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The notion of skyline query is to find a set of objects that is not dominated by
any other objects. Skyline query is crucial in multi-criteria decision making
applications particularly in applications that generate uncertain data. Although
there is a significant amount of research that has been committed for efficient
skyline computation, regrettably, existing works lack on how to conduct skyline
queries on uncertain data with objects represented as continuous ranges and
exact values. By having data with uncertain dimensions, the dominance
relation among objects with continuous ranges and exact values may not be
transitive, thus, causing existing techniques for skyline queries are not
applicable. The results of skyline queries are bound to be probabilistic since
each object with continuous range is now associated with a probability value of
it being a query answer. Furthermore, querying information within a range of
search on uncertain dimensions proves to be challenging in order to determine
objects with continuous ranges that satisfy the range query. Hence, this thesis
focuses on efficiently extending skyline query and range skyline query
processing to support data with uncertain dimensions. We define skyline
queries over data with uncertain dimensions and present four methods to
efficiently answer skyline queries, namely: distinctive partitioning, exact
domination, range domination, and uncertain domination. We propose a two-
phase framework, SkyQUD, which integrates these four methods; the first
phase employs efficient probability computations which are performed
individually on groups of objects with exact values and continuous ranges,
respectively. Meanwhile, the second phase employs more complex and
expensive computations to perform dominance testing between objects from
different groups. The SkyQUD framework is responsible to extract the most
dominant skyline objects that meet the required threshold value. The threshold
value is utilized in order to manage the quality and the size of the skyline
objects reported. Next, we extend SkyQUD to support skyline with range
queries on uncertain dimensions, denoted as SkyQUD-T. A method, range
pruning, is proposed and incorporated before the first phase in SkyQUD to
determine objects that satisfy the range query, where it bounds the probability



of each object to a certain threshold value. Both frameworks have been
validated through extensive experiments employing real and synthetic
datasets. Several independent variables which are scalability, threshold, data
distributions, and dimensionality are selected to determine their effects on two
dependent variables. The effect of manipulating the independent variables is
studied on the dependent variables which are number of pairwise comparisons
and processing time. Through theoretical analysis and extensive experiments,
we show that SkyQUD is able to effectively support skyline queries on data
with uncertain dimensions and capable of handling large datasets. The
performance of SkyQUD-T is studied against two naive algorithms that are
developed to reflect the best-case and worst-case scenarios. Results exhibit
the evidences of the behaviour of SkyQUD-T, where the number of pairwise
comparisons performed in SkyQUD-T is always within the performance of the
aforementioned naive algorithms.
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Pengertian pertanyaan skyline adalah untuk mencari satu set objek yang tidak
didominasi oleh objek lain. Pertanyaan skyline adalah penting dalam aplikasi
membuat keputusan pelbagai kriteria terutama dalam aplikasi yang
menghasilkan data tidak pasti. Walaupun terdapat sejumlah signifikan
penyelidikan yang telah dilakukan untuk pengiraan skyline yang efisien,
malangnya, kerja yang sedia ada kekurangan dalam bagaimana untuk
melakukan pertanyaan skyline pada data tidak pasti dengan objek yang
diwakili sebagai julat berterusan dan nilai tepat. Dengan mempunyai data
dengan dimensi tidak pasti, hubungan dominasi antara objek dengan julat
berterusan dan nilai tepat mungkin tidak transitif, oleh itu, menyebabkan teknik
sedia ada untuk pertanyaan skyline tidak dapat digunakan. Hasil pertanyaan
skyline terikat untuk menjadi probabilistik kerana setiap objek dengan julat
berterusan kini dikaitkan dengan nilai kebarangkalian untuk ia menjadi jawapan
pertanyaan. Tambahan pula, pertanyaan maklumat dalam julat pencarian pada
dimensi tidak pasti terbukti mencabar untuk menentukan objek dengan julat
berterusan yang memenuhi pertanyaan julat. Oleh itu, tesis ini memberi
tumpuan terhadap melanjutkan secara efisien pertanyaan skyline dan
pemprosesan pertanyaan skyline julat untuk menyokong data dengan dimensi
tidak pasti. Kami mendefinisikan pertanyaan skyline bagi data dengan dimensi
tidak pasti dan mengemukakan empat kaedah untuk menjawab pertanyaan
skyline dengan efisien, iaitu: distinctive partitioning, exact domination, range
domination, dan uncertain domination. Kami mencadangkan dua fasa rangka
kerja, SkyQUD, yang menggabungkan empat kaedah ini; fasa pertama
menggunakan pengiraan kebarangkalian efisien yang dilakukan secara
individu pada kumpulan objek dengan nilai tepat dan julat berterusan, masing-
masing. Sementara itu, fasa kedua menggunakan pengiraan yang lebih
kompleks dan mahal untuk melakukan pengujian dominasi antara objek dari
kumpulan yang berlainan. Rangka kerja SkyQUD bertanggungjawab untuk
mengekstrak objek skyline yang paling dominan yang memenuhi nilai ambang
yang diperlukan. Nilai ambang digunakan untuk menguruskan kualiti dan saiz
objek skyline yang dilaporkan. Seterusnya, kami melanjutkan SkyQUD untuk



menyokong skyline dengan julat pertanyaan pada dimensi tidak pasti, yang
ditandakan sebagai SkyQUD-T. Satu kaedah, range pruning, dicadangkan dan
digabungkan sebelum fasa pertama di dalam SkyQUD untuk menentukan
objek yang memenuhi julat pertanyaan, di mana ia mengikat kebarangkalian
setiap objek kepada nilai ambang tertentu. Kedua-dua rangka kerja telah
disahkan melalui eksperimen yang menyeluruh menggunakan set data
sebenar dan sintetik. Beberapa pembolehubah bebas, iaitu skalabiliti, ambang,
pengagihan data, dan dimensi dipilih untuk menentukan kesannya kepada dua
pembolehubah bergantung. Kesan memanipulasi pembolehubah bebas dikaji
pada pembolehubah bergantung tersebut, iaitu bilangan perbandingan
pasangan dan masa pemprosesan. Melalui analisis teori dan eksperimen yang
menyeluruh, kami menunjukkan bahawa SkyQUD dapat menyokong
pertanyaan skyline secara efektif pada data dengan dimensi tidak pasti dan
mampu menangani set data besar. Prestasi SkyQUD-T dikaji terhadap dua
algoritma naif yang dibangunkan untuk mencerminkan senario terbaik dan
terburuk. Hasil mempamerkan bukti tingkah laku SkyQUD-T, di mana bilangan
perbandingan pasangan yang dilakukan di SkyQUD-T sentiasa berada dalam
prestasi algoritma naif yang dinyatakan di atas.
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CHAPTER 1

INTRODUCTION

1.1 Overview

Traditional queries in database systems are usually represented by a set of
predicates where the results return are expected to meet the requirements of
the predicates precisely, and consequently the product of these queries would
either be a set of exact results or an empty set. These traditional queries are
effective when there are no expectations of comparisons of values between
different dimensions. Nevertheless, employing queries with the aforementioned
hard constraints in applications where users want to retrieve the best results
but at the same time have conflicting preference for each dimension is
impractical as the resulting queries will be an empty set.

Therefore, recent approaches towards intuitive information systems and the
integration of user preferences have led to skyline queries. The skyline retrieval
paradigm has received a lot of attention since a decade ago as it proved
especially useful for query personalization (Kie3ling, 2002; Koutrika and
loannidis, 2004). Skyline queries introduce the notion of dominated objects
under Pareto optimality. In a database consisting of multi-dimensional objects,
the skyline queries performed on the underlying database would return a set of
objects that is the best trade-offs between all dimensions involved.
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Figure 1.1: Skyline example

For example, consider a database that contains information on hotel’'s room
rate per night and distance to the beach. Figure 1.1 shows each record of the
database that is represented as a point in a data space consisting of those two
dimensions. A user may posed a query such as “find me hotels that are as



cheap as possible and as close as possible to the beach”. Now, the query itself
can be understood differently depending on the user, the user might have
wanted the cheapest price a hotel can offer with the hotel being not really close
to the beach, or the user would have been satisfied with paying extra cost for
the hotel as long as it is as near as possible to the beach. Furthermore, it is
almost impossible to answer the query of how much cheaper and nearer a
hotel should be. In this case, the traditional query is roughly written in SQL
syntax as follows:

SELECT *
FROM Hotels
WHERE Price MIN,

Distance MIN;

Querying the above query on the database in Figure 1.1 would return an empty
result set as there is no object that matches with the requirements of the query.
To remedy this, the database community has proposed to extend the SQL’s
SELECT statement by injecting skyline functionality as follows (Borzsonyi et al.,
2001):

SELECT *
FROM Hotels
SKYLINE OF Price MIN,

Distance MIN;

The skyline technique identifies a set of objects, S, in such a way that they are
not dominated by the other objects in the dataset. In other words, an object v is
preferred over another object w if and only if v is better than w strictly in at
least one dimension and v is better than or equal to w in all other d
dimensions. With the above skyline query, it will retrieve, as illustrated by the
dotted red line in Figure 1.1, all hotels that are either cheap or near to the
beach (or both, if possible) without there being other hotels that are cheaper
and nearer to the beach. Therefore, it is ideal to find skyline objects to aid in
narrowing down the candidates.

1.2 Motivation

Uncertainty in data is not surprising as it can arise in a variety of scenarios,
such as when attempting to preserve privacy thus data modification is
performed, missing data are approximated, collecting trajectories data which
are spatiotemporal in nature, and inadequate equipment for measurement in
sensor network. One of the many scenarios can be seen when extracting web
data to perform analysis on it. As more and more data become accessible via
web servers, information has to be efficiently retrieved from these databases.
In extracting web data, uncertainty and incompleteness could not be avoided
and no matter what the cause of uncertainty is, it is essential to be able to
handle the uncertainty of data.



For example, a property investor in Vancouver would like to do analysis for
insights into the rental market. In order to do the analysis, a search on
Rent.com web page (www.rent.com) for “Vancouver” is performed and the
search results are extracted. For illustration, Figure 1.2 shows the result of
extracting web data from rental listings. Data extraction has caused uncertainty
in the dimensions, for instance, the rent dimension, where some of the rent
values are uncertain; they are presented as either an exact value or a
continuous range. Attempting to perform skyline queries on this kind of data
would be challenging due to the dissimilarities nature of data — we could be
attempting to compare apples with oranges.

ﬁ Rentcom My Rent Search Moving Center

Home > Oregon > Portland Apartments

The Park At Mill Plain (1

206 NE 126th Avenue, Vancouver WA 98684 ¥ Map

ol

E‘;l Derby 2 bed 1bath $1055/mo 1003 sqft
iy

E‘ﬂ‘ Belmont 2 bed 1bath $1082 - $1197 / mo 1038 sqft

?.q Lexington 2 bed 2 bath $1091- $1251/ mo 1070 saft

Mint Urban RiverPlace @

2083 SW River Drive, Portland OR 97201 ¥ Map

Eﬁj] Pastel 2bed 2bath $2169 /mo 1138 - 1159 sqft
s
!j Collage 2 bed 2 bath $2200 - $2975/ mo 913 - 1450 sqft

—
B Collage with Office 2bed 2 bath $2530/mo 1368 sqft

Figure 1.2: Extraction of web data on rentals from Rent.com

One naive approach to avoid the uncertainty is to use an automated translator
or perform digital curation to reformat data from one representation to another.
This approach has an obvious drawback, in that the transformation of data
does not guarantee that the combined, transformed data are meaningful, and
thus, performing skyline queries on the underlying data would as well incur
inaccurate result of skyline objects.

There are a plethora of scenarios, other than the aforementioned scenario,
where uncertainty in data is inherent and inevitable due to the rapidly evolving
technologies and the growing amount of uncertain data generated and
accumulated daily. Conversely, it is undeniable how imperative it is to have
data analysis techniques, such as the preference evaluation queries, that are
able to accommodate any kind of uncertainty in data. Uncertainty in data has
led to several new challenges to the database community, which has led to the
need for a simple yet efficient algorithm that is able to perform advanced
analysis on uncertain data. It remains an open problem at large on how to
conduct advanced analysis, particularly skyline analysis, which will be the focus
in this thesis, when there are uncertainties in data.



1.3 Research Problem

As we have elucidated in Section 1.1, skyline queries have become one of the
most popular and frequently used preference queries in the attempt towards
intuitive information systems. As with all approaches, skyline queries are not
without its own limitations, be it on certain or uncertain data, in that the
complexity of skyline computation is greatly influenced by the number of
dimensions as well as the size of the dataset. The search space of skyline
queries is also highly affected by the number of dimensions in the dataset. This
is because as the number of dimensions increases, the size of the searching
space will increase extensively as it will become more difficult for objects to be
dominated (Yiu and Mamoulis, 2007; Siddique and Morimoto, 2009). Therefore,
most of the existing works (Borzsényi et al., 2001; Tan et al., 2001; Kossmann
et al., 2002; Papadias et al., 2003; Chomicki et al., 2003; Papadias et al., 2003;
Godfrey et al., 2005; Pei et al., 2005; Yuan et al., 2005; Wu et al., 2006; Tao et
al.,, 2006; Chan et al., 2006; Dellis and Seeger, 2007; Cui et al., 2008) on
skyline queries have attempted to solve these limitations by minimizing the
searching space as small as possible and reducing the processing cost of
finding skylines. The searching space in skyline queries normally is determined
by the number of pairwise comparisons that needs to be performed between
objects in order to identify skyline objects. To summarise, the larger the size of
the searching space, the higher the number of pairwise comparisons, which in
turn will result in an expensive cost of processing skyline queries.

Other than data that are certain, skyline query analysis is found to be important
on data that are uncertain as well, where certainty and preciseness are lacking
in the data. Uncertainty in data is inherent and unavoidable, which is normally
caused by data randomness and incompleteness, noises during measuring,
delayed during data updates in sensors, or limited knowledge. In general,
solving the limitations of skyline queries is a challenge on itself on data that are
certain, let alone on data that are uncertain. Attempting to perform skyline
query analysis on uncertain data proves to be another major challenge as the
data are now incorporated with uncertainties which affects the skyline analysis
as well. Hence, the main focus of this thesis is on solving the limitations of
skyline queries on uncertain data.

Following the above research problem, we have identified two major
challenges that we address in this thesis, which focus on the analysis and
computation of skyline queries on uncertain data.

Challenge 1: Efficient Computation of Skyline Queries on Uncertain Data

When dealing with uncertainty in data, it does not seem desirable to completely
eradicate the uncertain values as it may lead to inaccurate or incomplete query
results. Generally, there are two types of model when dealing with uncertainty
in data, namely: discrete and continuous. In discrete uncertainty model, each
object has a finite set of possible values, called instances, each of which is
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associated with a probability distribution. On the contrary, in continuous
uncertainty model, each object is represented by continuous ranges, which is
associated with a probability density function capturing the likelihood of
possible values.

Although there has been research done on handling uncertainty in skyline
query processing, they hold onto the assumption, with respect to the above
uncertainty model, that either (i) uncertainty in data is caused by multiple
existences of instances that represent an object (Pei et al., 2007; Yong et al.,
2008; Béhm et al., 2009; and Atallah and Qi, 2009), or (ii) the occurrence of
uncertainty in a dimension would mean all values under that dimension is
represented as a continuous range (Khalefa et al., 2010). Unfortunately, in
situations where values in a dimension are presented as both exact values and
continuous ranges, such assumptions do not capture well the nature of data
uncertainty in each dimension, where imperfections of data caused by
uncertain values are inherent in today’s real world application.

Given a set of objects with uncertain data, where the underlying uncertainty in
this thesis means that in a dimension (attribute), the objects may be
represented as an exact value and/or a continuous range. We refer to this
uncertainty in data as uncertain dimensions. How can we determine the
dominance relation between objects that have different representations of
values in each dimension? Given the underlying uncertainty in the data, which
object shall be the skyline objects on those uncertain data? Can efficient
methods be developed to efficiently compute skyline probabilities when
encountering those uncertain data? To the best of our knowledge, the study by
Li et al. (2012) is the only work that has endeavored to answer the above
questions, with respect to the motivating example described in Section 1.2, by
presenting an algorithm, named BBIS, which performs the dominance testing
between objects by comparing their median values (center points) and is
indexed by an R*-tree structure. Despite the contributions made by Li et al.
(2012), BBIS has its shortcoming when performing on high dimensionality
dataset. This is largely due to the poor performance of the R*-tree index
structure as it is well known that R*-tree could not adequately indexed large
data of more than 5 dimensions (Berchtold et al., 1996; Papadias et al., 2005;
Li et al., 2012).

Challenge 2: Efficient Computation of Skyline with Range Queries on
Uncertain Data

As have been discussed in previous Challenge 1, it is irrefutable that
computing skyline probabilities on uncertain dimensions is much more
complicated than computing skylines on conventional data. It becomes even
more intricate particularly when a search region is being queried on the
uncertain dimensions and skyline objects are expected to be reported within
the search region. With the notion that in an uncertain dimension an object may
be represented by a continuous range, when taking into consideration a range
query on the underlying dimension, we have to consider the many possible
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ways that an object may intersect with the range query and other objects.
Granted that range queries are not some new issues faced by the database
community, especially when analysing skyline objects within a range query.
Cases in point are the works by Papadias et al. (2005), Jiang and Pei (2009),
Wang et al. (2011), Rahul and Janardan (2012), Lin et al. (2013), Chester et al.
(2014), Mortensen et al. (2015), and He et al. (2016), where they introduced
several algorithms to process skyline with range queries on traditional data
where there are no uncertainties involved. Despite having a plethora of studies
focusing on skyline query and its variant, thus far to the best of our knowledge,
there is no work accomplishes on skyline with range query regarding uncertain
data.

Given a range query, how can we determine to either accept or reject objects
that intersect with the boundary of a range query? Can efficient methods be
developed to efficiently compute skyline probabilities within a range query
when dealing with a set of objects that has different representations of values
in each dimension? Even though the first question has been covered in the
area of range queries, for instance the work by Wolfson et al. (1999), yet the
focus of the work is mainly in the context of tracking a moving object, and it
does not however cover on the techniques for evaluating skyline together with
the range queries. Therefore, in our work we attempt to solve the issue of
analysing skyline on uncertain data with respect to the range queries.

1.4 Research Objectives

The main aim of this research work is to propose a framework that is able to

perform skyline queries computation on data with uncertain dimensions. In

order to achieve the aim, we present the following objectives with respect to the

challenges posed in Section 1.3:

1) To propose an efficient algorithm that is able to determine skyline objects
on uncertain data, with the aim of reducing the number of pairwise
comparisons by eliminating the dominated objects as early as possible in
order to avoid unnecessary probability computations.

2) To propose an extension to the aforementioned algorithm that is able to
retrieve skyline objects that satisfy a given range query, which aids in
reducing the searching space in identifying skylines.

15 Research Scope

The scope of this research work is outlined in the following points:

= The type of query that is considered in this research study is the
preference queries, in which case is limited to skyline queries as it is the
most frequently applied technique in most of multi-criteria decision making
applications (Borzsonyi, et al., 2001; Tan et al., 2001; Kossmann et al.,
2002; Chomicki et al., 2003; Yuan et al., 2005; Pei et al., 2005; Godfrey et
al., 2005; Bartolini et al., 2006; Pei et al., 2007; Khalefa et al., 2010; Li et
al., 2012).



= This research study used the relational data model as it is the most
dominant model among the conventional models (Yuan et al., 2005; Pei et
al., 2007; Khalefa et al., 2008; Khalefa et al., 2010; Li et al., 2012).

= This research work concentrates on two types of database, namely:
synthetic and real databases. The synthetic datasets are of the
independent, correlated, and anti-correlated distributions, while the real
dataset is from the National Basketball Association (NBA) statistics. These
are the most popular types of database that have been used in this area
(Bbrzsonyi, et al., 2001; Pei et al., 2007; Yong et al., 2008; Béhm et al.,
2009; Atallah and Qi, 2009; Khalefa et al., 2010; Li et al., 2012).

1.6 Contributions

In this thesis, the focus of the study is majorly on the analysis and computation
of skyline queries on uncertain data. Despite the contributions made by Pei et
al. (2007), Khalefa et al. (2010), and Li et al. (2012) in processing skyline on
uncertain data, these works have some drawbacks due to their limited
applicability when dealing with large datasets (caused by higher dimensionality
and total number of objects in datasets) and massive skyline size (due to high
dimensionality in datasets or datasets with anti-correlated distribution (Yiu and
Mamoulis, 2007; Siddique and Morimoto, 2009)). Motivated by this fact, we
make the following contributions to answer the challenges that are addressed
in this thesis.

Contribution 1

We introduce the concept of uncertain dimensions with respect to the
motivating example elucidated in previous Section 1.2. Essentially, uncertain
dimensions are dimensions that contain at least one value that is represented
as continuous range. To determine if an object v is preferable over another
object w when involving an uncertain dimension, we calculate the probability of
v to dominate w. When both v and w are represented as continuous ranges,
we define seven possible types of relations to compute the probability of v to
dominate w. Alternatively, when v is represented as an exact value while w is
represented by a continuous range, we modify the relations defined previously
and employed a correction value ¢ to accommodate the dominating probability
of two objects with different representations. Based on the above relations, we
define the dominance relation and skyline on uncertain dimensions.

We also utilise a probability threshold value t to aid in the pruning process in
order to manage the quality and the size of the skyline objects reported.
Therefore, the probability of an object to be in the skyline results is the
probability that the object is not dominated by any other objects, and that
probability is at least t.



We develop an efficient framework, named SkyQUD, for computing skyline
probabilities and processing skyline queries on data with uncertain dimensions.
The SkyQUD algorithm determines skyline objects by utilising four optimization
methods, namely: Distinctive Partitioning, Exact Domination, Range
Domination, and Uncertain Domination, with the objective to reduce the
number of pairwise comparisons between objects as well as to circumvent
unnecessary probability computations, while guaranteeing the probability of
each object to be in the final skyline results. This is important as each uncertain
dimension requires skyline probabilities computations and consequently the
larger the number of uncertain dimensions in a dataset, the higher the cost of
skyline probabilities computations. The SkyQUD framework is presented in a
general two-phase framework that incorporates the aforementioned four
methods to efficiently compute skyline probabilities on uncertain dimensions,
namely: harvesting and strict selection. The harvesting phase performs a
preliminary elimination round to isolate objects that are possible skyline
candidates. Massive harvesting of bad or uninteresting objects will mostly
occur in this phase. On the other hand, the strict selection phase is responsible
to extract the candidates of skyline objects that meet the required threshold
value 7. Our framework is efficient and scalable as verified by our extensive
experimental results in Chapter 6. The experimental results exhibit that our
framework is faster than the existing algorithms.

Contribution 2

We define the concept of satisfy that is used throughout this thesis in order to
determine objects that meet the requirements of a given range query.
Fundamentally, given the nature of objects with continuous ranges that will
definitely have a probability density function induced over the ranges, we say
that an object satisfies a range query if its probability to satisfy the range query
is at least a probability threshold value t. We define three major possible cases
that would most likely occur between a pair of objects with uncertain
dimensions that intersect with the range query in order to compute the
probability of a dominating object. Based on the above concept and possible
cases, we define the skyline on uncertain dimensions with respect to the range

query.

We develop an extension to the SkyQUD framework, named SkyQUD-T, in
order to be able to accommodate skyline with range queries on uncertain
dimensions. Following the aforementioned concept, a method, Range Pruning,
which will filter objects that t-satisfy a given range query has been developed.
The Range Pruning method is designed to filter out objects that do not t-satisfy
a given range that is queried on an uncertain dimension before any skyline
computations is performed. When a set of objects that 7-satisfy the range query
is returned by the Range Pruning method, the SkyQUD-T framework will then
determine the skyline on these objects. The remaining methods in the
SkyQUD-T framework follow the exact execution as the methods in the
SkyQUD framework. The only difference being when computing the
probabilities of objects to not be dominated by other objects, we have to take
into consideration the range query as well.

8



1.7 Thesis Organisation

The remainder of the thesis is organized as follows:

Chapter 1 is an introductory chapter that discusses the motivations behind this
research study, the challenges and contributions of the research, the
objectives, and the scope of the research.

Chapter 2 reviews the background and the literature review relevant to the
research study. The background presents the fundamental concepts of the
preference queries and the preference evaluation techniques in the database.
It reviews relevant works proposed by previous researchers of preference
queries including Top-k, Skyline, Top-k dominating, and k-dominance. The
concept of skyline processing techniques is given focus and the techniques are
classified based on data certainty, namely: certain and uncertain data. The
chapter illuminates as well on the fundamental concept of probabilistic
databases and probability theory that is relevant to this research study. The
chapter reviews relevant works proposed by previous researchers on existing
techniques of preference queries in database environment. It presents the
features of these preference techniques, the strengths, and the weaknesses of
them.

Chapter 3 defines how this research study was conducted. This chapter
discusses the different phases in this research work and the methodology
followed during each phase. The performance metrics, the settings of the
experiments, and the datasets that have been used in the experiments of this
research study are presented as well.

Chapter 4 presents in detail the depiction of the proposed framework for
processing skyline queries on uncertain data. This chapter also explains and
discusses the phases of the proposed framework with a running example of
database.

Chapter 5 elucidates in depth the steps of the proposed extension to the
previous framework for processing skyline with range queries on uncertain
data. This chapter illustrates the new method that is added as an extension and
the existing methods that are modified to accommodate range queries, which
are presented and clarified using example database.

Chapter 6 presents the results of the systematic performance study conducted
to evaluate the performance of the proposed frameworks compared to the most
relevant existing algorithms. The chapter also discusses the results with
respect to different parameters including, the size of the dataset, the threshold
value, the distributions of exact values and continuous ranges in a dimension,
and the number of dimensions.



Chapter 7 reflects the conclusions and the contributions of this research study.
In addition, the recommendations of the future works are presented in this
chapter.
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