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ABSTRACT

This research provides a comprehensive investigation of the base and higher-level principles that underpin
modern database systems and considers four interconnected components: conceptual/physical design, query-
based information retrieval, multiple-criteria performance evaluation, and proactive maintenance methods. The
analysis draws upon a broad range of academic literature examining relational, NoSQL, and NewSQL
paradigms; it develops a structured analytic model that associates design choices with both immediate (query-
based) retrieval performance and longer-term operational sustainability. The comparison methodology used to
evaluate the trade-offs inherent in the architectures of different database paradigms was supplemented with
empirical benchmarking data and industry case examples. The study demonstrates that there is a significant gap
in the literature relating the use of metrics for evaluating database performance with the need to plan for
maintenance at all stages of a database's lifecycle - a significant limitation addressed by this research through a
proposed Lifecycle Integration Model (LIM). It also shows that while retrieval performance can be affected by
poorly designed queries, the root cause of poor performance often lies in the early-stage design of the schema
and inadequate indexing/maintenance practices. Finally, the study offers practitioners guidance on improving
their database use and discusses the limitations associated with the variability of deployment environments.
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1. INTRODUCTION

Modern enterprise operations are heavily reliant on database systems, which include scientific repositories,
government data archives, and e-commerce sites, for efficient, accurate, and reliable delivery of data that
supports decision-making at every level and ultimately determines an organization's competitiveness in today's
digital economy. Although researchers have studied database systems for many years and technology has
evolved dramatically, there is still a significant gap between theoretical "best practice" and actual deployment
quality, especially in the area of mid-size deployments, where cost and limited resources preclude the hiring of
expert DBAs.

Historically, database system research has been broken down into four areas - design, querying, performance
tuning, and administration, with each area being treated as separate and sequential phases of operation rather
than as interdependent parts of a larger process. Therefore, although there is a wealth of knowledge available
about each phase, much of this knowledge exists independently of other phases and lacks integration of one
phase into another, such as how design decisions relate to long-term operational outcomes. Because most
organizations are transitioning away from traditional relational databases to a new generation of "polyglot
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persistence" environments that use multiple types of NoSQL, NewSQL, and distributed database systems, the
need for an integrated conceptual framework has never been greater.
In this paper, we propose a Lifecycle Integration Model (LIM) that integrates design, querying, evaluation, and
maintenance into a single analytical framework and provide a critical review of existing literature as well as
comparative analyses of industry benchmarking reports and case studies to validate our proposed model. In
doing so, we make three additional contributions: We define an operational relationship between normalized
table depth and query complexity, we introduce a weighted evaluation rubric for assessing the performance of a
database, and we propose a feedback-driven maintenance cycle that uses the results of evaluations to trigger
revisions to the schema and indexes of a database system.
2. OBJECTIVES

The purpose of this study is to achieve three main goals in order to provide a complete analysis framework for
the database system life cycle. The first objective was to evaluate the theory and practical application of
database design, which includes (1) entity relationship diagrams, (2) normalizing data, and (3) optimizing
physical database placement. The second objective was to analyze current and future query optimization
techniques used by relational databases and other types of databases. In addition to analyzing how different
databases use indexes for faster access to data, the second objective also examined how relational and non-
relational databases plan out how queries will be executed, and how queries are retrieved from multiple
machines. The third objective was to create and validate an evaluation tool using multiple criteria in order to
evaluate the efficiency of database solutions. The evaluation tool combined performance, scalability,
availability, and consistency measures into one measurable metric. The fourth objective was to create a
framework that would include all of the current methods used to maintain databases, as well as link each method
to the outputs of the evaluation tool. Overall, the four objectives support the overall goal of providing database
designers and administrators with action-based, data-driven tools to manage databases throughout their
operational life cycle.

3. LITERATURE REVIEW
3.1 Database Design Paradigms
The Relational Model, formally defined by Codd (1970) and commercially realized in IBM's System R, was the
prevailing data base design methodology for Structured Data Management throughout the 20th Century. The
relational model is based on Set Theory, which formally establishes the integrity of the data and logically
independent relationships; the relational model is one of the few methodologies where such formal guarantees
exist today. The theory of normalization developed by Date (2004), progressed from First Normal Form through
Fifth Normal Form, formalized the process of removing Redundancy in databases and Anomalies in Updating
Schemas. The theoretical challenge of balancing Normalization Depth with Query Performance - i.e., that
completely normalized Schemas require expensive Multi-Table Joins - has produced an extensive body of
research in the area of Selective Denormalization Strategies.
Entity-Relationship (ER) modeling, introduced by Chen (1976), represents a conceptual layer that exists
between Domain Expert Knowledge and Technical Schema Implementation. Contemporary extensions to the
original ER model, including the Enhanced Entity Relationship (EER) model, have been developed to include
Inheritance Hierarchy, Aggregation, and Specialization Constructs that are essential for modeling Complex
Organizational Data Structures. While the UML Class Diagram has largely replaced ER Notation in Object-
Relational Environments, both remain actively used in Software Engineering and Database Curriculum
Development.
The advent of NoSQL Systems in the Mid-2000s challenged the relational paradigm by emphasizing Horizontal
Scalability and Flexibility of Schemas over Consistency Guarantees (Cattell, 2011). Document Stores such as
MongoDB, Column-Family Stores such as Apache Cassandra, Key-Value Stores represented by Redis, Graph
Databases including Neo4j, and other types of NoSQL Systems each represent unique Data Models that are
designed to optimize Workload Patterns. The CAP Theorem (Brewer, 2000) provided a theoretical framework
for understanding the fundamental trade-offs that these Systems must navigate. Subsequent research has
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qualified the applicability of the CAP Theorem and identified more nuanced consistency models, including
Eventual Consistency and Causal Consistency, to better describe real-world behavior of NoSQL Systems.

Figure 1: Taxonomy of Database Models

Database Systems
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3.2 Query Optimization and Information Retrieval
Query Optimization is one of the most computationally expensive challenges faced by database designers today.
In order for an optimizer to determine the best possible execution plan out of a potentially exponentially large

number of execution plans it must be able to assess each possible plan, estimate its cost, and then compare these
costs. Dynamic Programming was first applied to relational query optimization by Selinger et al. (1979) and
continues to be a fundamental part of relational query optimizers such as those found in PostgreSQL and IBM
DB2. The ability of a cost-based optimizer to generate high-quality optimized plans depends upon the quality of
the statistical metadata used to make decisions about different plans. Histograms, cardinalities, and correlation
coefficients are all examples of the types of statistical metadata that are commonly used to guide a cost-based
optimizer’s decision-making process.

The main method used to improve data retrieval in relational databases is indexing. Due to their guaranteed
balanced height and very good block I/O characteristics, B+ Trees continue to be the most widely used index
type for both range and equality queries (Ramakrishnan & Gehrke, 2003). While hash indexes can perform
equality lookups much faster than B+ Tree indexes, they are generally not suitable for use in range queries.
Other, more specialized indexing methods, such as R-Trees for spatial data, inverted indexes for full-text
searches, and bitmap indexes for low-cardinality attribute values, have also been developed for specific
application areas. The proper placement and ongoing maintenance of indexes represent another important
optimization challenge. Too many indexes will increase the time it takes to update and insert new data, and may
require additional disk space to store. Conversely, too few indexes can force sequential scans of large tables,
leading to poor overall performance.

The book by Vaswani (2009) provides a practical overview of how MySQL handles queries. It discusses the
interplay between the query parser, optimizer, and storage engine. As a specific example, the optimizer in
MySQL uses a cost model based on the estimated number of rows read during joins and the choice of join
strategies to illustrate the difference between theoretically optimal plans and those that can actually be
implemented using current hardware. The paper by Appigatla (2018) describes a similar analysis of the MySQL
8 optimizer. It describes several improvements made to the optimizer, including hash joins, better histogram
statistics, and the introduction of an invisible index feature that allows developers to test whether removing an
index would affect performance before actually doing so.
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3.3 Performance Evaluation Frameworks

There have been a variety of ways to measure the performance of databases. For some years, the Transaction
Processing Performance Council (TPC) has produced a set of standardized benchmarks for measuring database
performance. These benchmarks include TPC-C, TPC-H, and TPC-DS, which are intended to model OLTP,
decision support, and complex analytics applications, respectively. Each of these benchmarks provides a number
of standardized metrics such as the number of transactions processed per minute (tpmC), the average query
response time, and the price-performance ratio. Although the TPC benchmarks provide a common framework
for comparing the performance of competing products, there is considerable evidence that the workloads
modeled by the TPC benchmarks do not accurately model the real world (Gray, 1993).

A growing body of research is exploring the development of workload-aware benchmarks that capture the
access patterns, concurrency levels, and data distribution characteristics of actual production systems. Examples
of workload-aware benchmarks for traditional relational systems include the Yahoo Cloud Serving Benchmark
(YCSB) (Cooper et al., 2010). An extension of YCSB called YCSB+ has also been developed to evaluate the
performance of NoSQL and cloud native systems. YCSB+ includes workload mixes for simulating social media,
web analytics, and IoT data ingestion. The availability of multiple evaluation tools has highlighted the
importance of evaluating database performance using a multidimensional approach that includes throughput,
latency percentiles, availability, and resource utilization.

3.4 Database Maintenance Strategies

Database maintenance refers to a wide range of administrative tasks that are performed to ensure that data is
consistent and accurate, that database performance remains stable over time, and that the database is recoverable
in the event of a failure. Many of the routine maintenance tasks associated with relational databases include
refreshing statistics, rebuilding and reorganizing indexes, analyzing fragmentation, managing logs, verifying
backups, etc. One of the most well-known implementations of automated maintenance scheduling in a relational
database is the PostgreSQL autovacuum daemon. The autovacuum daemon is responsible for triggering
vacuuming operations to reclaim storage and maintain planner statistics currency when the number of tuples
marked as dead reaches a certain threshold (Momjian, 2001).

In the context of MySQL environments, Vaswani (2009) states that OPTIMIZE TABLE is the primary tool for
performing table-level defragmentation, and that mysqlcheck is the second primary tool for performing
defragmentation. Slow query logging is the key to determining which candidate queries should be rewritten as
indexes, or if they should be rewritten as other forms of query rewrite. Appigatla (2018) describes how the
performance_schema and sys schema instrumentation layers were added to MySQL 8 to provide developers
with real-time execution diagnostics that were previously available only via external monitoring agents. These
developments reflect a larger trend in the database community towards developing self-monitoring database
systems that can automatically develop maintenance recommendations based on their operational telemetry.

4. METHODOLOGY
The study uses systematic literature reviews that are augmented using empirical benchmarks and documented
case studies taken from reported deployments in industries. In addition to these systematic literature reviews, the
study is based on a comparative analysis. The systematic literature review for this paper followed the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. This paper's systematic
literature review was performed using a formal search across four different electronic databases: ACM Digital
Library, IEEE Xplore, SpringerLink, and Google Scholar. For this paper's search, we employed a controlled
vocabulary that contained the following terms to describe our search terms: database design, normalization,
query optimization, execution plans, performance benchmarking, index management, database maintenance,
NoSQL systems, and NewSQL architecture. All original or primary research, as well as any type of authoritative
source from which references were drawn, were considered eligible for inclusion within the scope of this study;
however, all types of sources had to have been published prior to 2022. In addition, all conference abstracts
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without any detailed descriptions of methodologies and all forms of grey literature that were not peer-reviewed
were excluded from consideration for inclusion within the scope of this study.

The comparative analysis part examined four representative databases: MySQL 8 (a relational database),
PostgreSQL 14 (an object-relational database), MongoDB 5 (a document store), and Apache Cassandra 4 (a
wide-column store). These databases were compared using the same evaluation criteria as before; however,
performance data for these comparisons was taken from published TPC-C and YCSB benchmark reports,
vendor technical documentation, and academic evaluations. Performance was measured against five evaluation
criteria. Those five dimensions are: query throughput, write latency, horizontal scalability, storage efficiency,
and operational complexity. The weight given to each of those five dimensions was determined based on a
severity coefficient established through an analysis of operational priorities identified in a sample of forty case
studies of industry deployments of database applications.

The original Lifecycle Integration Model (LIM) described in this paper was constructed utilizing a grounded
theory methodology in which recurring themes identified during the literature review, primarily the lack of
feedback loops between evaluation results and maintenance scheduling, were converted into a conceptual model
of how the LIM would work. The validation of the LIM's four phases was achieved by comparing its design-
retrieval-evaluate-maintain cycle with those of five longitudinal case studies of large-scale database
implementations in the financial services, healthcare, and e-commerce industries. A second method of
triangulation involved examining the convergence and divergence of practitioner recommendations in the
official documentation of MySQL and PostgreSQL, and academic recommendations, to develop the final form
of the model.

Figure 2: Research Methodology Flow

Literature Review | ) ¢ Grounded Theory Case Study
(PRISMA Protocol) f LIM Development Validation

5. DATABASE DESIGN: PRINCIPLES AND PRACTICE

5.1 Conceptual Database Design and ER Modeling

Conceptual design of databases is the translation of an organization's informational needs into a technology-
independent data model of entities, attributes, and relationships among them. A conceptual model has sufficient
detail to allow for the creation of subsequent logical and physical designs. In turn, the quality of the conceptual
model determines how much the final database will be able to accommodate changing requirements; therefore,
it is essential to create an accurate conceptual model early in the development process. According to Elmasri
and Navathe (2016), developing an ER model is best accomplished using a structured approach to analyzing
informational requirements, including conducting interviews with domain stakeholders, reviewing existing
documents, and performing "walk-through" activities to identify potential use scenarios - two of these
recommendations often occur when designing large-scale enterprise-level databases. However, the other three
recommendations are often ignored in small to medium-sized database designs.

Cardinality constraints such as one-to-one, one-to-many, and many-to-many determine how primary keys are
defined, along with how the related foreign key columns are defined. Many-to-many relationships require the
creation of an association table (or intersection table) in order to establish referential integrity. An association
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table is often overlooked by new database designers and is a frequent cause of problems with referential
integrity in operational systems. Participation constraints determine if a relationship is total or partial and can
affect whether a foreign key column is nullable or not, and if the NOT NULL constraint is needed to enforce
required participation in a relationship via triggers.

5.2 Normalization and Denormalization Trade-off Analysis

Normalization theory is a theoretical framework for breaking down relations into structures that reduce
redundancy while still maintaining all of the original information through the concept of lossless join
decomposition. Most production systems are normalized through the three levels of normalization - First
Normal Form (1NF), Second Normal Form (2NF), and Third Normal Form (3NF) (Date, 2004). First Normal
Form ensures that each attribute value is atomic, Second Normal Form eliminates partial dependencies on
composite keys, and Third Normal Form removes transitive dependencies. These three forms of normalization
provide a good starting point for most production systems. Boyce-Codd Normal Form (BCNF) is a stronger
version of Third Normal Form. It requires that every determinant in a relation be a candidate key. This can make
BCNF difficult to apply to certain types of multi-valued dependency structures that do not need to be broken up
to achieve Third Normal Form.

The performance degradation associated with deep normalization has led to a well-defined methodical approach
to selectively denormalizing a database. This involves reintroducing redundant attributes to remove expensive
joins from the access path for critical reads. Analytical environments, particularly those that follow Kimball's
(1996) dimensional modeling concepts, are likely to include some type of denormalization in their star and
snowflake schema architectures. While denormalization increases the storage requirements of the database and
makes writes less efficient, it can significantly improve the read performance. The decision of how far to go
with denormalization depends on the specific requirements of the system being designed. Both technical skills
and understanding of the business rules are necessary to differentiate between normalization violations that are
due to performance issues versus those that are legitimate business rule requirements.

Table 1: Normal Forms — Definitions and Practical Implications

Normal Form Condition Eliminated Key Mechanism Performance Impact

INF Multi-valued / composite | Atomic column values Enables relational processing
attributes

2NF Partial functional Full key dependency Reduces update anomalies
dependencies

3NF Transitive dependencies Direct key determination | Minimizes redundancy

BCNF Non-candidate-key Every determinant is Eliminates remaining
determinants candidate key anomalies

4NF Multi-valued Separate independent Prevents certain redundancy
dependencies multi-valued facts forms

SNF Join dependencies Decompose into smaller | Theoretically complete but

projections rarely applied

6. INFORMATION RETRIEVAL AND QUERY OPTIMIZATION
6.1 The SQL Query Processing Pipeline
SQL queries are processed in relational databases through a multi-phase pipeline that takes the declarative
syntax of a query and converts it into an executable plan; this process includes parsing, semantic analysis,
logical optimizations, physical plan generation, and finally executing the generated plan. The parsing phase
checks whether the syntax of the query matches the SQL Standard and generates an Abstract Syntax Tree
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(AST), which then is used as the input to the semantic analysis phase; this phase checks the type compatibility
of columns and references them to the appropriate catalogs, checks whether the access rights are correct and
annotates the query with this information, so the query can be rewritten during the next phase. The output of the
semantic analysis is the query representation, which is used for rewriting. The rewriting phase uses algebraic
equivalences (view expansion, predicate push-down, subquery unnesting, and constant folding) to transform the
query into a canonical logical plan.

During the physical plan selection phase (the responsibility of the Cost-Based Optimizer), the logical operators
of the query are mapped onto possible physical representations, and possible join orders for multi-table queries
are enumerated using dynamic programming or genetic algorithms for large join counts. The optimizer uses a
cost model to calculate a scalar cost for each candidate plan; this cost model is based on CPU cycles, I/O page
reads, network transfers in distributed environments, and the occupation of the buffer pool. Vaswani (2009)
points out that MySQL's optimizer, especially in versions before version 5.7, was limited to heuristic join
reorderings instead of full dynamic programming for large and complex multi-table queries. This limitation has
been largely solved in MySQL 8 as described by Appigatla (2018).

6.2 Indexing Strategies and Access Path Selection

The selection of indexes is a major problem in physical database design and requires that either the DBA or the
automated tuning adviser select a group of index structures that together minimize the total cost of executing the
queries in the workload while meeting the constraints of write performance and available space. The index
selection problem is formally NP-complete (and therefore also NP-hard in its unrestricted form), which leads to
the development of greedy, genetic, and annealing-based heuristics that provide near-optimal solutions in
acceptable time (Chaudhuri & Narasayya, 1997). In addition to manually selecting indexes, modern relational
database systems increasingly support the automation of index recommendations using tools for capturing and
analyzing workloads; for example, the MySQL sys schema adviser and the PostgreSQL pg suggest indexes
module are examples of such tools.

In addition to the complexity introduced by the number of columns in a composite index and the query predicate
structure, the leading column constraint also introduces additional complexity -- this constraint means that an
index can only be used when the query references the leftmost part of the ordered sequence of indexed columns.
The covering index technique provides significant performance benefits for read-heavy workloads on large
tables because it allows the database to avoid heap fetches (i.e., accesses to the base table) altogether -- the
covering index includes all columns needed to answer the query in the index itself. Appigatla (2018) describes
how the functional indexes implemented in MySQL 8 provide similar functionality as covering indexes but do
so by extending the use of indexes to computed expressions and enabling the optimization of queries that
involve string transformations, date arithmetic, and extracting paths from JSON data.

Table 2: Index Types — Characteristics and Optimal Use Cases

Index Type Structure Optimal For Limitations

B+ Tree Balanced tree on Range queries, equality, Poor for high-cardinality randomized
key values ORDER BY writes

Hash Hash table on key Equality lookups only No range query support

Bitmap Bit vectors per Low-cardinality columns Write overhead; poor for OLTP
value (OLAP)

R-Tree Hierarchical Spatial and geographic data | Dimension limited; complex
bounding boxes maintenance

Inverted Token-to- Full-text search Large storage; update latency
document mapping
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Covering Includes all query SELECT-heavy read Increased index size; write overhead
columns workloads

6.3 Distributed Query Processing

When data is spread across multiple nodes in partitioned or replicated systems, distributed query processing
becomes an even more complex issue than optimizing query execution times for local data due to issues like
data locality, inter-node communication costs, and how to perform partial aggregations when executing queries.
When using horizontal partitioning (or sharding), data is split into separate rows based on a partition key or a
high-cardinality field like user ID or geographic location. This allows for parallel execution of queries over
partitioned data; however, it makes it difficult to execute queries that need to combine data across the partitions.
Choosing a partition key is an important system design consideration, and it will have a lasting impact on query
locality, join performance, and rebalancing cost as data volumes continue to increase.

In Apache Cassandra’s data model, wide rows are structured using clustering columns and partition keys;
therefore, query design needs to be designed from the beginning with knowledge of what partitions exist so the
access patterns can be embedded into the schema (Carpenter & Hewitt, 2020). In relational databases, the
schema comes first, then the query is formulated after knowing the schema; while in Cassandra, the query needs
to anticipate what the schema will look like before the schema can be finalized. This is a paradigmatic shift that
requires developers to adopt a workload-driven modeling approach.

Google Spanner’s globally distributed SQL engine has demonstrated that ACID transaction guarantees can be
extended to large amounts of distributed data geographically using commit ordering based on TrueTime,
although there is a trade-off with regard to latency, which limits the use cases for deploying the solution to
applications that are willing to tolerate the delay associated with cross-datacenter round-trip communications.

7. PERFORMANCE EVALUATION FRAMEWORK
7.1 Multi-Criteria Evaluation Framework
To assess the effectiveness of a database solution, a performance evaluation framework that addresses the entire
set of operational requirements in the deployment environment is necessary. An evaluation framework was
developed that includes five main criteria that address a database solution’s effectiveness. Each criterion is
further broken down into measurable sub-criteria that were weighted based on empirical evidence. The two most
important performance criteria (throughput and latency) measure performance in terms of the number of
transactions completed per second during a representative workload period and are expressed as P50, P95, and
P99 latency percentile measures that reflect both the average and tail end of response-time behavior. Both
vertical scalability (i.e., how much additional performance does a database solution provide with each additional
CPU or memory resource added) and horizontal scalability (i.e., how well does the performance of a database
solution increase as additional nodes are added to the solution) are evaluated as part of the scalability criterion.
Availability and durability comprise the second criterion, and include RTO and RPO assessments during
simulated failures, MTBF calculated from historical usage, and consistency guarantees made by the solution
with respect to its consistency model. Consistency evaluations require careful mapping of the deployment
requirements to the various consistency models, since the consistency model chosen will have a significant
impact on the performance of the solution. Operational complexity, the fifth criterion, encompasses all aspects
of the Total Cost of Ownership (TCO) of a database solution, including administrative complexity, required
monitoring, backup and restore complexity, and the availability of skilled personnel.
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Table 3: Weighted Performance Evaluation Matrix for Database Systems

Evaluation Dimension Weight Primary Metrics Measurement Method
(%)

Throughput & Latency 30% TPS, P50/P95/P99 latency TPC-C / YCSB benchmark

Scalability 20% Scale-up ratio, linear scale Incremental node addition tests
factor

Availability & Durability 20% RTO, RPO, MTBF Fault injection testing

Data Consistency 15% Consistency model Jepsen / Hermitage test suite
compliance

Operational Complexity 15% Admin hours/month, skill Case study operational logs
index

7.2 Comparative System Evaluation

The proposed evaluation rubric can be used to evaluate each of the four comparative system options (MySQL 8,
PostgreSQL 14; MongoDB 5; Apache Cassandra 4). The comparative evaluation of the four system options
illustrates a general theme of complementary strengths and weaknesses among the four options. Each option is
strong in certain areas relative to others but weak in other areas relative to others. For example, MySQL 8 has
been shown to achieve competitive OLTP throughput levels when using a single node configuration. The
benchmarks reported by Appigatla (2018) have demonstrated that MySQL 8 consistently achieved performance
of 50,000 to 80,000 transactions per second when using the InnoDB storage engine on commodity hardware.
PostgreSQL 14 has demonstrated a superiority in query optimizer sophistication relative to the three other
options tested here, as it is capable of optimizing complex analytical queries involving window functions,
common table expressions, and multi-table joins. This superior query optimizer sophistication is largely due to
PostgreSQL's more mature cost-based planning infrastructure and richer statistical analysis capabilities.
Document-centric workloads in MongoDB 5 are able to achieve significant write throughput advantages over
relational databases such as MySQL 8 and PostgreSQL 14 due to MongoDB's ability to accommodate varying
document structures in a flexible schema. This flexibility allows MongoDB to easily support variable-length
documents that would typically require multiple relational tables or an Entity-Attribute-Value (EAV) anti-
pattern in SQL-based systems. However, the eventual consistency model used in MongoDB's replica set
configurations will introduce read-after-write anomalies in distributed environments where write-ahead logging
is not used. These anomalies can be mitigated if users explicitly configure their reads to occur at a specific read
concern level. Cassandra 4 is able to achieve exceptional write throughput and linear horizontal scalability
through its use of a master-less ring architecture. A published benchmark by DataStax reported that Cassandra 4
was able to sustain writes of greater than one million operations per second across a 25-node cluster. While
Cassandra 4 provides many benefits, including write throughput and horizontal scalability, it also requires more
operationally complex tasks to manage tokens, compaction, and repairs. These tasks require specialized
knowledge of Cassandra 4 that may not be present among all users of this database technology.
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Figure 3: Comparative Database System Performance Profile (Radar Chart)
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8. DATABASE MAINTENANCE: PROACTIVE VS REACTIVE APPROACHES
8.1 Reactivity vs. Proactivity
As stated above, there are two approaches to implementing Database Maintenance Strategies: Completely
Reactive — performing maintenance work once a problem has developed; and completely Proactive —
performing maintenance work before a problem develops.
While the Reactive approach can help minimize Administrative Overheads during periods of stable
performance, it also creates the potential for extended performance issues to develop during High Traffic
periods when a maintenance window cannot be established, and fragmentation or stale statistics cause the
execution plans to degrade over time. On the other hand, a Proactive Maintenance strategy establishes a baseline
of administrative overhead that will allow the database to perform consistently and at an acceptable level
regardless of the amount of traffic, and reduces the need for Emergency Intervention Events due to poor
performance.
PostgreSQL’s AutoVacuum Subsystem represents one example of how to implement a Proactive Maintenance
Strategy through the use of a built-in, automated process called AutoVacuum. This process uses Tuple-Level
Dead Row Counting — as reported by the system view, pg stat user tables — to initiate the Vacuum and
Analyze processes based upon user-defined threshold values. The parameters used to control this function are
the autovacuum_vacuum_scale factor and autovacuum_analyze scale factor. These two parameters represent
the percentage of a table’s total size that must exist in order to trigger an AutoVacuum. By default, these values
are set to 20% and 10%, respectively. However, because large tables typically contain a very large number of
rows, these percentage-based threshold values can lead to delayed response times to fragmentation and/or stale
statistics. Therefore, these parameters should be tuned to meet the specific needs of your environment. Momjian
(2001) provided the fundamental understanding of PostgreSQL’s Storage Model, which supports the use of
AutoVacuum, including the Visibility Map that enables the acceleration of Index-Only Scans and the
Transaction ID Wrap-Around Hazard that requires Emergency Vacuuming to prevent loss of Data Integrity.
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8.2 Index Defragmentation/Rebuilding

Index fragmentation occurs as a result of the combination of Random Key Inserts into B+ Tree Leaf Pages and
Page Splits caused by Insertion Overflow, resulting in a progressive increase in the Ratio of Actual Data Density
to Allocated Page Space (Fill Factor), ultimately leading to degraded Scan Performance through increased 1/0
Requirements. SQL Server's conceptualization of Logical vs. Physical Fragmentation, where Logical
Fragmentation refers to Out-of-Order Page Linkage, and Physical Fragmentation refers to Low Page Density,
serves as a useful Distinction that has been utilized in a variety of ways throughout the Diagnostic Tooling of
Other Database Systems. Index Rebuilds, which recreate an Index from Scratch via a Sorted Intermediate
Structure, restore Full Page Density; however, they require Exclusive Locks or significant I/O Resources in
Online Rebuild Implementations.

Index Reorganizations, which defragment Leaf Level Pages without Rebuilding the Entire Index Structure,
provide a less resource-intensive option for Moderate Levels of Fragmentation; however, they do not address
Structural Fragmentation in Upper Tree Levels. Vaswani (2009) proposes a MySQL Maintenance Regimen
consisting of Weekly OPTIMIZE TABLE Execution for Write-Intensive Tables, and Monthly Full Schema
Analysis using mysqlcheck to detect levels of Fragmentation that require intervention. Appigatla (2018) extends
this Framework by adding MySQL 8's capability for Online DDL Operations that permit Index Rebuild and
Schema Alteration Operations to be performed with Reduced Lock Duration via Background Thread Execution,
thus significantly decreasing the Maintenance Window requirements for large Production Tables.

Table 4: Database Maintenance Operations — Schedule and Automation Guidance

Maintenance Task Frequency Tool / Command Impact if Skipped

Statistics Update After major data ANALYZE / UPDATE Suboptimal query plans; full scans
changes STATISTICS

Index Rebuild When fragmentation | REBUILD INDEX / Degraded read performance; wasted
>30% REINDEX /0

Index Reorganize When fragmentation | REORGANIZE / Minor read degradation; leaf
10-30% VACUUM disorder

Dead Tuple Automated or weekly | VACUUM / OPTIMIZE Table bloat; slower sequential scans

Removal TABLE

Backup After each backup RESTORE TEST/ Undetectable backup corruption

Verification pg_restore

Log Archival Daily / per retention pg_basebackup / Disk exhaustion; recovery failure
policy mysqlbinlog

Slow Query Weekly Slow query log / sys Accumulating performance debt

Analysis schema

8.3 Backup, Recovery, and High Availability Architecture

When designing backup and recovery architectures for your databases, you will have to find a balance between
four competing priorities; minimize the amount of time it takes to recover (RTO); minimize the risk of losing
data (RPO); minimize the amount of space required to store backup data; and minimize the impact of backing
up your database on other applications running concurrently. The easiest way to achieve RTO and RPO goals is
through taking full database backups; these backups are a snapshot of every file in your database at a given point
in time. However, taking full database backups results in a lot of space being used for long-term backup
retention and can result in high levels of disk I/O contention when run against an active production system. To
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save space, many organizations take incremental and/or differential backups; incremental backups capture only
the differences between the last full backup and the current point in time, while differential backups capture all
changes made since the last full backup. While saving space, both of these methods make recovering data much
harder than just using a single full backup.

Both Write-Ahead Logging (WAL) in PostgreSQL and Binary Logging (binlog) in MySQL create the
transaction-level auditing that is needed to perform point-in-time recovery (PITR). Through PITR, a DBA has
the ability to restore their database to any point in time as long as there are transaction records contained in the
WAL or binlog. Therefore, the DBA does not have to use a physical backup taken at some point in the past; they
can restore to any point in time where their database was in a valid/consistent state. In addition to providing the
transaction-level auditing that is required to perform PITR, both WAL and binlog also enable the DBA to be
able to maintain the ACID properties of a database across multiple servers. For example, MySQL Group
Replication provides the capability to implement high-availability architectures through synchronous
replication, while PostgreSQL Streaming Replication enables the implementation of high-availability
architectures through synchronous commit. Both of these technologies ensure that once a transaction is
committed, the transaction is guaranteed to be present on multiple servers before acknowledging that the
transaction was successful.

9. THE LIFECYCLE INTEGRATION MODEL (LIM): AN ORIGINAL CONTRIBUTION
The Lifecycle Integration Model (LIM), as described in this paper, is an original contribution addressing the
structural gap noted in the literature review regarding the lack of direct feedback from database performance
evaluation outputs to both maintenance schedules and revisions to the database schema. While existing models
address database design, retrieval optimization, evaluation, and maintenance in sequence as part of a waterfall-
style lifecycle (requirements > design > development > testing > deployment), they do not provide the cyclical
feedback mechanism necessary to maintain performance quality when workloads evolve. The LIM
reconceptualizes the lifecycle as a closed-loop control system, where evaluation metrics serve as the control
signal that will cause proportional responses in terms of changes to maintenance schedules and, for significant
deviations, changes to database design.
The Model consists of Four Stages: Design Baseline Stage, Operational Profiling, Evaluation Triggered
Response (ETR), and Adaptation Revisions Stage. In the Design Baseline Stage, the first Schema, Index
Configuration, and Performance Targets based on Requirements Analysis and Capacity Planning Projections are
established. During the operational profiling stage, the model continuously gathers workload telemetry data by
using System Catalog Queries, Slow Query Logs, and Performance Schema Instrumentations and aggregates
these metrics into the Five-Dimensional Evaluation Rubric as discussed in section 7.1. The Evaluation Triggers
Responses stage uses Threshold Logic to apply the Outputs of the Evaluations to trigger either a Routine
Maintenance Scheduling when metrics fall into Tolerance Bands, Preventive Interventions when Metrics
approach Threshold Boundaries, or Architectural Review when Metrics exceed Threshold Limits.
The Adaptive Revision phase of the LIM differs from other maintenance models in its expectation of schema
and index revision as a regular part of database maintenance, rather than as an unusual event that would require
a unique process for managing change.
This difference in how we expect to treat maintenance as a continuous cycle versus a time-based emergency or
crisis response has real-world implications; the workloads associated with most production systems are
continually changing due to application evolution, changes in user behavior, and data volume growth beyond
scales where individual query access pattern performance characteristics are no longer predictable.
Therefore, the LIM makes this reality explicit by representing continuous improvement through schema revision
based on evaluation results, as opposed to simply responding to emergencies related to poor performance

IJETRM (http://ijetrm.com/) [255]


https://ijetrm.com/issue/
http://ijetrm.com/

Volume-06 Issue 12, December -2022 ISSN: 2456-9348

Impact Factor: 5.004

International Journal of Engineering Technology Research & Management (IJETRM)
Journal Article
https://ijetrm.com/issue/

Figure 4: Lifecycle Integration Model (LIM) — Closed-Loop Control Framework
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10. RESULTS AND DISCUSSION
The results of the comparison of the four evaluated database systems, as measured by the weighted evaluation
criteria, support the theory that there is no one database that will be the best in all areas of measurement at the
same time. As predicted, MySQL 8 and PostgreSQL 14 provide the two most balanced profiles of the four
databases tested and would both appear to be good choices for mixed OLTP and analytical workloads and for
single- to moderately distributed deployments. However, PostgreSQL appears to have a very significant
advantage in terms of its query optimizer sophistication, and that advantage grows more rapidly as the workload
becomes more complex. The identification of the hash join implementation of MySQL 8, which was introduced
in the absence of the dynamic programming enhancements found in PostgreSQL, as the primary limitation of
MySQL 8 in multi-table analytical queries supports the practitioner observation made by Appigatla (2018), and
also supports the academic analysis of the limitations of cost models in systems that are designed to be simple to
implement.
As stated above, the normalization analysis conducted in section 5.2 produced an empirically-supported result
that identifies the "inflection point" where the normalized benefit of full normalization is exceeded by the join
cost penalty, as being approximately 3NF, for tables containing 10 million or more rows, with three or more
frequently-joined foreign-key relationships; and that this result is supported by the findings of Vaswani (2009),
and by similar measurements made by Appigatla (2018). In addition to this finding, the analysis showed that
below the inflection point identified above, the structural integrity benefits of full normalization greatly
outweigh the performance costs of full normalization, for most workload profiles. On the other hand, above the
inflection point identified above, selective denormalization can be accomplished through the use of materialized
views, covering indexes, or computed columns, which preserves the logical model's integrity while achieving
physical performance objectives, and is therefore a preferable alternative to full schema denormalization.
The LIM validation results show consistent evidence that organizations that implement feedback-driven
maintenance cycles, whether formally or informally, experience 35 percent to 60 percent fewer critical
performance degradation events than organizations that operate under fixed maintenance schedules that are not
connected to any evaluation metrics, and that this evidence is based upon the review of the organization's
operational incident log records. In addition to this evidence, the case studies also show that the median interval
between a measurable evaluation metric deviation and a corresponding maintenance response is 14 days in
organizations that do not have a structured evaluation process in place, whereas in organizations that have
performance monitoring tools that are used to evaluate and measure operational performance, and that have
these tools integrated into their standard operating procedures, the median interval is 2.4 days. These findings
quantify the operational value of closing the evaluation-to-maintenance feedback loop and provide the empirical
basis for the design of the LIM.
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11. LIMITATION
Limitations of this study are present (a) as they limit the ability to generalize results; (b) should be taken into
consideration when deploying the proposed frameworks in specific deployment contexts; (c) introduce
variability in the comparative analysis due to the use of previously published benchmark data, rather than
original experimental measurement data. This variability arises from (d) differences in hardware configurations
used by different authors; (e) differences in the way workload parameters are set for the benchmark workloads;
(f) differences in the tuning practice of the different authors. Although an effort was made to select comparable
hardware tiered benchmarks with the same default system configuration, some degree of residual heterogeneity
can exist and therefore could increase the difference in apparent performance between two systems.
The five case studies provide support for the Lifecycle Integration Model (LIM) and show its validity across
time; however, the LIM is a conceptual model and does not constitute a formal evaluation of an intervention;
therefore, the causal relationship between a reduction in performance incidents and the utilization of a feedback
loop could be influenced by multiple potential confounding factors including but not limited to; organizational
maturity, staff level, and application deployment stability. In addition, the case studies were confined to only
three distinct categories of industries (financial services, healthcare, e-commerce) and, as a result, may not
accurately reflect the environmental conditions under which the aforementioned scientific computing,
government, and manufacturing databases are deployed with vastly different workload characteristics and
constraints regarding maintenance.
Finally, the review scope was also limited to English language literature and thus potentially excluded relevant
contributions from research communities that publish primarily in other languages (especially in the context of
East Asian database research communities where there has been significant operational experience with NoSQL
and NewSQL at scale). Subsequent research needs to address this limitation by conducting controlled
experimental evaluations of the LIM within a number of various organizational environments, as well as
through multilingual systematic review protocols that will increase the breadth of coverage of the systematic
reviews to include non-English primary research.

12. CONCLUSION

This study has provided an integrated review of the four main areas of the database system — Design, Retrieval,
Evaluation, and Maintenance - using academic literature and practitioner experience to develop analytical tools
usable in both research and practice. A number of significant gaps have been identified between the theoretical
optimal approaches (Normalization Theory, Query Optimization Mechanisms, Maintenance Strategies) and the
real-world limitations encountered when implementing them. These identified gaps have driven the original
contribution of this study. The LIM is the first of these new contributions and addresses the largest of the
identified gaps. There was no systematic way for the performance of the database system to be fed back to
inform decisions about how to maintain it. The LIM formally defines a closed-loop control approach that
converts evaluation metrics from passive output measures to proactive triggers for adaptive system
management. The case studies used to validate the LIM demonstrated tangible improvements in operational
performance of the database system, which demonstrate the feasibility of the use of the LIM as a common
element of the process of managing a database system.

The weighted evaluation rubric developed in Section 7 provides a structured measurement tool for comparing
multiple attributes of different database solutions (performance, scalability, consistency, and complexity). In
addition to comparing performance, the rubric allows users to consider all aspects of the database solution and
make a holistic comparison across different solutions. The normalization inflection point analysis and the index
selection framework, developed in Sections 5 and 6, respectively, provide empirically supported design
guidance that extends and refines the current state of theoretical knowledge. Future work could include an
empirical validation of the LIM via controlled field trials, extending the evaluation rubric to cover time-series
and vector databases, or exploring machine learning based approaches to automatically determine the thresholds
for triggering the evaluation-triggered response mechanism.
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