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Today, the advancement of information technology has led to a growing need
for continuous processing of significant events, such as enhanced methods for
monitoring road speed and mobile computing. The Uncertain Data Stream
(UDS) utilized for query processing can provide challenges in many technical
contexts owing to its inherent inconsistency, ambiguity, and time delay in
interpreting information. The large amount of data generated and frequent
changes in a short time make conventional processing methods insufficient.
The main issues are minimizing redundant scans of the whole data set,
improving uncertainty computation, and only processing the most recent tuple
items. In UDS, the number of possible world instances grows exponentially,
and understanding what is required to achieve Top-k query processing in the

shortest possible time can be extremely challenging. However, there is a need



to increase the number of studies investigating the issue of UDS using the
Sliding Window Model (SWM). An inefficient approach to processing
continuous queries on UDS with uncertainty over the SWM increased the
complexity of semantic trade-offs between answering maximum probability
and high-scoring result sets. Current research on tackling uncertainty revolves
around creating specifically tailored algorithms that can operate in the
presence of value uncertainty using both a count-based and a time-based
approach. This study aims to propose a framework for processing Top-k
queries in UDS, where the focus is on leveraging the efficiency of the SWM,
achieved through the SWMTop-kDelta algorithm. After establishing this
model's rules and probability theory, a method was designed to support the
Top-k processing algorithm over the SWM until the Top-k potential candidates
expired. This study also provides an overview of an improved optimization
method for tackling computational redundancy in the context of SWM and Top-
k query computation. This method reduces computational costs by efficiently
handling the insertion and exit policy for the appropriate tuple candidates within
a specified window frame. The experiments in this study compare the
SWMTop-kDelta algorithm with two previous researchers and two baseline
approach algorithms to evaluate their effectiveness. The algorithm
development combines the frameworks from Phases 1 to 3, evaluating real
and synthetic datasets. It assesses efficiency by comparing the number of
possible worlds and processing times. The experiment was conducted in
triplicate and recorded the mean value of these iterations. As the data set size
increases, SWMTop-kDelta consistently performs well, regardless of the data

set size and the measurement of the number parameter k. Even if the initial



improvement is only slight, performance can consistently improve by making
certain adjustments, such as increasing the number of window segmentations,
decreasing the window size, reducing the number of queries, and adjusting the
probability threshold (d) more frequently. It demonstrates a significant
improvement of 30%—-90% compared to other methods, thanks to its consistent
performance and strong scalability. This study effort will make a valuable

contribution to the field of Top-k computational query processing.

Keywords: Top-k, Uncertain Data Stream, Sliding Window Model, Tuple
Items, Possible World
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PENGURUSAN PERTANYAAN TOP-K YANG CEKAP KE ATAS ALIRAN
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Julai 2024

Pengerusi : Siti Nurulain binti Mohd Rum, PhD
Fakulti : Sains Komputer dan Teknologi Maklumat

Pada hari ini, kemajuan teknologi maklumat telah membawa kepada
keperluan yang semakin meningkat untuk pemprosesan berterusan peristiwa
penting, seperti kaedah yang dipertingkatkan untuk memantau kelajuan jalan
raya dan pengkomputeran mudah alih. Aliran Data Tidak Pasti (ADTP) yang
digunakan untuk pemprosesan bahasa pangkalan data boleh memberikan
cabaran dalam banyak konteks teknikal disebabkan ketidakkonsistenan yang
wujud, kekaburan dan kelewatan masa dalam mentafsir maklumat. Jumlah
besar data yang dijana dan perubahan yang kerap dalam masa yang singkat
menjadikan kaedah pemprosesan konvensional tidak mencukupi. Isu utama
ialah  meminimumkan imbasan berlebihan bagi keseluruhan set data,

menambah baik komputasi ketidakpastian dan hanya memproses item tupel



terbaharu. Dalam ADTP, bilangan kejadian dunia yang mungkin berkembang
dengan pesat, dan memahami perkara yang diperlukan untuk mencapai
pemprosesan pertanyaan Top-k dalam masa yang sesingkat mungkin boleh
menjadi sangat mencabar. Pertanyaan Top-k direka untuk menyusun item
tuple dalam masa yang minimum dengan cekap. Namun begitu, bilangan
kajian yang dijalankan untuk menyiasat masalah ADTP yang menggunakan
Model Tetingkap Gelongsor (MTG) perlu ditambahbaik. Pendekatan yang
tidak cekap untuk memproses pertanyaan berterusan pada ADTP dengan
ketidakpastian terhadap MTG menyebabkan kerumitan pertukaran semantik
antara menjawab kebarangkalian maksimum dan set hasil skor tinggi.
Penyelidikan semasa mengenai menangani ketidakpastian berkisar tentang
mencipta algoritma yang disesuaikan secara khusus yang boleh beroperasi
dengan kehadiran nila ketidakpastian menggunakan kedua-dua pendekatan
asas-kiraan dan asas-masa MTG. Objektif utama kajian ini adalah untuk
mencadangkan rangka kerja pemprosesan pertanyaan Top-k untuk ADTP
yang memfokuskan kepada penggunaan kecekapan model tingkap gelongsor.
Selepas mewujudkan peraturan dan teori kebarangkalian model ini, satu
kaedah telah direka untuk menyokong algoritma pemprosesan Top-k ke atas
MTG sehingga calon berpotensi Top-k tamat tempoh. Kajian ini juga
menyediakan gambaran keseluruhan kaedah pengoptimuman yang lebih baik
untuk menangani lebihan komputasi dalam konteks pemprosesan pertanyaan
MTG dan Top-k. Kaedah ini mengurangkan kos komputsai dengan
mengendalikan dasar sisipan dan keluar dengan cekap untuk calon item tuple
yang sesuai dalam durasi tetingkap yang ditentukan. Eksperimen dalam kajian

ini membandingkan algoritma SWMTop-kDelta berdasarkan dua algoritma



dari penyelidik terdahulu dan dua dasar asas algoritma MTG untuk menilai
keberkesanannya. Pembangunan Algoritma ini menggabungkan rangka kerja
dari Fasa 1 hingga 3 dengan menggunakan set data sebenar dan sintetik. la
menilai kecekapan berdasarkan perbandingan bilangan kejadian dunia yang
berkemungkinan dan masa pemprosesan. Eksperimen telah dijalankan
sebanyak tiga kali dan merekodkan nilai secara purata terhadap setiap lelaran
ini. Apabila saiz set data bertambah, SWMTop-kDelta secara konsisten
menunjukkan prestasi yang baik, tanpa mengira saiz set data dan ukuran
nombor parameter-k. Walaupun peningkatan awal hanya sedikit, prestasi
boleh meningkat secara konsisten dengan membuat pelarasan tertentu,
seperti meningkatkan bilangan pembahagian tetingkap, mengurangkan saiz
tetingkap, mengurangkan bilangan pertanyaan dan melaraskan ambang
kebarangkalian (d) dengan lebih kerap. la menunjukkan peningkatan ketara
sebanyak 30%—-90% berbanding kaedah lain, terima kasih kepada prestasi
yang konsisten dan kebolehskalaan yang kukuh. Eksperimen telah dijalankan
dalam tiga kali ganda dan merekodkan nilai min lelaran ini. Usaha penyelidikan
ini akan memberi sumbangan yang berharga kepada bidang pemprosesan

pertanyaan komputasi Top-k.

Kata Kunci: Top-k, Aliran Data Tidak Pasti, Model Tetingkap Gelongsor, Item
Tupel, Bilangan Kejadian Dunia
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CHAPTER 1

INTRODUCTION

1.1 Overview

Query processing has been extensively utilized across several domains in
recent years. It is a crucial tool that users use to organize their data through
analytical requests. Traditional query processing approaches that rely on in-
memory algorithms cannot manage the vast volume of data streams. Handling
uncertain data streams is crucial in many applications due to the inherent lack
of certainty in real data streams. Top-k query processing entails the compilation
of information in a manner that promotes optimal and efficient scanning and
retrieval. Therefore, it is crucial to create efficient Top-k query processing
methods that are time-efficient and then integrate a competent Data Stream
Management System (DSMS) to facilitate query processing across many data

sources.

This is because the results might be considered "relevant,” and users
frequently own a vested interest in a few pertinent outcomes, which may
encompass streaming data. A Top-k query processing determines the final
results, a commonly used approach to address issues related to efficiency and
scalability. This component is essential in ranked retrieval, from centralized
data to the distributed data environment. The Top-k query processing
approach, as proposed by (llyas et al. 2008), only computes the "best" k results
instead of all results. Ranking requirement, in which an algorithm will provide

k tuple items with the highest scores based on a user-defined scoring function



and a specific query (R. Fagin et al., 2003). The key challenge with the Top-k
query is determining the ranking of tuple items based on preferences to
discover the potential candidate of Top-k. Each tuple item selected in the Top-
k should possess a level of acceptability in the application equal to or greater
than any other entity in the list. The notion that a comprehensive ranking
should incorporate subject expertise and that ranking results are susceptible

to interpretation is also noticeable.

SELECT * R | o8l Price OBJ | Price T OBJ | Price
FROM R t15 50 t26 30 26 30
ORDER BY Price t24 40 t14 30 t14 30
STOP AFTER 3 t26 30 121 40 t24 a0
t14 30
t21 40

Figure 1.1 : Top-k example

Consider a simple tabular dataset that includes pricing information for several
things. Figure 1.1 illustrates the semantics of Top-k queries through each
record. To enable Top-k queries, one may easily enhance SQL by introducing
a new phrase that explicitly restricts the number of results. Let's examine a
Top-k query that includes a provision to stop after retrieving the Top-k results.
Conceptually, the remaining part of the query is processed as anticipated,
resulting in the creation of a table T. Hence, the outcome consists of the initial
k tuples from T. If T includes fewer than or equal to k tuples, the "STOP
AFTER k" instruction becomes irrelevant. If several sets of tuples satisfy the
"ORDER BY" criterion, both of these sets are considered valid answers (non-

deterministic semantics).



When assessing the Top-k queries, it is crucial to consider two key factors.
Factor 1: The query structure encompasses single relationships, multiple
relationships, aggregate performance, and other associated elements. Factor
2: The access path is the route that does not have an index or has indexes for
all or partial aspects of the ranking. The most straightforward scenario is the
Top-k selection query, which involves a single relation. A noteworthy instance
establishes how a top operator can be employed in this case. The tuple items
entering the leading operator are sorted based on S by utilizing the full scan,
which may be implemented in the pipeline. In this scenario, it is adequate to
acquire the initial k tuple items from the input stream and promptly return a
tuple once it has been read. The syntax for implementing a logical top operator

indicated as k, S, that produces the k highest-ranked tuple items based on S

is as follows:

SELECT <some attributes>
FROM R

WHERE <Boolean conditions>

ORDER BY S(..) [DESC]
STOP AFTER k

In recent years, significant research has focused on Top-k query processing
over data streams due to its relevance in many developing applications. Due
to advancements in Industrial Revolutionary 4.0 technology and the rapid
growth of big data technology, a growing amount of information is being
collected in several fields, including object tracking, RFID technology, sensor
networks, information extraction, and data integration (Mingyi & Yinju, 2015).
Within several application fields, the data sources utilized for processing may
be doubtful due to the uncertainty resulting from the inherent unreliability of

sensor devices or external data manipulations such as privacy-preserving data
3



transformations. Probability distributions are commonly used when describing
data records in uncertain administration rather than deterministic values
(Aggarwal et al., 2009). Therefore, a conventional Top-k query is only
sometimes capable of handling an uncertain Top-k query and necessitates a

redefinition of the Top-k query semantics for uncertain data stream queries.

1.2 Motivation

The data shown in Figure 1.1 is definitive. However, when the data in a data
stream is uncertain or exceedingly challenging to determine, the issue of a
Top-k query becomes even more complex regarding the meaning of Top-k
over uncertainty. For example, it may not be feasible to identify the exact price
of a vehicle, but the probability distribution of prices can be determined. One
may need to familiarize themselves with the height range of a person between
a height of 1.6 meters and 1.7 meters and beyond. Interpreting this type of
information into measurements is typically challenging. Uncertain data stream
processing presents challenges for several reasons: (i) the tuple items in the
stream are generated in real-time, (ii) the application lacks control over the
order in which tuple items arrive, both within a single data stream and across
multiple data streams, (iii) the scale of data streams is inherently unlimited,
and (iv) the data stream objects are discarded once they have been processed
(Minh et al., 2020; Ren et al., 2021). The properties of the tuple items might
vary over time and be continually created. A larger window size can lead to
overestimating the necessary window size, ultimately leading to the

undesirable and unexpected return of tuple items (Jin et al., 2008; Liu et al.,



2018). This study examines how the interplay between scoring and probability
impacts the final results of an uncertain top-k query. The gap between these
two aspects will give rise to numerous uncertain doubt interpretations, mostly

centered around possible world semantics events.

Over the past several years, multiple additions have been made to the Top-k
query issue, and various methods have been developed specifically for
handling uncertain data streams. Applying the Top-k query processing to
uncertain data streams using a Sliding Window Model (SWM) is a recent and
growing database trend. Although the execution of Top-k queries on data
streams with sliding windows has not been thoroughly studied, the SWM on
uncertain data streams has received little attention. This is due to the
numerous challenges that arise from the time requirements for processing
incoming and expiring tuple items on high-speed streams and the increasing
number of possible worlds caused by the uncertain nature of the data stream
(Aggarwal, Member, & Yu, 2009). This can also contribute to the fact that the
expected generation from tuple items for both circumstances is more likely to
be volatile. In the field of semantics, numerous studies have been carried out
to develop models for describing uncertain data streams (Sarma et al., 2006).
These models can be utilized as a sequence of events of a relationship, such
as the relational data model (Fuhr & Ro, 1997; Lakshmanan et al., 1997), the
semi-structured data model (Burdick et al., 2008), the stream data model (Jin
et al., 2008; Ré et al., 2008), the multidimensional data model (Burdick et al.,
2005; Ré et al., 2008), and several other models. Within the field of study on

uncertain data streams, the theory of a possible world is a significant idea. The



prevailing semantics of these models are all based on the possible world
(Abiteboul, 1991; Green & Tannen, 2006). Therefore, the theory of a possible

world is an important notion.

Uncertainty in a stream tuple item might arise from two reasons: (i) uncertainty
in its value and (ii) existential uncertainty. An item in a tuple is considered to
have an uncertain value if its value is represented either by a Probability
Density Function (PDF) (Minh et al., 2020; Ye, 2018) or by discrete datasets
(Yeh et al., 2009). This thesis explores the challenge associated with the
sliding windows model and proposes a new sliding window method called the
delta-based method. This method offers an adaptable technique for creating a
segmentation division that manages the tuple items entering and exiting the
window while computing score and probability values within the window frame.
The expansion of the window semantics to describe the notion of the proposed
sliding windows model is thoroughly examined, and it also provides both
reliable and similar window management techniques. Several methods have
been proposed to handle the processing of Top-k queries in uncertain data
streams. However, a few studies have been on processing uncertain data in a
SWM, explicitly focusing on Count-based and Time-based approaches.
Processing continuous Top-k queries over a sliding window is a challenging

problem in the uncertain data stream setting (Yang et al., 2011).

Motivated by this, the study concentrates on centralized Top-k query
processing, specifically the continuous querying of Top-k tuple items.
Furthermore, it explores using a continuous query process to determine the

highest scores and maximum probability values within centralized uncertain

6



data streams. This is done within a proposed delta-based SWM. Each data
stream consists of a collection of elements associated with a tuple item, and
its numerical values are derived from the uncertain data streams. The
evaluated Top-k continuous query is bound to the most recent segment of the
uncertain data stream, and the numerical values of the tuple items are adjusted

correspondingly as the sliding window slides.

1.3 Research Problem

rocessing Top-k queries over uncertain data streams has emerged as a
promising approach in developing an intuitive information system, as explained
in Section 1.1. In addition to certain data, Top-k query processing is essential
for uncertain data streams, where data requires both reliability and
consistency. Data's underlying and unavoidable uncertainty is typically
attributed to unexpected and unreliable signal readings, sensor update delays,
or insufficient expertise. When dealing with data uncertainty, it's not
appropriate to eliminate uncertain values immediately. This is because doing
S0 can result in inaccurate or misleading outcomes. Uncertainty data mainly
refers to factors such as indeterminacy, unreliability, unpredictability,
randomness, inconsistency, variability, incompleteness, unknown bounding,
and irregularity (Diao et al., 2009; Kawashima, 2010; Hu et al., 2017). The
query processing results may be reliable and correct if the tuple item's
uncertainty is appropriately addressed. Hence, it is crucial to eradicate
confusion by thoroughly considering the data uncertainty model, which may

adequately represent knowledge about facts using uncertain data. It is often



challenging to handle Top-k queries on certain data, let alone uncertain ones.
This is due to the complexity of Top-k computation, which is affected by various
factors such as score value, probability, data interval, and data set size.
Consequently, the performance issue becomes even more severe for Top-k

queries with independent uncertain data stream results.

Our current research focuses on the challenges and uncertainties surrounding
top-k query processing in Real-Time Traffic Management applications. These
issues are particularly prominent and require careful examination. This
application focuses on managing traffic flow in urban and suburban areas by
monitoring the speed of vehicles that violate road rules. The data from traffic
sensors can be prone to noise and interruptions, with the rate at which the data
arrives often showing significant variations. In addition, unforeseen
circumstances such as accidents or road closures contribute to the need for
more predictability. One example of similarity is the air pollution index, which
is determined by the uncertainty of data collected from multiple sensors

simultaneously.

Following the above research problem, we have identified three challenges
that need to be addressed in this thesis, focusing on analyzing and computing

Top-k on uncertain data streams.

Challenge 1: An efficient implementation of a sliding window approach
is needed to handle Top-k queries on uncertain data streams. If the
sliding window model is not employed correctly, candidate tuple items

within the window frame may cause significant overlapping computing



costs. Therefore, it is essential to ensure that the sliding window

approach is used effectively.

An efficient method is required to determine the type of uncertain data model
before processing Top-k queries. Three categories for uncertain data models
have been identified: independent, correlated, and locally correlated
(Mohamud et al., 2023). Multiple items that are not connected by any rules are
said to be independent. The uncertainty implies the ambiguity of the tuple's
presence. When both are independent, there are additional relationships
between tuple items that should not be detected simultaneously, and so forth.
Every method for top-k queries has constraints, regardless of whether it is
applied to deterministic or probabilistic data. It gets more complex when
candidate tuple items are generated from expired tuple items and when they
overlap within the sliding window frame. When an event is triggered, for
instance, tuples may be generated. The new tuple item may not exist in some
possible world creations if the occurrence is uncertain. Thus, the tuple items
will be handled using the exact uncertain data stream mechanism, with an
equal amount of tuple items in each sliding window. No comprehensive
research has been conducted on combining SWM with possible world
computing for the Top-k to adapt. Yet, managing a variety of tuple items might
be so demanding that, in the least successful circumstance, it gets
progressively more complicated linearly as the sliding window size grows.
Inefficient processing of each tuple item might result in unnecessary top-k
computation and resource depletion. The approach mentioned below explains
how to determine candidates generically without specifying the efficiency of

processing top-k queries during possible world computation.



This thesis examines top-k query algorithms with mutual independence and
tuple item existence uncertainty in uncertain data streams. Which tuple item
from uncertain data streams should be identified as top-k potential candidates
considering the uncertainty in the data stream? How can we efficiently handle
increasing computation complexity caused by overlapping candidate tuple
elements in a sliding window frame? In the literature review section, various
top-k preference query algorithms have been proposed using a sliding window.
Based on our research, (Ren et al., 2021) is the only study that has tackled the
guestions posed in Section 1.2. They developed a Topk-iDS algorithm using
Count-based and Time-based SWM to analyze incomplete and uncertain data
streams. This algorithm utilizes a score-probability (possible world) setting.
Hence, it aids in identifying alterations in the results of the top-k potential
candidates and ensures the continuous updating of the most recent sliding
window. Because of their distinct methodologies, this study will analyze and
assess (Ren et al., 2021) instead of (Glavic & Kennedy, 2023). In 2023,
Glavic's research centers around domain approximation ranking. This study
necessitates the assessment of accuracy distribution probability before
computing time. However, the (Ren et al.,, 2021) approach focuses on
computing possible world tuple items within a sliding window frame, which

aligns with this study's proposed contribution.

Challenge 2: An efficient algorithm is needed to improve the retrieval of
the top-k query results from uncertain data streams, particularly when
computing the top-k score and probabilities expected to have significant

computational expenses for generating the set of possible worlds.
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Top-k queries are the most popular queries in databases and several data
stream applications. The traditional top-k query retrieves k items with the
highest scores according to specific scoring criteria. The significance rests not
only in the ranking but also in its probability of membership, scores, and
probabilities of other tuples, all of which are influenced by including a tuple in
a top-k answer (Minh et al., 2020; Zarko & Zi, 2015). The interaction between
tuple scores and information uncertainty determines the best solutions (Guo et
al., 2022). It is indisputable that computing a potential Top-k result utilizing
maximum probability and high scoring is time-consuming and challenging in
an uncertain data stream environment. It becomes more complex, mainly
because these concerns frequently do not align with the immediate application
requirements in practice (Z. Zhang et al., 2018). For example, the uncertain
top-k query might be employed to ascertain the case of an "athlete" with the
highest probability of participation in an upcoming competition. However, a
previous study (Carbone et al.,, 2019; Mao et al., 2017; Qiao et al., 2020;
Vouzoukidou, 2016) demonstrated that a substantial amount of needless visits
to the listings might still result in considerable rises in execution costs. The
performance matter, measured in terms of processing time, is critical for Top-

k queries operating on uncertain data streams (Malki et al., 2020).

Quantifying the uncertainty in data streams based on possible world models is
accomplished using the probability of all candidate tuple items (Minh et al.,
2020; Yijie Wang et al., 2013). This model can translate the possibility of an
uncertain data stream into the probability of possible world occurrence (Glavic

& Kennedy, 2023). The number of possible world instances will exponentially
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expand with a growing amount of uncertain data, even though this model is
feasible when considered (G. Xiao et al., 2016). Therefore, existing top-k query
processing methods cannot be directly used (Minh et al., 2020). Within a SWM,
representing tuple items using an inefficient strategy for managing continuous
queries with uncertain data streams results in complex trade-offs between
maximizing probability queries and generating result sets with high scores.
Due to the dynamic nature of the window frame size, processing many tuple
elements within the window may pose a challenge (Jacques-Silva et al., 2015).
Itis crucial to analyze how to retrieve the correct tuple items that meet the Top-
k query requirement using scoring or probability (J. Chen & Feng, 2017). In
addition to addressing the primary concern of top-k computation, it is essential
to determine the critical generation rules of possible world semantics that arise
from the combination of score and probability (Glavic & Kennedy, 2023; Ren
et al., 2021; Z. Zhang et al., 2018). More research on the top-k query should
involve score-probability values and their variants. Work has yet to be done on
brief top-k score-probability computation using a SWM segmentation that

considers uncertainty from possible world vector rules.

Due to the nature of an uncertain data stream, how can we determine
continuous top-k queries on an uncertain data stream? Should we compute
score values (without probability) or probability values (without score values)
or combine score-probability values to improve computation cost? Is it possible
to build effective computational methods to minimize query processing time by
enhancing the operation of scanning all potential top-k vector rules generated
by selected possible worlds? The field of top-k query processing has

addressed the first question to some extent. Studies by (Z. Zhang et al., 2018)
12



focused on the top-k dominant relationship score and its associated range
probabilities. However, their work needs to encompass the techniques for
computing top-k in conjunction with the SWM approach. Our work aims to
address the problem of top-k computation on continuously uncertain data
streams by considering the trade-offs between reconciling maximum

probability queries and providing result sets with high scores.

Challenge 3: The number of possible world instances grows
exponentially, affecting top-k continuous query processing time to be
high.

Although past studies (Payton et al., 2012; Minh et al., 2020) recommend
techniques for deciding the number of instances a system will execute
changes (execute the snapshot queries), no assurance will be given that no
results would be missed by utilizing the standard execution approach.
However, using the naive baseline method to evaluate all the stored queries
on each entry will be impractical. Up to now, data stream analysis methods,
both in the literature and in commercial environments, still need to handle this
dynamic scoring function and probabilities directly instead of applying an
approach to conducting continuous queries regularly (Vouzoukidou, 2016).
The event-driven model used for query responses ensures that no results are
missed. Incoming data streams are indexed, while periodic continuous queries
are performed using the pull model (L. Li & Wang, 2020). The process
executes stored user queries periodically and provides new results from the
top-k lists. As new items arrive, objects are dynamically changed in the sliding

windows, and the old ones are removed (Jacques-Silva et al., 2015). Some
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users prefer to keep the results current, while others only select the top-k

potential candidates from the latest sliding window.

Uncertain data tuples (G. Xiao et al., 2017) can create multiple possible worlds.
However, these worlds are structured and regulated by established rules of
generation. For instance, inter-company tuples that depict the same situation
as a world entity are excluded. The possible world can be represented by a
range of tuples generated in the SWM (Glavic & Kennedy, 2023). Tuple items
within the SWM can be generated with multiple possible worlds for a specific
,.[timestamp, resulting in exponential growth within the sliding window as the
size expands. For instance, if the window size is six (6) and the last tuple item
exits the window, the newest tuple item will be inserted into the sliding window
frame. Recompute the latest five tuples in SWM together with the possible
world, which may result in resource depletion. When the window size is too
large, new possible worlds must be created to complete the top-k tuple items
process. This is due to the requirement to segment tuple items and
simultaneously update and manage the probabilistic top-k tuple items across
sliding windows as time progresses. Thus, how can we establish a search
space that avoids unnecessary top-k computations while constantly selecting
and determining possible world vector rules without prior knowledge? Given
that the underlying number of tuple items retained at one time in the sliding
window frame must match the sliding window size, can we exploit optimization
techniques involving continuous top-k computation to manage the
performance issue due to the possible world? To the best of our knowledge,

the study from previous researchers has devised better algorithms for five Top-
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k ranking queries: U-Topk (Khosla, 2015), PT-k (Hua et al., 2008), PTkS (G.
Xiao & Li, 2015), Global-Topk (Cormode & Li, 2009), and DRA (Z. Zhang et
al., 2018). These methods are based on various semantics and query criteria.
The main issue these algorithms address is the exponential increase in
possible world instances in a scenario with massive tuple items that include
non top-k potential candidates. Instead of using a sliding window, their
methods only use sorting-reduction procedures to handle the problem, and this
can be improved because the reduction of applicable vector rules that do not
belong to top-k potential candidates can still be done before and after the
possible world-generated occurs. Therefore, this study suggests efficient
optimization techniques to prevent redundant scans of whole datasets,

optimize memory utilization, and process only the latest tuple item.

1.4 Research Objectives

The main goal of this research is to propose a framework capable of efficiently
performing a Top-k query computation on tuple items that incorporate
uncertainty. To accomplish the goal, the following objectives are established
concerning the challenges presented in Section 1.3:

i. To propose an efficient approach for processing the top-k query over the
sliding window model while avoiding excessive overlapping computation
caused by selecting the same candidate tuple items within the window
frame.

ii. To propose an extension algorithm to the approach above that can retrieve
top-k potential results, eliminating unnecessary computations of scores

and probabilities before generating a collection of possible world rules.

iii. To propose an efficient optimization approach to reduce the top-k
computation time and complexity.
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Therefore, this study will conclusively demonstrate specific metrics for
measuring the desired improvements in Top-k computational efficiency,
allowing for the evaluation of its success. The experiment that will be
implemented minimizes the average time required to process and update the
top-k result list by reducing processing time. The experiments were conducted
in triplicate, and the mean value of these iterations was reported. The required
target is to achieve a optimization of 40% reduction in average top-k
processing time compared to existing solutions. Improving scalability ensures
the process scales efficiently with the increasing tuple item volumes and arrival
rates where studies are needed to decrease the generation of possible worlds
from the number of tuple items within sliding segmentation to reduce
throughput top-k processing compared to baseline methods. We thoroughly
compared our proposed model algorithm, two previous researcher algorithms,
and two baseline approaches to evaluate the experiments. This evaluation
covered the frameworks used in Phases 1 to 3. We chose six performance
metrics to assess the effectiveness of the proposed frameworks. These
metrics consider various factors such as the size of the data set, parameter
count (k), window size (W) and segmentation, probability threshold (d), and

the number of queries for the top-k during the sliding window process.

The initial parameter comparison measurement aims to investigate how the
dataset size affects the performance of our proposed algorithm. Our algorithm
effectively reduces the number of potential scenarios generated by
implementing an eviction policy called delta. As a result, this leads to a

significant decrease in overlapping computation segments and prevents the
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generation of unnecessary possible world rules, demonstrating its superior
performance. As the data set's size grows, the algorithm's processing time will
also increase. Our SWMTop-kDelta algorithm has successfully decreased the
possible worlds needed to complete the top-k query processing more
efficiently than previous methods. In second comparison measurement
regarding the number parameter k on the performance of different algorithms,
our proposed algorithm consistently outperformed others in terms of possible
world number and processing time comparison. It demonstrated robust
scalability and maintained consistent performance even when the value of k
was changed up to 10. This is because the parameter k that affects the top-10
values takes a lot of time to compute, which leads to more potential candidates

being chosen.

The third comparison measurement will analyze the impact of window size and
segmentation. Our proposed algorithm showcased exceptional performance
compared to previous methods. Fewer window sizes would increase
computational work when working with large quantities. This is because
creating a larger number of window segments requires more work, which can
limit the computational possibilities within smaller segments. Similarly, when
measuring the processing time result, it is essential to determine the
combination of score and probability before the uncertain data stream time
disrupts the delta invariant. During this iteration, pruning focuses more on intra-
window segmentation and less on inter-window segmentation comparisons.
Whenever the number of window segmentations increase while decreasing

the window size, the performance remains intact and even improves slightly.
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In the fourth comparison measurement, we analyze the impact of varying
probability thresholds on the number of possible world comparisons. The
number of comparisons increases as the probability thresholds decrease from
0.5 and below. The algorithm we propose surpasses others in terms of
reducing the generation of possible worlds and processing time. These factors
are greatly influenced by the frequency of changes to the probability threshold
and the state of the sliding window. Based on the above 40% percentage
improvement, SWMTopk-Delta eliminates unnecessary computations by
focusing on less possible world vector rules and optimizing sorting for
remaining tuples using a sliding window approach based on a combination
score and probability function. The fifth comparison measurement examines
the impact of the number of queries. Our proposed algorithm demonstrated
superior performance to other algorithms regarding the number of possible
worlds and processing time. Initially, it showcases a steady performance with
a consistent increase as the number of queries increases. However, when the
number of queries reaches 20 seconds, SWMTop-kDelta demonstrates
superior performance compared to the other methods. The number of possible
worlds generated during the continuous query time frame depends on the tuple
items maintained, affecting the percentage improvement. If the query

execution time is decreased, it will result in a reduction in processing time.

1.5 Research Scope

Preference queries mitigate issues encountered by traditional queries by

utilizing preference assessment approaches that leverage uncertainty
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characteristics to choose the most desired tuple items for effective selection.
Various preference queries in uncertain stream database systems are
managed by a DataStream Management System (DSMS), each with distinct
methodologies, advantages, and disadvantages. Below, several preference
queries, such as top-k, top-k dominant, and skyline, are discussed in depth,
focusing primarily on top-k query processing. Figure 2.1 illustrates the

taxonomy that categorizes the pertinent topics presented in this chapter.

Each query type differs in its approach to determining the user-defined
connection. Top-k employs a user-defined function, whereas skyline uses
dominance theory to identify dominated and dominant tuple elements. A
detailed discussion of the various forms of preference questions may be found
in Section 2.3. Numerous research studies have focused on multiple-
preference questions, mainly aiming to provide a practical approach for
processing these queries. Research is conducted to address difficulties
specific to the type of data being managed. Various factors, such as data
uncertainty, data created through data streams, data dynamism, etc.,
necessitate distinct techniques for processing queries. This thesis primarily
focuses on top-k query processing, specifically addressing challenges
associated with uncertainty and dynamism in fast data streams. The study
categorizes prior efforts based on the following criteria: (i) Works that focus on
the assumption that all tuple items in uncertain data streams carry the
semantics of the possible worlds. This thesis introduces the Data Uncertainty
Model, which encompasses Attribute-Level Uncertainty (ALU) and Tuple-Level

Uncertainty (TLU) of data or tuple items. Works that address the challenges of

19



data uncertainty in a centralized environment. This thesis examines the latest
items from the uncertain data stream. (ii) Works that focus on tackling data
uncertainty issues in a centralized environment. In this thesis, the use of the
term considers the most recent items from the uncertain data stream. The
dynamic, uncertain data stream will be deleted after processing. (iii) Works
dealing with uncertain data streams are naturally unlimited in size. The sliding
window model (SWM) approach tracks the tuple items entering and exiting the
window frame during top-k query processing. The potential research avenues
are (i), (ii), and (iii). The routes described earlier are illustrated in Figure 2.1,

with the thick green line indicating the focus of this thesis.
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Figure 1.2: Preference queries taxonomy

To improve the relevance and applicability of processing top-k queries in a
Delta-based SWM for evaluating UDS, this study may also be used to be

integrated with the most recent data processing technologies, specifically:
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Leveraging Stream Processing Frameworks: Processing large-scale data
streams in real-time by implementing simplified SWM to obtain incremental
top-k result updates so that it can comprehensively model high-velocity data
streams efficiently. For instance, the Spark Streaming processing ecosystem

provides powerful tools for data analytics and machine learning.

Leveraging Solutions for Modern Data Storage: Efficiently managing time-
based tuple items within the SWM is crucial for optimizing handling in time-
series data streams. This allows DSMS to provide efficient querying and
aggregation, resulting in significant advantages for modern data storage
solutions. A current example is data stream management for NoSQL,
InfluxDB, and TimescaleDB. These databases are designed to handle large

amounts of unstructured data streams that may contain uncertainties.

Visualization/Dashboarding from Microservices: The primary objective is
to enhance the system's modularity, scalability, and maintainability by dividing
the main application into distinct microservices. Each service can be deployed,
scaled, and maintained independently, resulting in improved integration and
execution of top-k query processing. Following this, a dashboard equipped
with visualization tools can display real-time top-k results and other metrics
obtained from UDS processed through microservices. This assists in

monitoring and troubleshooting the system.

Applications in various domains have been considerably improved due to

recent developments in top-k query processing for UDS. These breakthroughs
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have enhanced data security, accuracy, and operational efficiency. Encrypted
top-k queries are used in business intelligence to offer safe real-time analysis
and customer segmentation. One example of this is identifying products that
are selling the best while still protecting the confidentiality of the data. Secure
processing in health informatics makes it possible to practice personalized
medicine and epidemiology. This is accomplished by identifying afflicted
regions and finding the most effective treatment plans through probabilistic
models. Probabilistic models, for instance, help determine the top-k result list
where effective treatment plans for patients are based on uncertain patient
data. When successfully controlling traffic congestion and pollution levels, real-
time monitoring systems, such as smart cities and environmental monitoring,
can reap the benefits of top-k processing. The identification of congested
routes through the use of real-time traffic sensor data and the subsequent
upgrading of these routes through the utilization of SWM evaluations is one
example. Implementing these improvements guarantees the reliable
management of UDS, broadening the practical impact of research in various
diverse applications. These technological breakthroughs provide
comprehensive solutions for real-world difficulties in managing large-scale,
uncertain data settings. These solutions are achieved by integrating encrypted

processing, crowdsourcing, and probabilistic analysis methodologies.

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

i. The type of query shown in this research is preference queries, which are
limited to uncertain top-k query processing as a typically used method in
most of the multi-criteria decision making of centralize environment
(Akbarinia et al., 2007, 2011; Gong et al., 2009; llyas et al., 2008; llyas &
Chang, 2007; Khosla, 2015; S. Lin, 2010; X. Lin et al., 2017; Theobald et
al., 2008; Vlachou et al., 2008; Xie & Wood, 2013; Zhao et al., 2007). The

22



Vvi.

top-k queries consider by these researchers fall in different areas, like
centralized environment without sliding window approach (Hua et al.,
2008; Bousnina et al., 2017; S. Ge et al., 2013; T. Ge et al., 2009; C. Lin
et al., 2017; Mingyi & Yinju, 2015; Minh et al., 2013; Papadopoulos et al.,
2021; G. Xiao et al., 2017; Z. Zhang et al., 2018; J. Chen & Feng, 2013).

This study emphasizes the issue of representing independent uncertainty
data models, which contains an essential characteristic that combines both
Attribute Level Uncertainty (ALU) and Tuple Level Uncertainty (TLU),
along with their related relationships with possible worlds (Aggarwal et al.,
2009; Khosla, 2015; Pei et al., 2013; G. Xiao & Li, 2015).

The top-k query algorithm of the proposed methods are utilized using an
approach of sliding window strategy (G. Xiao et al., 2016) (B. Chen et al.,
2017) (Khosla, 2015) (Bhushan et al., 2017) (Jacques-silva et al., 2015)
(Gedik, 2014).

The performance evaluation of the top-k query processing over uncertain
data streams is conducted primarily on extensive experiments to
demonstrate the efficiency of the proposed framework in continuous query
categories with sliding window approach (Dai et al., 2012; H. Jiang et al.,
2020; Jin et al., 2008; H. Liu et al., 2018; Ren et al., 2021; Shen et al.,
2014; N. Xiao et al., 2013; Zarko & Zi, 2015).

This research work involves top-k optimization for uncertain data stream
processing and requires an effective type of data indexing and pruning (J.
Chen & Feng, 2017; Jason et al., 2015; Kar, 2017; Malki et al., 2020; Rahul
& Tao, 2019; Ren et al., 2021; Z. Zhang et al., 2018; N. Xiao et al., 2013;
Zarko & Zi, 2015; {Formatting Citation}John et al., 2016).

This study utilizes both synthetic and real datasets. The synthetic data sets
are generated independently, while the real data sets are collected from
the Chicago Trip Taxi and Airbeijing. The data sets commonly used in this
context include references to (Minh et al., 2013; Ren et al., 2021; G. Xiao,
Wu, et al., 2016; Z. Zhang et al., 2018; Lee et al., 2009; Peng & Wong,
2014; S. Ge et al., 2013).

1.6 Research Contributions

Our study employs a sliding window model to analyze and compute the top-k

query on uncertain data streams. To attain the desired contribution of the

thesis, it is essential to thoroughly examine several concerns before

implementing the recommended framework. These issues include:
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i. Further exploration and analysis of uncertain data stream model
categories are needed.

ii. The efficiency of utilizing the proposed sliding window model on the
continuous query.

iii. The query processing used to get suitable Top-k based on scoring and
probability.

iv. The optimization to effectively reduce the top-k computation time and
complexity.
Despite the contributions made by (Mingyi & Yinju, 2015) in processing top-k
queries on uncertain data streams, these works have some drawbacks due to
their limited applicability when dealing with complexity in both scores and
probability values of the tuple (caused by difficulty in handling continuous
query). Efficient stream processing strategies are challenging to design due to
the unbounded characteristics of data streams (Vouzoukidou, 2016). The main
contribution of this study is the improvement regarding the effectiveness of the
proposed top-k framework when dealing with query processing on uncertain
data streams over the sliding window model. Motivated by this element, the
following contributions were made to answer the challenges addressed in this

thesis. Explanations of each contribution are as follows:

i.  This study defined the uncertain top-k query processing and modeled the
type of uncertain data streams. The key features of uncertain data stream
types are focused on the data types, and the application details are used
to change the definition, storage, initial indexing, query processing, and
performance. This thesis will use the independent uncertainty data model
and their correspondence with possible worlds. As proposed by this study
to target an independent uncertainty model, assumptions have been
made that uncertain objects are independent of each other.

ii. Efficient strategies for uncertain top-k query processing are built by
analyzing the results of an experimental evaluation using sliding
windows. This study has incorporated the proposed delta-based sliding
window model as an improvement to replace the common use of count-
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based and time-based methods used in existing datastream processing
engines (SPESs).

iii. Our study proposes a systematic method to achieve high scores and
maximum probabilities across all possible world instances. It is a
reasonable model, but the number of possible world instances would
grow exponentially with the increase in uncertain data stream. Based on
the above relations, this study defines a new problem of processing
continuous queries that search for the top-k tuple items of different
fundamental characteristics.

iv. To optimize SWM processing for top-k, appropriate approaches must be
developed, as outlined in items ii and iii. Clearing, indexing, and pruning
techniques are interrelated, improving query response times by lowering
processing time and eliminating unnecessary top-k computations.

v. A systematic empirical study on a real-world and synthetic dataset.

1.7 Organisation of the Thesis

This thesis is organized as follows:
Chapter 1 is an introductory chapter that begins with an overview before
discussing the motivations behind this research study, the challenges, the

objectives, the scope, and the research contributions.

Chapter 2 reviews the background and the literature review relevant to the
research study. The background presents the fundamental concepts of
preference queries and the preference evaluation techniques in the database
and data streams. It reviews relevant works proposed by previous researchers
of preference queries, including Top-k, Top-k dominating, and skyline. The
concept of top-k query processing over the sliding window model is given
focus, and the method is categorized based on data certainty in a centralized
environment, namely, an uncertain data stream. Indexing and query

processing methods are interrelated, and this chapter also studied how
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optimization of indexing and pruning can help boost continuous query

processing time.

Chapter 3 defines the conduct of this research. The different phases of this
study and the methods used for each phase are discussed in this chapter. The
performance metrics, the experimental settings, and the data sets used in this

research study are also discussed.

Chapter 4 details the depiction of the proposed framework for processing top-
k queries on uncertain data streams over the sliding window model. This
chapter explains and discusses each Phase | of the proposed framework. It
begins with the identification of the data uncertainty model. Then, it proceeds
to implement a sliding window model (SWM) approach to establish a
segmentation split to attain the tuple items that enter and exit the window,

using a selected dataset as an example.

Chapter 5 presents a detailed explanation of the proposed extension steps to
the previous framework for handling top-k. This is done through a Phase I
framework that focuses on establishing the most efficient processing time
using the proposed algorithm. The algorithm considers continuous queries,
score value, probability value, timestamp interval (delta-attribute), and possible
world rules. The size of the data set has an exponential impact on these

factors.
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Chapter 6 elucidates that various techniques, such as indexing and pruning,
are incorporated within the Phase lll framework to improve computation
efficiency. This is achieved by focusing on selected possible world vector rules
and considering only the top-k result list, which may or may not have
overlapping tuple items within the same window frames. Acknowledging that
specific computations may not have been executed because of expired or
removed tuple items is crucial. Consequently, it is necessary to propose
efficient optimization approaches to prevent multiple scans of the entire data
sets, reduce computation, and process only the most recent tuple-specified

items.

Chapter 7 presents the results of the systematic performance study conducted
to evaluate the algorithm performance of the proposed frameworks compared
to the most relevant existing algorithms. This chapter also discusses the
results concerning different parameters, including the dataset size, the score
and probabilities value, the distributions of exact/uncertainty values, and the

execution of the sliding window model to accommodate continuous queries.

Chapter 8 concludes this study with conclusions and the contributions of the
research study. In addition, the recommendations with remarks about the
achievements made and possible future research are presented in this final

chapter.
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