of the regularization term in
the Lagrange formulation respectively. These parameters are
tunned and compared with their default values, β = 1/p



Algorithm 2 Random forests feature selection.

1: let D be data set and p is the number of features.
2: for ( i=1:100) do

3: V I =

100∑

i=1

V Ii

100 , where V I is the Variables
Importance vector,

4: end for
5: Order V I descending: X(1), ..., X(k)

6: Partition D through stratified cross validation:
D1, ..., D10.

7: for ( j=1:10) do
8: for ( k=1:p) do
9: Mk

j = f(X(1), ..., X(k),D
−j )

10: Errorkj = Test(Mk
j , Dj)

11: Errork = 1
10

10
∑

j=1

Errorkj

12: end for
13: end for
14: kopt = Argmink {Errork}, where kopt is the thresh-

old point.

and C = 1 to choose the best performance. The range of
β and C are chosen respectively to be 10−6:−1 and 101:4.
For random forests we choose the default values of the
parameters suggested in R packages.

The experiments are done over thirteen data sets from the
machine learning UCI repository. As mentioned in previous
sections the structure is learned using BIC score, and learn-
ing parameters are computed using MLE for continuous data
sets and using Bayesian estimation for discrete data sets. A
short description of these data sets is given in table 1. First,
all the explanatory variables are discretized using the ReliefF
measure. Important variables are computed using random
forests by fixing the number of tree to ntree=5001 to
ensure the stability of variables importance and it is aver-
agely computed over 100 times as shown in algorithm 2.

To assess the accuracy of the classifiers we compute
the average misclassification errors (MCE) using five folds
cross-validation. Cross-validation is run fifty times in each
case and the average over these runs is reported.

Data sets # Instances # Variables # classes
# Important

variables

in discrete case

# Important

variables in

continuous case

toys 100 50 2 8 4

breast 683 9 2 6 7

glass 214 9 6 9 7

wine 178 13 3 9 8

vehicle 846 18 4 12 8

pima 768 8 2 3 6

satimage 4435 36 6 35 32

segment 2310 19 7 19 7

vowel 990 10 11 10 10

waveform 5000 40 3 21 30

landsat 6435 36 6 36 28

pendigits 10992 16 10 16 16

letter 20000 16 26 16 15

TABLE 1: Data sets description.

Table 1 gives a summary of the data sets used in the
experiments including the number of instances, number of
variables, number of labels, and the number of important

Data sets SVM CART RF NB UBN MN

toys 1.50 12.45 6.35 7.39 3.07 40.94

toys-R 0.04 12.14 1.40 2.40 1.19 0.28

breast 3.05 5.31 2.84 3.82 4.60 4.65

breast-R 3.02 5.27 2.95 3.36 4.61 4.62

glass 28.66 31.06 20.89 61.23 45.03 50.28

glass-R 28.15 30.53 20.53 55.89 45.84 51.25

wine 1.79 11.93 1.98 2.69 1.16 0.76

wine-R 1.71 11.58 2.10 2.90 1.29 1.28

vehicle 14.82 31.87 24.86 54.24 15.59 16.01

vehicle-R 21.20 32.06 25.22 50.11 25.52 25.97

pima 22.9 25.67 23.56 24.62 25.05 26.06

pima-R 23.29 25.79 24.10 24.36 24.54 24.99

satimage 8.14 18.96 8.82 20.35 14.54 14.58

satimage-R 8.33 18.91 8.86 20.37 14.54 14.57

segment 3.13 8.09 2.15 20.29 11.84 85.72

segment-R 2.64 8.15 1.62 11.26 7.70 7.56

vowel 1.14 39.83 4.00 33.24 16.29 14.95

vowel-R 1.14 39.83 4.00 33.24 16.29 14.95

waveform 13.61 26.55 14.39 20.01 14.71 14.78

waveform-R 13.36 26.55 14.23 20.02 14.66 14.63

landsat 7.77 18.87 8.24 20.39 14.75 14.60

landsat-R 8.32 18.88 8.30 20.33 14.47 14.51

pendigits 0.38 10.15 0.14 12.01 1.00 24.99

pendigits-R 0.38 10.15 0.14 12.01 1.00 24.99

letter 2.51 60.01 3.70 41.57 12.69 13.94

letter-R 2.61 51.70 3.18 32.60 10.22 10.11

TABLE 2: Experimental results with five CV (averaged over
fifty runs). Data are continuous and ”R” denotes the reduced
data set by feature selection.

variables retained by feature selection for both the dis-
cretized and continuous versions of data sets. Table 2 and
Table 3 give the missclassification errors of all the compared
models for the original continuous data sets and for their
discretized version respectively. In both cases MCE are
reported for each data set and its reduced version by feature
selection.

Table 4 shows the differences of MCE between the
continuous and the discrete case, for both reduced and not
reduced data sets. Whereas discretization does not contribute
to increase the performance of the classical machine learning
approaches, its contribution for BN classifiers mainly, Naive
Bayes and Multinet are very significant in most of the cases.

To see clearly whether the feature selection procedure
gives rise to better models, we compute the difference of
MCE before and after feature selection. These differences
are reported in table 5 and table 6 for the continuous and
discrete case respectively. We can see that despite of the
unrestricted BN approach, in most cases we gain in accuracy
when performing feature selection. The gain is higher in
general for the discretized version of the data sets.

5. Application of Bayesian classifier on PET

scan data

Epileptic patients are followed by brain PET scan imag-
ing. The images are segmented according to predefined
anatomical regions (variables) in the brain. Thirty seven
regions were considered for fifty four patients followed at
the Timon hospital, Marseilles, France. Each patient belongs
to one of the four categories of Epilepsy: BILATERAL,
LATERAL, MESIAL and PLUS. The distribution of these
labels in our sample are: sixteen, seven, seventeen and
fourteen respectively. For more details for this data set see
[8].

The aim is to predict the Epilepsy category using the
intensity measure of the thirty-seven regions of interest



Data sets SVM CART RF NB UBN MN TAN

toys 2.23 12.07 3.63 2.51 6.21 2.08 7.15

toys-R 2.67 11.99 3.29 2.33 4.35 2.53 4.00

breast 2.21 5.31 2.73 2.49 3.03 2.95 3.13

breast-R 2.20 5.30 2.37 2.47 2.98 2.68 3.19

glass 22.57 30.90 20.49 26.91 34.60 23.97 22.50

glass-R 22.57 30.90 20.49 26.91 34.60 23.97 22.50

wine 1.49 9.90 1.82 0.99 1.62 2.09 2.23

wine-R 1.67 9.94 1.63 1.12 1.67 1.89 1.79

vehicle 28.84 34.64 29.86 40.62 34.30 29.07 29.35

vehicle-R 26.65 34.27 27.50 38.97 37.64 29.05 29.53

pima 23.34 24.83 23.64 24.88 24.41 24.60 25.40

pima-R 23.14 23.79 21.82 22.30 22.29 22.33 23.65

satimage 10.4 19.06 10.43 19.91 19.01 14.00 13.70

satimage-R 10.46 19.05 10.43 19.93 19.72 13.95 13.46

segment 4.48 11.23 4.47 9.58 6.74 6.53 5.97

segment-R 4.48 11.23 4.47 9.58 6.74 6.53 5.97

vowel 13.64 45.51 13.00 35.01 50.85 26.98 24.71

vowel-R 13.64 45.51 13.00 35.01 50.85 26.98 24.71

waveform 17.36 26.93 18.14 20.43 20.52 21.15 21.14

waveform-R 17.05 26.93 17.77 20.39 20.96 21.11 20.51

landsat 10.00 19.19 9.87 20.26 18.77 13.66 13.38

landsat-R 10.00 19.19 9.87 20.26 18.77 13.66 13.38

pendigits 1.52 20.60 1.77 14.24 6.41 3.09 5.17

pendigits-R 1.52 20.60 1.77 14.24 6.41 3.09 5.17

letter 8.03 53.36 7.59 33.92 24.34 18.20 23.14

letter-R 8.03 53.36 7.59 33.92 24.34 18.20 23.14

TABLE 3: Experimental Results with five CV (averaged
over fifty runs). Data are discretized and ”R” denotes the
reduced data set by features selection.

Data sets SVM CART RF NB UBN MN

toys −0.73 0.38 2.72 4.88 −3.14 38.86

toys-R −2.63 0.15 −1.89 0.07 −3.16 −2.25

breast 0.84 0.00 0.11 1.33 1.57 1.70

breast-R 0.82 −0.03 0.58 0.89 1.63 1.94

glass 6.09 0.16 0.40 34.32 10.43 26.31

glass-R 5.58 −0.37 0.04 28.98 11.24 27.28

wine 0.30 2.03 0.16 1.70 −0.46 −1.33

wine-R 0.04 1.64 0.47 1.78 −0.38 −0.61

vehicle −14.02 −2.77 −5.00 13.62 −18.71 −13.06

vehicle-R −5.45 −2.21 −2.28 11.14 −12.12 −3.08

pima −0.44 0.84 −0.08 −0.26 0.64 1.46

pima-R 0.15 2.00 2.28 2.06 2.25 2.66

satimage −2.26 −0.10 −1.61 0.44 −4.47 0.58

satimage-R −2.13 −0.14 −1.57 0.44 −5.18 0.62

segment −1.35 −3.14 −2.32 10.71 5.10 79.19

segment-R −1.84 −3.08 −2.85 1.68 0.96 1.03

vowel −12.5 −5.68 −9.00 −1.77 −34.56 −12.03

vowel-R −12.5 −5.68 −9.00 −1.77 −34.56 −12.03

waveform −3.75 −0.38 −3.75 −0.42 −5.81 −6.37

waveform-R −3.69 −0.38 −3.54 −0.37 −6.30 −6.48

landsat −2.23 −0.32 −1.63 0.13 −4.02 0.94

landsat-R −1.68 −0.31 −1.57 0.07 −4.30 0.85

pendigits −1.14 −10.45 −1.63 −2.23 −5.41 21.90

pendigits-R −1.14 −10.45 −1.63 −2.23 −5.41 21.90

letter −5.52 6.65 −3.89 7.65 −11.65 −4.26

letter-R −5.42 −1.66 −4.41 −1.32 −14.12 −8.09

TABLE 4: The difference of MCE between continuous and
discrete data.

Data sets SVM CART RF NB UBN MN

toys 1.46 0.31 4.95 4.99 1.88 40.66

breast 0.03 0.04 −0.11 0.46 −0.01 0.03

glass 0.51 0.53 0.36 5.34 −0.81 −0.97

wine 0.08 0.35 −0.12 −0.21 −0.13 −0.52

vehicle −6.38 −0.19 −0.36 4.13 −9.93 −9.96

pima −0.39 −0.12 −0.54 0.26 0.51 1.07

satimage −0.19 0.05 −0.04 −0.02 0.00 0.01

segment 0.49 −0.06 0.53 9.03 4.14 78.16

vowel 0.00 0.00 0.00 0.00 0.00 0.00

waveform 0.25 0.00 0.16 −0.01 0.05 0.15

landsat −0.55 −0.01 −0.06 0.06 0.28 0.09

pendigits 0.00 0.00 0.00 0.00 0.00 0.00

letter −0.10 8.31 0.52 8.97 2.47 3.83

TABLE 5: Difference between MCE without and with fea-
ture selection for continuous data. Positive values mean that
models are more accurate with feature selection.

(ROI). A particular focus in this application is about the
complex connectivity of the ROI in the brain. Statistical
models should take into account this connectivity. As it may
be seen in table 7 and 8 the models fitted over the continuous
data set show very poor performance.

We run here the classical methods together with the

Data sets SVM CART RF NB UBN MN TAN

toys −0.44 0.08 0.34 0.18 1.86 −0.45 3.15

breast 0.01 0.01 0.36 0.02 0.05 0.27 −0.06

glass 0.00 0.00 0.00 0.00 0.00 0.00 0.00

wine −0.18 −0.04 0.19 −0.13 −0.05 0.20 0.44

vehicle 2.19 0.37 2.36 1.65 −3.34 0.02 −0.18

pima 0.20 1.04 1.82 2.58 2.12 2.27 1.75

satimage −0.06 0.01 0.00 −0.02 −0.71 0.05 0.24

segment 0.00 0.00 0.00 0.00 0.00 0.00 0.00

vowel 0.00 0.00 0.00 0.00 0.00 0.00 0.00

waveform 0.31 0.00 0.37 0.04 −0.44 0.04 0.63

landsat 0.00 0.00 0.00 0.00 0.00 0.00 0.00

pendigits 0.00 0.00 0.00 0.00 0.00 0.00 0.00

letter 0.00 0.00 0.00 0.00 0.00 0.00 0.00

TABLE 6: Difference between MCE without and with fea-
ture selection for discrete data. Positive values mean that
models are more accurate with feature selection.

Bayesian classifiers in the previous section using the same
discretization and feature selection approaches. Since the
sample size is very small and as before the MCE , We report
using five folds cross-validation as well as using leave one
out (LOO) approach.

Data sets SVM CART RF NB UBN MN TAN

Epilepsy 31.87 45.67 34.24 43.59 55.22 70.31 −

Epilepsy-R 22.58 43.94 26.10 29.74 36.68 50.52 −

Epilepsy-D 22.03 39.03 20.87 26.75 31.45 26.58 24.25

Epilepsy-D-R 20.25 36.14 18.11 22.03 23.47 17.65 26.03

TABLE 7: Experimental Results with five CV (averaged
over fifty runs) for Epilepsy data set, ”R” denoted the
reduced data set by features selection and ”D” denotes the
discrete data set.

Data sets SVM CART RF NB UBN MN TAN

Epilepsy 29.63 42.59 31.48 44.44 59.26 70.37 −

Epilepsy-R 22.22 42.59 25.93 27.78 33.33 50.00 −

Epilepsy-D 24.07 46.30 20.37 25.93 24.07 24.07 24.07

Epilepsy-D-R 18.52 42.59 18.52 22.22 22.22 16.67 27.78

TABLE 8: Experimental Results with LOO for Epilepsy data
set, ”R” denoted the reduced data set by features selection
and ”D” denotes the discrete data set.

For all models, feature selection applied to the Epilepsy
data decreases significantly their MCE. SVM has the best
performance with MCE equal to 31.87% and 22.58% over
non-reduced and reduced data respectively in their continu-
ous version.

Except for SVM, MCE are reduced very significantly
when the data set is discretized. Finally, using feature se-
lection, MCE is yet reduced reaching 17.65% for multinets
Bayesian network classifier (whereas with the original con-
tinuous data set it had 70.31% ). LOO estimation for MCE
are yet lower but they show the same patterns.

6. Conclusion

In this paper, we have shown that Bayesian networks
classifiers are very accurate models when compared to other
classical machine learning methods. Discretizing input vari-
ables often increases the performance of Bayesian networks
classifiers, so does a feature selection procedure. This is
probably due to the fact that discrete Bayesian networks are
less sensitive to the underlying distribution of the data and



are easier to estimate in low dimensions. One specific ad-
vantage of Bayesian networks classifiers is that they directly
estimate the distribution of the data and take into account the
high order interactions between the variables. The models
may be also graphically presented.

Future work aims to use a more specific discretization
approach preserving the dependencies structure within the
original data and including latent variables accounting for
hidden clusters in the data.
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Abstract— how do opinions form and evolve in a social 

network is an interesting subject and has attracted much 

attention of researchers from various disciplines. One of the ways 

of thinking, opinion can be formed through a process called 

informational influence, where a user forms his/her opinion, on 

various issues, according to the information they obtained or 

observed from certain number of agents in his friendship 

neighbourhood. In this paper, we consider the problem of 

modeling how users form and update opinions based on their 

neighbours’ opinions, their decisions, and their privates’ 

information. 

 The main goal of this paper is to explore various work of 

modeling opinion dynamics in social networks where we focus on 

the implications of the form of learning (e.g., Bayesian vs. non-

Bayesian). In this study, we try to give a serve as guidelines for 

scientists, practitioners and developers who intend to design new 

methods in this area. Non-Bayesian models 

Keywords—Opinion dynamics; Bayesian models; Non-

Byaesian models; Social Networks 

I.  INTRODUCTION  

In recent years, both social network and social media have 
become ubiquitous in our daily life and allow hundreds of 
millions of Internet users worldwide to produce and consume 
content. From where, they have become a global favorite for 
discussion of topics, ideas and news: about the latest breaking 
news, political issues sports events, new products, life style or 
celebrities. . . 

Online social networks have offered an incredible platform 
for information exchange and have proved to be very powerful 
in many situations, such as Facebook during the 2010 Arab 
spring [1] or Twitter during the 2008 U.S. presidential elections 
[2] for instance. Various contents can be exchanged between 
Internet users such as photos, videos and opinions, concerning 
many issues. 

A lot of research have been done during the past decade for 

understand how opinions change following to social influence. 

This last lies at the heart of individual's opinion formation 

because users may form or update their opinion about a 

particular topic by learning from the information and opinions 

that their friends/neighbours share. It is crucial to study how 

opinions are formed and are evaluated over time and how 

opinions change following the social interactions. 

So, in addition to this introductory section, the paper is 

organized in three distinct but complementary sections: 

- In section two, we present the key components in opinion 

formation proposed by Acemoglu and Ozdaglar [4]. 

-An overview on the state of the art of opinion dynamics 

modeling methods will be presented in the third section. We 

highlight two alternative approaches of social learning and 

opinion formation.  In the first sub-section, we start with Non-

Bayesian models of communication learning. We study the 

evolution of opinions in a society where agents, instead of 

performing Bayesian updates, apply a simple learning rule to 

incorporate the views of individuals in their social.  In the 

second sub-section, we turn to Bayesian social learning by a 

set of agents observing others’ actions. 

- Conclusion is given in final section. 

II. OPINION DYNAMICS 

Since a long time, opinion dynamics is an active area of 
research among statistical physicists, mathematicians and 
computer scientists. The  first researcher, who started in this 
area, proposes to create a simple and intuitive model of 
interactions between people and information. This model was 
proposed by a French psychologist in [37]. Before, due to 
limitations in communication, conventional methods do not 
treat the dynamics of opinion on large groups of people. 
Thanks to the development of the Internet people, we can 
exchange information and ideas more freely and frequently. 
Therefore, a calculation model will be a necessary element in 
the process of the dynamics of opinion. 

 Building a model of opinion dynamics that is consistent 
with existing social theories and capable of handling large 
problem scalability is a challenging issue. For reasons of 
simplification and extraction of the core parts of a difficult 
problem, Acemoglu and Ozdaglar [4] proposed to divide the 
formation of opinion into three key components: Prior 
opinions, Method of information processing and Information 
source. 



A. Prior opinions: 

Opinion dynamics is a continuous procedure which contains a 

sequence of different opinions. Any model of opinion 

formation has to start with some types of initial opinions 

(priors), determined by the knowledge base, which can be 

personal or public.  

B. Information sources: 

One critical component in opinion dynamics is information 

sources. By interacting with sources of information, a person 

can update their knowledge bases and his/her opinion based on 

new information that he/she receives. This might come from 

observing others' actions and experiences, or from 

communicating with others. 

C. Method of information processing: 

It presents how the individual will combine her initial opinions 

and the information he/she receives. There are models that 

similarly combine priors and information to yield a new 

opinion and other models use the Bayes rule. Various factors 

are responsible for the way in which agents adopt the opinions 

of others such as: relationship closeness [3] to personal and 

opinion similarity [4]... 

III. LITERATURE REVIEWS OF OPINION DYNAMICS MODELING 

METHODS  

 In everyday life, people form opinions over various issues 
such as economic, political, social...  

However, the relevant information for such problems is not 
often concentrated in any source or body of sufficient 
knowledge. Instead, the data are dispersed throughout a vast 
network, where each individual observes only his/her personal 
experience. For learning from other people's experiences, each 
agent will be motivated to communicate with others or to 
observe actions of others.  Two significant models of 
information aggregation in networks have been used in the 
literature namely the Bayesian learning and the Non-Bayesian 
learning. The fundamental issue, in this context, is to whether a 
formal learning model is used. Bayesians use Bayes’ theorem 
as a formal learning model whereas non- Bayesians do not 
appear to use a formal learning model. In effect, non-Bayesians 
are learning informally. 

In this section, we provide an overview of research on 
opinion dynamics models in social networks. We discuss both 
Bayesian and non-Bayesian models of social learning. 

A. Non-Bayesian Learning 

In non-Bayesian approaches, people start to form their 
opinions by specifying simple rules of thumb. The work 
provided by French [5] allows him to become the pioneer of 
this model family. Actually, individuals, in their works, form 
their new opinions by averaging other people’s opinions with 
whom they have directly communicated (at a time from their 
social neighborhoods: friends, coworkers or peers). After that, 
several Non-Bayesian approaches were developed around the 
same idea: “opinions evolve dynamically over time as a 
function of their neighbors’ opinions”. For instance, DeGroot 
Model [6] proposes to replace the simple average function in 

French [5] with a weighted mean in order to assess opinion 
pooling of a dialogue among experts. 

The literature has considered several non-Bayesian. Such as 
Friedkin-Johnsen model, [7],[8] where some level of 
stubbornness has been added to each agent. The latter is 
supposed to adhere to its initial opinion or prejudice to some 
degree. In other words, the agent is stubborn never forget their 
prejudices, and thus remain persistently influenced by 
exogenous conditions under which those prejudices were 
formed. A significant extension of the classical Friedkin-
Johnsen model has been proposed by [9], represent the 
dynamics of agents’ opinions on two or more topics, and those 
topic-specific opinions are interdependent. Another dynamical 
model  [10] named DeGroot-friedkin model, proposes to 
combine the averaging rule by DeGroot to describe the 
dynamics of opinions over a single issue and  the reflected 
appraisal mechanism by Friedkin to describe the dynamics of 
individuals’ self-appraisal and social power. The presence of 
stubborn individuals has received increasing attention and it 
did not touch only FJ model and its variations but it was 
considered in a lot of others works [11], [12], [13]. In [11] and 
[12] carefully the effects of stubborn individuals are 
investigated in a randomized gossiping process. In [13], the 
opinion formation process is regarded as a local interaction 
game and the concept of the stubbornness of an individual 
regarding his/her initial opinion is introduced. 

B. Bayesian learning 

The most widely-used approach for dealing with uncertainty 

and more recently, for opinion formation is the Bayesian 

approach. The Bayesian learning approaches assume that 

“individuals would update their beliefs optimally given an 

underlying model of the world” [14]. It has the advantage of 

relying on well-understood techniques from probability theory 

for update the opinions of agents. 

Consider a situation in which an individual is trying to form an 

opinion about some underlying state θ. The state could 

correspond to some variable (economic variable, social 

variable, political variable…). 

After observing some evidence or receiving some information 

s, each agent would first have to start with some priors. This is 

captured by y a function P(θ), which gives the prior belief of 

the individual about the likelihood of each possible value of θ. 

Let us consider s the information that the individual will 

receive or this could correspond to some observation 

concerning θ. 

The Bayesian approach then posits that the individual will 

update his/her prior after observing s according to the Bayes 

rule, in particular P(θ|s)=( P(s|θ) × P(θ) )/ P(s).  

The individual can compute the probability that the true state 

is θ given the signal s, P(θ|s), if only if he/she knows P(s|θ) 

implies that she has an understanding of what types of signals 

to expect when the true value is θ, P(θ) implies that she has 

priors on each possible value of θ, and P(s).  

In most Bayesian models, it is assumed, that individuals have 

beliefs about P(θ) and P(s|θ) that coincide with the true data 

generating process and with each other's beliefs, and in fact, 

there is common knowledge that they all share the same 



priors. The only uncertainty is about the specific value of θ; 

there is no uncertainty or doubt about the underlying model of 

the world, and this plays a central role in the implications of 

Bayesian models.  

There are two models of Bayesian social learning by a set of 

agents observing others' actions or communicating with each 

other over a social Network. The literature on learning by 

communication in groups is somewhat smaller than the 

observational learning literature. But there are several non-

Bayesian models of communication.  In this section, we will 

present some Bayesian models of learning with observation 

and then with communication 

C. Models of Bayesian learning 

A sizable literature focuses on Bayesian models of 
observational learning for several reasons: First, it is difficult to 
control and measure exactly what is (or is not) communicated 
by various agents in a more general communication model. So, 
most models propose to focus on the mechanics of the learning 
process by restricting communication to observable actions. 
Second, action models correspond more with models of 
Bayesian learning on networks. This is already an appropriate 
comparison.  

Bikchandani, Hirshleifer and Welch (1992) [15] and 
Banerjee (1992)[16] started the literature on learning in 
situations in which individuals are Bayesian and observe past 
actions. They analyze a sequential decision model in which 
each decision maker looks at the decisions made by previous 
decision makers in taking her own decision. This is rational for 
her because these other decision makers may have some 
information that is important for her. In these models of social 
learning, Banerjee [16] and Bikhchandani, Hirshleifer, and 
Welch [15], assume a sequence of agents (individuals), indexed 
by n   N, sequentially make a single decision each. These 
decisions of all agents are public information. Thus, at date 1, 
agent 1 chooses an decision a1, based on his private 
information; at date 2, agent 2 observes the decision chosen by 
agent 1 and chooses an decision a2 based on his private 
information and the information revealed by agent 1’s decision; 
at date 3, agent 3 observes the decisions chosen by agents 1 
and 2 and chooses an action a3 ...; and so on. 

The payoff of agent n depends on an underlying, payoff-
relevant state of the world, θ, and on her decision. So, Agent n 

obtains payoff 1, m0(xn, θ), if xn=θ and payoff 0 otherwise. To 
simplify notation, we assume that both values of the underlying 
state are equally likely, so that P(θ = 0) = P(θ = 1) = 1/2. 

Agent n knows his/her signal sn and the decisions of 
previous agents x1,x2 …., x(n-1). He/She chooses action 1 if 
P(θ=1| x1, x2 …., x(n-1)) > P(θ=0| x1, x2 …., x(n-1)). If x1, x2 <> θ, 
then xn<>θ for all agents. 

Bikchandani, Hirshleifer and Welch (1992) [15] say that: 

An information cascade occurs when it is optimal for an 

individual, having observed the actions of those ahead of him, 

to follow the behaviour of the preceding individual without 

regard to his own information  

After observing two individuals, the third individual is faced 

with one of three situations: (1) Both predecessors have 

adopted (2) both have rejected (3) one has adopted and other 

rejected. 

Under these assumptions, Bikchandani et al. [15], calculate the 

unconditional ex-ante probability of UP cascade, No cascade 

or a DOWN cascade after two individuals. They calculate also 

the probability of ending up in the correct cascade after 

observing two agents 

Annamaria and Andrea's [17] model proved that the first k 

(k<n) individuals are not allowed to observe previous 

decisions, whereas the entire history of decisions is commonly 

known to the last n–k individuals.  

 

The first k individuals observe only their own signal, and 

follow their private information for make a decision  

 In contrast, the N–k individuals should base their decision on 

both their own signal and all past decisions, thereby choosing 

the most frequently observed action. Compared to 

Bikhchandani et al.’s model [15], and Banerjee (1992)[16], 

this model allows aggregating information in a more accurate 

way. They present another way to calculate the probability of 

each event on the basis of precise statistical laws rather than 

on the basis of earlier possible biased actions as [15] did. 

 

Smith and Sørensen (2000) [18] have shown that, herd 

behaviour arises infinite time with probability one. Once the 

proportion of agents choosing a particular action is large 

enough, the public information in favour of this action 

outweighs the private information of any single agent. So each 

subsequent agent _ignores_ his/her own signal and “follows 

the herd”. So, Smith and Sørensen propose to provide a most 

comprehensive and complete analysis of this environment 

which they generalize the environment to include a richer set 

of private signals which they introduced the notion of 

unbounded private signals. The main result is that when each 

individual observes all past actions and private beliefs are 

unbounded, information will be aggregated and the correct 

action will be chosen asymptotically.  

Other work on social learning includes Celen and Kariv in 

2004[19], who study Bayesian learning when each individual 

observes his/her immediate predecessor, Callander and Horner 

2009[20], who show that it may be optimal to follow the 

action of agents that deviate from past average behaviour. 

 

This literature is voluminous and most of papers, among 

others, [21], [22], [23], [24], [25], [26] maintain the 

assumption that all past actions are observed. 

Using language from the analysis of networks, we can say that 

they focus on “the full observation network topology”. 

A key impediment to information aggregation in the most 

models of Bayesian learning from observations of past actions 

is the fact that actions do not reflect all of the information that 

an individual has, where individuals ignore their own 

information and copy the behaviour of others. 

We can note that observational learning is important in many 

situations, but a large part of information exchange in practice 

is through communication because we tend to talk to people in 

our social network. This type of learning is not well captured 



by observational models, and instead requires a model of 

communication. 
Several papers in the literature study communication, 

though typically they use non-Bayesian rule (for example [7] 
[8] [9] …) 

The complexity of updating when individuals share their ex 
post beliefs, is a major problem faced by most non-Bayesian 
models. In these non-Bayesian approaches such as [6] and [28],  
people continue to use the simple rules of thumb, which treats 
all information as ‘new’ for updating opinions. In this situation, 
updating opinions with repetitive information may establish an 
extreme form of duplication of information.  

To overcome this problem, [29] propose to label the 
information sent between agents. This lets not confuse between 
new information and previously communicated information. 
For example, at t=2, agent 1 communicates again with agent 2 
if he/she has updated her beliefs with somebody.  Else, when 
agent 2 repeats her original signal, his/her message will not be 
recorded as an additional piece of information by agent 1. 

IV. CONCLUSION 

Most social decisions rely on the information agents gather 
through communication with friends, neighbours, and by 
observing the others' actions. In this paper, we have provided 
an overview of work on modeling and evolving opinion 
dynamics in social networks  where we focus on the 
implications of the form of learning (Bayesian and non-
Bayesian), the sources of information ( observation and 
communication). 
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Abstract—In the field of water resources management, the 

prediction and early determination of climatic measures is one of 

the most promising ways to control irrigation tasks and optimize 

the utility profits. In fact, the irrigation system is subject of 

unpredictable and external factors especially related to climate 

and atmosphere (temperature, rains, winds …) that have to be 

rightly taken in the quantities decision making. 

In this study, we will focus on a set of meteorological 

observations (temperature, humidity, pressure, radiation …) 

which reflect the temporal reasoning within a decision making 

process. We propose to set up a process of knowledge extraction 

based on Bayesian networks from multidimensional, temporal and 

progressive data. This system has to make dynamic decision on 

temporal data in order to assure the classification of new climatic 

states and the prediction of specific measures (such rains) that may 

affect the water amount to be delivered for irrigation. We are 

interested to the Dynamic Decision Support Systems in water 

resources domain (IDSS). 

The objective of this work is to reveal the utility of Dynamic 

Bayesian Networks in the optimization of the water consumption 

and performing of the irrigation scheduling 

Keywords— prediction, meteorological observations, irrigation 

scheduling, knowledge extraction, dynamic Bayesian networks, 

decision support systems 

I.  INTRODUCTION 

Nowadays, water resource has been considered an essential 
production factor in agriculture, for crops [1]. In fact, with the 
increasing water scarcity, there is a need to optimize water use, 
mainly for irrigation purposes [2]. 

The task of water conserving in irrigated agriculture can be 
supposed as a predictive problem [3]. The reason is that some 
factors related to climate and atmosphere (temperature, rains, 
winds …) are well integrated in the decision making process of 
the irrigation quantities determination and then have to be rightly 
exploited in order to reduce losses, optimize the consumption 
and improve the utility profits [4] 

Given the hazardous and temporal aspects of the decision 
process, a predictive approach should be adopted to assure the 
estimation of specific measures (such rains) that may affect the 

water amount to be delivered for irrigation. We propose to set 
up a process of knowledge extraction based on Bayesian 
networks from multidimensional, temporal and progressive 
data. 

Literature works had reported various predictive solutions 
for the resolution of the main irrigation problems. Useful studies 
of [5, 6] have proved efficiency of Fuzzy techniques to estimate 
irrigation water needs. Other contributions of [7, 8, 9] proposed 
to apply Artificial Neural Networks to estimate the soil moisture 
distribution in order to control irrigation amounts determination. 

In this paper, we propose to adopt the Dynamic Bayesian 
Networks technique for classification of climatic states 
relatively to available parameters. The objective of this work is 
to reveal the utility of Dynamic Bayesian Networks in the 
optimization of the water consumption and the improvement of 
agricultural efficiency under conditions which water is a key 
limiting factor in crop production. 

The paper is structured as two main sections. The first one 
concerns a detailed technical presentation of the dynamic 
Bayesian Networks. The second section describes the empirical 
use case analysis followed by relative results and main 
conclusion. 

II. BAYESIAN NETWORKS 

A. Bayesian process and decision making 

The uncertainty fact is well supported by the decision 
making process. While solutions are generated, potential events 
have to be estimated based on probabilistic measures. Various 
approaches have been proposed in the literature in order to select 
best estimations. Decision trees are the common adopted 
presentations to resolve such problems [10]. Others as 
Maximum Expected Utility aims to select the alternative of 
maximum score utility [11]. The Bayesian theory allows to 
present probabilistic reports between observed variables which 
is well adopted to uncertainty resolution. 

The Bayesian networks present a probabilistic formalism of 
reasoning proposed by [12] and lately developed by [13]. The 
Bayesian graphical modelling presents a probabilistic 
distribution between a large collections of random variables. 
They are currently used in artificial intelligence and automatic 



learning that’s avoiding the manipulation of large data structures 
and limiting the number of estimated variables [14, 15]. 

A Bayesian network is a causal oriented acyclic graph 
(DAG) that allows presenting dependencies between random 
variables. It is considered as a combination between 
probabilistic and graphical theories that adopts the conditional 
probability distribution between interconnected nodes. [13, 16] 

The conditional probability distribution in a Bayesian 
network is referred to the Bayes’ theorem. Let X and Y two sets 
of random variables, the Bayes’ theorem determines the 
conditional probability of X given Y based on the probabilities 
of X, Y and Y given X, with the following formula: 

 P(X|Y)=[P(Y|X)*P(X)]|P(Y) 

Given: 

 There is no period after the “et” in the Latin abbreviation 
“et al.” 

 P (X) and P (Y) are a priori probabilities respectively of 
X and Y 

 P (X|Y) is a posteriori probability of X given Y 

 If Y is observed, P (Y|X) is named as the likelihood 
function of X 

This formula can be expressed anywhere as:  
posteriori Probability = likelihood * priori Probability 

Therefore, the probability distribution (or inference) is 
determined by the multiplication of local conditional local 
probabilities of each node of the network. Let considering a 
random variable Xi and Pa(Xi) the parents’ nodes of Xi, the 
probability distribution of S = {X1 … Xn} is expressed as: 

 P (X1 … XN) =(1 -> N)P(Xi|Pa(Xi)) 

The estimation of the a priori distribution assures the 
parameter learning of a Bayesian network by the determination 
of the conditional probability table (CPT) for every node of the 
graph. Every CPT is presented with the set {P (Xi | Pa (Xi) = j) 
1<=i<=n} where Pa (Xi): Xi’s parents’ probability 

B. Static structural learning of Bayesian network 

In most cases, Bayesian network structure is delivered a 
priori from an expert due to the complexity of this problem (NP-
complete problem). This complexity is related to the size of the 
research space that grows exponentially with the size of the 
Bayesian network (number of nodes). 

In order to resolve the complexity problem, several methods 
of structural learning have been developed that aim at limiting 
the research space of the DAG (Directed Acyclic Graph) to more 
restricted subspace. These methods are based on: 

 conditional dependency research between variables 

 score calculating functions 

The idea of constraint-based structure learning is to identify 
and perform the properties of conditional independence among 

the variables in the data and then to build a network that exhibits 
the observed dependencies and independencies and satisfies 
constraints. Various algorithms have been proposed to resolve 
the issue as Statistical hypothesis test (X² and G2 tests) and SGS 
variations as PC & IC [17, 18] 

The second approach of score considers learning as an 
optimization problem. The optimization approach computes the 
optimal structure with the highest statistically motivated and 
maximized score. They are exploited by several algorithms for 
structure learning such Maximum Weighted Spanning Tree 
(MWST), K2, algorithm, Greedy search algorithm (GS), 
Simulated Annealing algorithm (SA). 

C. Dynamic Bayesian networks 

Static Bayesian networks cannot support temporal relations 
between random variables. In that case, the built structure is 
supposed as weak model that may lead to volatile prediction 
and wrong alerts. It is considered then, as an essential task to 
build correspondence between anterior and posterior temporal 
events and evaluate Bayesian static to dynamic models   

For the reason, [19, 20] had proposed to integrate a dynamic 
stochastic process into the classical structural and parameter 
Bayesian learning. Every variable is associated to temporal 
slice noted Xt. It consists on periodic unroll of two temporal 
slices of the network ‘2TBN’. A dynamic Bayesian network 
(DBN) is special Bayesian Network BN that uses probabilistic 
transition between time slices. The objective of DBN is to 
predict the happening of future event given its related past 
observations. 

The DBN formalize the probability distribution of a set of 
temporal variables X[t] = {X1[t] … XN[t]} as: 

 P (X1 … XN) = (i : 1 -> N) (t:1->T) P(Xi[t]|Pa(Xi)[t]) 

Where: Pa (Xi[t]) parents of Xi[t]  

In the dynamic context, most of the structure learning 
methods for DBN are based on the usual score-based algorithms 
(such as greedy search (GS)). Learning techniques of DBNs are 
extensions from those of static RBs, decomposed in two 
independent phases: 

 intra-slice: Learning the static BN structure with a static 
dataset corresponding to X [t = 0] 

 Inter-slice: Learning the transition variable structure 
with another “static” dataset corresponding to all the 
transitions X[t] ∪ X[t + 1] since for each node in slice t, 
we must choose its parents from slice t-1 

III. EXPERIMENTAL STUDY 

We aim in this experiment to predict the precipitation 
likelihood of one given day in order to decide whether to irrigate 
or not. The application supports dynamic decisions on temporal 
data in order to assure the classification of new climatic states 
and predict of rains’ measures that may affect the water amount 
to be delivered for irrigation. 



A. Data and Variables 

We dispose a meteorological data base that contains hourly 
measures of temperature, humidity, rains, air pressure, wind 
speed and direction and the solar radiation of 2015 year. These 
temporal variables consist on a large collection of time series. 
They are a set of hourly sequentially recorded values and a 
succession of couples < (v1, t1), (v2, t2)…, (vi, ti)…> where vi 
is a real number or a vector of values taken at a moment ti. These 
temporal data have complex structure of two-dimensional 
presentation that every measure corresponds to one time slice. 
We dispose 8723*7 records (climatic measure) to be prepared 
for the knowledge extraction. They are irregular and noisy, but 
they are pertinent and highly relevant for the classification task. 
The following table I describes the useful temporal variables. 

TABLE I.  TEMPORAL VARIABLES 

Acronyms Description 

T air temperature 

H air humidity 

SR global solar radiation 

WS wind speed 

WD wind direction 

AP air pressure 

R quantity of rains 

 

Our objective is to generate the DBN where nodes are 

extracted from these variables. The learning phase of our 

dynamic knowledge model is followed by a Bayesian inference 

process that allows us to represent relationships between these 

observed variables in a probabilistic way which is well adapted 

to the uncertainty inherent to the rains’ prediction issue 

B. Learning of temporal structure 

 Our Bayesian system is developing and learns at every slice 
during the period test. It has the same structure at every time 
(Time-invariant) where variables are interdepended with intra-
slices arcs. We have adopted the naïve Bayes classifier for the 
static structure since all variables are independent and directly 
connected to the result node (predicted rains quantities). The 
application of the Bayes classifier generates a causal graph of 
interdependent variables as shown in the figure 1 

The inter-slice arcs present the temporal interdependence of 
the same variable between two successive and different time-
slices. Thus, the system can learn a result at given time ‘t’ as it 
automatically depends to its anterior result at time ‘t-1’. The 
figure 2 shows the evolution of the Bayesian network structure 
at instants t and t+1 

 

Fig. 1. Structure of naïve bayesian network at time t 

 

Fig. 2. Structure of dynamic baayesian network at times t and t+1. 

 It remains to unroll every two time-slices during the period 

test, calculate the probability of every event existing in the 

future given its relative past observations Pr (Xt|O1, O2 …… 

Ot). The probability distribution result is given by equation (2), 

where T is the test period, N the number of variables at every 

time-slice, X the predicted target (rains quantities) and Pa(X) 

the parents of the target node according to the Bayesian network 

C. Results 

A successful application of already detailed algorithm have 
resulted in a dynamic prediction using a data base of 5721 hours 
where 5328 rows are chosen for the knowledge model 
construction and the rest are designed to evaluate the model 
performance. Results are reliable at 90% compared with the 
existing results which is considered promising. 

The following table shows an hourly forecast of the rain 
attenuation during the period between 29/10/2015 17:00 and 
30/10/2015 09:00 

TABLE II.  SAMPLE OF OBSERVED VS. PREDICTED MEASURES 

Time 
Real Rain 

Measures 

Real 

Probabilitie

s 

Bayesian 

Probabilitie

s 

Predicted 

Rains 

Measures 

… … … … … 

29/10/201

5 17:00 
0 

0,9852309

80594 

0,6487493

987 
0 

29/10/201

5 18:00 
0 

0,9852309

80594 

0,9664217

694 
0 

29/10/201

5 19:00 
0 

0,9852309

80594 

0,8949916

903 
0 

29/10/201

5 20:00 
0 

0,9852309

80594 

0,9409186

719 
0 

29/10/201

5 21:00 
0 

0,9852309

80594 

0,9716008

025 
0 

29/10/201

5 22:00 
1 

0,0157994

16109 

0,0000000

000 
1 

 

 



Time 
Real Rain 

Measures 

Real 

Probabilitie

s 

Bayesian 

Probabilitie

s 

Predicted 

Rains 

Measures 

… … … … … 

29/10/201

5 23:00 
1 

0,0157994

16109 

0,0000000

000 
1 

30/10/201

5 00:00 
1 

0,0157994

16109 

0,0000000

000 
1 

30/10/201

5 01:00 
1 

0,0157994

16109 

0,0000000

000 
1 

30/10/201

5 02:00 
1 

0,0157994

16109 

0,0000000

000 
1 

30/10/201

5 03:00 
0 

0,9852309

80594 

0,9439745

628 
0 

30/10/201

5 04:00 
0 

0,9852309

80594 

0,9256192

401 
0 

30/10/201

5 05:00 
1 

0,0157994

16109 

0,0000000

000 
1 

30/10/201

5 06:00 
0 

0,9852309

80594 

1,0000000

000 
0 

30/10/201

5 07:00 
0 

0,9852309

80594 

0,9880952

381 
0 

30/10/201

5 08:00 
1 

0,0157994

16109 

0,0000000

000 
1 

Time 
Real Rain 

Measures 

Real 

Probabilitie

s 

Bayesian 

Probabilitie

s 

Predicted 

Rains 

Measures 

… … … … … 

30/10/201

5 09:00 
0 

0,9852309

80594 

0,9282477

828 
0 

… … … … … 
 

A comparison between the generated observed vs. predicted 
results are given by the confusion matrix in table III and figure 
fig. 3. 

TABLE III.  CONFUSION MATRIX 

 
Predicted 

Rainy Not Rainy Total 

Observed 

Rainy 28 2 30 

Not Rainy 6 2854 2860 

Total 34 2856 2890 

 According to the elaborated results presented by the 

confusion matrix in table x, the classification rate was correct 

to 90%, the positive and negative capacities of prediction are 

respectively equal to 0,82 and 0.99, and the Sensibility and 

Specificity correspond to 0.93 and 0.99 

 

 

Fig. 3. Confusion chart of observed vs. predicted measures 
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IV. CONCLUSION AND PERSPECTIVES 

In this paper, we had implemented Dynamic Bayesian 
Networks as a decisional tool for the prediction of the rain 
measure based on temporal climatic factors (hourly 
measurements during one season) in order to more conserve 
the irrigation water resources. Probabilistic given results were 
reliable at 90% and have proven the efficiency of the 
developed applied model of knowledge construction and 
inference. 

As perspectives, we aim to extend the application of the 
DBN technique by integrating larger parameters as soil and 
crop characteristics and to carry out the technique in real-time 
context in order to improve the quantitative and qualitative 
decisions at each observation and at every moment. 
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Abstract—Chemical industries, including oil and gas industry,
can be exposed to undesired events that may cause terrible
accidents. These accidents must be controlled and reduced. To
this end, numerous risk analysis management approaches have
been aimed at reducing the risks to a tolerable level to avoid
the catastrophic accident. This reduction is achieved by imple-
menting several layers of protection, including organizational and
technical barriers. In this paper, a risk analysis is established
based on Bayesian networks to investigate the safety barriers
of a gas facility. Firstly, the causes, the consequences and the
protective barriers of the possible accidents are identified using
Hazard Operability (HAZOP) analysis. Then, the barriers of
the system are modeled using Bayesian networks, the results are
compared with the risk tolerance criteria to specify the dangerous
consequences. Finally, some measures of prevention are proposed
to improve the safety of the process.

Keywords—Risk analysis, HAZOP, Bayesian Networks, Safety
Barriers.

I. INTRODUCTION

Over the last 70 or more years, the oil and gas industry

witnessed great development from all sides and have seen

significant interest from researches. Due to this development,

many catastrophic incidents have occurred among them; the

Bhopal Gas Tragedy of 1984 which killed or maimed over

20 000 persons. The Macondo Blowout (the Gulf of Mexico,

2010), the accident cost the lives of 11 men and millions

of dollars, in 2004 an LNG release from unit 40 in Skikda

(Algeria) caused 27 fatalities and 74 injuries[1]. The impact

of the accidents in this industry exceed the human and the

economies lose, it causes a huge damage to the environment.

To avoid these consequences, it is important to learn from

past accidents to build a real picture of the front risks and to

understand the mechanisms of accidents [2]. The latter helps

to develop accident prevention and control strategies. To this

end, risk analysis is performed to identify the possible causes

and consequences of the accidents. A risk analysis can be

defined as an exercise, which includes both qualitative and

quantitative determination of risk and its multidimensional

impacts. In qualitative analysis, several techniques can be used

such as Hazard Operability (HAZOP) and Failure mode effect

analysis (FMEA) [3]. The quantitative analysis including Fault

tree analysis (FTA), Event tree analysis (ETA) and Bayesian

networks are used to determine the frequency of occurrence

of an accidental event. In addition, some methods classified

as semi-quantitative such as the layer of protection analysis

(LOPA). The latter used particularly to identify the safety

barriers in the process (e.g. alarm, safety valve). In this paper,

a risk analysis of gas facility in Hassi RMel (south Algeria)

is performed. Firstly, HAZOP analysis is used to identify

the causes, the consequences of possible accidents and the

protective Barriers implemented to mitigate the consequences.

Secondly, BN analysis is established to investigate the safety

barriers of the gas facility, the outcomes from the BN analysis

are compared with the risk acceptance criteria. This latter

defined as upper limits of acceptable risks that help to make

a decision about outcomes of the accidents. Finally, some

measures of protections and preventions are proposed to

improve the safety of the facility.

This paper is organized as follows; a brief description of

the methods used in risk analysis is presented in section 2.

Section 3 devoted to the description of the case study also,

we applied the risk analysis approaches on the process while

the discussion of the results and the improvement measure

proposed are given in section 4. The conclusion is presented

in section 5.

II. QUALITATIVE AND QUANTITATIVE APPROACHES

This section gives a brief description of HAZOP analysis

and Bayesian networks analysis.

A. Hazard and operability (HAZOP) analysis

HAZOP is a qualitative approach that is used for hazard

identification and assessment. It studies the deviation from

normal conditions to hazards which allow its user to make

intelligent guesses in the identification of hazard and oper-

ability problems [3]. HAZOP study is considered by a group

of multi-disciplinary experts to identified abnormal causes

and consequences for all possible deviations using different

design and operation documents such PI&Ds (Piping and

instrumentation diagrams) and PFD (process flow diagrams).

HAZOP should be complemented by a quantitative technique

(fault tree, event tree ) to give deterministic values to the

consequences and the safety barriers.



B. Bayesian Networks (BN) method

BNs have been successfully applied in a wide range of

domains such as safety and reliability domains, in this paper,

BNs are defined on discrete random variables.

Bayesian networks or Bayesian belief networks use graphi-

cal models, the DAGs, to depict any probabilistic relationships

among a set of variables [4]. In BNs, each node of the DAG

represents a variable and the arcs between variables indicate

direct probabilistic relations between the connected nodes [5].

These arcs are directed from the parent or cause node to the

child or effect node [6], and provide a compact representation

of joint probability distributions.

Within BN models, a BN is defined to be a pair of

variables {(V,E), P}, where {V,E} are the nodes and the

edges of a Directed Acyclic Graph (DAG) respectively, and P

is a probability distribution over V discrete random variables

V = {X1, X2, ..., Xn} that are assigned to the nodes. While

the edges E represent the causal probabilistic relationship

among the nodes [7].

According to the conditional independence, resulting from

the d-separation concept [4], and the chain rule. BNs rep-

resent the joint probability distribution P(X) of variables

X= {X1, X2, ..., Xn} of any Bayesian networks as:

P (X) =
∏

i=1

P (Xi/parents (Xi)) (1)

Where P (Xi) are the parents of Xi in the BN and P(X)

reflects the properties of the BN [8]. BNs can update the prior

probability of any events given new information (posterior

probability), called evidence M taking advantage of Bayes

theorem:

P (X/M) =
P (X,M)

P (M)
=

P (X,M)∑
x
(X,M)

(2)

III. CASE STUDY

A. Description of the process

The module processing plant 2 (MPP2) in south Algeria is a

set of facilities with different functions (distillation columns,

pumps, turbo-expander, heat exchangers...) as shows Fig. 1,

these facilities are used to extract heavy hydrocarbons (con-

densate and GPL) of raw gas coming from the wells, and also

produce various treaties gas (sales gas and reinjection).

The biphasic raw gas coming from 39 producer wells met

in 9 collectors then gather in manifolds arrives towards the

Boosting whose role is to compress the raw gas from 93

kg/cm2 to 120 kg/cm2. In order to recover the maximum of

liquid hydrocarbons, then it is distributed on three identical

trains (A, B, C) with same capacity of 20 million m3/j to the

diffuser D001 at a pressure of 120 kg/cm2 and a temperature

of 58◦C.

After the diffuser, the raw gas is cooled in the cooling

tower E101 to 40◦C, the cooled gas passes through admission

separator D101 where the gas separates from the water and

liquid hydrocarbons, the water goes towards the evaporation

basin. The gas originating from D101 with a pressure of 118

kg/cm2 passes through the heat exchangers of gas/gas E103

and E102 where it cooled to -9◦C. the gas passes through the

Joule-Thomson valve (PRCV108) where it undergoes a first

isenthalpic expansion up to 100 kg/cm2 and a temperature of

-13◦C before reaching the high-pressure separator D102.

To avoid the formation of hydrates that may block the

exchangers, injecting a glycol solution containing 80% mass

injected at the heat exchangers E102 and E103. The D102

separator separates the gas again, the solution of MEG (mono-

ethylene glycol) and the liquid condensate. Having absorbed

water, MEG solution is sent under pressure to the glycol

regenerator section.

The gas from the D102 undergoes isentropic expansion in

the turbine of ”Turbo-Expender K101”, this last recover the

energy, which occurs when high-pressure gas passes through

the turbine to reduce its pressure at 67 kg/cm2 and a tem-

perature of -35◦C before passing through the cold separator

D103. The gas cooled from D103 passes through the gas / gas

exchanger E102 A/F calendar side to cool the raw gas, and is

heated itself to a temperature of 43◦C, then it is compressed to

74 kg/cm2 on the compressor K101 and directed to the sales

gas pipeline.

The liquid hydrocarbons from the admission separator D101

are relaxed at the condensate separator rich D105 at 33 kg/cm2

and 42◦C. The hydrocarbons recovered at D102 and D103 pass

to the low-pressure separator D104 at a temperature -40◦C and

a pressure 34 kg/cm2.

We are focusing on the separator tank D101, which is the

first station of the gas in the facilities. The rest of the facilities

will not be considered in this study.

B. Application of the methodology

To identify the potential scenarios, HAZOP (Hazard and

Operability) is performed. The HAZOP technique was applied

in the risk analysis intended to identify the causes and conse-

quences (effects) of deviations in the process. Table 1 shows

the potential scenarios that could lead to explosion, process

shutdown and environmental impacts and the different barriers

that mitigate these consequences.

To keeps the internal pressure limited to the design values

the pressure indicator of the Alarm PICAH139 opens the

safety valve PICA-139V when the pressure in the admission

separator D101 rises (104.8 kg/cm2). In a case of the safety

valve PICA-139V failure and the pressure inside D101 rises

above 105.4kg/cm2, the LNG is discharged to the flare. To this

end, the signal from the high-pressure sensor PIC-144 opens

the valves PCV-101 automatically. Also, a high-pressure alarm

PICAH 139 alerts the operator to close the manual valve XV-

920 and take appropriate actions. The different components

related to the accident scenarios in the process are depicted in

Table 2.

The Bayesian network was constructed for the accident

scenario of the processing system. As can see in Fig. 2 the

relationship between components of the process is modeled

using Hugin software [9]. In the beginning, the initiating

event and its frequency should be identified. Then the various



Fig. 1. Simplified plant block diagram of the process

TABLE I
HAZOP FROM ACCIDENT SCENARIOS RELATED TO THE PROCESS

No Guide-

word

Element Deviation Causes Consequences Protective Barriers

1 High pressure High
pressure

Failure of the safety
valve PCV139
(stuck open)

pressure increase in the D101,
rupture of the admission separator
D101, fire, explosion, Flash fire,
Pool fire, Vapor cloud explosion
(VCE)

high pressure alarm PZAH102
human operator
high pressure alarm PICAH139
human operator
Pressure indicators
Pressure relief valves (PCV-101 and
HXC-102)
manual valve XV-920
Emergency evacuation system

2 High Level High level Operator fail to
manipulate the
manual valve XV
920 (stay opened)

Very high pressure inside the
admission separator D101 can lead
to explosion and process shutdown

High level Alarm LZH103 on the
D101A: human operator close the
valve PICV 139
high pressure alarm PICAH 139 in
case of pressure increase in the D101
(due to a rise in level)
level indicators

Failure of the safety
valve PCV139
(stuck open)

High level in the D101 drive to HP
Flare, formation of frost in the
exchanger tubes (E102) with
potential breaking of tubes, damage
of the calendar with release gas into
the atmosphere.

High level alarms LICAH101/102:
human operator (control room)
actuate the liquid line with bypass
valves LICV 101A from D101 to
D105 or from LICV 101B to D003A
(off-spec)
level indicators



TABLE II
DIFFERENT COMPONENTS RELATED TO THE ACCIDENT SCENARIOS IN

THE PROCESS AND THEIR OCCURRENCE PROBABILITIES

Number Component Probability of failure

1 Alarm: PZAH102/ Human operator 0.1

2 Safety Valve PCV139 3.81E-6

3 Alarm: PICAH139 /Human operator 0.1

4 Pressure relief valve PCV101 0.01

5 Pressure relief valve HXC102 0.01

Fig. 2. Bayesian network model for the accident scenario

barriers implemented in the system need to be recognized.

Finally, the residual risk posed by the scenario needs to be

checked with that of the tolerable limit and one needs to make

sure the residual risk is within the tolerable limit [10]. In

SONATRACH Company, the maximum tolerable frequency

for accident scenarios has defined to be 10−5/year. If the

risk level exceeds the tolerable limit, additional measures of

security must be proposed to improve the safety of the process.

In order to perform the calculations and determine the

consequences of the scenario, the failure probabilities of the

barriers and the other components are given in Table 2 (Data

derived from [11]).

IV. RESULTS AND DISCUSSION

The results of the BN model in Figure 2 are presented in

Table 3. From HAZOP analysis three principal consequences

are distinguished; pressure increase in the D101, release gas

into the atmosphere and explosion and process shutdown.

In addition, a new node is added in the BN model called

safe situation indicate that the system working in normal

conditions. The four probabilities of possible consequences

are calculated using BN and presented in Table 3. Compared

with the risk acceptance criteria, which described previously,

the most dangerous consequences are C1 and C2 with prob-

ability 7.24E-5 and 3.05E-4, respectively. Furthermore, BN

can use for both qualitative and quantitative assessment. The

qualitative phase identifies by a network presentation while the

quantitative analysis is represented by conditional probability

tables associated with each node in the network. Also, BN

TABLE III
FREQUENCIES OF THE CONSEQUENCES

Number Consequences
Frequencies of scenarios

Prior Posterior

1 pressure increase in the D101 7.24E-5 0.19

2 release gas into the atmosphere 3.05E-4 0.802

3 explosion and process shutdown 3.06E-6 0.008

4 Safe situation 0.99961945 0

has the ability to perform diagnostic (posterior) and predic-

tive (prior) analysis [12]. In the right side of Table 3, the

prior and the posterior probabilities of different component

and consequences are calculated, the posterior probability is

estimated considering the failure of the safety valve PICA-

139V.from Table 3 we can conclude that the released gas

into the atmosphere (C2) has the highest increase which

can be explained that C2 have a deep impact in the human

factor and the environment. In addition, in the presence of

ignition source C2 can cause multiple consequences such as

fire, explosion Flash fire, Pool fire, Vapor cloud explosion

(VCE). some recommendations can be proposed for the case

study , another safety valve must be implemented redundancy

with the safety valve PICA-139V also; the process should

be supplemented with safety-instrumented systems (SIS) to

decrease the frequencies of the consequences

V. CONCLUSION

The study shows the suitability of Bayesian networks in the

Risk analysis of process system; it can perform both qualita-

tive and quantitative analysis. Moreover, BN used diagnostic

(posterior) and predictive (prior) analysis to calculate the

probabilities of the components and the possible consequences.

The posterior probability present a good comprehension of the

most dangerous consequence. BN-HAZOP analysis has proven

their efficiency in the field of gas and oil industry due to the

ease of application and the results obtained.
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Abstract 

Using of mechanization can increase crop productivity but their inadequate implementation also has adverse 

effects on agricultural soils. Latter can be generated by increasing the penetration resistance and as a result the 

phenomenon of compaction. This problem becomes more acute with increasing contact wheel / ground. 

For this reason,  the purpose of this study was to evaluate the efficiency with which soil penetration resistance is 

estimated using a proposed model based on moisture content, density, tractor weight, number of passes, and the 

wheel inflation pressure. Experimental works were analyzed statistically and the penetration resistance was 

modeled using multiple linear regressions (MLR). 

Key words: Compaction / Soil / Resistance to penetration / Modeling / MLR.    
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Integral inequalities for k-fractional continuous random variables
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Abstract: The integral inequalities have many applications in di¤erential
equations,numerical quadrature, probability and statistical problems. For de-
tails, we refer to [1, 2] and the references therein. Moreover, the study of frac-
tional type inequalities is also of great importance. Barnett and al [2] established
several integral inequalities for the expectation and the variance of a random
variable having a probability density function. For several results concerning
the probability inequalities we refer the interested reader to [1, 2, 3, 4, 6, 7]. Re-
cently, Dahmani [3] introduced new concepts on fractional continuous random
variables, Dahmani presented several integral inequalities for the fractional dis-
persion and the fractional variance functions of a continuous random variable.
In this work, we use the k�Riemann�Liouville fractional integral to develop
some new integral inequalities for continuous random with a probability density
function de�ned on some �nite real interval.

Keywords: Riemann-Liouville integral. k�fractional integration. integral
inequalities. random variable.
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Abstract—Investigation of new calculate depends on the 

controlled optical properties of nanomaterials. ZnO is one of the 

most important semiconductor materials for its semiconducting 

characteristics. This paper focus to present a new approach to 

calculate the optical gap and Urbach energies, these correlations 

based on experimental data were published previously in the 

literatures. The thin films were deposited at different precursor 

molarities by ultrasonic and spray pyrolysis techniques. The 

models proposed to calculate the band gap and/or the Urbach 

energies of undoped and Co, V and F doped ZnO films were 

studied. The relation between experimental data and theoretical 

calculation with molarities suggests that the band gap and/or the 

Urbach energies are predominantly estimated by these energies 

and doping. The measurements by these proposals models are in 

qualitative agreements with the experimental data, which the 

correlation coefficients values were found higher than 0.9 in all 

calculation.  

Keywords— ZnO; Thin film; Semiconductor doping; Correlation.  

I. INTRODUCTION (HEADING 1) 

Zinc oxide is an oxide of group II metal Zinc that belongs 
to P63mc space group. Zinc is in the transition metal row 
which has 3d10 moments and hence it does not have any 
unpaired electron orbiting around the nucleus [1‒5]. Zinc oxide 
(ZnO) has a wurtzite (WZ) structure; this is a hexagonal crystal 
structure [5‒7]. It has been reported that ZnO has very most 
important semiconductor material due to its wide band gap 
(3.37 eV) and large exciton binding energy (60 meV) at room 
temperature [8,9]. 

Zinc oxide based coatings are of much interest in science 
and technology due to their interesting applications such as in 
microelectronic devices, light emitting diodes, thin films, 
antireflection coatings, transparent electrodes in solar cells, gas 
sensors surface acoustic wave devices, varistors, spintronic 
devices and lasers [10‒17].  

ZnO thin films can be produced by several techniques such 
as reactive evaporation and thermal annealing [18], molecular 
beam epitaxy (MBE) [19], magnetron sputtered techn-ique 
[20], pulsed laser deposition (PLD) [21], the low-temperature 

solution method [22], electrodeposition [23], the sol-gel 
technique [24], chemical vapor deposition, electroche-mical 
deposition [25] and spray pyrolysis [26], have been reported to 
prepare thin films of ZnO. Among these, we will focus more 
particularly in this paper on the spray techni-que because of its 
simplicity and suitability for large-scale production, it has 
several advantages in producing nanocrystalline thin films, 
such as, relatively homogeneous composition with fine and 
porous microstructure, a simple deposition on glass substrate 
because of the low substrate temperatures involved, easy 
control of film thickness [27].  

The aim of this work to study the development of 
estimation of the optical gap energy Eg and Urbach energy Eu 
in an undoped and a Co, V and F doped ZnO thin films by 
varying the precursor molarities and doping level of doped 
films.  

II. EXPERIMENTAL AND METHODS  

In this study, the undoped and Co, V and F doped ZnO 
samples were deposited on glass substrates using the ultrasonic 
spray and spray pyrolysis technique. The some films were 
deposited at a substrate temperature of 350 °C. The optical 
parameters such as the band gap energy and the Urbach energy 
of undo-ped and Co, V and F doped ZnO thin films were taken 
from our previous papers, where studied the effect of precursor 
molarity, doping level on structural, electrical and optical 
parameters of ZnO thin films. However, the optical parameters 
of the thin films were also taken from [28–37] studied the 
effect of precursor molarity, doping level and substrate 
temperature on undoped and Co, V and F doped ZnO thin 
films. The data is obtained from publications, most of which 
used zinc as a precursor (see Table 1). From these data it can 
be derive-ed that the differences shown in Tables 2 to 3 can be 
partially ascribed to differences in the deposition 
circumstances, such as reactor geometry, substrate temperature, 
annealing tempe-rature, deposition time, flows, concentration 
of ZnO solution, etc. Nevertheless, the data suggests that 
across different authors, a common trend can be discerned. The 
variations of optical gap energy and Urbach energy of undoped 
and doped ZnO thin films varied in the form nonlinear (see 
Tables 2 and 3). The model proposed of thin films with 
precursor molarity and doping concentration is discussed. * Corresponding author. Tel.: +213667697692.  

E-mail address: saidbenramache07@gmail.com (S. Benramache). 



In this study, we will show the evolution of the precursor 
molarity and doping level on the Urbach energy and band gap 
energy, we tried to establish correlations for each model 
proposed. In our calculations, the band gap energy can be 
calculated from precursor molarity and Urbach energy of 
undoped and doping level for ZnO thin films; the ZnO exhibit 
a single crystals exhibit n-type semiconductor with a high 
crystallinity. 

III. THEORETICAL CALCULATIONS 

A. Undoped ZnO thin films 

Firstly, for undoped ZnO thin films, we have used the 
relationship in the form nonlinear to calculate the optical gap 
energy from the Urbach energy, precursor molarity, and the 
following relationship is evaluated in this step: 
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where uE  is the Urbach energy, gE  is the band gap energy 

correlate and M is the precursor molarity (see Table 2), and a  

and b  are empirical constants as 28711.3»a  and 

0184683.0»b   

B. doped ZnO thin films 

For the Al doped ZnO films, we have studied the 
correlation with doping level of Co, V and F doped thin films, 
these letters were deposited at different precursor molarities of 
0.01, 0.02, 0.05, 0.1 and 0.2 M, to perform the correlation in 
this step the optical parameters was measured with doping 
level. In this section the optical gap energy was estimated with 
undoped ZnO thin film (0 wt. %). The correlation can be 
written in another form is expressed as: 
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where A  and B  are empirical constants and 0X  is the 

concentration of doped ZnO films. Therefore, were related on 
the dopant elements are presented in the Table 3.  

C. The Urbach energy evaluated 

The Urbach energy of undoped and doped ZnO thin films 
was also correlated as the following relationships: 

 

TABLE I.  THE PARAMETERS CONDITIONS WERE USED IN THIS PAPER. 

Method ultrasonic Spray or spray 

pyrolysis 

Oxide zinc oxide thin films 

Zn reactants 

Solvents 

Zn acetate or ZnCl2 

ethanol– methanol– water 

Substrate glass 

Molarity (M) 0.02, 0.05, 0.075, 0.1, 0.125 

Substrat Temperature (C°) 350, 450 

dopant’s Cobalt, Vanadium, Fluorine 

[X]/[Zn] (%) 0 to 15 
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where a , b  and A , B  are empirical constants relates the 

undoped and doped, respectively. These constants were mea-

sured in the section 3.1 and 3.2. The resulting errors ( uED ) 

were measured from Eq. (2) as described in the following 
formula:  
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D. The relative error measurement 

The relative error value was measured between the 
experimental data and correlate values by the following 
relationship 

100/)( ´-= ExpCorrExp XXXe                         (5) 

where )(eX  and )(cX  are the experimental and correlate 

values, respectively, e  is the relative error. 

IV. RESULTS AND DISCUSSION 

In the present study an attempt is made to correlates optical 
gap energy with Urbach energy of undoped and Co, V and F 
doped ZnO thin films by varying the precursor molarity and 
doping concentrations. In the Figure 1 present the results of 
calculations for the scaled parameter values according to Eq. 
(2) and Eq. (3) also are presented in Table 2 with X = 0 mol.l-
1, respectively. In the Figure 1 we investigated the estimation 
values of the optical gap energy and Urbach energy as a 
function of the samples numbers of undoped ZnO thin films.  



 

TABLE II.  SUMMARY RESULTS OF EXPERIMENTAL DATA, THE CORRELATE OPTICAL GAP ENERGY, THE CORRELATE URBACH ENERGY AND RELATIVE ERRORS 

FOR THE UNDOPED ZNO THIN FILMS. 

Undoped ZnO thin films     28711.3»a  and 0184683.0»b  

S.N. M 

(mol.l
-1

) 

T 

(°C) 
gE (Exp.) 

(eV) 

uE
 

(eV) 
gE (Corr.) 

(eV) 

Error 

(%) 
uE  (Corr.) 

(eV) 

Error  

(%) 

Ref. 

 

1 0.05 350 3.08 0.9221 3.115 1.136 0.938 1.72 [28] 

2 0.075 350 3.22 0.3186 3.200 0.590 0.281 11.80 [28] 

3 0.1 350 3.37 0.085 3.297 2.166 0.069 18.82 [28] 

4 0.125 350 3.15 0.1757 3.266 3.682 0.201 14.39 [28] 

5 0.1 350 3.10 0.2734 3.212 3.612 0.279 2.05 [29] 

6 0.1 350 3.267 0.108 3.273 0.183 0.108 0 [30] 

7 0.02 350 3.19 0.08 3.204 0.439 0.071 11.25 [31] 

8 0.1 350 3.25 0.064 3.314 1.969 0.074 15.62 [32] 

9 0.1 350 3.304 0.1139 3.279 0.757 0.101 11.32 [33] 

10 0.1 350 3.317 0.0983 3.288 0.874 0.097 1.32 [34] 

11 0.1 350 3.27 0.17 3.255 0.458 0.165 2.94 [35] 

12 0.1 350 3.25 0.209 3.243 0.215 0.203 2.87 [36] 

13 0.1 350 3.23 0.490 3.192 1.176 0.444 9.39 [37] 

 

TABLE III.  SUMMARY RESULTS OF EXPERIMENTAL DATA, THE CORRELATE OPTICAL GAP ENERGY, THE CORRELATE URBACH ENERGY AND RELATIVE ERRORS 

FOR THE AL DOPED ZNO THIN FILMS. 

Co doped ZnO thin films with 0.1 mol.l
-1

 [38] 31409.1»A  and 53595.47»B  

[Co]/[Zn] 

(%) 

T 

(°C) 
gE (Exp.) 

(eV) 

uE
 

(eV) 
gE (Corr.) 

(eV) 

Error 

(%) 
uE  (Corr.) 

(eV) 

Error  

(%) 

0 

1 

2 

3 

350 

350 

350 

350 

3.250 

3.295 

3.362 

3.300 

0.209 

0.183 

0.108 

0.210 

3.243 

3.276 

3.364 

3.305 

0.215 

0.576 

0.059 

0.152 

0.203 

0.169 

0.106 

0.211 

2.87  

7.67  

1.85 

0.47 

 

V doped ZnO thin films with 0.01 mol.l-1 [39] 85427.5»A  and 96820.83»B  

[V]/[Zn] 

(%) 

T 

(°C) 
gE (Exp.) 

(eV) 

uE
 

(eV) 
gE (Corr.) 

(eV) 

Error 

(%) 
uE  (Corr.) 

(eV) 

Error  

(%) 

1 

2 

3 

4 

5 

‒ 

‒ 

‒ 

‒ 

‒ 

3.17 

3.23 

3.25 

3.20 

3.22 

0.1766 

0.1534 

0.1551 

0.1579 

0.1900 

3.157 

3.208 

3.234 

3.248 

3.203 

0.410 

0.681 

0.492 

1.500 

0.527 

0.182 

0.162 

0.167 

0.167 

0.193 

3.05  

5.61  

7.67 

5.76 

1.58 

 

F doped ZnO thin films with 0.2 mol.l-1  [40] 25053.0»A  and 76142.2»B  

[F]/[Zn] 

(%) 

T 

(°C) 
gE (Exp.) 

(eV) 

uE
 

(eV) 
gE (Corr.) 

(eV) 

Error 

(%) 
uE  (Corr.) 

(eV) 

Error  

(%) 

0 

5 

10 

15 

450 

450 

450 

450 

3.285 

3.295 

3.296 

3.295 

0.5757 

0.4983 

0.4387 

0.7299 

3.224 

3.265 

3.307 

3.297 

1.857 

0.910 

0.333 

0.061 

0.569 

0.479 

0.425 

0.716 

1.16  

3.87 

3.12 

1.90 



 
Fig. 1. Summary results of experimental data, the correlate optical gap 

energy and Urbach energy in the Undoped ZnO thin films. 

 
As can be seen, in the some points the optical energy gap is 

inversely proportional to the Urbach energy. We obtained by 
the proposed equations a measurement were in are in 
qualitative agreements with the experimental data. The 
correlation coefficient increased with the calculation of the 
optical gap energy, which the maximum agreement of the 
estimation was found to be minimum error.  

As shown in Figures 2 and 3 (see Table 3), significant 
estimation was found between the optical gap energy values 
and the Urbach energy values, respectively. The measurements 
were investigated with Co, V and F doped ZnO thin films as a 
function of Co, V and F concentrations. The measurement in 
the optical gap energy values and the Urbach energy values of 
Co, V and F doped films also investigated by Eq. (2) and Eq. 
(3), respectively, which found in qualitative agreements with 
the experimental data, also the correlation coefficient increased 
with the calculation of the optical energy, which the maximum 
agreement of the estimation was found to be minimum relative 
error. The latter can be calculated from relationships 

100/)(   ´- ExpgCorrggExp EEE and 100/)(    ´- ExpuCorruExpu EEE , 

the correlation coefficients for this correlation are also 
presented in Figures 1 and 2, which related to the relative 
errors and doping via: 
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Fig. 2. Summary results of experimental data, the correlate optical gap 

energy in the Co, V and F doped ZnO thin films. 

 

where N  is the number of measurement and e  is the relative 

error. The correlation coefficients are presented in Figures 1 
and 2, it can be seen that the Co, V and F doped ZnO thin films 
have a good and achieved results obtaining from increasing the 
correlation coefficients, this is the approach we have adopted in 
the enhance of band gaps energy and less disorder of ZnO thin 
films after doping. The maximum enhanced of the correlation 
coefficients values were estimated for the optical gap energy 
values (see Figure 3).  

In the Figure 4, we obtained that the relative errors of all 
calculation are smaller than 4 % for the estimation of optical 
gap energy and 20 % in the Urbach energy, it  were confirmed 
that these models are suitable for  calculation of optical 
properties with varying the growth parameters. The decreases 



in the relative errors of undoped to doped films (see Figure 5) 
can be explained by the good transparency and the Adhesion 
between the films and the substrate, which can observed in the 
less defects and less disorder.  

 

 

 
Fig. 3. Summary results of experimental data, the correlate Urbach energy in 

the Co, V and F doped ZnO thin films. 

 

In our calculations the optical properties for characterizing 
the undoped and Co, V and F doped ZnO thin films; 
Stoichiometric the doped ZnO films are highly transparency 
and good optical band gap. We have estimated the optical band 
gap and the Urbach energies of the undoped and Co, V and F 
doped ZnO thin films by varying the precursor molarities and 
doping concentrations; it are predominantly influenced by the 
transition tail width of undoped and Co, V and F doped films. 

The correlation between the optical properties and the 
experimental conditions was investigated. 

 
Fig. 4. The relative errors variation as a function of the samples numbers for 

the optical gap energy and Urbach energy in the Undoped ZnO thin films. 

 
 

Fig. 5. The relative errors variation as a function of the samples numbers for 

the optical gap energy and Urbach energy in the Co, V and F doped ZnO thin 

films. 

 

V. CONCLUSION 

In summary, the undoped and Co, V and F doped ZnO thin 
films were deposited on glass substrates using the ultrasonic 
spray and spray pyrolysis technique. The model proposed to 
calculate the band gap and the Urbach energies of undoped and 



Co, V and F doped ZnO thin films were investigated. The 
relation between the experimental data and theoretical 
calculation with precursor molarities suggests that the band gap 
and/or the Urbach energies are predominantly estimated by the 
band gap and/or the Urbach energies and the concentration of 
ZnO solution. The measurements by these proposals models 
are in qualitative agreements with the experimental data, the 
correlation coefficients values were varied in the rand 0.84–
0.99, so that the relative errors of all calculation are smaller 
than 10 %. The best estimated results were obtained after 
doping; which the relative errors values are smaller than 2 % 
for the estimation of optical gap energy and 10 % in the 
Urbach energy, it  were confirmed that these models are 
suitable for  calculation of optical properties with varying the 
growth parameters, respectively. This is the approach we have 
adopted in the enhance of band gaps energy and less disorder 
of ZnO thin films after doping. Stoichiometric the Co, V and F 
doped ZnO films are highly transparency and good optical 
band gap. 
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Abstract:  

 

    In this paper, we consider a Cauchy problem for the Laplace equation in the strip region 

0< x < 1; y 2 R, where the Cauchy data is given at x = 0 and the solution is sought in the interval 0 

< x · 1. The problem is ill-posed in the sense that the solution (if it exists) does not depend 

continuously on the data, and a small error in the data can destroys the numerical solution. To 

solve the problem numerically, a molli¯cation method is considered. Error estimate between the 

exact solution and its approximation is given. The choices of molli¯cation 

parameter for a priori and a posteriori are discussed respectively. Numerical examples show that 

the method works e®ectively. 
 

Key words: Cauchy problem for Laplace equation; Ill-posed prob- 

lem; Molli¯cation method. 

 



Using Bayesian networks and Naïve Bayes 

classifier for the prediction of Karenia 

selliformis occurrences and blooms in the 

Gulf of Gabès, Tunisia 
Wafa Feki-Sahnoun, Hasna Njah, Asma Hamza, Ahmed Rebai, 

Malika Bel Hassen 

 

 

Abstract 

Bayesian networks are one of the most powerful tools in the design of expert systems located 

in an uncertainty framework. However, normally their application is determined by the 

discretization of the continuous variables. In this paper the Bayesian Networks (BN) and the 

naïve Bayes (NB) models are developed. They are used to identify the most impacting 

physical (salinity, temperature and tide amplitude), and meteorological parameters 

(evaporation, air temperature, insolation, rainfall, atmospheric pressure and humidity) on the 

occurrence and abundance of Karenia selliformis using 10-year study of this toxic species at 

15 stations along the Gulf of Gabès coast. Therefore, the BN model show that the relationship 

between salinity and Karenia selliformis is more apparent when we focus on the species 

concentrations and that the bloom occurrences can be predicted based on salinity. The NB 

model shows that the species occurred mainly in the southern and the central part of the Gulf 

of Gabès. The shift to the highest salinity level, associated with reduced tide is the most 

favorable conditions for the species blooms. The cause-and-effect relationships between the 

physical environment and the Karenia selliformis blooms were discussed evoking possible 

processes leading to blooms. 

Keywords—Bayesian network, Naïve Bayes; Karenia selliformis; physico-meteorological 

parameters; Gulf of Gabès. 
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Abstract  

The current paper deals with the issue of predicting customers’ default payment. The 

Bayesian network credit model is applied for the prediction and classification of personal loan 

customers with regard to credit worthiness. Relying on information taken from credit experts 

and using K2 algorithm for learning structure, we constructed the dependency conditional 

relations between variables explaining default payments. Then, the parametric learning is 

adopted to detect conditional probabilities of customers’ default payment. The parameters are 

estimated on the basis of real personal loan data obtained from a Tunisian Commercial bank.   

The Bayesian network analysis revealed that customers’ age, gender, type of credit, 

professional status, the monthly repayment burden, and credit duration have an important 

predictive power for the detection of customers’ default payment. 

Therefore, our findings serve to provide an effective decision support system for banks to 

detect and alleviate the rate of bad borrowers through the use of a Bayesian Network model. 
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Bayesian Network; credit scoring; Tunisian Commercial Bank; Consumer credit 
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ABSTRACT 

    In this paper we determine the q-beta distribution of the second kind by making a 

variable change at the constant of  normalization, then we generalized the q-gamma 

distribution. 

Based on the q-gamma distribution, we defined the q-exponential distribution. We 

used the definition of the new q-derivative, we characterized the q-exponential 

distribution. 

We used the Jackson integral and these properties, we introduced the definition of 

the q-mean, q-variance and q-moments then we calculated for some q-distribution. 
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ABSTRACT 

Progressive algorithms are widely used heuristics for the production of alignments among 

multiple nucleic-acid or protein sequences. We present here a new method for pairwaise 

sequence alignment that combines an HMM approach, a progressive alignment algorithm, and 

a probabilistic evolution model describing the character substitution process.    
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Résumé 

Dans ce travail, on se propose de décomposer un graphe non orienté G en un nombre 

minimal  de sous graphes connexes, dont chacun d'eux (noté C) vérifie les deux 
contraintes suivantes: 

· Attenuation: max
0

0 ),(/ RssdistCs £Î$ , .CsÎ"  

· Capacité: max)( NCCard £ . 

Pour ce faire, on utilise l’algorithme de Kruskal pour déterminer l’arbre couvrant 
minimal assurant le câblage minimal entre les sommets de G. Dans le cadre du 
dimensionnement d’un réseau de fibre optique, nous avons proposé une 
méthodologie qui consiste à déterminer le câblage "optimal". 
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Impact of a priori MS/MS intensity distributions on database 

search for peptide identification  

Hatem Loukil, Mohamed Tmar 

ABSTRACT 

Many database search methods has been developed for peptide identification 

throughout a large peptide data set. Most of these approaches attempt to build a decision 

function that allows the identification of an experimental spectrum. This function is either 

built starting from similarity measures to the database peptides to identify the most 

similar one to a given spectrum, or by applying useful learning techniques considering 

the database itself as a training data. In this paper, we propose a peptide identification 

method based on a similarity measure for peptide-spectrum matches (PSMs). Our 

method takes into account peak intensity distributions in its probabilistic scoring model to 

rank peptide matches. The main goal of our approach is to highlight the relationship 

between peak intensities and peptide cleavage positions and to show its impact on 

peptide identification. To evaluate our method, a set of experiments have been 

undertaken into two high mass accuracy data sets. The obtained results shows the 

effectiveness of our approach. 
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