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Abstract: In the current digital era, Enterprise Data Management (EDM) plays a pivotal role in enhancing 

business performance by ensuring efficient handling of diverse data sources and enabling real-time 

applications. However, the complexity of managing vast data streams and integrating various systems presents 

significant challenges for enterprises. These challenges can be mitigated by incorporating APIs and 

Middleware, APIs help integrate diverse systems, while middleware solutions facilitate communication 

between different software environments, Cloud-Based Data Platforms such as AWS, Azure, and Google 

Cloud to offer scalable data storage and processing capabilities, allowing businesses to expand without 

compromising on performance. This study proposes a systematic review of business performance 

improvements driven by various types, sources, and real-time applications, highlighting cost efficiency, 

reliability, and increase in revenue using the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) framework, the inclusion criteria is bounded by (1) publication date between 2014 to 2024, 

(2) written in English, (3) research focusing on EDM with an emphasis on types, data sources, and real-time 

applications, and (4) research work that provides a clear framework for the analysis of EDM’s impact on 

enhancing business performance. Following this process, 136 eligible research studies were included. The cost 

of implementation can vary significantly based on the size and complexity of the system. Operational and 

maintenance costs can vary widely depending on the infrastructure, data storage requirements, and the level 

of real-time application integrations. As EDM systems scale to accommodate more diverse data sources and 

real-time analytics capabilities, the associated costs increase accordingly.  

Keywords: enterprise data management; business performance enhancement; data sources; 

systematic review 

 

1. Introduction 

The management of enterprise data, or EDM, has become a vital component of improving 

business performance, especially in the data-driven world of today. Data assets inside an 

organization can be managed comprehensively with the help of EDM. EDM is primarily concerned 

with the procedures, guidelines, and equipment required to gather successfully and efficiently, store, 

organize, and use data. This fundamental procedure guarantees the accuracy, accessibility, and 

security of data across several departments and systems, empowering organizations to spearhead 

strategic objectives and make well-informed decisions [1]. Data types that are included in EDM 

consist of unstructured data like emails, documents, and social media posts as well as structured data 

like spreadsheets and databases. While unstructured data requires more complex processing and 

analysis techniques, structured data is highly ordered and readily searchable. Both kinds are 

integrated by effective EDM frameworks, guaranteeing a unified data strategy that promotes 
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thorough insights and operational effectiveness [2]. Unfortunately, several issues prevent EDM 

systems from being implemented successfully. Small and medium-sized businesses (SMEs) have 

financial difficulties paying for advanced EDM tools, which restricts their ability to take full 

advantage of the advantages of making decisions based on data [3]. The EDM proposes an affordable 

solution for SMEs (e.g. leveraging cloud-based services that are cost-effective and scalable according 

to the needs of smaller organizations).  

To meet their operational and strategic needs, businesses typically rely on a variety of data 

sources, such as social media analytics, enterprise resource planning (ERP) software, and customer 

relationship management (CRM) systems. However, there are frequent issues with data integration, 

processing speed, and real-time accessibility with these data sources.  Businesses should implement 

advanced EDM practices such as data integration, real-time processing, cloud-based solutions, and 

data governance due to the additional challenges posed by the constantly evolving regulatory 

landscape regarding data privacy and security [4]. To make problems worse, firms looking to 

enhance data accessibility and usability in real-time scenarios may find it difficult to fully utilize them 

due to their irregular and patchy integration into current business workflows [5]. Hybrid data 

management systems have gained popularity recently to lower operating costs while improving data 

accessibility and decision-making capabilities. Typically, they combine cloud-based solutions with 

on-premises databases and real-time data analytics tools. The literature covers a range of strategies 

for putting EDM into practice for better business performance, such as real-time analytics 

frameworks, big data solutions, and data integration platforms. Hybrid systems provide the best 

combination of cost-effectiveness, scalability, and performance when compared to other options, 

especially for businesses with dispersed and varied data sources [6]. 

Scholars have recently focused a great deal of attention on the role that EDM plays in enhancing 

business performance because of its potential to improve decision-making, customer satisfaction, and 

overall operational efficiency. Numerous scholarly investigations have scrutinized the techno-

economic efficacy of EDM systems, with particular emphasis on their capacity to handle substantial 

data sets in real-time while preserving data integrity [7]. Other research has examined the advantages 

and disadvantages of real-time analytics and data management system adoption, providing 

suggestions for companies and IT executives looking to maximize their data strategies [8]. Even with 

a wealth of research on EDM, there is still a lack of knowledge regarding the practical effects on 

business performance and how these systems have been effectively incorporated into different 

industries. For instance, enterprises in businesses have adopted sophisticated EDM solutions due to 

the growth of big data analytics and the need for real-time insights. However, obstacles like 

inconsistent data formats, data silos, and a lack of real-time processing capabilities have made 

adoption difficult. This research is important because it examines the techno-economic advantages of 

EDM systems and offers information on how companies can improve performance by adopting 

effective data management strategies such as the implementation of AI and machine learning (e.g. 

Google Cloud), investing in scalable cloud solutions (e.g. Amazon Web Service) [9]. The review in 

Table 1 reveals several key gaps in the existing literature on EDM and its real-time applications for 

enhancing business performance.  

Table 1. Comparative Analysis of Existing Reviews and Proposed Systematic Review on the Impact 

of Enterprise Data Management (EDM) Types, Sources, and Real-Time Applications on Business 

Performance. 

Ref. Cites Year Contribution Pros Cons 

[10] 

 

180 

 

2019 

Discusses frameworks for 

integrating real-time data 

with ERP systems 

Enhances real-time 

decision-making and 

operational efficiency 

Integration with legacy 

systems can be complex and 

costly 

[11] 

 

150 

 

2020 

Proposes a model for real-

time data processing in 

enterprises 

Improves data processing 

speed and responsiveness 

Real-time systems can strain 

resources, especially with 

large datasets 
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[12] 

 

230 

 

2021 

Examines cloud-based 

solutions for enterprise 

data management 

Increases scalability and 

data accessibility 

Security and compliance 

challenges in cloud 

environments 

[13] 

 

210 

 

2022 

Reviews big data 

management and 

analytics for business 

performance 

Provides valuable insights 

into customer behavior 

and market trends 

Data quality and managing 

unstructured data can be 

difficult 

[14] 

 

110 

 

2018 

Proposes methodologies 

for data governance in 

enterprise settings 

Enhances data accuracy, 

consistency, and 

compliance 

Requires substantial 

organizational change and 

governance setup 

[15] 

 

95 

 

2023 

Discusses AI integration 

in enterprise data 

management 

Automates data 

processing and analysis 

for faster decision-making 

High implementation costs 

and need for specialized 

expertise 

[16] 

 

140 

 

2020 

Explores real-time 

applications of data 

visualization in enterprise 

Facilitates quicker 

interpretation and 

decision-making 

Complex to implement 

across multiple 

departments or systems 

[17] 

 

170 

 

2019 

Highlights the role of IoT 

in enterprise data 

management 

Real-time monitoring and 

optimization of 

operations 

Data security and privacy 

concerns with IoT devices 

[18] 

 

200 

 

2022 

Investigates the impact of 

data integration systems 

on business agility 

Increases business agility 

and adaptability 

High costs for system 

integration and 

maintenance 

[19] 

 

160 

 

2017 
Examines the challenges 

of managing data in 

distributed systems 

Provides robust, scalable 

solutions for large 

organizations 

Distributed data 

management adds 

complexity to 

synchronization 

[20] 

 

195 

 

2018 

Proposes frameworks for 

data interoperability in 

multi-vendor systems 

Enhances collaboration 

and data sharing across 

platforms 

Incompatibility issues 

between different system 

architectures 

[21] 

 

220 

 

2021 

Reviews data lake 

architectures for large-

scale data storage 

Centralizes data storage 

and reduces duplication 

Governance and 

management of data lakes 

can be challenging 

[22] 

 

175 

 

2020 

Highlights the 

importance of metadata 

management in 

enterprises 

Improves data 

discoverability and 

utilization 

Metadata systems require 

constant updating and 

refinement 

[23] 

 

190 

 

2019 

Discusses the role of real-

time data analytics in 

supply chain 

optimization 

Enhances supply chain 

visibility and 

responsiveness 

Data latency issues can 

impact the effectiveness of 

real-time analytics 

[24] 

 

160 

 

2023 

Investigates edge 

computing for enterprise 

data management 

Reduces latency and 

bandwidth costs by 

processing data locally 

Limited by edge device 

capabilities and potential 

security vulnerabilities 

Proposed 

system 

 review 

Evaluates the impact of 

enterprise data 

management (EDM) 

systems and their real-

time applications on 

business performance, 

focusing on critical 

aspects such as data 

integration, real-time 

Offers a comprehensive 

understanding by 

identifying key predictors 

of successful EDM 

implementation and 

assessing their influence 

on enterprise 

performance. The review 

highlights research gaps 
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While various frameworks and models have been proposed to improve real-time data 

integration with ERP systems, cloud solutions, and data analytics, challenges remain in integrating 

these systems with legacy infrastructures and managing the complexity of structured and 

unstructured data. Security and compliance issues persist, particularly with cloud and IoT systems, 

and there is a need for more robust data governance and metadata management frameworks to 

enhance data accuracy and utilization. Furthermore, while AI and edge computing solutions promise 

improved processing speeds and operational efficiency, their high implementation costs and security 

vulnerabilities hinder widespread adoption. The literature lacks comprehensive approaches to 

address these integration, security, and scalability challenges across diverse enterprise settings. 

1.1. Research Questions  

While a significant number of studies on Enterprise Data Management have been carried out 

globally since 2014 until to date, a systematic review that shows the comparison of different types, 

sources, and Real-time applications to improve Business Performance has yet to be available in this 

literature. As a result, the current work aims to review the literature on Enterprise Data Management 

which includes the types, sources, and real-time applications to enhance business performance. To 

do this, the research questions that follow have been taken into consideration: 

• How has Enterprise Data Management, leveraging data types, sources, and real-time 

applications, optimized business performance? 

• How does Enterprise Data Management simplify data management and decision-making? 

• How does applying EDM streamline operations for business? 

• How do transformation tools contribute to the data management process? 

• How does the rise of big data influence the strategies and practices of enterprise data 

management? 

1.2. Research Motivations  

In today's Data-centric organization environment, the study of the types, sources, and real-time 

applications of EDM is pivotal for enterprises striving to improve their performance. Preceding 

studies have shown the expanding relevance of data as a strategic asset, yet there remains a 

significant gap in understanding how various forms of organizational data can be efficiently 

managed and used significantly for maintaining a competitive edge. EDM faces obstacles like 

inconsistent data formats, data silos, and a lack of real-time processing capabilities have made 

adoption difficult. The motivation behind this research is that it is important to examine the techno-

economic advantages of EDM systems. Real-time data applications provide revolutionary 

capabilities for enhancing operational efficiency, client satisfaction, and overall business performance 

[25]. Nevertheless, numerous enterprises encounter obstacles in incorporating various data sources 

and utilizing them for immediate decision-making. This study addresses the obstacles by building 

on earlier discoveries and analyzing different aspects of EDM as well as their practical significance 

for business success.  The research aims to contribute to more informed and efficient business 

strategies by presenting obtainable insights into enhancing data management practices, eventually 

driving performance and growth [26]. 

analytics, scalability, and 

operational efficiency. 

Examines challenges in 

EDM adoption, including 

security concerns, 

integration with legacy 

systems, and the 

management of 

unstructured data. 

in managing unstructured 

data, integration 

complexities, and security 

vulnerabilities, providing 

actionable insights for 

researchers to address 

these challenges and 

enhance EDM adoption in 

enterprises. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 September 2024                   doi:10.20944/preprints202409.1913.v1

https://doi.org/10.20944/preprints202409.1913.v1


 5 

 

1.3. Novelty and Contribution of this Review 

This systematic review provides a novel and comprehensive analysis of EDM within the context 

of small and medium-sized enterprises (SMEs). Unlike previous reviews that focus on specific 

industries or technologies in isolation, this review uniquely synthesizes EDM's role across multiple 

sectors, including retail, healthcare, and finance, offering a broad yet practical perspective. By 

incorporating real-time applications, data integration strategies, and technology adoption trends 

specific to SMEs, the review introduces a practical framework that is both scalable and adaptable for 

businesses of varying sizes and technological maturity. 

Additionally, the review provides a detailed comparative analysis of EDM adoption, 

highlighting sector-specific challenges and opportunities that have not been thoroughly addressed 

in the existing literature. It distinguishes itself by emphasizing the real-time applications of EDM, 

which are increasingly critical for decision-making and operational efficiency in a rapidly changing 

business landscape. This holistic approach offers both scholars and business leaders a deeper 

understanding of how EDM can drive business performance, providing actionable insights that are 

both grounded in theory and applicable to real-world scenarios. 

This review provides a comprehensive exploration of EDM, focusing on its types, sources, and 

real-time applications in enhancing business performance. The structure of the review is designed to 

systematically address the key components of EDM. First, we present an overview of foundational 

EDM concepts, including definitions and key terminologies that establish a clear framework for 

understanding. Next, we categorize and analyze various types of data management systems, 

highlighting their specific applications in diverse business environments. The review then shifts focus 

to data sources, critically examining both internal and external data channels, along with strategies 

for integration and governance. We further investigate real-time data applications and their 

transformative impact on business decision-making and operational efficiency. Each section is linked 

through a critical analysis that identifies gaps in current EDM research and practice. The review 

concludes by proposing new frameworks for EDM implementation and outlining future research 

directions, positioning it as a novel contribution that bridges theory and practical application in the 

field of enterprise data management. 

2. Materials and Methods   

In this subsection, the study outlines the methodology for developing a novel systematic review 

focused on EDM, specifically analyzing its types, sources, and real-time applications to enhance 

business performance. The study is conducted as a comprehensive 10-year review. To the best of the 

authors' knowledge, no similar systematic review has existed in the literature over the last decade. 

2.1. Eligibility criteria  

A methodical investigation of all peer-reviewed and published scholarly work related to 

Enterprise Data Management Types, Sources, and Real-Time Applications for Enhanced Business 

Performance was concluded for investigation. All the research literature on Enterprise Data 

Management published in English over the previous decade from 2014 to 2024 is accounted for. An 

appropriate criterion for the addition was modified to comprise proper research works and omit 

scholarly work that precluded the review of Enterprise Data Management Types, Sources, and Real-

Time Applications for Enhanced Business Performance. Thus, only scholarly-reviewed publications 

that focus on the application of Enterprise Data Management for business performance were factored 

in. Table 2 tabulates the inclusion and exclusion criteria for this study. 

Table 2. Proposed Inclusion and Exclusion Criteria. 

Criteria Inclusion Exclusion 

Topic 
Articles must focus on enterprise data 

management types, sources, and real-

Articles unrelated to Enterprise Data 

Management: type, source, and real-time 
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time applications to enhance business 

performance. 

application for enhanced business 

performance. 

Research 

framework 

The article must include a research 

framework where there is an application 

of Enterprise Data Management for 

business performance. 

 

Articles lacking a research framework of 

Enterprise Data Management for 

business performance. 

Language 
Articles must be written in the English 

language 

Articles published in languages other 

than English 

Publication 

Period 

Articles must be published between 

2014 and 2024 

Articles Published outside the period 

2014 and 2024 

2.2. Information Sources  

For this systematic analysis, three research work data sources are used, including Google Scholar 

(GS), Web of Science, and SCOPUS. The research title, abstract, and search tags of multiple available 

research papers were also established. The details mentioned were then utilized to produce 

additional search terms that were used to discover published material, such as journal articles, 

dissertations, conference papers, and book chapters. 

2.3. Search Strategy  

Upon finding the right research strategy it is important to find the right keyword research 

selection, the search strategy does that, primarily all finding keywords and their synonyms to cover 

the topic’s breadth. Using the main keywords "Enterprise Data Management," type, source and real-

time Application," and "Business Performance." The keywords are then used for online data sources 

(Scopus, Google Scholar, and Web of Science). For the online data sources, a search string was 

constructed using the keywords, with Boolean operators to combine them such as "Enterprise Data 

Management" AND "Real-time Application" OR "Real-time Processing" AND "Business 

Performance" OR "Business Efficiency" OR "Organizational Performance". The strings were entered 

into the database’s search bar, with quotation marks ensuring the search for exact phrases. Filters 

such as publication date (limiting results to the last ten years, 2014-2024), language (only English) 

were applied to refine the results, only papers that were relevant to the research topic were selected, 

document types (articles, conference papers, reviews) and after conducting the searches, relevant 

papers were extracted and organized into an Excel sheet. This sheet was structured with columns for 

the title, authors, publication year, journal/source, abstract, link, database source, citations, and 

document type. Each entry provided a comprehensive overview of the paper, facilitating easy 

reference and further analysis [30], The process is summarized in Figure 1. Additionally, a PRISMA 

flow diagram was suggested to visually document the study selection process, providing a clear and 

transparent overview of the search and screening process. 
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Figure 1. Summary of Research Strategy. 

2.4. Selection Process 

To ensure a thorough selection process of research work related to the topic, Enterprise Data 

Management: Types, Sources, and Real-Time Applications for Enhanced Business Performance 

various steps were taken. The process started with a search through three prominent online databases 

namely, Scopus, Google Scholar, and Web of Science. Firstly, each reviewer screened topics and 

abstracts to pinpoint research work concentrating on data management types, sources, and real-time 

applications in business [31]. This single filtration effectively narrowed down an enormous number 

of unrelated studies. The chosen research work then underwent a double filtration process, where 

two independent reviewers analyzed the entire document to guarantee pertinence and standard. Any 

differences between reviewers were addressed through discussion or consultation with a fourth 

reviewer, guaranteeing a comprehensive and impartial selection of premium research work [32]. The 

selection process is shown in Figure 2. 
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Figure 2. Selection Process. 

2.5. Data Collection Process  

Correct data collection is critical in research because it guarantees the precision and 

dependability of the results. If data is incorrectly collected, it can result in invalid conclusions, which 

may delude successive research. An accurate and structured procedure was used to collect data from 

eligible research [33]. Two independent researchers collected data from each report to guarantee 

reliability and reduce bias. If these researchers disagreed, a fourth researcher would be consulted to 

reach an agreement, the summary of the collection process is shown in Figure 3. Additionally, export 

formats like CSV were used to directly extract data from the SCOPUS database to the Excel sheet 

from large volumes of literature improving the reliability of the process. 
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Figure 3. Collection Process. 

2.6. Data Items  

The primary outcomes for data collection include the types of data management systems used, 

the sources of enterprise data, and the applications of real-time in enhancing business operations. 

Data were collected for every significant outcome domain, including various ways that EDM systems 

have an impact on business performance metrics like effectiveness, data accuracy, and decision-

making speed [34]. To carefully guarantee data collection, special attention was placed on tracking 

all time points and analyses related to the outcomes. This paper offers an emphasis on the measures 

or analyses deemed to be sounding methodological or had the greatest influence on an outcome when 

multiple outcomes were presented for a single outcome. EDM systems should present data that 

covers various operational areas, just as research on cognition reports results across multiple 

domains, such as global cognitive function or specific cognitive abilities [35]. These outcomes might 

take the shape of comprehensive performance ratings or in-depth analyses of data categories, like 

consumer behavior, supply chain effectiveness, or financial stability. Studies that do not clearly show 

a connection between EDM and business outcomes were not included in the final analysis, Figure 4 

summarizes this process. This method ensured that this paper includes the most relevant and 

excellent data to support the outcomes around the value of EDM in real-time applications [36]. 
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Figure 4. Data Items Process. 

To help all readers understand the type of information needed and to provide guidance for 

future reviews of the same kind, authors should provide detailed documentation of all the data and 

information gathered from studies [37]. Things like participant characteristics, intervention specifics, 

funding sources, and study settings are significant variables to report. Information like the study’s 

design needs to be included, which involves its randomization and non-randomization, the number 

of centers that participated, and their locations. Participants' characteristics should be summed up 

for thorough reporting, and if dictionaries or data collection forms are available, they should be 

included as extra files or kept in publicly accessible repositories. It might be necessary to make 

assumptions when dealing with incomplete data. For instance, a study that refers to "children and 

adolescents" but doesn't state the age ranges, may be considered to assume that the oldest participants 

are 40 years old, based on trends observed in similar studies. Such assumptions should be clearly 

stated [38]. 

2.7. Study Risk of Bias Assessment  

A comprehensive risk of bias assessment guarantees that deductions drawn from the systematic 

reviews are dependent on excellent, reliable authentication. The risk of bias tool, robins (Risk of Bias 

Visualization) was utilized to assess the risk of bias. This tool is a web application devised to display 

the risk of bias executed as part of the systematic review. 1. It generates “traffic light” plots of the 

domain-level judgments for single results,2. weighted bar plots of the distribution of risk-of-bias 

judgments within each bias domain [39]. Two independent researchers used the tool for each of the 

studies included in the literature and generated a traffic light plot visualizing the bias risk for each 

domain (High, Some Concern, and Low), and an overall summary was derived from the 
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visualization. The conclusion of each study was cross verified by three researchers to produce a 

reliable conclusion. 

The quality of the articles included in the systematic review is assessed using the Newcastle-

Ottawa Scale (NOS), as detailed in Table 3. NOS is based on a star scoring system, in which a 

maximum of nine and eight scores can be awarded to each study. Quality assessment was checked 

independently by two authors, and any disagreements were solved by the fourth one. Studies that 

received a score of 6 or above were considered high quality. The studies were first done separately 

and was found that most studies had the same rating (e.g., most studies had total number of stars of 

17 which were moderate, this resulted in the grouping of all the moderate ratings were grouped 

together) which resulted in some studies grouped together. 

Table 3. Newcastle-Ottawa Scale Study Risk of Bias Assessment. 

Ref.  

Selecti

on (0-4 

stars) 

Comparab

ility (0-2 

stars) 

Outcome/Exp

osure (0-3 

stars) 

Total 

stars 

Quali

ty 

Rating 

[40,131] ★★ ★ ★ 4 Low 

[56,60,82] ★★★ ★ ★ 5 Low 

[41,51,90] ★★★ ★ ★ 5 Low 

[42,43,54,61,67,72,73, 

74,80,87,93,97,102,103,110,114,121,139,154,155] 

★★★ ★★ 
★★ 7 

Moder

ate 

[45,47,53,62,68,79,83,88,95,99,101,105,119,123,127,129,

133,135,138,141] 

★★ ★ 
★★★ 6 

Moder

ate 

[44,46,48,50,52,55,57,86,89,91,94,132,136,142,147,151,1

58,161,163,170] 

★★★ ★★ 
★★ 7 

Moder

ate 

[49,58,63,64,70,75,77,84,98,104,109,115,118,128,134,137

,156] 

★★★ ★★ 
★★★ 8 High 

[59,65,69,71,76,85,92,107,112,122,139,153,159,162,169,1

71,175] 

★★★ ★★ 
★★★ 8 High 

[66,78,96,100,106,108,111,113,116,117,120,124,126,130,

131,140] 

★★★

★ 

★★ 
★★★ 9 High 

[143,144,145,146,148,149,150,152,157,160,164,165,166,1

67,168,172,173,174] 

★★★

★ 

★★ 
★★★ 9 High 

2.8. Effect Measures  

It is important to specify the effect measures used for each outcome when compiling results in 

enterprise data management to ensure accuracy and clarity in the results presentations. Setting 

criteria for study inclusion is an essential element of any statistical synthesis, as it involves making 

subjective decisions that may affect the results [176]. These decisions need to be made clearly. For 

example, systematic methods like tabulating and coding important features like populations, 

interventions, and outcomes as shown in Figure 5, can help determine which studies are eligible for 

synthesis. For instance, studies assessing the efficacy of various data management tools may be coded 

based on standards like real-time data processing, system scalability, or data integration capabilities 

[177]. For every synthesized outcome, effect measures (i.e., risk ratios for categorical outcomes, and 

mean differences for continuous outcomes) should be reported. This makes it as easy as possible to 

compare and comprehend different data management strategies and how they influence the 

performance of businesses in an orderly fashion [178]. In that way, reviewers can ensure that the 

synthesis accurately reflects the data collected by providing a transparent basis for their conclusions 

and by revealing the techniques used to select and group studies for synthesis, including the criteria 

and coding methods. 
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Figure 5. Effect Measures. 

2.9. Synthesis Methods  

2.9.1. Study Eligibility Criteria 

To determine which studies were eligible for inclusion in our synthesis of enterprise data 

management focusing on "type," "source," and "real-time" application, the following process was 

employed. Study Identification and Screening, begin by systematically identifying studies relevant 

to our research topic through a comprehensive search of databases and other sources. Studies were 

initially screened based on titles and abstracts to determine their relevance. Inclusion and Exclusion 

Criteria established clear inclusion and exclusion criteria to ensure consistency and relevance. Studies 

were included if they met the following criteria, Focused on enterprise data management with an 

emphasis on "type," "source," or "real-time" applications [178]. Provided empirical data on the impact 

of these aspects on business performance. Published in peer-reviewed journals or credible sources. 

Studies were excluded if they did not align with our research focus or lacked sufficient data on the 

specified aspects. 

Tabulation of Intervention Characteristics, for each eligible study, we meticulously tabulated 

intervention characteristics related to data management type, source, and real-time applications. This 

involved, Identifying and categorizing the types of data management systems used. Assessing the 

sources of data employed in each study. Evaluating the methodologies for real-time data application 

and its effects [179]. Comparison Against Planned Group were compared the tabulated characteristics 

against the predefined groups for our synthesis. This process involved, Aligning the data 

management characteristics of each study with our planned categories to ensure comprehensive 

coverage of the topic. Using a standardized framework to evaluate the relevance and quality of the 

interventions reported in each study. Data Extraction and Analysis was done After finalizing the list 

of eligible studies, we extracted relevant data and performed a synthesis. For continuous data, we 

calculated standardized mean difference (SMD) effect sizes (Cohen's d) and their 95% confidence 

intervals (CIs) to facilitate pairwise meta-analyses [179]. 

2.9.2. Data Preparation for Synthesis 

We used a systematic procedure to guarantee accuracy and consistency to get the data ready for 

analysis and presentation within the framework of enterprise data management (EDM). To find and 

eliminate any duplicate entries, we first worked together to carefully examine the dataset, 

concentrating on important data fields like author names, publication titles, and other pertinent 

metadata. We made sure that only unique records were kept by using data management tools like 

Excel's "Remove Duplicates" function. We also took care to consider situations in which the same 

article might have appeared with minor changes to the author or title [180]. 

To preserve the integrity of the analysis, we eliminated entries for records that contained missing 

or insufficient information that could not be accurately estimated or verified. When information was 

missing but still relevant, we labelled those fields as "Not Specified" rather than "Not Applicable" to 

provide an accurate reflection of data gaps. Additionally, we ensured uniformity in text, date formats, 

and numerical data by applying consistent formatting to all fields, thereby standardizing all entries. 

We were able to produce a trustworthy and cohesive dataset thanks to our methodical approach, 

which is crucial for efficient analysis and decision-making in EDM [181]. 
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2.9.3. Data Visualization and Tabulation Methods 

We produced pivot tables to see trends and identify discrepancies. With the help of these tables,  

we were able to quickly spot any discrepancies, like differences in the classification of journal articles. 

We can monitor the research distribution over time by making visualizations such as line charts, bar 

graphs, and other charts listed in Table 4. Prevent mistakes that could happen during the manual 

review process, which will enhance the reliability and quality of our data synthesis. 

Table 4. Visualization and Analysis of Pivot Charts. 

Chart Type Purpose 
Data representation 

format 

Column 

Chart 

Beneficial for comparing the quantity or frequency of 

categories. 
Percentage (%) 

Line Chart 
Connects data points with a continuous line to illustrate 

trends over time. 
Number 

Pie Chart 

Shows data as slices of a whole, making it perfect for 

displaying the percentage or proportionate distribution of 

categories 

Percentage (%) 

2.9.4. Synthesis Methodology 

The study findings were compiled using an Excel spreadsheet that contained a set of criteria that 

were arranged  methodically. By focusing on variables like the title, publication year, and source 

databases (like Google Scholar, SCOPUS, and Web of Science) with their corresponding numbers of 

studies found represented in Table 5, this structured method assisted in comparing and analyzing 

aspects of the studies included. Journal name, research type (article journal, conference paper, book 

chapter, dissertation, and thesis), and citation count were used to categorize the studies. 

Table 5. Results Obtained from Literature Search. 

No. Online Repository Number of results 

1 Google Scholar 2855 

2 Web of Science 1720 

3 SCOPUS 920 

Total  5495 

2.9.5. Exploration of Heterogeneity Causes 

To help small and medium-sized businesses (SMEs) make better data-driven decisions, EDM is 

essential. According to industry contexts (SMEs and startups) and geographical areas (developed 

versus developing countries), data analytics techniques have been applied in SMEs in recent studies. 

Along with categorizing the analytical techniques used, such as machine learning, data mining, and 

predictive analytics, these studies also categorized the kinds of data technologies used, such as Spark, 

NoSQL databases, and Hadoop [182], As outlined in Table 6. This methodical approach offers 

customized strategies for maximizing SME performance and enhances the synthesis of data and 

insights. 

Table 6. Types of Big Data Technologies. 

Type of Big Data 

Technologies 
Description 

Apache Spark 
A quick, in-memory data processing engine that is compatible with 

NoSQL and Hadoop systems. It is perfect for real-time data analysis 
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because it supports advanced analytics features like machine learning, 

stream processing, and graph computation. 

Hadoop 

An open-source framework that makes use of straightforward 

programming models to enable the distributed processing of big 

datasets across computer clusters. It is used to store and  analyze 

enormous volumes of structured and unstructured data, and it is very 

scalable. 

NoSQL Databases 

Unstructured or semi-structured data is managed and stored using 

non-relational databases. Big datasets can be handled by scalable, 

adaptable data models like Couchbase, Cassandra, and MongoDB. 

2.9.6. Sensitivity Analysis 

The study also reviewed key technology providers such as AWS, Microsoft Azure, and Google 

Cloud along with various implementation models like on-premises, cloud-based, and hybrid 

solutions. The research structure, including its approach (quantitative, qualitative, or mixed 

methods), sample size, and characteristics, were analyzed to capture the diversity of methodologies 

employed. We also explored how data was gathered through interviews, surveys, observations, and 

document analysis and how it was analyzed whether through statistical analysis or thematic 

interpretation [182]. 

To synthesize the findings, we closely examined different performance metrics. These included 

IT metrics like data processing speed, scalability, and accuracy; business metrics such as efficiency, 

revenue growth, and cost savings; as well as organizational outcomes like employee and customer 

satisfaction. Long-term impacts, including business growth and competitive advantage, were also 

considered. This thorough approach enabled us to detect trends across the studies and conduct an 

in-depth analysis. 

By categorizing studies based on specific criteria, we created a strong foundation for comparing 

the results. We evaluated the level of statistical diversity, which was influenced by differences in 

research design, sample sizes, data collection methods, and the use of Big Data technologies and 

analytical techniques. This evaluation informed our synthesis process, helping us navigate variations 

in outcomes and draw meaningful conclusions [183]. 

2.10. Reporting Bias Assessment  

The findings must be validated in the synthesis of results related to enterprise data management; 

it is essential to evaluate the risk of bias resulting from missing results. The synthesis may be distorted 

by reporting biases, such as selective non-publication or non-reporting of results, if the available 

results consistently take the direction away from the missing data [184]. A combination of direct, 

statistical, and graphical techniques should be used to evaluate this risk. Direct methods compare 

reported results with pre-specified outcomes and analyses from protocols, study registers, and 

statistical analysis plans. Egger's test and contour-enhanced funnel plots are two graphical techniques 

and statistical tools that can be used to assess the robustness of the synthesis against different 

assumptions about missing data and help identify possible missing results. It is mandatory to disclose 

all procedures utilized to directly gain or validate relevant data from study investigators to guarantee 

a clear evaluation of the risk of bias resulting from missing results [185]. This could also involve 

contacting the authors to request more information or explanations regarding findings not included 

in the published research. Transparency and the synthesis's adaptability are enhanced by recording 

these interactions. If an automation tool was used to evaluate the bias risk, it is important to give brief 

descriptions of how it was used and how it was trained. The methodology used to apply the tool to 

the data must be explained, including any criteria or algorithms used to find possible biases in 

reporting. Report on the tool's internal validation procedures as well as performance metrics like 

accuracy, sensitivity, and specificity. Readers can be able to better comprehend the tool’s effectiveness 

and the degree of confidence it yields with the help of this information [185]. The synthesis process 
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becomes more transparent supporting the thorough evaluation of the applied methodologies and the 

overall integrity of the outcomes through the provision of these details. 

2.11. Certainty Assessment 

To assess the certainty in the body of evidence for outcomes related to enterprise data 

management, such as "type," "source," and "real-time" applications, we used the GRADE system, 

version 3.6.1. We evaluated the precision of the effect estimates by examining the width of confidence 

intervals, with narrower intervals indicating higher precision. Consistency of findings was assessed 

by comparing effect sizes across studies and identifying variations. We also considered the risk of 

bias by reviewing each study’s design and methodology, using predefined checklists to evaluate 

factors like selection bias and reporting bias. Indirectness was assessed by determining whether the 

study settings and populations were relevant to our research questions [186]. Based on these factors, 

we applied decision rules to classify the certainty of evidence: high certainty was given to evidence 

from well-conducted studies with a low risk of bias and consistent, precise results; moderate certainty 

was assigned when there were some limitations but the evidence was still fairly reliable; low certainty 

indicated serious concerns about bias, inconsistency, or imprecision; and very low certainty was used 

when there were major issues with the evidence. This approach ensured a thorough and transparent 

evaluation of the evidence. 

This section outlines the methodology used to assess the reliability of the evidence gathered 

regarding the impact of Enterprise Data Management (EDM) on SME performance, ensuring the 

findings are credible and robust. The literature reviewed was systematically analyzed using four key 

quality assessment (QA) criteria, as shown in Table 7. These criteria were carefully chosen to evaluate 

the reliability, relevance, and overall quality of the studies, providing a strong foundation for the 

conclusions reached in this research [187]. This evaluation was crucial in determining the strength of 

the evidence, ensuring that the findings accurately reflect how EDM influences key areas of SME 

performance, such as business growth, operational efficiency, and financial outcomes. 
Table 7. Proposed Research Quality Assessment Questions. 

QA Research Quality Assessment Question 

QA1 What is the primary goal of implementing an EDM system? 

QA2 Can the existing IT infrastructure support the EDM system? 

QA3 
Does the EDM system support standardized data formats across various departments 

and sources? 

QA4 
How can we optimize the system based on the pilot results before scaling it company-

wide? 

Table 8 presents the results of the collected literature quality assessment, further supporting the 

robustness of the studies included. By combining the insights from both Table 7 and Table 8, this 

research ensures a comprehensive evaluation of the quality and reliability of the literature, 

establishing a well-rounded understanding of EDM's impact on SME performance. 

Table 8. Results of Collected Literature Quality Assessment. 

Ref. 
Q

1 

Q

2 

Q

3 

Q

4 

Tota

l 
% 

[40- 43], [51], [54], [56], [60 – 61], [67], [72 -73], [82], 

[90],[131] 
1 1 1 

0.

5 
3.5 

87.

5 

[45], [47],[53], [62], [68], [74], [79 – 80], [83], [87 – 88], 

[93], [95], [97], [99], [102 -103],[110],[114], [121], [139], 

[154 - 155] 

1 0 
0.

5 

0.

5 
2 50 
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[44,46,48,50,52,55,57,86,89,91,94,101,105,119,123,127,1

29,133, 132,135, 136,138,141, 

142,147,151,158,161,163,170] 

1 1 0 1 3 75 

[49], [58 – 59], [63 – 65], [69 - 71], [75 – 77], [84 – 85], 

[92], [98], [104], [107], [109], [112], [115], [118], [122], 

[128], [134], [137], [139], [153], [156], [159], [162], [169], 

[171],175] 

1 
0.

5 
0 1 2.5 

62.

5 

[66], [78], [96], [100], [106], [108], [111], [113], [116], 

[117], [120], [124], [126], [130 - 131], [140], [143 -146], 

[148 - 150], [152], [157], [160], [164 - 168], [172 - 174] 

0.

5 

0.

5 
1 1 3 75 

3. Results 

3.1. Study Selection  

The study selection process is summarized in Figure 6. 15495 research papers were retrieved 

from electrical engineering databases using keywords defined in the prior subsection “Search 

Strategy”. These studies were acquired based on the inclusion and exclusion criteria formerly 

outlined [188]. The search throughout all data repositories generated about 5495 papers, whose titles 

and abstracts were examined. As outlined in Figure 6, 135 research papers were selected: 40 from 

Google Scholar, 48 from SCOPUS, and 48 from Web of Science. Of these 70 were Article Journal, 54 

were Conference Paper, 7 were Book Chapter, and 3 were Thesis. 

 

Figure 6. Proposed PRISMA Flowchart. 
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The proportion of search results from Scopus and Web of Science is equal, while the proportion 

from Google Scholar is marginally lower than that of the other two, the results can be seen in Figure 

7. This may indicate that, in comparison to Google Scholar in this case, Scopus and Web of Science 

offer more thorough or pertinent search results for the queries made. 

 

Figure 7. Distribution of Online Databases. 

3.2. Study characteristics  

A selection of studies focusing on EDM within various industry contexts, including Small 

Businesses, SMEs, and Startups. Each study provides a unique contribution, advancing knowledge 

in specific areas of enterprise management and data practices. The “Contribution” highlights the 

study's key insights, methodologies, or findings, reflecting its significance to the field. Contributions 

vary from analyzing business strategies, and exploring technological advancements, to addressing 

gaps in existing research. Table 9 serves as a reference point for understanding how each study 

contributes to the broader discourse on data management in enterprise environments, particularly in 

the context of scaling, technology adoption, and market adaptation strategies.  

Table 9. Study Characteristics. 

Study 
Industry 

Context 

Sample 

size 
Contribution 

[40] 
Small 

Business 
100 

Offers a large-scale analysis of small business operations, 

contributing valuable data on industry trends and 

challenges. 

[41] 
Small 

Business 

Not 

specified 

Provides qualitative insights into small business 

environments, focusing on strategic management. 

[42] SMEs 250 
Explores how SMEs navigate competitive markets, adding 

to the literature on resource allocation in SMEs. 

[43] SMEs 
Not 

specified 

Investigate SME management structures, particularly in 

resource-constrained settings. 

[44] Startups 
Not 

specified 

Analyzes growth strategies in startups, contributing to the 

understanding of innovation-led entrepreneurship. 

[45] SMEs 100 
Examines how SMEs scale operations, providing data on 

early-stage scaling challenges. 
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[46] Startups 50 
Focuses on the financial challenges of startups, with 

recommendations for new ventures. 

[47] Startups 
Not 

specified 

Explores the role of innovation in startup success, 

emphasizing market entry strategies. 

[48] 
Small 

Business 
100 

Discusses how small businesses utilize technology to 

improve productivity. 

[49] 
Small 

Business 
80 

Provides a comparative analysis of growth strategies in 

small businesses. 

[50] Startups 300 Studies the impact of venture capital on startup success. 

[51] 
Small 

Business 
50 

Investigates marketing tactics used by small businesses to 

compete in local markets. 

[51] Startups 90 Explores the role of incubators in startup development. 

[52] 
Small 

Business 

Not 

specified 

Offers insights into leadership styles in small business 

environments. 

[53] 
Small 

Business 
90 

Analyzes the influence of digital transformation on small 

business growth. 

[54] Startups 350 
Examines the lifecycle of startups, providing insights into 

scaling and sustainability. 

[55] Startups 150 
Investigates how startups leverage agile methodologies 

for rapid growth. 

[56] Startups 50 Provides case studies on early-stage funding for startups. 

[57] SMEs 100 
Focuses on how SMEs integrate sustainability practices 

into their business models. 

[58] SMEs 500 
Analyzes operational efficiency in SMEs through 

technology adoption. 

[59] SMEs 
Not 

specified 
Explores market adaptation strategies in SMEs. 

[60] SMEs 300 
Offers insights into how SMEs innovate within 

constrained resource environments. 

[61] 
Small 

Business 
50 Studies customer retention strategies in small businesses. 

[62] 
Small 

Business 
50 

Examines how small businesses adopt digital marketing 

strategies. 

[63] 
Small 

Business 

Not 

specified 

Explores the impact of leadership and management 

practices on small business success. 

[64 SMEs 200 Provides insights into risk management practices in SMEs. 

[65] Startups 450 
Investigates startup ecosystems and their impact on 

business longevity. 

[66] SMEs 90 
Analyzes financial management in SMEs, focusing on 

liquidity challenges. 

[67] SMEs 500 
Explores talent retention and recruitment strategies in 

SMEs. 

[68] SMEs 
Not 

specified 
Focuses on cross-border expansion strategies for SMEs. 

[69] Startups 250 
Discusses the role of technology innovation in startup 

success. 

[70] 
Small 

Business 

Not 

specified 

Studies how small businesses navigate market 

disruptions. 

[71 SMEs 
Not 

specified 
Investigates the impact of globalization on SMEs. 

[72] 
Small 

Business 
70 

Focuses on small business resilience during economic 

downturns. 
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[73] SMEs 580 
Provides a large-scale study on SME digital 

transformation. 

[74] SMEs 
Not 

specified 
Examines SME performance in emerging markets. 

[75] 
Small 

Business 
50  Investigate cost-saving strategies for small businesses. 

[76] Startups 200 
Analyzes the effect of government policies on startup 

ecosystems. 

[77] Startups 
Not 

specified 

Provides insights into entrepreneurial decision-making 

processes. 

[78] 
Small 

Business 

Not 

specified 

Explores customer experience management in small 

businesses. 

[79] SMEs 400 Examines supply chain optimization strategies in SMEs. 

[80] 
Small 

Business 

Not 

specified 

Discusses how small businesses manage technological 

change. 

[81] 
Small 

Business 
60 Analyzes small business participation in e-commerce. 

[83] SMEs 100 Studies the role of innovation hubs for SME development. 

[84] SMEs 250 Provides insights into SME financing and access to capital. 

[85] Startups 500 Discusses scaling strategies for startups in tech industries. 

[86] SMEs 120 
Investigate SME partnerships and collaborations for 

growth. 

[87] Startups 
Not 

specified 
Explores startup exit strategies and market impact. 

[88] Startups 100 Focuses on digital marketing strategies for startups. 

[89] 
Small 

Business 
30 Studies the role of local markets in small business growth. 

[90] 
Small 

Business 

Not 

specified 
Explores innovation-driven growth in small businesses. 

[91] Startups 200 
Investigates startup funding mechanisms and their 

effectiveness. 

[92] 
Small 

Business 
50 Discusses customer loyalty programs in small businesses. 

[93] Startups 200 
Provides a comprehensive look at market-entry strategies 

for startups. 

[94] 
Small 

Business 
40 

Focuses on the impact of online sales on small business 

success. 

[95] 
Small 

Business 

Not 

specified 
Investigate cost-cutting strategies in small businesses. 

[96] Startups 80 Analyzes startup survival rates in competitive markets. 

[97] Startups 120 
Focuses on startup innovation cycles and product 

development. 

[98] Startups 500 Studies startup scalability in global markets. 

[99] SMEs 
Not 

specified 
Explores SME growth strategies in developing economies. 

[100] 
Small 

Business 

Not 

specified 

Investigates the impact of digital tools on small business 

operations. 

[101] SMEs 300 Explores SME growth strategies and operational 

efficiencies through technology adoption. 

[102] Startups 200 Investigates how early-stage startups leverage funding to 

drive product development and market expansion. 
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[103] SMEs Not 

specified 

Focuses on cross-border trade opportunities for SMEs, 

contributing to globalization studies. 

[104] Startups 300 Analyzes market entry strategies for tech startups, 

emphasizing scaling through digital platforms. 

[105] SMEs 24 Examines resource management challenges in small-scale 

SMEs. 

[106] SMEs 36 Provides insights into the financial management practices 

of small-sized SMEs. 

[107] Startups 34 Focuses on product innovation in early-stage startups, 

particularly in technology sectors. 

[108] SMEs 89 Studies how SMEs in emerging markets manage supply 

chain challenges. 

[109] Small 

Business 

60 Investigates cost-effective marketing strategies for small 

businesses. 

[110] Startups Not 

specified 

Explores startup accelerators and their role in 

entrepreneurial success. 

[111] Small 

Business 

23 Provides case studies on the survival of small businesses 

in highly competitive markets. 

[112] SMEs 45 Studies the use of digital tools in improving operational 

efficiency in SMEs. 

[113] SMEs Not 

specified 

Focuses on SME financial resilience in response to 

economic downturns. 

[114] Startups Not 

specified 

Discusses entrepreneurial mindset and its role in driving 

startup success. 

[115] SMEs 16 Investigates the role of microfinancing in supporting the 

growth of small SMEs. 

[116] Startups 43 Analyzes the impact of initial seed funding on startup 

sustainability. 

[117] Startups 97 Focuses on the role of innovation hubs in startup 

development. 

[118] SMEs Not 

specified 

Examines the influence of regional policies on SME 

growth and innovation. 

[119] Startups 12 Provides insights into the earliest stages of startup 

formation and market testing. 

[120] Startups 20 Investigates how startups approach early customer 

acquisition and feedback loops. 

[121] SMEs 100 Focuses on the digital transformation of SMEs, 

particularly in traditional industries. 

[122] Small 

Business 

Not 

specified 

Discusses the challenges small businesses face when 

scaling operations. 

[123] SMEs Not 

specified 

Explores strategic management practices in SMEs for 

long-term sustainability. 

[124] Startups 20 Examines how early-stage startups navigate initial 

funding rounds. 

[125] Small 

Business 

13 Provides a case study on the survival of family-run small 

businesses. 

[126] Startups 15 Analyzes product-market fit in small-scale startups. 

[127] Startups Not 

specified 

Investigates entrepreneurial ecosystems and their 

influence on startup performance. 

[128] SMEs Not 

specified 

Focuses on how SMEs innovate within regional clusters. 
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[129] Startups 85 Studies how startups pivot to meet changing market 

demands. 

[130] Startups 35 Investigates the role of mentorship in early-stage startup 

development. 

[131] SMEs 40 Provides insights into the supply chain management 

practices of medium-sized SMEs. 

[132] Small 

Business 

70 Analyzes small business financing options, focusing on 

alternative funding sources. 

[133] SMEs Not 

specified 

Explores the role of leadership in SME growth. 

[134] Startups 96 Studies the impact of early hires on the culture and 

scalability of startups. 

[135] SMEs 30 Focuses on cash flow management in SMEs. 

[136] Startups Not 

specified 

Discusses the scaling challenges faced by tech startups in 

competitive markets. 

[137] SMEs 50 Investigates innovation strategies in SMEs, particularly in 

niche industries. 

[138] Small 

Business 

15 Analyzes how small businesses navigate competitive local 

markets. 

[139] SMEs Not 

specified 

Examines the role of technology adoption in SME 

survival. 

[140] SMEs Not 

specified 

Focuses on the internationalization strategies of SMEs. 

[141] SMEs 150 Provides insights into human resource management in 

medium-sized SMEs. 

[142] Small 

Business 

Not 

specified 

Studies the role of customer loyalty programs in small 

business growth. 

[143] Startups 50 Focuses on how startups build brand identity in their early 

stages. 

[144] SMEs Not 

specified 

Explores innovation-driven growth in SMEs across 

diverse industries. 

[145] Small 

Business 

12 Provides a large-scale analysis of small business 

technology adoption. 

[146] SMEs 90 Investigates financial strategies for SMEs during economic 

uncertainty. 

[147] SMEs Not 

specified 

Studies operational efficiency improvements in SMEs 

through digital tools. 

[148] Small 

Business 

11 Analyzes customer retention strategies in small 

businesses. 

[149] Startups Not 

specified 

Investigates how startups use agile methodologies for 

rapid growth. 

[150] SMEs 90 Focuses on how SMEs manage external partnerships for 

growth. 

[151] SMEs Not 

specified 

Examines the role of technology in driving SME efficiency. 

[152] SMEs 200 Provides a comprehensive analysis of SME marketing 

strategies. 

[153] SMEs 90 Focuses on cash flow management in small SMEs. 

[154] Small 

Business 

25 Investigates the impact of e-commerce on small business 

revenue growth. 

[155] Small 

Business 

30 Examines how small businesses use digital tools for 

customer engagement. 
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[156] Startups Not 

specified 

Studies the influence of government policies on startup 

ecosystems. 

[157] SMEs 50 Focuses on SMEs' access to capital and its impact on 

growth. 

[158] Startups Not 

specified 

Investigates the role of entrepreneurial networks in 

startup success. 

[159] Small 

Business 

35 Provides insights into the financial resilience of small 

businesses. 

[160] Small 

Business 

Not 

specified 

Examines the use of technology in small business 

productivity. 

[161] Startups 89 Analyzes the role of innovation in driving startup success. 

[162] SMEs 500 Provides a large-scale study on SME sustainability 

practices. 

[163] SMEs Not 

specified 

Investigates how SMEs leverage technology to drive 

growth. 

[164] Small 

Business 

34 Focuses on customer engagement strategies in small 

businesses. 

[165] Small 

Business 

Not 

specified 

Studies the impact of digital marketing on small business 

growth. 

[166] SMEs 250 Investigates the role of strategic partnerships in SME 

expansion. 

[167] Small 

Business 

Not 

specified 

Focuses on the leadership challenges faced by small 

business owners. 

[168] Startups 200 Studies the role of digital tools in startup innovation and 

market entry. 

[169] SMEs Not 

specified 

Investigates the challenges of scaling SMEs in competitive 

industries. 

[170] SMEs 500 Focuses on the role of SMEs in driving economic growth 

in regional markets. 

[171] Small 

Business 

Not 

specified 

Examines the financial strategies of small businesses 

during crises. 

[172] SMEs 189 Investigates the use of data-driven decision-making in 

SMEs. 

[173] Small 

Business 

36 Provides a case study on local small business success 

stories. 

[174] SMEs Not 

specified 

Discusses how SMEs manage market volatility and 

economic shifts. 

[175] SMEs 100 Focuses on SME growth strategies through digital 

transformation. 

 

The number of publications between two and five publications a 

year, the number stayed relatively low between 2014 and 2017. Figure 

8 displays an increase in publications that is gradual but steady, 

peaking at eight in 2017.2018–2019.There has been a noticeable increase 

in publications, with 14 in 2019, indicating more interest or activity in 

this field of study. 2020–2021: Publications increased sharply in 2020, 

reaching a peak of 30, but then declined slightly to 11 in 2021.2022–2024. 

Following a decline of 12 publications in 2023, there is a notable uptick 

in 2024, reaching 38 publications, the most during the indicated period.           
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Figure 8. Research Papers Published by Year. 

The distribution of research publications by type is demonstrated in Figure 9. A significant 

majority, 51.85%, consists of articles journal, indicating that this is the most common form of scholarly 

contribution. The second-largest portion, representing 40.74%, is conference paper publications, 

showing a strong prevalence of research-focused academic output. Book chapter account for 5.19% 

of the total, highlighting the role of presentations in academic discourse. Thesis make up the smallest 

fraction at 2.22%, suggesting that while thesis contributions are present, they are relatively rare in 

this dataset. 

 

Figure 9. Research Type. 

The number of papers found in each research type in each year, is shown in Table 10. The table 

displays the number of research outputs in different categories from 2014 to 2024, including book 

chapters, conference papers, journal articles, and theses. There is a noticeable increase in the number 

of conference papers and journal articles over the years, particularly in 2024, which shows the highest 
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numbers in these categories. Thesis submissions remain low across the years, while book chapter 

publications vary, peaking in recent years like 2022 and 2024. 

Table 10. Distribution of Research Type by Publication Year. 

The percentage of academic publications across various countries is shown in Figure 10. China 

leads with the highest share at 22.96%, indicating its prominence in research output. India follows 

with 18.52%, and Germany at 15.56%, showing strong contributions from these regions as well. Japan 

and the United States hold moderate shares at 9.63% and 8.89%, respectively. Countries like South 

Korea (5.19%), Turkey (4.44%), and Italy (4.44%) also show notable, though smaller, contributions. 

Several other countries, including Argentina, Canada, Brazil, Angola, Russia, Thailand, and Ukraine, 

contribute minimally, each with less than 3%, highlighting the uneven distribution of publication 

activity across different nations. 

 

Figure 10. Countries of Publication. 

3.3. Risk of Bias in Studies  

When exploring how EDM impacts the performance of small and medium-sized enterprises 

(SMEs), it is essential to understand the research methods employed in relevant studies, as these 

significantly affect the reliability and applicability of the findings [190]. Figure 8 illustrates the 

different research methodologies used in studies on this topic, highlighting the potential risks of bias 

associated with each approach. Various methods, including case studies, surveys, and experimental 

designs, have been applied, each offering distinct advantages and limitations when addressing 

Published year Book chapter Conference paper  Article Journal Thesis 

2014 0 2 1 0 

2015 0 1 1 0 

2016 1 1 3 0 

2017 0 3 4 0 

2018 0 4 8 0 

2019 1 12 6 0 

2020 1 5 5 0 

2021 1 3 5 0 

2022 2 6 14 0 

2023 0 3 7 1 

2024 1 14 17 2 
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questions about how EDM enhances SMEs' business performance through real-time data integration, 

operational efficiency, and strategic decision-making. 

Figure 11 shows the percentage of the research design of the enterprise data management used 

by businesses. From the research paper it shows that the business used experimental design more for 

their businesses with 31.11% followed by survey with 28.89% then case study design with 22.22% 

and lastly quasi-experimental 17.78%. 

 

Figure 11. Risk of Bias Assessments in Included Studies. 

3.4. Results of Individual Studies 

The discipline analysis reveals that business holds the highest percentage among the research 

papers used, accounting for 37.78%, followed by Enterprise Data Management at 33.33%, and SME 

performance at 27.41%. A small portion of the papers, 1.48%, did not specify their discipline, though 

they were still included as they contained all the necessary information for the research. Despite the 

lack of discipline specification, these papers were deemed relevant and met the criteria for inclusion 

in the study, contributing valuable insights to the overall findings, as illustrated in Figure 12. 

 

Figure 12. Types of Discipline or Study area based on the study context. 
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The industry context analysis of the research papers, presented in percentage form, shows that 

SMEs were the most selected category, accounting for 37.78%. Startups and Small Businesses 

followed, each representing 30.37% of the total papers, while 1.48% of the papers did not specify an 

industry context. These findings highlight the prominence of SMEs as the primary focus for studies 

on Enterprise Data Management and business performance, as illustrated in Figure 13. 

 

Figure 13. Types of Industry Context. 

Access to the economic context or status of the country from which a research paper originates 

is essential when conducting sensitive research, as it enhances the validity of the information. Figure 

14 illustrates that a significant majority of the research papers came from developed countries, 

accounting for 59.26%, while those from developing countries comprised 40.47%. This distribution 

underscores the importance of considering the economic background of the research sources when 

interpreting findings. 

 

Figure 14. Economic Context Representation. 

Data management technologies refer to the various methods used to store and organize data. 

Databases are specifically designed and optimized for immediate data storage and recording, but 

they are volatile in nature. In contrast, data warehouses are structured for analysis and quick query 

responses, making them non-volatile. Figure 15 presents the distribution of different types of data 

management technologies utilized by businesses: data warehouses account for 48.15%, databases 
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make up 42.22%, and data lakes represent 9.63%. This breakdown highlights the preferences of 

businesses in managing their data for both operational and analytical purposes. 

 

Figure 15. The Types of Data management Technologies. 

The research paper examines various data management practices employed by businesses, 

highlighting three main components: data governance, data integration, and data quality. These 

components accounted for 26.67%, 42.22%, and 31.11% of the practices surveyed, respectively. This 

analysis underscores the importance of integrating these practices to enhance overall data 

management effectiveness, as illustrated in Figure 16. By focusing on these key areas, organizations 

can improve their data handling processes and drive better decision-making outcomes. 

 

Figure 16. Data management Practices. 

The analysis of technology providers reveals that AWS is the most favored option among 

businesses, leading with a significant share of 37.04%. Google Cloud follows closely at 35.56%, while 

Microsoft Azure accounts for 27.41%. This distribution highlights a strong preference for AWS as the 

primary technology provider, as depicted in *Figure 17*. Such trends indicate that organizations are 

increasingly relying on AWS for their technology needs, reflecting its dominance in the market. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 September 2024                   doi:10.20944/preprints202409.1913.v1

https://doi.org/10.20944/preprints202409.1913.v1


 28 

 

 

Figure 17. Technology Providers distribution. 

The comparison of technology implementation models reveals three categories: On-premises, 

Hybrid, and Cloud-based solutions. The On-premises model accounts for 34.07%, while Hybrid 

solutions lead with a value of 36.30%, indicating their prevalence over On-premises. Cloud-based 

solutions represent the smallest segment at 29.63%. This analysis suggests that Hybrid solutions are 

the  most adopted, followed closely by Cloud-based models, with On-premises being the least 

utilized among the three implementation types, as illustrated in Figure 18. 

 

Figure 18. Technology Implementation  Models. 

The distribution of sample sizes, as illustrated in Figure 19, highlights the importance of 

understanding the number of business participants involved in the studies. Many businesses did not 

specify the sample size, indicating that they were working across different departments, making it 

difficult to identify the exact number of participants. The most significant sample size used was 500, 

accounting for 34.81% of the studies, while other sample sizes varied, with percentages distributed 

across different ranges from 12 to 350 participants. This lack of specificity in some cases suggests the 

complexity of coordinating across multiple departments in the research. 
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Figure 19. Sample Size Analysis. 

A comparison of four data collection methods: Document Analysis, Interview, Observation, and 

Survey, as outlined in Figure 20. Document Analysis this method is used 21.48% of the time. 

Interview this method is used 20.74% of the time. Observation this method is the most frequently 

used, at 29.63%. Survey this method is used 28.15% of the time. The graph indicates that Observation 

is the most preferred method, followed closely by Survey. Document Analysis and Interviews are 

used less frequently but still play significant roles in data collection. 

 

Figure 20. Data  Collection Methods of Studies. 

The data management systems used by businesses show a clear preference for structured 

solutions, with 48.15% of businesses utilizing data warehouses and 42.22% relying on traditional 

databases, as shown in Figure 21. This trend suggests that organizations prioritize systems designed 

to handle structured data efficiently, which aligns with the need for organized and accessible 

information in decision-making processes. However, data lakes, which account for only 9.63%, 

appear to be less common, possibly due to the complexity of managing unstructured data or the 

relative novelty of this technology. The figure highlights the dominance of well-established data 
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management tools while indicating that data lakes are still emerging as a viable solution for many 

enterprises. 

 

Figure 21. Types of Data Management. 

The distribution of different types of studies is shown in Figure 22. Quantitative this type of 

study is the most prevalent, making up 54.07% of the chart. Quantitative research involves the 

collection and analysis of numerical data to identify patterns, test hypotheses, and make predictions. 

Mixed methods this type account for 23.70% of the chart. Mixed-methods research combines both 

quantitative and qualitative approaches to provide a more comprehensive understanding of a 

research problem. Qualitative this type comprises 22.22% of the chart. Qualitative research focuses 

on exploring phenomena through non-numerical data, such as interviews, observations, and textual 

analysis, to gain insights into people’s experiences and perspectives. The chart indicates that 

Quantitative studies are the most common, followed by Mixed-methods and Qualitative studies. This 

distribution suggests a strong preference for numerical data analysis in the given context. 

 

Figure 22. Types of Study. 

The distribution of two data analysis techniques is illustrated in Figure 23. Statistical Analysis 

and Thematic Analysis. Statistical Analysis, this technique is used in 54.07% of the cases. Statistical 

analysis involves the collection, examination, interpretation, and presentation of data to uncover 

patterns and trends. It is commonly used in quantitative research to test hypotheses and make 

predictions. Thematic Analysis, this technique is more prevalent, accounting for 45.93% of the cases. 

Thematic analysis is a qualitative method used to identify, analyze, and report patterns (themes) 
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within data. It is often used to interpret the meaning of qualitative data, such as interview transcripts 

or survey responses. The chart indicates a slight preference for Statistic analysis over Thematic 

analysis in the given context. This suggests a focus on the collection and examination of quantitative 

data, possibly to gain deeper insights into the enterprise data management matter.  

 

Figure 23. Techniques of Data Analysis. 

3.5. Results of Synthesis 

The distribution of business performance metrics Cost Savings, Operational Efficiency, and 

Revenue Growth. Cost Savings, this metric is the most significant, making up 25.93% of entire 

samples. This indicates that the business places a high priority on reducing costs, which can improve 

profitability and financial stability. Operational Efficiency, this metric accounts for 32.59% of the 

chart. Focusing on operational efficiency means the business is working to optimize processes, reduce 

waste, and improve productivity. Revenue Growth: This is the smallest segment, comprising 41.48% 

of the chart. While still important, revenue growth is given less emphasis compared to cost savings 

and operational efficiency. These results are also illustrated in Figure 24. This suggests that the 

business strategy is heavily oriented towards Revenue growth and improving efficiency, with a 

relatively smaller focus on increasing cost.  

 

Figure 24. Business Performance Metrics Distribution Based on the Study Context. 

The distribution of technical performance metrics: Scalability, Data Accuracy, and System 

Uptime, are represented in Figure 25. Scalability, this metric is the most significant, making up 38.52% 

of the chart. Scalability refers to the system’s ability to handle increased loads or expand its capacity 
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efficiently. Data Accuracy, this metric accounts for 34.81% of the chart. Data accuracy is crucial for 

ensuring that the information processed and stored by the system is correct and reliable. System 

Uptime, this is the smallest segment, comprising 26.67% of the chart. System uptime measures the 

amount of time the system is operational and available for use. This suggests that while all three 

metrics are important, there is a slightly higher emphasis on Scalability and Data Accuracy compared 

to System Uptime. This distribution indicates a balanced approach to maintaining performance, with 

a focus on supporting growth and ensuring data integrity. 

 

Figure 25. Technical Performance Metrics Distribution Based on the Study Context. 

The distribution of organizational outcomes—Customer Satisfaction and Employee 

Satisfaction—shows that Customer Satisfaction holds the larger share at 52.59%, while Employee 

Satisfaction accounts for 47.41%. The greater emphasis on Customer Satisfaction highlights the 

organization's focus on meeting or exceeding customer expectations, which can result in increased 

loyalty, positive word-of-mouth, and repeat business. Meanwhile, high Employee Satisfaction 

suggests that the organization fosters a positive work environment, contributing to higher retention, 

productivity, and overall morale. This balance between external and internal satisfaction is 

depicted in Figure 26. 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 September 2024                   doi:10.20944/preprints202409.1913.v1

https://doi.org/10.20944/preprints202409.1913.v1


 33 

 

Figure 26. Organizational Outcomes. 

Business Growth and Competitive Advantage are two critical outcomes for organizational 

success. Business Growth, emphasized at 62.22%, reflects the organization’s primary focus on 

expanding operations, increasing market share, and driving revenue. A strong emphasis on growth 

is essential for long-term sustainability and continued relevance in a competitive market. 

Competitive Advantage, representing 37.78%, is also a key factor but slightly less prioritized. While 

maintaining a unique position relative to competitors is vital, it is considered more of a supportive 

strategy to enable growth. This balance between the two outcomes is depicted in Figure 27. 

 

Figure 27. Long-Term Impacts. 

3.4. Reporting Biases 

We conducted assessments of the risk of bias due to missing results, particularly focusing on 

potential reporting biases, for each synthesis in the systematic review of EDM and its impact on 

business performance. For each synthesis, we used a structured tool to assess the risk of bias due to 

missing results, addressing key questions such as whether all intended outcomes were reported and 

if there were any discrepancies between registered protocols and published results. The responses to 

these questions were used to make judgments about the risk of bias, which were then supported by 

detailed evidence from the studies [191]. In cases where small-study effects were a concern, we 

generated funnel plots to evaluate potential asymmetry, which could indicate reporting biases. These 

plots displayed the effect estimates on the horizontal axis and measures of precision (such as standard 

error) on the vertical axis. We also generated contour-enhanced funnel plots with significance 

milestones at P=0.01, 0.05, and 0.1 to visualize areas of statistical significance. Tests for funnel plot 

asymmetry were conducted, and the exact P values, along with relevant statistics like the 

standardized normal deviation, were reported to clarify the extent of any bias. Sensitivity analyses 

were performed to explore the impact of missing results on the overall synthesis. We compared these 

results with those of the primary analysis and noted any differences [191, 192]. The limitations of the 

statistical methods used were carefully considered, ensuring that our conclusions accounted for 

potential biases. Where selective non-reporting of results was suspected, we compared the outcomes 

and analyses of pre-specified in-study registers, protocols, and statistical analysis plans with those 

reported in the study publications. A matrix was created to track the availability of results across 

studies and syntheses. If missing results were identified, they were displayed underneath the 

corresponding forest plots or in a separate table to provide a clear understanding of the data gaps. 

This approach ensured a transparent assessment of the risk of bias due to missing results, helping 

readers to trust the validity of the systematic review's findings [192]. 
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3.5. Certainty of Evidence  

The overall quality and reliability of the articles are based on the information provided, we will 

consider various aspects such as online databases, journal names, research types, and specific metrics. 

This comprehensive analysis will help determine the certainty of the evidence presented in the 

articles and their applicability to real-world scenarios. Databases - the articles were sourced from 

reputable online databases such as Web of Science, Scopus, and Google Scholar. These sources are 

generally peer-reviewed, which adds a layer of credibility to the research [193]. Journals like “IJDMB” 

are specialized in data mining and bioinformatics, indicating a focus on advanced technologies and 

methodologies. Peer-reviewed journals typically ensure that the research is methodologically sound. 

The research seems to be applied, focusing on practical applications of data management 

technologies in various industries. These studies likely cite prior research extensively, which is a good 

sign of scholarly rigor. However, the quality of evidence depends on the robustness of the cited 

studies. The subject areas covered include data management, IoT, blockchain, and digital 

transformation. These are crucial for modern enterprises, but the impact of the research is highly 

dependent on the methodologies used. Each industry has specific needs, and the applicability of the 

research findings may vary based on how well these needs are addressed [193]. The research appears 

to be conducted in varied geographic locations, including China, which is significant given China's 

role in global digital transformation efforts. The location can affect the generalizability of the findings 

due to differing regulatory environments and technological infrastructure. The economic context, 

such as the emphasis on digital economies, particularly in major economies like the U.S. and China, 

adds relevance to the research. The studies aim to address challenges in digital transformation, which 

is economically significant but challenging to implement uniformly across different contexts. Data 

Management Technologies- the articles mention the use of blockchain, IoT, big data, and cloud 

platforms. These technologies are at the forefront of modern data management, suggesting that the 

research is technologically advanced. Data Management Practices such as data sharing, secure data 

handling, and optimized data retrieval are highlighted [194]. The effectiveness of these practices 

depends on the implementation context and the underlying technological infrastructure. 

Technology Provider - the articles do not specify providers but discuss widely adopted 

technologies like blockchain and cloud platforms. The absence of specific providers might limit the 

applicability of the research to general recommendations rather than actionable insights. 

Implementation models like multi-chain blockchain and edge computing are mentioned. These 

models are advanced and suitable for enterprises with robust technological infrastructure but might 

be challenging for smaller or less technologically mature organizations. The research design appears 

to be a mix of experimental and case study approaches. Most studies seem to be exploratory, aiming 

to introduce new technologies or practices. Exploratory studies are valuable for generating new 

insights but may lack the rigorous testing found in more confirmatory studies. Data Collection 

Methods such as questionnaires, multi-channel data collection, and experimental setups are used 

[195]. These are advanced techniques, but their effectiveness is tied to the quality of the data and the 

robustness of the analysis. Business Performance Metrics such as improved collaboration efficiency, 

reduced operating costs, and enhanced decision-making are discussed. The evidence presented in 

these articles is promising but should be viewed with caution. The research is technologically 

advanced and relevant to current industry needs. While the studies provide valuable insights, they 

should be supplemented with additional research that includes more robust and transparent 

methodologies [195]. The articles gathered provide a solid foundation for understanding the 

application of data management technologies in various industries. While the studies are relevant 

and timely, especially given the economic and technological contexts, their findings should be 

interpreted cautiously and validated through further research. 

4. Discussion 

4.1. Interpretation of the Results 
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We conducted a systematic review of recent literature on enterprise data management with a 

specific focus on real-time applications. Between 2014 and 2024, publications on this topic exhibited 

fluctuating trends, with a notable rise in 2020, peaking at 30 papers, followed by a decline and a 

subsequent resurgence in 2024 with 38 publications. This shift highlights increasing academic and 

industry interest in enterprise data management, driven by its relevance to business performance and 

real-time data integration. 

Comparing the results from other studies, we see that the research highlights the growing 

importance of enterprise data management in optimizing real-time business operations. Study [88] 

and [91] have discussed the role of real-time data in enhancing decision-making processes, 

particularly in SMEs. These studies highlight the value of data management tools for improving 

operational efficiency through faster and more accurate responses to market changes [196]. The 

studies further show the improvements in data categorization and real-time application integration, 

with a more thorough breakdown of disciplines such as business and SME performance. This adds a 

layer of depth by addressing the interdisciplinary nature of enterprise data management, which may 

not have been thoroughly captured in earlier studies that often treated these domains separately. The 

study's emphasis on real-time application as a critical factor in enhancing business performance 

provides a more actionable framework compared to previous research. It shifts the focus from 

theoretical discussions of data management to practical implementations, reflecting the increasing 

need for real-time, responsive systems in business environments [196]. These improvements enhance 

the applicability of the research findings, making them more relevant for both academic and business 

stakeholders looking to leverage real-time data for competitive advantage. 

We conducted sensitivity review of recent literature on enterprise data management with a 

specific focus on real-time applications. Between 2014 and 2024, publications on this topic exhibited 

fluctuating trends, with a notable rise in 2020, peaking at 30 papers, followed by a decline and a 

subsequent resurgence in 2024 with 38 publications. This shift highlights increasing academic and 

industry interest in enterprise data management, driven by its relevance to business performance and 

real-time data integration. 

Comparing the results from other studies, we see that the research highlights the growing 

importance of enterprise data management in optimizing real-time business operations. Study [101] 

and [125] have discussed the role of real-time data in enhancing decision-making processes, 

particularly in SMEs. These studies highlight the value of data management tools for improving 

operational efficiency through faster and more accurate responses to market changes. 

4.2. Limitation of the Evidence 

One of the key limitations in systematic reviews is the omission of critical details, such as sample 

size and industry context, which can significantly impact the strength of the conclusions [198]. When 

sample sizes are not specified, it becomes difficult to gauge the reliability of the findings, as smaller 

sample sizes may result in biased or unrepresentative outcomes, while larger ones typically yield 

more robust results. Similarly, the absence of industry context can weaken the generalizability of the 

conclusions, as enterprise data management practices can vary widely across different sectors. 

Without knowing the specific industry, the review risks drawing overly broad conclusions that may 

not apply to certain fields with unique data management challenges. These missing details reduce 

the practical relevance of the findings, making it harder to apply the evidence to real-world situations 

effectively. 

4.3. Limitation of Evidence Included in the Review 

An additional limitation in the processing of systematic reviews lies in the potential publication 

bias, where studies with positive or significant findings are more likely to be published than those 

with negative or inconclusive results. This skews the available evidence, as unpublished studies, 

which may hold valuable data, are excluded from the review. As a result, the conclusions may 

overestimate the effectiveness or impact of certain enterprise data management strategies [199]. 
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Data heterogeneity is another challenge, particularly when studies use different methodologies, 

metrics, or definitions. This variability makes it difficult to synthesize findings and draw consistent 

conclusions. For instance, if one study measures the success of real-time data applications by 

customer satisfaction, while another focuses on cost reduction, directly comparing their results 

becomes problematic. The lack of standardized approaches can dilute the strength of the review's 

conclusions [55]. time and resource constraints during the review process can lead to the exclusion 

of relevant studies. A comprehensive search across all databases and grey literature takes significant 

time, and limited resources might cause reviewers to overlook important studies, thereby affecting 

the completeness of the review. These constraints can compromise the thoroughness and accuracy of 

the review's findings [199]. 

4.4. Implementation of the Results 

In practice, the findings highlight the growing necessity for businesses to adopt advanced data 

management strategies to stay competitive. The effective use of real-time data applications can 

significantly improve decision-making, operational efficiency, and customer engagement. 

Organizations should focus on integrating flexible and scalable data management solutions that can 

adapt to dynamic business environments [200]. Practitioners may need to invest in training to ensure 

that employees can leverage these systems effectively. 

Policy, the results emphasize the need for regulatory bodies to establish clear guidelines and 

standards regarding data security, privacy, and interoperability in real-time data management. As 

businesses increasingly rely on real-time data flows, particularly in industries like finance, healthcare, 

and retail, policies must ensure that data is handled ethically and securely. Policymakers should also 

consider incentives or support for small and medium enterprises (SMEs) to adopt these technologies, 

helping them enhance performance and remain competitive in the digital economy [200]. 

The review indicates several areas that warrant further investigation. Research should explore 

the impact of enterprise data management across a wider variety of industries, including those that 

are currently underrepresented, to better understand the sector-specific challenges and 

opportunities. In addition, more studies focusing on the long-term effects of real-time data 

applications on business performance would provide deeper insights. Future research should also 

address gaps in understanding how organizations can best mitigate risks related to data 

management, such as security vulnerabilities and compliance with emerging regulations. These 

directions will ensure that research continues to evolve in tandem with the needs of modern 

businesses [201]. 

4.5. Real-world Case Studies in Enterprise Data Management (EDM) 

Case Study 1: Retail Industry Business Challenge 

 Inefficient stock control and a slow response to customer preferences were the results of a 

growing retail chain's struggles with fragmented customer data and inventory management. EDM 

Solution: Using cloud-based data warehousing and analytics tools, the company implemented an 

EDM system that integrated real-time sales data, customer preferences, and supply chain information 

across multiple stores. Result and Impact: By utilizing personalized marketing, the solution raised 

customer retention by 15%, decreased stockouts by 25%, and enhanced inventory turnover by 25% 

[40]. 

To illustrate the impact of EDM on retail operations, we present a detailed breakdown of key 

performance metrics before and after EDM implementation. This analysis not only highlights the 

general improvements in customer retention and inventory turnover but also includes deeper 

financial metrics such as cost savings and profitability over time. Table 11 provides a comprehensive 

view of how EDM has contributed to increased efficiency, cost reduction, and revenue growth, with 

references to existing studies that support these findings. 

Table 11. Impact of EDM on retail operations. 
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Metric 
Before EDM 

Implementation 

After EDM 

Implementation 
Impact 

Supporting 

References 

Customer 

Retention Rate 
65% 80% 

15% increase in 

retention, leading to a 

20% rise in CLV 

[40], [45] 

Stockouts 18% 10% 

25% reduction in 

stockouts, improving 

product availability 

[40], [201], 

[205] 

Inventory 

Turnover 
5 times/year 7 times/year 

40% improvement, 

reducing excess 

inventory costs 

[40], [196] 

Marketing 

Acquisition 

Cost 

$500,000/year $440,000/year 

12% cost reduction due 

to improved customer 

loyalty 

[45], [197], 

[202] 

Annual 

Profitability 
$1.2 million $1.37 million 

14% increase in 

profitability over 3 

years 

[40], [194], 

[205] 

Cost of Goods 

Sold (COGS) 
$5 million $4.7 million 

6% decrease in COGS 

due to optimized 

inventory 

management 

[45], [201], 

[202] 

Case Study 2: Business Challenge in the Healthcare Sector 

A mid-sized healthcare provider encountered difficulties with patient data being divided among 

departments, delaying important decisions regarding patient care. EDM Solution: They could access 

real-time patient information across all departments by combining patient data from electronic health 

records (EHRs), lab results, and billing systems into a single EDM platform. Result and Impact: By 

implementing EDM, patient wait times were shortened by thirty percent, diagnosis accuracy was 

increased, and healthcare data regulations were complied with [60]. 

In the healthcare sector, the implementation of EDM has been pivotal in improving patient care 

and operational efficiency. Table 12 offers a deeper financial and operational analysis of the impact, 

demonstrating how EDM led to significant improvements in patient intake capacity, compliance with 

healthcare data regulations, and profitability. These metrics are supported by detailed references to 

the existing literature, showcasing the broader implications of EDM in healthcare environments. 

Table 12. Implementation of EDM Healthcare. 

Metric 
Before EDM 

Implementation 

After EDM 

Implementation 
Impact 

Supporting 

References 

Patient Wait 

Times 
40 minutes 28 minutes 

30% reduction in 

wait times 

[60], [201], 

[194] 

Patient Intake 

Capacity 
200 patients/day 220 patients/day 

10% increase in 

capacity due to more 

efficient operations 

[60], [202], 

[203] 
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Revenue from 

Patient Services 
$10 million/year $11.7 million/year 

17% increase in 

revenue from higher 

patient intake 

[60], [197], 

[205] 

Administrative 

Costs 
$3 million/year $2.7 million/year 

10% reduction due 

to streamlined 

billing and record 

management 

[60], [194], 

[202] 

Diagnosis 

Accuracy Rate 
85% 92% 

Improved accuracy 

due to integrated 

real-time data 

systems 

[60], [203], 

[204] 

Compliance with 

Healthcare Data 

Regulations 

75% 100% 

Full compliance 

post-EDM 

implementation 

[60], [194], 

[197] 

Case Study 3: Business Challenge in the Finance Sector 

A regional bank's manual data handling and sluggish decision-making caused delays in the 

processing of loan applications. EDM Solution: The bank was able to automate the loan approval 

process by putting in place an EDM system that integrated real-time data from internal risk models, 

credit bureaus, and customer databases. Results and Impact: A 20% increase in customer satisfaction 

and quicker revenue generation were the results of the 50% reduction in loan approval times [70]. 

Within the finance sector, EDM implementation has transformed loan processing times and 

overall profitability. Table 13 provides a detailed financial breakdown, showing how EDM directly 

impacted key metrics such as loan approval times, revenue, and administrative overhead. This data 

not only underscores the operational efficiency gains but also demonstrates the long-term financial 

benefits of EDM, with supporting references from the literature. 

Table 13. Impact of EDM in the Finance Sector. 

Metric 
Before EDM 

Implementation 

After EDM 

Implementation 
Impact 

Supporting 

References 

Loan Approval 

Time 
10 days 5 days 

50% reduction in 

approval time 
[70], [202], [197] 

Loan Processing 

Capacity 

1,000 

loans/month 

1,200 

loans/month 

20% increase in 

capacity due to 

automated 

processes 

[70], [201], [205] 

Revenue from 

Approved 

Loans 

$8 million/year 
$9.6 

million/year 

20% increase in 

revenue 
[70], [197], [203] 

Profitability $4.5 million/year 
$5.31 

million/year 

18% increase in 

profitability within 

the first year 

[70], [194], [204] 
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Administrative 

Overhead 
$2 million/year 

$1.84 

million/year 

8% reduction in 

overhead costs due 

to improved 

automation 

[70], [205], [202] 

4.6. Framework for Implementation EDM in SMEs 

Implementing an EDM system within small and medium-sized enterprises (SMEs) involves a 

clear and structured approach that enables them to efficiently manage and utilize their data. The 

framework for EDM in SMEs can be broken down into three key components: Data Sources, Data 

Integration Strategies, and Real-Time Applications, the research framework with its main 

components is illustrated in Figure 28. Each of these elements plays a crucial role in ensuring that 

SMEs can derive value from their data while keeping costs low and scalability high [45]. 

4.6.1. Data Sources 

SMEs typically generate and interact with a wide variety of data from both internal and external 

sources. Internal sources include business-critical systems such as Enterprise Resource Planning 

(ERP) and Customer Relationship Management (CRM) systems. These systems provide structured 

data related to sales, operations, customer interactions, and financial transactions, which form the 

backbone of business analytics [202]. External sources, on the other hand, encompass social media 

platforms, market analytics reports, and third-party data services that offer valuable insights into 

customer behavior, industry trends, and competitor performance [202]. To manage these diverse data 

streams, SMEs can utilize tools such as APIs to pull external data and integrate it with their internal 

systems. Additionally, web scraping and partnerships with market research firms can be employed 

to gather data that is vital for strategic decision-making [203].  

4.6.2. Data Integration Strategies 

Efficiently integrating data, especially from both structured (databases, spreadsheets) and 

unstructured (emails, social media posts) sources, is critical for SMEs. SMEs should focus on 

leveraging affordable, cloud-based data integration tools like Zapier, Integrant, or AWS Glue, which 

allow for the automation of workflows and the seamless merging of various data formats [204]. These 

tools enable SMEs to connect data across systems without needing a complex IT infrastructure. The 

integration process typically involves Extract, Transform, Load (ETL), which extracts data from 

disparate sources, transforms it into a consistent format, and loads it into a central repository like a 

data warehouse. SMEs can consider lightweight and cost-effective data warehousing solutions like 

Google Big Query or Amazon Redshift, which provide scalable data storage and fast querying 

capabilities. Moreover, data governance processes must be put in place to ensure data accuracy, 

consistency, and security, adhering to regulations such as GDPR or local data protection laws.[204] 

4.6.3. Real-Time Applications 

Once data is integrated and organized, SMEs can begin to harness it through real-time 

applications that drive business performance. For instance, customer analytics can be used to track 

real-time customer interactions and preferences, allowing businesses to personalize marketing 

campaigns and improve customer retention [205]. Tools like Google Analytics or Tableau can be 

employed to visualize and analyze this data in real time [205]. Similarly, inventory management 

systems integrated with IoT devices can help SMEs track stock levels, predict demand, and optimize 

order cycles, minimizing costs associated with overstocking or stockouts [205]. Predictive 

maintenance is another valuable application where real-time data from equipment sensors can be 

analyzed to predict potential failures and schedule maintenance, thus reducing downtime and 

operational costs [10]. SMEs can leverage tools such as AWS IoT or Azure IoT Central to collect and 

analyze sensor data in real-time, ensuring efficient operations. 
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Figure 28. Research Framework. 

4.7. Roadmap for EDM Implementation in SMEs. 

The proposed roadmap outlines a clear, actionable plan for SMEs to adopt EDM and real-time 

analytics, guiding them from assessment to continuous improvement. This framework is particularly 

useful for businesses with limited technical expertise, offering a step-by-step process to simplify 

implementation. Table 14 shows the proposed roadmap, providing detailed guidance for SMEs to 

follow and ensure successful adoption of EDM and the achievement of long-term benefits. 

Table 14. Roadmap for EDM Implementation in SMEs. 

Phase 
Phase 

Description 
Description Key Questions 

Phase 1 
Assessment 

and Planning 

Assess current data practices and 

identify specific business needs. 

Involve key stakeholders to align 

on goals. Evaluate structured and 

unstructured data. 

- What business problems need to 

be solved?  

- What are the gaps in data 

accessibility, accuracy, and 

usability?  

- What is the desired outcome? 

Phase 2 
Selection of 

Technology 

Choose the appropriate data 

infrastructure (cloud-based, on-

premises, or hybrid). Focus on 

scalable, accessible solutions that 

automate workflows. 

- What technology best fits our 

needs?  

- Are there compliance concerns 

that affect our choice of 

infrastructure? 

Phase 3 

Real-Time 

Data 

Integration 

Implement real-time data 

solutions starting with low-risk 

areas. Set up a robust data 

pipeline and lightweight ETL 

processes for effective data flow. 

- What key metrics should we 

track?  

- How can we ensure data flows 

seamlessly from various sources? 

Data Collection 

(i.e., CRM,Social 
Media)

Data Integration

(i.e., Talend or Apache 
NiFi; API)

Data Storage

(i.e., Centralized 
warehouse AWS 

Redshift)

Real-Time Processing

(i.e., Automated 
pipelines with Kafka 

or AWS Glue

Data Applications

(i.e., Customer 
analytics, inventory 

management)
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Phase 4 
Security and 

Compliance 

Ensure data security and 

compliance with regulations. 

Implement data governance 

policies and maintain 

transparency with customers 

regarding data usage. 

- Are we compliant with local data 

protection laws?  

- How do we secure sensitive 

data? 

Phase 5 

Monitoring 

and 

Optimization 

Establish continuous monitoring 

to evaluate system performance, 

identify bottlenecks, and 

optimize the EDM system. Use 

dashboards and predictive 

analytics tools. 

- What areas need optimization?  

- How can we leverage user 

feedback for system 

improvement? 

5. Key Findings and Strategic Implementation for Business Leaders  

In today's fast-paced business world, leaders are continually looking for more efficient ways to 

improve decision-making and overall performance. Enterprise Data Management (EDM) is a popular 

solution among company leaders because of its ability to seamlessly integrate real-time data, 

allowing them to respond quickly to market changes and operational difficulties [206]. Real-time 

analytics allows for faster and more accurate decision-making, eliminating the complexity and 

uncertainty that traditional data management systems may frequently bring. This method simplifies 

the process for executives by delivering rapid insights, automating repetitive chores, and providing 

scalable solutions, allowing them to focus on strategy rather than data management. 

Real-Time Data Integration, Businesses that seamlessly incorporate real-time data into their 

operations gain the ability to make faster, more precise decisions, resulting in superior business 

outcomes. Operational Efficiency, Implementing EDM systems enhances operational efficiency by 

minimizing data duplication, automating key processes, and providing continuous oversight [207]. 

Data Quality ensures the integrity of data is vital, as high-quality data underpins sound decision-

making and reduces the likelihood of costly errors. Real-Time Analytics is the use of real-time 

analytics that allows businesses to act on insights immediately, helping them stay competitive in 

rapidly changing markets. Scalability EDM systems are highly flexible, allowing companies to scale 

their data infrastructure according to evolving needs, and ensuring long-term adaptability [207]. 

Harness Real-Time Data: Business leaders should prioritize real-time data integration across 

operations to boost responsiveness and support digital transformation. Maximize Operational 

Efficiency, Investing in EDM systems that automate repetitive tasks can reduce costs, eliminate 

errors, and enhance productivity. Focus on Data Quality, establishing strong data governance, and 

continuous validation measures will ensure data integrity and foster more informed decision-making 

[208]. Capitalize on Real-Time Analytics, Leaders should embed real-time analytics into decision-

making processes to allow for quick, informed responses based on the latest data insights. Ensure 

Scalable EDM Systems As business needs change, scalable EDM systems will provide the flexibility 

required to expand or contract seamlessly without disrupting operations. 

6. Decision-Making Framework for Implementation EDM 

To help business leaders determine whether EDM systems and real-time analytics are suitable 

for their organization, a structured decision-making framework is essential. This section outlines key 

considerations, an evaluation process, and a risk assessment matrix, respectfully, to guide leaders in 

making informed decisions. Organizational Readiness: Leaders must assess whether their 

organization has the necessary skills and resources to implement and maintain an EDM system [209]. 

This includes evaluating the workforce’s data literacy, leadership commitment, and change 

management capabilities. Existing IT Infrastructure: The current IT infrastructure must be reviewed 
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to determine if it can support the integration of real-time data analytics. Compatibility with existing 

databases, software, and hardware is critical to ensuring smooth adoption and scalability. Budget 

Constraints: Implementing an EDM system can be  resource-intensive. Leaders need to account for 

initial setup costs, ongoing maintenance, and future upgrades. Budget planning should consider the 

total cost of ownership (TCO), including personnel training and system upgrades. Scalability 

Requirements: Leaders should evaluate whether the EDM system can grow with their organization. 

As the company expands, data volume and complexity will increase. Therefore, the system should 

be flexible enough to handle future scalability without requiring significant reinvestment [209]. 

Table 15 introduces the evaluation process detailing key considerations. It provides a clear guide 

for decision-makers, helping them make informed choices by assessing risks and aligning EDM 

implementation with their organizational goals. The decision-making framework consists of 7 steps 

that business leaders should follow when deciding or making decisions for checking or testing if their 

business is aligned with the enterprise data management or if EDM is suitable for their business. 

Table 15. Decision-Making Framework for Implementation EDM. 

Step Step Description Description Key Questions 
Recommended 

Actions 

Step 

1 

Define Business 

Objectives and 

Data Needs 

Clearly define the 

business objectives 

for implementing 

EDM, focusing on 

goals like operational 

efficiency and data 

consistency. 

- What is the primary 

goal of implementing 

an EDM system?  

- What types of data 

are critical to our 

operations, and from 

which sources? 

- Conduct 

stakeholder 

interviews to gather 

input.  

- Document and 

prioritize business 

goals. 

Step 

2 

Determine 

Budget and 

Financial 

Strategy 

Establish a budget for 

implementation and 

maintenance, 

considering options 

like subscription 

models or freemium 

software. 

- What is the 

available budget?  

- Is a subscription 

model or freemium 

version more cost-

effective?  

- Will the EDM 

system fit into our 

long-term financial 

strategy? 

- Create a detailed 

budget plan.  

- Compare the costs 

of different models.  

- Consult with the 

finance team for 

insights. 

Step 

3 

Assess IT 

Infrastructure 

and Integration 

Capabilities 

Evaluate 

compatibility of the 

EDM system with 

existing IT 

infrastructure and 

integration with 

current tools (e.g., 

CRM, ERP). 

- Can the existing IT 

infrastructure 

support the EDM 

system?  

- Will the EDM 

system integrate with 

our current tools?  

- How can we ensure 

smooth data 

migration? 

- Conduct a technical 

assessment of 

current systems.  

- Identify integration 

points and potential 

upgrades. 
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Step 

4 

Ensure 

Scalability and 

Flexibility 

Ensure the EDM 

system can scale with 

the business and 

handle increased data 

volume and 

complexity over time. 

- Is the EDM system 

scalable for future 

growth?  

- Can it process data 

in  real-time without 

performance issues?  

- How does it handle 

increased data 

complexity? 

- Request scalability 

demos from 

vendors.  

- Plan for future data 

growth scenarios. 

Step 

5 

Evaluate Data 

Consistency and 

Standardization 

Assess the EDM 

system's ability to 

ensure data 

consistency and 

support standardized 

formats across 

different sources. 

- Does the EDM 

system support 

standardized data 

formats?  

- Can it create 

transformation rules 

for data 

harmonization?  

- How does it enforce 

data consistency? 

- Review existing 

data standards and 

practices.  

- Develop a data 

governance 

framework. 

Step 

6 

Test and Pilot the 

System 

Conduct a pilot 

project to test the 

EDM system in real-

world conditions 

before full 

implementation. 

- Which department 

should conduct the 

pilot?  

- What metrics will 

we use to evaluate 

success?  

- How can we 

optimize the system 

based on pilot 

results? 

- Select a low-risk 

department for the 

pilot.  

- Define clear success 

metrics and gather 

feedback. 

Step 

7 

Risk Assessment 

and Compliance 

Perform a thorough 

risk assessment to 

ensure the EDM 

system is secure, 

compliant, and 

reliable. 

- What are the 

potential risks?  

- Does the EDM 

system comply with 

relevant regulations?  

- What strategies are 

in place to mitigate 

these risks? 

- Conduct a risk 

analysis workshop.  

- Create a 

compliance checklist 

based on regulations 

like GDPR or 

HIPAA. 

The risk assessment Table 16 outlines potential risks associated with implementing an EDM 

system and real-time analytics, providing a comprehensive overview of the challenges organizations 

may face. Each risk is classified by its likelihood and potential impact on the organization, from data 

security concerns to system downtime and change resistance. The table highlights the consequences 

of each risk and suggests mitigation strategies to minimize these challenges. By identifying these risks 
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early, business leaders can better prepare for unforeseen complications, ensure smoother integration, 

and align the EDM system with organizational goals. 

Table 16. Risk Assessment Matrix for EDM System Implementation. 

Risk Description Likelihood Impacts 
Mitigation 

Strategy 

Recommended 

Actions 

Data 

Security 

Risk of 

breaches and 

unauthorized 

access to 

sensitive data 

High 

Financial loss, 

legal issues, 

reputational 

damage 

Implement 

strong 

encryption, 

access 

controls, and 

regular audits 

- Conduct a 

security audit. 

- Train 

employees on 

data security 

best practices. 

Integration 

Issues 

Challenges in 

integrating 

EDM with 

existing 

systems 

Medium 
Delays, 

increased costs 

Conduct a 

thorough IT 

infrastructure 

assessment to 

ensure 

compatibility 

- Map existing 

systems and 

workflows. 

- Engage IT 

experts for 

integration 

planning. 

Compliance 

Risks 

Failing to 

meet industry 

regulations 

(e.g., GDPR) 

Low 
Legal penalties, 

fines 

Establish 

compliance 

checks and 

data 

governance 

policies 

- Regularly 

review 

compliance 

requirements. 

- Appoint a 

compliance 

officer. 

System 

Downtime 

Risk of 

technical 

failures 

affecting real-

time analytics 

Medium 

Loss of data 

access, decision 

delays 

Invest in high-

availability 

infrastructure 

and failover 

systems 

- Implement 

regular system 

testing. 

- Create a 

disaster 

recovery plan. 

Cost 

Overruns 

Exceeding the 

budget due to 

unforeseen 

expenses 

Medium 

Strained 

resources, 

project delays 

Set a clear 

budget with 

contingencies 

for 

unexpected 

costs 

- Review 

budget 

regularly. 

- Involve 

finance in 

planning 

phases. 

Change 

Resistance 

Employee 

resistance to 

adopting new 

technology 

Medium 

Delayed 

implementation, 

reduced morale 

Provide 

training 

programs and 

change 

management 

support 

- Develop a 

communication 

plan to address 

concerns. 

- Involve 

employees in 
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the decision-

making 

process. 

7. Best Practices for Successful EDM Implementation 

When implementing EDM systems, these proven strategies ensure that businesses can avoid 

common pitfalls and achieve successful outcomes. This section outlines key practices and lessons 

learned from organizations that have successfully adopted EDM [211]. 

A Strong data governance framework as shown in Figure 29 ensures clear data ownership, 

accountability, and security, supported by policies for data integrity and regulatory compliance. 

Regular employee training and phased implementation help foster a data-driven culture, while 

ongoing education keeps skills up to date. Vendor selection should focus on scalability, system 

compatibility, and security, with flexible pricing models. Long-term partnerships with vendors 

provide necessary support, updates, and customization as the organization grows. 

 

Figure 29. Best Practices for Successful EDM Implementation. 

Organizations often face challenges in EDM implementation due to unclear objectives, poor data 

quality, and lack of scalability planning. The challenges are shown in figure 30. Setting measurable 

goals, prioritizing data standardization, and ensuring systems can handle future growth are critical. 

Employee engagement through continuous training is essential for successful adoption. 

Additionally, leveraging vendor support and customization ensures smooth system maintenance 

and scalability. Addressing these common pitfalls will enhance the effectiveness of EDM systems and 

align them with long-term business strategies. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 September 2024                   doi:10.20944/preprints202409.1913.v1

https://doi.org/10.20944/preprints202409.1913.v1


 46 

 

 

Figure 30. Common Pitfalls and How to Avoid Them. 

8. Scalability and cost optimization for SMEs  

Scalability and cost optimization are two major advantages of implementing EDM in a cloud 

environment, particularly for small and medium-sized businesses (SMEs). Because cloud-based 

solutions reduce upfront capital expenditure and let businesses pay only for the resources they use, 

they offer flexibility. Businesses can take advantage of Infrastructure-as-a-Service (IaaS) or Software-

as-a-Service (SaaS) models, which provide real-time data analytics and storage without the need for 

expensive maintenance, instead of heavily investing in physical servers and hardware [213]. 

Additionally, cloud platforms offer practically infinite scalability, allowing the EDM system to grow 

with the company without requiring major infrastructure overhauls. Furthermore, most cloud service 

providers include data backups, redundancy, and security features by default, which makes cloud-

based EDM not only affordable but also reliable and secure for growing businesses. 

The decision between on-premises and cloud-based solutions for implementing EDM in your 

expanding company is critical. EDM systems that are hosted in the cloud offer remarkable flexibility 

and scalability. They enable businesses to grow their data capacity without having to make significant 

upfront investments in physical infrastructure. Paying for only the services that are utilized with 

cloud services keeps expenses under control while allowing businesses to grow as needed. 

Conversely, on-premises systems can be customized for businesses with stringent data security or 

regulatory requirements, despite being initially more expensive. Although they require more regular 

upkeep and an initial larger capital investment, they provide more control. Because cloud solutions 

do not require expensive hardware, ongoing IT staff support, or maintenance, they are usually a more 
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affordable option for small and medium-sized businesses [213]. Because of its flexibility, the cloud is 

a great choice for companies that want to grow because it can scale their EDM system on demand. 

Careful planning is required from the beginning to guarantee that your EDM solution can scale 

as your business expands. To begin with, create a modular system that will let you add features 

without interfering with already running operations. For this, cloud-based EDM systems are 

especially helpful since they provide adaptable processing and storage capacities that can grow with 

your requirements. Make sure that the way your data management system is initially implemented 

facilitates seamless integration with additional tools and platforms so that it can progress with 

technology [214]. Plan for future requirements related to data governance and compliance as well, as 

these grow more intricate with scale. SMEs should concentrate on building an infrastructure that is 

future-proof and scalable without requiring exorbitant expenditures. Evaluate and modify your EDM 

system to align with your company’s growth trajectory, ensuring your data strategy supports not 

only current but future business objectives. 

9. Metrics and KPIs for Measuring EDM Success 

Effective EDM is essential for optimizing data-driven operations and improving business 

efficiency. To ensure success, EDM systems require objective Key Performance Indicators (KPIs) to 

track performance and align with organizational goals. This section outlines KPIs to help leaders 

assess EDM health, monitor data quality, and evaluate system efficiency and impact [215]. 

9.1. Operational KPIs 

9.1.1. Data Processing Time 

Data processing time is a crucial metric for evaluating the efficiency of an EDM system, as shown 

in Figure 31. This key performance indicator (KPI) tracks the duration required to process, clean, and 

organize data at various stages of the data lifecycle. Tools such as Apache NiFi, Talend, Apache 

Kafka, and Informatica PowerCenter can help reduce data processing time. Minimizing processing 

time not only enhances overall system performance but also accelerates the generation of insights. 

Faster data processing enables quicker decision-making, optimizes resource allocation, and supports 

real-time analytics for mission-critical operations. Implementing optimized algorithms, cloud-based 

data warehouses, and parallel processing frameworks like Hadoop or Spark can significantly 

decrease data processing time [216]. 

The framework for managing Key Performance Indicators (KPIs) is outlined to enhance 

operational outcomes such as Data Processing Time, Reduction in Operational Costs, and Improved 

Data Accuracy. The process begins by defining clear objectives and aligning KPIs with overarching 

business goals. Key metrics are identified to focus on critical areas like reducing processing time and 

improving data accuracy. This framework includes continuous monitoring and data collection to 

drive cost reduction and operational efficiency. Setting measurable targets allows for effective 

tracking of progress on operational KPIs, while periodic reviews support ongoing improvements. 

Figure 31 demonstrates this cyclical approach, highlighting how it systematically enhances the 

precision and efficiency of managing key operational metrics over time. 
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Figure 31. Five Steps of Operational KPIs. 

9.1.2. Reduction in Operational Costs 

A key objective of EDM is to streamline data management processes to reduce costs associated 

with data storage, retrieval, and maintenance. This KPI evaluates cost savings achieved through 

automation, improved data workflows, and efficient data storage strategies. The tools that can be 

used to reduce operational costs include AWS Cost Explorer, Azure Cost Management, Snowflake 

(with cost tracking), and Google Cloud Pricing Calculator. A successful EDM initiative could aim for 

a 10-25% reduction in operational costs within the first year by optimizing cloud storage, reducing 

redundant data, and automating manual processes [217].  

9.1.3. Improved Data Accuracy 

Data accuracy is vital for reliable decision-making and operational success. This KPI assesses the 

extent to which data in the EDM system is free from errors, inconsistencies, and duplications. By 

improving data accuracy, organizations reduce the risk of flawed analytics, poor decision outcomes, 

and operational inefficiencies. High data accuracy ensures that business leaders can trust the insights 

generated by EDM systems, leading to more effective strategies and operational execution. 

Improving data accuracy can be achieved by implementing automated data validation and cleansing 

tools like Talend Data Quality, Informatica Data Quality, IBM Infosphere Quality Stage, and 

Microsoft Power BI with Data Quality tools [217]. 

9.2. Customer-focused KPIs  
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The key performance indicators (KPIs) used to evaluate the effectiveness of an Enterprise Data 

Management (EDM) system are outlined in Table 17. These KPIs allow businesses to assess customer 

satisfaction, engagement, and retention in real time, providing valuable insights into system 

performance and identifying areas for improvement. The metrics offer a clear view of customer 

interactions with the system and how effectively it aligns with their needs. By monitoring these KPIs, 

companies can make data-driven adjustments to enhance the customer experience and optimize 

EDM system usage. 

Table 17. Customer-Focused KPIs. 

KPI Description Tools Insights 

Real-Time 

Customer 

Satisfaction 

Scores 

Measure customer satisfaction 

through real-time surveys, 

feedback forms, or sentiment 

analysis [218]. High scores 

indicate effective data 

management and customer 

responsiveness. 

Net Promoter Score 

(NPS), CSAT, 

SurveyMonkey, 

Qualtrics 

Prompt issue 

resolution and 

improvement of 

customer experience. 

Engagement 

Metrics 

Track customer interactions 

with the EDM system, such as 

usage frequency and duration 

[219]. High engagement reflects 

system usability and relevance. 

Google Analytics, 

Adobe Analytics, 

Salesforce, HubSpot 

High engagement 

suggests system 

effectiveness, while 

low engagement may 

indicate usability 

issues or gaps. 

Retention 

Rates 

Measure the percentage of 

customers who continue to use 

the system over time, reflecting 

long-term customer 

relationships [220]. 

CRR, Churn Rate, 

Mix panel, 

Amplitude 

High retention rates 

indicate customer 

satisfaction, while low 

rates suggest 

performance or service 

issues. 

9.3. Financial Metrics for Evaluating EDM Systems 

9.3.1. Return on Investment (ROI) of EDM Systems 

 Return on Investment (ROI) measures the financial return gained from investing in EDM 

systems compared to the cost of implementation. It helps quantify the value derived from the EDM 

system relative to its cost, providing insight into its financial effectiveness. Financial Analysis 

Software tools like Microsoft Excel or Google Sheets can be used for custom ROI calculations [221]. 

Business Intelligence (BI) tools such as Tableau or Power BI for visualizing ROI and integrating 

financial data from various sources. 

9.3.2. Cost Savings from Optimized Data Management 

Cost savings metrics measure the reduction in operational costs resulting from improved data 

management practices. Optimized data management can lead to efficiency gains, reduced 

redundancy, and lower data storage and handling costs. Enterprises can implement tools like SAP 

Cost Management or Oracle Cost Management for tracking and analyzing cost reductions, 

QuickBooks, or FreshBooks to monitor and record savings from optimized data management [222]. 
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9.3.3. Revenue Growth Linked to Data-Driven Decision-Making 

This metric evaluates the increase in revenue attributed to decisions made based on insights 

from data analysis. Effective EDM systems provide actionable insights that can drive revenue growth 

through targeted strategies and improved market responsiveness [223].BI and Analytics Platforms 

such as Google Analytics or Adobe Analytics to measure and analyze revenue growth associated 

with data-driven insights can be used as well as Customer Analytics Tools like Salesforce or HubSpot 

for tracking revenue changes and linking them to data-driven marketing and sales strategies. 

10. Customizing EDM for Different Industries 

Table When considering the implementation of Enterprise Data Management (EDM) systems, 

it’s crucial to address the specific needs of different industries to ensure optimal efficiency and 

compliance. Each sector healthcare, retail, and finance, has unique regulatory, operational, and 

security requirements that must be tailored to for a successful EDM implementation. 

To illustrate these needs and how to address them effectively, Table 18 provides a detailed 

overview of the key considerations for customizing EDM systems across these industries. This table 

highlights necessary customizations, essential features, and recommended actions tailored to each 

sector 

Table 18. Customizing EDM for Different Industries. 

Industry EDM Customization Key Features Action 

Healthcare 

EDM systems must comply with 

regulations like HIPAA. Strong 

data encryption and access 

controls are essential [224]. 

Integration with EHR is needed 

for smooth data flow. Real-time 

alerts help recognize critical 

patient data promptly. 

Data encryption, EHR 

integration, patient 

consent management, 

real-time alerts, billing 

and medical record 

management 

Implement 

encryption 

protocols, ensure 

EHR integration, 

configure real-time 

alerts for patient 

data management. 

Retail 

EDM systems should focus on 

inventory control and supply 

chain management, using real-

time data analytics for stock 

replenishment. Custom solutions 

need to facilitate data sharing 

between distributors, retailers, 

and suppliers [225]. 

Inventory control, 

supply chain logistics, 

customer data 

management, automated 

document processing for 

receipts/invoices 

Integrate real-time 

analytics for 

inventory, enable 

data sharing, 

automate 

document 

processing 

workflows. 

Finance 

Financial EDM systems must 

comply with GDPR and SOX, with 

strong security protocols. Custom 

solutions should include 

document tracking, auditing 

features, and integration with 

financial software for accurate 

reporting [226]. 

GDPR/SOX compliance, 

data security, document 

tracking/auditing, 

integration with financial 

systems, automated 

workflows 

Ensure security 

compliance, 

integrate with 

financial software, 

automate 

document tracking 

and approval 

workflows. 
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11. Future Trends in EDM and Business Intelligence 

Artificial Intelligence (AI) refers to the simulation of human intelligence in machines that are 

designed to perform tasks that typically require human cognitive functions, such as learning, 

reasoning, problem-solving, and decision-making. Machine Learning (ML) is a subset of AI that 

focuses on the development of algorithms and models that allow computers to learn from data and 

make predictions or decisions [227].  

The integration of AI and ML in EDM has transformed the way organizations harness their data 

for predictive analytics and advanced insights. AI and ML algorithms can automate the process of 

collecting, organizing, and analyzing vast amounts of structured and unstructured data from 

multiple sources [228]. This allows businesses to identify trends, predict outcomes, and make data-

driven decisions in real-time. In EDM, AI is often used to enhance data quality, streamline integration 

processes, and ensure that the right data is available for analysis at the right time. This leads to more 

accurate forecasting, improved business strategies, and greater operational efficiency. 

Furthermore, AI and ML enhance predictive analytics by uncovering complex patterns and 

correlations within data that traditional methods may overlook. These technologies allow businesses 

to perform advanced analysis, such as detecting anomalies, forecasting demand, or identifying 

potential risks before they materialize [229]. Through real-time data processing and model training, 

AI-driven EDM solutions continually evolve, becoming more precise over time. This continuous 

improvement ensures that businesses can stay agile, respond to market changes, and leverage data 

to maintain a competitive edge. By integrating AI and ML in EDM, organizations can unlock deeper 

insights, optimize performance, and drive innovation across their operations. 

Blockchain technology is an advanced database mechanism that allows transparent information 

sharing within a business network. A blockchain database stores data in blocks that are linked 

together in a chain. The data is chronologically consistent because you cannot delete or modify the 

chain without consensus from the network. As a result, you can use blockchain technology to create 

an unalterable or immutable ledger for tracking orders, payments, accounts, and other transactions 

[230]. The system has built-in mechanisms that prevent unauthorized transaction entries and create 

consistency in the shared view of these transactions. 

Blockchain technology has emerged as a powerful tool for enhancing data security and 

transparency in enterprise data management. Its decentralized, immutable nature ensures that once 

data is recorded on the blockchain, it cannot be altered or tampered with. This creates a secure and 

trustworthy environment for managing sensitive information, making it particularly valuable in 

industries such as finance, healthcare, and supply chain management, where data integrity is critical 

[231]. By distributing data across a network of nodes and using cryptographic hashing, blockchain 

provides robust protection against cyberattacks and unauthorized access, minimizing the risks of 

data breaches. This decentralized approach eliminates single points of failure, increasing system 

resilience. 

Furthermore, blockchain offers transparency by maintaining a public or permissioned ledger of 

all transactions or data exchanges, ensuring accountability and traceability. In EDM this can facilitate 

regulatory compliance, as businesses can easily provide verifiable audit trails and ensure data 

provenance. Smart contracts, another feature of blockchain, can automate data validation processes, 

further enhancing trust and reducing manual intervention [232]. As data security concerns grow 

alongside the increasing complexity of global data ecosystems, the integration of blockchain 

technology into EDM offers a promising solution to ensure secure, transparent, and auditable 

management. 

Edge computing is a distributed computing framework that brings enterprise applications closer 

to data sources such as IoT devices or local edge servers. This proximity to data at its source can 

deliver strong business benefits, including faster insights, improved response times, and better 

bandwidth availability [233]. 

Edge computing plays a crucial role in improving real-time data processing and decision-

making by bringing computational power closer to where data is generated, such as IoT devices, 

sensors, or local servers. This reduces the need to transmit large volumes of data to centralized cloud 
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systems for processing, significantly decreasing latency and enabling faster response times. In 

applications where real-time decision-making is critical—such as autonomous vehicles, smart 

manufacturing, or healthcare monitoring—edge computing ensures that data is processed locally and 

near-instantaneously, enhancing the system's ability to act on data in real-time [234]. 

Figure 32 demonstrates the evolution of Enterprise Data Management Between 2014 and 2024, 

EDM has undergone significant transformation. In 2014, data governance became a foundational 

concept as organizations recognized the need for structured policies to manage growing data 

volumes [237]. Cloud-based EDM emerged, allowing for scalable, flexible data storage and access. By 

2020, AI-driven data management gained traction, automating data processing, analytics, and 

decision-making. Data privacy and ethics also became critical due to increased regulations like GDPR 

(2018) and CCPA (2020), pushing organizations to prioritize secure and ethical data handling in EDM 

strategies. This decade marks a shift toward smarter, more regulated data ecosystems [correct citation 

to be added]. 

 

Figure 32. Evolution of Enterprise Data Management [134]. 

12. Regulatory and Compliance Considerations 

Organizations are held increasingly responsible for the management and security of sensitive 

data in today's data-driven environment. Companies are subject to strict requirements to ensure data 

privacy and security, including the California Consumer Privacy Act (CCPA) in the United States, 

the Protection of Personal Information Act (POPIA) in South Africa, and the General Data Protection 

Regulation (GDPR) in the European Union. By requiring organizations to gather, store, and handle 

personal data transparently and securely, these regulations give individuals greater control over the 

information about them [235]. Respecting these laws helps businesses preserve their reputation and 

gain the trust of their clients in addition to avoiding costly fines. An effective Enterprise Data 

Management (EDM) system helps ensure that data is properly managed throughout its lifecycle, from 

collection to disposal, while maintaining compliance with the latest regulations. 

Building a strong EDM system is essential for businesses looking to stay in compliance with 

changing data security regulations. To guarantee proactive and long-lasting regulatory compliance, 

EDM systems can be matched with legal requirements using a compliance roadmap. To secure 

sensitive information both in transit and at rest and lower the possibility of unauthorized access, data 

encryption is essential [236]. Furthermore, granular access control policies help prevent internal 

breaches by guaranteeing that only authorized personnel have access to data. Equally significant are 

audit trails, which offer a historical record of all actions about data. This is necessary to demonstrate 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 September 2024                   doi:10.20944/preprints202409.1913.v1

https://doi.org/10.20944/preprints202409.1913.v1


 53 

 

compliance in audits as well as to preserve operational transparency. Additionally, frequent updates 

and compliance examinations within the EDM system should be scheduled to accommodate changes 

in regulations or internal data policies 

13. Conclusions 

In this study, we have explored the transformative impact of Enterprise Data Management 

(EDM) on the operational efficiency, financial performance, and scalability of small and medium-

sized enterprises (SMEs), startups, and larger organizations. To translate these insights into 

actionable recommendations, businesses must prioritize real-time data integration across operations 

to enable faster decision-making and improved responsiveness to market changes. SMEs, for 

instance, should adopt lightweight, cost-effective tools such as cloud-based data platforms like 

Google BigQuery or AWS that facilitate real-time analytics without significant upfront investment, 

while larger enterprises should focus on advanced, scalable ecosystems that incorporate AI-driven 

analytics and machine learning for real-time insights at scale. Scalability is a critical concern for all 

businesses; startups and SMEs should begin with modular, cloud-based EDM solutions that offer 

flexibility to grow without major infrastructure changes, and larger enterprises should invest in 

hybrid solutions that combine on-premises and cloud-based technologies to handle large data 

volumes while maintaining control over sensitive information. Another crucial finding is the 

importance of data governance and quality in enhancing business performance. Both SMEs and large 

organizations must establish a strong governance framework that ensures data accuracy, consistency, 

and security, incorporating regular audits and real-time monitoring to improve decision-making and 

prevent costly errors. 

Furthermore, EDM systems can significantly improve operational efficiency by streamlining 

processes and reducing redundant workflows. SMEs should focus on automating key business 

functions like inventory management and customer service, while larger enterprises can leverage 

EDM to optimize complex processes such as supply chain management and predictive maintenance, 

utilizing AI and machine learning to reduce operational costs. Successful implementation of EDM 

also requires a workforce equipped to utilize these tools effectively, making employee training and 

change management essential. SMEs should ensure that key stakeholders are data literate and can 

engage with EDM tools, while larger organizations should implement comprehensive training 

programs to integrate advanced analytics into daily operations. Measuring the return on investment 

(ROI) is equally important to ensure that EDM systems deliver financial benefits. SMEs should 

monitor short-term ROI metrics such as cost savings and customer retention, ensuring that early 

investments lead to tangible financial improvements, whereas larger enterprises should combine 

operational key performance indicators (KPIs) with long-term cost savings and strategic performance 

insights, using predictive analytics to forecast the financial impacts of EDM implementation. Lastly, 

businesses of all sizes must comply with evolving data privacy and security regulations, such as 

GDPR. Implementing robust encryption and access controls is essential to safeguarding sensitive 

data, and businesses must regularly update EDM systems to maintain compliance with regulatory 

requirements. 
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