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Abstract: In recent years, Big Data (BD) has become a crucial tool for Small and Medium-sized Enterprises 

(SMEs), impacting their performance and growth in significant ways. This systematic literature review aims to 

analyze the effects of BD on SMEs by examining 93 research papers published from 2014 to 2024. Employing 

the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) framework, the review 

focuses on key drivers and barriers to BD adoption, including business improvement, economic performance, 

and revenue growth. The methodology involved a comprehensive analysis of research methodologies used in 

the studies, addressing biases, gaps, and the need for diverse approaches. The findings reveal that while BD 

has led to notable enhancements in operational efficiency and revenue for many SMEs, challenges such as 

limited resources and technical expertise remain. A significant reporting bias was observed, with 47% of the 

literature comprising quantitative studies, followed by 28% case studies, while mixed-methods and qualitative 

studies were underrepresented (22% and 17%, respectively). This imbalance suggests a potential overemphasis 

on quantitative approaches, limiting the diversity of insights available. Addressing these biases is essential to 

fully harness the potential of BD for SMEs to drive innovation, enhance competitiveness, and achieve better 

performance in the increasingly data-driven business environment. 
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1. Introduction 

Data has become a fundamental asset, shaping how businesses operate and strategize globally. 

The rise of digital technologies has triggered an immense surge in the amount of data generated 

across different platforms, such as social media, online shopping, and various digital tools. This 

phenomenon, known as Big Data, offers businesses extraordinary opportunities to gain insights into 

their internal processes, customer behaviours, and the broader market landscape [1]. For small and 

medium-sized enterprises (SMEs), which are crucial for economic development and innovation, the 

ability to harness Big Data is especially important. By adopting Big Data, SMEs can convert large 

datasets into practical intelligence, enabling them to refine business strategies, improve marketing 

effectiveness, boost competitiveness, and enhance overall performance. However, effectively 

utilizing Big Data is not without challenges, particularly for smaller companies that may lack 

resources and expertise [2–4]. 

Despite the clear advantages of data analytics, its adoption among SMEs remains lower than 

expected, especially when compared to larger organizations that are more actively embracing Big 

Data for decision-making and performance optimization. Several factors contribute to this slow 

adoption [5–7]. Financial limitations pose a major hurdle, as the costs associated with implementing 

and maintaining sophisticated data analytics systems can be too high for smaller firms. In addition, 

many SMEs do not have the technical knowledge required to fully utilize Big Data. The complexity 

of Big Data tools, combined with the shortage of skilled professionals, aggravate the challenges SMEs 

face. Moreover, organizational culture plays a significant role in the adoption of new technologies. In 

many SMEs, traditional attitudes can create resistance to change, making it hard to integrate data-

driven approaches into existing business models [9,10]. 
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Technological maturity is another key challenge for SMEs. Unlike larger companies, which often 

have well-established IT infrastructures and dedicated teams for managing data initiatives, SMEs 

may still rely on outdated systems with limited technological capabilities [11]. This lack of advanced 

technology not only hinders their ability to collect and analyze data effectively but also impedes 

overall digital transformation. Additionally, much of the research on Big Data tends to focus on larger 

enterprises, which often have different characteristics than SMEs. This generalization fails to account 

for the unique organizational structures, resource constraints, and market dynamics of smaller 

businesses, necessitating a more tailored understanding of the factors driving Big Data adoption in 

SMEs [12,13]. 

Given the significant role of SMEs in the global economy, addressing these challenges is 

essential. SMEs make up most businesses around the world and are key drivers of employment, 

innovation, and economic growth. As the digital economy grows, the ability of SMEs to remain 

competitive will increasingly rely on their capacity to utilize data-driven insights [17–19]. However, 

existing research on Big Data adoption in SMEs is limited, with most studies focusing on larger 

enterprises. This gap is concerning, especially as SMEs need to adapt quickly to the demands of the 

digital era. Without a clear understanding of the specific factors influencing data analytics adoption 

in SMEs, they risk being left behind in an increasingly competitive market [13,14]. 

This systematic literature review aims to fill this gap by analyzing the impact of Big Data on 

SME performance. Through a review of existing research, the study seeks to identify the key drivers 

and barriers that affect data analytics adoption in SMEs. The review will focus on challenges such as 

financial constraints, lack of technical expertise, organizational culture, and technological maturity, 

exploring how these factors shape SMEs' ability to leverage Big Data [14,15]. Additionally, the review 

will assess the broader impact of Big Data adoption on SME performance, highlighting potential 

benefits in terms of innovation, competitiveness, and responsiveness to market changes. This analysis 

will provide valuable insights for academic researchers and SME managers alike, offering practical 

recommendations to overcome barriers and improve SME performance through Big Data [15,16]. 

Ultimately, this research adds to the ongoing discussion on information systems and 

technological innovation by emphasizing the critical role of Big Data in the future success of SMEs. 

By focusing on the specific challenges and opportunities unique to SMEs, the review provides a fresh 

perspective on the factors influencing Big Data adoption in smaller businesses [17,18]. The findings 

will inform future research and policy aimed at supporting SMEs in their digital transformation. 

Additionally, these insights will be invaluable for SME managers as they navigate the complexities 

of Big Data, enabling them to build more data-driven organizations and remain competitive in the 

global market. As SMEs continue to face the pressures of digital transformation and increased 

competition, their ability to harness Big Data will be a key factor in determining their success moving 

forward [19,20]. 

Table 1 looks at different reviews and studies about how Big Data is changing things for small 

and medium-sized enterprises (SMEs). It breaks down what each study adds to the conversation, 

how many times they've been cited, when they were published, and what’s good and bad about them. 

By comparing these studies, we can see what’s been covered and where there are still gaps. This table 

sets the stage for our review, showing how we can fill in the blanks and bring some fresh ideas to the 

table. 

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

Ref. Cites Year Contribution Pros Cons 

[21] 1583 2016 

Developed a Big Data 

Capabilities model 

integrating management, 

technology, and talent 

dimensions, validated 

through Delphi studies 

and surveys. 

Highlights the importance 

of aligning analytics 

capabilities with business 

strategy; Provides a 

hierarchical model of Big 

Data Capabilities. 

Lacks detailed empirical 

evidence on the direct 

impact of BDC on firm 

performance; Potentially 

limited generalizability of 

findings. 
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[22] 233 2017 

Proposed a Big Data 

adoption model for Indian 

firms using PSV and TOE 

frameworks. 

Insights into Big Data 

adoption in emerging 

economies; practical for 

managers. 

Limited generalizability; 

small sample size. 

[23] 54 2018 

Review of Big Data as a 

source of competitive 

advantage 

Identifies key benefits and 

sources of competitive 

advantage from Big Data; 

Practical implications for 

various industries 

Requires managerial 

awareness for effective 

implementation; Focuses 

on conceptual benefits 

without in-depth 

empirical analysis 

[24] 50 2019 

The adoption of Big Data 

in international marketing 

is still in the early stages, 

especially in SMEs and 

developing countries. 

Provides insights into the 

current state of Big Data 

adoption in 

internationalization and 

highlights future research 

directions, focusing on 

international marketing. 

Limited research on Big 

Data adoption in 

international marketing, 

especially among SMEs 

and in developing 

countries. 

[25] 3 2019 
BI in Decision Support 

Systems 

Enhances decision-

making quality, supports 

strategic decisions, 

improves efficiency 

Requires complex setup, 

can be costly, data 

integration challenges 

[26] 24 2020 

Review of DM and KM in 

small transport SMEs, 

proposing new 

assessment tool. 

The framework highlights 

DM-KM benefits for 

SMEs, especially in 

transportation. 

Limited empirical 

evidence on SMEs in 

transportation; research 

relies on literature. 

[27] 54 2021 

Comprehensive 

identification of the 

impact of open innovation 

on company performance 

through a systematic 

literature review. 

Provides a clear picture of 

the importance of 

organizational readiness 

for open innovation. 

Focuses primarily on the 

management domain, 

potentially limiting 

applicability to other 

fields 

[28] 108 2021 

Review and bibliometric 

analysis of Big Data 

adoption 

A broad analysis of big 

data across sectors; 

Highlights research gaps 

and trends 

Limited to English 

studies; May miss 

relevant research due to 

keyword selection 

[29] 159 2021 

IoT and Big Data in 

Supply Chain Decision-

making: A review. 

Promotes autonomous 

decision-making and 

distributed data 

processing. 

Challenges in fully 

leveraging IoT-generated 

data for SCM decisions 

due to limited autonomy. 

[30] 15 2021 

A systematic review of 

Big Data adoption 

challenges in Malaysian 

SMEs. 

Highlights Lessig's Four 

Modalities' relevance and 

SMEs' challenges insights. 

Limited to Malaysian 

SMEs, focus on literature 

review rather than 

empirical data. 

[31] 25 2022 

Analyzed the impact of 

inventory management on 

SMEs' operational 

performance using 

bibliometric and 

systematic review 

methods. 

Revealed trends and gaps 

in inventory management 

research. Identified 

emerging themes and 

technologies. 

Limited to articles only in 

English and from Scopus; 

some papers only 

addressed IM or OP 

separately. 

[32] 11 2022 
Development of a Big 

Data Adoption Model in 

Comprehensive, 

structured approach; 

Lacks practical details, 

may miss contexts; Too 
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B2B, Four-Category 

Classification, Systematic 

Literature Review 

Clarifies adoption 

motives; Broad view 

identifies research gaps 

theoretical, may miss 

nuances; May miss trends, 

lacks empirical validation 

[33] 246 2022 

Overview of Big Data in 

intelligent manufacturing; 

proposes a decision-

making framework. 

Provides theoretical basis 

and practical insights; 

highlights real-time 

dynamic perception. 

Limited to one year; may 

not cover emerging 

technologies beyond 2021. 

[34] 3 2023 

Examined factors 

influencing the adoption 

of Big Data in SMEs, 

identifying 13 key factors. 

Provides a thorough 

analysis with practical 

insights, enhances 

academic understanding, 

useful for SMEs. 

Focuses mainly on SMEs 

and may overlook some 

emerging trends or 

factors. 

[35] 19 2023 

Analyzed COVID-19 

impact on SMEs' supply 

chains 

Provides current insights 
Limited to a specific 

population 

[36] 111 2023 

Reviewed the use of data 

science in SMEs' digital 

marketing strategies. 

Identified seven state-of-

the-art uses and proposed 

four future research 

directions. 

Provides a comprehensive 

overview of current data 

science applications in 

SMEs; identifies gaps and 

future research areas. 

Limited to existing 

literature; may not fully 

capture emerging trends 

in data science. 

[37] 9 2023 

A systematic review of 

Cloud ERP, linking 

enablers and barriers to 

innovation outcomes. 

A thorough analysis of 

benefits and challenges, a 

useful framework, 

identifies future research 

areas. 

Limited to literature up to 

February 2022; primarily 

based on Indian studies; 

lacks some empirical data. 

[38] 161 2023 

Identified initial steps for 

MSMEs in digital 

transformation 

Empowers MSMEs, 

fosters innovation, and 

enhances reputation 

Requires cultural change 

and stakeholder 

management 

[39] 0 2024 

The paper examines how 

Industry 4.0 skills impact 

sustainable 

manufacturing in SMEs, 

highlighting rational 

culture's moderating 

effect and stressing the 

need for these 

competencies to boost 

sustainability. 

The study offers insight 

into how Industry 4.0 

competencies can boost 

sustainable 

manufacturing for SMEs, 

identifies literature gaps, 

and underscores the 

moderating role of 

rational culture. 

The study's focus on 

Malaysian SMEs may 

limit its broader 

applicability, and reliance 

on existing literature 

might overlook recent 

Industry 4.0 and 

sustainable 

manufacturing trends. 

[40] 6 2024 

Reviews the impact of 

inventory management 

practices on SMEs’ 

operational performance 

through bibliometric and 

systematic analysis. 

Highlights key inventory 

management strategies, 

identifies research gaps, 

and provides a roadmap 

for future studies. 

Focuses broadly on 

inventory management 

without in-depth analysis 

of specific practices or 

technologies. 

[41] 2 2024 

Examines cloud 

computing's role in the 

circular economy for 

SMEs using TOE and 

institutional isomorphism 

frameworks. 

A comprehensive 

framework identifies 

research gaps and 

rigorous methodology. 

Limited empirical data on 

cloud computing's 

impact, and complex 

framework. 
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[42] 0 2024 

The paper explores the 

negative implications of 

Industry 4.0 on 

sustainability and 

presents a framework for 

addressing these issues. 

It highlights Industry 4.0's 

negative impacts like job 

loss, wage gaps, and 

environmental issues, and 

suggests ways to address 

them. 

The emphasis on negative 

impacts may overshadow 

Industry 4.0's benefits and 

relies mainly on Indian 

literature with limited 

empirical data. 

[43] 1 2024 

Systematic review of 

integrating analytics in 

Enterprise Information 

Systems (EISs) 

A comprehensive review 

of global literature; 

Highlights adoption 

challenges and strategic 

impacts; Utilizes PRISMA 

2020 and TOE framework 

May overlook non-

English studies; Limited 

by selected databases and 

search terms 

[44] 50 2024 

Systematic review of 

business analytics for 

competitive advantage in 

emerging markets 

Comprehensive analysis 

of recent literature; 

Identifies key impacts and 

challenges 

Excludes non-English and 

non-peer-reviewed 

sources; Limited to recent 

publications 

Proposed 

systematic  

review 

Integrates research on Big 

Data applications for 

SMEs, and examines 

different setups, 

performance indicators, 

and sustainability for 

improving business 

outcomes. Also, 

introduces innovative 

regression models to 

assess various financial 

aspects of SME 

operations. 

Comprehensive insight 

highlights research 

deficiencies, essential for 

future investigations. 

 

A research gap exists in studies examining the impact of Big Data on SME performance due to 

the limited focus on specific industries and geographic contexts, particularly in developing countries. 

While several studies explore the benefits and challenges of Big Data adoption, there is a lack of 

comprehensive empirical evidence on how Big Data directly influences operational efficiency, 

revenue growth, and long-term business sustainability across diverse SME environments. 

Additionally, emerging technologies and trends, such as IoT and real-time analytics, remain 

underexplored, especially regarding their practical application and scalability for SMEs in resource-

constrained settings. Moreover, many existing studies focus on developed economies, overlooking 

the unique barriers faced by SMEs in developing regions. These gaps indicate a need for updated, in-

depth, and context-specific research that addresses these overlooked areas. 

1.1. Research Questions 

In this research, we investigate the influence of Big Data on the efficiency of small and medium-

sized enterprises (SMEs). The study delves into how Big Data can improve SMEs' functioning, 

highlighting both the advantages and obstacles faced in its application. The following research 

questions aim to provide insights into these aspects to better understand the effective use of Big Data 

in SME’s performance: 

• How does Big Data capability impact SME's performance? 

• What are the critical factors influencing the successful implementation of Big Data on SMEs? 

• How can the awareness/comprehension of Big Data concerning SMEs be utilized to strengthen 

productivity? 
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• What are the potential implications and consequences of altering the form of information in the 

context of Big Data? 

• What obstacles do SMEs encounter when they try to incorporate Big Data into their current 

systems and operations? 

1.2. Rationale 

The fast progress of information and communication technologies has led to an increase in data 

generation providing opportunities for businesses to stay competitive and relevant. Nonetheless, just 

investing in Big Data (BD) tools isn't enough, companies need capabilities to manage and utilize these 

large volumes of data effectively. This challenge is especially critical for small and medium-sized 

enterprises (SMEs) that play a key role in the economy but often lack the resources and expertise 

required for the successful adoption of Big Data. Research shows that BD has the potential to boost 

business innovation, competitiveness, and decision-making processes. However, it also points out 

the challenges SMEs encounter, such as a lack of strategy, skills, and organizational culture that can 

prevent the implementation of BD.  

Furthermore, how BD influences performance enhancements through business models, 

knowledge management and digital transformation remains unclear for SMEs. Our systematic 

literature review of existing literature aims to fill these gaps by strengthening insights from studies 

investigating the impact of BD on SME performance. By investigating how BD capabilities impact 

performance and recognizing the factors that drive or hinder BD adoption, we aim to offer an 

understanding of how SMEs can efficiently utilize Big Data. This research will add to the 

conversations about transformation in SMEs and provide useful guidance for leaders and 

policymakers to promote BD adoption and boost SME success. 

1.3. Objectives 

The main objective of this analysis of existing literature is to provide an understanding of how 

the utilization of Big Data (BD) impacts the effectiveness of small and medium-sized enterprises 

(SMEs) particularly in terms of improving operational efficiency fostering innovation and enhancing 

competitiveness. This systematic literature review aims to analyze the elements that play a role in the 

implementation and incorporation of BD within SMEs highlighting the significance of strategy, 

expertise and organizational culture. By delving into how an enhanced awareness of BD can boost 

efficiency and facilitate business expansion, this research also evaluates the outcomes of alterations 

in data formats and structures within the context of BD. Ultimately this assessment strives to 

recognize hurdles and obstacles that SMEs encounter when integrating BD into their operations 

providing insights and recommendations for leaders and policymakers to encourage effective digital 

transformation, within this sector. 

1.4. Research Contribution 

This research emerged from investing in the influence Big Data (BD) has on the performance of 

SMEs concerning BD capabilities integration and Knowledge Management (KM) practices. The 

research contributes in the following multiple ways: 

• To analyze how BD capabilities affect SME performance, this paper conducts a detailed 

empirical study using structural equation modelling. Using data from SME studies, we show 

that advanced BD capabilities (technology itself as well as managerial support) have positive 

effects on SME performance thus indicating potential return-investment for improved business 

analytics in small and medium-sized enterprises. 

• How knowledge management mediates the relationship between BD capabilities and SME 

performance is examined. We also highlight that the benefits of BD can be amplified by 

deploying KM practices, highlighting integration at a techno-human level in knowledge and 

learning processes are essential to realize performance improvements.  

• The study further helps in theorizing BD by relating it with KM and performance outcomes. This 

theoretically comprehended study is a road map for using Big Data and offers implications for 
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the practising owner/manager of an SME looking to improve competitive advantages through 

better data-driven knowledge. 

1.5. Research Novelty 

This study presents a unique contribution to the field. Based on our thorough investigation, there 

is currently no study that comprehensively evaluates the influence of Big Data on SME performance, 

with a specific focus on the factors enabling or hindering its adoption. Our systematic literature 

review addresses this gap by identifying key drivers and barriers to Big Data adoption and assessing 

their effects on SMEs. We delve into less explored areas such as financial limitations, the lack of 

technical expertise, organizational culture, and the technological readiness of SMEs, which impact 

their ability to harness Big Data. Through this work, we provide targeted insights and practical 

recommendations specifically designed for SMEs, helping them better integrate Big Data 

technologies to improve their operational outcomes. 

2. Materials and Methods 

This section outlines the steps for carrying out a review of how Big Data influences the 

effectiveness of small and medium-sized enterprises (SMEs). The review examines studies from the 

past decade particularly concentrating on research released between 2014 and 2024. The 

methodology includes guidelines for selecting studies, data origins, and the method employed to 

examine the collected literature laying the foundation for an in-depth examination of each aspect in 

the following sections. Figure 1 shows the proposed structure to be followed for this study. 

 

Figure 1. SLR Flow Diagram. 

2.1. Eligibility Criteria 

A thorough examination was conducted on all research papers that have been peer-reviewed 

and published which are relevant to studying how Big Data affects the performance of small and 

medium-sized enterprises (SMEs). The analysis specifically focused on research articles in English 

that delve into the impact of data on SME performance between 2014 and 2024. Firm inclusion and 

exclusion criteria were used to select research papers that emphasize the influence of data on SME 

performance while excluding studies, to this topic. Only peer-reviewed research addressing the 

aspects of how data impacts SME performance was considered for this review. Table 2 provided 

below outlines the inclusion and exclusion criteria for this study. 

Introduction

Research Questions

Methodology
Study Selection 

Criteria

Data Extraction

Results Conclusion
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Table 2. Proposed Inclusion and Exclusion Criteria. 

Criteria Inclusion Exclusion 

Topic 
Articles must focus on the Impact of Big 

Data on SME Performance. 

Articles unrelated to the Impact of Big 

Data on SME performance. 

Research 

Framework 

The articles must comprise a research 

framework for the Impact of Big Data 

on SME performance. 

Articles with inadequate research 

framework focusing on the Impact of 

Big Data on SME performance. 

Language Papers written in English Papers not written in English 

Publication Period Publications between 2014 and 2024 Publications outside 2014 and 2024 

2.2. Information Sources 

In this analysis we used three databases to conduct this systematic review, Google Scholar, Web 

of Science, and Scopus. We carefully reviewed a range of research papers based on their study 

specifics, context, methodologies, results, and implications. These references were also used to 

explore related published materials such as conference papers, journal articles, book chapters, 

dissertations, and theses. 

2.3. Search Strategy 

Figure 2 below shows the step-by-step approach to carrying out a systematic review starting 

with formulating research questions. These questions help in choosing a research methodology, 

encompassing a Systematic Literature Review (SLR) planning establishing inclusion and exclusion 

criteria selecting research resources, and picking search terms. Subsequently, the procedure 

progresses to picking research articles through a search process and evaluation which is crucial for 

ensuring high-quality references. The subsequent phase includes extracting data from the chosen 

research articles while concentrating on evaluating data integrity. Lastly, the execution phase of the 

research data involves compiling data to address the research questions concluding the research 

procedure. 

 

Figure 2. Procedures and Stages of the Review. 

The search strategy presented in Table 3 used logical operators "AND" and "OR" to identify 

pertinent studies. The keyword search used for this research is ("Big Data" OR "Data Analytics" OR 

"Data Mining") AND ("SMEs" OR "Small and Medium Enterprises" OR "Small and Medium-sized 

Businesses" OR "Small and Medium-sized Enterprises") AND ("Performance" OR "Business 

Research Questions

1. Research Methodology

2. SLR Planning
•Inclusion & Exclusion Criteria

•Research Source
•Search Keywords

3. Research Papers Selection
•Search Procedure

•Inspection

4. Research Papers Extraction 
•Analysis of Data

5. Research Data 
Execution

• Collation of Data
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Performance" OR "Organizational Performance" OR "Operational Performance" OR "Financial 

Performance") AND ("Impact" OR "Effect" OR "Influence" OR "Role"). 

Table 3. Search Terms Used in SLR. 

Search Terms 
Data 

Bases 
Fields 

Big Data  

OR Data 

Analytics  

OR Data 

Mining 

AND 

SMEs 

OR Small and 

Medium 

Enterprises  

OR Small and 

Medium-sized 

Businesses 

AND 

Performance 

OR Business 

Performance  

OR Organizational 

Performance 

AND 

Impact 

OR Effect 

OR 

Influence 

OR Role 

Google 

Scholar 

Web of 

Science 

SCOPUS 

Title, 

Abstract 

Keywords 

1 These terms were only used when the search for "Big Data" AND "SME performance" did not produce the 

expected results. 

2.4. Selection Process 

To ensure a relevant collection of papers, for the review on "The impact of Big Data on SME 

performance " a strict selection process was put in place. Reviewers followed a procedure to choose 

papers for the systematic review on "The impact of Big Data on SME performance." They utilized a 

search code with keywords like "Big Data ", "Data Analytics," and "Data Mining," along with terms 

related to SMEs, performance and impact. Each reviewer was assigned a database—Web of Science, 

Scopus or Google Scholar—to gather research papers. Initially, each reviewer gathered 104 papers, 

which were then screened based on inclusion criteria; relevance to the topic, presence of a research 

framework addressing the impact of Big Data on SME performance, publication in English and 

publication dates ranging from 2014 to 2024. Exclusion criteria were also applied to sort out studies. 

The chosen papers were documented in an Excel spreadsheet for assessment. A secondary review 

was conducted by reviewers to confirm adherence to the inclusion criteria and address any 

inconsistencies by removing papers as necessary to maintain the accuracy and relevance of the data. 

2.5. Data Collection Process 

The following section outlines the overview of the data collection process as demonstrated in 

Figure 3, on the number of reviewers whether they work alone or together methods for acquiring and 

confirming information, from study researchers, and online database tools used during the collection 

process. During our data collection process, we gathered information from the University of 

Johannesburg (UJ) library database using the Web of Science and Scopus platforms. Our search was 

based on a search code focusing on English language papers published between 2014 and 2024. Our 

selection criteria encompassed journal articles, conference papers, textbook chapters, theses and 

dissertations. After refining our search parameters, we identified 233 studies on the Web of Science 

and 13 studies from Scopus.  

To streamline our work and prevent duplication we divided the articles among three authors. 

Each author was assigned a time frame; one handled 2014 to 2016 another 2017 to 2020. A third 2021, 

to 2024. This method ensured that no duplicate papers were included in our research. Each author 

independently collected data. We shared the Excel document online for real-time editing and 

collaboration. Once the initial data entry phase concluded all three authors jointly reviewed the Excel 

sheet to validate data accuracy. In instances of divergences like misidentifying paper types, we 

referred to the documents for corrections. The data collection method was also used on the Google 

Scholar database. We divided the papers we had into groups of 3 for each reviewer. 

We collectively decided to include 64 papers from Google Scholar in our analysis. To make sure 

these papers are relevant we started by going through the abstracts, delved into the introductions 

and lastly double checked the topic names and keywords to ensure they matched our research focus. 
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Additionally, we considered the number of citations, as a measure of the paper's influence and 

credibility. Moreover, every reviewer personally chose papers from Google Scholar since there was 

no extraction feature like Web of Science and SCOPUS. 

 

Figure 3. Data Collection Process Flowchart. 

2.6. Data Items 

In this Systematic Literature Review, the focus is on gathering information that delves into the 

effects of Big Data on small and medium-sized enterprises (SMEs). The outcomes are grouped 

according to research questions to ensure a grasp of the topic. 

2.6.1. Results and Data Collection 

These conducted outcomes focus on increased profits, enhanced efficiency, improved customer 

satisfaction and expanded market presence. These outcomes showcase how SMEs can enhance their 

performance through Big Data facilitating decision-making based on data encouraging innovation 

and gaining an advantage. Furthermore, while investigating the factors that impact the integration 

of Big Data on SMEs. The discovered factors include having personnel solid technological 

infrastructure, support from leadership, financial resources, high-quality data and readiness within 

the organizational culture. Understanding these elements is crucial for determining what conditions 

are required Equally important, sought-after outcomes include increased employee efficiency, 

adoption of data-driven practices, improved process optimization, more effective resource allocation 

and increased competitive edge. These outcomes demonstrate how familiarity with and 
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understanding of Big Data can boost productivity levels in SMEs. We seek outcomes such as 

improved data usability, data accessibility, increased data accuracy, possible dangers of data 

mishandling or misreading enhanced interaction and increased adherence. These results indicate the 

effects and outcomes of modifying data structures within the context of data examination. Finally, 

the outcomes of the difficulties SMEs encounter when trying to implement Big Data (BD). These 

challenges include setup costs, shortage of staff, worries about data privacy, technological hurdles 

reluctance to change problems with data accuracy and constraints, in expanding operations.  

These findings underscore the obstacles that could impede SMEs from embracing and 

incorporating data into their operations. The impact of data on performance was studied in 25 

different research projects, each using various methods and producing different results. This 

demonstrates the nature of this relationship. Several studies, like "Big Data Adoption, Firm 

Performance" (2020), "The Impact of Big Data Adoption on SMEs Performance" (2021) and "The 

Integration of Sustainable Technology and Big Data Analytics in SMEs" (2024) utilized quantitative 

approaches such as surveys and Structural Equation Modeling (SEM) to evaluate how Big Data 

affects firm performance. These studies aimed to analyze aspects of performance including 

operational and sustainable dimensions, by collecting survey data and employing advanced 

statistical methods. Along the same line the study titled "Examining Marketing Performance and Big 

Data Usage Amid the COVID-19 Crisis; A Case Study of Small and Medium Enterprises, in 

Indonesia" (2021) along with the research on "Exploring Data Mining Models for Medium Enterprises 

in the Transportation Industry through Big Data Analytics" (2018) and "Big Data Analytics—A 

Review of Data-Mining Models for Small and Medium Enterprises in the Transportation Sector" 

(2018) utilized quantitative analysis techniques to investigate how big data impacts various aspects 

of performance such as marketing strategies and resource management. These studies employed 

approaches to extract insights from the gathered data following the process in Figure 4. 

 

Figure 4. Initiated Data Items Process. 

The listed principal elements employed in assessing the effect of Big Data on the performance of 

SME systems. The figure gives the most important elements, their techniques and results that 

determine the efficiency of Big Data usage in the said enterprises. 

2.6.2. Contributor Characteristics 

This section gives the general characteristics of the contributors to the research studies and the 

specific studies that were covered in the evaluation. Table 4 describes the year of publication, the 

databases used, the publications reviewed, and so on. The objective is to define and particularly 

Evalauate outcomes Gather variables Weigh outcomes

Enforce selection 
criteria

Identify reliable dataAddress data gaps
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describe the key variables such as design, techniques and others with relevant aspects of the 

considered studies. Studies such as, "Digital-related Capabilities and Financial Performance: The 

Mediating Effect of Performance Measurement Systems" (2020) and "Unraveling the Transformation: 

The Three-Wave Time-Lagged Study on Big Data, Green Innovation, and Their Impact on Economic 

and Environmental Performance in Manufacturing SMEs" (2024), utilized a mix of quantitative 

methods like case studies and time-lagged designs to explore how advancements and environmental 

initiatives influence financial, environmental and competitive outcomes. Furthermore, some 

investigations such as "Green Data Analytics, Blockchain Technology for Sustainable Development 

focused on sustainability aspects such as Big Data, blockchain technology for development and 

sustainable supply chain practices in small and medium-sized enterprises.” They employed methods 

like Least Squares SEM to analyze the impact of Big Data on supply chain management and corporate 

performance while emphasizing sustainable practices in line with circular economy principles. 

Table 4. Proposed Risk of Bias. 

Fields Description Selections 

Title The name of the research article or paper. None 

Year The publication year of the study. None 

Online database 
The database where the article was 

sourced. 

Google Scholar, SCOPUS, Web 

of Science 

Journal name 

Represents data as slices of a whole, ideal 

for showing proportional or percentage 

distribution of categories. 

None 

Research type 

Shows parts of a whole, allowing multiple 

variables to be represented in the same 

category for easier comparison. 

Article journal, conference 

paper, book chapter, 

dissertation, thesis 

Cites 

Plots individual data points on an X and Y 

axis to explore relationships or correlations 

between two variables. 

None 

Discipline or subject area 

Uses colour coding to represent data 

intensity or frequency, useful for spotting 

patterns in large datasets. 

Big Data, SME performance, 

Business Analytics 

Industry Context 
The industry or sector the research is 

focused on 

SME’s, startups, small 

businesses 

Geographic location 
The region or country where the study 

was conducted or focused. 
None 

Economic context The economic environment of the study Developed, developing 

Types of Big Data 

technologies 

The specific Big Data technologies used in 

the research 

Hadoop, Spark, NoSQL 

databases 

Big Data analytics 

techniques 
The analytical methods employed 

Machine learning, data 

mining, predictive analytics 

Technology providers 
Companies or organizations providing the 

technology 

Cloudera, Hortonworks, IBM, 

AWS 

Technology 

implementation model 
The mode of technology deployment 

On-premises, cloud-based, 

hybrid 

Research design The design of the study 

Experimental, quasi-

experimental, case study, 

survey 

Type of Study The methodology used 
Qualitative, quantitative, and 

Mixed methods 

Sample size 
The number of participants or entities 

involved in the study. 
None 
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Sample characteristics 
Demographic or specific features of the 

sample 

SME’s, Big Data, IT 

professionals 

Data collection methods Techniques used to gather data 

Interviews, surveys, 

observations, document 

analysis 

Big Data techniques Methods used to analyze the data 
Statistical analysis, thematic 

analysis 

IT performance metrics 
Measures related to technological 

performance 

Data processing speed, 

scalability, data accuracy 

Business performance Measures of business outcomes 
Operational efficiency, 

revenue growth, cost savings 

Organizational outcomes Results related to the organization 
Employee satisfaction, 

customer satisfaction 

Long-term impacts The extended effects of the study findings 
Business sustainability, 

competitive advantage 

With respect to all the studies included, it was reported that there were no external funding 

sources. These characteristics provide all possible aspects of the reader of the articles who examines 

the respective research studies. This overview further highlights the significance of the study by 

explaining the actual problems of Big Data usage and its contribution to organizational performance 

as well as sustainability. 

2.7. Study Risk of Bias Assessment 

During our review, we investigated the potential for bias by examining the quality of the studies 

based on the criteria for our research topic. Three reviewers conducted this assessment. Each reviewer 

independently analyzed the studies for objectivity as shown in Table 5 below followed by a 

discussion to reach a consensus on the bias risk for each study. No automated tools or software were 

involved in this assessment process. We manually reviewed the methodologies and results of each 

study. Bias risk was determined based on factors such as study design relevance, sample size, and 

data collection methods. Studies with transparent methodologies were considered to have bias risks. 

We also inspected any conflicts of interest or funding sources that could impact study outcomes, 

giving preference to studies that openly disclosed conflicts. 

Table 5. Proposed Risk of Bias Assessment. 

Ref. 
Selection 

(0-4 stars) 

Comparabilit

y (0-2 stars) 

Outcome/Exp

osure (0-3) 

Total 

Stars 

Quality 

Rating 

[60,101,111] ★★ ★ ★★ 5 Low 

[62,66,68,82,93,98,100,107,109,126,129,135] ★★ ★★ ★★ 6 

Low-

Modera

te 

[50,53,55,58,59,67,70,75,77,80,84,86,87,95,106,110,116,1

18,119,121,123,124,129,135] 
★★★ ★★ ★★ 7 

Modera

te 

[45,47,48,52,54,56,57,61,63,64,69,71,74,80,85,87,88,93,9

6,97,104,106,109,113] 
★★★ ★★ ★★★ 8 

Modera

te-High 

[46,49,51,65,72,73,76,78,81,83,92,94,99,102,104,108,115,

117,124,130] 
★★★★ ★★ ★★★ 9 High 

We also assessed consistency in findings within and across studies noting any differences or 

unusual results. This method aimed to ensure high-quality studies in our review while identifying 

and addressing biases effectively. 
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2.8. Effect Measures 

In the systematic literature review of existing literature, a range of methods were utilized to 

evaluate the effects of Big Data on different outcomes. For Increased Profitability, Operational 

Efficiency, Customer Satisfaction, and Market Share, the primary effect measures included mean 

difference, statistical significance of correlations, or regression coefficients. When analyzing the 

factors affecting data implementation correlation coefficients and statistical significance in regression 

models were key indicators. Assessing areas like enhanced employee productivity, data-driven 

practices, process optimization, resource allocation and competitive advantage involved measures 

like difference and percentage change from tests. Furthermore, aspects like data usability, accuracy, 

risks of data loss, communication effectiveness and compliance adherence were evaluated using 

metrics such as risk ratios and compliance rates. Challenges in adopting Big Data, such as cost 

implications or the need for personnel – were measured through the frequency of events and 

percentage impacts. In studies mentioned in the table summary section, quantitative research 

approaches utilizing methods like Structural Equation Modelling (SEM) or Partial Least Squares SEM 

incorporated measures such, as SEM results factor loadings, mean differences and regression 

coefficients.  

Qualitative research, such as case studies and thematic analysis used measures like categories, 

qualitative observations and findings from case studies. Mixed methods research involves a 

combination of measures (such as regression coefficients and SEM results) along with insights (, like 

thematic analysis findings). In studies that examine the effects on performance, we looked at 

Economic Performance through variations in regression coefficients and statistical significance. 

Operational and Environmental Performance was assessed by differences, effect sizes and 

coefficients, from structural equation modelling. Sustainability and Competitive Advantage were 

assessed using effect sizes, regression coefficients and correlation measures.  

2.9. Synthesis Methods 

In compiling the research necessary for our systematic literature review about the impact of Big 

Data on the performance of small and medium-sized enterprises (SMEs), we took a systematic 

approach to identifying high-quality studies. The processes of synthesis are significant, and the 

general tasks as demonstrated in Figure 5. The supplemental strategies deployed in reviewing are 

the key components in the integrity and connection of the study’s findings. compiling the research, 

for our systematic literature review on how Big Data affects the performance of small and medium-

sized enterprises (SMEs), we took a systematic approach to ensure that we included relevant high-

quality studies.  

The eligibility criteria, preparing data for synthesis, cumulating and presenting data, and 

synthesizing the data are included. Furthermore, we also looked at the reasons for heterogeneity in 

study results and carried out a sensitivity analysis to test the robustness of our synthesized results. 
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Figure 5. Synthesis Methods. 

2.9.1. Study Eligibility Criteria 

We compared the characteristics of studies focusing on how they aligned with our key themes 

and findings concerning Big Data and SMEs. Our selection criteria prioritized papers that directly 

related to our topic and those with several citations. We carefully examined abstracts to comprehend 

each study's objectives and methodologies. We specifically looked for studies that explored the 

impact of data on SMEs using methods. To ensure the credibility of our sources we excluded 

literature reviews. Only included peer-reviewed papers from sources. By using web filters, we 

avoided publications guaranteeing that the studies in our review were trustworthy and authoritative. 

The studies selected for review ranged from 2014 to 2024 and encompassed articles, journals, 

conference papers, theses, and dissertations. Each paper underwent peer review to meet our quality 

standards while literature reviews were excluded to maintain the integrity of our review. 

2.9.2. Data Preparation for Synthesis 

To get the data ready, for presentation and analysis we followed a series of steps to ensure 

accuracy and consistency. Initially, we worked together to go through our Excel dataset in time 

focusing on the names of authors and paper titles to identify and remove any duplicate entries. We 

used Excel's "Remove Duplicates" function to eliminate rows while considering situations where the 

same article might have been listed with titles by the same author. For records with missing data that 

couldn't be reliably estimated due to inaccuracies, we decided to exclude those articles from our 

analysis. In cases where data was missing, we labelled them as "Not Specified" rather than "Not 

Applicable" to accurately represent the gaps. We also standardized all data entries for consistency by 

converting text formats into formats as needed and ensuring the same formatting for all data entries.  

2.9.3. Data Visualization and Tabulation Methods 

To visualize patterns and detect inconsistencies we created pivot tables. These tables helped us 

easily identify any differences, such as variations in how journal articles were classified. By creating 

representations like line charts, bar graphs, and other charts mentioned in Table 6, we can track the 

research distribution over time. Prevent errors that may occur during manual review ultimately 

improving the quality and dependability of our data synthesis. 

Synthesis 
methods
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Table 6. Pivot Chart to Visualize and Analyze Data. 

Chart Type Purpose 
Data Representation 

Format 

Bar chart 

Displays categorical data with rectangular bars, 

ideal for comparing different categories or 

variables in a dataset. 

Numbers 

Column chart 

Similar to a bar chart, but with vertical bars, it is 

useful for comparing the frequency or amount of 

categories. 

Numbers 

Line chart 
Shows trends over time by connecting data points 

with a continuous line. 
Numbers 

Pie chart 

Represents data as slices of a whole, ideal for 

showing proportional or percentage distribution of 

categories. 

Percentages (%) 

Stacked bar chart 

Shows parts of a whole, allowing multiple 

variables to be represented in the same category 

for easier comparison. 

Numbers and Percentages 

(%) 

Scatter plot 

Plots individual data points on an X and Y axis to 

explore relationships or correlations between two 

variables. 

Numbers 

2.9.4. Synthesis Methodology 

A systematic approach was used to synthesize the study findings, utilizing a set of criteria 

organized in an Excel spreadsheet. This structured method helped in comparing and analyzing 

aspects of the studies included, focusing on variables, like the title, publication year and source 

databases (such as Google Scholar, SCOPUS, and Web of Science) with their respective number of 

studies found represented in Table 7. The studies were grouped by journal name, research type 

(article journal, conference paper, book chapter, dissertation/theses), and citation count. 

Table 7. Results Obtained from Literature Search. 

No. Online Repository Number of results  

1 Google Scholar 64 

2 Web of Science 233 

3 Scopus 13 

Total  315 

2.9.5. Exploration of Heterogeneity Causes 

The synthesis was enhanced by considering the field or subject area specifically related to data 

analytics techniques for small and medium-sized enterprise (SME) performance. Factors like industry 

context (SMEs, startups) and geographical location played roles in distinguishing studies based on 

the landscape (developed versus developing countries). Further categorization involved examining 

types of data technologies employed as indicated in Table 8 (Hadoop, Spark NoSQL databases) and 

analytics techniques utilized (machine learning, data mining, predictive analytics). 

Table 8. Types of Big Data Technologies. 

Types of Big Data 

Technologies 
Description 

Hadoop 

A framework developers can use for managing very large datasets 

in a distributed environment using simple programming models 

that span multiple clusters. It enables the expansion of additional 
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machines in addition to the storage servers to a hundred thousand 

with a local processing unit and a local disk. 

Spark 

An analytics system that can process an entire Big Data stack in one 

tool which includes stream processing, SQL, machine learning, and 

graph computation processing engine. A particular processing 

framework that brings data into memory and processes it there 

instead of inputting data from disk every single time, therefore, it is 

appropriate for real-time analysis of data. 

NoSQL Databases 

This approach of database management systems is suitable for 

systems that require support for a variety of data formats such as 

relational, document, column-oriented, and graph databases. 

NoSQL databases are built with specific principles in mind, and 

they are most efficiently used in a Big Data environment with a 

great deal of data that is advancing in complexity. 

2.9.6. Sensitivity Analysis 

Moreover, the study also reviewed the technology providers mentioned (Cloudera, 

Hortonworks, IBM, AWS) and different technology implementation models (on-premises cloud-

based hybrid). The study's structure, research approach (whether quantitative, qualitative or mixed 

methods), sample size and sample characteristics were examined to explore the variety of 

methodologies used in the research. The methods of gathering data (interviews, surveys, 

observations, document review) and analyzing data (analysis, thematic analysis) were reviewed to 

understand how each study handled and interpreted the information. 

To bring together the findings we thoroughly examined aspects such, as IT performance metrics 

(like data processing speed, scalability and data accuracy) business performance metrics (including 

efficiency, revenue growth and cost savings) organizational impacts (such as employee satisfaction 

and customer satisfaction) and long-term effects (such as business sustainability and competitive 

advantage). This method allowed us to identify patterns and trends from the studies leading to an 

analysis of the data. 

This approach effectively considered a range of studies. Laid a strong groundwork for 

combining the results. By categorizing studies based on criteria, we were able to assess the presence 

and level of statistical diversity. Differences in research design, sample sizes, data collection methods 

and the utilization of Big Data technologies and analytical techniques indicated varying degrees of 

statistical diversity. This evaluation guided our synthesis process by considering differences in study 

outcomes and enabling us to conclude. 

2.10. Reporting Bias Assessment 

In our analysis, we paid close attention to the possibility of reporting bias, where only certain 

outcomes or findings are shared while others might be left out. This kind of bias can distort 

conclusions by making certain effects seem stronger or more consistent than they are. 

To tackle this issue, we reviewed the methodology and results sections of each study to see if 

the outcomes lined up with the original goals. We checked if all relevant results were included. When 

data seemed incomplete or missing, we noted these issues and thought about how they might affect 

the overall analysis. We also recognized the possibility of publication bias—where studies with 

favourable results are more likely to get published than those with neutral or negative outcomes. To 

minimize this risk, we made sure to include a wide range of studies from various sources and settings, 

ensuring a broader perspective. This helped us capture a more accurate picture of the available 

evidence. 

Table 5 is where we summarized the overall quality of each study, using categories like Selection, 

Comparability, and Outcome/Exposure. The Outcome/Exposure part, in particular, was key for 

assessing reporting bias, since it measures how fully the study reported its results. Studies that were 

more transparent in their reporting got higher ratings, while those that left out important information 
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scored lower. By cross-referencing the ratings in Table 5, we could factor reporting bias into our 

overall assessment. Studies with lower ratings in this area were examined more closely to see if their 

conclusions were affected by incomplete reporting. This way, our analysis reflects a more balanced 

and fairer summary of the evidence. 

2.11. Certainty Assessment 

This section outlines the approach used to evaluate the reliability of the evidence gathered 

concerning Big Data's impact on SME performance, ensuring the findings are both credible and 

robust. The literature reviewed was systematically analyzed using a set of five quality assessment 

(QA) criteria, as outlined in Table 9. These criteria were selected to assess the dependability, 

relevance, and overall quality of the studies, forming a solid basis for the conclusions drawn in this 

research. This evaluation process was essential to determine the strength of the evidence and ensure 

that the findings accurately reflect how Big Data influences various aspects of SME performance, 

including business growth, operational efficiency, and financial outcomes. 

Table 9. Research Quality Questions Results. 

Questions(Q) Research Quality Questions 

Q1 Are the research objectives explicitly outlined and well-defined? 

Q2 Is the research methodology comprehensively detailed? 

Q3 Is the impact of Big Data on SME performance thoroughly and clearly analyzed? 

Q4 Are the methods for data collection comprehensively detailed and appropriate? 

Q5 Do the research findings add to the existing literature on the topic? 

The Quality Assessment (QA) questions are rated on a scale from zero (0) to one (1). A score of 

0 is assigned for a 'No' response, 0.5 is given when the criteria are 'Partially' met, and a score of 1 is 

awarded for a 'Yes' response. This rating system is uniformly applied to all five questions (Q). As a 

result, each piece of literature being reviewed can achieve a total score of up to 5 points. The outcomes 

of the Quality Assessment for the literature reviewed are detailed in Table 10 below. 

Table 10. Findings from the Literature Quality Assessment. 

Ref. Q1 Q2 Q3 Q4 Q5 Total % 

[45,46,49,51–53,56–58,61,64,65,71–

75,77,80,82,84,85,87,90,107,123,125,127,133] 
1 1 1 1 1 5 100% 

[47,48,55,59,60,77,79,104,111,112,125,127,129,132] 1 1 0.5 1 1 4.5 90% 

[54,63,80,92,95–103,105,109,124,134,137] 1 0.5 0.5 1 1 4 80% 

[69,70,86,87,89,90,113,114,137,141] 1 0.5 0.5 0.5 1 3.5 70% 

[50,62,66,68,85,94,106,113–123] 1 0.5 0.5 0 1 3 60% 

[67,82] 1 0.5 0 0 1 2.5 50% 

        
2This table shows the Quality Assessment scores for each paper, based on five criteria related to the impact of 

Big Data on SME performance. Higher scores indicate better quality and relevance. 

3. Results 

Figure 6 outlines the essential components that influence the results, such as study selection, 

study characteristics, and the risk of bias, all of which play a crucial role in shaping the reliability of 

the findings. Additionally, it highlights the importance of synthesizing individual study results, 

which is key to forming comprehensive conclusions. The figure also emphasizes the significance of 

considering reporting biases and assessing the certainty of evidence to ensure that the presented 

results are both accurate and dependable. Each of these factors is critical in interpreting the overall 

findings, offering a clearer view of the data. 
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Figure 6. Key Phases in Evaluating Systematic Review Results. 

3.1. Study Selection 

The process of selecting research papers was conducted as shown in Figure 7 below. A total of 

93 research papers were chosen from three databases with their distribution presented in 

percentages. Most of the papers accounting for 63.44% originated from Google Scholar followed by 

22.58% from Web of Science and 13.98% from SCOPUS. These papers were selected based on criteria 

for inclusion and exclusion to ensure that only the relevant studies were incorporated in the final 

analysis for this review. 

 

Figure 7. Distribution of Online Data Sources. 

3.2. Study Characteristics 

Figure 8 below shows the research findings regarding the impact of Big Data on the performance 

of SMEs, illustrating a shifting level of interest between 2016 and 2024. Table 11 provides a 

momentary view of the research works published during this period, categorized by type of Journal 

Article and Conference Paper. Interestingly, no scholarly articles were available for the years 2014 
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and 2015, suggesting that the incorporation of data into SME operations was not a focus during those 

specific years. It is reasonable to assume that during that period, the utilization of data technologies 

was still in its early phases, with more emphasis placed on larger corporations rather than SMEs. The 

table highlights a steady increase in publications from 2016 through 2024, with a notable rise in 

Journal Articles. 

Table 11. Distribution of Conference Papers and Journal Articles by Publication Year. 

Published Year Conference Paper Journal Article 

2016 3 2 

2017 2 6 

2018 1 2 

2019 3 7 

2020 3 13 

2021 1 11 

2022 2 10 

2023 0 15 

2024 0 12 

 

Figure 8. Annual Distribution of Scholarly Publications (2014-2024). 

Starting from 2016, there is evidence of a gradual rise in research attention beginning with 5 

publications in 2016 and steadily increasing to 6 in 2017. However, there was a decrease in activity in 

2018 when two papers were published; this could indicate a temporary shift in research priorities or 

challenges faced during the early stages of implementing Big Data practices within SMEs. Between 

2019 and 2020 there was a rise in the number of published papers reaching a peak of 17 in 2020. This 

increase may be attributed to the growing acknowledgement of how Big Data can benefit SMEs 

driven by the greater availability of Big Data tools and a heightened awareness of their advantages. 

Figure 9 presents the distribution of titles by country as identified in this systematic literature 

review. The bar chart provides a detailed breakdown of the number of titles across various countries, 

highlighting regions with a higher concentration of research activity. Notably, China and Italy 

emerge as prominent contributors, suggesting focused academic and research efforts in these areas. 

This visualization is crucial for understanding the global landscape of the reviewed literature, 

offering insights into the geographic distribution and influence of research on this topic. 
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Figure 9. Countries of studies. 

Table 12 outlines the extensive impact of Big Data (BD) across various industries, highlighting 

its role in boosting firm performance, decision-making, and innovation. It illustrates how BD 

enhances financial, growth, and environmental outcomes by improving operational efficiency and 

supporting strategic decisions. Key factors such as organizational readiness and leadership are 

crucial for realizing these benefits. The table also addresses the challenges of BD adoption, such as 

financial limitations and a lack of expertise, and discusses potential solutions like cloud-based 

analytics. Overall, it demonstrates BD's significant effect on business practices, showcasing its ability 

to drive improvements and competitive advantage. 
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Table 12. Contribution of Studies. 

Category Ref. Contribution 

Big Data (BD) and 

Firm Performance 
[45,47,52,53,59,62,72,74,86,87,100,105,126,134] 

BD enhances financial, growth, 

innovation, and environmental 

performance. Organizational 

readiness, top management 

support, and relative advantage are 

key drivers. Information sharing, 

competitive pressure, and 

compatibility influence BD 

adoption. SMEs in various sectors, 

including manufacturing, face 

challenges with adoption but see 

improved efficiency and 

effectiveness when overcome. BD-

specific absorptive capacity and 

analytics culture mediate the 

relationship between technological 

and human capabilities and 

strategic business value. 

Industry 4.0 and 

Digital 

Capabilities 

[46,50,55,60,63,75,78,91,95,129,133] 

The adoption of Industry 4.0 

technologies improves operational, 

financial, and innovation 

performance, especially in 

manufacturing and SCM. Digital 

readiness, top management 

support, and firm-level R&D 

activities affect innovation 

outcomes in SMEs. Digital Twin 

Technology also shows increased 

Overall Equipment Effectiveness 

(OEE). 

BD for Decision-

Making and 

Knowledge 

Management 

[48,51,66,67,69,81,96,101,108,109,125] 

BD improves decision-making and 

knowledge management, leading 

to increased flexibility and 

productivity. Barriers include a 

lack of expertise and technological 

complexity. KM models enhance 

the strategic use of Big Data, 

guiding SMEs in effectively 

leveraging BD for process 

improvement. Integration of BD 

into software process 

improvements also enhances 

software quality and productivity. 

Deep learning identifies key factors 

in knowledge management that 

foster innovation. 

BD and 

Competitive 

Advantage 

[58,61,72,76,81,82,88,94,106,122] 

BD enhances competitive 

advantage through better market 

performance and supply chain 

coordination. Entrepreneurial 
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orientation, co-innovation, and 

environmental factors are 

important drivers. BD also enables 

resilience during crises, especially 

through supply chain optimization. 

Open innovation strategies and 

knowledge integration 

mechanisms also significantly 

impact competitive positioning and 

innovation. 

Adoption 

Challenges and 

Barriers to BD 

[93,101,113,114,126,135,136,161] 

Common barriers include lack of 

understanding, financial 

constraints, and insufficient 

expertise. Technological, 

organizational, and environmental 

factors (TOE) influence BD and 

BDaaS adoption, and 

organizational readiness moderates 

adoption decisions. Cloud 

computing and maturity models 

can help SMEs overcome these 

challenges. Outsourcing BD is an 

emerging solution for smaller 

firms. 

BD in Supply 

Chain 

Management 

[71,75,78,87,92,98,112] 

BD enhances supply chain 

efficiency through improved 

visibility, real-time adjustments, 

and sustainability. It is particularly 

impactful in logistics and during 

disruptions like COVID-19. Big 

Data management capabilities 

contribute to innovative green 

product development and 

sustainable supply chain outcomes. 

Data capability and supply chain 

capability (SCC) are crucial for 

leveraging BD effectively. 

Cloud-Based BD 

and Scalability 
[68,70,84,89,112,115] 

Cloud computing offers scalable, 

cost-effective solutions for SMEs to 

access BD technologies, improving 

innovation, productivity, and 

profitability without heavy 

infrastructure investments. BDaaS 

and fog computing also address 

security and adoption challenges. 

A novel BDMM developed for 

SMEs in Thailand achieved 

positive user acceptance. 

BD and HR 

Practices 
[80,82] 

Big Data improves HR service 

quality and innovation 

competency, particularly when 

organizations are open to change 
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and focus on developing technical 

HR skills. 

Big Data-Driven 

Innovation 
[59,73,79,97,118,124] 

BD enhances green innovation and 

performance, contributing to better 

economic and environmental 

outcomes. Digital readiness and 

collaboration in Industry 4.0 

environments are key enablers. 

ICTs for intra- and inter-

organizational innovation 

significantly enhance SMEs’ ability 

to generate new products and 

services. Data-driven business 

models in hospitality also foster 

innovation and value creation. 

BD in Financial 

Services 
[77,103,107,129] 

BD helps financial services assess 

SMEs' credit, reduce information 

asymmetry, and facilitate financing 

by providing tailored support 

through digital platforms. The 

proposed framework integrating 

financial and non-financial data 

offers better credit assessments, 

especially for SMEs with poorer 

financial conditions. FinTech 

significantly improves SMEs’ 

performance by expanding 

financing scale and reducing 

financing costs. 

BD and Project 

Performance 
[85,135] 

BD adoption positively influences 

project performance by mediating 

relationships between knowledge 

management, green purchasing, 

and operational capabilities, 

especially in manufacturing SMEs. 

A hybrid approach combining 

DEA with machine learning 

techniques improves performance 

prediction accuracy for MSMEs. 

BD and Network 

Security 
[93,99] 

Security frameworks integrating 

BDA improve network reliability 

and data validity, helping SMEs 

address privacy concerns and 

prevent breaches using advanced 

techniques like fog computing and 

machine learning. 

BD in Agriculture 

and SMEs 
[102,104] 

Big Data impacts both formal and 

informal management control 

systems (MCS). Leadership and 

managerial culture influence how 

Big Data stabilizes or changes 

MCS. BD supports sustainable 
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operational practices in agricultural 

SMEs. 

BD and Innovation 

Efficiency 
[131,133] 

Absorptive capacity directly affects 

sustainable economic performance 

and indirectly influences it through 

risk resilience. Big Data 

Capabilities (BDCs) positively 

regulate the relationship between 

market development strategy and 

product innovation efficiency. 

BD in Traffic 

Systems 
[136] 

Crowdsourced traffic data 

combined with machine learning 

techniques enhances accuracy in 

traffic event detection, improving 

effectiveness and reducing costs 

compared to conventional 

methods. 

3.3. Risk of Bias  

When examining how Big Data affects the performance of small and medium-sized enterprises 

(SMEs) it's crucial to grasp the approaches utilized in research studies as these greatly impact the 

trustworthiness and relevance of the results. Figure 10 below displays the usage of research methods 

in studies on this subject emphasizing the potential bias risks linked to each method. A variety of 

approaches such as case studies, surveys, and experimental designs have been utilized, each having 

its strengths and weaknesses when addressing inquiries about how Big Data influences SMEs. 

 

Figure 10. Distribution and Implications of Research Designs. 

The data presented in the chart illustrates that surveys are the utilized method accounting for 

47% of the studies. Surveys offer a view. Efficiently gather extensive data but they can introduce 

biases due to self-reporting and the challenges of capturing complex interactions within SMEs. Case 

studies making up 28% of the research provide insights. They may lack generalizability due to their 

focus on specific contexts. Experimental and quasi-experimental designs, comprising 13% and 9% 
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respectively offer approaches to establishing causality. Might have limited external validity. The 

minimal utilization of analysis (1%) and document analysis (2%) indicates that quantitative methods 

and historical data analysis are less preferred potentially restricting the understanding of long-term 

trends and the measurable impact of data on SME performance. 

The array of methodologies depicted in the figure highlights the complexity involved in 

studying data influence on SMEs, each carrying its risk of bias. The prevalence of surveys and case 

studies suggests a dependence on context-specific data that could introduce bias into the results. To 

address these risks, it is suggested that upcoming studies focus on utilizing a mix of research 

approaches including increased use of methods and statistical evaluations. This approach can help 

improve the accuracy and dependability of conclusions made regarding the impact of data on the 

performance of small and medium-sized enterprises. 

3.4. Results of Individual Studies 

Figure 11 shows how different business performance results are seen in the context of how Big 

Data impacts SME’s performance based on an analysis of 93 studies. 

 

Figure 11. Distribution of Business Performance Metrics. 

According to Figure 11, the common outcome is Business Improvement accounting for 29.03% 

of the studies. This indicates that the integration of Big Data technologies by SMEs is mainly linked 

to business enhancements, due to better decision-making abilities and alignment with market needs. 

Economic Performance and Revenue Growth are also outcomes making up 27.96% and 19.35% of the 

studies respectively. The significant percentage for Economic Performance suggests that Big Data 

influence on SMEs often leads to advantages like increased market presence and competitive edge. 

Revenue Growth, a measure of business prosperity underscores the financial benefits that SMEs gain 

from utilizing Big Data. Conversely, Cost Savings represent 16.13% of the studies indicating that 

while reducing costs is recognized as a benefit of Big Data it's not the objective, for SMEs. This could 

be because SMEs are more likely to invest in Big Data for expansion and market growth than focus 

on cost-saving strategies. 

The lower percentages for Enhanced Data-Driven Innovation (4.30%) and Operational Efficiency 

(1.08%) in the literature suggest that these aspects are not as prominently highlighted. This could be 

because small and medium-sized enterprises (SMEs) encounter difficulties in utilizing Big Data for 

innovation due to resources or expertise. Similarly, the minimal focus on Operational Efficiency may 

indicate that although Big Data can enhance operations its significance is overshadowed by its impact 

on business strategy and market positioning. Moreover, the category "Not Specified" (1.08%) implies 
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that a small portion of studies did not clearly define the performance outcomes, due to a more 

qualitative approach. 

The pie chart highlights the effects of Big Data on SMEs with an emphasis on enhancing business 

practices and economic performance. The lower emphasis on efficiency and innovation may mirror 

the challenges SMEs encounter in these areas indicating avenues for future research and practical 

implementations. 

3.5. Results of Syntheses 

Figure 12 below illustrates the systematic process followed in synthesizing the results of the 

selected studies. It begins with the initial step of reporting synthesis results and proceeds through 

detailed assessments of study characteristics and biases, statistical synthesis, investigation of result 

variability, and sensitivity analyses. This visual representation ensures clarity in understanding the 

sequential steps taken to achieve a comprehensive and robust synthesis of the literature. 

 

Figure 12. Synthesis Systematic Process. 

3.5.1. Study Characteristics and Bias Assessment 

Figure 13 below presents a detailed breakdown of the data collection methods utilized in the 

study, highlighting the diversity and emphasis placed on different approaches. The pie chart shows 

that ‘Document analysis’ is the most frequently used method, accounting for 36.56%, followed by 

‘Interviews’ at 33.33%, ‘Observations’ at 25.81%, and ‘Survey’ at 4.30%. 
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Figure 13. Study Characteristics Breakdown. 

For each synthesis, the characteristics and risk of bias among the contributing studies are briefly 

summarized. The predominance of ‘Document analysis’ and ‘Interviews’ suggests a strong 

qualitative focus, while the inclusion of ‘Observations’ and ‘Surveys’ adds quantitative elements, 

ensuring a comprehensive assessment. This methodological diversity helps mitigate bias and 

enhances the reliability of the findings, providing a robust foundation for the study’s conclusions. 

3.5.2. Statistical Synthesis Results 

Figure 14 below provides a detailed breakdown of the analysis methods employed in the study. 

The pie chart reveals that ‘Statistical analysis’ represents 63% of the methods used, underscoring the 

study’s strong quantitative focus. In contrast, ‘Thematic analysis’ constitutes 37%, reflecting the 

inclusion of substantial qualitative analysis. This distribution highlights the study’s balanced 

approach, integrating both quantitative and qualitative methodologies to offer a comprehensive view 

of the research findings. 

 

Figure 14. Analysis Breakdown Methods. 
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The figure highlights the predominance of statistical methods, which is crucial for evaluating 

the quantitative aspects of the study’s findings. By illustrating the emphasis on statistical analysis, 

the chart helps in assessing the robustness of the statistical syntheses, such as meta-analysis, and their 

impact on the overall results. Additionally, the presence of thematic analysis underscores the 

inclusion of qualitative insights, providing a fuller picture of how different types of data were 

integrated to form the study’s conclusions. This comprehensive view supports a more refined 

interpretation of the statistical synthesis results, ensuring that both quantitative and qualitative data 

are considered in the overall analysis.  

3.5.3. Factors Contributing to Result Variability 

Figure 15 presented in this section highlights key factors contributing to variability in the results 

observed across different professional groups, namely data analysts, IT professionals, and small and 

medium-sized enterprises (SMEs). As illustrated, SMEs dominate in terms of contribution to result 

variability, representing 73.12% of the total, while data analysts and IT professionals show 

considerably lower percentages, at 13.98% and 12.90%, respectively. This significant disparity 

suggests that SMEs, with their diverse applications and needs, have a more substantial influence on 

the variability of results compared to the specialized roles of data analysts and IT professionals. The 

analysis of these figures provides critical insight into the different capacities and roles these groups 

play in shaping outcomes, underscoring the importance of focusing on SMEs when addressing 

performance inconsistency in Big Data and IT-related initiatives. 

 

Figure 15. Sample characteristics. 

3.5.4. Sensitivity Analyses 

Sensitivity analyses are crucial for evaluating the robustness and reliability of data-driven 

models in various fields. These analyses help determine how changes in input variables impact the 

outcomes of a model, ensuring that the insights derived are consistent and meaningful under 

different conditions. Figure 16 below highlights the prominence of different analytical techniques, 

with data mining and predictive analytics being commonly used approaches. Notably, 44.09% of the 

cases did not specify the analytical technique, which may indicate a lack of transparency or clarity in 

methodology. However, data mining (26.88%) and predictive analytics (16.13%) demonstrate their 

importance in refining models, while machine learning, at 12.90%, plays a critical role in automating 

complex pattern recognition. Sensitivity analyses using these techniques allow for deeper insights, 

especially when exact methodologies are not always clear, helping to validate the robustness of 

findings across multiple domains. 

0.00%

10.00%

20.00%

30.00%

40.00%

50.00%

60.00%

70.00%

80.00%

Data analysts IT professionals SMEs

13.98% 12.90%

73.12%

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 September 2024 doi:10.20944/preprints202409.0985.v1

https://doi.org/10.20944/preprints202409.0985.v1


 30 

 

 

Figure 16. Utilization of Data Analysis Techniques. 

3.6. Reporting Biases 

Reporting biases occur when certain types of research findings are more likely to be shared, 

leading to incomplete or skewed data interpretations. In Figure 17 shown below, quantitative studies 

make up the majority with 54 examples, while mixed-methods and qualitative studies are less 

common, with 22 and 17 cases respectively. This suggests that quantitative research may be favoured, 

either in execution or reporting, over other methodologies. Such an imbalance can distort the full 

picture, as mixed-methods and qualitative studies bring valuable insights that may otherwise be 

underrepresented. Addressing these biases is important for a well-rounded understanding of 

research outcomes across different methodologies. 

 

Figure 17. Distribution of Study Types. 
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3.7. Certainty of Evidence 

Figure 18 shows how different data collection methods are distributed in the studies we 

reviewed to evaluate the impact of Big Data on SMEs' performance. This visual representation helps 

us understand how the choice of methods affects the reliability of the study's conclusions. 

 

Figure 18. Distribution of Data Collection Methods. 

Document analysis, which constitutes 37% of the methods used, provides a solid foundation for 

the evidence. This method relies on existing records and documents, which are typically stable and 

verifiable. As a result, document analysis contributes significantly to the certainty of the findings by 

offering consistent and well-documented data that enhances the reliability of the evidence. 

Interviews make up 26% of the methods and offer rich, detailed insights that can deepen the 

understanding of the subject matter. However, the certainty of the findings from interviews can be 

influenced by respondent biases and subjective interpretations. For instance, if interviewees have 

differing perspectives or personal agendas, their responses may introduce variability into the results, 

which can affect the overall certainty. 

Surveys account for 33% of the methods and are valuable for gathering data from a wide range 

of SMEs. Nevertheless, the certainty of survey-based findings can be impacted by response biases 

and limitations in sample representativeness. Response biases occur when survey participants 

provide socially desirable answers rather than their true opinions, which can skew the results. 

Additionally, if the survey sample is not representative of the broader SME population, the findings 

may not be generalizable, thus affecting the certainty of the conclusions. Observations, which make 

up only 4% of the methods, contribute minimally to the certainty of the evidence due to their limited 

scope and application. Observations are often constrained by their specific context and may not 

capture the broader patterns or trends relevant to the study, reducing their overall impact on the 

certainty of the findings. 

Figure 18 illustrates how each data collection method impacts the certainty of the evidence. 

Document analysis provides reliable and consistent data, while interviews and surveys introduce 

various degrees of variability due to potential biases and representativeness issues. Observations, 

though insightful, have a limited effect on the overall certainty. By employing a combination of these 

methods, the study achieves a comprehensive understanding of how Big Data affects SME 

performance, though with varying levels of confidence in the conclusions drawn. This detailed 

explanation demonstrates how Figure 18 supports the analysis of the certainty of evidence in this 

study. 
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4. Discussion 

This paper discusses the importance of Big Data in small and medium-sized enterprises (SMEs) 

with a focus on key dimensions concerning its implications, challenges as well as one methodological 

aspect. Analysis shows that Big Data remarkably improves SME’s performance on a business 

decision, economic performance, and revenue growth. 

RQ1: How does Big Data capability impact SME's performance? 

The research question above is addressed in the document through the analysis provided in 

Figures 11 and 15. Figure 11 reveals that the most common outcome of Big Data adoption by SMEs is 

business improvement (29.03%), driven by enhanced decision-making and market alignment. Other 

key outcomes include economic performance (27.96%) and revenue growth (19.35%), highlighting 

the financial benefits and competitive advantages that SMEs gain from utilizing Big Data. While cost 

savings (16.13%) are recognized, SMEs typically prioritize growth and expansion over cost reduction. 

The lower emphasis on data-driven innovation (4.30%) and operational efficiency (1.08%) suggests 

that SMEs face challenges in these areas due to limited resources or expertise. Figure 15 further 

illustrates that SMEs, contributing 73.12% to result variability, play a significant role in shaping the 

impact of Big Data on performance, emphasizing their central role in addressing performance 

inconsistencies in Big Data initiatives. Together, these findings provide a comprehensive view of how 

Big Data enhances SME performance in business strategy, financial growth, and economic 

positioning, while also pointing to areas like innovation and efficiency that require further focus. 

RQ2: What are the critical factors influencing the successful implementation of Big Data on 

SMEs? 

The analysis of critical factors influencing the successful implementation of Big Data in SMEs is 

presented through the data in Figures 10 and 17. Figure 10 illustrates that surveys, the most 

frequently used method (47%), may introduce biases due to self-reporting, while case studies (28%) 

offer detailed insights but are limited in generalizability. Experimental (13%) and quasi-experimental 

designs (9%) can establish causality but face challenges with external validity. The sparse use of 

quantitative methods (1%) and document analysis (2%) indicates limitations in understanding long-

term trends, underscoring the necessity for diverse research approaches to mitigate bias and improve 

reliability. Additionally, Figure 17 reveals a reporting bias, with a predominance of quantitative 

studies (54) compared to mixed-methods (22) and qualitative studies (17), suggesting that valuable 

insights from less common methodologies might be missed. Addressing these biases and 

incorporating a broader range of research methods are essential for understanding and overcoming 

the challenges of implementing Big Data in SMEs. 

RQ3: How can the awareness/comprehension of Big Data concerning SMEs be utilized to 

strengthen productivity? 

The research question is addressed in the document through the analysis in Figure 9, Figure 16, 

and the study characteristics overview. Figure 9 highlights a growing recognition of Big Data's 

benefits, particularly in countries like China and Italy, reflecting increased research activity and 

awareness that can drive productivity improvements. The study characteristics section shows a rise 

in publications from 2016 to 2020, with a peak in 2020, indicating heightened awareness and adoption 

of Big Data tools. Figure 16 underscores the prominence of analytical techniques such as data mining 

(26.88%) and predictive analytics (16.13%), crucial for refining models and ensuring robust insights. 

The emphasis on these techniques, along with sensitivity analyses, demonstrates how deepening the 

understanding of Big Data capabilities can enhance decision-making and operational efficiency, 

ultimately strengthening productivity in SMEs. 

RQ4: What are the potential implications and consequences of altering the form of information 

in the context of Big Data? 

The research question is addressed in the document through the analyses presented in Figure 14 

and Figure 18. Figure 14 highlights a predominant use of statistical analysis (63%) compared to 

thematic analysis (37%), illustrating the impact of different analytical approaches on the robustness 

and interpretation of data findings. This emphasis on quantitative methods underscores the potential 

consequences of relying heavily on statistical techniques, which may overlook qualitative insights. 
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Figure 18 shows that document analysis (37%) and interviews (26%) are primary methods for 

determining the certainty of evidence, each with varying levels of confidence. Document analysis 

provides a reliable basis for conclusions, while interviews and surveys introduce some variability 

and potential biases. The combination of these methods reflects the implications of how altering 

information forms—quantitative versus qualitative—affects the overall certainty and interpretation 

of data analysis outcomes. 

RQ5: What obstacles do SMEs encounter when they try to incorporate Big Data into their current 

systems and operations? 

The obstacles that small and medium-sized enterprises encounter when they try to incorporate 

Big Data into their current systems and operations are addressed in the document through the 

information in Figures 7 and 13. Figure 7 illustrates the sources of research papers, with a majority 

(63.44%) from Google Scholar, reflecting the broad scope and potential diversity of challenges 

documented across different research platforms. Figure 13 highlights the methods used for data 

collection, showing a predominance of document analysis (36.56%) and interviews (33.33%), which 

emphasize qualitative insights into the obstacles faced by SMEs. This methodological approach 

reveals challenges such as resource limitations, technical difficulties, and the integration of Big Data 

within existing systems, providing a comprehensive view of the difficulties SMEs encounter in their 

Big Data implementation efforts. 

Through addressing these factors and a well usage of both quantitative and qualitative methods, 

small and medium-sized enterprises can help to navigate the complexities whilst making the best use 

of Big Data.  

5. Conclusions 

This systematic review highlights the significant impact of Big Data on the performance of small 

and medium-sized enterprises (SMEs), offering insights into both the benefits and challenges of its 

adoption. While the findings demonstrate clear advantages such as improved decision-making, 

enhanced operational efficiency, and increased revenue growth, the barriers—particularly financial 

constraints, lack of technical expertise, and limited organizational readiness—remain significant 

obstacles for many SMEs. Importantly, this review reveals that SMEs can leverage Big Data to drive 

competitiveness and innovation, but achieving these outcomes requires addressing the unique 

challenges they face. Financial investment, technical training, and strategic alignment between Big 

Data capabilities and business objectives are critical to realizing these benefits. The evidence also 

shows that over-coming organizational inertia and fostering a culture of data-driven decision-making 

are essential for successful Big Data integration. To bridge the gaps identified in the literature, future 

research should focus on providing empirical studies that offer practical case studies and insights, 

particularly in underexplored regions such as developing economies. Additionally, policymakers 

and industry leaders should create frameworks to support SMEs in their digital transformation 

journey, offering access to resources, training, and infrastructure tailored to their specific needs. 
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