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Abstract: In recent years of technological advancements, the digitization of information has become a crucial
factor for the growth and sustainability of small and medium-sized enterprises (SMEs), particularly in
developing countries. These enterprises face a growing problem in accessing IT resources due to financial and
lack of qualified IT personnel in their regions. This led to a growing interest in database and data warehouse
technologies, which serve as foundational tools for organizing, storing, and analyzing vast amounts of data.
This systematic review proposes to evaluate the impact of database and data warehouse technologies on
organizational performance by employing the 2020 Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) framework, this review thoroughly synthesizes existing literature to identify the key
benefits and challenges associated with the adoption of these technologies in SMEs. The proposed inclusion
criteria were bounded by (1) publication date between 2014 and 2024, (2) research written in English, (3)
research work focusing on evaluating the impact of database and data warehouse technologies on
organizational performance, (4) research with a clear evaluation analysis of database and data warehouse
technologies research framework. Following these guidelines, 150 eligible research studies were included. The
analysis reveals a wide range of findings concerning the impact of database and data warehouse technologies.
Key results include the identification of cost-efficiency trends, improvements in decision-making processes,
enhancements in customer relationship management, and gains in operational efficiency. The findings provide
actionable guidance for SMEs, policymakers, and IT professionals seeking to leverage these technologies to
enhance organizational performance. To the best of our knowledge, this systematic review offers a
comprehensive analysis that fills a gap in the existing literature on the impact of these technologies on
organizational outcomes.

Keywords: database technologies; data warehousing; organizational performance; innovation;
customer satisfaction

1. Introduction

The digital revolution has fundamentally transformed the business landscape, with data
emerging as a critical asset for organizations of all sizes. SMEs need database and data warehouse
technologies to enhance their organizational performance. The more a business grows, the more their
data gets complex, and the more need to have an effective system to organize the information, this
will help with informed and effective decision making. Databases enable SMEs to store and retrieve
data, ensuring that essential business data is accessible and usable in real time. Data warehouse
systems improve these steps by integrating data from various sources, allowing businesses to
conduct comprehensive analysis across departments. [1,2]. SMEs in developing face several
challenges when adopting and implementing database and data warehouse technologies. The

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202410.0059.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 October 2024 d0i:10.20944/preprints202410.0059.v1

2

primary obstacle is financial constraints. These enterprises often operate on a limited capital, making
it difficult to invest in hardware and software required for effective data management. Skilled IT
personnel in many developing countries are few, further complicating the adoption of these
technologies. Outsourcing IT personnel is not an option as well which further strains their limited
budget operation. [3-7]. This skills gap makes it harder for SMEs to take full advantage of the
potential benefits offered by these technologies.

By automating data collection, storage, and retrieval, database and data warehouse technologies
can significantly reduce operational costs and improve efficiency, addressing the financial constraints
many faces. Database and data warehouse systems are increasingly designed with user-friendly
interfaces, reducing the need for extensive technical knowledge and ultimately the need for expertise.
[8-10]. This allows SMEs to manage their data more effectively even with limited IT resources. Some
systems offer automated maintenance and support, further alleviating the burden of managing
complex IT infrastructure. Databases allow real-time access to data, and data warehouses support
cross department adaptation. [11,12]. This supports strategic planning, enabling businesses to
identify trends, optimize processes, and improve customer engagement. In turn, these insights lead
to better resource allocation, improved productivity, and the ability to make data-driven decisions
that foster growth and competitiveness, despite the challenges of smaller workforce and limited
financial resources.

1.1. Evolution of Database Technologies

The comprehensive evolution of Database technologies is illustrated in Figure 1. Database
evolution began with the first wave (1960-1999), which included early database systems such as
network, hierarchical, and inverted list databases, all designed to handle vast amounts of data. By
the 1990s, the introduction of Object-Oriented Database Management Systems (OODBMS) enabled
data modeling as objects, aligning with object-oriented programming and improving the processing
of complex data types like multimedia.

NoSQL
Graph

Multidimensional
The Relational Empire

Pioneering DBMS technologies

1960es 1970es 1980es 1990es

Figure 1. Comprehensive evolution of Databases.

This time established the foundation for current databases. Following this, the relational wave
(1990-2008) saw a shift with the introduction of Relational Database Management Systems (RDBMS),
which are based on E.F. Codd's relational paradigm. Despite initial problems, the usage of Structured
Query Language (SQL) and developments such as Patricia Selinger's cost-based query optimization
made relational databases very scalable and dependable, making them the backbone for most
corporate applications in data modelling and performance. [13-15]
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Simultaneously, the decision support wave (1990-present) began with the introduction of Online
Analytical Processing (OLAP) and data warehouses designed for complicated data analysis and
corporate intelligence. OLAP systems, with their multidimensional data modeling capabilities,
enabled firms to do in-depth historical data analysis. The emergence of graph databases during the
graph wave (1999-present) transformed how data relationships were managed, with property graph
databases such as Neo4j excelling at social networks and fraud detection. Finally, the NoSQL wave
(2008-present) emerged to meet the demand for scalable, flexible databases capable of managing
unstructured and semi-structured data produced by big data applications. NoSQL databases, which
provide schema flexibility and performance, have become vital for real-time analytics, IoT, and large-
scale online platforms, representing a shift from the inflexible structure of relational databases. [16-
18]

1.2. Evolution of Data Warehouse Technologies

In Figure 2, evolution of data warehouse technologies is illustrated. The evolution of data
warehousing has gone through several stages, driven by the exponential growth of data and
advancements in technology. Initially, traditional data warehouses were built on Relational Database
Management Systems (RDBMS), like Oracle and SQL Server, and utilized fact and dimension tables
to organize data.
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Figure 2. Comprehensive Evolution of Data Warehouse Technologies.

These early systems could handle modest amounts of data but struggled as the volume and
complexity of customer and sensor data grew in the early 2000s. To address the challenges of
performance degradation and data processing limitations, appliance-based solutions like Teradata
and Netezza, which utilized Massively Parallel Processing (MPP), emerged. These solutions offered
faster data processing capabilities but were costly and lacked scalability. With the rise of big data,
Hadoop and its ecosystem (HDEFS, Hive) became prominent in 2005, introducing open-source
solutions for massive data scaling. However, Hadoop’s complexity and steep learning curve limited
its adoption by businesses with traditional IT infrastructures. In 2012, cloud computing brought the
next significant advancement, with services like Amazon Redshift, Google Bigquery, and Microsoft
Azure Data Warehouse enabling businesses to leverage cloud scalability. While these solutions
offered greater flexibility, they were still rooted in older technologies and had limitations in elasticity.
The most recent phase in data warehousing evolution is represented by fully cloud-native platforms
like Snowflake (introduced in 2016), which were designed specifically for the cloud. Snowflake's
architecture separates compute and storage, allowing companies to scale resources independently
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and pay only for what they use. Additionally, it offers unique features such as cloning data for testing
without duplicating physical storage, and its metadata-driven architecture supports real-time
elasticity. This evolution has drastically lowered the Total Cost of Ownership (TCO), making it easier
for businesses of all sizes to access, analyze, and derive value from their data while minimizing
maintenance and infrastructure costs. [19-21]

The proposed systematic review facilitates the consolidation of existing research on the impact
of database and data warehouse technologies on organizational performance. By focusing on various
types of databases and data warehouses, the review seeks to provide a comprehensive understanding
of how these technologies can be leveraged to enhance organizational efficiency. It will assess
different technologies, their cost implications, effects on decision-making, customer relationship
management, and operational efficiency. By identifying gaps in the current literature and
highlighting areas that require further investigation as shown in Table 1 this review is expected to
drive innovation and development in the field. Ultimately, the systematic review will serve as a
foundational document, offering researchers a valuable resource to build upon for advancing the
understanding and application of database and data warehouse technologies in improving
organizational performance.

Table 1. Comparative analysis of the existing review works and proposed systematic review on
database and data warehousing impact on organizational performance.

Ref. Cites Year Contribution Pros Cons

Review of LCA databases for

Structured  selection Geographical mismatch

[22] 174 2016 construction materials approach and incomplete data

Systematic review on project

management in data Comprehensive

warehouse (DWH) reference for project Scarcity of literature on
[23] 3 2020 implementations managers PM in DWH

Comprehensive review of Review period ends in

Business Intelligence (BI) Structured overview of 2015, missing recent
[24] 136 2017 literature BI literature. developments.

Review on Al's impact on Limited by a -srnall

organizational justice and Thorough analysis of number of reviewed
[25] 1 2024 project performance Al in the context articles

Systematic review on Al's Empirical evidence of Challenges of Al in

impact on student Al's positive effects in education need further
[26] 13 2023 performance STEM exploration

Review on factors influencing Highlights key Limited focus on patient
[28] 27 2022 AI adoption in healthcare psychosocial factors ~ demographics

Two-cloud secure database Complexities in

architecture for privacy in Robust privacy- managing two clouds.
[29] 69 2017 SQL queries. preserving mechanism

Review of multi-tenancy Comprehensive

scheduling in cloud overview and Broad focus may dilute
[30] 11 2021 platforms. challenges specific insights.

Review of deep learning Comprehensive

techniques for 3D point overview and structure May exclude
[31] 179 2020 clouds. for learning foundational methods.

Review on challenges of Comprehensive Lacks in-depth case

traditional storage systems analysis of NoSQL studies or  practical
[32] 2 2021 and NoSQL databases. technologies examples
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Review on digitalization

trends in patent information Comprehensive Lacks  practical case
[33] 7 2022 databases. overview of trends studies

Review on cloud-based Highlights benefits of

knowledge management in cloud computing for Limited to  specific

[34] 18 2022 SMEs SMEs. databases.
Evaluates the impact of Provides a
business intelligence on SME comprehensive
Frasad performance,  highlighting understanding of
_ . benefits such as improved factors influencing BI Limited focus on
systematic review .. . . . . o/
decision-making, adoption in  SMEs. industry-specific
competitive advantages, and Identifies critical applications and
operational efficiency. research gaps. geographic limitations.

1.3. Research Questions

In this research, we evaluate the impact of Database and Data Warehouse Technologies on
organizational performance of small and medium enterprises (SME)s. This study inquires intensively
on how Database and Data Warehouse Technologies can improve SMEs’ efficiency and performance,
highlighting both the advantages and challenges faced in its employment. The following research
questions aim to clarify these aspects to comprehend the effective use of Database and Data
Warehouse Technologies in SMEs’ organizational performance.

e How does the utilization of Database and Data Warehouse technologies impact SMEs’
performance?

e  What are the challenges SMEs face when adopting Database and Data Warehouse technologies?

e  What specific aspects of organizational performance are looked at in relation to Database and

Data Warehouse technologies?

e  What are the crucial factors influence successful adoption of Database and Data Warehouse
technologies?
e  What are the consequences of not utilizing Database and Data Warehouse technologies?

1.4. Rationale

The fast evolution of data digitization has presented an opportunity for businesses to stay
competitive, relevant, and in touch with their customers in real time. These volumes of data are
unusable unless there are effective tools that will identify, store, and analyze this information. This is
a huge obstacle for SMEs, which are an important part of the economy but lack the resources,
awareness, and expertise needed to successfully integrate Database and Data Warehouse
Technologies. Research highlights how the utilization of DB and DWT has the necessary
infrastructure to boost decision-making processes, competitiveness, and operational efficiency.
However, it identifies several challenges faced by SMEs, such as lack of awareness, no information
management personnel, and lack of capital that hinders the investment and adoption of DB and
DWT.

Present research concentrates on one side which is often the adoption of DB and DWT,
disregarding their comprehensive influence on crucial organizational metrics such as financial
stability, operational effectiveness, and creativity. By evaluating the impact of DB and DWT on
organizational performance, we aim to provide an understanding of how SMEs can utilize DB and
DWT to improve efficiency and performance. This paper will add to how decision makers can invest
in DB and DWT and boost SME success.

1.5. Research Contribution

This work presents a comprehensive systematic review of the impact of database and data
warehouse technologies on organizational performance. The study addresses various unresolved
issues and research gaps in this field. The key contributions of this research are as follows:
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e We provide a comprehensive analysis of the influence that database and data warehouse
technologies have on organizational operations. This evaluation explores the effects of these
technologies on decision-making processes, operational efficiency, and the overall performance
of the organization. It offers valuable insights for companies seeking to leverage data
management solutions to enhance productivity.

e  We gather and analyze the existing knowledge concerning the impacts of data warehouse and
database technologies. By highlighting deficiencies in the current literature, particularly in terms
of their effectiveness and practical use across different organizational contexts, we pinpoint
areas that require further investigation. This approach aims to stimulate advancements in the
field and direct future research initiatives.

e  We present a range of advanced analytical models to assess the impact of database and data
warehouse technologies on organizational performance. These models aim to establish a
foundation for future empirical research in this area and to provide a deeper insight into the
diverse factors that influence organizational success.

1.6. Research Novelty

This paper presents a unique perspective to the field, according to our thorough investigation,
there is currently little to no study that delves on the influence of both DB and DWT on SME
performance with specific focus on factors enabling or barricading its adoption and possible long-
term impacts. Our systematic review tackles gaps by identifying the key contributing factors and
drawbacks to the implication of DB and DWT in SMEs. We explore the often-overlooked areas such
as lack of expertise, lack of capital, and the technological readiness of SMEs, which hinder their ability
to harness DB and DWT and their full potential. Through this work, we provide specific insights and
practical recommendations designed for SMEs, propelling them to integrate Database and Data
Warehouse Technologies to improve operational performance and efficiency.

1.7. Research Organization

The paper is structured to provide a clear and systematic examination of the impact of Database
and Data Warehouse Technologies on the performance of SMEs. Following this introductory section,
Section 2 outlines the materials and methods employed in the research, detailing the systematic
review process, the criteria for study inclusion, and the data collection methods used. This section
also explains the search strategy applied to gather relevant literature, ensuring a comprehensive
review of the subject. In Section 3, the results of the review are presented, synthesizing the key
findings from the studies analyzed. This section focuses on the core factors influencing the adoption
of Database and Data Warehouse Technologies by SMEs, highlighting both the enablers and barriers
to implementation, and providing insights into the impact of these technologies on operational
performance. The Discussion follows in Section 4, where the implications of the findings are explored.
This section interprets the results in the context of SME performance, drawing comparisons with
existing literature and discussing the practical challenges and opportunities that SMEs face in
adopting these technologies. Additionally, it offers an analysis of how the findings contribute to the
broader understanding of technology adoption in small and medium enterprises.

2. Materials and Methods

This section outlines the procedure followed to carry out the review of the evaluation of the
impact of Database and Data Warehouse Technologies on Organizational Performance of SMEs. The
review investigates studies within the past decade (2014 — 2024). As shown in Figure 3, the
methodology highlights guidelines for study selection, data collection process and origin, and the
method used to evaluate the collected literature laying the foundation for a detailed investigation of
each aspect in the following sections.
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Figure 3. SLR Procedure Block Diagram.

2.1. Eligibility Criteria

A systematic study of all peer-reviewed and published research works appropriate to the effects
of database and data warehouse technologies on organizational performance was the focus of a
thorough systematic evaluation that was carried out. The review covered studies that were written
up in English and released between 2014 and 2024. To ensure that pertinent studies were included
and to weed out those that did not directly address the evaluation of the impact of database and data
warehouse technologies on organizational performance, a definitive set of inclusion and exclusion
criteria was developed. As such, the review considered only peer-reviewed research that were
exclusively focused on this subject. Table 2 contains specifics about the study's inclusion and
exclusion criteria.

Table 2. Proposed inclusion and exclusion criteria.

Criteria Inclusion Exclusion
Research  papers  focusing on Research papers not focusing on
Evaluating the Impact of Database and Evaluating the Impact of Database and
Topic Data Warehouse Technologies on Data Warehouse Technologies on
Organizational =~ Performance: A Organizational Performance: A
Systematic Review Systematic Review
The articles must include a research . .
Articles lacking a clear research
Research framework or methodology for
framework or methodology for database
framework database and data  warehouse .
. . and data warehouse technologies on
technologies on organizational L
organizational performance.
performance.
L
angtiage Papers written in English Papers not in English
Period Publications within 2010 and 2024 Publications outside 2010 and 2024

The assessment of studies for inclusion in the systematic review followed a structured, multi-
stage process. In the first stage, titles and abstracts were screened by two independent reviewers to
determine if they met the inclusion criteria. Any discrepancies in judgment were discussed between
the reviewers to ensure consistency. In the second stage, full-text versions of the remaining studies
were thoroughly reviewed to assess their adherence to the inclusion criteria, particularly focusing on
the presence of a clear research framework or methodology related to the impact of database and
data warehouse technologies on organizational performance. Studies that lacked sufficient
methodological detail or relevance were excluded at this stage. Finally, in the third stage, any
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borderline cases were brought to a consensus discussion involving all reviewers. If disagreements
remained unresolved, a third reviewer was consulted, and decisions were made based on a majority
vote. This rigorous assessment process ensured that only studies of high relevance and
methodological rigor were included in the review.

2.2. Data collection Process

The searches were conducted across multiple academic databases to ensure a broad and
representative collection of studies. These databases included Scopus, Web of Science, and Google
Scholar, which were chosen for their robust coverage of scientific, technical, and business literature.
The choice of these databases was based on their relevance to the fields of technology, business, and
organizational studies, ensuring access to high-quality and peer-reviewed research. The selected
synonyms and keyword combinations were applied universally across all databases. However, slight
adjustments were made in cases where the database's search engine required specific formatting or
syntax. For instance, in SCOPUS, the keyword “NoSQL databases” was expanded with the phrase
“OR non-relational databases” to accommodate specific database architecture discussions.

The search keywords used to conduct this systematic review were formulated to pinpoint
studies that presented attributes of Database and Data Warehouse Technologies on Organizational
Performance. To select index key-terms, experimental searches in a reiterative method were carried
out. Keywords that did not yield research works aligned to the inclusion criteria were excluded. To
ensure the inclusion of analogous terms for the fundamental keywords, synonymous terms were
established for each key concept. For database technologies, synonyms included: "database
technologies," "database systems," "database management systems," "DBMS," "relational databases,"
"NoSQL databases," and "SQL databases. Keywords related to data warehouse technologies
included: "data warehousing," "data warehouse systems," "data marts," "enterprise data warehouses,"
"DW," and "OLAP systems." The term organizational performance was described using synonyms
such as: "business performance," " enterprise performance,” "operational
efficiency," "organizational efficiency," "organizational effectiveness,” "business success," and "firm
performance." During the search procedure, logic operators "AND" and "OR" were utilized to refine
the search for relevant scholarly papers. The "AND" operator ensured that all chosen keywords were

"non "non

company performance,

"o

included, while the "OR" operator captured papers containing any of the selected keywords.
Additionally, the wildcard asterisk (*) was employed to capture plurals and other suffix variations.
This methodical search strategy ensured comprehensive coverage of the relevant literature for
evaluating the impact of data-base and data warehouse technologies on organizational performance.
The bibliometric analysis of study search Keywords i.e., the network visualization, overlay
visualization and density visualization is illustrated in Figure 4.
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Figure 4. Bibliometric Analysis of Study search Keywords: (a) Network Visualization. (b) Overlay
Visualization. (c) Density Visualization.

Table 3 shows sample keyword combinations and their respective results in the different

databases.
Table 3. Search Keyword combination result summary.
Keyword Combination Database Results
"Database technologies" AND "organizational performance"” SCOPUS 87
Data warehousing" OR "data mairts AND "company Web of Science 993
performance
"NoSQL databases" AND "business success" Google Scholar 576
"DBMS" OR "relational databases” AND "operational efficiency” Google Scholar 623
"SQL databases” AND "organizational efficiency" SCOPUS 210
"Enterprise data warehouses" AND "firm performance” Web of Science 350
"OLAP systems" AND "business performance" Google Scholar 913

"Database management systems" AND "organizational

. Google Scholar 1469
effectiveness

Table 3 provides transparency in the search process, illustrating how the various synonyms and
keyword combinations were applied and the number of relevant studies retrieved from each search

query.
2.3. Conceptualization of Data Warehouse

The concept of data warehousing emerged in the early 1990s as organizations began
accumulating large volumes of data from various sources. A data warehouse is a centralized
repository designed to store historical and current data from multiple disparate systems, enabling
organizations to perform advanced analytics and derive insights for strategic decision-making. Data
warehouses are structured to allow efficient querying and reporting, often integrating with business
intelligence (BI) tools. Over time, data warehousing technology has evolved to accommodate the
growing need for scalability, flexibility, and real-time processing capabilities, particularly as
businesses have moved towards more dynamic data environments.

2.3.1. Types of Data Warehouses.

Data warehouses can be classified into several types, each catering to specific organizational
needs as follows.

a)  Enterprise Data Warehouse (EDW)
As shown in Figure 4, an EDW is a comprehensive, centralized data warehouse designed to store

and manage data from across an entire organization. It provides a unified view of the organization’s
data, facilitating enterprise-wide analytics and reporting. EDWs are typically used in large
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organizations with complex data needs, and they are optimized for complex queries, batch
processing, and reporting.

Saas
applications

Marketing
Data
Mart

Sales Data

Mart

Spreadsheet

i CRM and ERP
files Enterprise Data

Warehouse Systems
(EDW)

Finance Relational L HR Data

Data Mart Databases Mart

Figure 4. Enterprise Data Warehouse (EDW), [Available at: LINK].

b)  Operational Data Store (ODS)

as shown in Figure 5, an ODS is a type of data repository that focuses on storing real-time or
near-real-time operational data. Unlike EDWs, which typically deals with historical data, ODS is
designed to support daily operational activities and decision-making by providing up-to-date
information. An ODS is often a precursor to a full-fledged data warehouse, serving as a temporary
storage area for data before it is loaded into the data warehouse.

Data Sources Enterprise Data Warehouse » “BI" Analytics User
Access

Figure 5. Operational Data Store (ODS), [Available at: LINK].

c¢)  Data Mart

A data mart is a subset of a data warehouse, designed to focus on specific business areas or
departments such as finance, marketing, or sales. As shown in Figure 6, data marts are smaller and
more specialized than EDWs, allowing faster access to relevant information for specific decision-
makers. They can either be dependent (created from an EDW) or independent (created from external
sources).
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Figure 6. Data Mart, [Available at: LINK].

d) Data Lake

A modern approach to data storage, data lakes are often compared to data warehouses but differ
in that they store both structured and unstructured data in raw form. While a data warehouse
typically imposes a schema on data at the time of storage, a data lake applies a schema on read. Data
lakes, as shown in Figure 7, offer more flexibility in terms of storage and processing but require more
advanced data management tools to maintain.

B Sources k h Targets
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spplieations Data Lake Architecture _|_.
Source EDW Data processing Layer ;
ETL Analstics
Scalable Bashbozrd
T inexed Data Governance
Documents ETL API Data Visulation
e |::> _ "|  application
SE.:JFCI h;::a HEE Replications
Szas
Applicatio = Data Science
Security Administration _,_h Projects
Device Logs
10T Sensors

Figure 7. Data Mart, [Available at: LINK].

2.3.3. Modern Data Warehouse Architecture

The architecture of data warehouses has evolved significantly in recent years, driven by
advances in cloud computing, distributed storage, and big data technologies. Modern data
warehouses are designed to handle larger volumes of data, offer greater flexibility in querying, and
support advanced analytics such as machine learning. With the growth of cloud computing, many
organizations are moving their data warehouses to the cloud. Cloud-based data warehouses, such as
Amazon Redshift, Google BigQuery, and Snowflake, provide scalability, flexibility, and cost-


https://www.google.com/url?sa=i&url=https%3A%2F%2Fpanoply.io%2Fdata-warehouse-guide%2Fdata-mart-vs-data-warehouse%2F&psig=AOvVaw23RN3-LfWwE_NMqLc9zovR&ust=1727679724883000&source=images&cd=vfe&opi=89978449&ved=0CBcQjhxqFwoTCMi7xdLK54gDFQAAAAAdAAAAABAE
https://www.google.com/url?sa=i&url=https%3A%2F%2Fbigdataanalyticsnews.com%2Fhow-does-data-lake-architecture-work%2F&psig=AOvVaw1hsBk7HiPUFXb8onokqoBA&ust=1727679813289000&source=images&cd=vfe&opi=89978449&ved=0CBcQjhxqFwoTCPidmf7K54gDFQAAAAAdAAAAABAE
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efficiency. These platforms can scale up or down based on demand and provide advanced querying
capabilities, enabling real-time insights and analytics. Modern data warehouses often use distributed
architecture, which spreads data across multiple nodes or servers to improve performance and
reliability. This architecture allows data warehouses to handle massive amounts of data and provides
fault tolerance by distributing processing tasks across different systems. A newer approach to data
warehousing involves data virtualization, where data from various sources can be accessed in real-
time without needing to move or replicate it. This reduces data redundancy and enables faster query
responses, especially when dealing with dynamic and disparate data sources.

2.4. Big Data Frameworks

Big data frameworks have become an essential part of modern data analytics, enabling
organizations to process, analyze, and derive insights from vast amounts of structured and
unstructured data. These frameworks, as shown in Table 4, provide the necessary tools to handle
complex data operations and integrate data from diverse sources at scale. The rise of big data
frameworks has been closely tied to the growth of cloud computing, distributed systems, and the
demand for real-time analytics.

Table 4. Big Data Frameworks.

Hive Presto Spark BigQuery

Ultra Fast

Perfomance Slow Fast Fast (using many disks)

Intermediate

Storage HDFS None Memory/ Disk Colossus (?)
Data
1] ?
Transfer HTTP HTTP HTTP
Query Stage-wize Run all stages at once Stage-wise 5
Execution MapReduce (pipelining) o . ’
Fault None (but, TD will n—
! )
Tolerance Yes retry the:duery) Yes, but limited 7
i Limited > > & > Kol
Multiple Job Good (- 5 concurrent queries r?s(ocllurgé r:?a(:wt:;ér Limited
Support Can handle many jobs === A (Query queue)
per account in TD) (e.9. YARN, mesos)

2.4.1. Popular Big Data Frameworks

Figure 8 shows how Big Data frameworks have evolved to address the complex demands of
managing and processing large-scale datasets through various specialized systems. Big data
frameworks are essential for managing and analyzing vast datasets, each offering unique capabilities
depending on the specific needs of the organization. Several widely used frameworks have emerged
to address different aspects of big data processing, from batch processing to real-time analytics.
Apache Hadoop stands as one of the foundational frameworks, offering a distributed storage and
processing system with its core components, the Hadoop Distributed File System (HDFS) and the
MapReduce programming model. This framework excels in handling vast amounts of data across
multiple machines, providing scalability and fault tolerance essential for batch processing.
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Figure 8. Types of Big Data Frameworks.

Apache Spark builds upon this by introducing in-memory computation, significantly enhancing
processing speed for iterative algorithms. It supports a broad range of workloads, including batch
processing, real-time streaming, and machine learning, making it a versatile choice for big data
analytics. Apache Flink extends this versatility into real-time data streaming, with a focus on
delivering low-latency, real-time analytics, which is crucial for applications such as fraud detection
and Internet of Things (IoT) data analysis. Complementing these frameworks is Apache Kafka, a
distributed event streaming platform designed to handle high-throughput, low-latency data streams,
and facilitate real-time data processing across various systems. For SQL-based querying, Hive
provides a SQL-like interface on top of Hadoop, making it easier to work with large datasets using
familiar syntax, while Presto offers a distributed SQL query engine that enables fast, interactive
querying of big data. Together, these frameworks represent a spectrum of solutions tailored to
different aspects of big data processing, from storage and batch processing to real-time analytics and
querying, addressing the diverse needs of modern data management.

2.2. Taxonomy of Data

The taxonomy of big data refers to the classification of big data into various categories based on
its characteristics and how it is managed. Understanding this taxonomy is crucial for developing
effective big data strategies and choosing the right tools for data processing and analysis.

2.5.1. The 4 Vs of Big Data

Figure 9 offers a graphical representation of the 4 Vs of Big Data that provide a comprehensive
framework for understanding the key challenges and opportunities associated with big data. Volume
refers to the massive amounts of data generated daily, as organizations are inundated with data from
multiple sources, including transactional data, social media interactions, IoT devices, and more.
Managing the scale and storage of this data is a significant challenge for modern enterprises. The
velocity of data generation and processing is critical.
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Figure 9. The 4 Vs process.

With real-time data streams flowing from sources like sensors, financial markets, and social
media, organizations need systems that can handle this fast-paced data influx and generate real-time
insights to stay competitive. Another key element is variety, which refers to the diverse formats of
big data. Data can be structured, such as traditional relational databases, semi-structured, like XML
and JSON files, or unstructured, such as multimedia content, including images, videos, and text.
Managing and integrating these different data formats within a single framework is a complex task
but necessary for comprehensive data analysis. Along with the variety comes veracity, which deals
with the accuracy and quality of the data. Big data is often incomplete, inconsistent, or incorrect,
requiring organizations to adopt data cleansing and validation processes to ensure the data's
reliability and utility. The 4 Vs framework encapsulates the multifaceted challenges of handling big
data while emphasizing the potential value that can be unlocked with the right tools and strategies.

2.5.2. Big Data Management Models.

Traditionally, big data processing has relied on batch processing, where data is collected over a
set period and then processed all at once. This method is particularly efficient for handling large
datasets, as it allows organizations to process vast amounts of information in a single operation.
However, the drawback of batch processing is that it does not provide real-time insights, which can
be a limitation for industries or applications that need immediate data responses. In contrast, stream
processing has emerged as a solution for real-time data analysis, enabling organizations to process
data continuously as it is generated. This approach is especially critical for applications requiring
instantaneous decision-making, such as in financial markets, where milliseconds can impact
transactions, or in Internet of Things (IoT) systems that rely on immediate feedback to adjust
operations. Modern big data architectures often adopt hybrid models, combining both batch and
stream processing to leverage the strengths of each approach. This allows businesses to gain real-
time insights from streaming data while also efficiently processing historical data in batches, ensuring
both immediate responsiveness and comprehensive data analysis.

2.2. Data Items

In this paper, the focus is on gathering information that intensively investigates the effects of
Database and Data Warehouse Technologies on small and medium-sized enterprises (SMEs). The
outcomes are grouped in accordance with the research questions to avoid straying from topic. This
systematic review evaluates the impact of database and data warehouse technologies on
organizational performance by examining a variety of outcome dimensions, including operational,
financial, innovation, collaboration, employee, and customer outcomes. A comprehensive search
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strategy is employed to identify relevant studies, including both qualitative and quantitative
research. Data extraction is performed independently by two reviewers, with quality assessed using
the Newcastle-Ottawa Scale and GRADE framework. A narrative synthesis and, where applicable,
meta-analysis are conducted to summarize findings. Subgroup and sensitivity analyses are
performed to explore variations across factors such as industry and company size. The review follows
the PRISMA framework for transparent reporting.

2.6.1. Variables

This section outlines the general characteristics of the studies and contributors covered in the
evaluation. Table 5 describes essential elements such as the publication year, the databases used, and
the types of studies included in the analysis. The goal is to thoroughly define and evaluate key
variables, including research design, techniques, and other relevant study aspects. The studies
examined provide insight into how database and data warehouse technologies influence
organizational outcomes and performance metrics. In studies like “The Impact of Cloud-Based
Database Systems on SME Performance: An Exploratory Case Study” (2019) and “The Role of Data
Warehousing in Enhancing Business Decision-Making in Developing Economies” (2023) used a
combination of qualitative and quantitative methods, such as case studies and surveys, to explore the
relationship between data warehousing technologies and business outcomes like operational
efficiency and revenue growth. Another study, “Adoption of Hybrid Cloud Data Warehousing for
Competitive Advantage in Startups” (2022), employed mixed-method approaches, integrating
statistical analysis and thematic analysis, to evaluate the benefits of cloud-based and on-premises
technologies in small businesses. Some research focused on specific technological implementations,
such as the study “ETL Tools and their Impact on Data Quality and Performance Metrics in Large
Enterprises” (2021), which employed experimental designs to test the efficacy of various data
processing tools. This study used a combination of interviews and document analysis to evaluate
outcomes related to data accuracy, query performance, and scalability.

Table 5. Important Terms.

Heading Explanation Selection
Title The title of the study or paper None
Year The year the study was published 2014, 2015, 2016...2024

Google Scholar, SCOPUS, Web of Science

Online database Database where the study is available

The name of the journal or conference where None

1
Journal name the study was published.

Research type

Discipline or subject area
Industry context
Geographic location
Economic context

Types of database
technologies

Types of data warehouse
technologies

Technology providers

Technology implementation

model

Research design
Type of study

Sample size

The type of research publication

The field of study related to the research.

The industry focus of the study
The country or region the study was
conducted.

The economic setting of the study.

The types of database technologies used in the
study.

The specific data warehouse technologies
mentioned in the study.

The companies providing the technologies in
the study.

The deployment model for the technology.

The methodological approach of the study.

The study approach.

Number of participants or data points in the
study.

Journal, Article, Conference Book
Chapter, Thesis, Dissertation

Database Technologies, Data Warehouse, SME
Performance, Business

SME, Startup, Small Businesses

America, Europe, Asia, Africa

Paper,

Developed Country, Developing Country

Cloud Databases,
Relational Databases,
Distributed Databases

ETL Tools, OLAP, Data Marts, Data Lakes

In-memory Databases,
NoSQL Databases,

Oracle, Microsoft SQL Server,
Redshift, Google Big Query, SAP
On-premises, Cloud-based, Hybrid

IBM, AWS

Experimental, Quasi-experimental, Case Study,
Survey, Mixed Methods
Quantitative, Qualitative, Mixed Methods

None
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Sample characteristics The key traits of the study participants.

Data collection methods ~ The methods used to gather data.

The techniques used to analyze the collected

Data analysis technique
y q data.

IT Performance metrics The metrics used to evaluate IT performance.

Business performance The metrics used to measure business

metrics outcomes.
L The broader organizational outcomes
Organizational outcomes .
observed in the study.

The long-term impacts or benefits of the

Long term impacts . o
5 P technologies on the organization.

SME, Data Managers, IT Professionals, Business

Owners

Interviews, Surveys, Observations, Document
Analysis

Quantitative Analysis, Thematic Analysis,
Statistical Analysis

Query Performance, Data Accuracy, Scalability,
Latency, Uptime

Operational Efficiency, Revenue Growth, Cost
Savings, Time to Market

Employee Satisfaction, Customer Satisfaction,
Innovation, Collaboration

Competitive Advantage, Market Share Growth,
Long-term Cost Reduction

The characteristics outlined in table 5 provide a comprehensive overview of the studies included
in the review, detailing the factors that influence the effectiveness of database and data warehouse
technologies in driving performance outcomes. This structured representation allows for a focused
analysis of key variables across various studies.

2.2. Study Risk of Bias Assessment

The quality appraisal aimed to enhance the veracity of the selected research papers and establish
the suitability and comprehensiveness of their findings. A total of 150 studies included in this review
were evaluated for quality using a scoring technique based on the Newcastle-Ottawa Scale (NOS),
which assesses studies across three dimensions: Selection, Comparability, and Outcome/Exposure.
To ensure transparency in the assessment process, a flowchart process was developed to visually
illustrate the steps taken during the bias assessment. Figure 10 outlines how studies were selected,
evaluated, and scored, providing an easily understandable overview. The combined approach of
multiple independent reviewers, a structured scoring system, and visual representation helped
ensure that the risk of bias assessment was comprehensive and objective, thus supporting the
reliability and validity of the conclusions drawn from the reviewed studies.

)
Document g::; Select

Results Study
Score Initial
Studies Screening
Resolve Quality
Discrepancy o Assessment
( T withNOS

Figure 10. Study Risk of Bias Assessment flow diagram.

This systematic approach provided a consistent measure of the studies' reliability and
robustness. The NOS allows for a maximum of nine stars across these three dimensions, with the sum
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of stars determining the overall quality rating of each study as High (7-9 stars), Moderate (4-6 stars),
or Low Quality (0-3 stars). By applying the NOS, the assessment was designed to ensure objectivity
and minimize bias, thus reinforcing the reliability of the findings. Two independent reviewers
conducted assessments for all studies, facilitating inter-rater reliability. In cases of discrepancies, a
third impartial reviewer mediated to resolve differences, ensuring that subjective judgments were
collectively discussed and agreed upon. This collaborative approach further enhanced the credibility
of the bias assessment.

The Selection dimension of the Newcastle-Ottawa Scale, contributing up to four stars, evaluates
how well studies select participants, focusing on whether cases and controls in case-control studies
are drawn from the same population to minimize selection bias. In cohort studies, it examines the
accurate representation of exposed and unexposed groups. The Comparability dimension, which can
contribute up to two stars, assesses how effectively studies control for confounding factors, with
higher scores awarded to those using matching or statistical adjustments; failure to account for
variables like age and pre-existing conditions may lead to misleading conclusions, exemplifying
potential reporting bias. Finally, the Outcome/Exposure dimension, worth a maximum of three stars,
focuses on the accuracy and reliability of outcome measurements or exposure assessments. A higher
score indicates precision in tracking key variables; for instance, a study that reports positive treatment
outcomes without disclosing adverse effects may skew understanding and mislead stakeholders,
illustrating the impact of reporting bias.

2.8. Effect Measures

In this systematic review, various effect measures were utilized as indicated in figure 11 to
accurately interpret the impact of database and data warehouse technologies on organizational
performance. The choice of effect measures was driven by the nature of the outcomes being
investigated, ensuring that the results could be meaningfully compared and applied in real-world
contexts. For evaluating Increased Profitability, Operational Efficiency, Customer Satisfaction, and
Market Share, primary effect measures included mean differences, correlation significance, and
regression coefficients. When examining factors influencing data implementation, correlation
coefficients and statistical significance in regression models were crucial indicators. For assessing
aspects such as employee productivity, data-driven practices, and process optimization, measures
like differences and percentage changes were utilized. Metrics such as risk ratios and compliance
rates were used to evaluate data usability, accuracy, risks, communication effectiveness, and
adherence to compliance. Challenges in Big Data adoption, such as costs and personnel needs, were
assessed through event frequencies and percentage impacts. Quantitative research often involves
Structural Equation Modeling (SEM) or Partial Least Squares SEM, analyzing factors like SEM results,
mean differences, and regression coefficients. Qualitative research, including case studies and
thematic analysis, relied on categories, observations, and case study findings. Mixed methods
research combined quantitative measures with qualitative insights. Economic Performance was
assessed through regression coefficients and statistical significance, while Operational and
Environmental Performance were evaluated using differences, effect sizes, and coefficients from
SEM. Sustainability and Competitive Advantage were measured through effect sizes, regression
coefficients, and correlation measures.
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Figure 11. Effect measures procedure flow diagram.

For binary outcomes, such as the adoption or non-adoption of database technologies and their
impact on organizational efficiency, the risk ratio (RR) and odds ratio (OR) were employed. These
measures help in comparing the likelihood of outcomes between groups. For continuous outcomes,
including cost reduction and customer satisfaction scores, the mean difference (MD) was used. When
studies employed different instruments to measure similar continuous outcomes, the standardized
mean difference (SMD) was applied to standardize the results across various scales. To interpret the
size of effects, specific thresholds were utilized. For binary outcomes, a risk ratio above 1.0 indicated
a positive effect, while values below 1.0 suggested no effect or a negative effect. For continuous
outcomes, thresholds based on Cohen’s d scale were applied, categorizing effects as small (0.2),
moderate (0.5), or large (0.8). Additionally, where a minimally important difference (MID) was
defined by the studies, it was used to gauge the practical significance of the effects. In cases where
the synthesized results were re-expressed, particularly for meta-analyses involving risk ratios, results
were converted into absolute risk reduction (ARR) and number needed to treat (NNT), based on an
assumed comparator risk. This approach provided a clearer understanding of the magnitude of the
effects. The choice of effect measures, including the use of standardized mean difference and risk
ratios, was guided by the nature of the data and outcomes under study. This ensured that the findings
could be effectively interpreted and applied by decision-makers and practitioners in various
organizational contexts.

2.9. Synthesis methods

The synthesis of studies in the review on "Evaluating the Impact of Database and Data
Warehouse Technologies on Organizational Performance” involved several steps to ensure that the
selected studies were appropriate for inclusion in the analysis.

2.9a. Deciding Study Eligibility for Each Synthesis

We weighed the characteristics of studies specifically focusing and aligning with our topic, study
objectives, and concerns regarding The Effect of Database and Data Warehouse technologies on
Organizational Performance. Our selection criteria prioritized papers with a clear methodology
concerning the type of intervention (e.g., specific database or data warehouse technology) and the
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organizational performance outcomes (e.g., business performance, operational efficiency, or
intelligent decision-making).

2.9b. Data Preparation for Presentation and Synthesis

To prepare gathered data for synthesis, various procedures were followed to ensure uniformity.
The first step was to identify duplicate entries on our Excel Spreadsheet using titles, and employing
the built in “Remove Duplicate” feature to eliminate rows. Missing summary data, such as standard
deviations for continuous outcomes, were approximated using statistical methods. Studies that did
not align with our research questions, and organizational performance outcomes were excluded from
our study to ensure we stay on the same theme for consistency and accuracy.

2.9c. Tabulation and Visual Display of Results

To visualize our screened data for comprehension, pattern analysis, and comparison, we created
tables. These tables help us to identify and distinguish categories or classifications of data.

Table 6. Pivot Table of Data Visualization and Synthesis.

Chart Type Purpose Data Representation Method
Displays effect sizes from multiples studies
and overall trends.

Forest Plot Numbers (odds ratio)

Pie Chart Displays proportional distributions in a Percentages (%)

dataset.

Bar graph Good for comparing different categories of Numbers and/or Percentages (%)
data visualized as rectangular bars.

Li hart h trends of individual Itipl

ine Char S ows' rends of individual or multiple .. . . Jor Percentages (%)
categories.

Scatter Plot ~ Displays correlation between different

variables (two) Numbers

2.9d. Synthesis Methodology

A procedure was followed to synthesize findings, following set standards properly arranged in
an Excel Spreadsheet. This standard approach made it easier to structure, categorize and ultimately
compare aspects in the same dataset, this includes titles, online databases where each study was
located (SCOPUS, Google Scholar, and Web of Science). The following tables summarizes the studies
found in each online database, respectively.

Table 7. Results obtained from gathered Literature Search.

No. Online Database Studies found
1 SCOPUS 297
2 Web of Science 643
3 Google Scholar 3581
Total 4521

2.10. Reporting Bias Assessment

In our evaluation, we focused on the possibility of publication bias, where studies with positive
results were more favorable to be published than those with less significant results. To tackle this
issue, we included different studies to emersed ourselves in a wide range of studies, avoiding being
one sided. Our search strategy enabled us to eliminate bias by exploring different online databases
(SCOPUS, Web of Science, Google Scholar) and included grey literature (conference paper, thesis) to
provide a broader focus on our initial goal.
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2.1. Certainty Assessment

The reviewed literature in this systematic review on the Impact of Database and Data Warehouse
Technologies on Organizational Performance was evaluated based on five quality assessment (QA)
criteria to ensure accuracy, transparency, and relevance:
¢ QATI: The clarity and explicitness of the research aim.

e  QAZ2: The transparency and specification of data collection methods.

¢ QAB3: The clarity and comprehensiveness in defining database and data warehouse technologies.

* QAA4: The application of a well-defined, appropriate research methodology.

¢ QADb: The contribution of the research findings to enhancing existing literature on organizational
performance.

Each criterion was rated on a scale from zero (0) to one (1). A 'No' response was assigned '0'
points, '0.5' was given if the criterion was 'Partially’ met, and '1"' point for a 'Yes' response. A total
score between 0 and 5 points was assigned to each piece of literature under review. The certainty
assessment results for the collected literature are presented in Table 5, illustrating the applications of
database and data warehouse technologies in improving organizational performance.

Table 8. Study Quality Assessment Results.

Ref QA1 QA2 QA3 QA4 QA5 Total Gr;;;“g

(1]

[34] 1 05 05 05 1 35 70

[12,15,17,24,29,39,52,93,110-118] 1 1 05 1 1 45 90

[1-8,16,19,32,34-40,53,61,122-138,146-150] 1 05 1 1 05 4 80
[14, 25-28,30, 33,44, 51,54- 60, 68, 71-80,95-

. . . . 1

110,119,121,141-145] 05 05 05 05 3 60
11, 22, 25, 35,41- 43,46- 50, 62-64, 68-70,81-

[9-11, 22, 25, 35,41- 43,46- 50, 62-64, 68-70,8 . . . . . s 100

93,120,122,140]

For the evaluation of certainty in the body of evidence for this systematic review, the GRADE
(Grading of Recommendations Assessment, Development and Evaluation) framework, specifically
version 3.0, has been employed in figure 12. This framework facilitates a structured assessment of
evidence quality across various domains

The certainty of evidence across key outcomes was assessed using several critical factors. First,
we evaluated precision by considering the sample sizes and confidence intervals in the studies.
Larger samples and narrower confidence intervals indicated higher certainty in the evidence,
suggesting more reliable estimates. Additionally, we assessed consistency by comparing results
across studies. High consistency, where studies demonstrated similar effects, enhanced the certainty
of our findings. In cases of heterogeneity, we carefully analyzed potential sources and their influence
on overall conclusions.

We also used an adapted version of the Cochrane Risk of Bias tool to evaluate the risk of bias.
Studies with low risk contributed significantly to higher certainty. Furthermore, directness was
assessed based on how well study populations, interventions, and outcomes aligned with our
research questions. High directness impr[14,25-28,30,33,44,51,54-60,68,71-80,95-110,119,121,141—
1450ved our confidence in the evidence.
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Figure 12. Certainty assessment procedure.

In assessing the certainty of evidence for this review, High Certainty was assigned to evidence
from well-regarded research that produced precise and reliable findings di-rectly addressing the
review questions, indicating that the evidence is very likely to re-flect the true effect. Moderate
Certainty was applied when there were reasonable doubts about consistency, precision, or research
design, but these concerns did not undermine confidence to a high degree. This suggests that while
the evidence is likely to reflect the true effect, some potential for substantial change remains. Low
Certainty was noted when there were significant concerns about potential biases, irregularities, or
imprecision, which reduced the degree of confidence in the findings. Lastly, Very Low Certainty was
given to results that were highly indirect, of low quality, or where there were major issues with bias,
inconsistency, or imprecision, indicating a very low likelihood that the evidence reflects the true effect
and substantial uncertainty. Independent reviewers conducted the certainty assessments, and
disagreements were resolved through consensus discussions. We also contacted study authors when
necessary to clarify details and strengthen our assessments. A summary of the results is presented in
Table 5, providing an overview of the certainty of evidence across key outcomes. Standard GRADE
terminology, such as "Database technologies probably improve operational efficiency,” was used to
clearly communicate the level of certainty.

3. Results

As depicted in figure 13, this section outlines all important factors that shape or influence the
results, factors such as study selection, risk of bias, certainty evidence, which all play a pivotal role
in paving the way to any conclusions that can be drawn.
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Figure 13. Driving factors involved in Results.

3.1. Study Selection

The studies selection process of was operated as illustrated in Figure 14. The research papers
were amassed from electrical engineering research paper data sources with the assistance of the
keywords that were mentioned in previous “Scholarly Work Search Phrases” section. These research
papers were gathered stringently in line with the conditions of the inclusion and exclusion criterion
presented in the previous section. The results search yielded approximately 4,521 research papers
across all considered research data sources, and their titles and abstracts were surveyed. As
demonstrated by the Figure 15, the collected research papers comprised of 150 research papers in
total, of which 45 from Google Scholar, 66 from Web of Science and 30 from Scopus. Out of the 218
research papers, 2 were book chapters, 38 conference papers, 2 dissertations, and 174 journal articles.
All research papers that seemed to have duplicate research studies were excluded. Therefore, the
remaining 150 research papers were qualified for full-text review and were incorporated in this
systematic analysis process.
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Figure 14. Study identification via online databases.
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Figure 15. Study distribution across databases.

3.2. Eligible Studies Attributes

Hundred and fifty eligible research studies were published between 2014 and 2024, comprising
of 4 book chapter, 26 conference papers, 2 dissertations,11 thesis and 107 journal articles. Table 9

23
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illustrate the number of research papers published by year in the last decade. There has been
fluctuations in growth numbers in publications since 2014 as shown in Figure 16 . Although there has
been an emergence of many research studies in Database and Data Warehouse Technologies, a
comprehensive systematic review Evaluating the Impact of Database and Data Warehouse
Technologies on Organizational Performance have not been conducted.

25
20
c
.©
5
5 15
)
a.
b
5 10
o)
€
=}
zZ
5
0
2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Year of Publication
Figure 16. Year of publication trends scatter plot.
Table 9. Table of year of study publication distribution.
Row Article Journal Book Conference Paper Dissertation Thesis Grand Total
Labels Chapter
2014 12 0 3 0 2 17
2015 5 0 4 0 1 10
2016 14 2 5 0 1 22
2017 10 0 3 0 1 14
2018 8 1 1 0 3 13
2019 13 1 2 0 1 17
2020 11 0 2 1 0 14
2021 1 0 3 0 0 4
2022 11 0 1 0 0 12
2023 10 0 0 0 2 12
2024 12 0 2 1 0 15
Grand 107 4 26 2 11 150
Total

Table 9 presents the distribution of study publications by year and type, covering a total of 150
publications from 2014 to 2024. Many publications are journal articles (107), followed by conference
papers (26), with smaller contributions from book chapters (4), dissertations (2), and theses (11). The
years with the highest publication counts are 2016 and 2019, each with 22 and 17 publications,
respectively, while the year 2021 had the fewest publications (4). Overall, journal articles remain the
dominant type of publication, reflecting a consistent preference for this medium in academic
research.
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Figure 17. The share of research publication by country.

The amount in count of countries actively participates to publishing research papers on Database
and Data Warehouse Technologies were also considered. According to the context where the research
study was carried, the published studies were categorized as represented in Figure 17. An
appreciable amount of the collected research papers has been 358 contributed by the researchers from
India (papers, 10.67%), United kingdom (14 papers, 9.33%), Japan (7 papers, 4.67%), and South Africa
(4 papers, 4%). On the lower end of the spectrum, countries like Bangladesh, Haiti, Nepal, and Taiwan
contribute 0.67% each, possibly reflecting limited resources or research output in this specific domain.
This reflects a concentration of research in economically advanced countries, which are likely to have
more substantial technological infrastructure supporting database and data warehouse systems.
There is also significant geographical diversity in the dataset, indicating global interest in the subject
matter, though the extent of contributions varies greatly.

Table 10 provides an overview of various studies on database and data warehouse technologies in
relation to organizational performance. These studies focus on understanding how these technologies
are adopted and implemented across different industries, their role in enhancing data-driven
decision-making and operational efficiency, and the impact of employee training on technology
integration and business outcomes. Common methodologies used in these studies include literature
reviews, case studies, surveys, and quantitative analyses, such as regression models and Structural
Equation Modeling (SEM). Key outcomes indicate that database and data warehouse technologies
significantly improve business performance, including operational efficiency, data accuracy, and
strategic decision-making capabilities. However, challenges such as high costs, system complexity,
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and a lack of skilled personnel are commonly identified. Recommendations from these studies
frequently emphasize the need for simplified systems, enhanced training programs, and better
integration of these technologies into existing business processes. These insights aim to guide
organizations in leveraging database and data warehouse technologies effectively to improve overall
performance and competitiveness.

Table 10. Comprehensive Overview of Database and Data Warehouse Technologies' Impact on
Organizational Performance.

Ref. Yea Methodolog  Key Challenges Recommendation
Research Focus
No r y Outcomes Identified s
Scalability,
Cloud-hosted
Cost savings,
databases - Survey, Integration Focus on
Customer
[35] 2014 technologies, Mixed- with legacy interoperability
satisfaction,
challenges and methods systems solutions
Competitive
opportunities
advantage
Scalability,
Distributed, Operational
Data security Implement
Concurrent, and Experimental Efficiency,
concerns in stronger
[36] 2014 Independent Access |, Mixed- Customer
distributed encryption
to Encrypted Cloud methods satisfaction,
environments techniques
Databases Competitive
advantage
Query
Performance  and
Performance,
Cost Evaluation of Optimize
Cost savings, Balancing
an Adaptive Experimental encryption
[37] 2014 Customer performance
Encryption , Quantitative algorithms for
satisfaction, with security
Architecture for better performance
Competitive
Cloud Databases
advantage
Query
A simple, adaptable, Performance,
and efficient Operational
Tenant Improve isolation
heterogeneous Experimental  Efficiency,
isolation and techniques  and
[38] 2015 multi-tenant , Mixed- Customer
performance resource
database methods satisfaction,
trade-offs management
architecture for ad Business
hoc cloud sustainabilit
y
Scalability,
Improved Scalability and Use more scalable
Survey, Revenue
[39] 2017 Performance of Data data integration data  warehouse
Qualitative growth,
Warehouse issues architectures

Customer
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satisfaction,
Business
sustainabilit
y
Query
Role of Knowledge
Performance,
Management and
Operational
Business Lack of real- Implement real-
Survey, Efficiency,
[40] 2023 Intelligence Systems time data time analytics
Quantitative =~ Employee
in Enhancing processing capabilities
satisfaction,
Organizational
Competitive
Performance
advantage
Data
Accuracy,
Design and
Operational
Implementation of Survey, Challenges in Standardization of
Efficiency,
[41] 2014 Data Warehouse Mixed- standardizing data collection and
Customer
with Survey-based methods data processing
satisfaction,
Services Data
Competitive
advantage
Query
Performance,
Operational
Implementatio
Best Practice for Efficiency, Focus on cost-
Survey, n costs and
[42] 2017 Implementing a Customer effective, scalable
Qualitative resource
Data Warehouse satisfaction, solutions
allocation
Business
sustainabilit
y
Scalability,
Revenue
Data ~ Warehouse growth, Increase focus on
Case Study, Integration
Approach for Customer system
[43] 2019 Mixed- with  external
Business satisfaction, compatibility and
methods systems
Intelligence Business APIs
sustainabilit
y
Critical Factors for Query
Emphasize  user
Successful Case Study, Performance, User adoption
[44] 2015 training and
Implementation of Qualitative Cost savings, challenges

Data Warehouses

Customer

system usability
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satisfaction,
Competitive
advantage
Scalability,
Revenue
Generic Process growth, Define clear
Process
Data Warehouse Survey, Customer process standards
[45] 2016 standardization
Schema for BPMN Qualitative satisfaction, and
issues
Workflows Business documentation
sustainabilit
y
Query
Performance,
Framework to Operational Develop
Inconsistent
Standardize = Data Case Study, Efficiency, standardized
[46] 2016 development
Warehouse Qualitative Employee development
practices
Development satisfaction, frameworks
Competitive
advantage
Scalability,
Operational
Efficiency, Encourage
Diversification  of Equipment
Survey, Customer diversification and
[47] 2022 Equipment in IT compatibility
Quantitative satisfaction, standardization
Infrastructure and scalability
Business across equipment
sustainabilit
y
Scalability,
Design Operational
Integration Design databases
Requirements  for Efficiency,
Experimental challenges with better
[48] 2019 Integration of Employee
, Quantitative across integration
Technology satisfaction,
technologies capabilities
Databases Competitive
advantage
Scalability,
Transformational Cost savings, Promote
Leadership Customer Organizational  leadership and
Survey,
[49] 2016 Influence on satisfaction, inertia and change
Quantitative
Organizational Business resistance management
Performance sustainabilit programs

Y
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Data
Accuracy,
Operational
Strategy for Mining
Efficiency, Performance Implement
High-efficiency Item Experimental
[50] 2024 Customer issues with  optimized data
Sets in Quantitative , Quantitative
satisfaction,  large datasets =~ mining techniques
Databases
Business
sustainabilit
y
Query
Performance,
Enhance
Performance  and Revenue
encryption
Cost Evaluation of growth, Balancing
Experimental efficiency ~ while
[51] 2014 Adaptive Customer security  and
, Quantitative minimizing
Encryption satisfaction, performance
performance
Architecture Business
overhead
sustainabilit
y
Data
Accuracy,
Intelligent Cost savings,
Cloud security Incorporate
Techniques for Experimental Customer
[652] 2018 risks and data intelligent security
Effective Security in , Quantitative satisfaction,
breaches mechanisms
Cloud Databases Business
sustainabilit
y
Query
Performance,
Incorporation of Develop a more
Operational
Ontologies in Data Ontology user-friendly
Experimental Efficiency,
[53] 2022 Warehouse/Busines integration ontology
, Qualitative =~ Employee
s Intelligence challenges integration
satisfaction,
Systems framework
Competitive
advantage
Improved
SME
Business Enhance Cross-
performance Integration
[54] 2023 Intelligence vs. Al Survey training in
through complexities
with Big Data analytics
advanced

analytics
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Cost savings
Adoption
Big Data and Promote
barriers in
[55] 2018 Augmentation with Experimental competitive awareness and
developing
Data Warehouse advantage training
regions
for startups
Increased
Implement robust
Business Processes operational Limited data
[56] 2021 Survey data validation
Efficiency efficiency in accuracy
measures
SMEs
Scalability
Big Data and Lack of Develop industry-
[57]1 2014 Qualitative
Applications operational standardization ~wide standards
efficiency
Revenue
growth
Foster a culture of
Big Data in through Resistance  to
[58] 2019 Survey data-driven
Healthcare enhanced change
decision making
decision-
making
Improved Data
Data Warehouse Invest in
[59] 2014 Survey operational integration
Design integration tools
efficiency issues
Enhanced
Business employee Promote data
[60] 2019 Intelligence and Survey satisfaction Data silos sharing across
Performance and cost departments
savings
Competitive
Competitive Resource Advocate for
[61] 2014 Case Study advantage in
Intelligence Usage limitations resource allocation
startups
Revenue
Risk Develop
growth and
[62] 2018 Big Data Adoption Survey management comprehensive
employee
concerns risk frameworks
satisfaction
Cost savings
and Academic Increase
Data Warehouse Quasi-
[63] 2022 improved resistance  to engagement with
Design in Academia experimental
customer change stakeholders

satisfaction
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[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

2022

2015

2017

2016

2024

2023

2016

2020

2018

2017

2024

Data Warehousing

in E-Commerce

IT Assets in E-
Government
Data Warehouse
Performance

1T Infrastructure

Flexibility

Database  Systems
for BI

IT Strategic
Planning

BI Impact on

Decision Support

Data Warehousing

and Mining

Big Data in Decision

Making

IT Usage on

Performance

Cloud-based

Systems

Survey

Survey

Case Study

Survey

Survey

Case Study

Survey

Survey

Survey

Mixed-

methods

Survey

Operational
efficiency
and
employee
satisfaction
Enhanced
operational
efficiency
Improved
customer
satisfaction
Enhanced
business
alignment
Cost savings
and
sustainabilit
y
Competitive
advantage
through
strategic
alignment
Revenue
growth and
improved
decision-
making
Improved
operational
efficiency
Enhanced
operational
efficiency
Improved
customer
satisfaction
Revenue
growth and
competitive

advantage

Lack of
technical

expertise

Inconsistent

data quality

Scalability

issues

Inflexibility in

legacy systems

Data
governance

challenges

Execution gaps

Data
integration

challenges

Limited

scalability

Complexity of
data

management

Limited  user

adoption

Security

concerns

Invest in training

programs

Standardize data
collection

processes

Implement

scalable solutions

Modernize IT
infrastructure
Strengthen  data
governance

frameworks

Ensure continuous
alignment with

business goals

Focus on seamless
integration

processes

Explore cloud-

based solutions

Simplify data
management
processes

Increase user
training and

support

Strengthen

security measures
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Cost savings
Digital Library Mixed- and Lack of wuser Enhance user
[75] 2019
Impact methods improved engagement training programs
productivity
Revenue Foster a
KM Processes and growth and Knowledge collaborative
[76] 2019 Survey
BI customer silos knowledge-
satisfaction sharing culture
Improved
IT and Firm Mixed- Data Establish data
[771 2020 operational
Performance methods inconsistencies  accuracy protocols
efficiency
Enhanced Allocate sufficient
Innovation Resource
[78] 2020 Survey customer resources for
Technology Impact constraints
satisfaction innovation
Operational
efficiency Increase IT
Information Limited IT
[791 2020 Case Study and support for system
Systems Influence support
competitive implementation
advantage
Cost savings
Resistance to Create a roadmap
Digital Business and
[80] 2017 Survey digital for digital
Intensity enhanced
transformation  initiatives
performance
Improved Enhance data
HRIS Usage and Limited data
[81] 2019 Case Study operational accessibility across
Performance accessibility
efficiency systems
Revenue
Graph Database growth and Complexity of Develop user-
[82] 2018 Case Study
Access customer data access friendly interfaces
satisfaction
Cost savings
Adoption Foster awareness
Role of Electronic and
[83] 2020 Survey barriers in and provide
Databases competitive
SMEs support
advantage
Improved
Web  technologies operational Invest in training
Integration  of
[84] 2014 for environmental Case Study efficiency, for staff on new
data sources
Big Data employee technologies

satisfaction
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Enhanced
Technology technology
Variability in Develop a tailored
readiness and its Meta- usage,
[85] 2019 technology readiness
impact on analysis business
readiness levels assessment tool
technology usage sustainabilit
y
Performance impact Scalability Complexity in Provide guidelines
[86] 2023 of microservices Survey and cost implementatio  for microservices
architecture savings n adoption
Local terrestrial Encourage
Better
biodiversity Limited data collaboration
[87] 2014 Survey decision
response to human accessibility among data
support
impacts collectors
Increased
Facilitate
Optimizing Data customer
Resistance  to stakeholder
[88] 2023 Warehouse Case Study satisfaction,
change engagement in the
technology competitive
process
advantage
Improved Lack of Recommend
Impact of Business
scalability, integration investing in
[89] 2017 Analytics and Survey
customer between integrated
Enterprise Systems
satisfaction systems solutions
Enhanced Develop user-
Impact of database Limited  user
[90] 2016 Survey operational friendly training
on decision support training
efficiency programs
Increased
Data quality employee Implement  strict
Data accuracy
[91] 2014 managementand its Survey satisfaction, data quality
issues
implications competitive protocols
advantage
Implementation Cost savings,
Variability in Tailor solutions to
framework for data improved
[92] 2016 Case Study healthcare IT specific healthcare
warehouse in decision-
readiness contexts
healthcare making
Enhanced
Unifying data Promote
scalability, Integration
[93] 2021 warehousing and Case Study standardization
customer challenges
analytics across platforms
satisfaction
Cost savings, Simplify user
Performance System
[94] 2015 Case Study competitive interfaces and
improvement in complexity
advantage processes

reprints202410.0059.v1


https://doi.org/10.20944/preprints202410.0059.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 October 2024

doi:10.20944/,

34
inventory
management
Improved Encourage cross-
Data quality and Challenges in
[95] 2017 Case Study operational departmental data
machine learning data integration
efficiency sharing
Increased
operational Implement  data
Enhancing retail
[96] 2023 Case Study efficiency, Data overload filtering
store productivity
employee techniques
satisfaction
Trends and Cost savings, Rapid
Foster continuous
[97] 2019 applications in Survey competitive  technology
learning culture
business analytics advantage changes
Business Increase
Enhanced
Intelligence systems Limited awareness of
[98] 2016 Survey competitive
in performance adoption rates  benefits ~ among
advantage
measurement users
Improved
customer Technology Invest in user-
CRM mechanisms in
[99] 2018 Case Study satisfaction, ~ adoption friendly CRM
the hotel sector
revenue barriers systems
growth
Enhanced
Design and
revenue High costs of Explore funding
[100 management of
2016 Experimental  growth, implementatio  options for tech
] warehousing
customer n upgrades
systems
satisfaction
Dynamic
Big Data Analytics Improved Support
[101 capabilities
2016 and firm Survey operational 4 investment in
] nee
performance efficiency capability building
development
Improving firm Cost savings, Resistance to Encourage
[102
2016 performance using Case Study competitive  adopting new leadership support
1
big data advantage practices for change
Cost savings, Lack of
[103 Integration of big Develop a clear big
2018 Survey employee cohesive
] data analytics data strategy
satisfaction strategy
Recommend
Big Data system Scalability, Integration
[104 gradual
2017 supporting industry = Case Study competitive  with legacy
] integration
strategy advantage systems

strategies
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[105

[106

[107

[108

[109

[110

[111

[112

[113

[114

2015

2022

2018

2017

2016

2024

2016

2023

2014

2014

Big Data Analytics

Business

Intelligence in
Banking
Service innovation

through Big Data

Challenges in
supply chain

management

Customer
relationship
management

mechanisms

Big Data Revolution
for Competitive

Advantage

Firm  performance
and dynamic

capabilities

IT strategic planning
and business

performance

Data quality
management in big

data analytics

Big  Data and
Competitive
Advantage at
Nielsen

Survey

Quasi-

experimental

Survey

Survey

Mixed-
Methods

Case Study

Survey

Case Study

Survey

Thesis

Cost savings,
customer
satisfaction
Improved
decision
accuracy
Revenue
growth,
customer
satisfaction
Competitive
advantage,
operational
efficiency
Improved
operational
efficiency,
customer

satisfaction

Enhanced
operational

efficiency

Cost savings,
competitive
advantage
Improved
operational
efficiency,
customer
satisfaction
Improved
business
sustainabilit
y
Competitive
advantage
through data
insights

Data  privacy
concerns

Data  quality
issues

Lack of

employee skills

Complexity in

data

management

High
implementatio

n costs

Rapid
technological

evolution

Integration

challenges

Fragmented IT

strategies

Inconsistent

data quality

Limited
integration

capabilities

data

Implement robust

data  protection
measures
Regular data

audits to ensure

accuracy

Provide ongoing

training and
support
Simplify data
collection

processes

Explore cost-
sharing

partnerships

Encourage
adaptability in
organizational
culture

Develop flexible
integration
frameworks
Align IT and
business goals

closely

Establish  strong

data  governance

practices

Enhance
integration across

platforms
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Improved
Big Data Analytics Resistance  to
[115 scalability Develop training
2016 in Healthcare Survey adopting new
] and cost programs for staff
Organizations technologies
savings
Enhanced
Knowledge operational
Lack of
[116 Management and efficiency Invest in robust IT
2024 Survey infrastructure
] Organization and infrastructure
support
Performance customer
satisfaction
Increased
Big Data Analytics revenue Implement  strict
[117 Data  security
2022 in Cloud Case Study growth and data governance
] concerns
Computing customer policies
satisfaction
Improved
operational
Prioritize IT
[118 IT Strategic efficiency Limited IT
2018 Case Study investments
] Planning in SMEs and budgets
strategically
customer
satisfaction
Enhanced
uer
Improving ETL ey
[119 performance  Complexity of Simplify ETL
2023 Process for Case Survey
] and ETL processes  frameworks
Company
operational
efficiency
Increased
operational
Technical
[120 Automated  Load efficiency Focus on training
2024 Case Study implementatio
] Balancing System and for technical staff
n challenges
customer
satisfaction
Improved
revenue Resource Streamline
[121 Clinical ETL
2020 Case Study growth and allocation for resource
] Processes
employee ETL tasks management
satisfaction
[122 Automated  Data Enhanced Integration Foster
2020 Survey
Warehouse System scalability challenges with collaboration
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and cost existing between IT and
savings systems business teams
Improved

Big Data Analytics data
[123 High initial Explore scalable
2020 in Cloud Case Study accuracy and
] costs cloud solutions
Computing customer
satisfaction
Increased
operational
Optimal DC Load Integration  of
[124 efficiency Develop a phased
2024 Balancing in Dissertation new
] and integration plan
Systems technologies
customer
satisfaction
Enhanced
data Invest in data
[125 Data-Driven Data  quality
2024 Case Study accuracy and quality
] Decision Making issues
operational management tools
efficiency
Improved
operational
Complexity in Provide detailed
[126 DOD-ETL efficiency
2019 Article implementatio  implementation
] Framework and
n guidelines
customer
satisfaction

Cost savings
Resistance  to Highlight benefits

[127 ETL Framework for and
2019 Article change in of new
] Medical Imaging operational
processes frameworks
efficiency
Improved
High-level ETL for scalability Allocate dedicated
[128 Resource
2022 Semantic Data Article and resources for ETL
] constraints
Warehouses operational processes
efficiency
Revenue
[129 Data Strategy growth and Lack of clarity Clearly define data
2020 Article
] Implementation customer in data strategy  strategy objectives
satisfaction
Improved Develop a clear
[130 Migration to NoSQL Transition
2019 Book Chapter cost savings migration
] Cloud Database challenges

and roadmap
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[134

[135
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[137

[138

[139

2020

2023

2018

2024

2016

2018

2016

2024

2023

Incremental

Loading in ETL

Data Management

Framework

Data Integration
Framework for E-

Government

Reducing

Operational Costs

High-Performance

Systems for
Analytics

ETL Tools: Open
Source vs Microsoft

SSIS

Enhancing Data

Staging

Data Quality in ERP

Implementation

Real-Time Analytics
for Healthcare

Article

Article

Survey

Article

Book Chapter

Case Study

Thesis

Conference

Paper

Thesis

customer

satisfaction

Enhanced
operational

efficiency

Improved
scalability
and cost

savings

Improved
customer

satisfaction

Enhanced
operational
efficiency
Improved
operational
efficiency
and
customer
satisfaction
Improved
scalability
and revenue
growth
Improved
query
performance
and
employee
satisfaction
Enhanced
operational
efficiency
Improved
scalability
and cost

savings

Limited

documentation

Insufficient

training

Integration
challenges
across
departments
Complexity in
integrating

systems

High
infrastructure

costs

Skill
staff

gaps in

Complexity in
implementatio

n

Data quality

challenges

Integration
challenges with

legacy systems

Create
comprehensive
documentation for

processes

Develop ongoing

training programs

Foster inter-
departmental

collaboration

Streamline
integration

processes

Optimize resource

allocation

Provide training

on tools used

Simplify data

staging processes

Implement regular

data audits

Develop
integration

standards

reprints202410.0059.v1


https://doi.org/10.20944/preprints202410.0059.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 October 2024

doi:10.20944/,

39
Modern ABI Increased Highlight the
[140 Conference Resistance  to
2021 Platforms for Data revenue benefits of new
] Paper new platforms
Processing growth platforms
Improved
Big Data cost savings
[141 Lack of clarity Clearly define ROI
2018 Technologies  for Book Chapter and
] on ROI metrics
Value Generation competitive
advantage
Enhanced
operational
Promote  change
[142 Data Management efficiency Resistance  to
2019 Article management
] in Organizations and change
strategies
customer
satisfaction
Enhanced
operational
[143 Trends in Big Data efficiency High initial Consider phased
2019 Article
] and Analytics and investment implementation
competitive
advantage
Improved
Foster
cost savings
[144 Big Data System for Integration collaboration
2017 Article and
] Industry 4.0 complexity between IT and
employee
operational teams
satisfaction
Improved
operational
Reporting High Develop cost-
[145 efficiency
2014 Management with Thesis q maintenance effective
] an
RDBMS costs maintenance plans
customer
satisfaction
Enhanced
cost savings Promote data
[146 Role of Big Data in
2018 Thesis and Data silos sharing across
] Decision Making
competitive departments
advantage
Improved
Big Data for scalability Streamline
[147 Implementatio
2015 Business  Process Article and implementation
] n complexity
Analytics operational processes
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3.3. Risk of Bias in Studies

Table 11 evaluates several studies on databases and data warehousing using the Newcastle-
Ottawa Scale, assessing three key criteria: Selection, Comparability, and Out-come/Exposure. Each
study reviews a total start count rating, which classifies them as either, Low (1-4 stars), Moderate (5-
7 stars) or High quality (8-9 stars). Most studies scored well in Selection and outcome/exposure, with
some variability in Comparability, show-casing different levels of methodological approach across
the studies.

Table 11. Table for Newcastle-Ottawa Scale.

Selecti Comparabil Outcome/expo Tot Quality

Ref on ity sure al Rating
(0-4  (0-2 stars) (0-3 stars)  start
stars) s
[21,23-28,38,43-45,60,101,111,136,137] * k * * %k 5 Low
quality
[22,29,30,31,39,62, 66, 68, 82, 93, 98, 100, 107, 109, 126, 129, 135,138, * * % * 6 Lowto
Modera
te
quality
1,2,3,13,14,15,16,17,18,19,20,37,40,50, 53, 55, 58, 59, 67, 70, 75, 77, 80, 84, 86, * %k * % * * 7 Modera
87,95, 106, 110, 116, 118, 119, 121, 123, 124, 129, 135,139,145] te
quality
[4,6— % %k * % * %k k 8 Modera
12,36,40,45,47,48,52,54,56,57,61,63,64,69,71,74,80,85,87,88,93,96,97,104,106,109 te to
,113,143,144,146-150] High
quality
[5,25,31- % % %k k * % b 8.8 ¢ 9 High
34,41,42,46,49,51,65,72,73,76,78,81,83,92,94,99,102,104,108,115,117,124,130,140 quality

-142]

When assessing the impact of Big Data on the performance of small and medium-sized
enterprises (SMEs), it is essential to understand the methodologies employed in the research studies,
as these directly influence the credibility and applicability of the findings.


https://doi.org/10.20944/preprints202410.0059.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 October 2024 d0i:10.20944/preprints202410.0059.v1

46

survey — 44.30%

quasi-experimental I 2.01%

0.00% 5.00% 10.00% 15.00% 20.00% 25.00% 30.00% 35.00% 40.00% 45.00% 50.00%

Figure 18. Distribution of Research Methods.

Figure 18 highlights that surveys are the predominant research method, comprising 44.30% of
the studies. Surveys are efficient in collecting large volumes of data and can provide valuable insights
into trends and perceptions within SMEs. However, they are prone to biases stemming from self-
reporting and may struggle to capture complex interactions within organizational contexts. Case
studies account for 33.56% of the research. They provide detailed insights and context-specific
understanding, which can be beneficial in exploring the nuances of Big Data's influence on SME
performance. However, case studies often lack generalizability, making it challenging to apply
findings broadly across different contexts. Experimental designs represent 20.13% of the studies.
These methods allow for establishing causal relationships and testing hypotheses under controlled
conditions. However, the limited external validity can hinder the applicability of findings to real-
world scenarios, as the results may not fully reflect the complexities of actual business environments.
figure-experimental designs, making up a mere 2.01%, offer another avenue for investigating causal
relationships but are similarly constrained by challenges in ensuring rigorous control over variables,
which may lead to potential biases.

The data indicates a notable underutilization of alternative methodologies such as document
analysis and statistical evaluations. This lack of diversity in research methods can limit the
understanding of long-term trends and measurable impacts of Big Data on SME performance, as
quantitative methods and historical data analysis provide valuable insights into patterns over time.
The predominance of surveys and case studies suggests a reliance on context-specific data, which
may introduce biases and limit the generalizability of the findings. To mitigate these risks, future
research should consider employing a mixed-methods approach that incorporates a broader array of
methodologies, including increased use of experimental designs and quantitative statistical
evaluations. This multifaceted approach can enhance the robustness and credibility of conclusions
drawn regarding the impact of Big Data on SMEs, ultimately leading to more actionable insights and
recommendations for practitioners.

3.4. Results of Individual Studies.

Figure 19 reveals that the focus on various types of database systems is quite distinct, with a
clear dominance in relational database technologies. A significant 48.99% of the studies concentrate
on relational databases, NoSQL databases, making up 34.90% of the research cloud databases account
for 14.77% of the research studies and High-Performance Computing (HPC) constitutes the smallest
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portion of the research, at just 1.34%, but still represents a critical niche area. The distribution of
research topics reflects the ongoing evolution in database technologies, with relational databases
maintaining their foundational role, while NoSQL and cloud databases capture increasing interest
due to their adaptability in modern data-intensive applications.

B Cloud Databases
m High-Performance Computing
= NoSQL

Relational Databases

Figure 19. Database Technology types.

Figure 20 depicts that the majority of the studies, 48.32%, focus on data marts And with OLAP
systems following closely, accounting for 25.50% of the studies, The ETL (Extract, Transform, Load)
tools represent 24.16% of the research, underscoring their role in managing the data integration
process. a very small portion of the research addresses CRM systems, data mining, and data
warehousing directly, each contributing just 0.67%. This could indicate either a lack of focus on these
topics within the reviewed research or that these areas are considered foundational, with most studies
assuming their presence rather than focusing on them in detail.

0.67%

B CRM Systems
m Data marts
1 Data Mining
Data Warehousing
M ETL tools
H OLAP

0.67% 0.67%

Figure 20. Data Warehouse Technology types.
3.5. Results of Synthesis

3.5.1. Characteristics and Risk of Bias among Contributing Studies

In the systematic review conducted, various data collection methods were employed to gather
information from the analyzed papers. The results in Figure 21 indicate a diverse approach to data
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collection, with each method contributing uniquely to the overall findings. The most frequently
utilized method was document analysis, accounting for 34.46% of the total data collection efforts.
This suggests that a significant portion of the research relied on existing literature and documents,
which is a common practice in systematic reviews as it allows researchers to synthesize previous
findings and establish a comprehensive understanding of the topic at hand. Following document
analysis, surveys emerged as another prominent method, representing 31.08% of the total data
collection. Surveys are particularly valuable in gathering quantitative data from larger populations,
enabling researchers to identify trends and patterns that may not be evident through qualitative
methods alone. The integration of surveys into the systematic review highlights an effort to capture
a broad range of perspectives and experiences related to the research question. Interviews and
observations were also employed but to a lesser extent, with interviews comprising 17.57% and
observations 16.89% of the total methods used. Interviews provide in-depth insights into individual
experiences and opinions, allowing for a nuanced understanding of complex issues that may not be
fully captured through quantitative measures alone. Observations, while less frequently used than
other methods, offer direct insight into behaviors and interactions within natural settings, adding
another layer of richness to the data collected.

B document analysis
M Interviews
[ Observations

Survey

Figure 21. Data Collection methods.

3.5.2. Results of Statistical Synthesis.

As illustrated in Figure 22, the synthesis of included studies reveals a predominance of
quantitative analysis methods, employed in 62.67% of the studies. This strong preference for
numerical and statistical evaluations highlights a robust focus on assessing the impact of database
and data warehouse technologies through measurable outcomes. In contrast, thematic analysis,
which delves into qualitative patterns and themes, was utilized in 37.33% of the studies. This
indicates a significant, though less predominant, role for qualitative insights in understanding the
nuances of technology impacts.
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B Quantitative

1 Thematic analysis

37
%

Figure 22. Data analysis techniques.

3.5.3. Investigating Heterogeneity

In the conducted analysis of various papers for the systematic review, the results reveal a
significant distribution among four major technology providers: Microsoft SQL Server, IBM, AWS
Redshift, and Oracle. Figure 23 indicates that Microsoft SQL Server holds a dominant position with
a substantial 54% representation in the reviewed literature.

13.33%
Oracle

0,
MiCrOSOft SQL Server — 5400A)
0,
14.67%
AWS Redshift

0.00% 10.00%  20.00%  30.00%  40.00%  50.00%  60.00%

Figure 23. Analysis of Technology Providers.

This suggests that it is widely recognized and utilized within the context of the studies analyzed,
potentially due to its robust features, extensive support, and integration capabilities within enterprise
environments. Following Microsoft SQL Server, IBM accounts for 18% of the references found in the
papers. This indicates a notable presence but suggests that it may not be as prevalent as Microsoft
SQL Server in this body of work. IBM's offerings are often associated with advanced analytics and
data management solutions, which could explain its relevance in specific contexts within the
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systematic review. AWS Redshift has a representation of 14.67%, reflecting its growing adoption in
cloud-based data warehousing solutions. As organizations increasingly migrate to cloud
infrastructures for scalability and flexibility, AWS Redshift’s role is likely to expand further in future
research. Lastly, Oracle comprises 13.33% of the references noted in the analysis. While it has a
smaller share compared to its competitors, Oracle remains a key player known for its comprehensive
database solutions and enterprise-grade performance.

3.5.4. Sensitivity Analysis Results

In the context of the analysis conducted on various papers for a systematic review, the results
indicate a significant distribution among small businesses, SMEs (Small and Medium Enterprises),
and startups. Figure 24 indicates that small businesses account for approximately 36.67% of the total
analyzed titles, while SMEs represent a larger portion at 43.33%. Startups, on the other hand,
comprise 20.00% of the total count.

m small businesses
m SME

startups

Figure 24. Analysis of Small Businesses, SMEs, and Startups.

This distribution highlights the prominence of SMEs in the industry context, suggesting that
they play a crucial role in economic development and job creation. The categorization into small
businesses, SMEs, and startups is essential for understanding their respective impacts on the
economy. Small businesses often serve as the backbone of local economies by providing employment
opportunities and fostering innovation at a community level. They are typically characterized by
their limited scale in terms of revenue and number of employees but can be highly influential in niche
markets. SMEs encompass a broader range of enterprises that may have more resources than typical
small businesses but still operate below certain thresholds defined by national or international
standards. Their larger share in this analysis (43.33%) underscores their importance in contributing
to GDP and employment across various sectors. SMEs often benefit from government support
programs aimed at enhancing competitiveness and sustainability. Startups represent a dynamic
segment within this landscape, accounting for 20% of the analyzed titles. These entities are generally
characterized by their innovative approaches and potential for rapid growth. However, they also face
unique challenges such as securing funding and navigating market entry barriers. The relatively
smaller percentage reflects both the high failure rate associated with startups as well as their
emerging nature within specific industries. As depicted in figure 25, many of the studies, accounting
for 44.67%, are centered around data warehouse systems, indicating a strong research interest in the
design, implementation, and optimization of these systems.
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H business technology
m data warehouse
1 database technologies

SMEs performance

Figure 25. Fields of Study Distribution.

This reflects the growing importance of data warehouses in managing large-scale data and
supporting advanced analytics in modern enterprises. Database technologies represent the second-
largest category, comprising 26% of the collected research papers. This suggests that, while data
warehouses are a key focus, there is still considerable interest in the foundational technologies that
underpin data storage, retrieval, and management systems. Research in this area may explore
advancements in database architectures, query optimization, and security features. Business
technology and SMEs performance, both accounting for 14.67%, highlight a growing focus on the
practical applications of these technologies within organizational and business contexts. These
studies are likely exploring how innovations in database and data warehouse systems can improve
overall business efficiency, decision-making processes, and the operational performance of small and
medium-sized enterprises (SMEs).

3.6. Reporting Bias

Figure 26 offers graphical representation of the breakdown of study types and revealed a diverse
methodological approach among the included researches. Of the studies reviewed, 39.01% employed
quantitative methods, indicating a strong focus on numerical data and statistical analysis. Qualitative
studies comprised 33.33% of the sample, highlighting a significant emphasis on in-depth, descriptive
insights into organizational performance. Mixed-methods studies accounted for 27.66%, reflecting a
balanced integration of both quantitative and qualitative approaches. This distribution underscores
the comprehensive nature of the review, incorporating a range of perspectives and methodologies to
assess the multifaceted impact of database and data warehouse technologies.
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0.00%
mixed-methods Qualitative Quantitative

Figure 26. Study type distribution.

The risk of bias was assessed across these studies using established tools, such as the Newcastle-
Ottawa Scale (NOS). The studies demonstrated varying levels of risk, with many quantitative studies
having moderate to low risk due to their robust statistical methods, while qualitative studies often
faced challenges related to subjectivity and bias in interpretation. As depicted in Figure 27, the
synthesis of included studies reveals a predominance of quantitative analysis methods, employed in
62.67% of the studies.

H small businesses
m SME

[ startups

Figure 27. Data analysis techniques.

This strong preference for numerical and statistical evaluations highlights a robust focus on
assessing the impact of database and data warehouse technologies through measurable outcomes. In
contrast, thematic analysis, which delves into qualitative patterns and themes, was utilized in 37.33%
of the studies. This indicates a significant, though less predominant, role for qualitative insights in
understanding the nuances of technology impacts.
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3.7. Certainty of Evidence

Figure 28 shows the analysis of business performance metrics that reveals a notable emphasis
on operational efficiency, which constitutes 47% of the evaluated metrics. Cost savings follow at 32%,
while revenue growth is reported in 19% of the studies. Customer satisfaction, though important, is
the least represented metric, accounting for only 1%. This distribution indicates that operational
efficiency is the most frequently assessed outcome in relation to these technologies, highlighting its
critical role in performance improvements. Conversely, the minimal focus on customer satisfaction
suggests a potential area for further investigation to fully understand the breadth of impacts these
technologies have on organizational performance.

B Cost savings
M customer satisfaction
[ Operational Efficiency

Revenue growth

Figure 28. Business Performance metrics.

As shown in Figure 29, when it comes to IT performance, scalability is a big deal. In fact, it
accounts for 38% of the metrics analyzed. This means that being able to scale up or down easily is
super important.

Figure 29. IT Performance Metrics.

Right behind scalability is data accuracy, which makes up 34% of the metrics. This shows just
how crucial it is to make sure the information being used is correct and reliable. Query performance,
at 28%, may not be as high on the list, but it's still essential. This metric looks at how well the
technology can handle and process requests for data. IT performance is a complex issue that can have
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a big impact on how well an organization functions. By focusing on scalability, data accuracy, and
query performance, businesses can ensure that their IT systems are running smoothly and effectively.

Data analysis techniques utilized across the included studies indicate a predominant use of
quantitative analysis methods, employed in 62.67% of the studies. This approach suggests a strong
preference for numerical and statistical evaluation of the technologies’ impact. In contrast, thematic
analysis, which focuses on identifying and interpreting patterns and themes within qualitative data,
was used in 37.33% of the studies. These findings highlight a significant emphasis on quantitative
methods for assessing performance impacts, while thematic analysis also plays a notable role in
understanding the qualitative aspects of database and data warehouse technologies.

3.8. Key Findings and Strategic Implications for Business Leaders.

The systematic review highlights several critical insights regarding the impact of database and
data warehouse technologies on business performance. These insights provide valuable strategic
guidance for business leaders aiming to enhance their organization’s efficiency, reduce costs, and
gain a competitive edge. The study highlights the importance of data warehouse systems and
relational databases in modern business for advanced analytics and operational efficiency. These
systems centralize data sources, enabling better decision-making and access to high-quality data. The
latest database technologies, like NoSQL and cloud databases, offer scalability and flexibility,
enabling seamless operations and quick adaptation to data management strategies. Top IT
performance indicators include scalability, data accuracy, and query performance, emphasizing the
need for robust and timely data systems.

The research also established that geographical and organizational variability significantly
influences the benefit levels derived from database and data warehouse technologies. Indeed, larger
organizations with more sophisticated supporting technological infrastructures have seen overall
better performance and increased decision-making capability. This points out the need for fitting
approaches depending on the size and maturity of an organization. The small ones or those still at
the initial stages of digitization would need more bespoke solutions that answer their specific
business needs, while larger entities have the chance to reap more from matured systems to their
benefit regarding data-driven decisions. The results show that database technologies are constantly
evolving and hence businesses should adopt strategies that fit within their operational and
technological landscape.

Strategic investments in data warehouse systems and modern technologies, such as NoSQL and
cloud databases, offer scalable cost-effective solutions, reducing operational expenditure by
optimizing storage. These technologies avoid redundancy and provide flexible pricing models based
on actual usage, scaling infrastructure costs in direct relation to business growth. The same is further
enhanced in operational efficiency through optimized relational databases and ETL tools that help
expedite data processing and ensure accuracy for speedy decisions. Advanced analytics will help
drive insight into customer behavior and market trends, thereby securing a competitive advantage
by making better decisions and offering innovation to improve customer service. Moreover,
scalability is important, whereby cloud-based and NoSQL databases guarantee flexibility and speed
in terms of meeting the ever-growing demands of data storage and applying business for long-term
success. Each category in this Table 12 offers strategic recommendations for business leaders looking
to improve their operations.

Table 12. Summary of Strategic Opportunities for Business Leaders.

Category Key Findings Strategic Recommendations

Cloud-based and NoSQL databases Invest in scalable, pay-as-you-use
Cost Efficiency  reduce capital expenditure and offer technologies to minimize upfront costs
flexible, scalable pricing models. and ensure financial flexibility.
Optimized databases and ETL tools Implement optimized data systems to

Operational Benefits . . . .
streamline data processing, enhance operational efficiency,
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Customer Impact

Scalability

Data Security

Regulatory
Compliance

Data Integration

Data Accessibility

Disaster Recovery

Data Visualization

improving accuracy and reducing
delays in information retrieval.
Advanced analytics provide deeper
insights into customer behavior,
enabling personalized engagement
and predictive analytics.

Scalable databases allow businesses
to handle data growth without
expensive infrastructure overhauls,
adapting to changing demands.

Data encryption and secure access
controls safeguard sensitive customer

and business data.

Industry-specific regulations (e.g.,
GDPR, PCI DSS) require strict data
handling protocols and reporting.

Seamless integration with other
systems (e.g., CRM, ERP) enhances
data flow and operational efficiency.

Real-time access to data across

multiple platforms improves
decision-making and operational
agility.

Cloud-based solutions offer built-in
redundancy and disaster recovery,
minimizing data loss and downtime.

Advanced reporting and
visualization tools enable more
informed and quicker decision-

making based on real-time insights.

improve data accuracy, and speed up
decision-making processes.

Use real-time data analytics to optimize
customer experience, drive satisfaction,
improve marketing strategies, and

foster long-term loyalty.

Prioritize scalable solutions that adapt
to data growth and market fluctuations
without requiring disruptive upgrades.

Implement robust security measures,
including encryption, access control,
and compliance with data protection
regulations (e.g, GDPR, HIPAA) to
mitigate risks.

Ensure database systems are designed
with compliance in mind, automating
audits security
features to meet legal standards.

and incorporating
Opt for database solutions that easily
integrate with existing software
ecosystems to avoid data silos and

streamline operations across
departments.
Implement database systems that

ensure data is accessible across various
devices and platforms to enhance
remote work capabilities and on-the-go
decision-making.

Invest that prioritize
disaster recovery, ensuring business

in solutions
continuity with minimal data loss and
downtime in the event of system
failure.

Integrate data  visualization
business intelligence tools to transform
raw data into actionable insights,
improving management's ability to
make informed decisions.

and

Cost efficiency entails the enablement of scalable NoSQL and cloud technologies that reduce

fixed costs, allowing companies to pay only for what they use. Operational benefits arise from
optimized relational databases and ETL tools, in that these raise data processing speeds, improve
accuracy, and further accelerate performance. Advanced analytics from data warehouses would also
improve customer impact by showing rich insights into improving customer satisfaction and loyalty.
Scalability ensures investment in adaptable solutions to handle the growth of data efficiently, thus
enabling businesses to be agile and responsive to market demands. These findings help to align IT
investments with key performance metrics, driving operational efficiency to competitive advantage.

3.9. Decision-Making Framework for Implementing Database and Data Warehouse Technologies.

The implementation of database and data warehouse technologies is a critical decision for small
and medium enterprises (SMEs) looking to improve data management, optimize operations, and
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drive business intelligence. However, the decision-making process is highly variable, depending on
the unique characteristics and constraints of each SME. Factors such as the size of the enterprise,
industry, data complexity, growth plans, budget, and technological expertise all play significant roles
in determining the most suitable solution.

For smaller enterprises, the need for cost-efficient, easy-to-manage systems often takes
precedence, while medium-sized firms may require more robust, scalable solutions to handle larger
data volumes and multi-functional business processes. Additionally, industry-specific requirements,
particularly in regulated sectors like healthcare or finance, introduce further complexities such as
data security, compliance, and integration challenges. In Table 13, we propose outlines of how these
considerations influence decision-making, providing SMEs with a comprehensive framework to
select the most appropriate database or data warehouse technology based on their individual needs.
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Table 13. Proposed Decision-making factors for implementing database and data warehouse technologies for different SMEs:.
. Data- Transacti Non-
. Small Medium . Budget- Growth- Low- Tech- Global Local
Decision . . Intensive  onal Regulated . . Tech- . .
Enterprise Enterprise ) . ) Conscious Oriented  Growth Savvy Operation Operation
Factor Businesse Businesse Industries Savvy
s s SMEs SMEs SMEs SMEs s s
s s SMEs
o Needs ] ) Less
Limited Simple Can Needs Solutions
Can invest advanced Must Open- ) o ) emphasis
. resources; . systems; Invest in Prioritize customize vendor- that
Size and o in more systems o comply source or on
prioritize o prioritize ) ) scalable affordable and supported support ) )
Resource sophisticat for data ) with strict cloud- ) ) internatio
cost- ) real-time technologi , simple manage , easy-to- global
s ] ed analytics ) regulatory based ) ) nal
effective transactio . esearly on solutions  complex use complianc .
) systems and standards  solutions . regulation
solutions nal data systems solutions e
scalability s
Data Must
High
Broader, warehous ) ) support
Database  security Low-cost, High Long-term Opt for Choose
Focus on multi- e for multi- Focus on
for fast and basic scalability, cost- advanced, cloud-
Nature of immediate departme  analytics, ) ) ] ) o ] location local
. . . transactio  complianc  systems with built-  efficient customiza based, .
Business  operation ntal reporting, data complianc
) nal e for current in growth system for ble managed
al needs requireme Al ) ) storage e
. . processing requireme needs support stability systems services
nts integratio and
nts .
n processing
High data Able to Solutions  Prioritize
Data Smaller Larger Low-to- Data Small data Need Moderate Limited
volume; handle that local data
Volume data data ) moderate  volume volumes; scalable data; no data
requires . o unstructur support governanc
and volumes; volumes, data varies; prioritize data need for managem
. data ed and internatio e and
Complexi structured mix of volume; strong affordabili ~architectu  complex ent )
warehous complex nal data infrastruct
ty data structured standard governanc ty re systems expertise
e data transfers ure
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/unstructu database e is
red data sufficient  required
. Plan for Keep
Business Immediat Support Use data Focus on Mustalign Planning Align with Focus on
Immediat advanced  things
Goals e multi- for operationa with for future Long-term multi- regional or
. . . e low-cost . business simple )
and operation  functional strategic 1 regulatory scalability  cost- ) ) ) region local
data intelligenc  with plug-
Growth al business decision-  efficiencie = business and efficiency strategic performan
solutions e and and-play
Plans efficiency  operations making s goals analytics ) ) growth ce
analytics  solutions
More Advanced
Need for Basic
developed Require IT Existing Outsource Require
data lakes infrastruct  Build Focus on
IT Basic IT IT simple, infrastruct systems Advanced IT needs internatio
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Infrastruc infrastruct systems; fast- ure for meet , in-house for cloud- nal 1T
advanced prioritize  infrastruct infrastruct
ture ure can handle ) response  security operationa IT team based infrastruct
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complex systems complianc ) I needs systems ure
platforms services
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Need
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Open- Invest in Database ) Simple, ) ] solutions  On-
Technolo for security cloud scalable customiza  solutions
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affordable secure time maintenan internatio  local cloud
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Customiz
Need o ) Managed  High
Low Limited High able and .
Scalable scalable No cloud scalability =~ Moderate
... Limited ) High scalability; scalability; scalability ) scalable ) B
Scalabilit solutions systems to immediate services for scalability
scalability scalability  focus on focus on to support on- ) ) )
y for future ) handle ) ) need for ) offering internatio  for local
needed required current immediate future . premise or
growth regulatory scalability ] scalable nal growth
needs ) needs growth hybrid )
reporting solutions  growth
systems
Low-cost  Can invest Higher L )
) ) ) ) Willing to ~ Internatio Focus on
options, in investmen Must Open- Invest in Subscripti
Affordabl Minimal invest in nal local
open- premium  t in budget for source or advanced ) on-based, . . .
Cost and ) ) e, ) ) upfront premium, licensing pricing
. . source, or solutions  analytics complianc  low-cost solutions . pay-as-
Licensing o ) standard . o investmen customiza and cost and
subscripti ~ with and ] e and high subscripti  for long- you-go ) .
o ) licenses ) t ble o considerat affordabili
on-based  additional reporting security onmodels term ROI ) pricing )
solutions ions ty
models features features
Cloud Cloud-
On- Cloud-
Cloud- data Cloud- Cloud- based
premise based )
based, On- warehous  On- based based for On- Preference . solutions  On-
Cloud vs. ) ) systems ) . ) solutions )
low- premise or es for premise or services to scalability; premise for on- or premise or
On- for data for ease of
. maintenan hybrid scalability  cloud reduce on- for  cost premise internatio  local cloud
premise control ) use and
ce systems and databases infrastruct premise efficiency  solutions nal providers
) o and managem )
solutions accessibilit ) ure costs  for control complianc
security ent
y e
Enhanced High-level Must meet Focus on
Advanced Plan for Moderate Advanced Cloud
Basic security ) Standard  encryptio  Sufficient ) ) global regional
. ) security ) ' advanced  security , services ) i
Security security measures security n and basic ) ) . security security
for security as measures  customiza with
features for data protocols  access security and complianc
) sensitive, the to  meet ble integrated )
protection controls complianc e
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large business current security security e
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s
) ) Must meet
Complian ~ Must meet Strict Must plan Focus on Fully
Minimal Standard Rely on internatio
) ce  with local and ) complianc for future cost- compliant Focus on
. complianc business ) Limited ) . . vendor- nal data
Complian general global e required . complianc efficient with . ) local data
e ) data complianc ) ] ) provided  complianc )
ce ) data complianc ) (e.g., e as the complianc internatio . protection
requireme . complianc e focus ) complianc e
protection e GDPR, business e nal ) ) laws
nts esolutions regulation
laws standards HIPAA) grows measures  standards
s
Must . Integratio .
Integratio  Must Customiz  Plug-and-
Minimal Integratio  integrate Simple n with Limited Complex
. n with integrate able play Simple
Integratio integratio n with  with integratio  advanced integratio integratio
basic with integratio  integratio integratio
n with n with multiple advanced ns  with analytics n with ns for
business secure, ) n n with n with
Systems  existing internal BI, CRM, o i existing and existing o o global
applicatio  compliant . capabilitie  minimal local tools
systems systems and ERP platforms  business systems systems
ns systems S setup
systems tools
Requires
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skilled IT Basic IT Minimal Requires Skilled in-
In-house specialize Requires
IT Limited staff for support IT in-house No need house Focus on
IT team to d IT Outsource internatio
Support  in-house data for ] support; or for team local IT
manage expertise . IT support nal IT
and IT warehous  database rely on outsource extensive capable of support
. ) complex ] for ] to vendors support
Expertise  expertise e maintenan ) vendor for d IT IT support managing needs
systems complianc . structure
managem  ce service support systems
e
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The decision-making framework for SMEs highlights the dynamic interplay between technical,
financial, and operational factors, underscoring that a one-size-fits-all approach is impractical.
Different types of SMEs—whether small, medium-sized, data-intensive, or transactional —require
tailored solutions that balance cost, complexity, and functionality. Budget-conscious SMEs often opt
for cloud-based or open-source database solutions that minimize upfront costs, providing them with
the flexibility to expand as they grow. These solutions are particularly attractive for enterprises with
limited IT infrastructure, allowing them to focus on immediate business needs without investing in
expensive, on-premises systems. In contrast, growth-oriented SMEs plan for scalability, choosing
technologies that can evolve with their expanding data needs. This forward-thinking approach
ensures that they are not burdened by costly migrations or system overhauls in the future.

For data-intensive businesses, the decision-making process revolves around the need for
advanced analytics and large-scale data processing. Here, the focus shifts to data warehouse
technologies that can integrate with existing business intelligence (BI) tools and handle complex
queries, making real-time reporting and decision-making more efficient. These businesses prioritize
performance, scalability, and integration capabilities, often choosing cloud-based data warehouses
that provide flexibility and agility. Transactional businesses, on the other hand, require real-time
processing and quick access to data, favoring databases that offer fast transaction speeds and reliable
performance. Their focus is less on large-scale analytics and more on day-to-day operational
efficiency. This distinction illustrates the importance of understanding the business’s core data needs
when selecting between a database and a data warehouse. Industry compliance is a pivotal factor for
SMEs in regulated sectors, such as healthcare, finance, or legal services. These industries require
robust data governance, security features, and adherence to strict regulatory frameworks like GDPR
or HIPAA. SMEs in these sectors prioritize systems that can meet compliance demands without
compromising operational flexibility, often leaning toward on-premises solutions that give them
greater control over data security and privacy. Technological expertise also significantly impacts
the decision-making process. SMEs with skilled IT teams may choose more complex, customizable
systems that can be tailored to their specific requirements, while those lacking such expertise
gravitate toward vendor-managed solutions that reduce the burden of system maintenance and
technical oversight.

3.10. Best Practices for Successful Implementation of Database and DW Technologies

Implementing database and data warehouse technologies in SMEs is a strategic decision that
requires careful consideration of each business’s specific needs, resources, and long-term goals as
proposed in Table 14. Whether a small enterprise with limited re-sources or a data-intensive business
requiring advanced analytics, the selection and execution of these technologies must align with the
operational and regulatory environment. Best practices such as clear goal setting, robust data
governance, and security controls ap-ply broadly but are adapted differently based on factors like
business size, industry, data complexity, and technical expertise. This customized approach ensures
that the chosen systems not only meet current demands but also support future growth and
scalability, performance tuning, security updates, and data backups. Finally, identification and
selection of technologies that would scale the organization's growth ensure that the system does not
face performance-related challenges with increased data volumes and user demands.

Table 14. Proposed Best Practices for Successful Implementation of Database and DW Technologies.

. Growt
Mediu Low- Non-
Best Small Data- Transa Regul h- Tech-
m Growt Tech-
Practic Enterp . Intensiv ctional ated Orient Savvy
. Enterpri h Savvy
e rises eSMEs SMEs SMEs ed SMEs
ses SMEs SMEs

SMEs
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The variation in best practices across different types of SMEs underscores the im-portance of a
tailored approach to database and data warehouse implementation. Small enterprises typically
prioritize cost-efficiency and simplicity, while medium-sized and growth-oriented businesses focus
on scalability and long-term flexibility. For da-ta-intensive companies, the ability to handle large-
scale analytics and performance optimization is crucial, while transactional SMEs emphasize real-
time processing capabilities. Regulated businesses must place security and compliance at the
forefront of their decision-making, integrating strict data governance strategies. The technological
expertise within the SME also plays a significant role; tech-savvy businesses are more likely to
customize their systems, while less technical companies rely on vendor-managed solutions. This
diversity highlights the need for SMEs to adopt a decision-making process that aligns with their
specific operational context, ensuring that the chosen technology delivers both immediate value and
future readiness.

3.11. Metrics and KIPs for Measuring Performance of Database and DW Technologies.

The performance of database and data warehouse technologies in SMEs can be optimized by
using relevant metrics and KPIs that align with the specific characteristics of each business type as
proposed in Table 15. These metrics help measure system reliability, scalability, data quality, security,
and overall business value. As SMEs vary in size, growth potential, industry requirements, and
technological capacity, the importance of these KPIs also shifts. Customizing the selection of
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performance indicators ensures that each SME can monitor and enhance its database and DW
systems in a way that supports its operational and strategic goals.

Table 15. Proposed Metrics and KPIs for Measuring Performance of Database and DW Technologies
based on different types of SMEs.
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data ance nt age
nce e
process d
ing or
loadin
g.
Scala  System  Ability Low Low Ven
. . Relev  Esse Criti Criti Low Criti
bility =~ Scalabilit to relev releva dor-
ant  ntial cal cal rele cal
and y handle ance nce man



https://doi.org/10.20944/preprints202410.0059.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 October 2024

doi:10.20944/preprints202410.0059.v1

68

Flexib
ility

Capacity
Utilizati

on

Elasticity

increas
ed data
volum
e or
users
withou
t
perfor
mance
loss.
Measu
res
how
much
of the
system
’s
capacit
y
(storag
e or
process
ing
power)
is
being
used.
Ability
to
dynam
ically
adjust
resourc
es
(comp
ute,
storage
) based
on
worklo
ad

Low
relev

ance

Low
relev

ance

Impo

rtant

Impo

rtant

Criti

cal

Esse

ntial

Low
releva

nce

Low
releva

nce

Rele

vant

Criti

cal

Criti

cal

Criti

cal

vanc

Low
rele
vanc

e

Low
rele
vanc

e

age

Ven

dor-
Criti
man
cal
age

d

Ven

dor-
Criti
man
cal
age
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(especi
ally in
cloud).
Tracks
numbe
r of
securit
Securi y ) . Ven
inciden Mod Moder High Low
ty Data Imp Im .. dor-
) ts,such erate Relev ate ly rele  Criti
and Security orta . orta man
) as relev  ant releva critic vanc  cal
Comp Incidents nt nt age
) unauth  ance nce al e
liance ) d
orized
access
or
breach
es.
Measu
res Ven
Access Low
unauth  Low . Imp .. dor-
Control ) Impo Rele Releva Criti rele  Criti
o orized  relev orta man
Violatio rtant  vant nt cal vanc  cal
access ance nt age
ns e
attemp d
ts.
Percent
age of
) 8 Ven
Encrypti data Moder Low
Low Imp . Imp _ dor-
on encryp Impo ate Criti rele  Criti
. relev orta orta man
Complia ted at rtant releva  cal vanc  cal
ance nt nt age
nce rest nce e d
and in
transit.
Measu
res the
Oper efficien Ven
] ETL Mod Moder Low
ation cy of o Imp _ dor-
Process erate Impo Criti ate Rele rele  Criti
al o ETL orta man
~ Efficienc relev. rtant cal releva vant vanc  cal
Effici process nt age
y ance nce e
ency es d
(Extrac

t,
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Transf
orm,
Load).
Measu
res the
cost of

executi Ven
Moder Low
ng Low y - _ dor-
Cost per . Impo  Criti ate Rele Criti rele Criti
queries  relev man
Query rtant cal releva vant cal vanc cal
in ance age
nce e
cloud d

enviro

nments

Percent
age of
resourc

Ven
es Moder Low
Resource Low Imp dor-
(CPU, Impo  Criti ate Criti rele Criti
Utilizati relev orta man
memor rtant cal releva cal wvanc cal
on ance nt age
vy, nce e

storage
) being
used.
Measu
res
how
quickly
the
busine
] ss can Mod Hig Moder Low
Busin ) ) . .. dor-
Timeto retriev  erate Impo hly ate Rele Criti rele Criti
ess ) O man
Insight e and relev rtant criti releva vant cal vanc cal

Value age
analyz  ance cal nce e

Ven

e data
to
generat
e
insight

S.
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Financi

al

return

VS.

invest

ment in Ven
Return Mod Moder Low

databa o Imp . .. dor-

on erate Impo Criti ate Criti rele Criti

se or orta man
Investme relev  rtant cal releva cal wvanc cal

DW nt age

nt (ROI) ance nce e
technol d

ogy.
Positiv
e ROI
shows
value.
Feedba
ck
from
users
Ven
on Low
User o . Imp _ dor-
. . system Relev Impo Criti Releva Criti rele  Criti
Satisfacti orta man
perfor ant rtant cal nt cal vanc  cal
on nt age
mance, e
ease of
use,
and

value.

The diversity of SMEs requires a tailored approach to measuring database and data warehouse
performance. Small enterprises benefit most from focusing on simplicity and basic operational
efficiency metrics, such as uptime and resource utilization, while me-dium-sized businesses must
prioritize scalability, data accuracy, and concurrency to manage increasing data volumes. Data-
intensive SMEs rely heavily on ETL efficiency and system performance metrics, as their operations
depend on handling large datasets effec-tively. Transactional SMEs need real-time metrics like query
response time and through-put to ensure seamless operations, while regulated SMEs prioritize
security and compli-ance KPIs to meet industry standards. Growth-oriented businesses emphasize
scalability, ensuring their systems can expand as their needs evolve, while low-growth SMEs focus
on maintaining stability with basic performance indicators. Tech-savvy SMEs take a more
sophisticated approach, tracking advanced KPIs such as elasticity and resource utiliza-tion, while
non-tech-savvy SMEs rely on vendor-managed solutions, focusing on vendor uptime and security
compliance. These distinctions highlight the need for a customized, KPI-driven strategy to optimize
database and data warehouse performance in SMEs.

3.12. Customizing The Database and Data Warehouse Technologies for Different SME Industries.
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The selection and customization of database and data warehouse technologies for SMEs vary
significantly depending on the industry. Different industries have unique op-erational requirements,
data complexities, compliance needs, and customer engagement models. As a result, businesses in
sectors like healthcare, finance, retail, and manufactur-ing need to adopt tailored technology
solutions that address their specific data manage-ment, security, and scalability needs. By choosing
the appropriate database and data warehouse technologies, SMEs can enhance their efficiency, gain
actionable insights, and remain competitive in their respective markets using the proposed Table 16.

Table 16. Proposed Customization of Database and Data Warehouse Technologies for Different SME

Industries.
Data
Database Key  Features and
SME Industry Warehouse Key Benefits
Technologies Customization
Technologies
Cloud Data Focus on high-volume
Real-time transaction
Relational Warehouses transaction  processing,
tracking, inventory
Databases (e.g, Google customer data, and sales
Retail management,
(e.g, MySQL, BigQuery, trends. Integration with
customer  behavior
PostgreSQL) Amazon e-commerce  platforms
insights.
Redshift) and POS systems.
For handling
NoSQL Improved customer
unstructured data such
Databases Hybrid Data experience through
as customer reviews,
(e.g. Warehouses personalized
social media data, and
MongoDB) marketing.
dynamic content.
Relational Compliance with
On-Premise Secure and compliant
Databases healthcare = regulations
Data storage of sensitive
with (e.g., HIPAA, GDPR).
Healthcare Warehouses patient data, quick
Compliance Focus on patient data
(e.g., Teradata, retrieval for medical
(e.g., Oracle, security, medical records,
SAP BW) decisions.
SQL Server) and interoperability.
For integrating clinical
Seamless integration
systems with non-clinical
HL7- of clinical and
Cloud Hybrid (e.g., billing, patient
Compliant business systems
Solutions feedback). Ensures
Databases with secure
scalability without
scalability.
compromising security.
Relational Enterprise-
High-security, real-time
Databases Grade Data Enhanced financial
data  processing  for
with Warehouses reporting, fraud
transactions and fraud
Finance & Banking Encryption (e.g. detection, and
detection. =~ Compliance
(e.g. SQL Snowflake, regulatory
with regulations (e.g.,
Server, Azure compliance.
PCI DSS, GDPR).
Oracle) Synapse)
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Improved
Blockchain- Distributed For secure, tamper-proof transparency and
Based Data transaction records and fraud prevention
Databases Warehouses ensuring auditability. through immutable
records.
Cloud Data Focus on production
Industrial IoT Predictive
Warehouses data, machine telemetry,
Databases maintenance,
(e.g., AWS and real-time equipment
Manufacturing (e.g., optimized
Redshift, monitoring. Data
InfluxDB, production lines, and
Google integration from sensors
TimescaleDB) cost reductions.
BigQuery) and automation systems.
Relational For managing supply Efficient supply
On-Premise
Databases - chain, inventory, and chain management,
ata
(e.g., MySQL, operational data across real-time inventory
Warehouses
PostgreSQL) factories. tracking.
Handling large-scale
Cloud Data product catalogs, Personalized
Relational
Warehouses customer  transactions, marketing, enhanced
Databases
E-commerce (e.g., and web analytics. Real- sales forecasts, and
(e.g., MySQL,
Snowflake, time reporting on sales real-time customer
PostgreSQL)
Redshift) and customer insights.
engagement.
Document- Storing unstructured
Multi-channel sales
Based Hybrid Cloud data such as user-
data integration and
Databases Data generated content,
enhanced customer
(e.g., Warehouses reviews, and  multi- )
experience.
MongoDB) channel data integration.
Relational
Cloud Data Focus on  real-time
Databases Real-time shipment
Warehouses tracking, shipment data,
with Real- tracking, enhanced
Logistics & Supply with Al and demand forecasting.
Time demand forecasting,
Chain Integration Integration with GPS
Analytics and optimized route
(e.g., Google systems and third-party
(e.g. planning.
BigQuery) logistics providers.
PostgreSQL)
Better route
For mapping complex optimization and
Graph Distributed pping P P
relationships ~ between supplier
Databases Data
suppliers, routes, and management
(e.g., Neodj) Warehouses

inventory nodes.

through relationship

mapping.
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Improved  student
Cloud  Data Manage student records,
Relational data tracking, better
Warehouses faculty data, and research
Databases reporting on
Education (Higher with BI Tools outputs. Integration with
(e.g., SQL performance, and
Ed) (e.g., Azure LMS (Learning
Server, scalable
Synapse, AWS Management Systems)
PostgreSQL) infrastructure for
Redshift) and ERP systems.
research data.
NoSQL Manage multimedia files, Enhanced digital
Databases for Hybrid e-learning resources, and learning experiences
Unstructured  Solutions unstructured student and efficient resource
Data feedback. management.
Focus on managing
Cloud  Data
customer bookings, Real-time  booking
Relational Warehouses
loyalty programs, and data, personalized
Hospitality & Databases (e.g.,
occupancy rates. marketing, and
Tourism (e.g, MySQL, Snowflake,
Integration with third- improved customer
MariaDB) Google
party booking platforms satisfaction.
BigQuery)
and CRM systems.
Graph
Manage customer Enhanced customer
Databases for
Hybrid Cloud relationships, loyalty programs and
Customer
Solutions preferences, and booking personalized
Relationship
histories. experiences.
Management
Cloud  Data
Time-Series Warehouses Real-time monitoring of
Improved energy
Databases for IoT Data energy consumption,
efficiency, predictive
Energy & Utilities (e.g. (e.g. AWS grid performance, and
maintenance, and
InfluxDB, Redshift, predictive maintenance
reduced downtime.
TimescaleDB)  Azure for infrastructure.
Synapse)
Relational On-Premise Managing customer Accurate billing,
Databases for Data billing, compliance energy usage
Billing & Warehouses reporting, and monitoring, and
Regulatory for integrating IoT data from compliance with
Compliance Compliance smart meters. energy regulations.
Cloud  Data Real-time fraud
Relational Handling subscriber
Warehouses detection, improved
Databases for data, call records,
with Al (e.g., network
Telecommunications Subscriber network data, and
Google performance,  and
Management customer support. Real-
BigQuery, customer churn
(e.g., Oracle) time data for fraud
Snowflake) analysis.
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Professional Services

Media &

Entertainment

Graph
Databases for
Network

Analysis

Relational
Databases
(e.g., SQL
Server,

MySQL)

Document-
Based
Databases
(e.g.,
MongoDB)

NoSQL
Databases for
Content
Delivery (e.g.,

Cassandra)

Graph
Databases for
Social Media

Integration

Hybrid Data

Warehouses

Cloud Data
Warehouses

with BI Tools
(e.g., Azure

Synapse)

Hybrid Data

Warehouses

Cloud Data
Warehouses

for Streaming
Data (e.g.,

Snowflake)

Hybrid
Solutions  for

Analytics

detection and customer

behavior.

Mapping network
connections and
relationships ~ between

devices and services.

Focus on managing
customer projects, billing
service

data, and

contracts. Integration
with project management

tools and CRMs.

Storing client documents,
contracts, and
unstructured

communication data.

Managing large volumes

of  streaming data,
content metadata, and
user preferences.
Integration with
recommendation
engines.

Handling relationships

between users, content,

and social interactions.

Optimized network
performance and
reduced downtime

through  predictive

analytics.
Efficient project
tracking,  real-time

billing insights, and

better client
management.
Centralized client
document
management and
faster service
delivery.

Enhanced user
experience through

personalized content

recommendations
and faster content
delivery.

Improved social
media engagement,
targeting, and

content performance

analysis.

The customization of database and data warehouse technologies for

different indus-tries

highlights the diverse data management challenges SMEs face. Retail and e-commerce SMEs focus
on real-time data analytics to track sales and customer behaviors, benefiting from cloud-based
solutions for scalability and cost-efficiency. Healthcare and finance SMEs, on the other hand,
prioritize security and regulatory compliance, opting for on-premises or hybrid solutions that
safeguard sensitive data. Manufacturing and logistics SMEs require integration with IoT systems to
monitor real-time data from equipment and supply chains, enabling predictive maintenance and
operational optimization. Similarly, media and telecommunications SMEs rely heavily on NoSQL

and graph databases to handle vast amounts of unstructured and streaming data, driving customer

engagement and content personalization. Each industry’s approach to selecting and customizing
these technologies ensures that SMEs can leverage their data for improved decision-making,
enhanced customer experiences, and streamlined operations.
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Table 17 customizes the framework for various industries, covering the essential considerations
for selecting and deploying database and data warehouse technologies, such as data complexity,
compliance needs, performance requirements, and scalability. Each industry has unique data needs,
compliance standards, and operational goals, which are reflected in this customized framework.

Table 17. Proposed Industry-Specific Frameworks for Database and Data Warehouse Technologies.

Data Key
Compli  Databa
Wareho Performan Data
ance se Scalabili
Industry use ce Integratio Use Cases
Require Techno ty Needs
Techno Requirem n Needs
ments logies
logies ents
High Requires
Inventory
transaction horizont
Integratio manageme
Relatio throughpu al
Cloud n with e- nt,
Consum nal t, real-time scalabilit
DW commerc  personaliz
er Databas analytics, y to
(Google e ed
Protecti  es and low- handle
Retail BigQue platforms  marketing,
on (MySQ latency seasonal
ry, , CRM, real-time
(GDPR, L, processing  spikes
Snowfla ERP, and customer
CCPA) Postgre for and
ke) POS insights,
SQL) customer growing
systems sales
interaction  customer
reporting
s data
Handles
unstructur  Scalabilit Multi-
Customer
ed data vy channel
Hybrid experience
(e.g., required data
NoSQL DW for optimizati
product for large (web,
Databas  Structur on,
reviews, product mobile,
es ed & product
social catalogs  social
(Mongo  Unstruc recommen
media). and media)
DB) tured dations,
Supports customer and IoT
Data demand
multi- personal  integratio
forecasting
channel ization n
sales.
Relatio o High data Vertical Integratio Patient
n_
nal security, scalabilit n with data
HIPAA, Premise
Databas rapid y to EHR manageme
Healthcare GDPR, DW
es with access to handle (Electroni  nt, medical
POPIA (SAP
Compli medical high ¢ Health record
BW,
ance records, data Records), integration
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(Oracle, Teradat low- growth, PACS, ,
SQL a) latency for while billing complianc
Server) clinical ensuring  systems, e
decision- complia  and reporting,
making nce and external predictive
data labs healthcare
security analytics
Seamless Needs
integration secure Secure
across scalabilit data
Medical
clinical y, sharing,
HL7- device
Cloud and non- especiall Cross-
Compli data, lab
Hybrid  clinical y when hospital
ant systems,
Solutio  systems. handling collaborati
Databas clinical
ns Ensures telemedi on, real-
es research
scalability ~ cine and time
systems
and digital diagnostic
complianc  health support
e. records
Real-time  Elastic Integratio  Fraud
transaction scalabilit n with detection,
Cloud
PCI Relatio processing 'y for payment real-time
DW
DSS, nal , fraud rapid systems, transaction
(Snowfl
Finance & GDPR, Databas detection, data CRM, analysis,
High ake,
Banking AML es (SQL high growth AML complianc
AWS
Regulati ~ Server, availabilit and real- systems, e
Redshif
ons Oracle) y, and time and reporting,
t)
financial fraud regulator  customer
reporting  detection y bodies insights
Multi-
Requires
system
Tamper- horizont Audit
integratio
proof, al scaling trails,
Distrib n for
secure for Cross-
Blockch  uted trading
transaction financial border
ain DW platforms
S for transacti payments,
Databas (Azure p core
auditing ons secure
es Synaps banking
and across financial
e) systems,
complianc  multiple transaction
and
e global s
mobile
regions

payments
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Manufactur

ing

E-commerce

High

High

Industry
Standar
ds
Complia

nce

Consum
er
Protecti
on
(GDPR,
CCPA)

Industri
al TIoT
Databas
es
(Influx
DB,
Timesca

1eDB)

Relatio
nal
Databas
es
(Postgr
eSQL,
MySQL
)

Relatio
nal
Databas
es
(Postgr
eSQL,
MySQL
)

Cloud
DW
(AWS
Redshif
t,
Snowfla

ke)

On-
Premise
DW for
Secure
Operati

ons

Cloud
DW
(Snowfl
ake,
Google
BigQue

Real-time
data
processing
from IoT
sensors,
predictive
maintenan
ce, low-
latency

analytics

Stable
performan
ce for
managing
productio
n
schedules,
inventory,
and
supply

chain

High-
volume
transaction
s, real-time
product
recommen
dations,
low-
latency
customer
behavior

analysis

Scalabilit
y for
monitori
ng
multiple
producti
on lines,
large-
scale
telemetr
y, and
sensor

data

Requires
scalabilit
y to
handle
growing
producti
on data
and
supply
chain
complexi
ty
Horizont
al
scalabilit
y to
handle
high
traffic
surges,
especiall
y during
sales or
peak

seasons

Integratio
n with
ERP, MES
(Manufac
turing
Execution
System),
IoT
sensors,
and
SCADA

systems

Seamless
integratio
n between
factories,
suppliers,
logistics
providers
, and
automate

d systems

Integratio
n  with
CRM,
web
platforms
, mobile
apps,
social
media,
and
payment

gateways

Predictive
maintenan
ce,
equipment
monitorin
g, real-
time
supply
chain
tracking,
productio
n
optimizati

on

Supply
chain
manageme
nt, just-in-
time
inventory,
productio
n

forecasting

Personaliz
ed
marketing,
sales
forecasting
, customer
segmentati
on,
product
catalog
manageme

nt
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Scalabilit
Unstructur Y
required  Multi- Cross-
ed data
Docum for channel channel
handling,
ent- expandi  sales data, customer
product
Based ng integratio  behavior
Hybrid  review
Databas product n  with tracking,
DW analysis,
es catalogs  marketin  dynamic
and multi-
(Mongo and g and pricing,
channel
DB) managin loyalty demand
data
g user- platforms forecasting
processing
generate
d content
Integratio
Scalabilit n  with
Real-time Real-time
y GPS,
shipment shipment
Cloud required RFID,
Relatio tracking, tracking,
DW for WMS
Trade nal inventory route
(Google global (Warehou
Logistics & Moder and Databas manageme optimizati
BigQue operatio  se
Supply ate to Export es nt, on,
ry, ns and Managem
Chain High Regulati  (Postgr demand inventory
AWS high- ent
ons eSQL, forecasting manageme
Redshif volume Systems),
Oracle) , and low- nt,
t) shipmen and third-
latency demand
t party
processing forecasting
tracking  logistics
providers
Needs
Mapping flexible
complex scalabilit Integratio ~Optimized
relationshi y to n across route
ps handle multiple planning,
Graph between global suppliers, supply
Distrib
Databas suppliers,  supply logistics chain
uted
es products, chain partners, transparen
DW
(Neo4j) and operatio  and cy,
customers. ns and warehous inventory
Optimized multiple ing optimizati
route distribut  systems on
planning.  ion

centers
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Education

(Higher Ed)

Hospitality

& Tourism

Moder

High

Moder

ate

FERPA,
GDPR

GDPR,
PCIDSS

Relatio
nal
Databas
es
(Postgr
eSQL,
SQL

Server)

NoSQL
Databas
es for
Multim
edia

Data

Relatio
nal
Databas
es
(MySQ
L,
MariaD
B)

Cloud
DW
(Azure
Synaps
e, AWS
Redshif

t)

Hybrid
Solutio
ns for
Unstruc
tured

Data

Cloud
DW
(Google
BigQue
ry,
Snowfla

ke)

Managing
student
records,
research
data, and
faculty
informatio
n.
Complianc
e with
education
regulation

S

Handling
multimedi
a files,
digital
resources,
and
student
feedback
for e-
learning

platforms

Managing
bookings,
customer
preference
S, and
loyalty
programs
with real-
time data

insights

Horizont
al
scalabilit
y to
manage
fluctuati
ng
student
enrollme
nts and
research

data

Needs
scalabilit
to
accomm
odate
growing
multime
dia
resource
s and
digital
learning
platform
s
Scalabilit
y needed
to
handle
peak
booking
seasons,
loyalty
program
s, and
multiple
properti

es

Integratio
n with
LMS
(Learning
Managem
ent
Systems),
ERP,
research
managem
ent

systems

Integratio
n with
digital
libraries,
video
conferenc
ing tools,
and
online
learning

platforms

Integratio
n with
booking
engines,
CRM
systems,
third-
party
travel
sites, and
payment

gateways

Student
data
tracking,
institution
al
performan
ce
analytics,
research
data
manageme

nt

Multimedi
a content
manageme
nt,
personaliz
ed
learning
experience
s, digital
resource
manageme

nt

Real-time
booking
manageme
nt,
personaliz
ed guest
experience
s, loyalty
program
manageme

nt
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Seamless
Managing
Scalabilit ~integratio = Customer
guest
yneeded n  with relationshi
Graph preference
for CRM, )
Databas s, booking
Hybrid global property ~ manageme
es for histories,
Cloud chains managem nt, loyalty
Custom and
Solutio and ent tracking,
er customer
ns handling systems personaliz
Relatio relationshi
large (PMS), ed
nships ps.
customer and experience
Optimized
datasets ~ booking s
marketing.
platforms
Horizont Integratio
Real-time  al n  with Smart grid
monitorin  scalabilit smart monitorin
Time-
Regulat Cloud gofenergy y to meters, g
Series
ory DW for wusage, grid handle grid predictive
Databas
Complia IoT performan massive  monitorin maintenan
Energy & es
High nce Data ce, IoT data gsystems, ce, energy
Utilities (Influx
(ISO, (AWS predictive  from billing usage
DB,
NERC, Redshif maintenan smart platforms  optimizati
Timesca
GDPR) t) ce, and meters , and on,
leDB)
customer and regulator  complianc
billing energy y e reporting
grids reporting
Secure and  Scalabilit Integratio
o compliant yneeded n  with Accurate
n_
Relatio manageme for smart billing,
Premise
nal nt of expandi  meters, grid
DW for
Databas customer ng smart energy efficiency
Regulat
es for billing grid storage manageme
or
Billing Y data and deploym systems, nt,
Compli
Systems energy ents and renewabl regulatory
ance
usage customer e energy reporting
records bases sources
Relatio  Cloud High Elastic Integratio  Real-time
nal DW availabilit  scalabilit n  with fraud
Telecommu n FCC, Databas with Al vy, real- y to CRM, detection,
Hig
nications GDPR es for Integrat time handle billing network
Subscri  ion analytics increasin  systems,  performan
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Each industry faces unique challenges when it comes to data management, compliance, and
performance requirements. Retail and e-commerce industries rely heavily on scalable cloud data
warehouses integrated with customer interaction data and real-time analytics to optimize customer
experience and inventory management. Healthcare and finance, with their stringent compliance
regulations, require highly secure, encrypted database technologies paired with scalable on-premise
or cloud-based warehouses to ensure data privacy and regulatory compliance. Manufacturing and
logistics sectors prioritize real-time data processing from IoT sensors and predictive analytics for
operational optimization. In contrast, media and entertainment businesses focus on high-
performance databases capable of handling unstructured streaming data and user preferences,
ensuring seamless content delivery and personalization.

a. Real Case Studies and How They Relate to the Database and Data Warehouse Performance

The application of database and data warehouse technologies in small and medium-sized
enterprises (SMEs) has been explored through several real-world case studies, which provide insights
into the practical implementation and performance of these systems. These cases reinforce the
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findings of the systematic review by highlighting how the adoption of these technologies contributes
to operational efficiency, scalability, and compliance. Through the examination of both successes and
challenges, the case studies offer a comprehensive understanding of the technological landscape for
SMEs, aligning with broader academic insights. One case study involves a small retail company that
successfully integrated a cloud-based data warehouse to manage real-time sales and inventory data.
Before the implementation, the company faced challenges with data fragmentation and slow retrieval
speeds, which hampered decision-making processes. After adopting a cloud solution, they were able
to centralize data from multiple sources, enabling faster data access and more accurate sales
forecasting. The scalability of the cloud system allowed the company to handle seasonal peaks in
demand without significant infrastructure upgrades. This example directly links to the findings of
the systematic review, which emphasize the importance of performance and scalability in retail,
particularly for real-time analytics.

Another case study focuses on a healthcare provider that adopted a HIPAA-compliant data
warehouse to manage electronic medical records (EMR). Prior to implementation, the provider
struggled with regulatory compliance and data security issues, particularly regarding patient
confidentiality. The introduction of encrypted data storage and secure access protocols resolved these
concerns, while the system's predictive analytics capabilities improved patient care by identifying at-
risk individuals early. This case mirrors the systematic review's findings that highlight data
sensitivity and regulatory compliance as key priorities in the healthcare industry, underscoring the
importance of security in database systems. In the manufacturing sector, a small electronics company
implemented a database system integrated with IoT sensors to monitor equipment performance in
real time. Before the system was introduced, the company experienced frequent equipment
downtime, leading to costly delays in production. The new system enabled predictive maintenance
by analyzing sensor data, significantly reducing unplanned downtime and improving operational
efficiency. The case aligns with the systematic review’s insights into the role of databases in
supporting real-time data processing and predictive analytics in manufacturing environments.

A financial institution offers another relevant case study. The company transitioned from a
traditional on-premises database system to a cloud-based solution to handle real-time financial
transactions and manage risk. The previous system struggled with high transaction volumes and
increasing compliance demands, but the cloud solution provided the scalability and security required
to meet these challenges. The new system also incorporated real-time fraud detection mechanisms,
enhancing both operational efficiency and customer trust. This case directly relates to the systematic
review’s findings, which highlight the critical need for high performance, scalability, and regulatory
adherence in the finance industry. Table 18 summarizes these real-world case studies and illustrates
the key metrics before and after database and data warehouse implementation.

Table 18. Summary of real-case studies related to database and data warehouse technologies.
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These case studies provide clear examples of how SMEs have leveraged database and data

warehouse technologies to overcome common challenges in their industries. The systematic review's
emphasis on performance, scalability, and regulatory compliance is reflected in each case,
demonstrating the practical relevance of the research. These cases not only validate the academic
findings but also offer a roadmap for SMEs looking to implement similar technologies to achieve
competitive advantage and operational efficiency. The comparison table helps visualize key
performance improvements across different industries, while the case study timelines can illustrate
the various phases of implementation, from initial challenges to final outcomes. Each case offers
important lessons for SMEs, showing how the right technological solutions can drive both short-term
efficiency gains and long-term sustainability.

b. Roadmap for SMEE Businesses and Policy Recommendations.

The proposed roadmap in Table 19 ties the technological evolution of SMEs to industry-specific
needs and integrates policy recommendations that can help businesses scale, compete globally, and
operate sustainably. Retail SMEs benefit from integrating advanced CRM and ERP systems to
enhance customer engagement and optimize inventory management, with government policies
focused on supporting digital marketing and e-commerce expansion. Healthcare SMEs require secure
and compliant data management systems, with governments incentivizing the adoption of Al for
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diagnostics. Finance SMEs need support for adopting Al and blockchain to enhance fraud detection
and secure transactions, while manufacturing SMEs can increase productivity through IoT and
predictive maintenance.

In the logistics and supply chain sector, government subsidies for adopting advanced tracking
and Al-based route optimization can enhance global supply chain management. Similarly, energy
SMEs should receive incentives to adopt renewable energy technologies and IoT systems for real-
time grid monitoring, ensuring sustainability and regulatory compliance.

Table 19. Proposed Roadmap for SME Businesses and Policy Recommendations.
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To successfully implement database and data warehouse technologies, SMEs need a structured
roadmap that outlines clear steps for short-, medium-, and long-term goals. This roadmap will guide
businesses through key phases such as assessment, implementation, scaling, and optimization while
also considering the challenges and resources needed to adopt these technologies as shown in Figure
30. This leads to the development of policies by governments and industry associations to assist SMEs
in adopting data technologies. Financial support may be available through subsidies, tax incentives,
or grants that cover part of the initial costs associated with acquiring technology, training, and data
migration. Training and education through online courses, certification, and workshops will help
SMEs understand the benefits accrued and the best practices concerning database technologies.
Public-private partnerships could further enable collaboration between SMEs and technology
vendors to develop appropriate solutions. Clear guidance on the issue of data privacy and security
compliance, especially in high regulated verticals such as healthcare and finance, would better
support SMEs in handling the respective compliance obligations. This will also put SMEs in a position
where they can make informed choices regarding their technological investments
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Figure 30. Roadmap for Database and Data Warehouse Technologies Adoption in SMEs.

The proposed roadmap to the implementation of SMEs covers four steps: adopting database and
data warehouse technologies through initial assessment, implementation, scaling, and optimization.
Initial assessments allow for identifying needs and challenges, while at this stage, transitions are
made from old legacy systems to modern databases or data warehouses. This phase scales database
capabilities for increased demand without major overhauls. Therefore, the optimization phase chiefly
focuses on long-term improvement by enabling the SMEs to leverage advanced analytics, driving
innovation, and thereby maintaining competitiveness. Policies recommend reducing financial
barriers while making available necessary resources.

4. Discussion

a. General Interpretation of the Results in the Context of Other Evidence

The results of this systematic review reveal that database and data warehouse technologies have
a significant impact on organizational performance, with a strong focus on enhancing customer
satisfaction, operational efficiency, and competitive advantage. The emphasis on relational databases
and data warehousing systems aligns with broader trends in the literature, which highlight the
foundational role of these technologies in modern data management. Studies focused on NoSQL
databases and cloud computing also underscore the growing interest in scalable and flexible systems,
a key concern in the current technological landscape. The prominence of business intelligence
systems and their integration with knowledge management aligns with other studies that emphasize
how data-driven decision-making boosts organizational performance. This review's findings also
support the growing body of evidence showing that business intelligence and data analytics systems
are instrumental in achieving long-term business sustainability and gaining a competitive edge.
While the literature largely reflects the use of these technologies in developed regions, this review
highlights a critical need for more research in developing economies to fully understand the global
impact of these technologies.

b. Limitations of the Evidence Included

A notable limitation in the included studies is the geographical concentration of research, with
most studies originating from developed regions. This creates potential challenges in generalizing
the findings to less economically developed regions where the infrastructure for database and data
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warehouse technologies might be less advanced. Additionally, there is an over-representation of
studies focusing on customer satisfaction, while employee satisfaction and other internal
organizational metrics are less frequently analyzed. This suggests a gap in the literature regarding
how these technologies influence internal operations and employee experiences. Another concern is
underrepresentation of specific technologies, such as High-Performance Computing (HPC) and CRM
systems, despite their importance in certain industries. The limited attention to these areas indicates
either a lack of research focus or challenges in implementation that are not well-documented.

c. Limitations of the Review Process Used

The review process utilized stringent inclusion and exclusion criteria, which helped maintain
focus but may have excluded some relevant studies. For instance, the reliance on specific keywords
in the search strategy might have unintentionally missed research that employs different terminology
or conceptual frameworks. Furthermore, the exclusion of non-English studies could have led to an
incomplete representation of global research trends. The lack of automation tools and manual efforts
to contact study investigators for missing information introduced some limitations. Although this
approach enhanced the accuracy of the review, it may have led to potential biases in study selection
or interpretation. Also, the use of the Newcastle-Ottawa Scale (NOS) and GRADE 3.0 frameworks
provided a robust quality assessment but may not capture all nuances, especially in newer or
interdisciplinary studies.

d. Implications of the Results for Practice, Policy, and Future Research

The results indicate that organizations should prioritize investments in data warehouse systems
and relational databases, as these technologies have been shown to significantly enhance operational
efficiency and customer satisfaction. Organizations may also benefit from incorporating NoSQL and
cloud database systems to enhance scalability and flexibility in managing large datasets. The results
suggest that businesses aiming to improve customer satisfaction, a key driver of success, should focus
on data-driven decision-making through business intelligence systems.

From a policy perspective, there is a clear need for governments and regulators, especially in
developing countries, to invest in technological infrastructure that supports the adoption of database
and data warehouse systems. Encouraging the use of these technologies in small and medium-sized
enterprises (SMEs) through incentives and subsidies could lead to greater economic growth and
business performance. Furthermore, standardization of data management practices could help
reduce variability and enhance the implementation of these systems across industries.

Future research should focus on addressing the geographical bias observed in the current
evidence by conducting more studies in developing regions to understand the challenges and
benefits of adopting database technologies in these contexts. Moreover, there is a need to explore
employee satisfaction and internal organizational outcomes, as they are often overlooked in favor of
customer-centric metrics. Expanding the scope of research to include High-Performance Computing
and CRM systems could also uncover new insights into niche technological areas. The intersection
between business sustainability and competitive advantage deserves further exploration to
understand how organizations can leverage database technologies for both short-term and long-term
benefits. This would be particularly valuable for businesses in industries undergoing rapid
technological transformation.

5. Conclusion

This systematic review provides a detailed assessment of the impact of database and data
warehouse technologies on organizational performance, based on a comprehensive analysis of 150
studies conducted between 2014 and 2024. The review highlights a predominant focus on customer
satisfaction and operational efficiency, with substantial interest in data warehouse systems and
relational databases. However, there is a notable imbalance in research emphasis, with less attention
given to employee satisfaction and foundational topics like CRM systems and data mining. The
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findings reveal a concentration of research in economically advanced countries, which may limit the
generalizability of results to less developed regions. The dual focus on competitive advantage and
business sustainability underscores the strategic importance of these technologies in achieving both
immediate and long-term organizational goals. The predominance of quantitative methods and the
emphasis on scalability and data accuracy in IT performance metrics reflect a strong inclination
towards numerical evaluations and technical performance aspects. This methodological diversity,
encompassing quantitative, qualitative, and mixed methods approaches, ensures a robust
understanding of the multifaceted impacts of these technologies. Future research should aim to
address the gaps identified, particularly in exploring employee-related outcomes and foundational
technologies. Additionally, there is a need to broaden the research scope to include a more diverse
range of geographic and economic contexts to provide a more comprehensive understanding of the
global impact of database and data warehouse technologies. This review serves as a foundational
study for advancing knowledge in this field and guiding future research directions.
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