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Abstract

Data-based application design and development can be complex and difficult to navigate.
With relational and non-relational database technologies, each with divergent paradigms,
it is not apparent how to make the correct technology and design choices. Cloud-based en-
vironments add additional complexity to the decision-making process. Traditional method-
ologies and paradigms often neglect development requirements that must be derived from
higher-level operational and maintenance requirements. A need for a guide or strategy
that can direct a designer according to a defined process became evident. Procedures,
methods, and techniques were further needed to assist the designer in making complex
choices. This thesis follows the Quality Research Management method in concert with the
Design Science Research paradigm to synthesise a pragmatic Decision Support System
in the form of a process model from literature, experimentation, subject matter exper-
tise, and best practice methods. Empirical results showed that the performance difference
between the competing database technologies evaluated in this research is not the deter-
mining factor. The correct design procedure, choices, and methods in the preliminary
design phase are critical performance determinants. The artefact developed in this re-
search is a database development process model that includes a process based on the
systems engineering development process, with associated procedures and methods that
support decision-making. The process model was applied to the well-known TPC-C test
case to validate its effectiveness and its pragmatic value. The Decision Support System,
with the novelty of being mostly technology agnostic, improved database performance by
up to 20% relative to traditional methods on the TPC-C test case and provided evidence

that it has effectively addressed the initial research problem.

Keywords: Database modelling; Systems paradigm; Holistic perspective
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There is nothing more difficult
to take in hand, more perilous to
conduct, or more uncertain in its
success than to take the lead in

the introduction of a new order

Chapter 1 of things.

Niccolo Machiavelli

Introduction

1.1 Overview

This thesis presents the process, findings, and results of a research project on synthesising
and evaluating a decision support system (DSS) for modelling using modern relational and
non-relational database technologies. The debate on a best practice approach for database
design is usually contained in a specific ontology encapsulated in a particular worldview.
As a result, it is difficult to find an unbiased perspective on database design and the design

process is often constrained by the choice of technology.

In order to find an unbiased perspective, it is necessary to consider different world views,
as discussed in this thesis. Furthermore, it is prudent to “stand back” and consider
a database’s development (as opposed to design) using a recognised multi-disciplinary
development method as a reference. In doing so, the function and performance of a data-
based system take precedence over form, resulting in a system tailored for an application,

as opposed to a solution being forced into an application.

The challenge to be addressed is to find a suitable method for database development,
based on more than technical database design methods, that is technology agnostic to
some extent. It is acknowledged that there will always be some dependency on technology
— a fact that cannot be ignored. Nonetheless, the research effort is to establish which
technology will perform best when essential database functions are performed. This will
assist in choosing technology when the time arises and contributes to the novelty of the
DSS.

A robust development process must be followed in any given development project, includ-
ing specific design tasks. The challenge is thus to also find a generic process, in context,
that will guide a developer in an environment that is broader than just an information
technology space. Such a process is found in systems engineering, with a specific focus on
the life cycle of information technology systems. A development procedure is defined in

the most appropriate life cycle phase to provide developers with clear guidance.



Chapter 1. Introduction 1.2. Background

Research validation had to be provided at the end of this research project, given a proposed
process, methods, and techniques (the “schema”). This was done using a test case that
is representative of a real-world problem. A pragmatic guide (DSS) for database design
resulted from a comprehensive literature study, empirical experimentation, process model
design, and test case evidence. Background to the research challenge is provided in the

sections that follow.

1.2 Background

Before the research project is presented, some background is given to provide context
to the reader. This study takes place in an information technology environment; more
specifically, a cloud environment is targeted, which has a unique set of challenges to
address [1]:

Data consistency Ensuring all data elements are in a consistent state, regardless of

infrastructure or other failures;

Availability The ability to perform under varying conditions while preventing loss of

service;

Predictable performance Shared cloud resources have turbulent performance and a

stable, predictable solution is desirable;

Scalable and high-performance storage The ability to dynamically expand storage

(and processing power) without downtime.

The DSS will be based on empirical data from experimentation on database performance
behaviour and best practices for data modelling across a broad range of applications. Due
to the intricate relationship between a data-based application and database modelling, the
proposed strategy will focus on the full life cycle of a system, taking application query

patterns into account in the process.

Data models are often represented by Unified Modelling Language (UML) diagrams which
consist of classes, attributes, methods' and relationships. Instances of classes are called

objects. Figure 1.1 shows a typical data model as a UML class diagram [2].

Typical relationships in UML diagrams are inheritance and association (including the
stronger aggregation). Inheritance refers to classes with inherited attributes or methods
from a super/parent class. An example of inheritance could be employees and admin-
istrators, where administrators are, in fact, also employees. One can therefore say ad-
ministrators inherit the attributes and methods of employees. Associative relationships
have a cardinality or multiplicity attribute which signifies the minimum and the maximum

number of associated objects in the relationship [2].

'Methods are traditionally not considered during database design but during the application design

A novel Decision Support System for modern Relational and Non-Relational Database Systems 2



Chapter 1. Introduction 1.2. Background

BankAccount

owner : String

balance : Dollars=0

deposit(amount : Dollars)

withdrawl(amount : Dollars)

CheckingAccount SavingsAccount
insufficientFundsFee : Dollars annuallnteresRate : Percentage
processCheck(checkToProcess:Check ) depositMonthlyInterest()
withdrawal(amount : Dollars) withdrawal(amount : Dollars)

Figure 1.1: UML Diagram

Relational database management systems (RDBMSs) and, more specifically, the relational
data model was introduced as early as the 1970s. Since then, many enhancements have
been made, and RDBMSs have become the most popular database systems in the infor-

mation technology sector [3].

RDBMSs traditionally employ a data model consisting of tables, rows and columns and
relationships between tables. Relationships between tables are represented by associating
a primary key (PK), a unique data field, of one table with a foreign key (FK) in another
table. The process of translating a UML data model to the RDBMS domain, following
the typical paradigm, is summarized in Table 1.1 by showing the equivalent concepts in

both. The modelling process will be elaborated on in Chapter 3 [2].

Table 1.1: UML to RDBMS conversion

UML RDBMS
Attributes Columns
Classes Tables

Objects Rows

1-Many Association PK — FK
o New intermediate table with two
Many-Many Association o o
1-Many associations linking to

the two tables and optional dis-

criminator
1-1 Association? PK — FK
Inheritance + 1-1 association (PK — FK)

Relational databases have transactional capability, implying the ability to manipulate data
in a multi-user environment while preventing uncontrolled and undesired interactions.

This concept has been more popularly coined in the term ACID compliance, which is an

2This is a special case of a 1-Many association

A novel Decision Support System for modern Relational and Non-Relational Database Systems 3
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acronym described below [4]:

Atomicity
Transactions are all-or-nothing, and the state of the data is always known to the

user;

Consistency
After completion of the transaction, the database will be consistent in that it has

committed the results legally and predictably;

Isolation
Each event executed within a transaction must be hidden from concurrent transac-

tions;

Durability

The ability to ensure a transaction was successfully applied and persisted.

It is this ACID compliance that makes RDBMSs popular, effective and trusted. Typical
database operations include create, read, update and delete. These operations are often

referred to as CRUD operations and form the basis of database applications. In this thesis
PostgreSQL? will be used as the RDBMS for research [3].

A new type of DBMS called NoSQL or Not-only SQL databases was introduced in 1998
but became more popular only recently (2009). These NoSQL databases were designed to
offer high performance and availability by trading full ACID compliance for some BASE
(Basic Availability, Soft state, Eventual consistency) attributes. As there are more than
120 different NoSQL databases, this thesis will study a document store called MongoDB*
[5].

MongoDB is not relational in the traditional sense but is rather document-oriented in
design. A MongoDB database exists out of collections of documents, where each document
can have any number of sub-documents and fields. A typical MongoDB document is
shown in JSON (JavaScript Object Notation) format in Listing 1.1, although the database
stores documents as a binary variation called BSON. This model shows that documents
(comments in this case) can be embedded within other documents and support for arrays
of fields are present. This flexibility in document-oriented data models makes it a powerful

companion or substitute for RDBMSs in many use cases [6, 7].

Table 1.2 shows the correlation between UML models and document-oriented data models,
which will be elaborated on in Chapter 3. It should be noted that due to MongoDB’s

flexible and schemaless nature, many representations could be made.

3PostgreSQL is the most popular open-source ORDBMS according to http://db-engines.com/en/

ranking in September 2021
4MongoDB is the most popular open-source NoSQL database according to http://db-engines.com/

en/ranking in September 2021

A novel Decision Support System for modern Relational and Non-Relational Database Systems 4


http://db-engines.com/en/ranking
http://db-engines.com/en/ranking
http://db-engines.com/en/ranking
http://db-engines.com/en/ranking

Chapter 1. Introduction

1.2. Background

{
"_id": "5b273446aab67a2ee930235",
"title": "A new blog post",
"content": "...",
"comments": [
{
"name": "John",
"email": "john@example.com",
"content": "interesting"
s
{
"name": "George",
"email": "george@example.com",
"content": "excellent post!"
b
]
b

Listing 1.1: JavaScript Object Notation

Table 1.2: UML to MongoDB document conversion

UML MongoDB
Attributes Fields in a document
Classes Collections
Objects Documents

o Either an array of references to
1-Many Association .
another collection’s documents
or an array of embedded sub-
documents
A join collection (analogous to
an RDBMS’ intermediate table),

or fully embedded®, or embed-

Many-Many Association

ding of document references
6 Either a reference to another col-
1-1 Association .
lection’s document or embedded
documents
Inheritance Embedded documents or inher-

ited fields

A novel Decision Support System for modern Relational and Non-Relational Database Systems
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It is evident that UML data models have valid representations for both relational and non-

relational data models. [8]

A study by Zhao et al. demonstrating that MongoDB can perform relational algebra (the
building blocks of relational databases) on par with relational databases further reinforces

the notion that either can be used to build applications functionally [9].

Now the question arises: RDBMS or NoSQL? This question usually cannot be answered
without some form of bias, prejudice or experience. Specific scenarios should exist where
one or the other will be the better choice, but as a complete solution, either require some
trade-off. This is even more prevalent when an application involves scalability, flexibility

and high availability when deployed to a cloud computing environment [6, 10-12].

1.3 Rationale and Related Work

At the time of this research, no definitive solution or design guidelines were found that
incorporate modelling of both relational and non-relational database types (or a hybrid)
in a cloud-based context. Hybrid approaches are problem and project-specific, and no
known strategy for combining the two data model paradigms generically or procedurally

could be found in the literature.

Furthermore, no DSS was found that guides the design in a heterogenous form while
remaining technology agnostic through the concept and preliminary design phases, nor

incorporating any Systems Engineering (SE) concepts.

IBM has developed a proprietary system, Informatiz, allowing both MongoDB and SQL
actions. Still, it does not solve the problem of where to store specific data entities, nor
does it provide strategies for effectively utilizing either MongoDB or SQL. Informatix only
allows access to both databases with traditional SQL and MongoDB connectors [13].

Similarly, middleware translation software has been developed to try and bridge the gap
by allowing SQL queries to NoSQL databases. This feature makes it convenient to work
with by using only one query language, but it does not help during the design phase of
such a hybrid system. It only considers duplication of all data and does not allow for

mixing strategies [14].

Another middleware solution uses a data dictionary to catalogue specific data collections
to a NoSQL or a relational database. It also allows SQL queries to both database types
[15].

Attempts to give NoSQL databases ACID properties (transactional support) have also
been made, but they still don’t provide a complete hybrid between the two paradigms

5This is limited to a total document size of 16MiB
SThis is a special case of a 1-Many association
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[16].

MongoDB has launched support for transactions across shards in version 4.2, which ad-
dresses the ACID /transactional requirement for many applications. However, scenarios,

where SQL or table-based access is still a requirement, remain unanswered [17].

Kanade and Gopal have proposed a hybrid data model for MongoDB and evaluated the
performance based on the level of normalization and embedding. The results given show
that the data model greatly influenced the performance. It also shows that a semi-
normalized MongoDB design can be compared with a normalized RDBMS system. The
authors suggested further studying a strategy for data modelling and investigating a plat-

form to utilize both types of databases [18].

An attempt was made to model a hybrid database in ERD (entity relationship diagram) by
Villari et al.. They added additional markup annotations to ERD to show where big-data
interaction occurs. However, they do not provide a strategy or framework for designing

the logical or physical databases nor describe the application-level requirements [19].

According to Badia and Lemire, it is important to use good database design methodologies
to have consistent databases that remain mostly unchanged. They claim that application
and data design are uncoupled, and make the following submission to the research world,

asking for further research on the following [20]:

1. Design for a distributed world;

1.1 Design methodologies must be updated (including NoSQL);

1.2 Easier data integration;
2. Rethink functional dependencies in schemas;

2.1 Normalization;
2.2 Replacement for functional dependence;
2.3 Modelling functional dependencies;

2.4 Physical design vs. logical design;
3. Design for imperfect knowledge;

3.1 Growing scope;

3.2 Permissiveness of data;
3.3 Open-world model;

3.4 NoSQL clarification;
3.5 Probabilistic databases;

The above call for research validates the research problem of this research project and

confirms that, at the time, effort was required to address their request.
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A recent study (2018) by Imam et al. appeals to NoSQL academia to help guide the
database design process, especially for NoSQL environments. They provide guidelines to
aid the database developer in designing scalable database models. This study, however,
focuses only on document-oriented databases and does not consider relational databases
with a modern paradigm. Furthermore, the guidelines are rigid and do not specifically
guide a developer through a design process, nor does it consider the application interfaces
[21].

Imam et al. developed a proposition model for automating schema generation by inputting
entities and relationships and create, read, update and delete operations. They found that

the generated schema performs better than a naive traditional approach [22].

1.4 Proposal

This thesis will synthesise a strategy to effectively produce a hybrid relational (normalised)
and non-relational (denormalised) data model in data-based applications. By modelling a
generic model in UML and translating it to relational and non-relational data models, a

hybrid data model can be created using a “best-of-breed” approach.

Identifying strengths and shortcomings in both data models can provide a means of se-
lecting the most desirable traits between both models for a specific use case or specific

data object.

Notably, purely NoSQL or RDBMS as a solution is a special case of the hybrid approach
wherein 100% of the resources and modelling are assigned to only one of the technologies.
The principles applied, however, in making the design choices will remain the same. Sim-
ilarly, when considering the underlying data modelling techniques used, regardless of the
technology, trade-offs between purely normalised or purely denormalised have the same

outcome.

A holistic view of the system is observed by employing a systems engineering approach
instead of the traditional middle-out ER approach. Functional units, their interfaces
and the database system are designed together, with a full life cycle view, incorporating
all related functional units of the system. A holistic view is in contrast to a separated
database-only and application-only design approach typically followed today and will lead

to more scalable and flexible designs.

To rationalise the above statements, consider the IDEFO0 function diagram in Figure 1.2.
A functional unit in a system has an input, output, controls or constraints, and mech-
anisms or resources weighing in on the function’s design, modelling and analysis. Input
in this context is the system requirements. Resources include human resources, facilities,
maintenance and support. Controls and constraints can include technical or economic
constraints. All controls must be considered to successfully design a function, including

those that may come from preliminary design steps and other functional units [23].
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..................................

Figure 1.2: Function Diagram

Moreover, a system consists of many such functions interconnected with interfaces that
must be considered during the design, further advancing the need for a holistic database

modelling and design paradigm [12, 20, 21].

This thesis submits that by employing systems engineering (SE) principles with a holistic
view of the system, the problems mentioned above become manageable and will produce
scalable and flexible systems. In contrast to ER, SE follows a top-down design approach
[23-25].

1.4.1 Thesis Outline

The thesis follows the structure as outlined below:

Chapter 2
This chapter presents the research methodology and problem statement. These
are combined as the problem statement provides context to the research methodol-
ogy. Different world views are considered, the research paradigm, methodology, and
management processes are defined, and the problem is defined in terms of individual

research challenges.

Chapter 3
A comprehensive literature study on databases, application development, and sys-
tems engineering is provided. Two database paradigms are considered, and findings
are made on a hybrid approach where both relational and non-relational databases
are employed. The systems engineering process is analysed, and the differences be-
tween focused information technology development and multi-disciplinary system

development are highlighted.

Chapter 4
A performance comparison between the two database technologies (DBMSs) is pre-

sented. Experiments are described with empirical results that show how the two
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technologies performed on foundational database functions by varying design pa-
rameters. These results are important as they are often used to promote a specific

technology (paradigm) at the cost of generalisation.

Chapter 5
A decision support system (DSS), obtained by considering the phases of Systems En-
gineering design process, best practice design methods and techniques, results from
Chapter 4, and pragmatic consideration, is proposed. The guide is not exhaustive
but pragmatic and provides the developer with a process model comprising decision

guidelines and critical considerations.

Chapter 6
The DSS is applied to a test case and demonstrates the value of following a technology-
agnostic design process. The resulting data model provided evidence of the DSS’s

effectiveness and confirmed that a modern approach can improve performance.

Chapter 7
Finally, the last chapter provides a summary of the research process, findings, and

results; it concludes with validation of the research as a whole.
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No problem can be solved from
the same level of consciousness
that created it.

C hapt er 2 Albert Einstein

Problem Statement & Research
Methodology

Introduction

A directed research environment requires project management and a research paradigm to
ensure a quality process is followed and research outcomes address real-world problems.
As a result, this research applies Quality Research Management (QRM) inside the Design
Science Research (DSR) paradigm. The QRM process allows systematic management and
traceability in the research project [26], while DSR translates between real-world challenges

and challenges in the academic domain [27].

This chapter builds on the introduction and background provided in the previous chapter

by defining the problem in real-world and research terms.

After the problem has been stated, the research paradigm, methodology, and processes
followed by this research project are clarified. Furthermore, expected evidence and con-

tributions are described.

2.1 Philosophy

Given the context above, a pragmatic research philosophy had to be followed to obtain a

grounded and practical solution [28].

Different views and predispositions exist in the database world when considering the proper
design and modelling of data and how it can be integrated into a system. Moreover,
more prejudice and misconceptions appear when different technologies are added to the
equation. When the full life cycle of a system is considered, additional engineering and

design considerations affect design choices. Is there an absolute best technology or design

11



Chapter 2. Problem Statement & Research Methodology 2.1. Philosophy

methodology, or could there be more than one usable choice depending on the context,

constraints or resources?

When considering literature and practical experience, there are contradicting truth state-
ments, whether from biased or variable contexts. Therefore, the above line of thinking
defines the context for the ontology adhered to by this thesis — there are multiple realities
in the database and ICT (Information and Communications Technology) world competing
for truth. Furthermore, Systems Engineering brings a different perspective by considering
the impacts on the database design process across the full life cycle of a system. The

ontology is summarized in Figure 2.1.

Database World

s Engineering World

Figure 2.1: Ontology Representation

The Database World forms a part of the ICT World, with the ICT World forming part
of the Systems Engineering World. These different perspectives sometimes conflict with
ICT projects as they compete for ownership. Decisions made in each world will affect
design choices and outcomes, which will significantly impact the final product’s function,
form, and fit, as well as its ultimate performance in practice. It is, therefore, important

to consider this context in the research conducted here.

Considering the multiple possible truths and their individual contexts (regarding technol-
ogy, design choice and methodologies), it is important to establish the contexts for which
each is true. The epistemological requirement for the research philosophy is thus one
where existing views and knowledge should be challenged to ensure unbiased, informative
results that should lead to a pragmatic conclusion. It thus becomes evident that a sin-
gle worldview will not suffice and that the above views and their interrelations must be

considered when the research philosophy is defined.
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2.2 Real-world Problem Context

For directed research, a real-world problem must be defined. The real-world problem is

defined as follows:

How does a real-world data-based application benefit from pragmatic
design and implementation?

As mentioned in the previous chapter, it is increasingly difficult to design data-based
applications to adhere to modern requirements, especially given the vast array of options
in database technology and modelling techniques. Often, puristic views forfeit proper
systematic and pragmatic approaches to design and implementation, leading to problems

in scalability and flexibility.

2.3 Research Management Framework

This research was conducted in the Quality Research Management Framework (QRM).

Other methods were considered, but the DSR paradigm was found to be applicable as the
output of this research includes an artefact in the form of a design guideline or decision
support system. QRM is a management framework that was designed to support the

management of design research as it incorporates the following:

e DSR is a paradigm, with QRM as a framework and method to simplify the manage-
ment of design science research. There is no clearly documented alternative to such

a management framework as it provides the following [26]:

— QRM was specifically designed to support DSR as DSR is simply a paradigm

and not a methodology;

— Traceability from real-world problem to research solutions in a manner that

supports understanding;;

— Validation and verification are simplified concerning the different phases of

research (problem analysis, literature, and solution);

e This research was defined in the “pragmatic” domain, which required a method
that converted real-world challenges to workable solutions by following a systematic

process;

o Further to the DSR paradigm and QRM framework (management), the actual meth-

ods included documentary research in the literature study and experimental research.

The QRM framework defines specific phases present in the research process. These allow

the researcher to focus the research effort as follows [26]:
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Inception/definition phase and baseline
A single need is addressed as a research goal. This is expanded into research chal-

lenges.

Analysis phase and baseline
A systematic breakdown of the research challenges is done and leads to a focused
literature study, to better understand the challenges and identify possible high-level

solutions.

Synthesis phase and baseline
Concept solutions are iteratively synthesised into specific solutions using the litera-
ture study results and creativity as inputs. In DSR artefacts are typically produced

as specific solutions in the form of constructs, methods, models or instantiations.

Validation phase and baseline
Each phase is documented in a research validation matrix (RVM), which provides
the ability to trace the validity of research from the final solution back to the original

challenges.

Communication
The RVM serves as a communication of the research project. Not only does it
visually show the research process, track progress and document results, but it also

shows the validation in a traceable manner.

The framework is depicted in Figure 2.2. From the top-left real-world needs and the
environment is fed into the research framework. Multiple overarching layers handle it:
(i) the Systems Engineering Environment, (ii) Quality Research Management, (iii) Design
Science Research, (iv) the processes, knowledge, resources and data available to solve the
problem. The problem is processed and solved, following the same layers in reverse to the
output. The output consists of artefacts that add to the body of knowledge concerning

databases, ICT and engineering systems, specifically, in this case.

Systems q
q A Quality . . _
E:
ngineering Research De'51gn /Decision N
Management Shsitemee Support
Research
Real-World Need System N
& Environment Design
Artefacts
Real-World R Desien Science Database, ICT, Emerging from
Need Chall R ©. . & Engineering Research
& Challenges atlenges equirements Challenges
Processes
Data
Resources
P Knowledge
Real-World Research Design Science D‘{; tgzaibrelée{rcir?,
Solutions Solutions Artefacts e £
Solutions
Database, ICT & N J
Engineering

Body of Knowledge

Figure 2.2: Research framework

The real-world problem is to design and implement a database from a systems perspective.

This is a difficult real-world problem to which a solution was not evident at the onset of
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this research (as evidenced by the recent Badia and Lemire publication in “A Call to
Arms” in 2011).

No definitive framework/guideline was found in the literature at the level addressed in this
thesis — focus was only on lower-level homogenous approaches. Therefore, a system-level
DSS was required as a real-world need. From the need, requirements were derived in line

with the DSR paradigm’s relevance cycle as supported by the QRM framework.

2.4 Research Paradigm

This research project followed the DSR approach summarized in Figure 2.3. The real-
world problem (in the form of use cases) is translated into an abstract and academic form
through analysis. By designing a solution in the abstract world, an implementation or
prototype is born and translated back into the real world as an artefact [2]. The research

is then verified and validated during the translation from and to the real world [29].

Real-world Environment Design Science Research Knowledge Base

Application Domain Foundations

Build Design
Artefacts &

Processes

e People & procedures
e Methods & techniques
e Tools &

technology

e Scientific Theories
& Methods

e Experience &
elevance Cycle Expertise
Requirements

Field Testing

Rigor Cycle
Grounding
Additions to KB

e Real-world chall
calworid chalienges Meta-Artefacts

(Design Products &
Design Processes)

Evaluate

Figure 2.3: Design science research approach adapted from [30, Fig. 1]

It is important to prevent routine design (RD) from entering the DSR paradigm since it
does not contribute to the scientific knowledge base. From the items in the left column of
Table 2.1 it is clear what kind of contributions should be made - these form part of the

research design criteria [29].

2.5 Research Problem

For research to be relevant and valid, a real-world problem must be translated into a
theoretical and academic problem. This theoretical problem is also referred to as the
research problem. The research problem of this thesis is defined as follows and discussed

below:
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Table 2.1: DSR vs. RD

Design Science Routine Design

General solution Specific solution

Novelty knowledge Use of existing knowledge
Contribution to knowledge base ~ Known design (replication)
Solutions to new problems in Solve problems with existing
new ways knowledge

Technology invention Technology application
Addresses abstract problems Addresses specific problems
Solves a type of problem Solves only one case

What are the critical database design and implementation factors that
affect database performance?

According to Misra, pursuing performance by applying performability engineering also
ensures a high-quality product which is reliable, maintainable and sustainable [31]. It is

this concept of performance which leads to the research problem statement.

By identifying critical database design and implementation factors affecting database per-
formance, the benefits directed by the real-world problem can be determined effectively

in the research and be applied through a pragmatic approach.

Figure 2.4 shows the holistic systems framework adapted from a commonly used framework
encountered in systems engineering texts [23—25]. This framework is used throughout this
thesis to provide context for identifying critical factors and the contributions made from

this research.

(1) Process

.

(2) People (3) Methods (4) Tools
& & &
Procedures Techniques Technology

Figure 2.4: Holistic context based on a systems engineering framework [23]

To overcome the research problem, the following research challenges were identified and
addressed throughout this research project by employing established research methods.
For pragmatic solutions to emerge, it is important to view challenges systematically; they

were therefore categorised into one of the context areas of Figure 2.4.

(1) Process
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e Full life cycle approach not considered in methodologies;

e There is a need for a definitive guide or strategy for designing and planning
data-based applications in the ICT full life cycle.
(2) People & Procedures
e Application and data model design are usually separated.

(3) Methods & Techniques

o Conceptual modelling approaches are almost exclusively for relational models;
e No equivalent logical modelling approach for both data model paradigms;

e Design and implementation criteria for each model type are unknown.
(4) Tools & Technology

e No clear choice of a database system for data-based applications.

The above items will be addressed in the research and design of an artefact, which is the
process model used for effective database development and design. The items listed will
be combined to provide a complete DSS framework that defines the process, procedures,

methods and techniques, and the selection of technology.

The philosophy and methodology for addressing the above challenges are explored in the

following section.

2.6 Research Design

2.6.1 Approach

The concept of emergence was introduced after translating real-world challenges into an
academic environment. This emergence is an inductive methodology that originated from
repeated interaction between the real world (practice) and the body of knowledge (theory)
[32].

New knowledge emerged by performing empirical experimentation (informed by theories
and methods contained in the body of knowledge) in a controlled environment to charac-
terise database performance behaviour when manipulating design parameters. Reflecting
on this counterintuitive knowledge led to a pragmatic, mostly technology-agnostic ap-

proach to database design.

Therefore, the primary research approach is inductive, supported by DSR, focusing on

creating a new methodology in the form of a decision support system.

Importantly, although following an inductive approach to produce design artefacts, it was

important to follow deductive reasoning [33]. Deductive reasoning was used to test design
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parameter impact during empirical experimentation, while inductive reasoning led to the

decision support system.

Also, qualitative and quantitative approaches were used during this research, resulting in a
mixed-methods approach [34]. A qualitative approach considered existing database mod-
elling techniques and documentation. In contrast, a quantitative approach was followed

while performing empirical experimentation and analysis.

2.6.2 Strategy

Since a large portion of experimentation was dependent on a research and development
(R&D) process, all methods relating to R&D were applied. These methods fit well within
the DSR paradigm (not a research method). The research methods followed in this study

are as follows:

Documentary Research:

Different research topics relating to the problem were identified and researched [33]:

o Databases:

— Relational Databases;
NoSQL Databases;

— Database Design;
Data Modelling;

— Data Transformation.

e Application Development:

— Cloud Processing;

Life cycle of an Application;
— Time to Market;
— Cost of Development;

— Training and Education.

The systems engineering process was specifically researched as it informed the re-

search process based on a full life cycle approach [23].

Experimental Research:
Experiments were conducted using defined and controlled computer benchmarks
[33]. Specific characteristics of the real-world operational database capabilities were
obtained and used to define the parameters used in the empirical experiments. Re-
sults were used to evaluate system performance and characterise typical database
behaviour to model design and operations changes. These results were then used to

inform the new design methodology (decision support system).
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To overcome the research challenges, the following steps were identified in the literature

and completed by this research project, also grouped according to the framework items:

(1) Process

e Use a full life cycle systems approach to data-based application design;

e Design a decision support framework for database design.
(2) People & Procedures

e Use a full life cycle systems approach to data-based application design.
(3) Methods & Techniques

e Evaluate different conceptual modelling techniques;
e Use best practices to model equivalently in both types;

e Critically evaluate and propose criteria.
(4) Tools & Technology

e Determine strengths and weaknesses of each database.

2.6.3 Systems Engineering

Systems engineering (SE), as a methodology, focuses on form, fit, and function. It defines
tools and methods for a function’s specification, design, creation, operation, and mainte-
nance. SE formed an essential part of the decision support system’s pragmatic approach.

It consists of the following relevant elements [35]:

o Identification and quantification of goals and objectives of a system;
e Functional and performance requirements establishment;

o Concept design alternatives compliant with the requirements;

e Performance, cost-benefit, trade-off analysis;

e Selection, implementation and deployment;

e Design verification;

e Post-deployment assessment of goals.

The systems engineering process is divided into the following two main life cycle phases

and activities [23]:

e System acquisition:
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— System design;

— Implementation;

Test and integration;

Construction or production;
e System utilization:

— Operation;

— Maintenance and support;

Upgrade;

Retirement.

Proper database modelling and design positively impact all the phases following it. Es-
pecially if future improvements, expansion and growth have to be considered, a more

maintainable, scalable and agile design has to be made.

A term often encountered is systems thinking which can be defined as conceptualising
real-world phenomena with models. Models are characterised according to assumptions
made about [36]:

e Purpose;

o Cause-and-effect;

Certainty and determinism;
e Inclusion of human and social concerns;

e Presence of feedback, adaptation and learning.

It is precisely this form of systems thinking which is foundational to this research process.
UML tools can be used to great effect alongside systems engineering and are, therefore,

good modelling, design and documentation aides for this thesis [37].

2.7 Research Evidence

Evidence was obtained in different forms. In the DSR context, evidence was obtained from
empirical data model experiments, which altered parameters in the preliminary design

phase and measured the impact in a controlled environment.

The emergence of knowledge from these experiments (theoretical space) leads to the cre-
ation of a new artefact (decision support system). This artefact was applied in a real-
world use-case experiment, which was validated to produce favourable improvements as

predicted.
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Furthermore, the completed RVM shows the traceability for verification and validation

from the original information sources to the final solutions.

2.8 Research Scope

A well-defined scope is necessary for productive research.

Due to the vast amount of database technologies and products, only the best-of-breed

open-source database technologies had to be chosen for this research.

Since relational databases and document databases are the two most popular and mature
DBMS categories, only MongoDB and PostgreSQL were to be considered [38]. MySQL
does not provide a tabular (relational) ability to store columnar data[39] and was therefore

excluded from the scope.

Only one standard, trusted, representational and complex real-world test case had to be
used for validating the DSS.

2.9 Research Conclusion and Contributions

Contributions that DSR generates are listed as follows [40]:

« Identification of a relevant problem;
e Demonstration that an adequate solution does not exist in the public domain;
e Synthesis of a novel artefact;
e Rigorous evaluation of the artefact;
e Communication of the added value from the artefact;
¢ Dissemination of the research output.
One type of design artefact is a process or method artefact, the type of artefact this research

generated. Evaluating new technologies is also an essential aspect of DSR, and this thesis
evaluated NoSQL, traditional relational, and hybrid data modelling [27].

This research project makes the following contributions:

e Process of translating UML class diagrams to a document-oriented data model;
e Characterisation of empirical database performance and design parameters;

e A pragmatic strategy for hybridisation of relational and non-relational data models;
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2.10. Summary

e A design methodology for hybrid data-based applications;

e Critical evaluation of modern and traditional database technology;

e Systems-engineering perspective to data-based application design;

e A decision support system for database modelling.

2.10 Summary

This chapter has thoroughly elucidated the research design for this thesis by stating the

problem and defining the philosophy, paradigm, and methodology followed. Furthermore,

the roadmap and framework used by this research project were illustrated and discussed.

To summarize the research challenges using the QRM framework, the challenges are shown

in the table below, linked to the sources that validate the challenges as indicated in Table

2.2. This table will be used to direct the research process:

Table 2.2: Concept research challenges and sources of validation
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Database documentation X X
Database design literature X X X
Application design literature X
Systems Engineering litera- X X
ture
Related work and rationale
Personal observations X X X

Although this chapter summarises various aspects described in depth in later chapters, it

is essential to show how the research fits together in the light of the philosophy, paradigm

and methodology.

A novel Decision Support System for modern Relational and Non-Relational Database Systems

22



Chapter 2. Problem Statement & Research Methodology 2.11. Conclusion

2.11 Conclusion

This chapter defined the research management process, paradigm, and specific approach
to address research challenges in a systematic way. Different world views were identified
and discussed to provide context to the research problem — these are critical to understand
as the correct ontology is required for a generalised solution to be produced. The research
is encapsulated in a Systems Engineering environment, which is the most appropriate
framework for multi-disciplinary system development (adapted to information technology

systems), in this research.

The following system elements were considered as part of a DSS solution context, namely
(i) process, (ii) people and procedures, (iii) methods and techniques, and (iv) tools and
technology. The DSS process will define clear high-level data-based application develop-
ment tasks, design procedures will be derived from processes and implemented by database
developers and designers, database-specific methods and techniques will be applied during
the procedure, and database technology’s characteristics must be known in order to meet

application requirements.

The research question: “How does a real-world data-based application benefit from prag-
matic design and implementation?” had to be answered. This was achieved by performing
a focused literature study, conducting DBMS characterisation experiments, developing a

DSS process model, and validating the DSS model against a test case.
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Literature Study

Introduction

As part of the QRM process, it was necessary to identify literature focus areas that confirm
the research challenges and assist with constructing a solution. To this end, a Research
Validation Matrix (RVM) links research challenges to literature focus areas and concept

research solutions.

Table 3.1 shows the RVM with allocations from literature topics to research challenges. It
also shows how research focus areas/topics relate to the research solutions in this chapter.
Note that the arrows in the matrix are used to show a link between the research topic and
research challenge (pointing up) and the research topic and research solution (pointing

down).

3.1 Databases

Databases store and share a collection of related end-user data and metadata to meet
information needs. The former is raw, unformatted data and the latter is data describing
the end-user data. Metadata may, for instance, describe the relationships linking various
pieces of data. Database management systems (DBMSs) were used for many applications
as early as the 1960s. DBMSs are systems implementing and managing a database and

serving as an intermediary between the database and the user [3, 41].

Many variations of DBMSs exist, but for this thesis, they can be grouped into two main

categories: (i) Relational (SQL) and (ii) NoSQL [42].

Big data, a relatively recent term, is used to describe vast amounts of data originating
from the increased Internet accessibility of the modern world. This data can be structured,

semi-structured or even unstructured. Processing big data requires speed, flexibility, and,
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Chapter 3. Literature Study

Literature sources that support concept research challenges and solutions

Table 3.1
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most importantly, scalability. Scalability is often reached by distributing data [43].

Big data has become intertwined with cloud computing. Selected sources express that
traditional relational databases are not well suited for the cloud or big data. NoSQL
has emerged to address the issues associated with big data [12, 44], namely: availability,

scalability, and flexibility.

Other sources claim that relational databases also apply and can scale well, as seen with
big-data giants Facebook, MySpace and Twitter. Both relational and NoSQL databases
must be applied to the correct context to be scalable [12, 39, 45, 46].

MongoDB will be used for the NoSQL database due to the support for auto-sharding, in-
dexing, aggregation and a high-level query language [47]. It also supports multi-document

transactions, which is required to compare to the relational paradigm [48, 49].

For relational databases, this thesis will focus on the popular SQL-based ORDBMS (Ob-
ject RDBMS), PostgreSQL. Recent developments exist to create an auto-sharding and
horizontally scalable PostgreSQL cluster while maintaining ACID and transactional capa-
bility [50, 51] and will be used in this thesis.

The rationale is that a comparison of the relational paradigm to a modern one will be
made for scalable cloud applications and therefore requires a database that supports a

modern approach.

ORDBMSs can also model data with a modern paradigm comparable to NoSQL. Further-
more, PostgreSQL provides the jsonb column type, which is an efficient yet flexible NoSQL
interface available in concert with its traditional roots [51]. For this reason, PostgreSQL

is chosen to represent the relational databases.

3.1.1 Relational Databases

Relational databases use tables to represent data, and attributes of different data types
are stored per column of a specific row. Relational databases use meta-data to describe

relationships and constraints between tables (in essence, the rows of the tables) [2, 52].

Most legacy RDBMSs provide a query language known as SQL (Structured Query Lan-
guage), which is used to manipulate and query the data [53].

RDBMSs can perform transactions due to the ACID attributes they provide. Transac-
tions are an all-or-nothing database action, performing multiple queries and actions. The

transactional ability is one of the most compelling features of modern RDBMSs [45, 54].

A caveat of traditional relational database design is that one must use normalization
during the design phase to ensure consistency and integrity in a model. This normalization

brings about a requirement to pre-design the schema in a semi-fixed way. Minor changes
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are possible, but it is not flexible or performant. The pre-designed schema has to contain
all the fields that would ever be required (as far as possible), resulting in empty fields and

inefficient storage, leading to poor performance [55].

Different forms of normalization exist, first through to fourth, each moving further away
from data redundancy, producing the requirement for more table joins. Heavily normalized
data is intricately coupled with relationships to JOIN tables, and retrieving a full view of

the data requires joining multiple tables [41].

Normalization forms a central and core part of the traditional relational database mod-
elling paradigm. If normalization is not used, integrity problems can occur during updates,

insertion, and deletion [2, 41].

Integrity and consistency could be addressed at the application level in a denormalized
state [1].

Considering the cloud, it is demonstrable that scalability decreases as joins increase, as
the strong coupling between tables makes it difficult to partition and slow to execute
[12, 53, 56].

Traditionally, RDBMSs scale vertically by adding more storage, memory, and processing
power to a single computer. This form of scaling, in contrast to horizontal scaling, has an
upper physical limit and potential cost implications. Horizontal scaling is more flexible

than its counterpart, albeit more complex [57-59].

RDBMSs can scale horizontally by relaxing ACID properties, making it challenging to
allow transactions and joins on distributed data at the database level. However, this can

also be addressed at the application level [16].

Tumblr has released a presentation on horizontal scaling for MySQL, demonstrating how

to shard the database, thereby increasing write scalability [60].

Storage engines such as the Spider storage engine have also been released, capable of

sharding, high availability and transactional capability (via two-phase-commit) [61].

3.1.2 NoSQL Databases

Four general types of NoSQL databases exist, namely key-value, column-oriented, docu-
ment and graph [62, 63]

NoSQL systems usually have a shared-nothing architecture, which lends itself naturally

to horizontal scalability [64].

Key-value stores make use of a key mapping to opaque values. These databases are more
suited to simple operations based on key attributes and are often used as a caching layer

for slow SQL queries. Examples of key-value stores are Voldemort, Redis and Membase
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[65].

Cassandra, BigTable and Hbase are examples of column-oriented databases. Groups of
related data are stored in rows of columns and column families. Each row can be flexible

in terms of the columns used, and columns can also be supersets of other columns, as seen

in Figure 3.1 [66].

Row Key Column Families
CustomerID | CustomerInfo AddressInfo
CustomerInfo: Title Mr AddressInfo:Street Address 9999 500th Ave
L CustomerInfo:FirstName Mark AddressInfo:City Bellevue
CustomerInfo:LastName Hanson | AddressInfo:State WA
AddressInfo:ZipCode 12345
CustomerInfo: Title Ms AddressInfo:Street Address 888 W. Front St
5 CustomerInfo:FirstName Lisa AddressInfo:City Boise
CustomerInfo:LastName  Andrews | AddressInfo:State ID
AddressInfo:ZipCode 54321
CustomerInfo:Title Mr AddressInfo:Street Address 999 500th Ave
CustomerInfo:FirstName Walter AddressInfo:City Belleveue
3 CustomerInfo:LastName  Harp AddressInfo:State WA
AddressInfo:ZipCode 12345

Figure 3.1: Column-oriented data

Graph databases such as Neo4j and AllegroGraph store data in nodes of key-value pairs.
Nodes are attached with relationships, thus building a graph model [63]. These databases
are well suited for handling heavily interconnected relationships, such as social networks,
pattern recognition, dependency analysis, recommendation systems and pathfinding prob-

lems [67]. Figure 3.2 shows an example of such a model [68, Fig. 3.
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Figure 3.2: Graph model

Document databases are also key-value-based but incorporate complex structures as well.
Document formats such as XML and JSON closely reflect the data model used by these

databases [69]. MongoDB (taken from humongous) is a document-oriented database that
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started in 2007 [70] and will be the focus of the NoSQL study.

According to MongoDB, it can be used in most use cases that relational databases can be
used [47], except it is not ideally suited for complex multi-row transactions or applications
built around relational models or SQL [71].

Sharding data to multiple nodes can massively scale MongoDB clusters. For this to work,
the data must be sharded on a shard-key [72]. It is also essential for performance that
joins are mitigated [3, 73]. In order to achieve this, MongoDB allows embedding data, in

effect pre-joining the database [74].

Embedding is not without caveats. It brings about a consistency and integrity problem
when the embedded data has to change, causing potentially significant fan-out updates on

relevant documents, leading to eventual consistency [75].

MongoDB can also store relational data by embedding a reference (foreign key) into the
relating document. However, embedding in MongoDB does not join at the database level
in the traditional sense [10, 76, 77]. Recent additions to MongoDB allow left outer joins
to be performed with the aggregation pipeline and the $lookup operation [78].

Operations on a single document are atomic, which provides the ability to implement

two-phase-commit (2PC) transactions, albeit at a performance cost [11, 79].

Depending on the implementation of the data model, strong consistency can be achieved
with MongoDB [80].

There is also full ACID capability with multi-document, inter-shard transactional support

since version 4.2 [48, 49].

3.1.3 Database Design

In designing a database for distributed systems, it is vital to ensure how the data will be
represented. The representation and access patterns will be subject to the CAP theorem,

described below, and will impact the design, especially with eventual consistency [81].

As part of data model design, normalization minimizes data duplication, thereby increasing

consistency. This step is part and parcel of traditional relational modelling [82].

When designing a data model, it is important to represent the data and relationships in a
structured fashion. Entity-Relationship Diagrams (ERD) and Unified Modelling Language
(UML) class diagrams are the two most popular visual tools, and this thesis will focus on

UML due to its overlap with software development [83].
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Chen’s Methodology

Chen has developed a foundational modelling framework for representing entities and

relationships [84].

The Entity-Relationship (ER) model has become the de-facto standard data modelling
framework. The ER methodology is summarised as follows [3, 20, 84, 85]:

1. Conceptual modelling;

1.1 Requirement gathering;
1.2 Specification;
1.3 Modelling: ER diagrams or UML class models;

2. Logical modelling;

2.1 Normalization processes;

2.2 Table structures;

2.3 Primary keys;

2.4 Database schema is the output (not DBMS specific);

3. Physical modelling.

3.1 Specific database structures (DBMS specific);

3.2 Secondary indexing;

3.3 Consistencys;

3.4 Constraints;

3.5 Physical storage design (disk management and organization);

3.6 Access control and rules;

Often the modelling process happens on the entities and relationships alone and does not
consider the underlying system or transactions required. Furthermore, the output of this
process is then the artefact used to specify the requirements for applications that would
use the DBMS [12, 20, 85].

CAP Theorem

In 2000 Eric Brewer made a conjecture that a web service cannot guarantee all three of

the following traits [86] namely, consistency, availability, and partition-tolerance.

It is empirically proven to be correct for asynchronous models. However, it is possible to

balance consistency and availability using the asynchronous model [87].
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Brewer clarified the theorem in 2012 by stating that partition tolerance cannot be ne-
glected. He claims that NoSQL movements (BASE) prioritize availability above consis-
tency, while ACID databases adhere to the contrary [88].

Furthermore, Brewer also stated that the CAP-theorem might be applicable on a micro-

scale rather than on the whole system [88, 89].

A variation of CAP, called PACELC, is used to address some shortcomings for situations

when partitions do exist and during normal operations. It works as follows [90]:

e When a Partition exists;
e Choose between Awvailability and Consistency;
o FElse;

e Choose between Latency and Consistency.

According to this, MongoDB would be a PA/EC, trading off consistency for availability
during partitions while under normal operations guaranteeing strong consistency rather
than latency. ACID databases with traditional modelling would be PC/EC, or in other

words, always preferring consistency [90].

Furthermore, Stonebraker also claims that CAP isn’t accurate during the following events,

and the rarity must be taken into consideration in the application [91]:

o Application errors (ex. incorrect updates);
o Repeatable DBMS errors (Bohr bugs);

o Disasters (physically destroying a cluster).

According to Gilbert and Lynch, an application must segment the consistency and avail-
ability trade-off by examining the data requirements, operations, functions, users, and
hierarchies [92].

Bailis et al. have demonstrated that it is possible to reach HAT (highly available transac-
tions). They developed a proof-of-concept system to reach high availability and consistency

in partition-prone environments [93].

Some systems use data that is CALM or consistency as logical monotonicity. This concept
states that programs growing without retracting data (monotonous data) can be developed

using eventual consistency. It is then essential to test the data for monotony [94].

CRDTs, another data acronym, represents conwvergent or commutative replicated data
types. These types of distributed data guarantee eventual consistency even with asyn-

chronous replication [12, 94].
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Entity Attribute Value

The Entity Attribute Value schema (EAV) was designed for flexibility in relational databases.
It uses a table containing two foreign keys (one for the attribute and one for the value)

and then joins at least three tables [11].

EAV is a design pattern, originally for relational databases, using self-joins to gain schema
flexibility but exhibits poor performance. A rule of thumb is to have only a dozen or fewer

tables per query [54].

Various sources claim that EAV is a universal design pattern not suited for performance
or scalability but is useful when a very high quantity of parameters are used to describe

an object, but very few apply to one [95, 96].

Normalization and Denormalization

Normalization groups attributes into refined structures, yielding stable structures dimin-
ished in update anomalies and maximal data accessibility [97]. Normalization does not

improve performance, ease of use, or scalability [98, 99].

The three fundamental normal forms can be obtained through the following steps/rules

3]:
First Normal Form (1NF):

Remove repeating groups of attributes and create rows without repeating groups

Second Normal Form (2NF):

Remove partial key dependencies

Third Normal Form (3NF):

Remove transitive dependencies.

Denormalization is therefore defined as the reduction of the degree of normalization in

order to improve query performance [100, 101].

The process of denormalization, in table-based designs, can use one or more of the following
patterns [97]

Collapsing tables In essence, pre-joining tables.
Splitting tables Using partitioning instead of multiple table relations.
Using redundant columns Adding columns of frequently required related columns.

Derived attributes Attributes are pre-derived and stored in a column.
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Using views Views can provide a pre-joined table.

A novel case of denormalization was demonstrated by Lee and Zheng. They automated
the process by reducing all relationships in a SQL database into a single NoSQL-like table,

increasing the performance by up to 48% in their use cases [102].

Furthermore, Kanade and Gopal proposed a hybrid data model to show that a best-of-
both approach between normalized and denormalized can obtain better results than purely
normalized in both MySQL and MongoDB [18].

PostgreSQL, being object-relational, supports the ability to denormalize by using user-
defined column and array types [51].

Map/Reduce

Map/reduce is a big-data paradigm used to harvest and process data. It consists of,
at least, a Map function and a Reduce function. The paradigm splits data into smaller
chunks (Map), distributes the chunks to worker nodes for processing, and then combines
and collects the results (Reduce) [103].

The Map function receives a key and value (a tuple or a document) and emits a key and
list of homogeneous values. The Reduce function receives a key and a list of values and

emits a list of homogeneous values. This is shown below [104]:

map(kl,vl) — list(k2, v2)
reduce(k2,list(v2)) — list(v2)

The advantage of Map/Reduce is that it lends itself to distributed processing in the cloud.

It is highly scalable and has been used in simple and complex use cases [105-107].

MongoDB supports Map/Reduce functionality which has the following benefits [11, 48]

namely, flexibility, scalability, efficiency, and fault tolerance.

However, it does not inherently support high-level query languages such as SQL and
applications have to be developed for each task [108, 109].

With the introduction of MongoDB’s aggregation pipeline, MapReduce has become some-
what redundant, as aggregation pipelines support any MapReduce functionality with

higher performance and easier interface [48].

Two-phase Commit

Multiple document transactions can be implemented by a method called two-phase commit

or 2PC. This type of transaction makes use of optimistic concurrency methods to obtain
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consistency. To implement this in MongoDB is quite complex, but the same consistency
can be reached as a full ACID database! [110].

The same type of transactional capabilities can be added to any application by imple-

menting a form of 2PC and is not exclusively for databases [111].

3.1.4 Data Modelling

When considering the differences in data representation in RDBMSs and NoSQL, it is

essential to model data accordingly [112].

UML (Unified Modelling Language)

UML is an industry-standard notation suite used for object-oriented software systems.
It contains methods and tools used during the whole conceptual design process. Among

other techniques, it provides the following [113]:

e Use-case diagrams: shows actors and actions;

Activity diagrams: a form of a flowchart;
e Sequence diagrams: shows ordered sequence of events and interactions;

e C(lass diagrams: relationships, attributes and methods are shown.

UML is often used to conceptually model database relationships and activities [114, 115].

The phases of an application’s life cycle up to the implementation phase can be documented

within UML, and the remaining phases benefit from the process [116].

Use-case diagrams offer insight into the requirement specification needed for designing and

implementing all elements of a software system [117].

Activity diagrams describe hierarchies of procedures in the form of a control and flow
model. It is related to the sequence diagram, which models the interaction and message

exchanges between elements [118].

Static structures of classes in a system are expressed with class diagrams. They represent
the internal structure as well as relationships between classes. This diagram lends itself

perfectly to the database modelling and application design world [119, 120].

Combining the static and dynamic elements of UML, one can derive a model that helps
with problem-solving by giving a complete visualization of the elements at different levels
of abstraction [116, 121].

!This is in fact higher than the transactional promises of an RDBMS without explicit locking
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Embedding and Referencing

Relationships can be modelled as referenced (the traditional paradigm) or embedded data
(the modern paradigm). MongoDB and PostgreSQL can model data in these two ways

[122]. Combinations of these two can be used as well.

Referencing, in this context, means having a copy of the unique identifier of the related
entity to look up the dependency uniquely and singularly. These are called foreign key
references in relational databases. It is possible to store an array of references in cases

where appropriate (for low cardinalities) [6, 11].

Pure referencing always requires a lookup or joining with another table or collection to
populate the attributes of the entity referred to when performing queries. It is this fact

that impacts read performance [18].

Embedding has many options in the context of the existence of an entity [74]:

A An entity might exist as a top-level strong entity and be referenced elsewhere (no

embedding);

B A weak entity might exist purely due to the existence of another entity (pure em-
bedding);

C An entity might exist as a top-level strong entity and be embedded (fully or partially)
within other entities (weak relationships; hybrid embedding);

In the case of A, there is no embedding, and the data is fully normalized. In the case of
B the data is fully denormalized (exists purely within other entities). Finally, in the case
of C, the entity exists as a standalone, or strong, entity but is duplicated in part or whole

within related entities.

It is important to note that case A does not inhibit the capability to model relationships
with references (foreign keys), and a combination of embedding and referencing is in

essence a hybrid modelling approach.

1-1 (One-to-one)

When only one instance of an element is related to one other instance, it is considered a
one-to-one relationship, as shown in Figure 3.3. It is rare in relational databases but is
often employed to enforce constraints, such as when there can only be one head employee
of a department even though a department has a one-to-many relationship with employees
[41].

One-to-one relationships can be modelled in MongoDB by embedding or referencing the

data either in the employee document, the department document or both, as shown in
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Employee 1 1 Department
Heads Headed by

Figure 3.3: One-to-one relationship

Listing 3.1 [6].

// employee collection
{
"_id": ObjectId("5b273446aab567a2ee930235"),
"name": "John Doe",
// Head of this department
"heads": ObjectId("6b273446aab67a2ee930346"),
}
// department collection
{
"_id": ObjectId("6b273446aab567a2ee930346"),
"name": "Engineering",
// Headed by this employee
"headed_by": ObjectId("5b273446aa567a2€e€930235"),

Listing 3.1: MongoDB One-to-one relationship

It should be noted that eventual consistency could be employed by embedding some at-
tributes of the dependency on either or both ends, reducing the need for joins and multiple
database round trips. This form of embedding is especially useful for rarely changing data

by not requiring as much fan-out on changes.

Similarly, PostgreSQL can model the relationship equivalently as shown in Listing 3.2 with
a bidirectional one-to-one relationship. Note that bidirectional references are not required
and could be reduced to a single reference in any of the two tables, depending on the query

required.

1-M (One-to-many)

A typical example of a 1-M relationship is an employee working for a company. Typically,
an employee only works for one company, but a company can have many employees, as
shown in Figure 3.4 [123].

In a traditional normalized relational database, this relationship should be modelled as
two tables, employee and company, where the employee will have a foreign key referring

to the company that employs him/her [41].
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CREATE TABLE employee (
_id uuid DEFAULT gen_random_uuid() NOT NULL PRIMARY KEY,
name VARCHAR

)

CREATE TABLE department (
_id uuid DEFAULT gen_random_uuid() NOT NULL PRIMARY KEY,
name VARCHAR,
headed_by uuid REFERENCES employee

)

/*Required to be added after the fact
because department didn't exist yet*/
ALTER TABLE employee ADD COLUMN heads uuid REFERENCES department;

/*Automatically assign John Doe as Engineering head*/

WITH emp_rows AS (INSERT INTO employee (name) VALUES
('"John Doe') RETURNING _id)

INSERT into department (name, headed_by)

SELECT 'Engineering',_id from emp_rows;

/*Update employee heads for bidirectional referencing*/
UPDATE employee SET heads =
(SELECT _id from department
WHERE headed_by = employee._id);

Listing 3.2: PostgreSQL One-to-one relationship

Employee 0..* 1 Company

Works for Employs

Figure 3.4: One-to-many relationship
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With a modern paradigm, such as portrayed by MongoDB, there are a few options [6]:

1. Fully normalized with reference;

2. Fully embedded in an employee;

3. Fully embedded in a company;

4. Partially embedded? in an employee;

5. Partially embedded in a company.

Generally, embedding is better for fast reading of small or slow-growing documents that
do not change regularly or where eventual consistency is acceptable and the data fields are
often required during a query. In contrast, references are better for fast writing of large
documents or volatile data, where consistency is paramount, or documents grow large, or

data fields are often excluded in queries or change regularly [6].

In this example, since employees are unbounded, the best scenario would be to normalize
fully. The employee documents may, however, embed information about the company if
required since an employee only works for one company. This would require a change in
the company’s data and the application to accept stale or eventually consistent data (when
updating the embedded data without a transaction). Depending on the data volatility and

query patterns, it may be a good trade-off between writing and reading speed.

This thesis will use the definition of one-to-many for a relationship that is unbounded on

the many side.

For a semi-embedded model in MongoDB, the results could look like Listing 3.3. Post-
greSQL could model the same with the DDL (Data Definition Language) shown in Listing
3.4. Note here that by using the user-defined type (company_reference), foreign key
constraints cannot be checked by the database. It could also be modelled directly as a

reference/foreign key field as in traditional relational models.

1-m (One-to-few)

A particular case of one-to-many relationships is what this thesis will call one-to-few [6].
This type of relationship is bounded to a certain degree. An example would be a user
having multiple email addresses. In normalized relational models this should be modelled
by two tables, one for the user and one for emails, however, a user will typically only
have a few additional email addresses. In NoSQL and modern paradigms, this could be

modelled by an embedded array of email addresses [76].

2Partially here refers to embedding some fields often queried or joined
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// company collection

{
"_id": ObjectId("6b273446aa567a2€e930346"),
"name": "ABC Engineering"

X

// employee collection

{

"_id": ObjectId("5b273446aa567a2ee930235"),
"name": "John Doe",
// Head of this department
"company": {
ref: ObjectId("6b273446aa567a2e¢€930346"),

name: "ABC Engineering",

Listing 3.3: MongoDB One-to-many relationship

This distinction between many and few is critical since it could impact relational databases’
performance due to an additional join operation to retrieve a user’s entire record. In the

case of the user example, strong consistency is not lost either.

MongoDB could model emails simply as an array of strings, and PostgreSQL could do the
same as shown in the Listing 3.5. These are simple examples, but complex data can easily
be embedded in either database.

M-N (Many-to-many)

Many-to-many relationships can be demonstrated by the example of players in a sports
team. Many players play in one team, and one team consists of many players. This
relationship cannot be modelled physically in a normalized relational database without

adding a join table or contract, for example, as shown in Figure 3.5 and Figure 3.6. [2]

Player 0..* 0..* Team
Plays for Consists Of

Figure 3.5: Conceptual M-N relationship

Player 1 0..* Contract 0.* 1 Team
Signs Signs

Figure 3.6: Join table for M-N relationship
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CREATE TABLE company (
_id uuid DEFAULT gen_random_uuid() NOT NULL PRIMARY KEY,
name VARCHAR

);

/*Stub to embed name and referencex/
CREATE TYPE company_reference AS (
ref uuid,
name VARCHAR
)3

CREATE TABLE employee (
_id uuid DEFAULT gen_random_uuid() NOT NULL PRIMARY KEY,
name VARCHAR,

worksfor company_reference

)

/*Automatically assign ABC Engineering

as John Doe's company*/

WITH company_rows AS (INSERT INTO company (name) VALUES
('ABC Engineering') RETURNING _id,name)

INSERT into employee (name, worksfor)

SELECT 'John Doe',(_id,name)::company_reference from company_rows;

Listing 3.4: PostgreSQL One-to-many relationship

CREATE TABLE users (
_id uuid DEFAULT gen_random_uuid() NOT NULL PRIMARY KEY,
name text,

email text[]

)

INSERT INTO users (name, email) VALUES

('John Doe', '{"joe@mail.com","joey@example.com"}');

Listing 3.5: PostgreSQL One-to-few embedded relationship
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MongoDB can follow the same approach by employing a join collection, or one could embed
every contract in a player directly. This would optimize the query patterns by eliminating
an additional join. This thesis will refer to this relationship type as many-to-few (many

players will play for a few teams or sign few contracts) [6].

Listings 3.6 and 3.7 show a many to many(few in this case) embedded representation in
MongoDB and PostgreSQL respectively. An alternative representation for PostgreSQL
using jsonb instead of user-defined type tables is shown in Listing 3.8, demonstrating its

capability to implement a modern paradigm for data modelling.

// Team collection

{
"_id": ObjectId("6b273446aab567a2ee930346"),
"name": "Tigers"

}

// Player collection

{

"_id": ObjectId("5b273446aa567a2ee930235"),
"name": "John Doe",
// "Join" collection existing purely as embedded data
"contracts": [{
ref: ObjectId("6b273446aa567a2ee930346"),
name: "Tigers",
started: "2019-01-01T23:28:56.782Z",
ended: "2021-01-01T23:28:56.782Z2",,
oA
ref: ObjectId("6b273446aa567a2e€930346"),
name: "Tigers",
started: "2022-01-01T23:28:56.782Z",

ended: null,

Listing 3.6: MongoDB Many-to-many relationship

These examples are a few of many alternative models that would be possible, each with

strengths and shortcomings.
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CREATE TABLE team (
_id uuid DEFAULT gen_random_uuid() NOT NULL PRIMARY KEY,

name text

);

CREATE TYPE contract AS (
ref uuid,
name text,
started timestamp,

ended timestamp

)

CREATE TABLE player (
_id uuid DEFAULT gen_random_uuid() NOT NULL PRIMARY KEY,
name text,

contracts contractl[]

)

WITH team_rows AS (INSERT INTO team (name) VALUES
('Tigers') RETURNING _id, name)
INSERT INTO player (name, contracts)
SELECT 'John Doe',ARRAY[
(_id, name,
TIMESTAMP '2019-01-01 23:28:56.782Z"',
TIMESTAMP '2021-01-01T23:28:56.782Z"'): :contract,
(_id, name,
TIMESTAMP '2022-01-01 23:28:56.782Z', NULL)::contract

] from team_rows;

Listing 3.7: PostgreSQL Many-to-many relationship

Data Transformation

Data transformation refers to transforming data from one representation to another, for
example, from relational to NoSQL. This is widely referred to as extract-transform-load or
ETL. Various tools already exist to transform SQL-based data into MongoDB documents
[124].

MongoDB can be accessed from within PostgreSQL by making use of the MongoDB foreign
data wrapper plugin, mongo_fdw, provided by EnterpriseDB. This plugin allows collec-
tions to be read and written within the PostgreSQL context. The wrapper transparently

converts queries to and from the MongoDB context while providing a foreign table-based
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CREATE TABLE team (

name text

);

CREATE TABLE player (

name text,

contracts jsonb

)

WITH team_row AS (INSERT INTO team (name) VALUES
('Tigers') RETURNING _id, name)
INSERT INTO player (name, contracts)
SELECT 'John Doe', ('[{
"ref": "' || _id || '",

Ilnamell : ni I | name I | rn s

1.1
"ref": "' || _id || '",
"nanle n . ni I | name I | rn s

"ended": null
}]1')::jsonb

from team_row;

_id uuid DEFAULT gen_random_uuid() NOT NULL PRIMARY KEY,

_id uuid DEFAULT gen_random_uuid() NOT NULL PRIMARY KEY,

"started": "2019-01-01 23:28:56.782Z",
"ended": "2021-01-01T23:28:56.782Z"

"started": "2022-01-01 23:28:56.782Z",

Listing 3.8: PostgreSQL Many-to-many relationship with jsonb

interface in the PostgreSQL context [125].

3.2 Application Development

3.2.1 Roles and Responsibilities

According to Ponniah, the roles and responsibilities in IT can be grouped under the

following [3]:

Business analysts Interact with database practitioners and serve as an intermediary

between them and senior management.
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Data modellers Create semantic models from requirements and specifications.

Database designers Develop views of data to be integrated into the logical design of a
DBMS.

System analysts Derive process requirements and develop application specifications.

Programmer /analysts Develop applications with programming code that interact with
the database.

Database administrators Control and manage (administer) the DBMS. Create the
physical model from the logical model and apply any physical database definitions
(indexing, schemas, keys). Implementation and organization of the physical re-
quirements. Authorize access to the DBMS. Monitor usage. Perform maintenance.
Consult other practitioners of the system. Define backup and recovery of the DBMS.

Improve database performance.

From the above descriptions, it is clear that the traditional role of the programmer (appli-
cation developer) is separated from the roles and responsibilities of the design, modelling

and implementation of the database system — including database performance.

Some authors, such as Badia and Lemire and Meijer are concerned about this separation

and the state of database development keeping up with modern times [12, 20].

3.2.2 Cloud Processing

Cloud processing is not new, as it has been used conceptually since the 1960s. Cloud
brings about new-found security and safety for applications [126]. The term was coined
in the early 1990s [127].

Cloud processing has several requirements for applications [128, 129]:

o FElasticity: scaling horizontally;
o Flexibility: adaptable data models and schemas;
e Fault tolerance: high availability.
To achieve this, some systems (NoSQL) have opted to provide a relaxed transactional

capability. New ways are being invented to keep the transactional promises while building

on scalable infrastructure [130].

Advantages of developing for the cloud include [127]:

e Reduced cost and overhead for preparation;
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¢ Reduced overhead for new instances;
o Eliminating application wastage;

o Increased stability due to scaling out, falling over, upgrading, etc.

3.2.3 Life cycle of an Application

When developing an application, keeping the life cycle in mind is important. Typically an
application has the following classical stages [131, 132]:

e Requirements Phase;

e Analysis Phase;

e Design Phase;

e Implementation Phase;

e Post-delivery Maintenance;

o Retirement.

The first three phases concerning data modelling have been addressed in paragraph 3.2.4.

This section focuses on the post-delivery maintenance phase.

The post-delivery maintenance phase is a continual process that consists of corrective
maintenance and enhancement (specification changes). This enhancement task is impor-

tant to database modelling and design [131].

Schema evolution happens when a deployed application needs to make changes. Relational
databases use complex migration scripts to update schemas, sometimes even dropping a
database and re-creating it. The flexibility given by schema-less NoSQL databases makes

schema evolution less troublesome [11, 133].

3.2.4 Time to Market

To quickly assimilate market needs, it is essential to have a short time to market. Tools

and methods used during development should add agility and be chosen wisely [134].

Rapid prototyping can be used to generate artefacts rapidly, and the cloud environment

allows for on-demand requisition of services [135].

3.2.5 Cost of Development

Development costs can be attributed to [131]:
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e Salaries of development teams, managers, and support personnel;
o Hardware and software costs;

e Overhead costs: rent, utilities, and senior management salaries.

All of the above can be linked to the duration of a project, and thus development time

will directly impact the project’s cost [136, 137].

3.2.6 Training and Education

The complexity of a project, including the ability to learn new technology, can negatively

impact a project’s budget and duration [138].
Furthermore, the required experience level also directly influences the project [139].

NoSQL systems, for example, are generally easier to deploy and learn [140)].

3.3 Case Studies

To better understand the detail of the study, a literature survey of possible use cases is
discussed in this section. It is assumed that PostgreSQL is well suited for all use cases

since it has been used for many years across all industries.

MongoDB claims to be applicable and suitable to all use cases except where complex
multi-row transactions are required or SQL is specifically required. Typical use cases for
MongoDB include [71]:

 Single view (denormalised view of related entities);

o Internet of Things (many connected devices often supplying time-series data);
e Mobile;

o Real-time Analytics (time-series data, with real-time aggregations);

o Personalisation (custom behaviour per individual);

o Catalogue (hierarchical data);

o Content Management (asset and meta-data driven).

According to Ganesh Chandra, content management systems are well-suited for MongoDB
[141].
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MongoDB provides use case studies and design examples for operational intelligence, prod-

uct data management (e-commerce) and content management systems [78].

A study was done on MongoDB, among others, to demonstrate the viability of NoSQL
databases in the IoT field [142].

3.3.1 Operational Intelligence

Operational intelligence is the technique used to generate actionable information from

transactional data such as analytics and reporting [11].

Real-time analytics is a special type characterised by low latency (sub-second) and high
availability (99.999%) [143].

3.3.2 Content Management System

Content management systems (CMS) provide storage and services for information assets
and associated meta-data. Typical applications include blogs, websites, online publications
and archives [144].

Some tasks associated with CMS are (i) meta-data and asset management [145] and (ii)

storing comments on blog posts [146].

3.3.3 Internet of Things (IoT)

Internet of Things (IoT) is a concept used to describe a system where all physical assets

and devices are connected and communicating [147].

Fields making use of IoT include [148]:

o Healthcare;

e Smart City: automation of utilities;

e Smart Home and Smart Metering: automation of homes;
e Video Surveillance;

e Automotive and Smart Mobility;

e Smart Energy and Smart Grid;

e Service Delivery;

o Networking and Communications Protocols (Machine-to-Machine or M2M);
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o Big data;
e Sensor networks;
o User participation;

o Monitoring.

3.3.4 E-Commerce

Typical e-commerce concepts are product catalogue, inventory management and categories
[78].

Catalogues typically contain lists of any item or asset, including meta-data about the item
[149].

Inventory management is the handling of adding and removing items from shopping carts

and eventually checking out or cancelling an order [150].

The hierarchical classification of items in a catalogue is part and parcel of e-commerce
applications. Categories are used to portray this for each item, allowing for the indexing
of products [151].

TPC-C is a standardized DBMS and cloud performance benchmark. The benchmark
is based on complex online-transactional processing (OLTP) workloads. The business
throughput is measured as the number of new order transactions processed per minute
(TpmC) [152].

Advantages of the TPC-C test are summarised below [152-155]:

Realistic Workload TPC-C is designed to simulate a realistic OLTP (Online Transac-
tion Processing) workload, which involves many short transactions that read and
write small amounts of data. This type of workload is still common in modern
database systems, and TPC-C provides a good representation of the types of trans-

actions that these systems need to handle.

Standardization TPC-C provides a standardized and well-defined benchmark that al-
lows for fair and accurate comparisons between different database systems. This
is important for both vendors and customers, as it allows them to make informed

decisions about which database system to use or purchase.

Continual Improvement TPC-C is a mature benchmark that has been in use for over
twenty years. Over this time, it has been refined and updated to reflect changes in
database technology and to ensure that it continues to provide an accurate repre-

sentation of real-world workloads.
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Although these workloads are typically run on relational databases, adaptations to bench-
mark MongoDB’s performance have shown that recent MongoDB transactional support

allows e-commerce workloads to perform and scale well on MongoDB [156].

3.4 Systems Engineering

Core aspects of SE had been discussed in Chapter 2, but some important elements relating
to the SE life cycle as it compares to the ER methodology are critical to research and

review.

A generic timeless life cycle is found in [23] that forms the underlying process of almost all
development processes in multi-disciplinary environments. Although there are variations,
the principle of first modelling and evaluating at the preliminary design level was found
to be highly relevant and informative in the context of DBMS development. By using
the underlying process as a validated reference to a mature process, the intention of full
life cycle development was preserved as opposed to DBMS-specific development processes
such as ER process [84] and the MongoDB-specific process found in [21, 22]. Following
this important finding, the DSS was developed from first principles extensively based on

experimental results, available literature, and creative input

Chen’s methods for Entity-Relationship modelling overlap with the SE approach to design,
but some important distinctions are evident. The ER methodology phases are summarised
as follows [3, 20]:

1. Conceptual modelling;

1.1 Requirements elicitation;

1.2 Basic UML/ER diagrams;
2. Logical modelling;

2.1 Rendering as tables;

2.2 Reduction into normal forms;
3. Physical modelling;

3.1 Describe in DBMS-specific language;

3.2 Disk management, design and planning.

In contrast, SE has the following design steps and items, as depicted by the SE life cycle
in Figure 3.7 [23]:

1. Conceptual design;

1.1 Feasibility study;
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1.2 Needs identification;

1.3 System planning;

1.4 Functional analysis;

1.5 Feasibility analysis;

1.6 System operational requirements;
1.7 Maintenance and support concept;
1.8 Performance measures;

1.9 System trade studies;
2. Preliminary design;

2.1 System functional analysis;
2.2 Synthesis and allocation of design criteria;
2.3 System and subsystem analysis;
2.4 System synthesis and definition (data prototyping, modelling, testing, proto-
typing);
3. Detail design;

3.1 System and product design;
3.2 System and product model development;

3.3 System prototype test and evaluation.

It becomes evident from the summary above that modelling in SE only occurs during
preliminary design, which is in contrast with traditional database development, where
UML or ER is used early during conceptual modelling. Furthermore, technology choices
are also made at the end of the preliminary design phase and do not dictate the earlier

phases.

There is an overlap between the SE preliminary design phase and the ER conceptual and
logical modelling phases. This overlap provides grounds for comparison and interoperabil-

ity between the two methodologies.

3.5 Summary

This chapter described two database paradigms, and the strong and weak points were
discussed. It is evident from the literature that both DBMSs have a role to play and that
it is critical for application developers to have sound strategies when designing applications

that should scale and be agile.

MongoDB and PostgreSQL were the representative databases for the opposing paradigms.

They both exhibit the required traits to perform a comparison, as shown in Table 3.2. Each
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Table 3.2: A comparison of the equivalence of features in MongoDB and PostgreSQL

Comparison PostgreSQL  MongoDB  Equivalent References
Data modeling
Entity Relational Yes Yes Yes [157, 158]
Entity Attribute Value Yes Yes Yes [48, 51]
Unstructured Yes Yes Yes [77, 158]
NoSQL Yes Yes No [48, 158]
Relationship models
1-to-1 Yes Yes Yes [48, 51]
1-to-Many Yes Yes Yes [48, 51]
Many-to-Many Yes Yes Yes [48, 51]
Inheritance Yes Yes Yes [48, 51]
Query patterns
SQL Yes No — [51, 159]
Table Oriented Yes No — [160]
Document Oriented No Yes — [159]
CRUD Yes Yes Yes [48, 51]
Triggers Yes No — [51]
Cursors Yes Yes Yes [48, 51]
Notification Yes Yes Yes [48, 51]
Cascading Deletes Yes No — [51]
Scalability
Automated Sharding No Yes — [50, 72]
Availability
Replication Yes Yes Yes [48, 51]
Flexibility
Modular Yes No — [51]
Stored Procedures Yes No — [51]
ACID-ity
Referential Integrity Yes No — [51]
Transactions Yes Yes Yes [48, 49, 51]
ACID Yes Yes Yes [48, 49, 51]
Advanced features
MapReduce No Yes — [48]
Database Federation Yes No — [51]

feature is listed as either “Yes” or “No” per database and whether the feature is equivalent

in both database technologies. A column for references to the information is also provided.

On the relational side, given a traditional paradigm, a developer can depend on the
database to maintain consistency, but scalability and flexibility become difficult and trou-

blesome.
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For NoSQL databases, a developer loses some built-in consistency and transactional capa-
bility, but scalability and flexibility are good. Due to the recent nature of the technology,
some training may be required, which may impact a project’s cost and duration. However,

the added flexibility and code-oriented design may diminish the impact.

Hybrid approaches are use-case specific, and no strategy was found during the literature
survey. Some work has been done to ease access to different database types, but no work

has been done on the design process of hybrid data-based applications.

3.6 Conclusion

Figure 3.8 shows the overlap between systems engineering design and entity-relational
design, as seen in the literature. There is an overlap between the preliminary design phase
and the conceptual and logical modelling phases. However, the artefact of the systems
approach is a documented functional system, including a database and application, whereas
ER only delivers a documented database. The latter artefact then serves as the input to

other functions, such as the application, reiterating the disconnect [23, 84].

echnology Choice
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Specification
Conceptual Model

Data Definition
Physical Model
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Figure 3.8: Systems Engineering [23] vs. ER Design Methodology [20] from [161, Fig. 2]

Since the most significant overlap occurs in the preliminary design phase, proper focus
on this phase will greatly impact the system’s overall performance. Furthermore, in SE,
the preliminary design phase also includes a functional analysis, which incorporates other
functional units and interfaces to them. These interfaces should also be considered when
designing a database. Following this systems approach partly addresses the research con-
text (1) Process.

A preliminary design, in the SE sense, is typically used to provide development specifi-
cations (Type B) for use in the detail design phase [23]. A development specification is

critical as it creates a link between conceptual design and detail design; a link that is
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often not present in data-based applications. In addition, the preliminary design focuses
on modelling and evaluation of solution options, which must be done before detail design
commences. One such option will be the choice of technology for a database solution,

which can lead to success or failure when done incorrectly.

Selection of appropriate database technology, database structure, and other detail design
considerations must be made before detail design commences. Therefore, it is necessary
to understand the technology options and their relative strengths and weaknesses. As a
result, experiments were defined to answer questions on the relative performance of two
DBMSs in terms of clear performance metrics and the design parameters that will impact

detail design.

Table 3.2 showed that the gap between the two databases is superficial when considering
them at a high level. At a lower level, the performance characteristics of DBMSs must
be determined with respect to changes in modelling parameters. The results of these
experiments will determine (i) individual strengths and weaknesses in basic database op-
eration performance and (ii) the modelling parameters that have the greatest impact on

performance per database.

In terms of research management, it is necessary to summarise how concept research so-
lutions were linked to specific research solutions for the sake of continuity. The summary
is best presented in the RVM where higher-level concept solutions are linked to lower-level
specific research solutions. The specific solutions show how each concept solution was ad-
dressed with experiments, use case analyses, conceptual modelling, preliminary modelling
for relational and non-relational data models, critical evaluation, and the eventual design
of a decision support system for hybrid applications. Table 3.8 shows the generic and

specific research solutions.
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Table 3.3: Research validation matrix with solutions

Concept
Research

Solutions

Specific

Research

Determine strengths and weaknesses
of each database

Critically evaluate each model type
and propose criteria

Evaluate different conceptual
modelling techniques

Use best practices to model
equivalently in both types

Use a full life cycle systems approach

Solutions

to data-based application design

Design a decision support framework

for database design

X

Empirical database perfor-

mance characterisation

Identification of a common X
and representative database

use case

Conceptual modelling of ap- X

plication scenarios

Modelling application sce- X X
narios for relational data
model(s)

Modelling application sce- X X
narios for non-relational data

model(s)

Critical evaluation of each X X

model

Design of a decision support X X

framework for hybrid data-

based applications
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The true method of knowledge is

experiment.

William Blake

Chapter 4

Characterisation

Introduction

Database performance is critical in the selection of an appropriate DBMS in the develop-
ment process. The preliminary design depends on performance information to make an
informed decision on database technology. In addition, modelling parameters are impor-

tant for decision-making as these are both technology- and application-dependent.

This chapter describes experiments and results of empirical database experiments on the
two databases from a practical perspective — that is, experiments were conducted in
the form of tests. The results and findings from this chapter highlight which modelling
parameters impact performance most. These modelling parameters form the basis for

formulating proper database modelling and design criteria.

The results and findings presented in this chapter were validated partly by a publication
in the 2022 SAIIEE33 conference proceedings [161].

4.1 Experimental Setup

CRUD operations form the basis of all simplistic and complex database operations. There-
fore, a set of experiments covering a wide range of parameters applicable to the basic
operations were chosen. The impact of each on the system’s operational performance will

be analyzed.

Typical parameters that were varied in iterations are:

1. Number of indexesl;

2. Number of fields projected;

!The plural form indezes is used in preference to indices, as is the norm in database literature.
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3. Number of fields in data;

4. Number of fields used in queries;

5. Number of threads used;

6. Limiting results returned and operated on;

7. Batch sizes.

The cost of transactions on empirical operations was evaluated in preliminary tests and
was found to have no significant impact on the results. Transactions could impact complex

operations but will not be considered for the empirical test suites.

Empirical experimentation requires a consistent environment with as slight as possible
variation in conditions while keeping in mind the assumptions made by the choice of

environment.

C++ was chosen as the programming language for writing the tests. Google’s Test? and
Benchmark? frameworks were used for experimentation and result tracking. All test suites
were run three times, and each experiment was run for many iterations to establish sta-

tistical stability.

Tests were run on commodity hardware:

e Ubuntu 20.04 x86-64
o Intel® Core™ i7-4770 CPU @ 3.40GHz
e 32GiB RAM DDR3 1600 MHz

e Samsung EVO 850 SSD

Tests were rerun on two other machines to verify that the characteristic results and pat-

terns were repeatable in similar environments.

e Ubuntu 20.04 x86-64
e Intel® Core™ i7-6500U CPU @ 3.10GHz
¢ 8 GiB RAM DDR3 1600 MHz

e Samsung EVO 650 SSD

and

’https://github.com/google/googletest
3https://github.com/google/benchmark
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o MacBook Pro (13-inch, 2017, Two Thunderbolt 3 ports)
e 2.3 GHz Dual-Core Intel® Core™ i5

« 8 GiB 2133 MHz LPDDRS3

MongoDB v4.4 with libmongocxx v3.6.2 and PostgreSQL v13 with 1libpgxx v7.3.0

were used for testing.

This research performed functional performance tests with which to characterize the per-
formance of different DBMS technologies and their basic functionality of all databases
(CRUD). These empirical tests were conducted outside of the cloud environment as these
were relativistic comparisons that were not dependent (relativistically) on the machine

infrastructure as such.

Source code and instructions are provided in Appendix D.

4.2 Create/Insert Experiments

4.2.1 Setup

The number of indexes is restricted by the number of fields in the iteration; for example,
if the combination has only eight fields, the number of indexes is limited to 8 for the suite,

as shown in Table 4.1.

Table 4.1: Parameter setup for inserts

Parameter Minimum Value Maximum Value Step/Increment

Batch Size 1 4096 X8
Fields 1 16 X2
Indexes 0 16 X2
Threads 1 8 +2

Before each suite of tests, the database is cleared, and indexes (if any) are removed.

4.2.2 Test 1 - Insert

This test measures the impact of batch size, number of fields and indexes on insert per-

formance.
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4.2.3 Test 2 - Bulk Insert (MongoDB only)

MongoDB has a unique bulk-write operation. This test is based on Test 1 but utilises the
insert__one bulk write operation. PostgreSQL does not offer an alternative like this for

online operational bulk writing.

4.2.4 Results

Table 4.2: Summary of insert performance: Operations per second

Ops/Second Minimum Maximum Average
MongoDB 3459 942573 (699730) 162671
PostgreSQL 159 310147 54109

Table 4.2 shows the minimum, maximum and average operations per second for inserts.
MongoDB has an additional mode that has delivered higher performance reflected in the
table.

From Figure 4.1 both databases exhibit the same behaviour when varying the three param-
eters. Performance increases logarithmically with a more significant number of documents.

In contrast, adding more fields or indexes attenuates performance logarithmically.
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Sy 1317
Z 31755 140237 137 751
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32222 37460 39425 \3&%9
26394 N
16 959
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Figure 4.1: Average Ops/Second for inserts

MongoDB performs 36% better with the bulk insert method than with the regular insert
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operation. This improvement could be ascribed to the fact that there is less overhead to
process when sending in bulk. Figure 4.2 shows the difference.
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400K

Percentile (95) of Ops

300K

200K

138368
100K

K 21757

0 500 1000 1500 2000 2500 3000 3500 4000

Documents

Benchmark
M insert

InsertBulk

Figure 4.2: Insert bulk vs normal insert

Figure 4.3 shows the %-difference when adding more threads, with 1-thread as reference.
Threads have a more significant advantage for MongoDB, with both databases exhibiting a
declining logarithmic behaviour. PostgreSQL displays signs of saturation near the 8-thread
mark, indicating that other bottlenecks have been reached, such as disk performance.
Clearly, the workload is not CPU-bound since it still improves performance past the actual
physical CPU limit.

Field impact, as shown in Figure 4.1, includes the impact of indexes in the results average
calculation. Therefore, to indicate the field-only effect, Figure 4.4 shows the average
operations per second on test iterations with no secondary indexes. Here it can be seen that
a nearly linear decline is apparent. MongoDB is slightly more affected, with a roughly 50%
drop in performance for every 16 fields added compared to the 36% drop of PostgreSQL.

PostgreSQL’s performance is greatly improved by adding more documents at a time. It can
be seen from Figure 4.5 that when inserting 4096 documents per operation, the increase in
operations per second is 11834% compared to single inserts for PostgreSQL, compared to
the 1847% increase for MongoDB. MongoDB’s baseline performance, however, still results

in more operations per second.

A novel Decision Support System for modern Relational and Non-Relational Database Systems 60



Chapter 4. Characterisation 4.2. Create/Insert Experiments

Threads / Database
1 3 5 7 8

268,8%

252,7%

250%
200% 196,2%
164,4%
152,9%
150% 142,2%
121,1%
100% 100,2%
(]
50%
0%  0,0% 0,0%

MongoDB PostgreS.. MongoDB PostgreS.. MongoDB PostgreS.. MongoDB PostgreS.. MongoDB PostgresS..

% Difference in Avg. Ops

Database
[ | MongoDB
. PostgreSQL

Figure 4.3: Thread impact for inserts
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Figure 4.5: Document impact for inserts

From these results, the impact of each parameter closely follows the same pattern for both
MongoDB and PostgreSQL. MongoDB is roughly 30% faster with inserts on nearly all the
experiments. Furthermore, Figures 4.1 and 4.4 show that the results are predictable, as

seen by the fit curves illustrated with dotted lines.

4.3 Read/Query Experiments

4.3.1 Setup

Read or query operations do not cause any changes to the database. Therefore for this
suite of tests, a database had been pre-populated with 1 000 000 documents/rows, each
with six fields with values ranging from one to ten. Each permutation of the ten values in
6 fields is present in the 1 000 000 documents/rows.

Depending on the index parameter, the indexes are removed/or added for each set of

parameters. The tests have been divided into three categories:

1. Aggregations: Average, multiplication, sum and count;
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2. Standard queries: finding and sorting;

3. Joins: self-joins and manual self-joins.

Where applicable, the limit axes are shown on a logarithmic scale to demonstrate the
behaviour more clearly. Where applicable, the limit was clamped to the maximum possible

for the selected parameter set.

4.3.2 Aggregations

The only parameters used in these experiments are the limit of how many rows/documents
to return and the number of threads used to query the databases, as shown in Table 4.3.
The Count aggregation experiment only varies the number of fields queried and the number

of indexes, as listed in Table 4.4.

Table 4.3: Parameter setup for aggregations

Parameter Minimum Value Maximum Value Step/Increment

Limit 1 524288 X2
Threads 1 8 +2

Table 4.4: Parameter setup for Count aggregation

Parameter Minimum Value Maximum Value Step/Increment

Fields 0 6 +1
Indexes 0 6 +1

The results are shown in Figure 4.6 on a logarithmic x-axis. Both databases exhibit the
same pattern for increasing the limit. It is important to note that whilst operations per
second diminish with larger limits, the number of rows/documents per second is inversely

proportional.

Figure 4.7 shows a curve fitting in the saturated region which is a natural power function.
The unsaturated region is shown in Figure 4.8. This region is fitted well with a negative
exponential function. The region to the left, the so-called unsaturated region, is due to

the database doing little batched work but also not scanning many documents.

The saturated region is where the database needs to scan more documents and return

more, adding overhead and processing.

The sum aggregation exhibits the same behaviour, which is expected since the database
scans the same number of elements but applies another operator. The results are shown

in Figure 4.9.
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Figure 4.6: Average Ops/Sec for Average aggregation
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Figure 4.8: Unsaturated region for Average aggregation
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Figure 4.10 shows the results for the multiplication operation. Again, this exhibits the
same behaviour as the previous aggregations. Here a power function is fitted to show that
it also works well, especially in the saturated region. It is interesting to note that the
average ops/second is close in all three aggregation tests.
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Figure 4.10: Average Ops/Sec for Mul aggregation

The count aggregation has a different impact on the database since a limit was not applied,
and the implication is that the database needs to scan the whole table or collection. The

results are given in Figure 4.11, and Figure 4.12 shows the cases with no indexes applied.

Both databases improve with additional threads very close to each other as expressed in
Figure 4.13.

Once again, both databases show the same trends and the constant trend when no indexes

are applied is seen. This behaviour is because the whole table/collection must be scanned
when no indexes are present.

Only the index needs to be scanned with indexing, resulting in exponential gains. The more

fields that are fixed (and indexed), the fewer elements must be processed and searched,
leading to more operations per second.

4.3.3 Standard Queries

Standard queries have been run on the parameter set shown in Table 4.5. Figures 4.14

and 4.15 show the average operations per second for unsorted and sorted general queries,
respectively.

Figure 4.16 shows the performance of unindexed sorted queries. It can be seen that there
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Figure 4.13: Impact of threads on aggregations

Table 4.5: Parameter setup for standard queries

Parameter Minimum Value Maximum Value Step/Increment
Fields 0 6 +1
Fields Returned 0 6 +1
Indexes 0 6 +1
Limit 1 1000000 X2
Threads 1 8 +2

is an anomaly in the PostgreSQL results, while MongoDB performs predictably, as shown

by the fitted exponential function.

The anomaly seen in PostgreSQL’s boosted performance for a limit less than 20165 can
be ascribed to PostgreSQL’s work planner. For this specific setup, queries for limits less
than 20165 used the top-N heapsort in-memory algorithm. For any limit above 20165,
PostgreSQL used the external merge disk-based method, and the latter performs much

slower due to the disk access required [51]. Figure 4.17 shows the fit for the lower section.

Listing 4.1 shows the psql session showing the two sort methods used under different

limits.
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Figure 4.17: Average Ops/Sec for unindexed sorted queries cont.
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pieter=# EXPLAIN ANALYSE SELECT _id from bench.read_bench ORDER BY a0 DESC,al DESC,a2 DESC,a3 DESC,a4 DESC,a5 DESC LIMIT 20165;
QUERY PLAN

Limit (cost=44393.81..46746.56 rows=20165 width=28) (actual time=293.314..307.099 rows=20165 loops=1)
-> Gather Merge (cost=44393.81..141622.90 rows=833334 width=28) (actual time=293.312..306.219 rows=20165 loops=1)
Workers Planned: 2
Workers Launched: 2
-> Sort (cost=43393.79..44435.46 rows=416667 width=28) (actual time=284.749..286.967 rows=7363 loops=3)
Sort Key: a0 DESC, al DESC, a2 DESC, a3 DESC, a4 DESC, a5 DESC
Sort Method: external merge Disk: 11608kB
Worker O: Sort Method: external merge Disk: 12592kB
Worker 1: Sort Method: external merge Disk: 13032kB
-> Parallel Seq Scan on read_bench (cost=0.00..11519.67 rows=416667 width=28) (actual time=0.009..19.380
<~ rows=333333 loops=3)
Planning Time: 0.081 ms
Execution Time: 309.699 ms
(12 rows)

pieter=# EXPLAIN ANALYSE SELECT _id from bench.read_bench ORDER BY a0 DESC,al DESC,a2 DESC,a3 DESC,a4 DESC,ab DESC LIMIT 20164;
QUERY PLAN

Limit (cost=44393.66..46746.29 rows=20164 width=28) (actual time=117.726..129.771 rows=20164 loops=1)
-> Gather Merge (cost=44393.66..141622.75 rows=833334 width=28) (actual time=117.725..128.904 rows=20164 loops=1)
Workers Planned: 2
Workers Launched: 2
-> Sort (cost=43393.64..44435.31 rows=416667 width=28) (actual time=114.485..115.082 rows=7362 loops=3)
Sort Key: a0 DESC, al DESC, a2 DESC, a3 DESC, a4 DESC, a5 DESC
Sort Method: top-N heapsort Memory: 3612kB
Worker 0: Sort Method: top-N heapsort Memory: 3614kB
Worker 1: Sort Method: top-N heapsort Memory: 3613kB
-> Parallel Seq Scan on read_bench (cost=0.00..11519.67 rows=416667 width=28) (actual time=0.009..20.639
< rows=333333 loops=3)
Planning Time: 0.085 ms
Execution Time: 130.494 ms
(12 rows)

Listing 4.1: PostgreSQL explain output for unindexed sorting

The impact of threads is shown in Figure 4.18. Both databases scale well with threads,
even beyond the physical CPU cores, reiterating that the workload is disk-bound.

Indexing greatly improves the average operations per second above 25000% for MongoDB
and above 29000% for PostgreSQL. Indexes offer the DBMS the ability to fast-track to
relevant data, exactly as a book’s index does. Only the index must be scanned to get the
correct rows/documents, depending on how many fields are queried and how many are

indexed. Figure 4.19 shows the impacts.

This impact is especially true for sorted queries, as shown in Figure 4.20. MongoDB
experiences the most significant gains when using indexes, reaching above 82000% increase
over no indexes, and PostgreSQL achieves over 33000% improvement, close to its unsorted

queries. Both, however, exhibit the same order of magnitude in this respect.

MongoDB is more negatively impacted by the number of fields queried when no indexes are
present. Both databases reach critical mass when 5 or 6 fields are queried, as seen in Figure
4.21. Depending on the limit, the impact is exaggerated. The more documents/rows to

return, the more scanning is required at the table/collection level.

Adding fields in the query when indexes are present has less of a disadvantage, where

peak attenuation happens on four fields. This behaviour is shown in Figure 4.22. The
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Figure 4.18: Impact of threads on queries

Indexes / Database
0 1 2 3 4 5 6

29589%

30000%

28332%

25842%

25433%  25322%

25000%
22274%
£20000%
15000%
11551% 17 2059
10000%
5000%
:
2137% 1637%

MongoDB PostgreS.|MongoDB PostgreS..MongoDB PostgreS..MongoDB PostgreS..MongoDB PostgreS.. MongoDB PostgreS..MongoDB PostgreS. |

% Difference in Avg. O

Database
. MongoDB
[ ] PostgreSQL

Figure 4.19: Impact of indexes on queries
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Figure 4.20: Impact of indexes on sorted queries
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bell shape around four fields shows that adding more fields to the query limits the number
of rows/documents returned by the operation, even for differing limits. For example, six

fields fixed will only return one row/document. It is important to note that introducing

indexes also diminishes the effect that fields have on query performance.
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Figure 4.22: Impact of fields on queries

In Figure 4.23, it can be seen that the addition of fields decreases performance. There is
one more anomaly with PostgreSQL for cases where six fields are queried, and PostgreSQL
does not perform sorting when it only gathers one row, while MongoDB seemingly does

not use this optimization.

Expected behaviour can be seen in Figure 4.24, where both databases closely follow the
same behaviour. It can be seen that the more fields are queried, the worse the performance

becomes.

Another factor to consider is the impact of fields projected, that is, fields that are presented
after the query. Figure 4.25 shows the effect for both database systems. The more fields
are projected, the more data must be transferred over the network and between disk and
memory. The average impact in this experiment is seemingly low. However, with higher
limits, the effect is more significant, as shown in Figure 4.26 where the limit has been fixed
to 524288.

4.3.4 Join and Manual Join

Joins are synonymous with SQL databases but not uncommon in NoSQL databases. Self-
joins are a subset of join operations where the table/collection is joined. An inner join

is used in these experiments. The parameter setups for the built-in and manual join
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Figure 4.26:

Impact of fields projected on queries, with high limit
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experiments are shown in Table 4.6 and 4.7 respectively.

Table 4.6: Parameter setup for self-join queries

Parameter Minimum Value Maximum Value Step/Increment
Indexes 0 2 +1
Limit 1 1000000 X2
Threads 1 8 +2

Table 4.7: Parameter setup for self-join manual queries

Parameter Minimum Value Maximum Value Step/Increment
Indexes 0 2 +1
Limit 1 1000000 X2
Batch 1 4096 X2
Threads 1 8 +2

The performance of self-joins is shown in 4.27. It can be seen that PostgreSQL performs

join operations extremely fast,

and the behaviour closely resembles what was seen in

previous read experiments.
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Figure 4.27: Average Ops/Sec for self-join

The experiment was repeated with a manual self-join, which means the initial query’s

results are used to form

additional queries to the database from the application. This is

in contrast to DBMS’s built-in join functionality, where the joining is performed at the

database level before sending the final results to the application. The results are shown

in Figure 4.28.

In this case, MongoDB

has an anomaly. The anomalous gain in performance can be
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Figure 4.28: Average Ops/Sec for manual self-join

attributed to MongoDB’s batching performance, as shown in Figure 4.29. It is interesting
to note that PostgreSQL is very linear to batch size, whereas MongoDB has a significant

performance gain for most batch sizes. It does, however, begin to saturate around 100.

The reason that batching makes such a significant impact is that the gains are exaggerated
during higher limits.

Indexes in these join experiments have little effect because each row is self-joined. As
demonstrated in other experiments, if queries were added to the join operations, it would

have made a significant impact. The impact of indexes for joins and manual joins are
shown in Figures 4.30 and 4.31 respectively.
The impact of threads is shown in Figure 4.32. As can be expected, threads make a
significant improvement on both databases.

4.3.5 Summary

From all the experiments, it can be summarized that PostgreSQL outperforms MongoDB
with reads. Both databases follow the same behaviour with changing parameters, with
explainable anomalies described.
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Figure 4.29: Impact of batch size for manual self-join

4.4 Update Experiments

4.4.1 Setup

Update operations have a query and a write component. In these experiments, no al-
terations to the schema are made during the operations, as this is not typically part of
the operational processes in a production DBMS. Schema changes usually occur during

maintenance processes and will be disregarded in these experiments.

The operation applied in the update operations is a simple random increment between
1 and 100. These experiments are again run on a pre-populated database, precisely like
the read experiments. In this case, there are two sets of fields—one set for querying and
one set for writing. Tests add and remove indexes as required by the parameters. For

updating, measuring the impact for both read and write indexes is vital.

The following parameters are used and listed in Table 4.8. The write indexes are not

always present, depending on the test suite.

4.4.2 Results

The first set of results shown in Figure 4.33 shows the impact of fields changed and fields
queried when only considering read indexes. It can be seen that the fields changed has

almost no impact on the performance of PostgreSQL and very slightly on MongoDB -
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Figure 4.30: Impact of indexes for self-join

Table 4.8: Parameter setup for updates

Parameter Minimum Value Maximum Value Step/Increment
Fields to query 0 6 +1
Fields to write 1 6 +1
Indexes for writing 0 16 +1
Indexes for reading 0 16 +1
Threads 1 8 +2
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Figure 4.31: Impact of indexes for manual self-join

both exhibiting linear trends.

For fields queried, on the other hand, the region between two and four fields has a slight
advantage for PostgreSQL. This advantage can be attributed to PostgreSQL’s higher read
performance, as this region is ideally in the middle of the number of rows that should
change and the rows to query. The behaviour is nearly exponential for MongoDB, but Post-

greSQL does not quite fit exponentially for the saturated region past four fields queried.

For write index experiments, all read indexes are present. Hence, the averages will appear
higher, as seen in Figure 4.34. This is to measure the impact that only write indexes have.
It can be seen that the number of fields changed is very similar to the read-index-only
experiment. Fields queried has similar behaviour, though PostgreSQL seems to saturate
earlier. This is to be expected since the introduction of write indexes requires more writes

to disk and memory to update the data and the indexes.

Figure 4.35 shows the performance with no indexes. The results of the PostgreSQL ex-

periment are what would be expected since the query part of the operation will be sig-
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Figure 4.32: Impact of threads for joins
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Figure 4.33: Average Ops/Second for updates with read indexes only
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Figure 4.34: Average Ops/Second for updates with write indexes

nificantly slower. What is highly interesting is the fact that MongoDB performs better
with no indexes, even without read indexes. This indicates that MongoDB always writes
to all indexes, even if the field of the index hasn’t changed. In this case, the read indexes
too, which is why MongoDB performs better with no indexes. If there were even more
documents in the database, a point would surely be reached where read indexes would be

beneficial for updates.

Threads impact the update operations positively as expected. The impact is shown in
Figure 4.36.

The impact of fields changed without write indexes is shown in Figure 4.37. In the case
where write indexes are present, a more apparent decline in performance is seen as shown

in Figure 4.38.

Querying more fields in these experiments limits the number of rows affected. Read in-
dexes, in this case, help narrow down the correct rows more quickly. Furthermore, reducing
the number of rows affected leads to fewer writes. Conversely, as seen previously, Mon-
goDB still has to update all the indexes, even if not affected by the updates. Figures 4.39

and 4.40 show the impact of fields queried without and with write indexes, respectively.

The impact of read indexes only is shown in Figure 4.41. It can be seen that both
databases do experience improved performance overall with the addition of read indexes.

PostgreSQL is considerably so, and MongoDB significantly less. To illustrate the impact
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Figure 4.35: Average Ops/Second for updates with no indexes
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Figure 4.36: Impact of threads on update operations
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Figure 4.39: Impact of fields queried on updates without write indexes

of write indexes, Figure 4.42 shows only the impact of write indexes. In the latter case,
both databases suffer equally from adding write-only indexes.

4.4.3 Summary

The experiments indicated that MongoDB performs better with updates on average than
PostgreSQL. PostgreSQL does have a region - where the reads and writes are balanced
optimally - that performs better due to its higher read speed.

The addition of read indexes improved performance overall, even though lesser so in the
MongoDB case. It was shown that MongoDB updates all indexes even if unchanged, which

describes the diminished effect of read indexes. Even so, the net impact of read indexes is
beneficial.
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Figure 4.40: Impact of fields queried on updates with write indexes
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Figure 4.41: Impact of read indexes on updates
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Figure 4.42: Impact of write indexes on updates

Write-only indexes, on the other hand, decrease the write performance across the board.
The term write-only is in the context of a query, and it may very well be possible to have

indexes for different queries interacting with all other queries.

4.5 Delete Experiments

4.5.1 Setup

Like update operations, delete operations contain read and write components. Rows or
documents are wholly removed if matching the query, which has a waterfall effect on the

indexes referencing the row or document.

The setup for these experiments requires that rows or documents be restored after each

iteration, leading to a lot of idle time between test iterations.

Parameters affecting deletes are fields queried and a number of indexes. As with all tests,

the number of threads was also varied. Table 4.9 shows the parameter values.
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Table 4.9: Parameter setup for deletes

Parameter Minimum Value Maximum Value Step/Increment

Fields 0 6 +1
Indexes 0 6 +1
Threads 1 8 +2

4.5.2 Results

As expected, the results closely resemble the behaviour seen in the update experiments.
Figure 4.43 shows the results. Showing the effect of indexes alone, Figure 4.44 gives

the results when only non-indexed iterations are averaged, and only the number of fields

queried is changed.

The behaviour exhibited by MongoDB in the update experiments is repeated here for both
databases since delete operations will always require all indexes to be updated. However,
with no indexes to update, the gains are clearly visible. PostgreSQL’s higher read perfor-
mance shows to be prominent in these experiments.
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Figure 4.43: Average Ops/Sec for delete operations

To measure the full spectrum of the impact that fields queried have, the results for indexed
and unindexed experiments are shown in Figures 4.45 and 4.46, respectively. As with
updates, reducing the number of rows affected greatly increases the number of operations

per second, much more so for MongoDB than for PostgreSQL.
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Figure 4.45: Impact of fields queried with deletes
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Figure 4.46: Impact of fields queried with deletes (no indexes)

Figure 4.47 shows the impact of indexes on delete operations. For both databases, it
increases the performance. It must be noted that the fields queried were fixed on six to
obtain these results. This was done to reduce the number of experiments required since

the number of indexes should depend on the number of fields queried.
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Figure 4.47: Impact of indexes on delete operations

Finally, increasing threads prove to, once again, improve performance significantly, as seen
in Figure 4.48.
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Figure 4.48: Impact of threads on delete operations
4.5.3 Summary

From the results, it can be summarized that both databases exhibit similar behaviour
to varying parameters. On average, MongoDB performs more delete operations than

PostgreSQL, especially with better selectivity (more indexes and fewer rows operated on).

Indexes, when used for querying, do improve performance for both databases. These
experiments did not test the addition of write-only indexes, but the same behaviour seen

in update operations can be expected.

4.6 Summary of Results

Across all experiments, the two databases exhibited closely related behaviour with some
explicable anomalies. MongoDB generally performed better with inserts, updates and

deletes - which are write-based operations.

In contrast, PostgreSQL performed better with reading operations, including subsets of
write experiments which benefited the most from reading optimization. Regardless, the

trends were very similar. It can be stated that the parameters influence the number of

A novel Decision Support System for modern Relational and Non-Relational Database Systems 92



Chapter 4. Characterisation 4.7. Conclusion

operations per second predictably and of the same order of magnitude and form.

From the results, the following observations were made:

1. Indexes greatly improve read performance;
2. Indexes greatly improve sorting performance;
3. Indexes reduce write performance:

3.1 Adding more indexes always reduces write performance;

3.2 If the index helps reduce database scanning, the net effect is positive?;

4. Having a high limit reduces the number of operations per second, though inversely

increases the number of rows/documents per second;
5. Batching is beneficial in general;
6. Using multiple threads/connections is always beneficial®;
7. Inserting more fields per row/document decreases write performance;
8. Returning fewer fields improves read performance;
9. Updating fewer fields improves write performance;
10. Querying with fewer fields improves read performance, even if indexed;

11. Write operations are far more expensive than reading operations.

4.7 Conclusion

From the empirical data, it is evident that parameter changes affect the two database
systems comparably. Therefore, it can be concluded that the same design choices should
affect performances similarly. This leads to an interesting situation where selecting the
underlying database management system (technology) is less of a concern than the design
of the data model and data access patterns concerning database performance. This is an
important finding that was not foreseen at the onset of this research. However, it allows

the designer more options and flexibility.

An important deduction can now be made, namely that the term “hybrid” could now
imply a mix of traditional and modern NoSQL (denormalized) modelling techniques, re-
gardless of the underlying technologies. This emergent knowledge is highly informative

since it corresponds with the literature finding that the preliminary design phase has the

4For the specific index under question
®As long as the physical saturation point has not been reached
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highest impact on the database performance. This supports the notion that the technol-
ogy selection is done at the end of the SE preliminary design phase; that is, form follows

function.

Important findings from the experiments include the effects of parameters on database
performance. Knowing which parameters affect database performance, and more crucially
by what magnitudes (relatively), and understanding that the process should consider ap-
plication query patterns, combined with well-documented design methodologies, a decision

support system can be synthesised.

From a research perspective, this chapter addressed the concept research solutions by pro-
viding decision-support information for the DSS process model. Importantly, the parame-
ters that affect database design were identified to be used in the DSS decision tasks, which
will be defined in the following chapter.
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You don’t get results by focusing
on results. You get results by
focusing on the actions that

produce results.

C hapt er 5 Mike Hawkins

Proposed Methodology

Introduction

The previous chapter characterised the DBMS performances for both relational and non-
relational databases. These findings were used in this chapter to inform the development

of the DSS process model.

It was found that both databases perform and behave similarly with parameter changes.
Performance on essential database functions (empirical operations upon which all complex
transactions are based) were characterised. It can then be safely assumed that changes in
the design will affect both DBMSs in the same manner, considering their relative perfor-

mance differences as seen from the experiments.

From the literature, it becomes evident that emphasis should be placed on the SE process’s
preliminary design phase. This chapter, therefore, focuses on this phase and applies the
acquired knowledge from experimentation and academic literature. The relatively similar
performance and dependence on design-dependent parameters will be used as decision-

support information in the DSS design.

5.1 Overview

Not only database performance is essential when designing data-based systems, and sys-
tems engineering shows that considering each of the design phases individually is critical.
This means the interfaces between the database, applications, and other peripheral systems
must also be considered, including the associated resources, which will improve flexibil-
ity, maintainability and scalability. Moreover, factors such as human resources, technical

expertise and existing infrastructure are also essential.

Traditionally database design is uncoupled from the application design due to the roles
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of the developer and the modeller being separated [12]. Furthermore, this is further
exasperated by data models commonly (often rigorously) adhering to the third normal
form approach as the de facto standard. With the advent of NoSQL, where the data
model more closely resembles code structures, and more specifically, the sheer growth and

agility required by modern systems, this paradigm has been challenged [12, 20].

This chapter proposes a new methodology, which looks system-wide and designs for the
full life cycle as advocated by SE. Once more, some empirical guidelines will be discussed
for specific parameters but will be integrated into a system-wide paradigm which will help
steer the design of data models in the early stages of the design process to a design which
will be:

o Performant (by leveraging knowledge unearthed from the characterisation);
o Scalable (by incorporating best practices for distributed systems);

o Flexible (by making use of a modern paradigm for data modelling);

o Maintainable (by including the application and interfaces during design);

o Robust (by applying high availability controls and tools in modern database sys-

tems).

Database performance is quantitative and objective, and the characteristics were empiri-
cally determined in the previous chapter. Since more complex operations are combinations

of empirical operations, a net effect can be predicted.

Emphasis is placed on performance engineering because it impacts a system’s quality,
reliability, maintainability and sustainability [31]. It can therefore be stated that there is

a degree of interdependence between the design goals listed above.

Scalability can be tested by inspecting the complexity of relationships and operations to

be performed, as discussed below.

Flexibility is more qualitative and subjective since both databases allow for changing the

schema, — scenarios that can guide a decision will be discussed.

Maintainability is another subjective factor, which can be determined by complexity, inter-
dependence, required skill, existing architecture and technology, and integration require-

ments, among others.

Robustness can be determined by examining the final design and determining risk factors

and mitigations relating to high availability, which are also qualitative.

Since database (and application) performance is the only quantitative and objective mea-

sure!, other factors will have to be determined by the weight of importance and trade-offs

! As far as behaviour and order of magnitude are concerned
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for database performance will have to be made qualitatively. Each section describes pos-

sible trade-offs that may be required and what the expected impacts would be.

5.2 Phase 1: Real-world problem /input

Real Conceptual N Preliminary |  Detail
‘World Design Design ”| Design/Test

Y

System
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System and Subsystem

Feasibility Study Functional Analysis Technology Choice
Fur;c£1011aiyA1151 }sis Design Criteria System Design
0 tion: ly ystem & Subsystem Analysis Development (incl.
Repilirfe;ﬁ:;;g (incl. tradeoffs) maintenance)
Perforrﬁance l\'jlea;sures System Synthesis (incl. Test and Evaluation
modelling)

Considering the idiom that problems downstream come from problems upstream (also,
garbage in equals garbage out), the requirements phase is critical and will significantly

influence the stages to come.

During this phase, it is crucial to establish all the actors that will directly or indirectly
manipulate and use the system (where data is concerned, at least). For each actor, all the
possible interactions and actions must be elicited. All the high-level entities and attributes

must be established from the data exchanges and activities [3, 41].

The above is obtained by performing a requirements elicitation at the system level [23].
It is vital to elicit requirements relating to the whole life cycle of the system as-is, to-be,

and might-be. Otherwise, future growth could become inhibited and problematic.

5.3 Phase 2: Conceptual Design

Real Conceptual N Preliminary |  Detail
World Design Design ”| Design/Test

A 4

System
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Functional Analysis . >
X ystem & Subsystem Analysis! Development (incl.
Operational ) N
e —— (incl. tradeoffs) maintenance)
System Synthesis (incl. Test and Evaluation
modelling)

Performance MeasureS\

After the requirements have been thoroughly elicited, a high-level/operational-level func-
tional analysis (SE) has to be performed. All the domains, scopes and technical perfor-

mance measures (TPM) must be established. Statements regarding business rules such
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as entity A may only associate with ten entity B’s will prove helpful in making informed

design decisions later on.

Carefully define each entity that may pertain to data-related design in terms of cardinality

concerning other entities in a conceptual way.

Operational requirements must be established and will greatly determine the impact of
specific functional units [23]. It is essential to point out that no database technology

selection (technical requirements) or modelling has been made up to this point.

5.4 Phase 3: Preliminary Design

Real | Conceptual Preliminary Detail
World "] Design Design Design/Test

Y

System
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. . Design Criteria System Design
Functional Analysis >
; System & Subsystem Development (incl.
Operational o 1 N
Requi ¢ Analysis (incl. tradeoffs) maintenance)
EqUIremén s System Synthesis (incl. Test and Evaluation
Performance Measures .
modelling)

The most challenging yet essential decisions must be made during the preliminary design
phase. Conceptual designs (ER) still closely represent the real world. On the other
hand, preliminary designs more closely represent the abstract database system, while
detail designs more closely represent the physical database system and, ultimately, the
application’s structures. In other words, the conceptual design closely resembles the use

cases and actors, while the preliminary design resembles the application and system design.

The preliminary design phase mostly coincides with the typical tasks associated with the
ER approach: conceptual and logical modelling. However, it is still to be done agnostic
of the database technology. This section is split into two subsections: (i) Preparation and

(ii) Refinement.

In the preliminary design phase, there are specific tasks and methods that will require the
services of a skilled /trained DBMS designer as a subject matter expert. In addition, it is
assumed that on projects of this scale, a systems engineer will form part of the development

team in their customary multi-disciplinary capacity.

Preparation

SE methodology requires a refined functional analysis carried out at the subsystem level
during the preliminary design phase [23]. The section below will focus on the database

subsystem design, but imbuing the design with requirements and constraints that may
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arise from other subsystems (such as the application) or functions that interface with the

database is essential.

Design a use-case diagram as seen in the example in Figure 5.1. This diagram must
indicate all the actors using the system and all possible use cases, including use cases that
may become part of the system later. This diagram will be greatly enhanced by adding

the subsystem functional analysis performed in the SE approach.

System

Use case a Use case b

X

Actor 3

%/

Actor 1

T | e Cei>t— 1

Actor 2 Actor 4

Figure 5.1: UML use case example diagram [118]

Include annotations pertaining to the frequency by which actors will invoke a use case (such
as once daily, for example) or draft a UML activity (Figure 5.2) and sequence diagram
that further documents the system [118].

Actor 1 Actor 2 Actor 3

Action

___________ Note 5

Action

Object ¢

on; il‘/

Note

Action

e Object
Note

Figure 5.2: UML activity (swimlane) example diagram [118]
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It is imperative to define each use case in sufficient detail to avoid missing critical rela-

tionships, attributes or requirements that could impact the detailed data design phase.

It is vital to capture all the high-level data-related entities, attributes and relationships
identified from the requirements and functional analysis into a UML class diagram. Fur-
thermore, the specific cardinalities extracted above can be annotated to aid decisions
during later design steps. As mentioned before, cardinalities can be vague such as zero-
to-many, one-to-one, many-to-many, or — more desirably — specific such as one-to-fifteen,

for example.

It is of the utmost importance to make the distinction between the following kinds of

relationships, from weakest to strongest, in terms of dependence [118, 162]:

Association
Any logical relationship or connection in a broad sense without dependence on its

existence.

Aggregation
The parts form a whole, but both entities can exist without the other ex. a library
stores books. The life cycle impacts have to be considered here as well. If the library

was to be destroyed, the books might still exist independently.

Composition
Composition is a stronger relationship where the parts cannot exist independently,
ex. a building contains rooms. When a building is destroyed, the rooms are destroyed
by association as well. Hence, the rooms’ existence is dependent on the life cycle of
the building.

Inheritance
A specialization class inherits its parent’s attributes, functions and relationships
while gaining more specific traits. For example, an employee has an employee number
and department, but a manager additionally manages employees (a different use case

to model).

Association relationships should be carefully investigated and analyzed to determine if
they might fall into one of the more specific relationships. However, relationships that do
not are possible, for example, a supplier and client. Both entities have their own life cycle

and do not fit the part-whole pattern?.

An entity is then defined as a strong entity when its existence is not dependent on its

relationship to other entities.

Also include annotations on the growth rate of entities, such as how many entities are

added /removed per second, minute, hour or day. Query and update rates are also essential

2 A library consists of books, but both can exist separately
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and can be derived from related functions (or actions) and interfaces (the application, for

instance) and their specifications [21].

Multi-tenancy is the ability to service multiple clients or accounts from the same database
system. It is also important to annotate entities or relationships that discriminate the
data for each tenant. This might be, for example, by the user and/or by account. For big
data, it may often be required to add deeper hierarchies of the tenancy [163, 164].

Given the preliminary UML class diagram, activity diagrams, use cases and requirements,
it is possible to synthesize a preliminary design. This must be an iterative process to
address all the requirements described below. In essence, the process is now at the same

point as a traditional conceptual model.

Refinement

Up to this point, it had not been necessary to consider the lower-level database format
(tables or BSON documents). Again, it will not be needed during the rest of the prelimi-
nary design. This starkly contrasts typical logical modelling (middle phase of the design
process), where ER/UML diagrams are translated to tables. There are some special con-

siderations regarding normalization/denormalization, which will be discussed later.

The high-level entities are decomposed and fit into a logical data model for the prelim-
inary design step. Logical data models closely represent the lower-level database form,
whether document-oriented or tables, which can still be described in UML. Furthermore,
relationships with no direct analogy in databases — such as many-to-many relationships —

will be reduced in one of the many possible ways.

As demonstrated earlier in the thesis, rendering UML to Document-oriented or table-based
databases is possible. Therefore preliminary design still makes use of UML class diagrams
primarily. Simple elements with complex relationships are decomposed based on the ideal

normalization paradigm given a full life cycle view regardless of the underlying DBMS.

Furthermore, each entity’s attributes are garnered, and the attribute data type is specified
in generic database types (strings, numbers, dates etc.). Here again, no physical database
choices are made. For example, string could describe a description field instead of a
physical DBMS qualifier such as VARCHAR.

Factors that may influence the logical data design choices in this process include the

following:

o Number of rows/documents [101];

o Growth rate?® [21];

3In terms of orders of magnitude, ex. one per day, 100 per minute or 1000 per second
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o The lifetime of a row [6];
o Number and kind of relationships [6, 54];

— Dependencies;
— Dependents;

— Type of association;
« Growth and spread of associations* [54];
o The cardinality of each relationship [163];
o Frequency and nature of access [11, 21];
o Frequency of updates [6];

o Frequency of amendment to the schema [45];

The following sections describe the above processes and discuss how these factors affect

and guide the design during logical modelling.

5.4.1 Attributes

All entities’ attributes (or fields) garnered from previous steps are to be annotated in the

UML class diagrams. Basic data types can be used to annotate the fields initially.

Simple type attributes and some special fields, such as arrays of simple values, are to
remain within the UML class and should not be further decomposed, especially if it is not

considered a relational association (addresses or phone numbers of a user, for example).

All entities should be imbued with a unique identifier or ID field. The type for the field is
not vital until the detail design phase, though typically, the ID must be unique to some

extent, especially with regard to multi-tenancy.

5.4.2 Entities

Firstly all data entities and their attributes have already been rendered into a UML class
diagram, along with their fundamental relationships and cardinalities, as established in

the preparation sub-phase.

Considering the full system view, it is prudent that entities that will interface with the
database represent structures within the applications. Again, this is typically not consid-

ered in the traditional database design paradigm. Therefore a refining process is required

4Consider a social media platform where a person can only add one friend at a time, for example
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to render the relationships in such a way that they can easily translate to a lower-level

database-specific format.

As a first step, entities that grow boundless should always be first-class citizens and not
embedded. Boundless means that the entities can grow limitless in a relationship (or stan-
dalone), which implies they are difficult to embed fully. These entities will act as anchors
for other entities based on the relationships and how they will be rendered. Suppose such
an entity is a weak entity®. In that case, however, it could also be rendered with a bucketed

pattern, as discussed later [165].

5.4.3 Relationships
Directionality

All relationships between two entities are, per definition, bi-directional. Though for query-
ing and updating, it is essential to consider the direction in which operations are typically
performed. The relationship can be considered single-ended if the data is always accessed
in one direction only. This means that one would never, or rarely, query data in the other

direction (starting from the other entity).

The relationship between users and addresses is an excellent example of a single-ended
relationship. Though the address is technically related to the user, it would always be
accessed via the user entity: one would not typically look up a user based on their address,
for instance. To state it more plainly, it makes more sense to query the user to get their

address rather than querying the address to get its user.

Directionality is often important to resolve cases where both entities of a relationship are

equally strong.

Cardinality

Simplex relationships will first be discussed. Simplex relationships, for this methodology,
are defined as relationships between entities that do not have more than one strong relation

to other entities.

In the UML class diagram, full embedding (where an entity exists solely inside another
entity) is modelled as a single field or array of fields of the class type that is being em-
bedded. In contrast, referencing is modelled by only adding a foreign key field or array of
foreign key fields. These must be of the type that the referenced class’ primary key or ID
field is.

SExistence is based mostly on relationships with other entities
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One-to-one Relationships to entities that are of the one-to-one variety should be an-
notated with the associated class as type. Generally, one-to-one relationships are to be
embedded, especially when there is a robust and natural affinity to one end. A good
example would be an address of a user. It could be modelled with separate entities for
addresses and referencing the address from a user entity, but it is more natural to embed
the data. These relationships are often single-ended, as in the example where a user could
still be queried directly via his/her address if the address field was indexed. One would
still not require a reference in the opposite direction when embedded, even in cases where

the address is duplicated.

One-to-many Making a distinction based on more specific cardinality is essential for
one-to-many relationships. If the right-hand of the relationship is boundless, the right-
hand entity should always reference or embed the left-hand entity. For bounded or few®
right-hand elements per left-hand element, it might be beneficial to fully embed the right-
hand elements in the left-hand element [166]. The rule-of-thumb here is that composition
or inheritance should typically be modelled with embedding — the right-hand entity would
embed the left-hand entity. In contrast, typical association or aggregation should reference
the left-hand entity, especially in complex relational cases (where an entity is related to

more than one other entity type).

Even when considering the possibility of multiple addresses per user in our example (which
is technically one-to-many), the choice to embed the data seems more natural and bene-
ficial” since atomicity is still maintained, and queries can be made from both ends, given
appropriate indexing where applicable. Thus they are still functionally equivalent, but
the data is related to the user, and only the user is closer to home. Furthermore, this
more closely resembles how the data would be represented in a typical object-oriented

programming language®.

Many-to-many Many-to-many relationships come in three varieties, each with different

approaches required [162]:

Many-to-many
This kind of relationship has too many entries to consider embedding on either end.
For these relationships, it is best to have a traditional JOIN entity that pairs the left
and right-hand entities. These should be referenced, and full embedding should not

even be considered a baseline design choice.

Many-to-few and Few-to-many
Contrary to a many-to-many relationship, many-to-few and its counterpart have

only a few entities to reference or embed on the other end. This can then be handled

5Less than a few hundred for practical purposes can be considered one-to-few as a rule of thumb
"No JOIN would be required. A single row lookup could satisfy most queries
8Very few languages use tables and rows
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similarly to the one-to-few modelling described above. No JOIN entity is needed to
fulfil this requirement. Typically these are rendered as an array of references rather
than full embedding to reduce duplication and improve consistency. However, a

balance might be found with the extended reference pattern described later on.

Few-to-few
Similar to many-to-few, few-to-few relationships can embed or reference on both
ends, depending on the association type. One usually stores references on both ends

to reduce redundancy and gain strong consistency.

Complex relationships

Only simple situations have been considered up to now. When more complex relationships
exist where entities have different cardinalities and association types with more than one

entity, one should carefully consider how to render each entity and relationship.

The above process should be followed recursively, rendering the stronger relationships
first until only simplex relationships remain. Considering that boundless entities serve as

anchors, start with these and generate each association accordingly.

The primary decision to be made when modelling entities is whether to embed or reference
data or employ a hybrid approach. It is here where application query patterns play a vital

role in determining the necessary trade-offs to consider.

When fully embedded in complex cases, the following questions have a bearing on the

design choice:

e How often is the embedded data changed?

o How often is the embedded data required in a query?

The answer to these questions will determine whether embedding is ideal. When embedded
data changes often, these changes must be fanned out to all other entities embedding this
item (if consistency is required). If the ratio to writes versus reads is skewed to the
write-heavy side, referencing might prove more performant and maintain a stricter level

of consistency [166].

However, if the ratio is skewed towards the read-heavy side, embedding might prove more

performant by removing the need to JOIN the entities during a query [166].

The characterisation showed that writes are more costly on a database than reads, and it

should be given priority when designing these kinds of complex relationships.

Referencing is typically better for scaling writes for complex cases, primarily by avoiding

the onset fan-out. Embedding, in contrast, is better for reading performance, as it avoids
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JOIN operations. A third option is to utilize both models, following an eventual consistency
approach to embedded data. Attributes typically required in queries should be noted as
possible candidates for partial embedding for this approach. A fourth option could be to

utilize the bucket pattern (described later on), which creates buckets of references.

5.4.4 DBMS Choice

From Chapter 4, it was found that the specific technology was not the primary determinant
of the overall system performance. This was clear from the experimental results. The
premise of this guide (DSS) is to perform the conceptual and preliminary design agnostic
of the underlying technology. The technology selection can be based on the findings from

the experimental results.

Therefore, a database system (or systems) technology must be chosen at the end of the
preliminary design phase. This is done by performing a trade-off study to address design
and operational effectiveness. The system’s constraints, controls, resources, inputs and
outputs should dictate the choice. Since form follows function, the database chosen should
have a form and fit to meet the function [167]. This section will guide the choice of
underlying DBMS(s).

The characterisation of the two DBMSs chosen for this thesis demonstrated both systems
perform and behave similarly except for a small subset of parameter choices. In general,
PostgreSQL performed better at reading operations, while MongoDB performed better
with write operations, and at the end of the trade-off study, this will be considered.

Moreover, from the literature, it was seen that both databases provide similar features.

Disregarding database performance and scalability, for now, some qualitative and sub-
jective factors influencing the DBMS choice are summarized below. These, in the form
of a value system, could be used for multi-criteria decision-making (MCDM) based on a

weighted criteria approach [168]:

o Institutional knowledge in the form of a recorded body of knowledge (information);
o Skilled developers and designers on a specific technology (human resources);

o Available technology in an organisation (commercial or convenience);

o Infrastructure that support a specific technology (including agreements);

» Support from a specific vendor or service provider (specialised support);

o Legacy systems (AS IS) that may simplify transfer of data (portability);

o Future systems (TO BE) that may require a specific technology (need);

o Access to database maintenance / management personnel (administration);
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o Additional factors outside the scope of this research.

The factors above primarily affect the choice of the underlying DBMS in a qualitative
manner and will most likely be subjective. It is important to note that the data model
also dramatically impacts the decision and should be kept in mind when evaluating the
system. Details on the above factors, that affect the DBMS choice, fall outside of the
scope of this research and are best determined by stakeholders that hold an interest in the

project.

Since this guide serves as a methodology, it is possible to substitute any two DBMSs.
However, characterising the database options and following the same paradigm would also
be required when comparing different two. In this guide, MongoDB and PostgreSQL
exhibit the ability to embed and denormalize data in a NoSQL approach.

5.5 Phase 4: Detail Design
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After the preliminary design phase, a specific database system or systems have been chosen
based on a trade-off study. Generic constructs such as entities must now be represented
by tables (PostgreSQL), documents (MongoDB), or, in the hybrid case, both.

After the entities, relationships and attributes are rendered, some architectural decisions
relating to availability and scalability must be made. Therefore two sections are presented,

a development section and an architecture section.

Development

5.5.1 Key Fields

Candidate Keys

Keys, or fields and combinations uniquely identifying an entity, are called candidate keys.
Any candidate key should uniquely identify any instance of an entity. An essential at-

tribute of a candidate key is that it should not contain any other keys. The primary key
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is chosen from the pool of candidate keys and should be unique for the system’s lifetime.
For example, a user might have a username and email address; however, the system does

not allow a user to change their username, while the user may change their email address

2].

Primary & Foreign Keys

Each entity should have a unique identifier that is primarily used to identify it. Tra-
ditionally these fields have been called primary keys, used to reference the entity in its

relationships.

In the user example from earlier, it was found that the username field was more suited for
the primary key since it does not change during the system’s lifetime. This is an essential

factor to consider [3].

Primary keys do not have to be a singular field and may contain compound fields, or as
shown by Copeland, a single compound string containing a prefix-searchable compound

field [11], for example.

In MongoDB, each collection entity must have an _id field which is automatically indexed
uniquely”. Furthermore, the field is immutable, and the record has to be deleted and
recreated with a new _id field if needed. MongoDB will, by default, add an ObjectId
value, which is date-sortable and globally unique [48].

Similarly, PostgreSQL and relational DBMSs typically have a UNIQUE NON NULL property
added to the PRIMARY KEY attribute, which prevents duplication of primary keys. This is
not strictly enforced, and it is possible to create tables with no primary key, though it is

a recommended best practice to have a primary key per entity [51].

Primary keys stored as a reference in another entity are called foreign keys. Foreign keys

could also be a component in a primary key, especially when it is part of a JOIN table [52].

5.5.2 Referential Integrity

Referential integrity is the part of an ACID system that guarantees references remain
consistent. That implies that an entity cannot be removed or changed while still being
referenced by another entity via foreign keys. Per relationship, constraints can be applied
to foreign keys to dictate the operation to follow. The options for updating and deleting

are summarized below [51, 52]:

ON UPDATE/DELETE:

CASCADE operations will apply the changes downward: if an entity is deleted while refer-

9Capped collections are an exception to this rule
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enced, the entities having references will also be deleted /updated.
RESTRICT operations will prevent the changes and cause the transaction to fail.
SET NULL operations will set the references to NULL.

SET DEFAULT operations will set the references to the default value for the reference
column. NO ACTION is similar to RESTRICT, but the action is deferred until later in

the transaction.

NO ACTION does nothing.

Although the above are executed within the database system, specifically PostgreSQL,
similar guarantees can be implemented and managed from the application with a simple
update transaction per entity/relationship. Application side referential integrity can be
applied to PostgreSQL and MongoDB, though it is the only method possible for MongoDB.

5.5.3 Indexes

From the characterisation done in the previous chapter, the factor which had the most
significant impact, bar none, is the choice and application of indexing. It impacts both
write and read operations and should therefore be carefully and meticulously designed to

support the application’s specific needs and requirements for its full life cycle.

Indexes have only one primary purpose: to speed up reading and sorting. These include
read-related aspects associated with updates, deletes and inserts under constraints'®. Ben-
efits differ by magnitude based on the number of rows affected by an operation. The more
rows/documents that have to be found and sorted, the greater an index’s impact will

manifest.

It is, therefore, important to know how the number of rows/documents grows in the full
life cycle of the system. If a predictably small number of rows will always be present,

indexing might not be crucial.

Conversely, with each additional index, write performance suffers for all write operations to
a table or collection. This is true even when the fields that are updated are not indexed!!.
However, the orders of magnitude in losses are significantly smaller than the gains that

reads inherit.

To successfully design the indexes, one has to consider the frequency at which queries will
be performed. It might be more desirable to allow longer query times than to suffer lower

write throughput for all inserts/updates. However, if a query is performed frequently,

OFor example, inserts that have to ensure uniqueness on one or more fields
1This mainly occurs when a document has to move physically on the storage system — all indexes have

to be updated to reflect the new physical storage address
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especially if the collection/table grows significantly large, it cannot be helped but to add

an index [11].

When it is conclusive that an index is required, it is then imperative to properly design

the index/indexes.

Binary Tree Indexes

Binary tree indexing is the de facto standard indexing technique for MongoDB, Post-
greSQL and most common DBMSs. B-trees, as they are referred to, store key-value pairs.
The key would be the indexed column or field, and the value would be where that data
element physically resides [54].

B-trees can be looked up based on an exact key match, a contiguous range of keys, or a
prefixed key [54].

These indexes can also be compounded with multiple columns or fields, which have to
be queried in order — that means if the index is built with column A, then B, then C,
one cannot look up a C value only. Queries must be A first, then B, then C, or ranges
thereof, to benefit from the index. Furthermore, postfixed queries cannot be used either,

and columns cannot be skipped [54].

This character of B-trees leads to the rule of thumb of indexing multiple columns — start
with the most selective column first, then work toward the least selective column. This
must be superseded by the fact that the left-most columns have to be fully specified to

benefit from the right-most columns [54].

It is important to note that individual indexes on columns cannot be used together on
multi-column queries. Therefore, it is crucial to structure the index appropriately and get
as much mileage out of a single index as possible. It might also be prudent to consider

querying with additional fields to utilize existing indexes [54].

Another factor to consider is that if results have to be ordered, the index ordering should

coincide with the query order requested [54].

Speciality Indexes

While MongoDB and PostgreSQL can index similarly, PostgreSQL has the most index
types, with various features and caveats. However, for this thesis, only common indexes

will be discussed.

Partial Indexes Both database systems can create partial indexes. Instead of indexing

over the entire key space, these indexes only index based on specific constraints. An
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example would be the unique constraint or indexes, which only index rows/documents

that contain a particular range of values (for instance, only accounts in arrears).

The advantages are that indexes are smaller and queries that hit the index have a much
smaller scan surface to search through than full indexes. It has no specific negative impact,
except that it cannot be used for sharding or partitioning. Furthermore, they can only
be used on queries that satisfy the same constraints, which limits their general usefulness

148, 51].

Geospatial Indexes Many modern applications are location-aware, from advertising
to IoT and all in-between. Omne needs a geospatial index to efficiently query based on
proximity, containment, and intersection on spherical or two-dimensional coordinates and

shapes. Both PostgreSQL and MongoDB support these indexes and queries [51, 76].

Full-text Search Indexes Like geospatial indexes, if an application is required to do a
full-text search, one needs an index to accommodate the queries for a growing database.
The critical difference between standard and full-text searches is that it is language-specific
and supports efficient querying of words within more extensive texts. These indexes sup-

port diacritic and case insensitivity and some limited support for collation [48, 51].

Dedicated solutions can work well for hybrid integration and are purpose-built for full-text
search. It is often a more desirable solution if a full-text search is a critical application

function. Popular open-source solutions include Apache Solr!? and ElasticSearch!3 [11].

Covered Indexes Covered indexes are not a special kind of index but specific con-
ditions where additional fields in an index improve query performance. When a query
and projection can be fully satisfied with the index alone, the database system does not
need to fetch the actual row/document. It can completely fulfil a query by itself [48, 51].
It is, therefore, a possible optimization to include an additional field or fields to the in-
dex to satisfy the covered condition. Adding more fields impacts write performance, as

demonstrated by the characterisation.

5.5.4 Design Patterns

This section might have an impact on the preliminary design phase. The former sections
have discussed typical modelling techniques. Specific patterns exist, however, which should
be implemented where needed to make optimizations [165]. These patterns impact design
choices for both the database and the application, reinforcing the system-wide design

concept.

2https://solr.apache.org/
Bhttps://wuw.elastic.co/elastic-stack/

A novel Decision Support System for modern Relational and Non-Relational Database Systems 111


https://solr.apache.org/
https://www.elastic.co/elastic-stack/

Chapter 5. Proposed Methodology 5.5. Phase 4: Detail Design

Approximation

Approximation is a pattern that periodically, or when a certain threshold is met, updates
data from the application side as needed. This pattern reduces high velocity and turbulent
updates to the database and is helpful for data that is not mission-critical for to-the-second
accuracy. A good example that could benefit from this kind of pattern is counters of most
types, where knowing the exact number is less important than knowing a ballpark (or

eventually consistent) approximation.

From the experimental characterisation, it was demonstrated that batching is always ben-
eficial. This pattern can exploit this behaviour, for example, by scheduling periodic batch

updates of statistics and counters instead of using many individual updates.

Attribute

In the case where many fields are of the same context and have to be searchable with
single queries, this pattern is helpful. Indexing many fields is expensive and, as shown
earlier, challenging to make into a compound index. Therefore, instead of creating many
indexes, the attribute pattern suggests grouping the fields within a single array indexed

on a shared internal field.

This pattern can be implemented on MongoDB and PostgreSQL, though depending on

the complexity, PostgreSQL might need to use jsonb columns.

Bucket

Bucketing is a pattern where one row or document stores an array of elements instead
of fanning out on rows or documents. A new bucket is added when the array reaches a
specific size. This pattern allows for higher-arity embedded relationships; by linking to a

parent node, one can page through many buckets.

Computed

When complex operations are required, but real-time accuracy is not critical, one can
leverage the computed pattern. When the associated fields are not frequently updated, one
can improve read performance by periodically pre-computing a complex field. The level of

accuracy can be determined by, for example, per-minute updates and daily recalculations.
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Versioning

The versioning pattern uses two collections or tables to store the current version of a
document /row and revisions of the same document. This pattern is applicable when there
are typically few revisions per document, few documents and most queries will be on the

current version.

Extended Reference

Typically a reference will only contain the foreign key of the referenced element. The ex-
tended pattern embeds frequently joined fields that do not change often or where eventual

consistency is acceptable.

Outlier

The outlier pattern can be used in cases where a relationship is typically one-to-few and
very seldom one-to-many. The pattern uses embedding for the general case, referencing
exceptional or outlier circumstances. Since MongoDB does not enforce a strict schema,
it can easily be malleable in these cases. For PostgreSQL, one can use a nullable field

for both the embedded entry and the referenced entry or a flexible column like the jsonb

type.

Polymorphic

Polymorphic collections or tables allow for documents or rows with many fields in common
to reside in the same space. For schema flexibility, PostgreSQL can use jsonb fields or

inheritance if more rigidity is acceptable.

Schema Versioning

This pattern only applies to MongoDB or PostgreSQL’s jsonb types. It is prudent to add
a schema version field in a document for flexible schemas that lose backward compatibil-
ity. As a result, the application can alter its processing accordingly, reducing application

complexity.

Subset

The subset pattern is very similar to the extended reference pattern. A document embeds a
subset of the relation and references the rest. This is useful, for example, to keep a cache

of sorts, for instance, keeping a user’s last ten logins. The information is immediately
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available without JOINing, and if a drill-down is required, the application can leverage full

reference-based queries.

Tree and Graph

One can embed an entity’s ancestry in an ordered array of hierarchical data that must
be stored. Ome can also store direct parents/children separately for convenience. This

pattern lends itself to product categories very well.

5.5.5 Views

PostgreSQL and MongoDB support views, which are read-only query-based lookup func-
tions, presented as an actual table or collection. Views are only pre-established queries
and projections on one or more tables or collections. Views have the advantage of taking
a form already usable by the application without having to duplicate query code. In the
case of MongoDB, views are built from an aggregation pipeline, while PostgreSQL makes
use of standard SQL queries [48, 51].

When a query is run on a view, it can be materialized into a physical table or collection.
A materialized view is often used to generate and aggregate periodic information. Mate-
rialized views can be indexed to improve query performance and updated by merging in
new results. This is similar to the computed pattern mentioned above but works on table

or collection level typically [48, 51].

5.5.6 Consistency

Denormalization has an impact on the consistency of both database technologies in the
following ways:
o Updates have to fan out to prevent stale data;
o Data is always eventually consistent (given updates are performed on multiple rows/documents);

e When manual sharding is applied.

Strong consistency can be achieved using transactions on MongoDB and PostgreSQL but

should be used sparingly and only where necessary.

The trade-off is to consider whether a field of an embedded entity is updated often or
is usually required in the results. Good candidates are seldom updated, but frequently
requested fields [166].
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There is also the ability to make more robust consistency queries when having current
information is critical. In these cases, the original document or row can always be queried,

instead of relying on the embedded, possibly stale data.

One can rely on transactions for multi-row or cross-collection/table updates to provide
strong consistency. One can also use two-phase commit protocols, which guarantee that if
a portion of a transaction fails, all changes made can be rolled back [41]. Many databases
make internal use of this protocol to accomplish transactions, but it can be implemented

on the application side as well [6].

MongoDB has guaranteed atomic operations per row, which, when embedding, can provide
atomic operations across more than one entity. This is a special case where MongoDB can

provide strong consistency with a modern paradigm.

It is clear that an appropriate consistency level can be achieved in different ways for
PostgreSQL and MongoDB, and that it forms part of the modelling and design steps.
During the detail design, a specific consistency approach should be chosen on a case-by-

case approach, whether from the application end, the database end, or a combination.

5.6 Hybrid Database Modelling

At the beginning of this chapter, the statement was made that hybrid modelling may entail
a hybrid approach to modelling even when using single database technology. However,
hybrid models based on more than one technology should also be discussed as it is just an

extension of the same approach.

It was demonstrated that the same modelling techniques and principles apply to SQL and
NoSQL models. For this reason, when considering hybrid database approaches, one only

has to determine whether an entity exists only in one database or more than one.

When an entity depends on another entity that exists only in another database, the appli-
cation has to handle joining data and ensure consistency. If an entity should be available
on both databases (due to specific requirements), some duplication and synchronisation

are needed to provide consistency.

Hybrid approaches are only beneficial if a specific function or feature is required or existing

architecture has to be integrated into new developments.

Using tools like mongo_fdw'# which allows transactions with Mongo from within Postgresql
makes hybrid approaches much easier. It also allows MongoDB to be exposed to a SQL

interface.

The following factors, among others, influence the overall cost of hybrid technology designs:

Yhttps://github. com/EnterpriseDB/mongo_fdw
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e Duplication of data;

e Complexity of design;

o Availability due to interdependence;
o Maintainability;

o Flexibility.

Hybrid designs may require additional inserts/splitting models, duplication, and redun-

dancy, but the cost has to be evaluated.

Architecture

The previous sections described ways to model the data better. The following sections

will discuss aspects relating to high availability and scalability.

5.6.1 Replication

Replication, the process of duplicating data, happens between a primary and one or more
secondary database nodes. It typically comes in two varieties: (i) synchronous and (ii)

asynchronous replication.

Synchronous replication delays committing operations until the operation has been applied

to a replica(s). This has the benefit of no replication lag, but throughput also suffers [39].

Asynchronous replication, in contrast, replicates in parallel to other operations. Hence it
is possible, and likely, to lag behind the primary server. This method does not significantly
impact throughput [51].

Lagging implies that if queries were to run on a secondary, there is a margin of staleness
(typically not more than a few seconds). The staler a replica becomes, the greater the risk
of replication failing due to the replication window growing too small to handle the lag.
This is true for MongoDB and PostgreSQL [48, 51].

The purpose of replication is to have a backup of data and the ability to be highly available
in the event of a primary failure. When this happens, a secondary can be promoted and
assume the role of the primary. It is possible (especially for asynchronous replication) to

lose some data equal to the lag window [48].

Managing replicas in MongoDB is very intuitive and user-friendly. On the other hand,
PostgreSQL leaves many of the fail-over functions for the user to implement. Many open

source and free tools exist to manage replication for PostgreSQL, such as replmgr!'® and

Yhttps://repmgr.org/
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EnterpriseDB Failover Managerlﬁ.

5.6.2 Partitioning

Partitioning is the ability of a table to be partitioned either horizontally (by splitting rows)
or vertically (by separating columns). Each partition can be stored on a separate physical
disk, thus increasing read/write speed, optimally making use of cache and decreasing the

search surface [51, 54].

MongoDB cannot partition traditionally but instead adopts the concept of sharding, which
closely resembles horizontal partitioning, but automatically and dynamically rebalances

partitions to have equal (or deterministic) splits [43, 48].

Sharding

Sharding allows for the horizontal scaling of reads and writes. Both databases can partition
(or shard) based on a range of keys or hash. Sharding, in addition to regular partitioning,
migrates a partition to a different server altogether. Not only is disk performance scaled,
but also reads, writes and CPU-bound work [48, 50]. MongoDB has built-in support
for automatic and dynamic sharding and rebalancing [48]. PostgreSQL can be sharded
manually by combining partitions with foreign data wrappers, or it must use external tools
such as the open source Citus'”. Manually balancing shards can be difficult, complex and

time-consuming and is discouraged for large production environments [50, 169].

Employing tools such as Citus, PostgreSQL’s automatic sharding capabilities become on

par with the offerings inherent in MongoDB.

Sharding can be done on a shard key or a hash key. Shard keys have the advantage that
queries will only be sent to matching shards, but it could also lead to hot shards, where
queries are not distributed well enough. Choosing a good shard key (or compound shard
key) can prevent such problems. Selecting a shard key is similar to building an index,
with the specific requirement that the key is to be included in queries that target specific
shards [6, 72].

On the other hand, hash keys equally divide a table/collection based on a hash value.
Searching by anything unrelated to the hashed key will be spread out to all shards. Writes,
however, will be balanced very well. Hash keys are primarily used when there is no good
shard key available [6, 72].

Sharding is the only way to scale out both reads and writes, and modelling data so that

it can sufficiently be partitioned and distributed is the metric for scalability [54].

https://www.enterprisedb. com/docs/efm/latest/
Yhttps://wuw.citusdata.com/product/community
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Good shard keys, singular or compound, have the following traits, and being able to

identify such a key in a collection or table indicates good scalability [48]:

Large cardinality

The keyspace is large, and many unique chunks can be identified.

Low frequency
Keys with high frequency, in contrast, would be stored on the same shard, and

scalability would decrease.

Non-Monotonically changing
New inserts end up in the same shard until rebalancing occurs because monotonically

increasing keys will always be on the outer edge of the keyspace.

5.6.3 High Availability

Combining sharding for scaling up and replication for redundancy produces highly avail-
able robust database clusters. Historically this has been a complex problem to address,

and many ways exist to accomplish this.

MongoDB supports high availability as a built-in feature and requires minimal configura-

tion and management to enable and benefit from it [72].

PostgreSQL does not have high availability built-in, and tools, some mentioned already,
are recommended for replication and sharding. Additionally, tools such as HAProxy'® and

19

PgBouncer ™ can aid during failover and query routing to active servers.

5.7 Process Model Summary

After the processes described above have been satisfactorily completed, the design of the
database subsystem is complete. All interfaces and functions interacting with the database
are defined and documented; thus, the application could be developed and implemented

in parallel.

Many facets of database design have been presented in a logical order. Some aspects,
typically for DBAs, have now been presented as an integral part of application design,

and this is in stark contrast to typical database application design methodologies.

The sections above contain an abundance of detail and examples. Appendix A presents
the DSS in a more summarised, concise format, which should be easier to follow, given a

firm comprehension of the abovementioned aspects.

Bhttp://www.haproxy.org/
Yhttps://www . pgbouncer.org/
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5.7.1 Conclusion

This chapter presented a decision support system that is based on a process model with a
specific workflow derived from the SE process. Difficult design choices, decisions, methods
and techniques are included to assist with the use of the process model. The process model
was derived from an extensive literature study, subject matter expertise, and alignment

with best practices.

The overall framework fits in with the research design, where the following links can be

made to close the loop between the research design and the DSS model:

The process, item 1 in Figure 2.4 was implemented in the form of the workflow as

presented in this chapter and Appendix A.

The process is a model that must be applied to a specific data-based application
development in order to become an instantiation of the process model, as is usual in
the DSR paradigm.

Procedures and People, item 2 in Figure 2.4 are shown as sub-sections of the work-
flow. Procedures are embedded in the process and will be executed by database

developers and designers.

Specifically, design procedures are present in the Preliminary and Detail design
phases, where database developers and designers (respectively) are employed to im-

plement these procedures.

Methods and Techniques, item 3 in Figure 2.4 are evident from the process in places
where decisions must be made, quantitative or qualitative, as can be seen in Ap-

pendix A.

These techniques are specialised and must be applied based on specific conditions

and considerations that are application and technology-dependent.

Technology, item 4 in Figure 2.4 is the selection of a DBMS or a combination of

DBMSs (hybrid) to implement the database model developed in the process.

The technology selection is simplified by knowing that the performance of a DBMS
is not critical (given similar performance characteristics). Design choices are more
important than the effect of design-dependent parameters on the technology selec-

tion.

The designer may reference the empirical results from chapter 4 in the design process to
best utilise the underlying DBMS. For example, a designer may improve the system’s per-
formance by employing multiple threads; similarly, designing for batch operations instead
of single operations can improve the application’s overall performance. More details on

design choices are provided in Appendix A.
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This chapter is not an exhaustive guide to design. Nevertheless, the process considers
all critical design aspects and presents it in such a way that the underlying database
technology becomes less important in terms of performance. Furthermore, the DSS process
model informs critical choices, such as whether to embed or reference and when to use

indexing.

It is important to emphasise that database design is not linear and is, as such, not a
simplistic process. It is imperative to evaluate performance and structure iteratively, to
review, and to improve the design in light of the project’s full life cycle using a systems
perspective. Once all constraints have been adhered to and all the requirements efficiently

met, the implementation phase can commence.
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Use case validation

Introduction

The purpose of the empirical characterisation experiments (Chapter 4) was only to test
basic operations and how design parameters affect them. These findings and the DSS were

essentially applied to a TPC-C implementation.

TPC-C has many complex and nested queries, spanning multiple tables and many opera-
tions and serves as a validation test that complex operational performance can be improved

from knowledge emerging from the empirical characterisation.

The research is not complete without validation of the DSS process model of the previous
chapter on a benchmark test. It is imperative to show that the DSS approach will result in
an improvement when applied to a generic test problem, which was found in the literature

as an e-commerce system, called the TPC-C benchmark.

Therefore, this chapter evaluated DBMS performance after following the DSS process
on the TPC-C benchmark. The TPC-C benchmark specification defines the database
requirements, how to generate the initial data and perform the five transactions used in
the benchmark system [152]. To remain objective, both traditional and modern approaches

were applied to both PostgreSQL and MongoDB implementations.

Thus four sets of tests were conducted to measure the business performance of the bench-
mark — the number of new order transactions per minute (TpmC) achieved. Source code

and instructions are provided in Appendix D.

The research and results discussed in this chapter were published in the 2022 SAITEE33
conference proceedings [161] and closely correlated with findings from Kamsky who did

similar research on MongoDB specifically [156].

The purpose of the use case validation is to use a well-known and documented use case and

apply the new knowledge obtained in this research to (i) validate the empirical results in a
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real-world use case and (ii) validate that using the DSS can lead to improved performance.

6.1 Background

The TPC-C benchmark consists of the following nine entities, which form part of an

e-commerce stock management system [152]:

Warehouse
The warehouse is an entity which can expand to increase the load during bench-

marking.

District

Each warehouse consists of exactly ten districts.

Customer
Three thousand customers are populated per district, thus thirty thousand per ware-

house.

Order
An order entry stores the customer, warehouse and district. It contains the order’s

unique ID used to collect all order line items on the order. Orders grow boundless.

Order line
Order lines store the number of items, the item’s ID, quantity and amount and a
foreign key to the order it is part of. The supplying warehouse ID is also stored.

Orders have between five and fifteen order lines.

Item
Items are unique items with a name and base price. Each warehouse has a hundred
thousand items.

Stock
Stock are entities which capture the state of an item’s stock within a specific ware-
house. Each warehouse has a hundred thousand stock items.

History

This entity keeps track of payments made by a client. It stores the foreign keys of
the customer, the customer’s district and warehouse, and the district and warehouse
where the payment was made (if not in the customer’s district). History entries grow

with each payment.

New order
This table stores new orders by order ID. Each entry is removed upon delivery of
the order.
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Miscellaneous fields exist in entities to simulate additional data and processing overheads.

Acting on the above list of entities are the following five transactions, categorised by
whether they are read-only and the load intensity, ranging from a light- to a heavy-weight

impact on performance [152]:

New order
A mid-weight, read-write transaction. An order, order lines and the new order are
generated. The warehouse, district, customer and stock entities are modified. It is

therefore considered a complex transaction.

Payment
A lightweight, read-write transaction. Only a history entry is inserted while modi-

fying the district, warehouse and customer entities.

Order status
A mid-weight, read-only transaction. This transaction queries a customer’s last

order’s status.

Delivery
A mid-weight, read-write transaction. A batch of ten new (non-delivered) orders is
processed. A new-order entry is deleted, and the order and customer entities are
modified.

Stock level
A heavy-weight read-only transaction. Stock-level transactions count the number of

recently sold items with a stock level lower than a predetermined threshold.

The TPC-C specification describes each transaction in significant detail and provides de-

velopers with implementation, verification and execution guidelines [152].

6.1.1 Traditional model

The traditional model is strongly based on the data model provided by the TPC-C speci-

fication, as shown in Figure 6.1.

Each entity with a primary key has an index for fast lookups. Additionally, the customer
collection has an index for looking up based on the customer’s last name, as required on

some transactions.

The model is in the third normal form (3NF), as all the fields in each table only refer to

the primary key. References to other entities are done solely with foreign keys.
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I TR

*
c_since timestamp ~—— d_w_id integer h_date timestamp
cid integer ' — d_next_o_id integer h_c_id integer
c_w_id integer d_id smallint h_c_w_id integer
c_d_id smallint d_ytd numeric(12, 2) h_w_id integer
c_payment_cnt smallint d_tax numeric(4, 4) h_c_d_id smallint
c_delivery_cnt smallint d_name character varying(10) h_d_id smallint
c_first character varying(16) d_street_1 character varying(20) h_amount numeric(6, 2)
c_middle character(2) d_street 2 character varying(20) h_data character varying(24)
c_last character varying(16) d_city character varying(20) . (h_c_w_id, h_c_d_id, h_c_id)
c_street_1 character varying(20) d_state character(2) (h_w_id, h_d_id)

C_street_2 character varying(20) d_zip character(9)
c_city character varying(20) f_1 (d_w_id, d_id) 1
c_state character(2) _
o_entry_d timestamp
c_zip character(9)
order_line o_id integer
c_phone character(16)
ol_delivery_d timestamp o_w_id integer
c_credit character(2) -~
ol_o_id integer o_c_id integer
c_credit_lim numeric(12, 2)
ol_w_id integer o_d_id smallint
c_discount numeric(4, 4) -
ol_i_id integer - o_carrier_id smallint
c_balance numeric(12, 2)
ol_supply_w_id integer o_ol_cnt smallint
c_ytd_payment numeric(12, 2)
ol _d_id smallint o_all_local smallint
c_data character varying(500) 1
1 ol_number smallint (o_w_id, o_d_id, o_id)
(c_w_id, c_d_id, c_id) *
o ol_quantity smallint (o_w_id, o_d_id, o_c_id)
(c_w_id, c_d_id) —_
ol_amount numeric(6, 2)
~ s_i_id integer
s w_id integer
no_w_id integer (ol_supply_w_id, ol_i_id)
s_ytd integer
no_o_id integer
s_quantity smallint
no_d_id smallint
1 s_order_cnt smallint
(no_w_id, no_d_id, no_o_id)
s_remote_cnt smallint
warehouse
s_dist_02 character(24
w_id integer ki = = 24)
R s_dist_03 character(24)
w_name character varying(10)
. . 1 s_dist_04 character(24)
w_street_1 character varying(20) i_id integer
: s_dist_05 character(24)
w_street_2 character varying(20) i_im_id integer
i ! ) s_dist_06 character(24)
w_city character varying(20) i_name character varying(24)
: s_dist_07 character(24)
w_state character(2) i_price numeric(5, 2)
i : 2 s_dist_08 character(24)
w_zip character(9) i_data character varying(50)
i s_dist_09 character(24)
w_tax numeric(4, 4)
A s_dist_10 character(24)
w_ytd numeric(12, 2)
s_data character varying(50)

—L (s.w.id,s.iid)

Figure 6.1: TPC-C traditional relational model
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6.1.2 Modern model

Considering the relationship between Order and Order Lines, one will find that orders are
a composition of order lines. Since order lines per order do not grow boundless (only up
to ten according to the specification), fully embedding order lines within an order is ideal,
as stated in the DSS.

Not only is one table removed, but when querying an order, it only requires a single
request to the database. Moreover, common and duplicated fields, such as the delivery
date, are shifted into the parent order, reducing the number of write operations required
for updating during a delivery. Also, the order’s primary key doesn’t have to be referenced

in the order line items, further reducing duplication, database size and index requirements.

Furthermore, a new order entity is merely a duplication of the primary key of an order.
New orders can be represented by a field in the orders entity instead of an entire duplicated
row in a separate table. This change removes the primary key index of the new order table,

and creating a new order has one fewer insert operation.

The final UML class diagram for Orders is shown in 6.2:

Order
o_entry_d : DateTime

OrderLine
ol i id : Integer

o_id : Integer
o_w_id : Integer
o Gl il 5 Eitreras ol_supply w_id : Integer
5..15 ol_number : Integer
Contains ol__quantity : Integer

ol _amount : Numeric

¢

o_c_id : Integer
o_ carrier_id : Integer

o_ol_cnt : Integer
ol_dist_info : String

o_all local : Boolean

o_order_lines : [OrderLine]

Figure 6.2: UML class diagram for the TPC-C Orders entity

Additionally, one would require an index to look up new orders from the order entities. A

partial filter index on the new field can be applied to reduce the size of the index.

The new order transaction, therefore, now only requires inserting one document instead

of one for the order, one per order line and an additional entry for the new order.

6.2 Experimental setup

The benchmark used the same testing system as the empirical tests to execute the ex-
periments. For each database, a traditional approach was followed during modelling and
implementation. The benchmark was run while varying the number of warehouses and

the number of concurrent clients, as required by TPC-C.
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The same process was followed by the modern approach described in the previous chapter

and measuring the TpmC.

6.3 Results

6.3.1 PostgreSQL
Figure 6.3 shows the TPC-C results for PostgreSQL.
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Figure 6.3: TPC-C results for PostgreSQL

An average of 20% improvement in TpmC was found for PostgreSQL when utilizing a
modern approach. The results indicate a decline in TpmC for more than four warehouses,

which can be attributed to larger working sets which do not fit entirely into RAM.

The impact of multiple threads, or concurrent clients on the system, is shown in Figure
6.4. The empirical results showed that database systems scale well with more threads,

which was also true in the benchmark.
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Figure 6.4: Thread impact on TPC-C results for PostgreSQL
6.3.2 MongoDB

Figure 6.5 shows the TPC-C results for MongoDB.

An average of 12% improvement in TpmC was found when employing a modern approach.

A similar decline in TpmC was seen when more than four warehouses were used.

The impact of multiple threads, or concurrent clients on the system, is shown in Figure
6.6, which closely correlates with the trends in the results of the PostgreSQL tests.

6.4 Summary

An average increase in TpmC of 20% for PostgreSQL and 12% for MongoDB was found

using a modern modelling approach as shown in Figure 6.7.

The improvement can largely be attributed to the reduced database operations and fewer
indexes. Even though the modern approach made only a few changes to the underlying

model, the model significantly improved the system’s performance.

This use case test results validate that a modern approach to data modelling can im-
prove database and application (system) performance for relational and NoSQL database

technologies.
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Figure 6.5: TPC-C results for MongoDB
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Figure 6.6: Thread impact on TPC-C results for MongoDB
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Figure 6.7: TPC-C average results

Furthermore, the guidelines outlined in the decision support system lead to the improved

model.

The simpler data model also impacted the complexity of the test applications. In the case
of the PostgreSQL implementation, the SQL-based instructions did not easily allow for
a hybrid approach for embedding, while MongoDB easily accommodated both modelling

approaches.

6.5 Conclusion

The use case validation served two primary purposes: (i) validate the characteristic results
in a complex environment and (ii) validate that the DSS can guide a design to have

improved performance.

Additionally, this use case also validated the notion that by following the same mod-
ern paradigm (from the DSS) on both technologies (PostgreSQL and MongoDB), similar

results can be expected.
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The performance increase gained from following the DSS process must be considered in the
context of contracting the services of a DBMS designer to execute tasks in the preliminary
and detail design phases. The actual gain will depend on the size of the application and the
cost saving associated with each application. These are highly specific to the environment
and the cost structures of a specific organization and must be determined on a “per case”

basis.

Considering the research context framework, this chapter contributes to the following,

namely that the TPC-C test case validates the DSS process model as follows:

The process, item 1 in Figure 2.4 can identify where optimisation is possible and
provides a valid process for the design of a database model from operational re-

quirements.

Procedures and People, item 2 in Figure 2.4 can be applied for the design of a database
model by means of procedures that were effective in addressing the requirements of

the test case.

Methods and Techniques, item 3 in Figure 2.4 are applicable and pragmatic in a

real-world context and a modern paradigm can be applied to relational technology.

Technology, item 4 in Figure 2.4 is not a critical design factor. Similar results were

obtained for both relational and non-relational technologies.

In the research project, this chapter validates the findings from the literature study and
shows that the process, procedures, and methods apply to a real-world test case. The
evidence provided by this validation also confirms the findings from experiments, namely
that the choice of technology is less important when a correct process is followed, design
choices are made according to the provided guidelines, and implementation is done on
both relational and non-relational database technologies. The pragmatic value of the DSS

process model is also demonstrated.
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Begin thus from the first act,

and proceed; and, in conclusion,
at the ill which thou hast done,
be troubled, and rejoice for the

good.

Chapter 7

Pythagoras

Conclusion

Overview

The Research Validation Matrix, as set out by the Quality Research Management Frame-
work, is primarily used to provide traceability to the research project. Validation and
verification of the project occur at various stages in the QRM framework and are illus-
trated and captured in the RVM.

The completed RVM is presented in Table 7.1 below. Literature topics were condensed to

be more concise and not detract from other elements in the RVM.

The following sections will review each of the segments in the RVM and draw conclusions

related to the research and contributions thereof.

7.1 Research Problem Validation

In Chapter 2, the original real-world problem context was defined as How does a real-world
data-based application benefit from pragmatic design and implementation? This real-world
problem was then translated into the following research problem: What are the critical

database design and implementation factors that affect database performance?

To validate that a research problem is, in fact, a valid problem, it is necessary to have
sources confirming and defining the need. Studying these sources leads to the identification

of a set of research challenges.

The two leading database technologies that must be considered when developing a data-

bases application are relational and NoSQL databases.

It was seen that it is challenging to design data-based applications in a cloud-computing

context, and no real pragmatic solution exists that answers all the questions regarding
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Table 7.1: Completed RVM

Sources of validation
Database documentation 1 1 1 1
Database design literature 1 1 1 1 1

Application design literature

<~

Systems Engineering literature b J

Related work and rationale

<~
<+~

Personal observations

R E e PRy PR P

<«
<
|

Concept
Research

Challenges

Literature

Design and implementation criteria

No clear choice of a database system
Conceptual modelling approaches

for data-based applications

for each model type are unknown
are almost exclusively for relational
No equivalent logical modelling
approach for both data model types
Application and data model design
Full life cycle approach not
considered in methodologies

There is a need for a definitive guide
or strategy for designing and
planning data-based applications in
the ICT full life cycle

are usually separated

models

Topics
Databases Types ) T 1
Database Design 7 )
Data Modelling 0 ) ) ) )

Cloud Processing

<>
<>
<
—

Life cycle of an Application

Economic Factors

Human Factors

R R N

|||

Systems & Systems Engineering

 xdiadindied

Concept
Research

Solutions

Specific

Research

Determine strengths and weaknesses
of each database

Critically evaluate each model type
and propose criteria

Evaluate different conceptual
modelling techniques

Use best practices to model
equivalently in both types

Use a full life cycle systems approach
to data-based application design
Design a decision support framework
for database design

Solutions

Empirical database performance characterisa-

—

tion

Identification of a common and representative T

database use case

Conceptual modelling of application scenarios 1T 1

Modelling application scenarios for relational T T 1
data model(s)

Modelling application scenarios for non- T T T

relational data model(s)

Critical evaluation of each model 0 T 1

Design of a decision support framework for T T T 1

hybrid data-based applications
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design and implementation. This problem is exasperated by contradicting literature on
database technology choices; no clear choice of a database system is identifiable for every

problem.

In attempting to design and implement a data-based application, one is confronted with

a lack of criteria for each model type, which adds to the complication.

Conceptual and logical Modelling techniques described in the literature are mostly based
on methods for relational technology. Investigating NoSQL databases further reveals that

there is no equivalent logical modelling approach for both data model types.

The processes involved in application development and database design are typically sep-
arated, where the output of database design is a constraint to the application design
process. Systems Engineering, in contrast, follows a holistic approach, incorporating all
functions and interfaces into the design process. This approach is not prevalent in typical

data-based application design in the ICT world.

Upon deeper inspection into the life cycle of applications and database design, from ex-
perience and literature, it was seen that when a full life cycle approach is not followed, it
leads to problems in the maintenance phase (upstream decisions that impact downstream
performance). This is especially evident when requirements are changed post-deployment,

often leading to scalability and flexibility challenges.

Considering all the challenges mentioned above, an effective guide or strategy for designing

and planning data-based applications in the ICT full life cycle was needed.

Solving the abovementioned challenges should establish the critical database design and

implementation factors affecting database performance.

7.2 Research Challenge Validation

After the research problem had been validated, derived research challenges were verified
and validated. A literature survey (Chapter 3) was conducted on the following topics

(condensed here for simplicity):

Database types A literature survey on the types of databases was done, such as NoSQL,
RDBMS and others. MongoDB and PostgreSQL were selected as the representative
database technologies due to both being able to model traditionally and with a
modern paradigm. However, choosing between these two technologies for a project

is still unclear.

Database design Factors that broadly influence database design were researched in the
literature study. The literature revealed important design factors, especially con-

cerning cloud contexts, such as the CAP theorem and ER.

A novel Decision Support System for modern Relational and Non-Relational Database Systems 133



Chapter 7. Conclusion 7.3. Concept Research Solution Validation

Data modelling Modelling is one of the critical processes followed in developing and
implementing data-based applications. ER is typically followed for relational models,
where entities are strictly in the third normal form. NoSQL modelling is a new

research subject, and few sources provide an equivalent modelling strategy.

Furthermore, since NoSQL follows a modern paradigm, it is often difficult to recon-
cile with traditional mindsets and terminology. Application query patterns’ impact
on database designs was notably missing in modelling literature, confirming the

separation prevalent in data-based application design.

Cloud processing The target environment contributes to many of the design constraints,
and cloud computing has specific requirements such as scalability, availability and

predictable performance.

Application life cycle From the literature, it was seen that database design and mod-
elling seldom take a full life cycle approach, leading to scalability and flexibility

problems when requirements change.

Economic factors Cost of an application development project was seen to be directly
related to its duration. It follows that if the development process can be expedited

by having a guide to aid in making difficult design decisions, it can reduce costs.

Human factors Human resources require remuneration and directly influence a project’s
cost. Furthermore, if a project is complex, it adds additional delays, leading to
increased project expenditure. Training and education are critical to reducing losses

due to complexity.

Moreover, project costs can be reduced if a guide were available to aid important

and often time-consuming decision-making.

Systems & Systems Engineering From the research design, SE was identified as a
methodology based on a full life cycle approach. Following an SE approach leads
to systems with the appropriate form, fit and function. These intrinsic values lead
to robust and maintainable systems. It was seen that an overlap between the ER
design flow and the SE design phases exists. The overlap mostly coincides with the

SE preliminary design phase but with important distinctions.

From the reviewed literature topics, the original research problem and research challenges

were verified and validated.

7.3 Concept Research Solution Validation

After thoroughly analysing the literature topics above, conceptual research solutions emerged
in the context of the research challenges. The solutions are described below in the context

of their corresponding research challenges.
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No clear choice of a database system for data-based applications: Making an
informed decision on which database technology or model to use requires knowledge re-
garding their strengths and weaknesses. A sufficient conceptual solution was to determine

each database’s strengths and weaknesses.

Design and implementation criteria for each model type are unknown: When
designing or implementing a data-based project, it is required to have criteria by which it
can be evaluated. Selecting the correct criteria by which to measure an application’s form,
fit, and function are essential. Therefore, the concept solution proposed to critically eval-
uate each model type and propose criteria for evaluating the design and implementation

of a data-based application.

Conceptual modelling approaches are almost exclusively for relational models:
Making an informed design choice requires a broad review of modelling techniques. Deter-
mining their pros and cons and appropriate use cases are essential. The solution required

was, therefore, to evaluate different conceptual modelling techniques.

No equivalent logical modelling approach for both data model types: Logical
modelling is the process of translating the generic conceptual data model into the database-
specific format. Obtaining a firm comprehension of the best practices for modelling each
specific data model type was critical as a concept solution. This would allow the designer

to achieve an equivalent logical model for both data model types.

Application and data model design are usually separated & Full life cycle
approach not considered in methodologies: Addressing the separation of the appli-
cation and data model design and the lack of a full life cycle approach, a full life cycle
systems approach should be followed. SE was identified as a holistic approach to design,

incorporating and considering all interfaces and functional units.

There is a need for a definitive guide or strategy for designing and planning
data-based applications in the ICT full life cycle: Since the need for such a guide

was verified and validated, designing such a guide would address the need.

The concept research solutions have been verified and validated from the literature and

align with the research challenges, as shown above.

7.4 Research Solution Validation

The concept research solutions had to be solved to complete the final research solution.
Achieving this required identifying, verifying, and validating specific research solutions.
This research project identified seven specific research solutions with two essential func-
tions: (i) to solve the concept solutions and (ii) to jointly complete and validate the final

research solution, thereby solving the original research problem.

These seven solutions and how they were implemented are discussed in the following

sections.
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Empirical database performance characterisation

Virtually all database operations, whether simple or complex, are essentially a combination
of the four empirical database operations: create, read, update and delete. Determining
the strengths and weaknesses of the two databases required a low-level empirical charac-

terisation of their performance.

Each database was tested with parameters that impact the performance of database op-
erations. These parameters were varied to measure the behaviour of each database’s

performance. This characterisation was performed and discussed in Chapter 4.

Identification of a common and representative database use case

Evaluating modelling techniques and procedures requires a use case fit to the task. A
use case representative of typical database applications is the first criterion. E-commerce
is an application field synonymous with database technology. Literature verified that e-
commerce applies to both MongoDB and PostgreSQL. However, a specific application was
required that is complex and can measure many different aspects of data-based application

design.

The TPC-C benchmark provided the ideal and robust specification for an e-commerce
application aimed at benchmarking database and application design. Though it is typically
used in relational contexts, [156] showed that MongoDB (having transactional capability)
could implement such applications. The implementation, tests and results were discussed
in Chapter 6.

Conceptual modelling of application scenarios

The empirical experiments (though rudimentary) and use case scenarios had to be mod-
elled conceptually. Techniques from the literature and experience guided the evaluation of
conceptual modelling techniques while completing this solution in Chapter 4. The source

code of the experiments is provided in Appendix D.

This research used SE as an interdisciplinary framework focused on designing, building,
and deploying complex systems. A full life cycle approach to SE involves considering the
entire system development process, from concept to retirement. In traditional IT systems,
this SE approach is not fully employed, as is evidenced in Figure 3.8 where this difference

in approach was highlighted.

The purpose of this research was to demonstrate the above shortfall in the ICT discipline.
The result was that a preliminary design phase was specifically added to the life cycle
process to allow modelling and design at the intermediary level. This is a critical finding

that followed from the full life cycle analysis and the documentary research.
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Therefore, employing a SE full life cycle perspective on the application scenarios provided

valuable insight which guided the technology-specific solutions.

Modelling application scenarios for relational /non-relational data model(s)

Modelling each scenario in the specific relational /non-relational data model required using
best practices for each technology, as gathered from the literature and experience. An
iterative process was followed to deliver the best data model. This is described and

discussed in Chapter 6.

Also, employing a SE full life cycle approach was essential, as with prior solutions. Specific
to the TPC-C benchmark, this led to the relationship classification for Orders/OrderLines
as a composition. Being a compositional relationship, it followed from the DSS that
embedding was the ideal design choice, eventually leading to significant performance op-

timisation, as reported in Chapter 6.

Critical evaluation of each model

Models have been designed for many of the other specific solutions. During the iterative
processes, the models were evaluated and scrutinised to determine factors contributing to

the model’s performance.

It was found, in Chapters 4 and 6, that both technologies could model scenarios equiva-
lently and with comparable performance. This led to an essential and novel concept —
technology should not dictate the modelling process, but rather that form follows function,

which should guide the modelling process.

Design of a decision support framework for hybrid data-based applica-

tions

The decision support system was carefully designed to be pragmatic, incorporating results
from a comprehensive literature study (Chapter 2) and empirical experimentation (Chap-
ter 4). SE processes form the backbone of the DSS, leading to a holistic and pragmatic
guide. Functional units and interfaces from the whole system are considered in the design

process, discussed in detail in Chapter 5.

Furthermore, critical factors that impact database performance, derived from the literature
(Chapter 2), experimentation (Chapter 4) and use case testing (Chapters 4 and 6), have
been inducted into the DSS.

Decisions, often complex and obscured by traditional paradigms, are addressed by the

DSS, which offers a pragmatic choice where possible. A summary of the flow of the DSS
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is provided in Appendix A.

The SE concept that form follows function, which also emerged from the research in
Chapter 4, confirms that technology choices should not be made prematurely. Moreover,
by deferring technology choices until after the preliminary design phase, a more generic

and pragmatic process followed, as was experienced during the use case test in Chapter 6.

In the NoSQL context, this novelty proved that MongoDB could function well in environ-
ments typically assigned to relational databases, such as TPC-C. Similarly, it was shown
that PostgreSQL could be modelled with a modern (denormalized) paradigm, resulting in

improved performance (as shown in Chapter 6).

The DSS was specifically validated as a pragmatic guide to modern data modelling by
evaluating the impact of the DSS on a representational use case (TPC-C), in both a

PostgreSQL (relational) and MongoDB (non-relational) context.

Upon reflection, the overall utility of a DSS process in the DBMS development process lies
in the predictability (quality), decision support (usability), and design control (structure)
that are often lacking in traditional approaches (refer to Chapter 1). The DSS process
provides a comprehensive perspective on DBMS development as opposed to a limited
ER-type approach. This allows focusing on aspects specific to individual life cycle phases,
where the additional emphasis is placed on the preliminary design phase, as was found from
this research. As a result, the DSS provides a pragmatic approach to DBMS development
as opposed to a technology-bound design approach.

7.5 Final Remarks & Future Work

The research question “How does a real-world data-based application benefit from prag-
matic design and implementation?” was answered by (i) a comprehensive and focused
literature study, (ii) empirical performance characterisation experiments, (iii) developing

the DSS modelling process and (iv) finally validating the DSS against a use-case test.

After documentary and experimental research, and after the rigor cycle in the DSR
paradigm, the proposed method required integration into the real world. A represen-
tative real-world test case was selected in the form of TPC-C. This is a validated test
case against which a method and technology can be benchmarked, which was done in this
research (Chapter 6). Hence, the effectiveness of this approach (i.e. its performability)
was demonstrated for a valid test case, which validated the real-world relevance of the

DSR paradigm.

Groundwork has been laid for future research and tests on the DSS and the paradigm
it presents. It may be applied to other technologies and approaches and evaluated in
practice by system designers in a wide range of use cases. What has been added from an

epistemological approach lies in the findings from this research, namely that the technology
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selection is less important than the modelling process in the preliminary design phase.

This thesis focused on the tabular SQL functionality provided by PostgreSQL. Expand-
ing the findings with performance characteristic experimentation based on PostgreSQL’s
jsonb columns would improve the usability of NoSQL-like applications for PostgreSQL,

especially concerning usability and complexity, and perhaps base performance.

In the future, empirical experimentation could be expanded to model actual database
behaviour. These models could then be used to quantitatively predict database behaviour
for more complex operations. Predictions on the empirical operations were accurate with
close fits for standard mathematical functions, as shown in Chapter 4. Incorporating
machine learning might lead to even more accurate predictions for more use cases and

database types.

When performance can then be quantitatively predicted, models can be compared without

extensive implementation effort from the database designer.
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Appendix A

Decision Support System Process

Summarised

This appendix presents the DSS in a summarised and concise format. Processes, pro-
cedures, techniques and methods are presented in a hierarchical flow-like list. Refer to

Chapter 5 in the thesis for more detail on the steps listed below.

Phase 1: Real-world problem/input

e Coincides with SE requirements elicitation.
e Important:

— Determine actors, entities and actions influencing data;

— Probe for future requirements and growth.

Phase 2: Conceptual design

e Perform SE system-wide functional analysis:

— Identify functional units and interfaces that act on the database subsystem;

— Determine operational requirements (SE).

Phase 3: Preliminary design (modelling)

Conceptual Modelling

e Perform SE subsystem functional analysis;
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Chapter A. Decision Support System Process Summarised

o Draft UML use case diagram (optional):

— Annotate frequency of actions (derived from functional analysis);

— Note overlap between actors.
o Draft UML activity /swimlane diagram (optional):
— Note interactivity between actors and actions.
e Draft UML class diagram:

— Generic entities should be used;

Basic attributes should be added;

— No normalisation to be performed (yet);

Important: classify and annotate each relationship type:

*

Association;

*

Aggregation;
*x Composition;

% Inheritance.

— Important: classify and annotate each relationship specific cardinality:

Important: classify weak/strong entities:
* Strong entity means it could exist without its relationships;

x Weak entity means it could not exist without its relationships;

Important: annotate potential entity growth rate (based on actions):

x How often are instances added?

*x How often are instances removed?
— Important: annotate potential entity query rate (based on actions):

x+ How often are instances read?

x How often are instances updated?

— Important: note entities used for multi-tenancy discrimination:

Logical Modelling (Refinement) subphase

e Purpose: iteratively “render” and reduce entities and relationships;
o Add all attributes to entities (UML class diagram);

o Add unique ID field to all entities (optional, but recommended);

Start refinement process:

— Identify anchor entities (strong and boundless entities);

— These will remain standalone entities and will not be purely embedded (for

existence).

A novel Decision Support System for modern Relational and Non-Relational Database Systems
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Chapter A. Decision Support System Process Summarised

e Render based on relationship classifications:

— Determine natural directionality per relationship (single or double-ended).
— Counsider cardinality (simplex first):
* Omne-to-one: embed;
* One-to-many:
If boundless then embed the one-side entity into the many side;
else use bucket pattern.
One-to-few: fully embed few-side into one-side
Rules of thumb:
Composition /inheritance: embedding right into left;
Association/aggregation: right references left.
* Many-to-many:
Pure many-to-many: use join entity (always reference);

Many-to-few /Few-to-many: array of references/extended references (em-

bedding discouraged due to duplication);
Few-to-few: array of references on both ends (embedding discouraged).

— Complex:

*x Recursively repeat simplex cases;

x Hints:
Start with boundless and strongest first;
Often changes? Bad for embedding;
Often queried? Bad for referencing;

Both? Ratio of write/read hint: optimise writes;
o DBMS choice (stakeholders should use MCDM)

— Tradeoff subjective and qualitative factors, since performance, is mostly on par.

Phase 4: Detail design

¢ Choose primary keys:

— Unique;
— Indexed;

— May be single/compound.
e If MongoDB, referential integrity lives in the application;
o Indexes (important):

— Only purpose: faster reading and sorting;
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Chapter A. Decision Support System Process Summarised

— Caveat: degrades write performance (keep at a minimum);
— Required if:
« Documents/rows grow large;
* Queries are often required (not ad-hoc).
— B-tree indexes hints (default):
*x Order is important;
* Rule of thumb: most selective first to least selective (granular).

* Sort order is important.

Use special indexes for special requirements

*

Partial indexes (smaller/limited range/condition);

*

Geospatial;

*

Full-text search;

*

Covered indexes: all fields queried/selected within the index.
e Design patterns are required for special optimisation requirements.
e Views are useful:

— Pre-stored query/aggregation;

— Can be materialised and indexed.
o Consistency design:

— Denormalisation requires to fan out on update/delete or eventual consistency;
— Transactions can improve consistency regardless of denormalisation status;

— Two-phase-commit patterns can be used without transactions if needed.
o Hybrid database (technology) modelling:

— If entity should live only on one DB: join in the application;
— If entity should live on multiple DBs: duplicate and synchronise;

— Calculate the impact (duplication, complexity).
e Replication: almost always use async; sync only where required.
o Scalability = partitioning (horizontal) = sharding:

— Determine shard key:
« Hash-based: even distributed write, reads scatter/gather (to all shards);
*x Key-base: deterministic, but could lead to hot shards.
— Determine partition-ability /scalability (key-based):
* Low cardinality;
*x low frequency;

* Non-monotonically changing.

e High availability: sharding and replication
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Appendix B

Reflection on MongoDB Database
Logical and Physical Modeling

This appendix contains the article submitted and published in the 2019 IEEE AFRICON

conference proceedings. The research formed part of this thesis.
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Abstract—Traditional relational database design uses concep-
tual, logical, and physical modeling based on Peter Chen’s
methods. UML (Unified Modeling Language), though being a
set of software development tools, is often used to conceptually
model data and relationships. This paper presents a methodical
approach to logically and physically model data in MongoDB
by utilizing UML conceptual modeling aids. Application of data
models greatly impacts performance, scalability and flexibility of
data systems. Furthermore, application life-cycle and expansion
impact long-term decisions made during modeling. This paper
takes into consideration application requirements, access patterns
and life-cycle during logical and physical modeling in a cloud
environment. The flexibility that a NoSQL modeling paradigm
embodies makes logical and physical modeling complex, with
no hard-and-fast rules. This paper presents logical and physical
modeling concepts required during designing database applica-
tions with MongoDB.

Index Terms—database, modeling, UML, MongoDB, cloud

I. INTRODUCTION

Entity-relationship modeling methods and tools developed
by Peter Chen [1] have become the de facto standard for
modeling and designing databases. Though designed for and
used by relational databases, it is being applied to NoSQL
(Not Only SQL) databases to similar effect [2].

NoSQL databases are, however, very different to traditional
databases when it comes to modeling, since scalability, con-
sistency and performance greatly depend on the underlying
design, especially considering their flexible schema options
[3].

Cloud-based development defines application criteria re-
quirements for developers. Additional emphasis is placed on
the following requirements specific to cloud systems [4]:

o Ease of use;

o Scalability;

o Availability;

o Security.
Scalability and availability cannot always be predicted due to
changing environments and requirements - these factors should
be taken into account when designing a database to allow for
flexibility, which fit well into NoSQL database systems traits
[5].

MongoDB is a NoSQL database capable of running in the
cloud. It provides high availability, horizontal scalability and

2" Johann Erich Wolfgang Holm
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a flexible data structure [6]. MongoDB has full relational
capability, which suits traditional entity-relational modeling
techniques [7]. Recently MongoDB gained ACID (Atomicity
Consistency Isolation Durability) support, which allows for
transactions, much like with relational databases [8], [9].

Flexible schemas with no hard-and-fast rules such as the
traditional 3NF (third normal form) [10] for designing con-
ceptual and physical models, make NoSQL database modeling
complex.

This paper provides a broad, but detailed, overview of
database modeling concepts that have a bearing on design
choices for NoSQL databases. We provide specific guidelines
on how to employ MongoDB’s unique feature set. As a case
in point, we conceptually, logically and physically model a
simplistic use-case, based on Chen’s methods. A discussion
on the complexity of NoSQL modeling is provided, followed
by a conclusion with further research suggestions.

II. RELATED WORK AND CONTRIBUTIONS

Related studies have contributed to NoSQL modeling re-
search. Shin et al. [2] has provided a framework for mod-
eling NoSQL databases generically from a conceptual UML
model based on Chen’s framework. However, the study does
not discuss the physical modeling phase, and has a generic
document-based logical model.

An algorithmic approach was developed by Abdelhedi et
al. [11] to transform conceptual UML class models into
physical models for various NoSQL databases. The logical
model is used as an intermediate abstraction layer for a subset
of features in three NoSQL database types: column-based,
document-based and graph-based.

NoAM (NoSQL Abstract Data Model) presented by Atzeni
et al. [12] offers a database-independent data model for
NoSQL databases, also making use of a UML-based concep-
tual data model.

De Lima et al. [3] has published an algorithmic approach to
NoSQL logical modeling. Workflow measurements are to be
specified along with the conceptual model when developing
logical models. Physical modeling and its effects are not
demonstrated.

The previously mentioned research publications does not
consider application life-cycle with regards to growth, scala-
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bility and flexibility. Furthermore, our study does not attempt
to generically model multiple NoSQL databases, but rather
reflects on factors supporting and leveraging MongoDB and
its specific set of features.

III. DATABASE MODELING

A. Unified Modeling Language

UML, originally developed as a set of tools for software
engineering, can be used for data modeling. Class diagrams
are a superset of ER (Entity-Relationship) diagrams used in
Chen’s methods [13].

Tools that this paper will use for modeling include use-case
diagrams and class diagrams. Use-case diagrams, as in Fig.1,
are used to model actors performing activities on systems [14].
This diagram is used to identify the data elements used in
conceptual modeling.

Class diagrams represent data elements, attributes, methods,
relationships, inheritance and cardinalities as shown in Fig.2.
UML stereotypes can be used to add additional information
during logical and physical modeling, such as embedding,
references and other MongoDB specific features [2].

Composition and aggregation annotations in class diagrams
further give an indication of the nature of relationships, leading
to either referencing (entities are standalone) or embedding
(entities are not independent) [14].

UML was found to provide better support and be more
comprehensive than ER (entity-relationship) diagrams at data
modeling by De Lucia et al. [15]. Since UML could be used
to model software classes, documentation could be shared
between application and data models.

B. Conceptual Modeling

The ER design approach starts with a need or problem fol-
lowed by a requirements analysis [16]. From the requirements
analysis actors, interactions or activities and some attributes
should be known [10]. From this a use case diagram can be
drafted [17].

When requirements are satisfactorily determined, the con-
ceptual model can be designed. This model still does not
contain database specific annotations, and could be equivalent
to a relational database conceptual design. Conceptual designs
contain high-level data entities, attributes, relationships and
cardinalities [10], [18]. Even during this phase the conceptual
design should have foresight and consideration of the full life-
cycle, and proper requirements elicitation will significantly
contribute to this cause [19].

The following relationship cardinalities are possible [10]:

e One-to-One;

¢ One-to-Many;

« Many-to-Many.

Cardinalities could also be specific, for example, a department
may have between five and fifteen employees [18].

C. MongoDB Logical Modeling

MongoDB is a document-oriented database and data objects
have the familiar JSON (JavaScript Object Notation) format,
though stored in a more efficient binary format. Documents
are contained within collections which in turn belong to a
database [20].

Unlike typical relational databases, MongoDB’s data struc-
ture is not structured as rows and columns, but can have
hierarchy - arrays and sub-documents - and often closely
resembles data structures used in an application. There are
therefore many ways to correctly model data and relationships,
but performance characteristics could vary [20].

Traditionally, during logical modeling, the entity-relational
conceptual model is decomposed into 3NF as tables and rela-
tionships [1], [10]. Since MongoDB does not typically follow
a normalization design paradigm, choices about relationships
boil down to deciding on:

o Referencing (normalization);

« Embedding (denormalization).

Even within these two options many variations exist [21].
Some of these options are discussed in the following sections,
with some advanced patterns to consider during physical
modeling.

1) Referencing: Referencing is the MongoDB equivalent
to primary/foreign key relationships in relational databases [9].
A collection can be referenced by including a field referencing
a unique attribute of a document in another collection. A
special case of this is referencing another document in the
same collection, called self-joining [20]. MongoDB does not
however automatically ensure referential integrity and relies
on application level functionality to achieve that [22].

One factor that is always a certain scenario for referencing
is whether the relationship has a high arity. In other words,
a distinction has to be made between many and few [22]. In
the case of few, embedding could be considered, otherwise
a single document would grow large (maximum of 16 MiB),
requiring more RAM and cause slower data transfers [20].

High-arity many-to-many relationships should typically be
modeled with a referenced join-collection, much like in a
relational table. Again, if either side was few, embedding could
be considered [20].

Advantages of referencing include [20]:

« No redundancy;

o Immediate consistency;

« Supports high-arity relationships;

« Flexibility in queries and indexing (physical model);

o Expanded sharding options.

Disadvantages of referencing are [20]:

« Application level joins;

e Depending on query patterns, limited scalability;

2) Embedding: Embedding, here, refers to the process of
adding a sub-document or fields of a conceptual entity wholly
and directly into a related document or documents, instead of
creating a separate collection and referencing only the primary
identifier of related documents [9].
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Embedding has the following advantages [20]:

« Application side joins aren’t needed;

o Inherent atomic and isolated operations for one-to-few
relationships exist;

« Data locality is utilized;

« Inheritance is efficiently modeled;

« Faster query performance is available.

Disadvantages of embedding data include [20]:

« Redundant copies are present;

« Eventual consistency is achieved;

« Application level cascading is required for consistency;
« Poor performance is offered for high-arity relationships;
« Less flexibility is available as collections are pre-joined.

3) Summary: Table 1 summarizes UML class diagram
concepts relating to MongoDB’s document model.

TABLE I
UML CLASSES TO MONGODB ANALOGY

UML Concept | MongoDB Concept
Class Collection
Object Document

Attribute Field
Association Embed or reference
Aggregation Usually reference
Composition Usually embed
Inheritance Usually embed

D. MongoDB Physical Modeling

During physical modeling, the database designer consid-
ers access-path-independent and access-path-dependent design
choices. This includes application access patterns, indexing
schemes and sharding keys [1], [2], [11]. MongoDB physical
modeling consists of many factors to consider [9]:

e _1id choice;

e Schema validation;

o Indexing;

o Sharding;

« Replication;

« Consistency level choices;

« Application access patterns;

« MongoDB advanced features.

Many of these factors will also have a bearing on the underly-
ing logical modeling choices, especially indexing and sharding
key choices [9].

All documents in MongoDB must have an _id field that
is unique. In fact all collections include a unique index on
_id by default, which cannot be deleted. The field itself may
contain any type, and even mixed types are allowed within the
same collection. Since the number of indexes impact write
performance [5], it is sensible to make the most out of the
index already provided.

MongoDB provides a mechanism to validate operations
based on a schema validation document. This allows consis-

tency in data types and value constraints and forms part of
physical modeling [9].

Indexes should be used sparingly and accurately. To clarify,
each additional index has a negative impact on write speed and
memory usage. Indexes are primarily used to improve query
(read) performance. Balancing these two factors is critical,
but also difficult and there is no hard and fast rule for every
situation [9], [20], [22]. Indexing decisions are directly and
wholly dependent on application query patterns, which are
derived from behavioural patterns as found from requirements
elicitation. Important indexing rules of thumb are summarized
here [9], [22]:

o Start with the most selective fields that would exactly
match a query;

o Add less selective fields in order of selectiveness;

o Add range/sort fields lastly;

« Ensure range/sort fields have appropriate direction;

« Use projection to benefit from covered queries;

e Do use explain () to test query performance.

Sharding is MongoDB’s way of scaling horizontally - if
used correctly it should scale linearly. Sharding works much
like indexing, except there is only one index - the shard-key.
Data is partitioned according to the shard-key and distributed
among shard nodes based on range specifications. Each shard,
and its replicas, contain each index, including the shard-key
[20], [22].

Queries are routed to applicable shards depending on the
shard key. If a query does not specify the shard key prefix,
it is distributed to all shards and normal indexes resolve the
query. Shard-keys should start with a high cardinality field or
fields, followed by a low frequency field to avoid hot-spots.
Hash-based sharding is possible too, which has the benefit of
evenly distributed writes, but reads are always distributed to
all shards [22].

Here too application query patterns play a telling role.
Entities that grow boundless, or must be highly scalable (read
and write), should be given proper shard-keys to achieve this.
Foresight should also guide sharding possibilities for future
expansion even if the original requirements does not stipulate
that.

MongoDB’s replication is asynchronous by design - hence
eventual consistency. Replication allows for high availability
by providing fail-over when the master has a breakdown.
Loss of data can be mitigated by the consistency level chosen
per query or transaction, which entails waiting for a number
(mostly majority) of replicas to save the transaction. Reading
from slaves is allowed and, if eventual consistency is accept-
able for reads, greatly improve read scalability [5], [9], [20].

Consistency guarantees are flexible with MongoDB, ranging
from typical NoSQL eventual consistency to strong consis-
tency on document level [9] and across collections [8]. Strong
consistency is reached when waiting for majority of replicas
to acknowledge new writes, and always reading from a master.

Eventual consistency is employed when reading from slaves,
or reading from stale embedded documents [20]. Once again
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the query patterns and requirements depend strongly on appli-
cation requirements.

As shown in the series by Coupal et al. [21] there are many
design patterns - all dependent on the underlying application
access patterns, but should be investigated to solve application
specific requirements:

Approximation This pattern provides a mechanism to reduce
database operations by making approximations of data for
which exact and real-time values are not mission critical.
Approximations are made on application side and updated
as needed or when thresholds are met, thereby reducing
high velocity and consistent updates to the database. An
example is page view counters - the exact number of
views is less important than knowing if there are hundreds
or thousands of views.

Attribute When many similar fields exist in a typical doc-
ument which are of the same context and have to be
searchable in a single query, the attribute pattern is very
useful. Instead of creating an index on each field, group
the fields under a common key and create a single
index on the array field. For example a movie may have
different release dates depending on the country. Instead
of creating a field per country, create a sub-document in
an array field named release_dates and add an entry
per country. A single index on the embedded date field
in the array will thus cover every country.

Bucket With the bucket pattern, arrays of smaller quantity
embedments are added into a set of documents. When
a bucket’s embedded array reaches a specified size, 100
for example, a new bucket is created and linked to the
other buckets’ main node. This allows for higher arity
relationships when embedding, improved pagination and
additional sharding options [20].

Computed Similar to the approximation pattern, this aims to
reduce database operations, in this case more specifically,
database reads. When data is rarely updated, but often
read or calculated, this pattern makes use of less regular
updates, rather than calculating on each read either by
updating less often, or updating on writes. Examples are
100 best... computations. It is not critical to have by-the-
minute calculations, but rather once a day, week, month,
and so on.

Document versioning This pattern simply uses two collec-
tions, one for the current version of documents, and
another for archive purposes.

Extended reference A hybrid between referencing and em-
bedding, this pattern embeds only often required informa-
tion, while referencing the source document for further
browsing if needed. An example would be for online
orders keeping only the name and shipping address of
the buyer instead of all fields.

Outlier When a one-to-many relationship is most often only
a one-to-few relationship, this pattern can improve the
general case, while still providing for outliers. Embed-
ding is preferred, but for outlier cases an extended field

is added indicating additional information resides else-
where. These cases can then be handled specially, rather
than slowing down the general case.

Polymorphic Documents that have most fields in common
may benefit from this pattern. In essence, this pattern
makes use of a single collection to group similar docu-
ments together, since most fields are common. Inheritance
in UML classes can easily be modeled with this pattern.

Schema versioning In cases where documents have to
change form which is not backward compatible, including
a schema-version field may mitigate application com-
plexity. Specific queries can target specific versions and
handle them differently according to the older schema.

Subset The subset pattern is another hybrid form of em-
bedding and referencing. In order to reduce working
set resource requirements, only the necessary data can
be embedded, while still existing in another collection.
Caches of the latest 10 reviews could be embedded in a
book document, for example. If all reviews were to be
required, it can be queried from the reviews collection.

Tree and graph Hierarchical data can be stored in MongoDB
documents by storing the direct ancestry in an array. It
could also be useful to store the immediate parent in a
seperate field. Product category fields can benefit from
the tree pattern.

Describing all of MongoDB’s advanced features is a daunt-
ing feat, therefore this paper briefly describes features directly
relating to querying [9]:

MapReduce is a popular NoSQL tool for big-data analysis
and aggregation. Results can be re-reduced to have an
incremental aggregation.

Aggregation Framework provides a query tool for building
rich pipelines of queries, such as grouping, projection
and array unwinding. Results can be written to sharded
collections, indexed and ready for consumption.

Change Streams can be used as triggers at application level,
coordinated by the database.

Specialty Indexes provided by MongoDB include full-text
search, geographical indexes, time-to-live (self deleting)
indexes and partial filter expression indexes (index items
based on a predicate).

Tag-aware replication allows configurable and selectable
read and write concerns per operation. Tags are used by
the application to direct reads to specific tagged replicas.
Similarly writes can wait for successful writes to tagged
replicas.

Zone-based sharding provides a mechanism to force a spe-
cific range in the shard-key to specific shards. This could
be used to geographically distribute writes or distribute
according to specific hardware.

These tools allow advanced query capabilities which should
be exploited to fit the application needs. Advanced features at
the database level also lightens the application development
burden and complexity.
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IV. EXAMPLE USE CASE

A use case is presented to demonstrate the design process

more clearly. Consider the following need description:
An application is required to support a library. The application
must catalog books and track checkouts. It should also allow
readers to submit reviews and ratings when returning books.
Overdue books should be emailed monthly to the librarian,
along with a summary of the amount of books rented during
the month. A bonus feature is to list the top ten readers of the
month, by most books read. Eventually more than one library
has to be supported in the same application..

When we create a use-case diagram, the diagram in Fig.1
may result. We observe that the following conceptual entities
can be expressed in UML as Fig.2: libraries, readers, books
and reviews. Readers read many books, and many books are
read, or checked out, by readers - a typical many-to-many re-
lationship. The checkout entity is a construct to accommodate
the many-to-many relationship. Also, a book is stored in one
or more libraries which is also many-to-many.

Library J

Add books

Rate/Review
books

Fig. 1. Use case diagram

Reader Librarian

Library

Checkout -

Book

Reader 1.7

Review

Fig. 2. Library conceptual model

From the description we create an activity diagram showing
a typical library visit for a reader in Fig.3. The activity diagram
brings context to concepts in the description.

It is defined that the number of books is boundless, but the
number of checkouts a reader ever makes is less than 1000.
In contrast, the number of times a book has been read (by
many people) may exceed 1000, which could happen often.
Similarly it is defined that the number of reviews per book
could grow well beyond 1000. Books may have more than

Reader

Enter Library

aborted

aborted

No

No
{Review and RateH Search Book "f

Checkout

S
S

Fig. 3. Reader library activity

one copy in each library. We have decided that 1000 is an
appropriate threshold for determining if a concept has to be
embedded or not, similar to the example from Coupal et al.
[23]. The outlier and bucket patterns are to be used for seldom
cases that exceed the 1000 threshold.

A myriad of possible designs exists for each concept and a
few options are expressed in Table II.

In the light of these constraints and options, libraries and
reviews are chosen as collections and checkouts are embedded
in the readers collection. In order to support multiple copies
in more than one library a LibraryBook concept is required,
which links a specific copy to a library - embedded partially
in Checkouts and Reviews and fully in Books. Following the
modeling process by Shin et al. [2] we can now express a
document model that supports the requirements as shown in
Fig.4.

For physical modeling we need to define application oper-
ations, indexes and consistency concerns to allow the queries
required: overdue books per reader and books read per reader
per month sorted by most reads. Additionally a count of the
number of books read must be done. Writes include the adding
and removing of books, checking books in and out and creating
reviews or ratings.

In order to query overdue books per reader we
use a partial filter expression index on the type in
reader.checkouts.checkin to check if it is null.
That will however deliver all checked out books, even those
that are not overdue. We therefore add the checked out date to
the index. Since checkouts are fully embedded it is already
grouped by reader. The application just has to determine
exactly which of the checkouts are in fact overdue, since the
whole reader document will be returned.

An additional index on check-in date allows querying all
readers that have checkouts in the previous month. This is done
in the aggregation pipeline to unwind the embedded array and
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TABLE II
CONCEPTUAL DESIGN OPTIONS

Concept | Referencing/Embedding Design Pros Cons
Reference (collection) Shardable Joins may be required
Library Embed within Book Data locality Eventual consistency; difficult to query
Partially embed within Book Shardable; data locality Eventual consistency
Reference (collection) Shardable Joins required
Book Embed within Library Data locality; single read operations Boundless; complex queries;
Partially embed within Library Additional feature options Additional complexity
Reference (collection) Shardable Disjoint from Books
](sjggi(es Embed within Library Data locality Boundless
Embed within Book Data locality; single view on checkout status | Larger working set
Reference (collection) Shardable Transactions required
Embed within Reader Single view; quick access Transactions required; possibly boundless
Checkout | Embed within Reader with bucket pattern | Single view; quick access; not bounded Transactions required; outlier pattern
Embed within Book or Book Copies No transactions No history
Partially embed within Book Copies No transactions History; eventual consistency
Reference (collection) Shardable; single full-text index Joins may be required
Review Embed within Checkout Single review per checkout Complex queries to group by book/reader
Embed within Book Data locality Boundless
Reference (collection) Shardable; single full-text index Joins may be required
Ratings Embed within Checkout Single rating per checkout Complex queries to group by book/reader
Embed within Book as counts Data locality; pre-calculation options Calculation required per read
1 <<collection>> <<embedded>> pipeline to match only readers that have checkouts in that
= Reader Checkout month. Unwinding and grouping by library, while summing

+id: string <<PK>> + libbook: <<partial embed>>

+ name: string + checkout: date

+ checkin: date <<nullable>>
+ checkouts: [<<embedded>>]

o )
<<collection>>
Review

<<collection>>
Book

+id: string <<PK>> + isbn: string <<PK>>

+ reader: <<FK>>

+ title: string
+ libbook: <<partial embed>> .

+ author: [string]

+ review: string

X + description: string
+ reviewdate: date

1
+ libbooks: [<<embedded>>]
1 + ratingtotal: number
<<embedded>>
LibraryBook

+ ratingcount: number

+id: string <<PK>>

<<collection>>
Library

+ book: <<FK>>

+ library: <<embedded>> . string <<PK>>

+ checkout: date <<nullable>>

+ name: string

+ address: string

Fig. 4. Library logical model

filter with the same constraints. The resulting list of documents
is then grouped and summed by reader. The result is sorted
and limited to 10 - the top ten readers of the month.
Counting the number of books rented requires an index on
the embedded checkouts’ checkout date. Using the aggregation

each checkout will deliver the number of rented books per
library.

Average ratings can be calculated on demand by taking
the total summed ratings, divided by the count - the fields
were already included in the logical model for Book. In order
to optimize this, an additional field should be added to pre-
calculate the monthly ratings. This can be scheduled daily for
example.

Considering the writes to the database, only checkouts are
complicated, since a library may have more than one copy of
a book and there are more than one library. The LibraryBook
embedded array allows for a single book document to keep
track of each copy along with an optional checkout date field.
If this is set to null the book is available. During checkout
this is set to the checkout date and when checked in it gets set
back to null. Similarly in order to keep track of each reader’s
checkouts and check-ins, a transaction is done to modify the
LibraryBook element and modify the reader checkout array.

For this project strong consistency can be employed for all
transactions since the few embedded fields, such as library
address and book ISBN rarely change.

It is unlikely that sharding would be required for such a
project, since reads and writes occur rarely and in person.
If needed, though, Book and and Reader can be sharded on
primary key.

If it had been required that data per library be isolated a
more normalized approach would have had to be followed
in order to make the shard key per library. This would
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render checkouts, and library books as their own collection.
Shard tags could then be employed to isolate specific library
information to specific database servers.

In order to keep working sets small it could become
necessary to move checkouts to a separate collection, which
would require embedding reader information in the checkouts
and cascading updates to user details in order for aggregations
to group by reader.

Reading from replicas could also improve read scalability,
without compromising on consistency for critical operations.

A. Discussion

All design options given in Table II, though not inclusive
of every permutation, can validly be modeled in logical an
physical form while still meeting requirements. However, each
option has an direct impact on the complexity and performance
of the application and database design. There is no golden
rule, such as the 3NF in relational databases, to aid NoSQL
database designers.

Since many design choices rely on application logic, it can
be said that the application and database have to be designed
together.

Consider, for example, that a reader may only rate a book
once. A requirement such as that dramatically impacts design
choices for the application and database. The current rating
system would not be able to support such a requirement.

The complexity of the above use-case could be exponen-
tially increased with the addition of a new concept such as
account management. The use-case is not intended to serve
as a complete and all-encompassing solution, but instead offer
an overview of the complexities involved with NoSQL data
modeling due to its inherent flexibility.

Furthermore, specific deployment requirements have not
been specified and also have a bearing on underlying design
choices, adding an additional layer of complexity.

V. CONCLUSION

From the example use case it can be seen that MongoDB
makes it possible to implement use cases in a variety of ways.
How to design a database depends on use case requirements,
which must be properly elicited in order to avoid large changes
later on. The processes and factors weighing in on the design
choices have been discussed in the previous sections and
provide a guide to concepts and tradeoffs required during the
design phase.

The complexity of designs are affected by the complexity
of requirements. Complex designs will inevitably cost more to
develop and maintain, though complexity handled during the
design phases may result in simpler and more robust solutions
in the future.

Form-follows-function [24] - this common term has the
implication for database and application design, that function
dictates underlying form, structure and design choices. It is the
conjecture of the authors that the traditional entity-relational
approaches suffer from lack of foresight and understanding of
the whole system and its functions and resource requirements.

It is instead based on functions-follow-form where entities
which have data-value are modeled very directly as acted upon
by users. Rarely, application access patterns and underlying
resources are discussed and weighed in on design choices -
especially when considering full life-cycle requirements.

More specifically, future growth is often not accounted for
as it is usually addressed in the physical model as a means of
optimizing queries as dictated by the structure of the logical
design. As shown in the use-case example the physical model
design is greatly impacted by and reliant on the prior designed
logical model. Furthermore, changes required in the physical
model requires changes on the underlying logical model - they
are clearly interdependent.

This paper therefore submits that physical and logical
modeling phases in NoSQL, and more specifically MongoDB,
should coincide as a single detail design phase. This is due to
the fact that choices on either side are dependent on the other.
When considered as a unit, it may lead to shorter design phases
and less back-to-the-drawing-board situations.

In large projects, the requirement for an interactive design
effort (physical and logical) implies good communication and
coordination between design teams, should such teams be
used.

Furthermore, requirements elicitation should provide insight
into potential growth and outlier query patterns and require-
ments, which often impact the general case. The requirements
define the functions and constraints, which in turn dictates the
form that the application and database (the resources) should
take on. It is an outside-in approach taking into consideration
the application design and user access patterns chiefly.

This is in contrast with applications of Chen’s methods,
which start off with data-yielding entities, leading to concepts,
logical forms and ultimately a physical database. It is typically
only after this where application access patterns are typically
fitted to pre-existing underlying data structures. This is an
inside-out data-oriented approach.

Even though the example use case was imagined and
artificial, it has conveyed the type of design choices and
methods that should be followed for MongoDB applications.

Further research is needed to formally design a database
and application framework for modeling. It should address
the following problems and considerations:

o User activity workflows;

o Impact of requirements;

« Maintenance workflow impacts;
o Design and maintenance costs;
e Deployment impacts.

In general, NoSQL modeling techniques are under-
researched and due to their flexible nature, may bring forth
new design approaches previously impossible or too complex
to attempt with only rows and columns.

Finally, with cloud-based applications usually being the
target for NoSQL development, the impacts of its constraints
and features on design choices should be further investigated.
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ABSTRACT

The traditional approach for database modelling and design is based on Peter Chen's entity
relational methodology. A firm separation exists between application design and database
modelling, which leads to challenges as a system's environment and requirements change. The
scalability and flexibility of a data model are typically not considered during the design phase
due to the disconnect between the processes of the application design and data modelling.

This paper will present an alternative paradigm regarding database and application design, by
making use of the systems engineering methodology. A systems approach provides a holistic
view of a database system, its functional units and its interfaces. By embedding database
design and modelling into the systems paradigm, a generalized approach to data modelling is
obtained.

A systems engineering paradigm leads to a closer-knit relationship between application and
database development, which allows scalability and agility when an environment changes.

Keywords: Database modelling, systems paradigm, holistic perspective
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1 INTRODUCTION

Peter Chen established the de facto standard for database modelling as early as 1976, when
the entity relational (ER) data modelling approach was defined. It is based on the following
four data-related tasks [1]:

1. ldentification of data entities and relationships of interest;

2. Identification of semantic information, such as relational cardinality;
3. Definition of values and attributes;

4. Organization of data into relations and primary key decisions.

The above tasks form conceptual modelling in the traditional data modelling process.
Typically, the artefact of this model is a collection of entity-relationship diagrams or UML
class models. Logical modelling is the process of producing a database schema, usually table-
based, from the conceptual model. Finally, physical modelling is the process of defining the
physical storage structures of a database, mainly automated by database management systems
[2].

This process is often uncoupled from application design requirements and primarily considers
the data and its relationships. ER could therefore be defined as a middle-out design approach.
This separation subsequently leads to difficulty when application requirements cannot be met
due to rigid database design methodologies leading to a lack of flexibility and poor scalability.
The situation becomes increasingly problematic when a system’s environment or requirements
change [3].

Considering modern database technologies such as NoSQL, or hybrid approaches, solving the
problems mentioned above becomes even more convoluted due to the vast array of modelling
and deployment options with no hard-and-fast rules [4], [5].

This article submits that by employing systems engineering (SE) principles with a holistic view
of the system, the problems mentioned above become manageable and will produce scalable
and flexible systems. In contrast to ER, SE follows a top-down design approach [6].

Figure 1 shows an IDEFO function diagram. A functional unit consists of inputs, outputs,
controls, and resources that govern the function’s design and parameters. Inputs could be, for
example, system requirements. Resources include human resources, tools, and capabilities.
Controls and constraints could be technical or financial, for example [6]. These inputs weigh
in on the function and must be considered during its design phase.

Figure 1: Resource allocation [6]

Moreover, a system consists of many such functions interconnected with interfaces that must
be considered during the design, which further advances the need for a holistic database
modelling and design paradigm [2], [3], [7]-

[168]-2
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This article reviews the literature on database modelling and application development status
quo. Experimental analysis of the impact of modelling parameters on the performance of
traditional and modern databases is performed and discussed. These results guide the
development of a methodology based on a holistic systems paradigm to aid in the design and
modelling of database systems. This methodology, in the form of a decision support
framework, is tested against a traditional approach to database modelling and design using a
standardised benchmark.

2 LITERATURE REVIEW

This section presents a review of typical database modelling techniques and tasks. Application
development and design concepts in a cloud context are presented. Finally, the systems
engineering approach is reviewed and applied to database design.

2.1 Database modelling
Typical database design and modelling are based on the following three phases [8], [9]:

e Conceptual modelling;
e Logical modelling;
e Physical modelling.

2.1.1 Conceptual modelling

Traditionally, the first step in database modelling is gathering requirements and developing a
specification relating to the database and management system [2].

From the requirements, one elicits a set of entities, their attributes, relationships between
them, and actors acting on the database. This elicitation includes cardinalities, that is, how
many relations may exist between entity instances [10].

UML class diagrams have become a viable alternative to the traditional ER diagram used to
model entities and relationships. Each entity shows its attributes, basic attribute types and
relations with basic cardinalities to other entities [11].

Traditionally relationships are grouped into one of the following kinds [12]:

e One-to-one (a person and their spouse);
e One-to-many (a department and its employees);
e Many-to-many (student(s) and class(es)).

Recent developments have provided two additional relationships: one-to-few (less than a few
hundred, for example) and one-to-squillions (an unlimited number). These distinctions are
essential in modern database development, especially during logical modelling [13].

2.1.2 Logical modelling

After conceptual modelling has been completed, logical modelling transforms the entities and
relationships to fit a specific database system, typically a relational table-based database such
as PostgreSQL. Logical modelling, traditionally, has the following steps [8]:

e Definition of tables, columns, relationships, and constraints;
e Normalization of tables;
e Ensure integrity constraints are defined.

Tables represent relationships by making use of primary keys and foreign keys. Each entity is
assigned a primary key which uniquely identifies that entity. In establishing a relationship
between tables, the unique primary key of one entity is placed in another, serving as a
reference. Depending on the situation and nature of the relationship, it could be included on
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both ends. Foreign keys are therefore used to reference a primary key from a different entity
uniquely [8].

Many-to-many relationships are typically substituted with a JOIN table, which serves as a one-
to-many and many-to-one mediator between the two sides of the relationship [10].

Normalization, typically the third normal form, organizes data into stable structures to
minimize update anomalies and maximize data accessibility. This process is a standard step
during traditional logical modelling [14].

Traditional rigid normalization strategies, though supported, have been challenged by the
modern NoSQL concept of embedding and denormalization [15].

With the prevalence of NoSQL, and especially document-based databases such as MongoDB, a
new paradigm of data modelling has emerged. Tables, or rows of data, have been replaced by
collections of documents. The rigidity of columnar, normalized data has been replaced by
rich, hierarchical data structures and the ability to have flexible schemas [16].

The divergence from a normalized approach has enabled NoSQL-like approaches to achieve
higher scalability and performance, even with traditional technologies [14], [17].

Although the same modelling techniques and principles apply to modern approaches, it is not
as clear-cut as the rigid normative approach: improving design flexibility while adversely
increasing complexity during the modelling process [16], [18], [19].

2.1.3 Physical modelling

Each database system has specific physical model formats, features, requirements, and
constraints [20], [21].

Though indexing, especially concerning integrity, is defined and specified during logical
modelling, it manifests in the physical model. Views, partitioning, access control, availability
and performance measures are defined in the physical model [8].

Many essential physical modelling tasks can be automated, but performance tuning is
frequently delayed until problems arise, often due to poor decisions or lack of foresight during
previous modelling phases [2].

2.2 Application design and development

Application development, from the perspective of database roles, happens after database
design. Applications interact with databases, though very rarely dictate or influence the
design process [2], [10], [22].

Traditionally applications have the following life cycle phases [23], [24], namely,
requirements, analysis, design, implementation, post-delivery maintenance, and retirement.

Post-delivery maintenance manifests when specification changes or enhancements are
required, often entailing changes in database models or designs [23].

2.2.1 Cloud development

Three specific requirements for cloud applications exist [25], [26]:

e Elasticity - the ability to scale horizontally;
e Flexibility - being adaptable (including data models and schemas);
e Fault tolerance - being highly available.

The underlying database design greatly influences a system’s ability to adhere to the above
requirements [27], especially when the needs for an application change or schema evolution
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takes place. In these cases, schema migration has to occur on relational databases, while
NoSQL databases are flexible when changes to a model are required [28], [29].

2.2.2 Unified Modelling Language

Unified modelling language (UML) is often used for software and database development. It is
an industry-standard suite of notations, primarily in the object-oriented domain. UML's
essential diagram tools support conceptual database modelling and application design,
including use-case diagrams, activity diagrams, sequence diagrams and class diagrams [30].

2.3 Systems engineering

Systems engineering, as a methodology, focuses on form, fit, and function. It defines various
tools and methods for specifying, designing, creating, operating, and maintaining functions
[31].

The systems engineering process is divided into the following two main life cycle phases and
activities [6]:

e System acquisition:

o System design;

o Implementation;

o Test and integration;

o Construction or production;
e System utilization:

o Operation;

o Maintenance and support;

o Upgrade;

o Retirement.

Figure 2 juxtaposes system development activities (system acquisition phase) in the systems
engineering and entity relational design approaches. It is of note that there are similarities
between the two approaches.
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Figure 2: Systems engineering [6] vs entity relational design [2], [22]

A significant distinction is that systems engineering prescribes the modelling activity during
the preliminary design phase, whereas ER performs it early on during the conceptual modelling
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phase. Furthermore, technology choices are made during the detail design phase, whereas ER
chooses a database technology during the logical modelling phase.

Essential to the rationale of this article, the ER process delivers as artefact a documented
database, whereas systems engineering delivers a documented functional system, including a
database and application as well as all interfaces, subsystems and functions involved [1], [6].

Critically important is that system modelling, evaluation and development specification are
the main activities of preliminary design, where the proposed decision support framework
delivers the most significant contribution.

3 RESEARCH METHODOLOGY

Two sets of experiments were conducted to solve the problem facing most database designers:
Which design considerations are the most important when developing a new data-based
application? Two design philosophies must be considered: (i) database technology as the
primary determinant or (ii) design methodology as an equalising (technology agnostic)
approach.

The first set of experiments focused only on the primary database operations, create, read
update, and delete, to determine the performance of two different database technologies not
specific to any application test standard or design methodologies. That is, technology options
MongoDB and PostgreSQL were objectively compared on a “technology only” test bed.

The second set of experiments evaluates (i) the performance of MongoDB and PostgreSQL after
applying a traditional entity relational design process and (ii) the performance of Mongo and
PostgreSQL after applying a SE-based design methodology.

The experiments will show that the most significant performance determinant lies in the
preliminary design phase (logical database modelling) and not in technology choice. This
finding may seem counterintuitive and unexpected, but the experiments followed a systems
engineering approach instead of a naive technology selection process.

Design choices for the second set of experiments were informed by the results from the first
set of experiments. Specifically, design parameters such as the number of indexes, fields, and
batch sizes were adjusted to obtain optimal performance, regardless of the database
technology.

For the second set of experiments, an e-commerce system (based on the TPC-C benchmark
[32]) was used as an application benchmark. The benchmark incorporates both the application
and database design, and results will therefore holistically reflect the impact of the design
methodology on the system’s performance and scalability.

Emphasis is placed on performance engineering because it impacts a system's quality,
reliability, maintainability, and sustainability [33].

3.1 First set: Empirical experiments

3.1.1 Purpose

Determine the performance characteristics of two database technologies (MongoDB and
PostgreSQL) to identify design parameters for the logical database design activity in the
preliminary design phase of the life cycle process.

Create, read, update, and delete operations are empirical functions that are used in all
database operations and were used in this set of experiments.
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3.1.2 Parameters and setup

The parameters that were varied in experiments include the following: number of read and
write indexes, fields projected, stored and queried, number of threads used, the row limit of
results, and batch sizes.

The parameter setups for create, read, update, and delete experiments were comprehensively
run through relevant permutations. All tests varied the number of threads (from 1 through 8)
to measure the local scalability of the database system. Each combination was run on MongoDB
4.4 and PostgreSQL 13 on a controlled commodity machine with default configurations.
MongoDB is a popular NoSQL database, while PostgreSQL is a popular relational database with
the ability to model complex columns and therefore allows for embedding [20], [21].

To investigate the impact of each parameter, the whole result set was taken into account,
and each parameter change was tested for interdependence with other parameters. Each
iteration was timed and repeated a sufficient number of times to obtain statistical
significance.

3.1.3 Tests
The experimental tests are described below:

1) Test 1 - inserts: This test measures the impact of batch size, number of fields and indexes
on insert performance. Documents/rows are generated randomly and inserted based on
the parameters.

2) Test 2 - standard queries: This test measures the impact of fields queried, fields returned,
fields indexed, and query limit on read performance. The database is pre-populated as
described above, and indexes are created or dropped as required by the parameter set.

3) Test 3 - updates: Since updates have both a read and write component, the database is
populated with rows of two sets of fields, one used for querying exclusively and one used
exclusively for writing. This is done to isolate the impact of each type of index on the
measurements. The parameters tested are the number of fields used to query, the number
of fields updated, the number of indexes used in a query and the number of unqueried
write-only indexes. An increment with random magnitude was used as the operation.

4) Test 4 - deletes: This test measures the impact of fields queried and the number of indexes
on delete performance. Like updates, delete operations have a query and a write
component, in this case, complete removal of the row/document. The deleted rows are
re-inserted after every iteration as it is a necessary step to keep the database pristine for
each iteration and set of parameters.

3.1.4 Results and findings

Even though MongoDB generally performed better at write operations and PostgreSQL at read
operations, the impacts of the parameters indicated that both database technologies behave
in a similar way and with similar magnitudes to changes in these parameters.

In summary, the following observations were made:

1. Indexes significantly improve read performance; exponential gain with > 102 on the
6" index
2. Indexes significantly improve sorting performance; exponential gain with > 102 on the
6" index
3. Indexes reduce write performance:
a. Adding more indexes always reduces write performance; logarithmic decay in
insert and update tests with between 36% and 50% loss on the 6" index.
b. If the index helps reduce database scanning, the net effect is positive;
exponential gain with > 102 on the 6" index

[168]-7

173



4. High limits reduce the number of operations per second, though inversely increase
the number of rows/documents per second;

5. Batching is beneficial for writes in general; logarithmic gain > 10" on batches of 4096
versus single inserts

6. Multiple threads/connections are always beneficial; near-linear improvement across
all tests (60% improvement per thread)

7. Inserting more fields per row/document decreases write performance; linear decay
of around 3%-9% per additional field

8. Projecting more fields reduces read performance; near-linear decay based on the
number of rows/documents returned (between 1.5% and 2.5% per field).

9. Updating fewer fields improves write performance; similar behaviour to inserts when
unindexed (between 1% and 6% per field) and greater when indexed (between 4% and
12% per field)

10. Querying with fewer fields improves read performance, even when indexed; near-
linear decay of 2% per additional field

11. Write operations are far more expensive than reading operations. Ranging from 10 to
103 times slower for the same number of documents processed.

These findings play a vital role in defining the design choices for the logical database modelling
methodology as part of the preliminary design activities. These design choices are typically
not applied in traditional database design, and this is because, in traditional database design,
strict normalization is the de facto philosophy [2].

3.2 Second set: TPC-C experiment

3.2.1 Purpose

This set of experiments aims to evaluate the value of design choices obtained from the first
set of experiments in a standard data-based application benchmark (TPC-C).

The TPC-C benchmark is a standard set of functions implemented by a defined set of
transactions. Furthermore, the TPC-C benchmark is a standardized database management
system and cloud performance benchmark based on complex online-transactional processing
(OLTP) workloads. It measures the business throughput: the number of new order transactions
processed per minute (TpmC) [32].

The workload is typically modelled for relational databases, but adaptations to fit the
benchmark to MongoDB have been successful. The premise of these adaptations is to measure
the effect of embedding data rather than relying on strict normalized paradigms [34].

The rationale of using an SE approach is to first characterize the information system, with all
its interfaces and interdependencies, before allocating the system requirements to the
database subsystem. With the TPC-C benchmark, there is lenience in the design and
implementation of the database and application - this was used to demonstrate the effects of
allocating system requirements on the database design and performance.

Therefore, this experiment compared (i) a traditional normalized TPC-C application without
the value of system requirements analysis and (ii) the SE-based designed database on the TPC-
C application after the application of system requirements analysis.

3.2.2 Parameters and setup

The same test system was used as in the first set of experiments. The application was
benchmarked against a series of transactions shown below [35]:

e New order - mid-weight read-write transaction;
e Payment - light-weight read-write transaction;
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e Order status - mid-weight read-only transaction;
e Delivery - mid-weight read-write transaction;
e Stock level - heavy read-only transaction.

The above transactions were performed and measured (in the application) on both traditional
(ER) and SE design paradigms for PostgreSQL and MongoDB to validate that a SE design
approach on both technologies scales and performs better, even for more complex
transactions. The results were validated against the MongoDB results in [34].

3.2.3 Results and findings
The results of the PostgreSQL experiment are shown in

Figure 3 and MongoDB in Figure 4. An average increase of 20% in TpmC (new-order transactions
per minute) for the modern approach on PostgreSQL and 15% for MongoDB correlates with the
results found in [34].
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The original model was modified by embedding the order lines entity within an order, the
exact change made in [34]. This change is because order and order lines have a composition
relationship (orders are composed of order lines), so embedding is preferred.

This observation was made during the preliminary design when inspecting the relationships
and directly impacted the design choice. Moreover, since the application interface requires
fewer round trips to the database (no JOINS required), scalability was improved (contribution
from the empirical experiments). This impact was envisioned during the preliminary design
(SE) by inspecting the interface between the database and the application.

This result validates that both databases behave similarly to changes in the underlying model,
even with complex transactions. Therefore, a thorough preliminary design, more specifically
the allocation of requirements to data-based design as derived from application level, results
in improved scalability, regardless of the technology. This is a very important finding.

4 PROPOSED SE-BASED DATABASE DESIGN METHODOLOGY

The design methodology is based on the systems engineering phases, as shown in Figure 2. The
sections will focus on the database-specific design aspects while incorporating essential
factors relating to how the system interfaces with the database. While the process is very
similar to an ER approach at times, the focus and end result is very different.

4.1 Real-world problem/Input

It is critical to establish all actors that will manipulate and use the system (where data is
concerned) either directly or indirectly. In other words, it should be noted if an action must
be persisted in some way, cause a change in persisted data, or request data directly or
indirectly. For each actor, all interactions must be elicited [8], [10].

The above is typically extracted during the requirements elicitation process at the system
level [6], and it is vital to elicit requirements relating to the whole life cycle of the system
as-is, to-be, and might-be.

4.2 Conceptual design

After requirements elicitation, a high-level/operational-level functional analysis is performed.
From this analysis, it is crucial to identify the business rules relating to technical performance
measures (TPMs) and high-level functions and interfaces. Detail on the frequency at which
functions will be executed and any relationships and cardinalities that may pertain to data-
related design on a conceptual level must be made visible and documented [6].

It is essential to point out that no database technology selection or modelling had been made
up to this point. This is different from current methods that follow a middle-out approach.

4.3 Preliminary design

The preliminary design phase mostly coincides with the typical tasks associated with the ER
approach, conceptual and logical modelling. However, it is still to be done agnostic of the
database technology.

In the SE approach, one performs a refined functional analysis on a subsystem level. As the
design progresses, the documentation has to be expanded to include new requirements or
constraints that may arise from other subsystems (such as the application) or functions that
interface with the database [6].

At this stage, the high-level data entities that have to be persisted, their relationships and
cardinalities and some data fields or attributes should be known (from requirements and
functional analysis).
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Each relationship has to be defined as one of (from weakest to strongest in terms of
dependence for existence) [16], [36]:

Association - any logical relationship with no dependence on existence;
Aggregation - parts of a whole but can exist separately;

Composition - parts of a whole but cannot exist separately;

Inheritance - specialization of an entity.

Given the relationships of a data entity, one can determine whether an entity is strong or
weak. A strong entity’s existence is not dependent on its relationships.

Cardinalities are often expressed vaguely, such as one-to-many and many-to-many, but it is
more instructive to have specific descriptions such as one-to-fifty.

Closely related to cardinality is the rate at which entities (and by extension relations) are
inserted into or removed from the database and updated or read. This rate can be derived
from related functions and interfaces (application, for instance) and their specifications [7].

To support multi-tenancy, which enables a single system to service multiple tenants, annotate
entities or relationships that may aid segregation. For example, the entity “account” could be
used to segregate all other entities based on which account they belong to.

The entities and relationships can be modelled and refined in UML class diagrams with all the
metadata and documentation gathered during the above steps. This process must be iterative
to address all the requirements as described below.

4.3.1 Entities

Firstly, all data entities and their attributes are rendered into a UML class diagram, followed
by their relationships and cardinalities.

When modelling and refining entities, the decision has to be made whether to embed or
reference an entity.

As a first step, entities that grow boundless should always be strong standalone entities, and
these entities will serve as anchors for other entities based on their relationships. One
exception is weak entities that grow boundless, and these can use a special bucket pattern
for embedding or remain a top-level entity [37].

4.3.2 Attributes

All attributes garnered from previous steps are annotated in the UML class diagrams. These
should use simple types and allow for some special types, such as arrays of simple values
initially. Attributes typically assigned as relational data (addresses or phone numbers, for
example) should remain intact until further decomposition is required.

Imbue each entity with a unique identifier, if not already inherent. Here it is important to
introduce any multi-tenancy attributes that may be used for discrimination.
4.3.3 Relationships

Any relationship is inherently bi-directional, but, in the context of a database system, some
relationships can be considered single-ended or uni-directional, such as when the system only
accesses the data in one direction.

Firstly, simplex relationships will be handled. These are defined as relationships between
entities which do not have more than one strong relationship with other entities.

One-to-one relationships are typically embedded into the stronger of the entities, and these
are also typically single-ended. Annotate a new field to denote the relation, but type it with
the type of the entity embedded.
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One-to-few relationships embed or reference the “few” entities into the “one” entity. The
rule of thumb is based on the strength of the relation, and deciding which side to embed/refer
to is based on the entities’ strength. Composition or inheritance relations should usually
embed, while it is not as clear for weaker relations. It is also possible to reference the entity
but embed some data that changes rarely and is frequently required.

One-to-many typically only reference each other but optionally embeds data locally that is
often required and rarely changing. Typically one would refer to the “one” from the “many”
side, though it is possible with a bucket pattern to have it the other way around. Use the
latter approach if the directionality of operations would benefit from such an approach.

Many-to-many can be grouped into the following varieties: many-to-many, many-to-few and
few-to-few.

Pure many-to-many cannot consider full embedding. Often, a new JOIN entity that references
the left and right-hand entities is required.

Many-to-few can be handled similarly to a one-to-many relationship, where the “few” are
embedded or referenced on the “many” side. JOIN entities are not required.

Like many-to-few, few-to-few relationships can embed or reference on both ends, depending
on the association type.

Only simplex situations have been considered up to now. When more complex relationships
exist where entities have different cardinalities and association types with more than one
entity, one should carefully consider how to render each entity optimally. The above process
should be followed recursively, rendering the stronger relationships first until only simplex
relationships remain. Considering that boundless entities serve as anchors, start with these
and render each association with them accordingly.

The primary decision to be made when modelling entities is whether to embed, reference or
follow a hybrid approach. It is here where application query patterns play a vital role in
determining the necessary trade-offs to consider.

When considering embedding in complex cases, the following questions have a bearing on the
design choice [13]:

e How often is the embedded data changed?
e How often is the embedded data required in a query?

The answer to these questions will determine whether embedding is ideal. When embedded
data changes often, it must be fanned out to all other entities that embed this entity on
change. If the ratio to writes versus reads is skewed to the write-heavy side, referencing might
prove more performant and maintain a stricter level of consistency. However, if the ratio is
skewed towards the read-heavy side, embedding might prove more performant by removing
the need to join the entities during a query [13]

Referencing is typically better for scaling writes for complex cases primarily by avoiding the
fan-out discussed earlier. Embedding, in contrast, is better for read performance. A third
option is to utilize both models, following an eventual consistency approach to embedded
data. Attributes typically required in queries should be noted as possible candidates for partial
embedding for this approach. A fourth option could be to utilize the bucket pattern, which
creates buckets of references or embeddings.

The experiments showed that writes are more costly on a database system than reads and
should be prioritised when designing complex relationships.
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4.4 Detail design

Following the preliminary design, a detail design requires technology choices. The database
management system (DBMS) should be chosen based on the system's constraints, controls,
resources, inputs, and outputs. Form follows function; therefore, the database chosen should
have a form and fit to meet the function [38].

The UML class diagrams must be synthesized into the DBMS of choice during detail design.

Indexes must be designed, which was seen as the most impactful parameter in the empirical
tests. To successfully design the indexes, one has to consider the frequency at which queries
will be performed. It may be more desirable to allow longer query times than to suffer lower
write throughput for all inserts/updates. However, if a query is performed frequently, and
especially if the collection/table grows significantly large, it cannot be helped but to add an
index [29].

The rule of thumb for indexing multiple columns - start with the most selective column first,
then work toward the least selective column, superseded by the clause that the left-most
columns have to be fully specified to benefit from the right-most columns [9].

For scalability, one may have to consider sharding. Both databases can partition (or shard)
based on a range of keys (similar to an index) or by hash. Sharding, in addition to regular
partitioning, migrates a partition to a different server altogether. Not only is disk performance
scaled, but also reads, writes and CPU-bound work [20], [39].

To obtain high availability (on the database layer), the database layer requires replication to
serve as live backup and recovery [20], [21].

4.5 Artefact/Output

After the processes described above, the design of the database subsystem is complete. All
interfaces and functions interacting with the database are defined and documented; thus, the
application could be developed and implemented in parallel.

Considering the empirical results as a guide to database operations design in the application,
one can make the best use of the underlying database system. For example, one can improve
the system's performance by employing multiple threads and batch operations.

5 CONCLUSION

This paper has demonstrated that traditional database design methodologies lack a holistic
system-wide approach. Although similarities between the phases of ER and SE exist, they are
significantly different in nature, purpose, and execution. As alluded to earlier, ER follows a
middle-out approach while SE follows a top-down approach.

The most challenging yet impactful decisions must be made during the preliminary design
phase, which is a phase typically not included in traditional database design. In SE, a
conceptual design closely represents the real world and its requirements, while preliminary
designs represent the abstract database system more closely. Translation between concept
requirements (Type A) and preliminary (Type B) is critical to ensure requirements are fully
managed. Detail design progresses to closely represent the physical database system and,
ultimately, the application’s structures. In other words, the conceptual design closely
resembles the use cases and actors in the system, while the preliminary design, prudently so,
more closely resembles the application and system.

Empirical database tests were performed on PostgreSQL and MongoDB to determine the
databases’ characteristic performance with respect to parameter changes. From the results,
literature, and systems engineering principles, a new methodology was developed in the form
of a decision support framework encapsulated in the development method.
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To validate that the empirical results apply to complex transactions and a modern modelling
paradigm applies to PostgreSQL and MongoDB, a TPC-C benchmark was performed on
traditionally modelled and modern approaches. A similar experiment was done by [34] for
MongoDB. In both cases, the modern approach achieved up to 20% improvement in transactions
per minute.

These results demonstrate that following a system-oriented design and modelling within a
modern paradigm delivers better scalability and design flexibility, whether applied to
MongoDB or PostgreSQL. For this reason, the SE preliminary design phase can and must be
completed before choosing a database technology. Moreover, considering surrounding
functions and interfaces in the design (such as the application), a complete solution with the
correct form and fit is obtained.

6 REFERENCES

[11 P. P.-S. Chen, “The entity-relationship model---toward a unified view of data,” ACM
Transactions on Database Systems, vol. 1, no. 1, pp. 9-36, Mar. 1976, doi:
10.1145/320434.320440.

[2] A. Badia and D. Lemire, “A call to arms,” ACM SIGMOD Record, vol. 40, no. 3, p. 61,
Nov. 2011, doi: 10.1145/2070736.2070750.

[3] E. Meijer, “All your database are belong to us,” Commun ACM, vol. 55, no. 9, p. 54,
Sep. 2012, doi: 10.1145/2330667.2330684.

[4] A. A. Imam, S. Basri, R. Ahmad, and M. T. Gonzalez-Aparicio, “Schema proposition
model for NoSQL applications,” Advances in Intelligent Systems and Computing, vol.
843, pp. 30-39, 2019, doi: 10.1007/978-3-319-99007-1_3.

[5] A. Kanade and A. Gopal, “A Novel Approach of Hybrid Data Model in MongoDB.,” IUP
Journal of Computer Sciences, vol. 9, no. 3, 2015.

[6] B.S. Blanchard and W. J. Fabrycky, Systems Engineering and Analysis, 5th ed. Harlow:
Pearson Education Limited, 2014.

[7] A.A.Imam, S. Basri, R. Ahmad, J. Watada, M. T. Gonzlez-Aparicio, and M. A. Almomani,
“Data modeling guidelines for NoSQL document-store databases,” International Journal
of Advanced Computer Science and Applications, vol. 9, no. 10, pp. 544-555, 2018, doi:
10.14569/1JACSA.2018.091066.

[8] C. Coronel, S. Morris, and P. Rob, Database Systems: Design, Implementation, and
Management, 11th ed. Stamford, CT: CENGAGE Learning, 2009.

[9] B. Schwartz, P. Zaitsev, and V. Tkachenko, High Performance MySQL: Optimization,
Backups, and Replication, 3rd ed. Sebastopol: O’Reilly Media, Inc., 2012.

[10] P. Ponniah, Database design and development: an essential guide for IT professionals,
1st ed. New Jersey: John Wiley & Sons, Inc., 2003.

[11] A. De Lucia, C. Gravino, R. Oliveto, and G. Tortora, “An experimental comparison of ER
and UML class diagrams for data modelling,” Empirical Software Engineering, vol. 15,
no. 5, pp. 455-492, 2010, doi: 10.1007/s10664-009-9127-7.

[12] K. Chodorow and M. Dirolf, MongoDB: the definitive guide, 2nd ed. Sebastopol: O’Reilly,
2013.

[13] W. Zola, “6 Rules of Thumb for MongoDB Schema Design: Part 3,” 2014.
https://www.mongodb.com/blog/post/6-rules-of-thumb-for-mongodb-schema-design-
part-3 (accessed Apr. 06, 2022).

[168]-14

180



[14]

[15]

[16]

[17]

[18]

[19]

[20]
[21]

[22]

[23]
[24]
[25]

[26]

[27]

[28]

[29]
[30]

G. L. Sanders and S. S. S. Shin, “Denormalization effects on performance of RDBMS,”
Proceedings of the 34th Annual Hawaii International Conference on System Sciences,
vol. 00, no. c, pp. 1-9, 2001, doi: 10.1109/HICSS.2001.926306.

F. Yassine and M. A. Awad, “Migrating from SQL to NOSQL Database: Practices and
Analysis,” Proceedings of the 2018 13th International Conference on Innovations in
Information Technology, T 2018, pp.- 58-62, 2019, doi:
10.1109/INNOVATIONS.2018.8606019.

P. W. Jordaan and J. E. W. Holm, “Reflection on MongoDB Database Logical and Physical
Modeling,” in 2019 IEEE AFRICON, Sep. 2019, vol. 2019-Septe, pp. 1-8. doi:
10.1109/AFRICON46755.2019.9133972.

A. Kanade, A. Gopal, and S. Kanade, “A study of normalization and embedding in
MongoDB,” Souvenir of the 2014 IEEE International Advance Computing Conference,
IACC 2014, pp. 416-421, 2014, doi: 10.1109/1AdCC.2014.6779360.

C. de Lima and R. dos Santos Mello, “A workload-driven logical design approach for
NoSQL document databases,” in Proceedings of the 17th International Conference on
Information Integration and Web-based Applications &Services - iiWAS ’15, 2015, pp.
1-10. doi: 10.1145/2837185.2837218.

P. Atzeni, F. Bugiotti, L. Cabibbo, and R. Torlone, “Data modeling in the NoSQL world,”
Computer Standards & Interfaces, no. October, pp. 0-1, Oct. 2016, doi:
10.1016/j.csi.2016.10.003.

MongoDB, “The MongoDB 5.0 Manual,” 2021. https://docs.mongodb.com/manual/
(accessed Mar. 14, 2022).

The PostgreSQL Global Development Group, “PostgreSQL 11.2 Documentation,” 2019.
https://www.postgresql.org/docs/11/index.html (accessed Apr. 26, 2019).

C. Fahrner and G. Vossen, “A survey of database design transformations based on the
Entity-Relationship model,” Data and Knowledge Engineering, vol. 15, no. 3, pp. 213-
250, 1995, doi: 10.1016/0169-023X(95)00006-E.

S. R. Schach, Object-Oriented & Classical Software Engineering, 7th ed. New York:
McGraw-Hill, 2007.

S. W. Ambler and M. Holitza, Agile For Dummies, IBM Limited Edition, 1st ed. New
Jersey: John Wiley & Sons, Inc., 2012.

T. Kraska and B. Trushkowsky, “The New Database Architectures,” IEEE Internet
Computing, vol. 17, no. 3, pp. 72-75, May 2013, doi: 10.1109/MIC.2013.56.

A. Bala and I. Chana, “Fault Tolerance-Challenges, Techniques and Implementation in
Cloud Computing,” International Journal of Computer Science Issues(IJCSI), vol. 9, no.
1, pp. 288-294, 2012.

P. W. Jordaan and J. E. W. Holm, “Implementation and verification of a cloud-based
machine-to-machine data management system,” in 2013 Africon, Sep. 2013, pp. 1-5.
doi: 10.1109/AFRCON.2013.6757739.

P. Helland, “If You Have Too Much Data, then ‘Good Enough’ Is Good Enough,” Queue,
vol. 9, no. 5, p. 40, May 2011, doi: 10.1145/1978862.1988603.

R. Copeland, MongoDB Applied Design Patterns, 1st ed. Sebastopol: O’Reilly, 2013.

P. J. Deitel and H. M. Deitel, C++ How to Program, 6th ed. New Jersey: Prentice Hall,
2008.

[168]-15

181



[31]
[32]
[33]

[34]

[35]

[36]

[37]
[38]

[39]

S. Jacobs, “Systems Engineering,” in Engineering Information Security, Hoboken, NJ,
USA: John Wiley & Sons, Inc., 2011, pp. 29-58. doi: 10.1002/9780470947913.ch2.

T. P. P. Council, “Tpc-C,” TPC.org, no. February, 2019, [Online]. Available:
http://www.tpc.org/tpcc/

K. B. Misra, Handbook of Performability Engineering. London: Springer London, 2008.
doi: 10.1007/978-1-84800-131-2.

A. Kamsky, “Adapting TPC-C Benchmark to measure performance of multi-document
transactions in mongo DB,” Proceedings of the VLDB Endowment, vol. 12, no. 12, pp.
2254-2262, 2018, doi: 10.14778/3352063.3352140.

R. Osman, |. Awan, and M. E. Woodward, “Application of Queueing Network Models in
the Performance Evaluation of Database Designs,” Electronic Notes in Theoretical
Computer  Science,  vol. 232, no. G pp. 101-124, 2009, doi:
10.1016/j.entcs.2009.02.053.

Object Management Group, “OMG Unified Modeling Language TM (OMG UML),” 2015.
http://www.omg.org/spec/UML/2.5/ (accessed Nov. 28, 2016).

D. Coupal and K. W. Alger, “Building With Patterns: The Outlier Pattern,” 2019.

M. H. F. Wen and V. O. K. Li, “Form Follows Function: Designing Smart Grid
Communication Systems Using a Framework Approach,” IEEE Power and Energy
Magazine, vol. 12, no. 3, pp. 37-43, 2014, doi: 10.1109/mpe.2014.2301536.

pgDash, “Sharding Your Data With PostgreSQL 11,” 2019.
https://pgdash.io/blog/postgres-11-sharding.html (accessed Apr. 26, 2019).

[168]-16

182



Appendix D

Source Code

All tests, experiments and benchmarks, as well as compiling and running instructions, are

available from the following GitHub source code repository:

https://bit.ly/phddss

The following QR code will also redirect to the GitHub page:

o0

n ol |
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