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Abstract: It is generally accepted that data production has experienced spectacular growth for several years due to the
proliferation of new technologies such as new mobile devices, smart meters, social networks, cloud computing and sen-
sors. In fact, this data explosion should continue and even accelerate. To find all of the documents responding to a re-
quest, any information search system develops a methodology to confirm whether or not the terms of each document
correspond to those of the user's request. Most systems are based on the assumption that the terms extracted from the
documents have been certain and precise. However, there are data in which this assumption is difficult to apply. The
main objective of the work carried out within the framework of this article is to propose a new model of data service
indexing in an uncertain environment, meaning that the data they contain can be untrustworthy, or they can be contra-
dictory to another data source, due to failure in collection or integration mechanisms. The solution we have proposed is
characterized by its Intelligent side ensured by an efficient fuzzy module capable of reasoning in an environment of
uncertain and imprecise data. Concretely, our proposed approach is articulated around two main phases: (i) a first phase
ensures the processing of uncertain data in a textual document and, (ii) the second phase makes it possible to determine
a new method of uncertain syntactic indexing. We carried out a series of experiments, on different bases of standard
tests, in order to evaluate our solution while comparing it to the approaches studied in the literature. We used different
standard performance measures, namely precision, recall and F,.qsure- 1he results found showed that our solution is
more efficient and more efficient than the main approaches proposed in the literature. The results show that the pro-
posed approach realizes an efficient Big Data indexing solution in an Uncertain Environment that increases the Preci-
sion, the Recall and the F,,..cure Measurements. Experimental results present that the proposed uncertain model ob-
tained the best precision accuracy 0.395 with KDD database and the best recall accuracy 0.254 with the same database.

Index Terms: Indexing, Probabilistic, Big Data, Syntactic, Uncertain.

1. Introduction

Information retrieval (IR) has long attracted the attention of the scientific community and is generally defined by
the identification of documents that best meet a user's need for information. These documents should be found among a
large collection of unstructured documents [1, 2] With the expansion of the internet, the implementation of solutions
capable of exploiting web content and improving search performance has become essential. Techniques have been pro-
posed and applications have been carried out, their objective is to provide users with answers that are relevant to the
needs they express. For this reason, one of the axes which should be the most interesting is that of indexing [3, 4, 5].

Indexing plays an important role in the field of information retrieval. There are several types of indexing, but in
general, the principle is to convert the data sources into electronic data. Indexing methods have been widely studied and
are a very important option for Big Data [6] Most of the research proposed in the literature considers that indexing is
already defined on a single data problem. The data that exists today presents a set of challenges and risks that
researchers want to address [6]. One of these challenges is the uncertainty of data sources and data.

In this article we therefore question the veracity of this basic equality in certain contexts: uncertain data. The pres-
ence of uncertainty in the data questions this equality. In an uncertain context, terms have been poorly recognized or
identified implying poor performance of information retrieval systems. It is therefore necessary to rethink an infor-
mation retrieval system in order to adapt it to this type of data. In order to overcome this problem, we propose a new
information retrieval method which is capable of processing uncertain data based on a probabilistic approach. Our main
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challenge is to design a highly efficient indexing mechanism that can withstand today's data characteristics and above
all data uncertainty.

1.1. Challenges

In this section, we will present the model we proposed for indexing data, taking into account the treatment of un-
certainty or the veracity of the data. In this section, we focus on representing and dealing with uncertainties about the
value a variable can take. This uncertainty can come from the intrinsic variability of the phenomena influencing the
value of this variable, the inaccuracy or unreliability of the variables. We focus on the indexing phase in the presence of
uncertain data. To reach our goal, we must answer the following questions:

e How to calculate the uncertainty of the terms: the establishment of a new model of representation of the
terms remains indispensable. This model must be able to determine the degree of certainty of each term ex-
tracted from a document in the information search domain. It will be articulated around a module based on
the theory of probabilities where each term will be associated with a value P which expresses its degree of
accuracy within a specific document.

o Develop a module for calculating the degree of uncertainty in the syntactic indexing part: a new syntac-
tic indexing method, in the form of a module, must be proposed to cope with the uncertain data. This method
must be able to return all the terms extracted from a document taking into account their probability values. It
is not a question of returning these values of uncertainty but rather of proposing a method which makes it
possible to build the indexed document in an uncertain environment.

In what follows, we attempt to detail the principle of each stage in our conceptual model.
1.2. Motivation of the proposed approach

In order to build our proposal, we rely on a scenario of an application in the field of information retrieval. To
search for all documents responding to a request, the information retrieval system relies on a formal or operational
methodology to check the correspondence between the terms of each document or the terms of the user's request. Most
systems object that the component terms of documents have been fully recognized or identified. The step that deals with
the extraction of these terms is the indexing step, where the fundamentals of the systems require that the terms extracted
from the documents are certain terms. After the development of technologies and social networks, the data become un-
certain for several reasons. The example shown in Figure 1, [7] in which the information on audio documents (conver-
sations for example) are extracted by speech recognition tools. These tools provide for each audio document a sequen-
tial list of words related to the trust of their recognition. To treat these documents is therefore to treat documents whose
words are uncertain and associated uncertainties related to the extraction process. Beyond the extraction of words, these
systems address the problem of the ambiguity of words: to know if ‘door’, for example, is a certain or uncertain word in
a document makes it possible to ensure a better accuracy in the face of a problem. Query specifying only one of the two
possibilities. From this example, we find that there are indeed contexts in which the hypothesis that a document of the
corpus is a sequence of certain words. In these contexts, the document must be considered as a sequence of words asso-
ciated with extraction hypotheses. As a result, the information retrieval system that relies on such documents must in-
corporate this new dimension that allows us to determine whether extracted words are certain or uncertain words. The
purpose of this article is to show a first approach where we first propose an approach for syntactic indexing in the pres-
ence of uncertain data, a semantic indexing approach in an uncertain environment and a hybrid approach for data index-
ing, especially taking into account data uncertainty.

-
' &
%

-~
Y4 g
Speech recognition
— T _ system

- Information retrieval
<:> system

d textual
ITyl <:> transcriptio
& gl Lk

ontology

Database

Fig.1. Example of motivation

Figure 1 presents a tool for exchange between different users of such an application can be made using two types
of documents namely written and oral documents. Automatic conversation transcriptions are uncertain semantic data.

2 Volume 14 (2022), Issue 2



Towards an Efficient Big Data Indexing Approach under an Uncertain Environment

An information retrieval system capable of managing data uncertain is necessary in this type of application. In this con-
text, we will focus on the indexing of information retrieval system that will be adapted to uncertain data.

1.3. Contributions

In this article, we propose a probabilistic approach for the representation of the terms of a document in the field of
information retrieval. We will focus on the indexing phase of data in an uncertain environment. Below, we summarize
our main contributions:

e Modeling approach of the terms contained in a textual document: A method of representing uncertain
terms extracted from a document based either on a possibilistic approach or a probabilistic approach. For the
sake of simplicity, our method is based on the theory of probability or for each term t, belonging to a docu-
ment D, is associated a degree of probability. This degree expresses how this term indexes the document D in
a request.

e Uncertain syntactic indexing approach: To process uncertain data at the information retrieval domain lev-
el, a new syntactic indexing method has been proposed. This method takes into account the degrees of prob-
ability associated with each term. This value must be either involve at the weighting phase of the terms, or
use in a new equation.

1.4. Structure of the paper

The rest of this paper is structured as follows. The next section 2 describes the different basic notions of our prop-
osition. In section 3, we describe the principle of calculation of uncertainty. Section 4 presents the motivation of the
proposed approach. Section 5 presents the study and analysis of algorithm complexity indexing. Section 6 describes the
results of the experimental study and details the evaluation of our approach. Section 7 gives a general discussion on the
main results of our proposed approach. In section 8, we summarize the main limits of our work. Section 9 concludes
this paper and gives some perspectives for the different study's contributions.

2. Related Works

By reviewing the literature, we found that many uncertainty approaches have been proposed. Each approach is
characterized by its own criteria and has been classified into two categories: (i) a first category which deals with Uncer-
tainty in the web and (ii) a second category which deals with Uncertainty in indexing.

2.1. Uncertainty in web

The first model [1] that we studied, in the literature, its authors proposed a new approach, which dynamically de-
termines the effect of the evaluation factors based on an interactive Big Data system by integrating an inference module
fuzzy (FIS). The fuzzy multi-factor assessment (MFE) approach was applied to be able to compare and evaluate interac-
tive big data systems with each other. The second model [8] studied, its authors proposed a parallel sampling method
based on the notion of Hyper Surface dedicated to big data with uncertainty distribution. For example, PSHS adopts a
universal concept of minimum coherent subset (MCS) of the Hyper Surface Classification (HSC). These authors were
able to manage the uncertainties of sampling from the big data. PSHS was then implemented on the basis of the
MapReduce framework, which represents a parallel programming technique widely used today given its performance in
many areas. In this research [9, 10], they proposed an ontology-based method to solve an uncertainty problem for large
data sources. In model [11], the authors focus on the fourth V, namely veracity, to demonstrate the essential impact of
uncertainty modeling on the improvement of learning performance. Low veracity is a change in uncertainty and missing
values on a large scale. With the exception of the altered uncertainty of the data itself, the uncertainty in the modeling
and processing of the data also changes in very remarkable ways.

2.2. Uncertainty in indexation

A new strategy approach was presented in the work of [12] and is based on the DRASTIC framework. This ap-
proach integrates three main modules: (i) a module for the reduction of subjectivities; (ii) a second module to transform
the indexing of vulnerabilities into indexing of risks; and a third module to understand the inherent uncertainties. The
notion of indexing refers to relative values for spatial comparisons within an aquifer using a set of integrated data lay-
ers. Also, the risk indexing reveals the fact that the study area suffers from some inappropriate management practices
both in terms of agricultural activities and in terms of groundwater catchment. In the work of [13], the authors propose a
new more or less efficient method of intermediate indexing, called MI, which makes it possible to filter a large quantity
of irrelevant data in the uncertain data stream. This filtering is done by specifically sorting the data, in order to improve
the efficiency of updating the k-dominant horizon. Another approach has been proposed by [14] in which the authors
try to solve the problem of classifying uncertain objects whose locations are described by probability density functions
(pdfs). These authors have thus proposed pruning techniques based on Voronoi diagrams to reduce the number of ex-
pected distance calculations. They then introduced an R-tree index to organize uncertain objects which will help reduce
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pruning costs. The authors of the approach presented in [15], proposed a new structure to capture the probability density
function of an uncertain object, called MRST. Considering the gradient of the probability density function, this new
MRST structure could provide an uncertain object with high pruning power and thus consume less space. At the same
time, they proposed a new index named R-MRST to efficiently support range queries on multidimensional uncertain
data. This index has a strong power of size and a low cost in terms of space and dynamic update. In the work presented
by [16], the authors demonstrate a new way of constructing an efficient index structure to handle large queries, of un-
certain range and which presents a certain similarity. To do this, they have developed query processing techniques that
use efficient index search methods to calculate end results. The approach proposed by [17], allows to examine the tradi-
tional systems for the explicit management of the uncertainty present in the data. They thus proposed two index struc-
tures to efficiently search for uncertain categorical data, one based on the R tree and the other based on an inverted in-
dex structure. A detailed description of the probabilistic equality queries they support has also been presented. The
work presented by [18], describes the uncertain trajectory model of moving objects in road network databases and ex-
tends the structure of the MON-tree index according to this network. The uncertain geometry between two sample
points is split into chunks and then stored in the list of uncertain areas based on the time sorting. Another approach has
been proposed by [19]. This approach supports the fact that the final round functions as an epistemic downgrade by (a)
making non-problematic non-confirmation possible afterwards, (b) gesturing towards an unverbalized alternative, and
(c) being oriented format. This work contributes to several major areas of conversation analysis research, mainly inter-
active grammar and epistemics.

In some previous studies [20], a probability-based method for modeling and indexing uncertain spatial data is pro-
posed. In this paper, they represented uncertain objects with PDFs (probability density function) and defined a similari-
ty measure for these uncertain objects. To index the objects, they designed an Optimized Gaussian Mixture Hierarchy
(OGMH) to support both certain/uncertain queries and certain/uncertain data. They used for the particular case (certain
query) an uncertain R tree with two query filtering schemes, UR1 and UR2. Finally, they applied the similarity meas-
ure, the uncertainty model and the indexing structures on a set of data.

Some other research [21] proposed the SQUID framework, which combines an index-based technique with a pre-
diction method to reduce the computation time to compute horizons on uncertain high-dimensional data. Through ex-
periments, the results clearly demonstrate the effectiveness of the proposed algorithm compared to prior findings.

Networks in many real-world applications have inherent uncertainty in their structure. This article [22] highlights
the problem of indexing and querying (k,y)-lattices on uncertain graphs. To keep the complete information of (k,y)-
lattice, they proposed a compact data structure of the CPT index. They proposed two index building algorithms, CPT-
Basic and CPT-Fast. To efficiently build the CPT index using top-down graph partitions, they developed a bottom-up
CPT index building scheme and an improved algorithm. Based on CPT-Fast, they developed a scheme to find a com-
promise between index building and online retrieval processes. Extensive experiments on large datasets have shown the
superiority of our indexing methods over other state-of-the-art approaches.

The treatment of uncertainty in the field of indexing and the extraction of relevant information from the web, un-
der different data modeling techniques, has also been mainly addressed in the following works: Omri's work [23], for
example, proposes a feedback model on relevance for goal extraction from fuzzy semantic networks. On the other hand,
the authors of [24] propose another new model of information retrieval based on possibilistic Bayesian networks. The
third model, presented in this context, is that of [25]. In their work, the authors describe their solution which consists of
a fuzzy new approach to extracting relevant information from web resources. The last model that we have studied, in
this perspective, is the one quotes [26] where the author proposes a feedback model of possibilistic relevance and se-
mantic networks for the extraction of goals.

3. Probability Theory: Background

Artificial intelligence communities and databases have been rarely treated especially by management of uncertain-
ty. It has also received a very little attention in the field of service-oriented architectures [27, 28]. Data uncertainty can
be generated from local sources to which different types of imperfection are involved (e.g., imprecision, uncertainty,
incompleteness, inconsistency, etc.). Literature has also stated that data available for an information system is often
imperfect [29]. Information is perfect if it is precise and certain. The reasons behind imperfection are notably uncertain-
ty, inaccuracy and inconsistency. These last concepts represent the major aspects of the imperfect data [30, 31] which
will be defined immediately after. Generally, vagueness and inconsistency are linked to the content of the information.
These concepts are associated to the content of information while uncertainty is linked to the validity of the infor-
mation. Uncertainty results from lack of information about such a situation, inconsistency between information, incom-
pleteness of information and variability.

The theory of probability was used in the analytical essays of the game of Pierre de Fermat and Blaise Pascal in
the 17th century and that of Gerolamo Cardano in the 15th century. In 1657, Christiaan Huygens published a book on
this subject and in the 19th century, Pierre Laplace, completed the notion of classical interpretation [32]. Probability
theory therefore provides a solid representational language and a computational environment for rational degrees of
belief. This allows different communities the free choice of having different beliefs on the same given hypothesis. This
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is considered to be the result of a random event which cannot be determined until it occurs, but it can be one of many
possible results [33]. From here we can say that what has been put forward provides a compelling framework for repre-
senting uncertain and imperfect knowledge that comes from various sources. In the literature, there are several ap-
proaches that use probabilities in the domain of the Semantic Web [34, 35, 36]. The key objects of probability theory
are random variables, stochastic processes and events: three essential concepts for the modeling of our solution.

4, Problem formalization

Most approaches are based on the assumption that terms extracted from documents have been fully recognized or
identified [37, 38, 39, 40]. In some cases, the terms extracted are uncertain, that is, their identification is uncertain [1].
As a result, the equality relation between the term of the document and the term of the query is no longer true. This
raises the question of the behavior of an information retrieval system under such conditions. We were interested, within
the framework of our work, in the representation and the analysis of the uncertain data that a variable can take. This
uncertainty can come either from the intrinsic variability of the phenomena influencing the value of this variable, or
from the imprecision or unreliability of the information available. Our goal is to focus on the indexing phase in the
presence of uncertain data. To reach this objective, and thus propose an effective solution, we will proceed by, as a first
step, to make a comparative study between the main methods of uncertainty treatment proposed in the literature [4]. We
can cite: (i) probability theory, (ii) uncertainty theory, (iii) fuzzy logic, (iv) possibility theory, (v) P-boxes, and (vi)
Dempster-Shafer theory. In our approach we will be interested in the uncertainty at the language level. This principle is
based on the context of "language model".

Another way to model documents in probabilistic form is in the use of language models. These language models
provide a representation of a language. This representation can be used within information retrieval models. The princi-
ple of language models is to determine the certainty of each word or phrase based on probability theory. This language
model assigns a probability to each expression appearing in a document. Language models also play a central role in
statistical machine translation [1]. A language model is constructed using "a probability function P that assigns a proba-
bility P(S) to a word or sequence of words S in a language" [4, 41] (see Figure 2). We call language a body of docu-
ments. This function makes it possible to estimate the probability of any sequence of words in the modeled language or,
more generally, to estimate the probability of generating this sequence of words from the language model.

Training corpus

. FEW, W, . Wy
representing a language L

Probabilities of
observed Ps)
elements

Fig.2. Principle of operation of language models

4.1. Notations

In this section, we will present the main notations that will be used in this article:

D: Document

C: Corpus

N = number of documents in the corpus

tf (t, d) = term frequency = number of occurrences of the term t in the document d

idf (t) = inverse document frequency = the number of documents indexed by the term t in a collection
Cf: the concept frequency

P: degree of probability

4.2. Calculation of uncertainty

To calculate the probability of belonging to the language L of a sentence presented by the following expression:
Ph =m, m, ...m,, we have to use the following equation which allows us to estimate the probability of the sentence to
be in the ML model of the language [43]:

P(Ph) = 121 Py (M |My, ..., M;_,) )
We use a corpus of documents that allows us to represent the language to model [42, 43, 44] to estimate the prob-

ability value. The probability of a term m in a document corpus C is based on the maximum likelihood estimate of the
word m and it is given by the next equation:
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M| _ NTC

Py, (M) = YMEC  NN-GC (2)

Where:
NOTC: represents the Number of occurrences of term M in the corpus C.
NNGC: represents the Number of N-Gram of C.

For the degree of the uncertainty of words extracted from a document, is based on the principle of information
search language model.

Certainty calculation of a term: Let a certainty value c associated with each term a € V.. We represent this value
by the following Fcert certainty function Fcert: V,—R*

a—P

To better understand the principle, take the following sentence as an example: Ph = "Isabelle is in the spotlight.
This honor ...". We assume that we have a data extraction process such as an automatic speech recognition system that
outputs a sentence written in a document. The general model principle that we will propose is presented by the follow-
ing figure:

Block to =
determine y
uncertainty

Fig.3. Uncertainty calculation principle

After taking the Ph input, this model gives us as output:
Pexit = « Isabelle is a hooker. This honor ... » With the following indications:

Cert (Isabelle) = 0.7
Cert(is) = 0.2
Cert(hooker) = 0.5
Cert(This) = 0.18
Cert(honor) = 0.8

0.7, 0.2, 0.5, 0.18, 0.8 correspond respectively to the uncertainty values associated with the terms isabelle, is,
hooker, this, honor. In what follows in this paper, we will explain the principle of each indexing approach in an uncer-
tain environment.

5. Proposed Indexing Big Data Approach

5.1. Architecture of the proposed model

This part aims to add an uncertainty calculation stage in the syntactic indexing phase. The principle of this method
is presented by the following figure:

Fig.4. Principle of uncertain syntactic indexing
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This approach is based essentially on the standard indexing principle which takes as input a set of textual docu-
ments and gives us a set of indexed documents. After extracting the terms of the documents, we try to calculate the un-
certainty degree of these terms by using the uncertainty calculation method (Incertjj: represents the degree of uncertainty
of term i in a document j) explained in the previous part. This technique measures a degree of uncertainty in all terms i
in a document j. Finally, we try to calculate the frequency of each term. Then we must either concatenate the uncertain-
ty value of each term and the weight of each term is to find a relationship between weight and degree of uncertainty.

5.2. Indexing textual documents algorithms

Algorithms 1 and 2 describe the principle of indexing textual documents in the presence of uncertain data based on
an approach. It makes it possible to effectively return all the words presented in a document by calculating their degree
of probability which determines their certainties. The goal of this probabilistic syntactic indexing is to extract the terms
from documents and store them with their number of occurrences and degrees of certainty in a physical index.

Algorithm 1: Probabilistic document

Data: D :document. C: Corpus.

Result: D_Index_Syn_Pro : Probabilistic documents.
1 begin

2 for Each document D in Corpus C do

3 2. /*for all documents I} in the corpus, D is the current document®/ Create(DPro) /* Creation of the probabilistic document™/
4 for every line L in D do

H #For all lines of the current document DPro, Current Line: L*/

[ for Every word w in L do

7 /% for all the words of a line L*/

8 if fin_mot(w) == false then

9 /% if the word is not equal to the end_mot ¥/

10 if DPro.Contain{w) == false then

1 /*Le document probabiliste ne contient pas le mot w*/

12 DPro. Add(W,Cert(t))

13 /* add the word to the probabilistic document with a word uncertainty value p = Cert(t) %/
14 end

135 else

16 /*The probabilistic document contains the word w, then Update the value of P¥/
17 DPro.UpdateP(P=w.P)

18 end

19 end

20 end
21 end
2 end
23 end

Algorithm 2: Probabilistic syntactic indexing

Data: DPro: Probabilistic document. € : Corpus.
Result: D_{ndex_Syn_Pro @ Probabilistic syntactic indexing documents.

1 begin
3 for Every DPro document in Corpus C do
i Ffor all DPro documents in the corpus, DPro is the current document®! Create{ D_Ind_Synt_Pro) /*Create { Probabilistic syntactic
indexation Ind_Synt_Pro of the current document D*
4 for Each line L in DPro do
] &For all lines of the current document DPro, Carrent Line: L%
W for every word win L do
7 % for all the words of a line L*/
] il end_me(w) == faise then
] £ i the word does not equal theend_mor*/
i I D_index_svn Pro.Contain|{w) == false then
1 fEThe probabilistic syntactic indexing document does not contain the word w*/
12 D index_Syn_Pro Add(W,1,1]
13 7 add the word to the probabilistic syntactic indexing document with a frequency of word of = 1 an uncertainty Incert
=]%
14 end
15 else
6 Hlndex_Syn comiain the word: increment if*/:
17 = The probabilistic symtactic indexing document contains the word w#/
15 £ increment 7%
L] D._ Index_Svn_Pro IncreTF(w.Tf)
0 HExtract the probability value of each term Incert®/
2 J* Change the unceriainty value *
] D index_Syn_Pro U pdateP(P = Incert)
n end
24 end
2% end
E end
] end
1w end
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These algorithms are divided into 3 parts: (i) The first algorithm consists in building the set of probabilistic docu-
ments. This phase takes as input a set of documents of corpus, one goes through all the documents of corpus. For each
document, one must go through all the lines of each document. For each line, one must go through all the terms of each
line. For each term one must determine the degree of probability. The result is a set of documents where each term is
characterized by its degree of certainty. (ii) The second phase is presented in the second algorithm (lines 1-14) of index
construction, one must extract the terms meaning from the document jump the term that indicates the end of term. (iii)
The third phase in the second algorithm (lines 14-27) consists of calculating the occurrence of each term and the proba-
bility of each term. For each term signifier, the frequency of occurrence must be calculated, and the probability must be
determined. Whenever we find a term, we increment the frequency of this term, we make the product of probabilities.
The result of this phase is an index-Syn_Pro file for each document.

For each document, one obtains all the extracted terms of documents belonging to a corpus with their values of
frequency and their degrees of probability:

Document,, = {(termq,tf,Py,), ..., (term,,tf,, P,)} 3
With:

e n: number of significant words of document D.
e  P: probability of each term.
e Tf: frequency of occurrence of each term.

5.3. Study and analysis of algorithm complexity indexing

In this part, we study the complexity of the probabilistic syntactic indexing algorithm by analyzing the complexity
of its different phases.

o In the first part, each textual document D is transformed into a probabilistic textual document. Suppose N is
the number of documents to index in C (ie a document collection), LMax is the maximum number of Lines
per document and MMax is the maximum number of possible words per line belonging to a document D.
The complexity of the first phase is given by the quantity O (N * LMax * MMax).

e In the second part, the Dpro probabilistic documents are already recovered. This phase is interested in the
construction of indexes, we must extract the terms meaning of the document except the term which indicates
the end of term. A browse of all these documents is necessary for indexed.

e The third phase consists of calculating the occurrence and probability of each term. For each term signifier,
the frequency of occurrence must be calculated, and the probability must be determined. Whenever a term is
found, we increment its frequency this, we then calculate the product of the probabilities. We assume that we
have an indexed document DI., Each document contains LDIMax lines and line contains MDIMax words, so
the complexity of this phase is given by, O (LDIMax * MDIMax).

In summary, the different phases of our algorithm have a polynomial complexity.
6. Experimental Study and Results Analysis

In this section, we will perform a series of experiments in order to validate our proposed approach and confirm its
efficiency in processing data in an uncertain environment. We also want, through this series of experiments, to show
that in terms of execution time our solution is better than that of the main standard methods studied in the literature. To
do this, we implemented the models: Standard Syntax Indexing Method and our Uncertain Syntax Indexing Model
(1S1). We have implemented our algorithms in the Java programming language and under the Windows 7 environment.
To evaluate the performance in runtime, experimental tests were carried out on a Pentium (R) Dual Core machine with
a clock frequency of 2.2 GHz and 3 GB of main memory.

6.1. Description of the test corpora collection

The main objective that we have set for ourselves is to carry out a comparative study between the different models
(taking the execution time as an indicator) while varying the size of the data (size of the corpus) of the test. To achieve
this goal, we have prepared a set of corpora each containing a number of attribute files ranging from 500 to 20,000.

We then generated a network corresponding to each corpus. In practice, this network is stored in an XML file be-
cause the tree structure provided by the XML language allows easy data retrieval. Note that the XML file is created by
Lattice Navigator 3, a tool for generating and visualizing concept networks.
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6.2. Performance metrics used for the evaluation

In the following, we present the precision, recall and F,,,.qs.re Which we will use to evaluate the performance of
our proposed algorithms. These measures are defined based on the next confusion matrix.

Table 1. Diagram of confusion matrix

Predicted positive sample Predicted negative sample
True positive sample TP FN
True negative sample FP TN

The evaluation measures used, are precision (also called positive predictive value) which is the fraction of relevant
instances among the retrieved instances, recall (also known as sensitivity) which is the fraction of relevant instances that
have been retrieved over the total amount of relevant instances, F,;,sures Which is a combination between precision and
recall. These evaluation measures are calculated respectively using Diagram of confusion matrix presented in Table 1
and equations 4, 5, and 6.

PR TP

Precision = 4)

TP+FP

TP

Recall = (5)

TP+FN

Precision+Recall

F = TP —— 6
measure Precision+Recall ( )

6.3. Experimentation and results

In practice, we calculate for each model the response time to a given request. We estimate the execution times
needed for indexing with and without calculating the degrees of probability. Figure 5 exposes the evolution of the exe-
cution time for each model as a function of the number of objects in the network.

This study proves, experimentally, the importance of the theoretical results presented in the curves. Compared to
the standard model, our approach ISl has a low time complexity which negatively affects the execution time but posi-
tively affects the quality of the response. Figure 5 shows that Our approach ISI curve is slightly higher than the other
curve, which is considered as a good indicator of speed. If we classify the models according to their speed, we obtain
the following order: Standard indexing model, Our approach ISI. This result seems logical to us, because the part which
we proposed to calculate the correctness of the terms takes a little time on the other hand, the model which we proposed
greatly improves the quality of the answer.

Execution Time (S)

500 2000 3500 5000 S000 20000

— Standard Mode!
Fig.5. Performance results in terms of execution time with and without probability calculation

Figure 5 shows the results in terms of execution times performed by the two approaches by changing the size of
corpus used to answer to the query. The result of this experiment demonstrates that the time needed to return the re-
sponses to a request, estimated at 212 s, is negligible. When the size of corpus is 2000, the necessary execution time set
by the certain approach is 164 s. In all cases, the time required for indexing our approach is considered negligible com-
pared to standard approach (certain approach) (see Figure 5 We can deduct from these results that our approach gives
superior results because it allows us to manage the data uncertainty without consuming more time.

After application of the 2 models on the 3 datasets (KDD, WWW and Nguyen) (KDD: research papers from the
ACM Conference on Knowledge Discovery and Data Mining [11], WWW: research papers from the World Wide Web
Conference [11] and Nguyen: research papers from various disciplines [40]), we obtain the results described in the
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Table 1. This table presents performance metrics (Precision, Recall andF,,,.,...) for each model and for each dataset.
Figures 6, 7 and 8 show, respectively, performance metrics of each model on the KDD, WWW and Nguyen datasets.

Table 2. Evaluation results of approaches in terms of Precision, Recall and E, cqsure-

DATASET Approach Precision Recall Fneasure

KDD Our approach ISI 0.395 0.254 0.309
Standard approach 0.212 0.271 0.237
Our approach ISI 0.211 0.195 0.233

Www
Standard approach 0.24 0.187 0.210
Our approach ISI 0.23 0.213 0.238

Nguyen
Standard approach 0.27 0.204 0.224

Precision

=}

T
o

5

& ;o n ojo o e

E

=}
=

¥

KDD WWW Mguyen

5| Standard approach

Fig.6. Comparison of assessment results of the evaluation in terms of Precision measurement between the two approaches: Our approach ISI and
Standard approach against different standard test databases.

Recall

0.25 \

0.2 s

KDD WWW Nguyen

— 5 Stendard approach

Fig.7. Comparison of assessment results of the evaluation in terms of Recall measurement between the two approaches: Our approach ISI and Stand-
ard against different standard test databases approach.

F-measure

0.3
0.25 \——

KDD WWW MNeuyen

— |5 Standard approach

Fig.8. Comparison of assessment results of the evaluation in terms of F,..s.re Measurement between the two approaches: Our approach 1SI and
Standard approach against different standard test databases.

7. Discussion and Limits of the Proposed Approach
Although indexing provides a rigorous foundation in the field of information retrieval for modeling the relation-
ships between documents and terms, the existence of uncertainty in the document retrieval domain remains an un-

addressed problem in many other areas such as document indexing. This can be explained by the great complexity of
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the concepts of data integration algorithms for big data (such as the case of documentary databases). This complexity
limits the evolution of information retrieval systems. Our main idea was to deal with uncertainty and its complexity in
IR systems by proposing a model for modeling uncertainty based on a probabilistic approach (which consists of some-
what complex operations). In other words, we propose a new method of syntactic indexing by calculating the certainty
values of each term (for each document). Once the index is prepared, our model explores the documents in an intelli-
gent way without modifying the standard indexing structure. We believe that the most important contribution made by
our algorithm (ISI) is the simplicity and low complexity that can ensure. The second contribution offered by our algo-
rithm is that it provides precise and automatic rules to calculate the probability of terms. In fact, most information re-
trieval approaches assume that all data is certain. As shown in the experimental study (see section 6), we have tested our
proposed model, and it provides good results. We have shown that our model is more accurate than the standard model
in the IKK dataset. However, the response time of our model increased negligibly. This increase can be explained by
the uncertainty calculation phase of the terms. Indeed, the response time is a very important factor, among others, for a
given information retrieval system. In the real world, users are impatient and don't want to waste time waiting for a re-
sponse from a given IR system. Moreover, our model can be easily integrated into an information retrieval system. In
fact, our ultimate goal is to design an efficient and practical information retrieval system.

The experimental results show the differences, from a performance point of view, between the approach we have
proposed and the other approaches. These results also show the factors that influence the quality of these results. The
analysis of these results as well as the comparison between the different studied approaches are presented in (Table 1).

Figure 6 illustrates the results obtained for the accuracy rate as well as the difference values from the average accu-
racy and Figure 7 depicts the recall rate. By analyzing the results obtained from the series of experiments developed for
different approaches, we can observe the evolution in terms of performance from one approach to another. The result
observed from the term extraction part shows that the performance of our solution is better. The uncertainty calculation
phase plays a crucial role in the indexing process because it offers the possibility of keeping as many relevant terms as
possible and eliminating those that are not. The proposed approach in this study, compared to others, provides a better
result due to determination of values of confidence, which in turn lead to a better representation of documents and
terms. The more significant and expressive representation of documents/terms, the more correct the logical deductions
on the document basis and terms. According to the results shown in the previous section, we can see the advantages of
the proposed approach in terms of important obtained value of 0.395 with KDD database.

According to Figure 7, the approach we have proposed provides a significant value for the recall rate, that is to say
more silence (relevant concepts not extracted) at the level of the results obtained. This allowed us to deduce that there
are still concepts which have not been extracted then which can represent the document.

Although the cited advantages of the proposed approach, some limits are distinguished. The main objective of the
proposed approach is to propose an efficient solution as an indexing approach of Big Data in an uncertain environment.
However, this solution despite its good performance in terms of precision, recall and F,,,.qsure d0€S NOt automatically
manage the uncertainty when it appears when adding new data. This limit penalizes the great performance of our solu-
tion and does not allow us to consider it as a perfect solution.

8. Conclusion and Future Work

In recent years, the Web has undergone a major transformation due to great technological development. Indeed, in
a context such as the Internet, it is increasingly recognized that data is subject to values of uncertainty, while requiring
more sophisticated management techniques. A recent trend is the use of the web as a trusted medium for publishing and
sharing data. However, since the Internet has grown exponentially with the increase in the number of sites, data man-
agement is becoming a major issue in the information technology industry. Uncertainty and incompleteness are two
common characteristics of the information we process in our daily lives. Most areas of informational research do not
address this uncertainty. In this paper, we will be interested in the problem of uncertainty at the level of the indexing
phase.

Indexing plays a crucial role in retrieving information. In the literature, there are different types of indexing, but in
all cases, the principle of the phenomenon is to transform the data sources into electronic data. The purpose of the cur-
rent study is to propose approaches to deal with uncertain syntactic indexing on textual sources. In this article, we sug-
gested an approach for indexing uncertain sources and sending the user an uncertain response. We proposed two main
contributions which are summarized in two main points: (i) Suggestion of an approach to determine the degree of un-
certainty of the words that exist in a document and (ii) the integration of this uncertain model of data processing into
syntactic indexing.

Our work outlook can be articulated around three directions. The first is to carry out a new, more in-depth compar-
ative study between the main approaches studied, in the literature, and our approach in order to give practitioners and
academics more knowledge about indexing big data in an uncertain environment. The second direction consists in ex-
tending the research in progress, we intend to integrate the lightweight description logic (DL-lite) which is considered
to be one of the most important logics specially dedicated to applications that process large volumes of data. Indeed, the
management of inconsistency issues, in order to effectively query inconsistent DL-Lite knowledge bases, is a topical
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issue. These inconsistencies in the hierarchical knowledge bases are due to assertions (ABoxes) coming from several
sources and therefore are of different levels of reliability. Thus, the addition of new axioms represents a main factor that
causes inconsistency in knowledge bases.
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