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ABSTRACT

Data incompleteness becomes a frequent phenomenon in contemporary non-trivial
database applications such as web autonomous databases, incomplete databases, big
data and crowd-sourced mobile databases. Processing queries over these incomplete
databases impose several challenges that negatively influence processing the queries.
Most importantly, the query results derived from incomplete databases are also
incomplete as certain values of the query result are not present. Result incompleteness
may lead to misguiding the user in multi-criteria decision-making and decision support
systems. Skyline queries are one of the most prominent queries applied over these
recommendation and decision-making systems. Most recently, several studies have
suggested exploiting the crowd-sourced databases in order to estimate the missing
values by generating plausible substitute values using the crowd resources. Crowd-
sourced databases have proved to be a powerful solution to perform user-given tasks by
integrating human intelligence and experience to process the tasks. However, task
processing using crowd-sourced platform incurs additional monetary cost and increases
the time latency. Also, it is not always possible to produce a satisfactory result according
to the user’s preferences. Thus, an efficient and cost-effective approach for estimating
the missing values of the skylines on crowd-sourced enabled incomplete databases is
necessary which is achieved by exploiting the available data and the implicit
relationships in the database before referring to the crowd is needed. This thesis
proposes a new approach for estimating the missing values of the skylines over
incomplete databases. The approach attempts to eliminate the unwanted tuples from the
initial incomplete database using data filtration to simplify the value estimation process.
Furthermore, the approach utilizes the remaining data and exploits the implicit
relationships between the attributes to impute the missing values of the skylines. The
approach employs the principle of mining attribute correlations to generate a set of
approximate functional dependencies (AFDs) that assist in generating the estimated
values. Also, the proposed approach aims at reducing the number of values to be
estimated using the crowd when local estimation is inappropriate. Certain factors that
influence the data processing such as monetary cost, time latency and accuracy are
considered when working on the crowd-sourced platform to estimate the missing values
of the skylines. Intensive experiments on both synthetic and real datasets have been
accomplished. The experimental results have proven that the proposed approach for
estimating the missing values of the skylines over crowd-sourced enabled incomplete
databases is scalable and outperforms the other existing approaches. The proposed
approach simplifies the process of missing value estimation for the skylines with a total
reduction of up to 80% in the number of the values to be considered for the estimation
in the initial incomplete database. Furthermore, the experimental results have also
shown that the proposed solution has achieved the lowest relative error rate between the
real missing and the estimated values in comparison with the other recent approach.
Most importantly, our proposed strategy is capable of estimating up to 40% of the total
missing values with accuracy up to 90% by exploiting the available data in the initial
incomplete database. Lastly, the results of the experiments have also demonstrated that
our approach has significantly decreased the monetary cost and the time latency
involved when estimating the missing values of the skylines using crowd-sourced
databases.
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CHAPTER ONE
INTRODUCTION

1.1 OVERVIEW

In most of contemporary database applications, the issue of missing data has become a
frequent phenomenon, especially when databases are generated automatically using
various information extraction or information integration approaches. There are many
factors responsible for rendering the databases imprecise, for example, data integration
from different huge databases or users providing incomplete input by ignoring some
data, whether intentionally or unintentionally. These activities negatively influence the
database contents and deteriorate their quality. These factors impact on the
completeness and the correctness of the query result (EI Maarry et al., 2015; Lofi et al.,
2013a; Lofi et al., 2013b; Wolf et al., 2009). Some queries cannot be optimally
answered through traditional database management techniques as the process of
answering certain queries relies on information that is incomplete, imprecise, or
uncertain. Examples of such problems include translation, handwriting recognition,
image understanding, and web databases.

Crowd-sourcing has become an effective solution for such types of queries by
exploiting knowledge, ideas, experiences, and skills of crowd workers to process
information and obtain accurate answers to difficult or very cost-intensive queries on
the web. The process of integrating individuals who carry out computations using
software systems is known as hyped human/machine systems (Franklin et al, 2011; Li
et al., 2016; Li et al., (2017b); Parameswaran & Polyzotis, 2011; Parameswaran et al.,
2012; Schmidt & Jettinghoff, 2016; Xintong et al., 2014). Several crowd-sourcing

database systems have already been developed to extend the traditional databases



system into crowd-sourced databases systems. This extension supports more types of
queries by means of the power of people such as CrowdDB (Franklin et al., 2011), Qurk
(Marcus et al., 2011), Deco (Park et al., 2012). These crowd-sourced database systems
are associated with certain crowd-sourcing marketplaces such as AMT (Amazon
Mechanical Turk) (Franklin et al., 2011) and CrowdFlower (Li et al., 2016) to attract
crowds to work for them. The crowd-sourced database leverages many aspects of
traditional database systems.

In recent years, skyline queries have gained considerable attention for their
usefulness in multi-criteria decision making and decision support applications. The
main aims of skyline queries is to generate the best result (skylines) for the user based
on his or her preferences by reducing the search space as much as possible by focusing
exclusively on those sets of tuples that may potentially be the skylines. Data
incompleteness has a negative impact on the skyline queries processing and may lead
to loss of the transitivity property of the skyline technique. This might also result in the
issue of cyclic dominance between the tuples as some tuples are incomparable with each
other and thus no tuple is considered as skyline (Khalefa et al., 2008). Most importantly,
the skylines produced from the incomplete database are also incomplete as some
missing values in one or more attributes are introduced. Retrieving skylines with
incomplete data is undesirable as it results in misleading the users and ends with
inappropriate selection. Therefore, manipulating these incomplete skylines by replacing
the missing values with some plausible values is needed as it provides the users with
complete skylines that help them to make the best decision. This research work attempts
to investigate the impact of processing skyline queries in crowd-sourced enabled
incomplete databases. The focus is directed towards how to generate precise estimated

values for the missing values of the skylines by exploiting the available data and the



embedded relationship between the attributes in the incomplete database and the crowd-

sourced databases.

1.2 PROBLEM STATEMENT

Skyline queries have been investigated intensively since their first introduction into the
database community by Borzsony in 2001 (Borzsony et al., 2001). Skyline queries
emphasize on pruning the search space of large numbers of tuples to a small set of
interesting tuples by removing those tuples that are dominated by others. Numerous
algorithms have been designed to process skyline queries in databases with complete
data assuming that the database is fully complete (no missing values) (Bartolini et al.,
2006; Borzsony et al., 2001; Chomicki et al., 2003; Godfrey et al., 2005; Kossmann et
al., 2002; Lee et al., 2010; Lin et al., 2013; Mortensen et al., 2015; Mullesgaard et al.,
2014; Tan et al., 2001; Wang et al., 2016; Wong et al., 2008). The focus of these
approaches is on minimizing the exhaustive searching process and shrinking the
scanning space in order to derive the skylines. The searching space is determined by the
number of pairwise comparisons that need to be performed between the tuples in
identifying skylines. That means a higher number of pairwise comparisons results in a
larger searching space and vice versa.

A group of researchers have highlighted the issue of missing data on processing
skyline queries and have investigated the impact of missing values of the database
attributes on performing the skyline queries and the completeness of the skyline results.
A critical issue of data incompleteness in skyline queries is that the transitivity property
of the skyline technique is lost and that the dominance relationship between tuples
becomes cyclic. To clarify these two problems, the following incomplete database

example is given. Assume a database consists of three tuples with missing values in one



or more attributes, namely a(?, 4, 2, ?), b(1, 3, ?, 4), and ¢(?, ?, 3, 2). Here the missing
values have been replaced with (?). Applying the skyline technique on the three tuples
with missing values results in the following: First, tuple a dominates b based on the
common non-missing attributes (A2), and b dominates ¢ on the common non-missing
attribute (A4). Thus, it can be observed that tuple ¢ dominates based on the common
non-missing attribute (As). Therefore, the transitivity property of the skyline technique
no longer holds and the dominance relationship is cyclic as none of these three tuples
can be considered a skyline as each tuple is dominated by at least one other tuple (Alwan
et al., 2018; Khalefa et al., 2008; Swaminathan et al., 2019).

To solve the above problem of skyline computation over incomplete data, many
approaches of skyline query processing on the traditional incomplete database have
been proposed (Alwan et al., 2016; Arefin & Morimoto, 2012; Bharuka & Kumar,
2013a; Bharuka & Kumar, 2013b; Gao et al., 2014; Gulzar et al., 2018; Khalefa et al.,
2008; Wang et al., 2017; Zhang et al., 2016). However, these approaches have
introduced solutions to the issue of processing skyline queries on incomplete databases
without paying attention to manipulating the missing values of the skylines. Hence, the
skylines returned from the incomplete database to the user will also be incomplete.
Retrieving skylines with incomplete data is thus considered a dissatisfactory approach
as it may lead to user misguidance and wrong decision-making.

To the best of our knowledge, the only work that has so far raised the issue of
value estimation for skylines in the traditional database is that of Alwan et al., (2018).
Nevertheless, it is not always suitable to use the available data in the incomplete
database to estimate the missing values. In certain cases, the relative error produced

between the real missing and the estimated values can be very large, which may impact



the quality of the skylines. Thus, outsourcing these missing values using a crowd-
sourced database, for instance, might provide a more precise estimation.

Skyline queries are generally quite expensive operations, especially when
executed on the crowd-sourcing database due to the crowd-sourced database contains a
large amount of data for various types of databases. Moreover, to improve the skyline
results in the incomplete database, crowd-sourced databases have been exploited a
crowd workers to fill the missing values. However, interfering with humans involves
additional monetary cost and results in latency as all missing values need to be elicited
from the crowd-sourcing database.

To the best of our knowledge, insufficient attention has been paid to processing
skyline queries in the crowd-sourcing enabled incomplete database; so far, very few
approaches have been proposed. The (El Maarry et al., 2015; Lofi et al., 2013a; Lofi et
al.,, 2013b) strategies introduced a hybrid approach incorporating the heuristic
techniques with crowd-sourcing to process the skyline queries in an incomplete crowd-
sourcing database. This proposed approach is based on the KNN and Min-Max values
algorithms as a first phase for estimating all the missing values in the database, but the
results have shown that these algorithms are not suitable when the missing rate is more
than 20%. However, the missing values with high relative error have estimated from the
crowd before identify the final skyline; hence, the estimation process became expensive.

Lastly, the most recent work related to skyline queries in the crowd-
sourcing database has been introduced by Lee et al., (2016). Lee’s research team
assumed that the user submits a skyline query into the database after which some results
have to be extracted from the crowd called virtual attributes with missing values. These
virtual attributes do not constitute part of the initial database and are generated by the

crowd worker and retrieved during the run-time. Thus, an efficient approach is needed



for estimating the missing values of the skylines in crowd-sourced enabled incomplete
databases. The approach should take into consideration reducing the processing time of
the value estimation for the missing values of the skylines, improving the accuracy of
the estimated values, and minimizing the monetary cost of value estimation and the time

latency through using the crowd-sourced databases.

1.3 RESEARCH QUESTIONS
This section describes the research questions to be answered in this research work. The
research questions are as follows:
1. How to estimate the missing values in the incomplete crowd-sourcing
enabled database on the skyline queries process?
2. How can reduce the execution time, monetary cost, and time latency of the
skyline over the crowd-sourced enabled incomplete database?
3. How can the process of value estimation for the missing values of skylines

in crowd-sourced enabled incomplete databases be improved?

1.4 RESEARCH OBJECTIVES
This research work aims to achieve the following objectives:

1. To propose an efficient approach that is able to process skyline queries over
crowd-sourced enabled incomplete databases. The approach attempts to
estimate the accurate values for the incomplete values in the database before
identifying the final skylines.

2. Topropose an approach that eliminates the dominated tuples from the initial

incomplete database in the early stage before identifying the skylines.



To exploiting the available data in the initial incomplete database and the
implicit relationships between the attributes, taking into consideration the
relative error between the real missing and the estimated values.
Furthermore, when local estimation is inappropriate, been relying on the
crowd workers imputation with the aim of minimizing the monetary cost

and time latency while sustaining high accuracy for the estimated values.

1.5 THE SCOPE OF THE RESEARCH

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

This research work uses the crowd-sourcing relational database model as it
is the most dominant model among contemporary database applications.
The type of preference queries considered in this research work is limited
to skyline queries.

This thesis employs synthetic and real databases. The synthetic dataset
contains correlated and independent data while the real dataset contains
NBA and Car data. These two databases are the most frequently used types
of databases in the area of skyline query processing on incomplete
databases.

This research work exploits the available data in the initial incomplete
database to generate the estimated values of the skylines. Thus, we assume
that the data involved in the skyline and the estimation processes are in
numeric form since it constitutes the most common data form used in

skyline queries.



Lastly, we also assume that the missing values may be present in one or
more attributes of the database and that the missing rate may be as high as

60% of the entire amount of the database.

1.6 CONTRIBUTIONS

The main contributions of this research work can be summarized as follows:

Efficient data filtration that prunes the unwanted dominated tuples from
crowd-sourced enabled incomplete databases before applying the process
of value estimation for the missing values of the skylines is proposed. The
proposed approach aims at eliminating the dominated tuples before
scanning the incomplete database to identify the implicit relationships
between the attributes of the database. The data analysis assists in
generating the approximate functional dependencies between the attributes,
which in turn provides an accurate estimation for the missing skyline values.
Thus, prior data filtration is very beneficial as it limits the process of value
analysis and determines the attribute correlation to those candidate tuples
that can contribute in forming the skylines of the incomplete database. This
optimization process helps avoid many unnecessary exhaustive processes
when estimating the missing values of the skylines. The proposed solution
of data pruning is suitable for processing skyline queries over various types
of database systems beside crowd-sourced enabled incomplete database
such as autonomous web database, decision support system, decision-
making system, and recommendation system. It is very common for such

databases to contain missing values in one or more attributes.



An efficient method for estimating the missing values of skylines in crowd-
sourced enabled incomplete databases called AFD-based is proposed. The
AFD-based strategy attempts to generate estimated values for the missing
values for the skylines of the incomplete database. The principle of the
AFD-based approach consists of employing the embedded relationship
between the attributes to generate a set of approximate functional
dependencies that assist in generating precise estimation for the missing
values of the skylines. Exploiting the initial incomplete data and the implicit
relationships between the attribute allows us to simplify the process of value
estimation and minimize the relative error between the real and the missing
values of the skylines. Thus, the number of missing values that need to be
estimated is reduced, which in turn results in less monetary cost and lower
time latency when using crowd resources.

A crowd-sourced enabled approach to impute the missing values of the
skylines using the crowd-sourcing databases is proposed. This approach is
used to generate accurate estimated values for the skylines when the result
of the local estimation is undesirable. It might occur that the derived
estimated values of the skylines using the AFD-based approach result into
an unacceptable rate of relative error between the real missing and the
estimated values. Thus, exploiting crowd-sourced resources is very
beneficial as it helps derive skylines with no missing values in incomplete
database systems. The proposed approach results in minimum monetary
cost and time latency while maintaining high precision for the estimated

values of the skylines using the crowd-sourced database.



