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Abstract 

As the significance of big data analytics continues to escalate within the banking industry, there 

is a parallel surge in demand for adept professionals in this domain. Notably, one of the 

foremost challenges in the era of data is the scarcity of individuals possessing the requisite skill 

set to transform raw data into actionable insights that generate business value. Addressing this 

pressing concern, this study sets out to ascertain the technical and business-oriented data 

analytics skills crucial in the banking sector, pinpointing the most pivotal skills required both 

presently and in the forthcoming years.  

This qualitative research used collected data from banking institutions in South Africa and an 

academic institution via semi-structured interviews. A purposive sampling method was applied 

to select fourteen participants including executives and senior managers who have decision-

making authority. A thematic data analysis was used as a lens to determine the critical skills 

required to effectively execute Big data and analytics in the banking industry.  

The findings revealed that critical technical, business, and interpersonal skills are in short 

supply among graduates and professionals in the South African banking industry.  The study 

concludes and recommends that institutions of higher learning must enhance their curricula. 

This includes the incorporation of simulations and experiential learning, which are deemed 

particularly paramount. 
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1. Introduction 

1.1 Statement of purpose 

This study adopted the viewpoint that Big data analytics (BDA) is crucial for providing 

valuable insights beneficial for organizational decision-making and developing a competitive 

edge. Previous studies indicate that the financial services sector has experienced substantial 

digital evolution, driven by the emergence of novel technologies and the growing significance 

of data-based decision-making. As a result, there is an increased need for specialists with Big 

data analytics skills in this industry. However, the current talent pool does not seem to be 

adequately equipped with the necessary skills, leading to a data analytics skills gap. The 

implementation of BDA within the banking industry has led to a significant increase in the 

need for enhanced insights, prompting the acquisition of additional competencies and the 

integration of cutting-edge technologies to improve business performance and create a 

competitive advantage.  

The objective of this research is to evaluate the shortage of Big data analytics abilities in the 

financial services industry of South Africa. This research intends to identify the capabilities 

necessary for the banking sector to thrive in the new digital landscape. Additionally, the aim is 

to obtain knowledge about Big data analytics skills and competencies necessary for the banking 

industry to improve its business functions in the modern economy. More so, this study aims to 

propose methods on how the skill gap can be mitigated. 

1.2 Background to the Study 

The global financial system is supported by the banking industry, as banks play a vital role in 

the economy by engaging in some important economic activities, such as investment and 

capital management, project finance, and loan distribution.  In the process of engaging in such 

activities, banks generate millions of business records due to data-driven transactions and 

operations. The volume, velocity, and variety of data in banks' possession significantly become 

so huge that it becomes a change due to capacity shortage in Big data handling. More so, the 

high volume, velocity, and variety of transactional data from various bank business channels 

become a burden to banks, and new risk management strategies are required with "Big data" 

analytics providing solutions to such problems and other data management issues.  
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Big data utilization has been witnessed across many industries, including retail, marketing, 

transportation, entertainment, healthcare, financial services, and security. Furthermore, 

numerous business functions, including but not limited to marketing, sales, finance, human 

resources, and financial markets, have embraced the integration of big data analytics. Big data 

analysts have been deploying, analysing, and visualizing Big data sets despite the complexity, 

and making data-driven decisions (DDD), which include customer segmentation, customer 

management, product design, and redesign, product/service segmentation, and provision based 

on customer preferences. The banking industry can enhance profitability and gain customer 

insights by utilizing data-driven analytics and conducting "real-time evaluations (Shakya & 

Smys, 2021). Data-driven business enables banks to with internal and external partners to 

create value, provide quick products and services in real-time, as well safeguard consumer 

information (Dosso et al., 2021). 

Due to the newness and importance of Big data analytics (BDA), academics and industry 

professionals are increasingly interested in the field, which is widely regarded as the most 

profound technical shift since the advent of the Internet. However, there has been a shortage of 

skilled qualified Big data analytics resources due to the high level of technological 

advancements it requires. There is an immediate need to invest in human capital to ensure 

continued productivity and economic advancement in a technologically propelled economy 

(Maruyama et al., 2015). Accenture predicted that if the data analytics skills gap is not bridged 

by 2028, the G20 nations may experience a collective reduction of $11.5 trillion in their total 

gross domestic product (GDP) growth. This equates to a loss of around 1.1 percentage points 

in combined GDP growth across 14 countries (Dosso et al., 2021). To fully leverage data-

driven decision-making and stay competitive in the digital marketplace, it is crucial to tackle 

the skills gap in big data analytics within the banking industry. Banks largely depend on big 

data analytics to optimise their operations, customise client experiences, and manage risks such 

as fraud and cybersecurity threats. Nevertheless, the lack of skilled experts with knowledge in 

data analytics obstructs these endeavours, resulting in inefficiencies and missed chances. In 

addition, strict regulatory mandates require a highly skilled workforce that can ensure 

adherence to regulations and successfully handle large volumes of sensitive data. By addressing 

this disparity in expertise, financial institutions can bolster their analytical capacities, stimulate 

innovation, optimise operational effectiveness, and establish resilient risk mitigation strategies, 

ultimately resulting in enhanced financial performance and heightened consumer contentment. 
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1.3 Research Problem 

This study explores the skills gap in Big data analytics. Innovation is the most important factor 

in the banking industry's sustained top-and bottom-line growth and South African banks are 

left behind in this quest for innovation. The South African banking sector is experiencing 

extraordinary innovation due to the fourth industrial revolution. As a result, there is a shift in 

the skills required by employers to adapt and remain competitive for business performance 

(Mikalef & Krogstie, 2019). However, banks are no longer viewed as the destination of choice 

for great software developers. Therefore they are required to organize and operate differently, 

preserve and cultivate talent, become agile in their development processes, and be open to 

collaboration with external institutions (Mikalef & Krogstie, 2019). This has a detrimental 

influence on banking, as the scarcity of appropriate competencies and skills will have an 

adverse impact on all organizational levels and performance. In the financial services industry, 

the demand for professionals with data analytics abilities has increased. As the sector becomes 

increasingly digital, there is a need for people who can analyse, interpret, and derive business 

value from the huge volumes of data being produced furthermore use them to drive business 

choices (Walker & Brown, 2019).  

The research has identified technology as a key antecedent of Big data analytics (BDA). BDA 

preparedness is also heavily influenced by organizational characteristics, processes, and the 

skills and capabilities of the workforce. However, much research examines the tools, 

technologies, and advantages of using analytical techniques and ignores other factors. This has 

made it difficult for companies in developing nations to identify constraints and other factors 

requiring attention (Kalema & Mokgadi, 2017). The benefits of well-executed and 

meticulously planned BDA for businesses are well-documented. However, as with any new 

technology advance, various obstacles may prevent businesses from reaching Big data 

analytics full potential. 

In line with the South African unemployment rate, the graduate labour force is growing. Higher 

education institutions are making an effort to modify curricula to meet industry demands and 

rapidly evolving systems, but there is still a disconnect between the skills produced in the 

classroom and those that are needed in the workforce. Earlier research undertaken across the 

South African banking industry revealed a lack of skills, the excellence of institutions that 

graduates attended, and discrepancies between employer and graduate expectations attributed 

to graduate unemployment in this industry (Oluwajodu et al., 2015). Understanding this new 
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and attractive skill of Big data analytics will enable higher education institutions to coordinate 

and alter their curricula to meet these demands. According to Maruyama (2015), individuals 

employed in the domain of data analytics are typically self-taught based on the skills necessary 

for their jobs or obtained through on-the-job training. This indicates that there is insufficient 

training (in a systematic approach) in developing the appropriate skills needed in Big data 

analytics.  

1.4 Research Objectives  

Drawing from the identified problems and underlying motivation, the aims of this research can 

be succinctly outlined as follows:   

• To investigate the skills and competencies for Big data analytics during digital 

transformation in the banking sector. 

• To assess the skills gap in Big data analytics in the banking sector. 

• To explore the roles of educational institutions and industry in closing the Big data 

skills gap between academic theory and industry requirements.  

1.5 Significance of the Study 

The findings of this research will contribute valuable insights to higher education institutions 

ensuring that their curriculum is current and in line with industry demands.  The findings will 

also enable the banking sector to source and train the correct population to champion the Big 

data-driven decision segment of the industry. As a result, the banking industry will enhance 

risk management, detect fraud, tailor client experiences, optimize marketing and sales 

activities, and enhance operational efficiency, resulting in higher profitability and expansion. 

Additionally, this study's findings can provide regulatory agencies such as SETA (Sector 

Education Training Authority) with valuable information about the existing skills environment 

and the specific abilities needed to effectively manage sophisticated data analytics. Regulators 

can create more specific norms and frameworks that promote the acquisition of essential skills 

inside the business. 

 

Lastly, this study aims to identify knowledge gaps by precisely identifying areas where skills 

are weak. This will enable academic institutions and research to focus on these gaps, leading 

to the creation of new approaches and tools in big data analytics. Creation of novel insights and 
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advancements in the field of data analytics specifically designed for financial services. 

Furthermore, the study's recommendations can have a significant impact on the creation of 

curricula in higher education and vocational training institutions, ensuring that they are better 

tailored to meet the needs of the business. Improved synchronisation between academic 

production and industry demands, resulting in a workforce that is better prepared for 

employment.  

 

1.6 Delimitations of the Study 

The scope of this study is restricted to matters specifically related to the financial services 

industry in South Africa. The sample comprises both institutions of higher education and the 

banking sector. 

1.7 Operational Definitions 

The below operational definitions have been adopted in the context of the skills gap of Big 

Data Analytics in banking: 

 

• Data Science 

According to Provost and Fawcett (2013), at its most fundamental level, data science may be 

understood as supporting and guiding the systemic extraction of information and knowledge 

from data are fundamental principles. Data science provides practitioners with a framework, 

structure, and principles to methodically address business problems by extracting intelligence 

from data for improved decision-making. 

• Data Engineering 

Sadiku (2018) refers to data engineering as a multidisciplinary field that involves expertise in 

areas such as design implementation, statistics, database management, visualisation, 

optimisation, and information theory.  

• Analytics 

Fisher (2012) refers to analytics applying expertise in data mining, statistics, machine learning 

and visualization to respond to complex business problems posed by leaders using business 

information. 
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• Cloud Computing 

Cloud computing is the integration of several hardware computers, which share software and 

resources, and are enhanced by IT services. This collaborative infrastructure is intended to be 

installed with minimal exertion or participation from the vendor (Botta, et al., 2016). 

1.8 Structure of Dissertation 

The first chapter emphasizes the need for understanding and uncovering the skills and abilities 

required by banks to adapt to a changing environment from both academic and business 

perspectives, including the influence of education on the Big data analytics skills gap. The 

second chapter presents a comprehensive analysis of the theoretical and empirical foundations 

of Big data, examining relevant literature. The third chapter provides a detailed research 

methodology, research design, and the process adopted to achieve the objectives. In the fourth 

chapter, the research findings and themes are identified and presented from the research 

undertaken. The study culminates in the fifth chapter, where it concludes by offering 

recommendations and suggestions to stakeholders. Possible future research on the topic is also 

recommended. 
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2. Literature Review 

2.1 Introduction 

This chapter presents the impact and benefit of Big data analytics skills, specifically, reviews 

the current condition of the BDA skills gap in the banking sector, the aspects that contribute to 

the gap, and the proposed and implemented strategies to address the gap. This review provides 

insights and recommendations for addressing the Big data analytics skills divide in the banking 

industry by synthesizing the findings of previous studies (Mishi & Mushonga, 2024).  

2.2 The Concept of Big Data 

Big data is a vast gathering of data that cannot be handled, collected, or evaluated with 

conventional technologies as this data might also be found in structured, semi-structured, and 

unstructured formats. The structured data may take the form of text and numeric, at the same 

time, semi-structured data could resemble another type of data, like an email, video, images, 

audio, and non-structural take the form of social tweets and comments (Smaya, 2022). 

According to the European Commission, Big data is classified to have these four 

characteristics: Large volume of data, various types of data, high velocity of data, and various 

sources from which the data is received (Malaka and Brown, 2015).  

According to Smaya (2022), Big Data in banking is based on five parameters (5 V’s) which 

are: Volume, Variety, Velocity, Value, and Veracity, though sometimes it could be extended 

to 7V’s to include visualization and value. Volume is the distinguishing factor between 

unstructured and structured data. Big data volume represents the amount of data and is 

measured in terabytes and petabytes. The term "variety" refers to the various kinds of data 

stored in relational database storage systems, such as structured, unstructured, and semi-

structured data. The format of the data may take the shape of documents, social media texts, 

music, video, emails, graphics, graphs, and the output of all different kinds of computer-

generated data from different sensors, technical devices, machine logs, and GPS signals. 

Velocity pertains to the rate at which data is produced and disseminated. In the current scenario 

the rate at which credit card transactions are processed and verified for fraudulent activities. 

Value denotes the significance or worth of the data that is being generated and employed. 

Veracity ensures that the data distributed is accurate (Quasim et al., 2019). 
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Big data is increasingly being acknowledged by management as the foundation of corporate 

operations. According to Fosso (2015), Big data's ultimate objective is to enable insights, 

provide business value, and produce a competitive edge.  

2.3 Big data - Definitions 

Numerous researchers have provided definitions for Big data, however, all the definitions lean 

toward the many V’s that explain the characteristics of Big data. According to Malaka and 

Brown, (2015), Big data analytics can be specified as large volume, velocity, and variety of 

data assets, all of which require efficient and innovative approaches to information processing 

in order to improve analytical capabilities and the quality of decisions. This indicates the 

substantial amount of data that is received from diverse data sources including video, audio, 

documents, web traffic, e-mail, unconnected sources, call data records, files, and social media 

including relational databases.  

Doko and Miskovski (2019) define BDA as the collection and analysis of massive volumes of 

both structured and unstructured data, with the possibility of doing so in real-time to produce 

value for businesses. A specific focus on the properties of 5 Vs in the context of the banking 

sector. Volume, Variety, Velocity, Veracity, and Value. According to Henry and Venkatraman, 

(2015), the business problem is to quickly evaluate these mountains of information to produce 

useful insights because Big data is not only unstructured but also rapidly generated and huge 

in volume. Big data’s lack of direct control at the point of generation also raises concerns about 

the data’s validity (quality, correctness), which occasionally casts doubt on the outcomes of 

data analysis. Big data also has a validity element, which refers to how valid the data is for 

problem analysis and whether it has an expiration date beyond which it loses some of its value. 

De Mauro et al., (2016) defines Big data as the data asset whose High Volume, Velocity, and 

Diversity necessitate the application of specialized Technologies and Analytical Techniques 

for conversion into business value. De Mauro et al., (2016) further state that the Technology 

and Analytical elements specify the conditions necessary to make use of such information and 

the Value describes the conversion of data into actionable visions that can generate financial 

benefit for businesses and communities to make informed decisions. 

The definitions provided describe Big data as an important collection of information that is 

characterized by three primary elements: high volume, velocity, and diversity. The term “High 

volume” indicates the large quantities of data generated and accumulated through various 
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mechanisms that surpass the capacity of traditional data processing systems. The term velocity 

denotes the speed at which data is generated and must be analysed from various sources in real-

time requiring efficient methods to analyse in a timely manner. The term diversity refers to the 

variety of data sources and types within the data landscape that includes numbers, tables, texts, 

images, and videos from many sources such as sensors, social media, and online platforms. Big 

data necessitates the use of specialized technologies and analytical methods due to these 

characteristics. Because of the size, complexity, and speed of Big data, conventional data 

processing tools and techniques may not be sufficient. Consequently, specialized approaches 

and tools, such as sophisticated data storage systems, distributed computing, machine learning, 

and data visualization techniques, are required to extract valuable insights and derive 

meaningful data from Big data sets. 

Gandomi and Haider (2015) defines Big data, as a term used to define enormous quantities of 

rapid-moving, complex, and variable data which call for cutting-edge methods and tools in 

order to be captured, distributed, managed, and analysed. BDA is the frequently challenging 

method of analysing enormous quantities of data to find industry trends, latent patterns, and 

customer insights that might help organisations make improved decisions (Smaya, 2022a).  

2.4 The Evolution of Big Data 

The presence of Big data has been prevalent since the early 1950s, but grew gradually because 

of the significant cost of computers, storing of data, and network applications (Lee, 2017). The 

arrival of the World Wide Web (WWW) in the early 1990s led to a significant increase in the 

growth of data and the development of Big data analytics. Big data and data analytics have 

evolved through the creation of relational database management systems (RDBMS) in the 

1980s which made it possible to store and retrieve vast quantities of structured data effectively. 

Large corporations employed these systems at first to handle their transactional data (Hugh, 

2019). 

Big data 1.0 (1994 to 2004) coincided with the introduction of e-commerce in 1994, and Web 

mining methods were devised to examine the online activities of users. Web usage mining is 

the application of data mining techniques to identify user access designs and patterns for 

webpages, while web structure mining is the process of identifying the relationship of a website 

or a web page linked by information. Text mining involves extracting information from 

unstructured text and relies on methods derived from information retrieval (IR) and natural 
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language processing (NLP) to accomplish this task. The focus of web content mining involves 

the retrieval of data from web pages, grouping similar web pages through clustering, and 

categorizing web pages into various types such as cyberterrorism, email fraud, and filtering 

spam emails. (Lee, 2017).  

Big data 2.0 is propelled by Web 2.0 and the social media trend, which enabled web users to 

interact with websites and contribute their own content. Text mining involves extracting 

information from unstructured text and relies on methods derived from IR and NLP to 

accomplish this task. Researchers analyse and interpret human behaviours on social media 

platforms, extracting insights and drawing conclusions based on factors such as a consumer's 

interests, browsing habits, social connections, sentiments, profession, and opinions (Lee, 

2017). Lee (2017) further elaborates on the evolution of Big data 3.0 incorporating data from 

Big data 1.0 and Big data 2.0. The Internet of Things (IoT) applications that produce data in 

the form of images, audio, and video are the principal contributors to Big data 3.0. The Internet 

of Things (IoT) is a technological ecosystem where devices and sensors possess distinct 

identifiers and can interact and exchange data over the internet autonomously, without the need 

for human intervention. As the Internet of Things rapidly expands, devices that are connected 

and equipped with sensors will surpass social media and e-commerce websites as the primary 

sources of Big data. 

Internet of Things (IoT)-based sensors are increasingly being used to analyse information from 

equipment deployed for banking operations such as ATM’s and smart devices.  The 

development is causing the emergence of a fresh domain called streaming analytics. This field 

involves the ongoing extraction of data from streaming sources. In addition to overseeing 

current conditions, streaming analytics can forecast future occurrences. They offer immense 

possibilities in sectors where streaming data is created through sensor data, machine data, or 

human activities. For instance, healthcare providers can utilize streaming analytics to keep 

track of patient's physical and behavioural alterations, and to inform caregivers of urgent 

medical concerns. 

Descriptive analytics tools including reporting, dashboards/scorecards, and alerts have 

received increased attention from businesses. With the advancement of the data analytics 

maturity model and create predictive algorithms, their focus has started to broaden. The 

possibility to gather, store, and analyse massive amounts of information as well as 
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improvements in computer power, algorithms, and data analysis software are major drivers of 

this interest (Hugh, 2019). 

Banks have been under immense pressure to stabilise and improve the level of service quality 

since the 2008 financial crisis. Banks are now obligated to be more transparent and seek 

permission to access billions of records belonging to their customers. because of new laws like 

Basel III and the Payments Service Directive (PSD) in digital markets (Delgosha et al., 2021). 

Big data offers businesses significant possibilities for starting new ventures, generating 

innovative goods and services, and enhancing corporate processes. Employing Big data 

analytics can lead to business value such as reduced costs, enhanced decision-making, and 

improved quality of products and services. 

2.5 Factors driving Big Data Analytics 

2.5.1 The Growth of Digital Volume 

Recently, there has been a surge in the quantity of data due to the advancement in technology, 

and as a result, the number of emails, video clips, social media posts, and added text has grown 

to more than a few billion entries per day. The traditional storage technologies are unable to 

handle structured and unstructured data so more advanced technologies are best suited (Quasim 

et al., 2019). According to Dachyar (2019), the Internet of Things (IoT) has led to a rise in 

disorganized data. It is anticipated that IoT devices may increase to 43 million by the year 

2023. The Big data technology and services industry is projected to expand at a CAGR of 

22.6% between 2015 and 2020, reaching $58.9 billion by 2020 (Dachyar et al., 2019). 

According to Kubina et al. (2015), the volume of data is increasing rapidly, as evidenced by 

Google which receives 2 million search queries every minute, and Facebook users publishing 

around 700 thousand quantities of content simultaneously. IBM estimates that we generate 2.5 

quintillion (2,5 x 1018) bytes of data every day, meaning ninety percent of the existing data 

was produced in the previous two years (Kubina et al., 2015). 

2.5.2 Availability of powerful data analytics tools 

In the digital age, data and analytics are crucial for companies to not only survive but also to 

flourish, so it is essential to drive them into the foundation of their business (Dachyar et al., 

2019). Data variety includes various types and formats of data that are produced from a variety 

of sources, including text, photos, audio, and video as well as organized and unstructured data 

in real-time (Smaya, 2022). This data needs to be organised, arranged, and segmented for 
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analytical queries by a data professional for decision-making purposes (Smaya, 2022a). 

Standard tools and competencies have been effective in handling organized data and are 

inadequate when processing unstructured data. Provost and Fawcett (2013) argue that despite 

having access to substantial amounts of structured, semi-structured, and unstructured data 

through the monetary transactions they oversee, the banking sector typically fails to utilize this 

extensive collection of big data for purposes such as targeted marketing and predictive 

analytics. Consequently, it is necessary to utilize and implement more advanced analytical 

techniques to process data, enabling us to obtain better insights into our business, customers, 

and suppliers (Kubina et al., 2015). Data science and machine learning engineers are in short 

supply, and businesses are increasingly searching for Big data analytics capabilities that can 

bridge the skills gap (Provost & Fawcett, 2013). Although the Big data revolution is widely 

acknowledged as a potential means of obtaining a competitive advantage, organizations lack 

the capacity to harness its power effectively. 

2.5.3 The Rise of Cloud Computing 

The term "Big data" was introduced as a solution to manage and process the rapidly expanding 

amount of data worldwide. It is a technology capable of storing and managing vast and varied 

volumes of data, providing companies with a comprehensive understanding of their customers. 

Cloud computing offers a reliable, fault-tolerant, accessible, and adaptable platform for hosting 

distributed management systems that handle massive volumes of data. (Neves et al., 2016). 

Cloud computing provides a flexible infrastructure that enables on-demand delivery of 

computing resources.  According to Jagani  (2021), Big data applied with Cloud computing 

provides improved performance, increased input data, enhanced insights, and more dependable 

and secure platforms at comparatively cheaper costs for customers. Jagani further states that 

Big data provides end users with visualization and analytics, making it more manageable, 

monitorable, and reportable. Cloud computing can be difficult to comprehend and manage 

because it involves a vast array of technologies and services. The technology of cloud 

computing is continuously evolving, and new features and services are introduced frequently. 

Keeping up with these changes can be difficult, and organizations need experienced 

professionals who are familiar with the most recent cloud technologies and can assist them in 

navigating the complexities of Cloud computing. 
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2.5.4 The need for faster Decision-making 

Big data offers many advantages by enabling higher transparency of information, broader, 

enhanced, and more precise understanding, improving decision-making, and allowing 

organizations to develop more intricate and tailored products and services (Kubina et al., 

2015b). Data sourced from various sources are meaningless if there is no way to identify 

structure or solutions to specific problems within them, and this cannot be done by people due 

to the volume, variety, and velocity of data (Huttunen et al., 2019). Over time, managers have 

been accountable for making decisions based on their proficiency, expertise, previous 

experiences, personal predispositions, natural intelligence, and gut feelings. There has also 

been a significant element of luck involved due to the high level of uncertainty surrounding 

external factors. Companies hire managers with the best track records and expect them to 

leverage their previous successful decisions to make sound future decisions. Managers have 

the benefit of utilizing extensive datasets and data-driven tools that can aid them in making 

superior decisions based on more impartial and factual information (which is represented by 

real-time Big data streams) and gaining comprehensive knowledge about them through the 

application of Big data (Henry & Venkatraman, 2015). 

2.5.5 The Desire for Competitive Advantage 

A company has a competitive edge when it outperforms its rivals (Barham, 2017b). Companies 

can gain a competitive advantage by leveraging Big data, which presents greater opportunities 

for growth than conventional technologies. and assist in gaining a leading position in the 

market. Big data has enabled companies to put up experiments by generating and 

analysing enormous quantities of data from process change experimentations to identify 

possible improvements in performance (Kubina et al., 2015). According to Kubina (2015), 

insurance companies use Big data analysis to assist with identifying hidden correlations and 

risks by using fraud analysis engines.  

2.5.6 Customer Insights 

According to Poornima and Pushpalatha (2016), different types of unstructured data make up 

nearly 67% of the Big data generated by business applications. As a result, those companies 

are passing up the chance to fully utilize the value of knowledge discovery from those data, 

which could be helpful to increase their profit and production. As a result, the increased 

complexity of business processes and innovation requires the introduction of new digital 
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technologies to simplify things by automating these processes hence analytics assists in 

forecasting based on historical events which will enable us to determine the actions to be taken.  

2.5.7 Redesigning of products and services 

By leveraging Big data from multiple sources, businesses have the ability to send personalized 

product/service recommendations, coupons, and various promotional offers. Prominent 

retailers such as Macy's and Target utilize Big data to evaluate customer preferences and 

sentiments, aiming to enhance the overall shopping experience. Similarly, innovative financial 

technology firms have started leveraging social media data to assess the credit risk and 

financing needs of prospective customers, providing them with novel financial solutions. Big 

data analysis is being used by banks to raise sales, improve client retention, and provide better 

customer service (Lee, 2017). 

2.6 Challenges with Implementing Big Data Analytics 

The financial services sector is a data-intensive industry that handles vast amounts of 

confidential information. The financial services industry relies heavily on extensive data 

analytics to assist both consumers and financial service providers. According to He et al. 

(2022), Big data methodologies encounter issues when handling large datasets with high 

dimensionality and generating meaningful findings without employing an adequate variable 

selection process for dimension reduction. With the increasing use of advanced analytic 

approaches, the outcomes they produce can pose challenges for individuals lacking 

professional expertise in comprehending them. According to Hasan et al. (2023), commercial 

banks do not have a well-developed data analysis team that possesses advanced skills, 

expertise, and experience. As a result, there are obstacles such as limited knowledge and 

confidence in handling large data, as well as an inadequate ability to identify undiscovered 

problems.  
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2.7 Theory underpinning Big data  

The proposed theoretical framework of this research seeks to explore how Big data analytics 

capabilities influence business performance in the financial services sector. It employs the 

resource-based theory and emphasizes Big data analytics to be a crucial component to enhance 

business performance.  

2.7.1 Resource-based View Theory 

The resource-based view theory of the firm posits how a firm's acquisition of essential 

resources empowers it to establish a competitive edge and enhance performance as a result of 

the resources under its management (Chahal et al., 2020). Big data analytics capabilities 

(BDAC) have been interpreted as a company's capability to convert large amounts of data into 

valuable information and insight through the use of both tangible and intangible assets (Aziz 

et al., 2023). The theory also emphasizes imitability to be a source of exceptional performance 

and competitive advantage (Akter et al., 2016). Barham (2017b) proposed, as part of a firm's 

resource-based perspective, that it should seek out resources that can cement a first-mover 

advantage. Barham further states that to obtain a competitive advantage that is long-lasting and 

sustainable, valuable rare resources should not be imitable. These are resources that have 

accumulated some expertise in a specific business area that allows lower costs and higher 

quality that their competitors do not yet possess. Aziz et al (2023) argues that organisations 

must continuously evolve and reconfigure their resources and capabilities to obtain a 

competitive advantage. 

In addition, businesses must respond swiftly and efficiently to both internal and external chan

ges, which requires them to recognise both opportunities and obstacles for market continuity 

and expansion. 

The fundamental elements of the resource-based view theory are resources and capabilities, 

which have been extensively studied in previous empirical research. Resources are unable to 

create any business value on their own, but strategic action is necessary to utilize them 

effectively. According to Mikalef et al. (2018), resources are classified into three categories: 

tangible resources such as financial and physical assets, human skills which include the abilities 

and knowledge of employees, and intangible resources such as organizational culture and 

learning. Mikalef et al. (2018) argue that the performance of the company is contingent on the 

characteristics and the quality of the competencies and resources it possesses. One of the 
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characteristics of resources is that they are incapable of producing any kind of value for the 

company on their own, instead demand some kind of action to be utilized strategically. This is 

suggested by the classification of resources as nouns, as they can remain inactive until they are 

required, much like an unused plant or knowledge, and they can be named irrespective of their 

use. Therefore, a resource is not something that a company can do; rather, it is something that 

the company has access to. Organizations require specialized skills and competencies to utilize 

the resources, which include analysis of immense amounts of data and identifying difficult-to-

identify patterns and trends. This can aid organizations in making more informed decisions 

regarding risk management, customer insights, and marketing strategies. 

2.7.2 Tangible Resources 

Tangible resources are resources that possess physical attributes, including equipment, and 

physical technologies (Michalisin et al., 1970). These resources are readily accessible in the 

open market are generally not limited in supply and are required to create capabilities. Barney 

(1991) states that organizations of similar size have relatively easy access to tangible resources, 

implying that tangible resources alone are unlikely to create a competitive advantage. (Mikalef 

et al., 2018) states that data is the core resource in developing a Big data analytics capability. 

The author further states Big data is described by its volume, variety, and velocity, but analysts 

are primarily concerned with the data's quality. Critical elements such as completeness, 

accuracy, format, timeliness, dependability, and perceived value define data quality. In a 

heavily data-driven economy, data resources with these characteristics are required for 

organisations to gain a competitive edge and improve performance. Companies that purchase 

data to supplement their analytics and obtain additional insight into their customers and 

processes recognize the significance of data availability and integration from multiple sources.  

2.7.3 Intangible Resources 

According to Michalisin et al. (1970), some resources do not qualify as sources of competitive 

advantage and business performance. Strategic assets refer to resources that serve as enduring 

sources of competitive advantage and enable organizations to achieve superior profits. 

Michalisin et al. (1970) further asserts that employees know how to be an important resource 

to an organisation’s competitive advantage and business accomplishment. Know-how refers to 

the collective knowledge, understanding, expertise, skills, and decision-making abilities of 

both the managers and non-managers within a firm.  
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2.7.4 Human Resources 

A company's human resources include all of its employees' talents, skills, business savvy, 

problem-solving abilities, leadership qualities, and interpersonal relationships (Gupta & 

George, 2016). The author further asserts that previous research on Information Technology 

capability has indicated that technical and managerial skills are key dimensions of human 

resources that are crucial in the environment of Information Technology. Akhtar et al. (2019) 

Previous research on Big data analytics has underscored the significance of possessing 

particular skills and capabilities related to Big data to achieve organizational success. 

According to Gupta and George (2016), Big data technical skills encompass computing, 

mathematics, statistics, machine learning, and expertise in the business domain. These skills 

enable them to transform conventional business practices into data-driven insights, leading to 

actionable decisions that improve overall business performance. Additionally, decision-makers 

inside businesses must have the capability of successfully interpreting the information, 

ensuring the identification of both opportunities and risks. According to Provost and Fawcett 

(2013), the technical capabilities noted above are data science skills. A data scientist's major 

function is to advise and aid in the process of deriving actionable insights and information from 

data to assist data-driven decision-making (Provost & Fawcett, 2013). Furthermore, this 

position calls for the use of intuition, knowledge, creativity, and practical thinking, as well as 

proficiency in analytics and statistics, good data visualization, and the expression of business 

difficulties from a data-centric perspective (Provost & Fawcett, 2013). 

It has been hypothesized that the scarcity of data science skills is a consequence of academic 

institutions being unable to promptly establish relevant data science programs to meet the 

increasing demand from industries (Provost & Fawcett, 2013). The shortage of Big data 

technical skills remains prevalent, as only a limited number of educational institutions provide 

relevant courses, despite an escalating demand for such skills (Gupta & George, 2016). 

2.8 Components of Resource-based View Theory 

Barney (1991) argues that the resource-based view theory advocates for recognizing 

knowledge as a valuable competitive asset. Resource-based view theory views organisations 

as aggregations of resources that can be strategically utilised to create a competitive edge 

(Gupta & George, 2016). Kozlenkova et al. (2013) asserted that the Resource-Based Theory is 

a crucial paradigm that is widely employed to elucidate and forecast an organization's 
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competitive advantage and performance results. The resource-based view theory is largely 

acknowledged as the most resilient and influential framework for explaining and predicting 

organisational relationships, competitive advantage, and profitability (Gupta & George, 2016). 

Erevelles et al. (2015) argued that resource-based view theory is an appropriate framework for 

comprehending the advantages of big data and how businesses can more effectively exploit it 

to improve business performance. These traits are important in the research environment 

because understanding the current and necessary big data resources of organizations and 

finding ways to effectively use and benefit from them is crucial for gaining a competitive edge. 

2.8.1 Technology  

Technology is considered essential for the development of capabilities, even though it is not 

considered to be the only source of business performance for organizations (Barney, 1991). 

Resource-based view theory has been utilized extensively in the area of Information 

Technology (IT) to characterize the abilities and skills associated with IT resources. According 

to existing IT research, the ability to utilize IT resources effectively alongside other 

organizational resources is a crucial factor in obtaining a competitive advantage (Smith et al., 

1996). Past research has utilized the idea of IT resources and Big data analytics capabilities to 

demonstrate how they can directly or indirectly impact an organization's performance 

(Raguseo, 2018). The fundamental assumption of these studies is that a company must have 

invested in all necessary resources to develop a robust Big data capability. As businesses 

discover new uses for the enormous amounts of data they possess, Big data technologies, 

practices, and approaches are continuously evolving (Raguseo, 2018). Various Big data 

architectures and techniques, involving the acquisition, handling, management, and analysis of 

enormous volumes of data across the enterprise, are continuously evolving requiring 

organisations to invest in upskilling and reskilling employees in these technologies. 

2.8.2 Data 

The correlation between data and Big data analytics capabilities and business performance is 

the capacity to obtain meaningful understandings from analysing data and use them to make 

growth-driving decisions. Responding to the increase in volume, variety, and velocity of data, 

organizations need sophisticated analytical capabilities to transform raw data into actionable 

insights. The data can offer valuable perspectives on emerging risks and assist organizations in 

making better-informed decisions. Big data analytics, organizations can recognise 
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relationships, trends, and anomalies that are not readily apparent using conventional data 

analysis techniques. By utilizing these insights, businesses can optimize operations, develop 

new products and services, improve customer experiences, and obtain a competitive advantage. 

Therefore, the ability to utilize data effectively through Big data analytics capabilities is 

becoming increasingly crucial for business performance. 

2.8.3 Technical Skills  

Technical Big data skills pertain to the expertise needed to utilize emerging technologies for 

extracting valuable insights from large and complex datasets (Gupta & George, 2016). 

According to Ferreira et al., (2023), working with and analysing massive amounts of data, it is 

essential to possess the requisite technical skills. To analyse complex data, organizations 

require individuals with strong technical skills, such as data programming, data mining, and 

data visualization. According to Gupta and George (2016), Machine learning expertise, data 

mining, data cleansing, analysis of statistics, and experience with programming concepts like 

MapReduce are all examples of the kinds of expertise that may be useful. These competencies 

are essential because they enable professionals to access, manipulate, and analyse data in order 

to derive valuable insights that can inform business decisions (Provost & Fawcett, 2013). 

Without these technical skills, it may be challenging for financial institutions to extract insights 

from their data, which could result in missed opportunities and diminished competitiveness. 

Individuals and organizations that wish to remain competitive and make data-driven decisions 

must therefore possess the necessary technical skills for Big data. 

Studies conducted outline that Big data analytics technical abilities contribute to business 

performance by enabling organizations to analyse and interpret large volumes of data 

effectively (Tokarcikova & Malichova, 2020). Professionals with proficiency in data 

programming, data mining, and data visualization can utilize Big data analytics tools and 

techniques to identify patterns, trends, and insights that can inform business decisions (Talwar 

et al., 2021). By leveraging these insights to optimize operations, improve products and 

services, and enhance customer experiences, businesses can obtain a competitive advantage 

and increase their overall business performance (Talwar et al., 2021). In addition, the ability to 

effectively manage and analyse data can result in cost reductions, an increase in revenue, and 

enhanced risk management, all of which contribute to enhanced business performance 

(Drydakis, 2022). 
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2.8.4 Managerial Skills 

According to Ferreira et al., (2023), by offering a good management framework for making 

wise business decisions, Big data management capabilities play a significant role in Big data 

analytics capabilities. It consists of four main aspects that are seen to be essential for the 

implementation of Big data management capabilities: Big data analytics planning, investment, 

coordination, and control. The first phase in Big data management capabilities is Big Data 

analytics planning, where possible business prospects are evaluated, and Big data-based 

concepts are created to increase the performance of the company. According to Gupta and 

George (2016), leadership abilities are firm-specific and refined periodically by employees 

within the organization. The author argues that these skills are improved by solid departmental 

relationships. These skills are heterogeneous across organizations and are utilized by managers 

in their daily work and decision-making. Torres et al. (2018) Big data managers need to be data 

savvy in order to analyse the data collected by the technical teams. Big data managers must 

possess the crucial capacity to comprehend and anticipate the requirements of various business 

units, customers, and partners. This enables them to effectively apply the insights derived by 

their technical teams. 

2.8.5 Organizational Learning 

According to Widyaningrum (2016), a learning organization can be defined as one in which 

employees continuously improve their capacity to produce desired results, foster original and 

diverse thought patterns, unleash group ambition, and continuously hone their skills in 

collaborative learning. According to Gupta and George (2016), one limitation of the resource-

based view theory is its failure to explain why certain firms outperform their competitors, 

particularly in dynamic and rapidly evolving market environments.  

2.9 Chapter Summary 

This study proposed an understanding of the components of Big data Analytics Capabilities 

(BDAC), namely managerial skills, data, technology, technical skills, human resources, and 

organisational learning, highlighting their interdependencies for achieving superior 

productivity and efficiency, leading to improved performance and long-term competitive 

advantage. Despite the significant investment required for Big data infrastructure and a 

shortage of qualified personnel, the literature identifies several significant obstacles (Torres et 

al., 2018). These obstacles originate from a lack of comprehension regarding the advancement 
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of Big data analytics capabilities, an inadequate understanding of the distinct resource 

requirements, organizations that are unprepared for the execution of Big data, and the difficulty 

of adopting a data-centric culture. 

The challenges in building Big data analytics capabilities arise from a lack of understanding of 

how to do so, a lack of understanding of the specific resource requirements, organisations not 

being prepared for Big data, and the inability to adopt a data-oriented culture. These challenges 

have been identified in the literature due to the substantial investments required for Big data 

technological infrastructure and the scarcity of skilled human resources (Erevelles et al., 2015; 

Gupta & George, 2016; Kiron et al., 2011; Lavelle et al., 2011; Torres et al., 2018). 
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3. Research Methodology and Design 

3.1 Introduction  

This chapter provides a detailed methodology adopted in this study. It outlines the study's 

targeted population, and sample size chosen to effectively investigate the research objectives. 

The methodology also encompasses a thorough discussion of the sampling method, data 

collection procedures, and data analysis procedures. The chapter concludes by elucidating the 

procedures taken to ensure the reliability and validity of the data and addressing the study's 

limitations. 

3.2 Research Approach and Design 

The design of qualitative research permits researchers to examine in-depth the experiences, 

perspectives, and viewpoints of individuals through techniques such as interviews, focus group 

discussions, and observations (Sofaer, 2002). Interviews provide the researcher with the ability 

to pose complex questions, deconstruct them, and include follow-up inquiries in order to obtain 

the necessary information. 

This study adopted a qualitative approach as it predominantly suites the interpretivism domain. 

The philosophy is employed when the researcher requires an understanding of an individual’s 

experiences, therefore, this method is substantially subjective. Saunders et al. (2023) asserts 

that interpretivism is key for understanding differences between humans as social factors. This 

is based on the nature of the questions which the study seeks to answer. According to Eriksson 

and Kovalainen (2015), qualitative business research is a method that seeks to achieve business 

objectives by employing methods that enable detailed interpretations of phenomena without 

relying on quantitative measurements. Emphasis was placed on unearthing underlying 

meanings and generating novel insights.  The researcher was able to learn more about a little-

explored subject area by using a qualitative, exploratory research method (Saunders et al., 

2023). The inquiries of the research are based on personal perspectives and are influenced by 

the social environment, rather than concentrating on factors that can be easily measured or 

quantified. Qualitative research involves exploring and analysing non-numeric data, 

emphasizing the generation and examination of information that cannot be easily quantified 

(Bryman & Bell, 2011). The scope of this research used once-off interviews conducted over a 

short period of time to achieve the research objectives. Saunders et al. (2023) proposes that 

during the conduct of an exploratory study, interviews incorporating open-ended questions are 
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more suited to be employed. The objectives and questions of the research necessitate the 

conduct of semi-structured interviews. Further investigation is necessary to explore and 

understand the under-researched skillset that the banking sector aims to utilize for improved 

decision-making and enhanced business performance. This approach enabled the researcher to 

obtain insights into the skills and competencies required in the banking industry to meet its 

shifting priorities. Various perspectives, including those of employers (executives) and higher 

education institutions, were examined to explore the skills that are currently in demand within 

the banking industry.  

3.3 Population and Sample 

3.3.1 Population 

The study population is defined as the total number of members of a group, which can include 

not only individuals but also organizations and locations (Saunders et al., 2023). The aim of 

this research paper was to determine the skills required by the banking industry from the 

perspective of employers. Given that the overall aim of this study was to identify the skills that 

are required by banks from the employer’s perspective, the study population comprised 

executives, senior managers, and other data specialists within banks in the South African 

banking sector and a stakeholder from an institution of higher learning. The population of the 

research comprised traditional major banks and the South African Reserve Bank. 

In this study, the unit of analysis was the perceptions of individual executives, senior managers, 

and specialists employed in the banking sector in Gauteng. The selected sample provided the 

researcher with a comprehensive understanding and valuable insights into the skills and 

competencies necessary for the banking industry to address its evolving needs, in comparison 

to the skills imparted by institutions of higher learning in South Africa. 

3.3.2 Sampling Method and Size 

This research study employed non-probability purposeful sampling. Purposive sampling is a 

non-probability sampling technique that allows the researcher to select the cases that will allow 

him or her to respond to the research questions in the most effective manner (Saunders et al., 

2023). According to Marshall (1996), purposive sampling is the prevailing sampling technique. 

The purposive sampling strategy was chosen due to the exploratory character of the research, 

the use of semi-structured interviews, and the expectation of small sample sizes. 
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The researcher’s targeted sample size for the study was 20 respondents. A total of 14 out of 20 

interviews were conducted with an estimated 13 senior managers, specialists, and heads of 

departments to achieve the first two research objectives. The third research objective is 

achieved by interviewing an executive from one institution of higher learning. South African 

banks were chosen because they play a critical role in the economic functioning and financial 

stability of a country. Additionally, these banks are currently experiencing extraordinary 

transformations as a result of the technological advancements taking place. 

The interviewing procedure and data processing were conducted simultaneously until 

theoretical saturation was achieved. In this research, the point at which no new themes could 

be identified was reached during the tenth interview, however, the researcher continued with 

the interviews of the remaining four participants to ensure no new themes were identified. 

Dworkin (2012) posits that saturation occurs when collecting additional data does not yield 

new theoretical insights or uncover new aspects related to the core theoretical categories.  

3.4 The Research Instrument 

A semi-structured interview is a way of collecting data that involves asking questions based on 

a preset theme framework (Saunders et al., 2023). Individual, detailed, semi- structured 

interviews were conducted by the researcher using the interview guide outlined in Appendix 

C. The interview guide followed a semi-structured format which consisted of open-ended 

questions related to each of the primary research objectives. This provided the researcher with 

a deeper understanding of participants' perspectives, beliefs, behaviours, and experiences 

through the use of open-ended questions, which were designed to elicit rich and detailed 

information (Hyman, 2016). These questions did not restrict or limit the responses of the 

participants, allowing them to provide nuanced and detailed accounts that may disclose 

unexpected insights or uncover new perspectives.  

3.5 Procedure for Data Collection 

This study utilized a mono-method approach, employing in-depth, face-to-face, semi-

structured interviews. In-depth semi-structured interviews are well-suited for investigating a 

specific idea or topic from various perspectives. They are particularly valuable when 

researchers aim to gather detailed information about a particular issue. These interviews 

enabled flexibility in question sequencing and allowed for spontaneous inquiries, thereby 

facilitating a thorough exploration of the chosen topic (Saunders et al., 2023). Semi-structured 
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interviews enabled the elicitation of detailed responses and the further investigation and 

examination of the topics of interest. The interviews utilized open-ended, non-leading 

questions from Appendix C. 

The study centered on the South African Banking industry, which predominantly has its 

headquarters in Johannesburg. Participants were initially identified and contacted through 

LinkedIn. Once the contract was established, the interviews were confirmed through electronic 

mail. The interviewees were invited to participate in the study utilising the invitation included 

in Appendix A. The interviews were voice recorded with the permission of the participants, as 

evidenced by a signed consent form. An example of the consent form is in Appendix B. The 

interviews were later transcribed for analysis. 

3.6 Data Analysis and Interpretation 

The qualitative data obtained from the interviews was captured through voice recordings and 

subsequently transcribed to uphold the level of confidentiality. Thematic analysis, a method of 

analysing data by identifying and organizing themes, was employed in this study. The 

researcher conducted manual coding by utilising categories and themes that arose from the 

data. The researcher employed coding units to establish connections between the data and the 

subjects, themes, and concepts, facilitating the sorting, organising, and categorising of the data. 

The analysis facilitated the researcher in discerning patterns and correlations in the assessment 

of the capabilities necessary for the banking industry to effectively utilise Big data and 

analytics. This approach allowed the researcher to gain a comprehensive perspective and 

comprehension of meanings, relationships, and themes derived from the transcripts. During the 

qualitative data analysis process, to the initial data was revisited as part of the iterative process. 

This ensured consistency and alignment between the analysis and the recorded data.  

3.7 Limitations and Challenges of the Study 

Qualitative research is inherently subjective and can be influenced by various biases, such as 

interviewer bias and response bias (Saunders et al., 2023). These biases are anticipated and 

acknowledged within the study. Biases are introduced because the researcher is not impartial 

during the data collection procedure. Biases arise due to the lack of impartiality on the part of 

the researcher during the process of collecting data. Due to the qualitative nature of the 

research, establishing the credibility and reliability of the data will require special care 

(Shenton, 2004).  
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Due to the utilization of semi-structured interviews for data collection, inherent biases such as 

interviewer and interviewee bias are introduced. The lack of complete independence of the 

researcher from the data collection process further contributes to the potential biases in the 

findings. While the study primarily involved participants from prominent banks, it is important 

to note that the conclusions are not extrapolated to the entire South African banking industry. 

Furthermore, the smaller sample size may introduce biases and limit the generalizability of the 

data analysis results. Additionally, the recruitment of participants exclusively from banks in 

Johannesburg introduces a geographic bias. 

3.8 Quality Assurance 

3.8.1 Reliability and Validity 

In a qualitative investigation, validity refers to the degree to which the research findings 

accurately represent the studied context, while reliability indicates that if the study were to be 

repeated, the results would remain largely consistent with the original research outcomes 

(Richards & Morse, 2013). Within the domain of qualitative research, the assessment of 

reliability and validity encompasses various aspects, including interviewer bias, interpretation 

bias, and responder bias. Validity in the data was upheld by conducting interviews in a language 

comprehensible to the study participants. Standardization of data collection techniques and 

protocols was used to guarantee the reliability and validity of the measurement instrument. The 

interviews were conducted in a standardised manner, following the interview guide provided 

in Appendix C, with the goal of improving both validity and reliability. In order to mitigate 

researcher bias and enhance precision, interviews were recorded using a recording device, and 

the researcher simultaneously made notes throughout the interview session. The researcher was 

aware of important factors such as interviewer and interviewee prejudice, and the need to have 

the necessary interviewing skills. Therefore, the researcher made a deliberate effort to uphold 

impartiality to the greatest degree feasible.  
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3.9 Ethical Considerations 

Ethical considerations play a crucial role when conducting research interviews. The 

safeguarding of human participants through the application of appropriate ethical principles is 

crucial in every research study (Arifin, 2018).  The participants were initially provided with an 

information sheet including the objective of the research study. They were assured of 

confidentiality and anonymity and were informed that their partaking was entirely voluntary, 

with the freedom to retract without facing any negative penalties. After fully understanding the 

provided information, the participants were requested to sign the consent form (refer to 

Appendix B: Consent Form). 

3.9.1 Voluntary Participation 

Participation in the research study was optional, and no sort of remuneration or compensation 

was given to participants. Participants were granted the liberty to discontinue their involvement 

in the study at any point without encountering any personal or occupational repercussions. The 

researcher made it clear that participants were not forced or intimidated, and their cooperation 

in the research project was completely free and unbiased. 

3.9.2 Confidentiality and Anonymity 

The information obtained during the interview sessions was handled with the highest level of 

secrecy, creating a safe setting for both the researcher and the participants to avoid any possible 

harm. Data presentation strictly adhered to the principle of maintaining anonymity, ensuring 

that no personal names were revealed at any stage of the research. To ensure the confidentiality 

of the banks and participants, no names are revealed, and all individuals involved are named 

as participants.  

3.9.3 Storage of Data  

The entirety of the data collected throughout the research project has been securely archived to 

ensure the protection of the anonymity and confidentiality of all participants. Electronic 

information is stored on a device that requires a password for access, while paper-based data 

is kept safely in a locked filing cabinet at the researcher's residence. The collected data in this 

study will be retained for a period of six months. 
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3.10 Chapter Summary 

This chapter furnishes a comprehensive overview of the research methodology employed in 

this study. The elucidation encompasses a thorough discussion of the research design, the data 

collection, and the method of analysis. The explication of the research population and sample 

is both detailed and justified. Furthermore, the procedures implemented to ensure the validity 

and reliability of the research findings are meticulously outlined. Additionally, this section 

meticulously addresses ethical considerations and processes associated with the study. 
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4. Presentation and Interpretation of Research Results 

4.1 Introduction 

This chapter presents the results of the analysis of the data collected through in-depth 

interviews conducted with professionals working in the banking sector and one educational 

institution in South Africa. An analysis of the qualitative interview data has provided valuable 

insights into comprehending the specific talents required by the banking business in South 

Africa. More precisely, the emphasis is on how well the industry understands the use of big 

data analytics, the effectiveness of the methods used to handle massive amounts of data, and 

the necessary resources and capabilities required. 

This chapter includes an introduction to the study participants and presents the outcomes 

associated with each of the three key research objectives introduced in Chapter 1.  

4.2 Demographics of Sample 

Twenty individuals were chosen for interviews using purposeful non-probability sampling. The 

eligibility criteria required individuals to possess a minimum of five years of experience in the 

banking sector, namely in professional positions such as Information Technology executive 

head of a function (Executives), senior manager, and specialist. All individuals who were 

approached satisfied the specified criteria for inclusion. 

 

4.2.1 Description of the Sample 

A total of 14 participants were interviewed to gather the data required to understand the skills 

in demand by the banking sector and the readiness of graduates for the workplace in Big data 

and analytics. Table 1 represents the participant identifiers, role, and years of experience.  

Table 1: Description of Study Participants 

Identifier Role in Bank Banking 

Experience 

Duration 

Participant 1 Chief Information Officer 18 years 19:09 min 
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Participant 2 Head: Data Management Services 11 years 50:20 min 

Participant 3 Senior Manager: Data, Analytics 

& AI 

23 years 54:30 min 

Participant 4 Head: Enterprise Information 

Management 

31 years 52:28 min 

Participant 5 Head: Personalisation & Profit 

Science 

20 years 49:00 min 

Participant 6 Executive: Personalisation & 

Profit Science 

15 years 55:46 min 

Participant 7 Manager: Enterprise Information 

Management 

5 years 42:48 min 

Participant 8 Senior Manager: Data Analytics 9 years 37:47 min 

Participant 9 Head: Advanced Data Analytics 16 years 41:50 min 

Participant 10 Senior Manager: Data Analytics 5 years 29:38 min 

Participant 11 Chief Data Officer 5 years  59:21 min 

Participant 12 Executive Head: Data Services 

(South Africa) 

15 years 29:27 min 

Participant 13 Senior Business Intelligence 

Manager 

28 years 40:14 min 
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Participant 14 Academic Director 3 years 60:03 min 

 
The participants in the study were individuals from diverse organisational, corporate, and 

functional levels who are responsible for developing and implementing Big data and analytics 

initiatives in the banking sector in South Africa. A participant in the study, with extensive 

experience in the banking industry, currently has an executive position at an educational 

institution. The bulk of participants, specifically 71%, were male, while the remaining 29% 

were female. Out of the total participants, twelve individuals (86%) were directly engaged in 

data and analytics, whereas two people (14%) possessed prior experience in the field of data 

and analytics. 

 

The mix of the professional roles of the participants were as follows: 

• 57% executives 

• 29% senior managers 

• 14% middle managers 

 

The mean number of years of participant experience in the banking business was 15 years, 

while the mean participant experience in academics was 3 years. The participant with the 

highest number of years of experience in the banking industry had 31 years of experience and 

the participant with the least number of years had 5 years of experience. The participant from 

the educational institution had 3 years of experience in academia.  

The mix of banking industry experience years and academia experience years are as follows: 

Banking industry experience: 

• More than 5 years – 31% 

• More than 10 years – 7% 

• More than 15 years – 31% 

• More than 20 years – 31% 

Academia industry experience 

• More than 5 years – 0% 
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4.3 Presentation of Results  

This section provides the analysis of the responses from the participants relating to the research 

objectives. These objectives encompass identifying the skills demanded by the banking 

industry. Secondly, to identify the abilities that are currently lacking in the banking industry. 

Thirdly, to examine the skills that can be obtained through educational institutions and banks. 

The themes relating to the objectives are also presented and interpreted.  

4.3.1  Skills and competencies for Big data analytics   

The first objective of this research is to identify the skills demanded by the banking industry. 

This section presents and interprets the themes that emerged relating to this objective. The 

themes relating to this objective are tables in Table 2. 

Table 2: Themes on skills and competencies for Big Data analytics 

 Themes  Sub Themes  

  Objective 1 Objective 2 

1 Academic Qualification For a career in big data 

analytics, several university 

degrees in Engineering, 

Economics, Statistics, 

Mathematics, Computer 

Science, Information 

Systems, Data Science, and 

Actuarial Science stand out in 

Big data analytics. 

There was no indication of 

insufficiency in the academic 

qualifications of the 

graduates. 

2 In-Demand Technical 

Skills 

Skills such as Programming 

Languages, Statistical 

Analysis, Cloud Computing  

The technical competencies 

identified as deficient within 

the banking sector encompass 

programming languages, 
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Data Analytics, Data Quality 

Data Modelling, Data 

Science, and Data 

Engineering were in demand 

by the banking industry. 

Cloud Computing, Data 

Science, and Data 

Engineering. 

3 Business Skills The requisites to augment 

technical competencies 

encompass proficiencies in 

business acumen, strategic 

acuity, ethical considerations, 

and domain-specific expertise 

and knowledge. 

The pivotal business 

proficiencies identified as 

deficient encompass business 

acumen and domain expertise. 

4 Interpersonal Skills The identified soft skills are 

communication, problem-

solving, presentations, 

storytelling, negotiation, 

continuous learning, critical 

thinking, teamwork, and 

customer-centricity. 

The essential soft skills 

identified as deficient include 

communication, problem-

solving, storytelling, and a 

commitment to continuous 

learning. 

4.3.1.1 Theme 1: Academic Qualification 

The analysis of the participants’ responses revealed that all the participants expressed the 

significance of tertiary qualifications in engineering, mathematics, economics, statistics, 

computer science, information systems, and actuarial science in providing the theoretical 

foundation for Big data and its analytics. The participants implied that specific tertiary 

qualifications such as in statistics, economics, and actuarial science provide graduates with 

enhanced skills for data science. They also discussed the importance of mathematics and 

engineering tertiary qualifications for data engineering roles which is key for building data 
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pipelines. Academic qualifications in computer science, information systems and engineering 

were deemed to provide graduates with some skills for data engineering roles.  

Participant 7 asserted that whilst tertiary qualifications are the foundation of Big data and 

analytics there is still a need to develop these graduates for the data scientist and data 

engineering roles. “Graduates have a degree which gives them the foundation but there is still 

a steep learning curve and upskilling for data scientist and data engineering.”  

Participant 12 asserted that an actuarial science qualification better equips graduates for data 

science roles. “Students are more curios, resilient and I find that they have domain some 

experience. And the same with chemical and mechanical engineering. Informatics resources 

don’t really know how the data pipelines fits together.” 

Two of the participants perceived that institutions of higher learning are trying to introduce 

new curricula. They mentioned that they were aware of a tertiary qualification in Data Science, 

however, this was only offered at master’s level.  

Participant 4 perceived the academic curriculum to have improved over the last five years; 

however, it was asserted that more still to be done from institutions of higher learning due to 

the high demand for data engineering and machine learning skillsets. “In the varsities now, 

they are starting to train the students more on data management, how to use data, what a data 

strategy is… I’m starting to see that come through more in the interviews now as compared to 

5 years ago. So, varsities have changed their curriculum somewhat.”  

Two participants mentioned that some of the graduates had obtained relevant qualifications 

from institutions of higher learning in other countries such as the United Kingdom and the 

United States of America. This was highlighted as a concern due to affordability for local 

students.  

4.3.1.2 Theme 2: In-Demand Technical Skills 

In all of the cases, the participants stated that technical skills were mandatory for Big data and 

analytics within their business environment. The technical skills that were stated by executives 

and senior managers were programming, statistical analysis, Cloud computing, data analysis, 

data modelling, machine learning, data governance, data science and data engineering.  
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Six participants confirmed these skills to be a minimum requirement for the role when 

recruiting graduates for Big data and analytics roles. For instance, Participant 1 and 

Participant 3 asserted that “the base programming tools used by most banking institutions are 

Python and R.” All participants confirmed that practical experience is severely lacking by 

graduates when entering the workplace. 

Participant 5 and Participant 10 included additional programming languages such as 

Statistical Analysis System (SAS) and Java for the use of advanced analytics, statistical 

analysis, and predictive analytics. Participant 1 asserted that there is a big demand for Big 

data and analytics skills “what we are seeing is that after 18 to 24 months they leave and get 

increases of more than 30 or 40%. Many of the applicants are self-taught on the latest 

technologies through these online learning platforms.”   

Participant 1 articulated the role of a data scientist as involving the capacity to "manipulate 

data, extract insights from it, and, in my opinion, the role is complex as it requires someone 

who comprehends both the data and the tools, possesses the capability to interpret the data, and 

also has an understanding of the specific business domain. So, they need to understand the 

problem they’re trying to solve so that they derive the correct insights for business.” 

Participant 4 described some of the attributes that collectively contribute to the effectiveness 

of the data engineers and data engineering team “From a technical capability, people with 

more experience in assessing relevant tools, platforms, etcetera, understanding of warehouse, 

data lakes and then data quality tools, you know, so, what data quality tool is the best.”  

Participant 9 perceived that whilst there was a lack of skills and practical experience there 

was an overall improvement in the graduates that were recruited. "We have seen, like, really 

strong candidates coming through the system over the last few years, so that might be testament 

to the fact that the universities have improved their game in that respect, so I think it would 

actually make sense to work together to make the syllabus more practical." 

Participant 11 succinctly explained the core distinction between traditional analytics and big 

data analytics using the following illustration: "In the traditional approach, the data structure 

is established beforehand, and then the data is organised accordingly, with column headings 

being defined..."Specify the number of rows you have included...Once the necessary structure 

is established, all the data is imported. However, with big data, the approach is to first load 

all the data into the database without considering its appearance. Then, patterns are identified, 
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and based on these patterns, a structure is created. This requires a shift in mindset. This 

explanation emphasises a distinct methodology that shifts from a mostly organised approach 

relying on existing knowledge to a more spontaneous and investigative approach primarily 

influenced by the data.” 

Expanding on Participant 11's claim that "a completely new set of skills is necessary for 

analysts," Participant 5 contended that "the essential abilities and capacities we need are 

fundamentally distinct. "Traditionally, the role of a data base administrator (DBA) was 

essential. However, in the present, the demand has shifted towards data engineers and data 

scientists. The required resources and expertise for shifting from conventional analytics to big 

data analytics are fundamentally distinct.” 

The statements made by Participants 5 and Participant 11 validated the notion that the skillset 

needed for big data analytics is completely distinct from the skill set of traditional analysts. In 

the past, database administrators were necessary, however, now there is a demand for data 

scientists and data engineers. The necessity of a comprehensive cultural transformation and 

shift in perspective, along with the acquisition of a distinct technical talent, suggests that it may 

be more feasible to train and introduce new personnel into the system for big data, rather than 

trying to convert typical analysts into big data analysts. 

4.3.1.3 Theme 3: Business Skills 

Most of the participants stated that having business skills is essential for deriving meaningful 

business outcomes. Some of the emphasis provided by the participants are as follows: 

Participant 2 “So I mean, even if the institution of higher learning was giving students sort of 

examples or use cases, they would still struggle when they come into a corporate environment 

to apply it you know, they actually need the business knowledge”. Participant 4 “What is 

ethics around data, that type of stuff is a little bit lacking when they join the organisation". 

Participant 5 “graduates wouldn't really have business experience, but you know, business 

knowledge, like, economics, that kind of thing is important. Business and commercial acumen 

generally comes with people with experience”. Participant 6 “You cannot service business 

unless you understand you know what their business is about". Participant 7 “from my 

experience, I do think in some of the banking industry you do get the combination of business 

and technical skill, but there's definitely a gap when it comes to central banking". Participant 

10 “just having to understand how business operates takes a bit of time. So that need to 
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understand business is there even not just with graduates, but even with, you know, competent 

data analyst, data engineers, they're not quite in tune with the business and then takes a little 

bit of time to feel what the business requires”. Two of the participants confirmed that 

understanding business strategy and being able to link this to projects and use cases assigned. 

Participant 5 “so if they understand strategy, this enables the data scientists to make informed 

decisions about which data projects or problems to prioritize”. Participant 10 “So, but you 

need to understand the business stuff that you need to really know what the business is strategy 

is and what value you need to get out of it”. 

Emphasis was placed on linking these use cases to ensure that business problems and 

opportunities are addressed. Furthermore, business domain knowledge was strongly 

emphasized as an important contributor to value been derived due to the understanding of the 

business context of the problem. 

4.3.1.4 Theme 4: Interpersonal Skills 

In addition to the technical and business skills highlighted above, all participants emphasised 

the importance of interpersonal skills as vital qualities necessary for dealing with big data and 

carrying out analytical tasks. Interpersonal skills that were identified include communication, 

problem-solving, presentation skills, storytelling, customer-centric, negotiation, continuous 

learning, critical thinking, and teamwork. Some of the emphasis provided by the participants 

are as follows:  

According to Participants 1 and 3, continual learning enables individuals to develop their 

technical skills, which can lead to meaningful business outcomes.  Participant 1 stated: “The 

skills are sufficient, however, continuously learning and developing your communication and 

presentation skills. You need to be able to translate the technical findings into meaningful 

business outcomes.”. And participant 3 quotes as flows:  Participant 3 “theory is there but 

practical problem solving is an issue. Hypothesis build is in a challenge. Computer science 

degreed students are not strong problem solvers.”  

Participant 5 “The next thing that you need to work with is understanding language. This is 

the softer skill of understanding what the problem is and what is the expected result.” 
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Participant 4 “So the youngsters get quite flabbergasted between all the complexity around 

managing and learning the existing on prem solutions and now the new cloud, where seasoned 

individuals manage better because I've been around.” 

Participant 8 “You must keep on like it's a continuous evolution. So, if you don't have that 

culture of continuous learning, you're going to fall flat soon because I think the world is moving 

faster than we are.” 

4.3.2 Skill gap in Big data analytics in the banking sector   

The second objective of this study is to assess the skills gap in Big data analytics in the banking 

sector. The themes related to the objectives are presented in Table 2. 

4.3.2.1 Theme 2: In-Demand Technical Skills 

Under this objective, the participants confirmed that there is a skills gap in Big data and 

analytics in the financial services industry. The senior managers cited the lack of practical 

experience as a primary as majority contributing factor to the skills gap. A small number of the 

participants believed that graduates obtained an adequate skillset from their higher education 

institution to meet work needs. However, the primary obstacle in facilitating an easy transition 

into their roles was the absence of practical experience. The skills that were highlighted by the 

participants were divided into technical and interpersonal skills. The skills lacking were 

problem-solving, the ability to utilize analytical tools, machine learning, programming 

capabilities, methodologies, data science, and data engineering. 

 Participant 4 highlighted that global markets have been successful at adapting to this much 

quicker "in the South African context where there's a big skills gap in the country, simply the 

reason is that we are not adopting big data analytics tools and technologies quick enough, 

technologies have evolved into really high-end data analytics and academic institutions and 

business have to play catch-up.” 

Participant 14 also deemed that graduates are not exposed to the various tools and 

technologies that are used by industry whilst completing their academic qualifications “… they 

have formal training, it's not substantive enough and a lack of experience in analytical tools, 

right, having, you know, use big data in terms of the analysis, analytics and producing 

insights.” 
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Participant 2 asserted “Universities don't prep students on technologies and coding, 

methodologies such as machine learning, feature engineering, data governance frameworks and 

processes that corporate use, the learning curve takes 2 years, "it becomes so difficult that they 

start looking for new opportunities and leave." 

Participant 4 asserted “They're not fully there yet from a full scope of a data management life 

cycle on how you use reference data, metadata, ethics around data. 

Participant 4 emphasised the current skills challenge within their immediate business unit 

“firstly, the skillset that we’re looking for data engineering capabilities in the Big data domain, 

is where the biggest skills gap. We have a lot of CVs of individuals that can do data analysis 

and data analytical work on BI dashboards but the hardcore work of developing pipelines, 

machine learning capabilities is where we have the biggest gap. Practical experience is lacking. 

Data management lifecycle, understanding reference and master data. The tools are rapidly 

changing and it’s difficult to keep up.” 

Participant 2 asserted “we don’t have robust education and training. Understanding of the 

underlying methodologies of the tools and coding language used. Learning curve in terms of 

how the technologies work. Resources change jobs frequently to obtain exposure in the 

different technologies.” 

According to Participant 1, “graduates do have the necessary degrees; however, the gap needs 

to be bridged with training on the various technologies and interpersonal skills. Business 

domain in which they work.”  

4.3.2.2 Theme 3: Business Skills 

Participant 4 expressed a significant concern regarding the candidates' insufficient business 

acumen. The participant expressed their frustration with the difficulty of implementing Big 

Data Analytics in specific business sectors, such as global markets. They observed that while 

candidates possessed some technical skills in utilising Big data analytics, they lacked a 

comprehension of the business aspects of financial markets that would allow them to contribute 

effectively.  
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Participant 2 asserted that a strategic shift towards recruiting graduates with completed 

qualifications in economics, statistics, and mathematics yielded superior results compared to 

hiring graduates with some technical experience but lacking domain knowledge. 

4.3.2.3 Theme 4: Interpersonal Skills 

Majority of participants reported that the quality of insights derived from Big data is 

significantly diminished due to several factors: (1) inadequate definition of analytics scope, (2) 

analysts lacking understanding of business requirements, (3) analysts lacking the 

understanding of the business domain, and (4) insights not being presented in a manner that 

effectively addresses business needs. 

For instance, Participant 7 asserted that teamwork and collaboration with the business users 

can assist with a better understanding of the objectives and the scope of the problem and 

requirements.  

Participant 2 “So I would say, subject matter domain expertise would be very important, it 

helps the person understand the problem they’re solving for and test the results against this.” 

Participant 8 “The problem is that when you run a POC, as long as you can communicate this 

clearly, show business value and be sound in showing your train of thought, it's easier for these 

things to sell to business.” 

Participant 9 “basic problem solving and communicating the results has been quite a challenge 

with the newly appointed grads. They don’t use the correct terminology as they have not been 

exposed to the specific business domain It is also important for them to determine upfront 

which industry, they would like to specialize in obtain exposure in these areas.” 

Twelve participants stressed that the less experienced individuals lack problem-solving 

capabilities more so the ability to persevere when experiencing more working with more 

complex type models.  

Participant 4 “critical thinking is also poorly lacking, like technical aptitude, they can do low-

code, no-code, but problem solving, and design thinking is not there.” 

The study participants also highlighted the challenge of continuous learning where there is 

limited capacity for newly appointed graduates to learn existing technologies and to 
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continuously upskill themselves in the new tools and technologies that are evolving across the 

industry.  

Participant 3 reported that consulting companies are onboarded to assist with meeting the 

demands of the business. The individuals with more extensive experience demonstrate a 

heightened comprehension of concepts, enabling them to adapt and acquire proficiency in new 

tools at an accelerated pace.  

Some participants voiced concerns about the lack of compelling narrative and presentation 

abilities. Participant 13 highlighted the crucial importance of analysts being able to express 

their findings in a way that non-technical stakeholders can understand, which helps in making 

well-informed decisions. 

Participant 12 “they need the ability to translate the technical findings into a more business 

type language so that the end user can use this for decision making.” 

Participant 5 “confidence is built over time and through experience, it’s important that the 

data science grads be exposed to presenting their results as they are at the forefront with the 

business stakeholders. Data engineers focus more on building the backend pipelines for 

business.” 

4.3.3 Results for Research Objective 3 

The third objective of this study explores the roles of academic institutions in closing the Big 

data skills gap. The themes relate to Table 2. 

All the participants emphasised the crucial significance of cultivating partnerships and 

sustaining continuous collaboration between higher education institutions and the banking 

sector. The collaborative approach, as revealed by the participants is considered crucial to 

achieve a harmonious alignment between the capabilities required by the business and those 

provided by educational institutions. Furthermore, the participants stressed the importance of 

including industry experts in academia as a strategic approach to improve the collaboration and 

compatibility between academic programmes and the evolving needs of the banking industry.  

Participant 14 asserted “I think what the banking sector needs to do, to put a framework to 

engage with institutions that probably are offering degrees that are targeted at the banking 



42 
 

sector to see, what these programs entail in terms of big data analytics and then assess if there 

is a gap there and see how that gap can be fulfilled." 

Executives have proposed that institutions of higher learning actively engage with the banking 

industry and vice versa to ascertain the specific skills deemed essential for addressing both 

current and future needs. It is recommended that educational institutions strategically tailor 

their curricula to align with these identified skill requirements. Additionally, executives 

emphasized the utilization of industry forums, such as the Banking Association of South Africa 

(BASA) and BankSETA, as valuable platforms for fostering collaboration between institutions 

of higher learning and the banking sector. Such collaborations are seen as instrumental in 

collectively addressing and mitigating the existing skills gap. 

Participant 2 asserted that "I find myself spending more time in the industry at conferences 

and listening to these other data practitioners as opposed to spending time with some of these 

higher learning institutions and shaping future data practitioners, and the, that's where I believe 

personally, we are missing it." 

Participant 8 asserted that “If you look at the whole, information management data value 

chain, Institutions of higher learning are not covering that. So academic institutions need to 

adapt quickly to the changing environment”.  

Participant 2 asserted that “I think that international institutions of higher learning, yes, their 

curriculum is quite comprehensive, but they are more mature. They have worked well with 

industry in some countries”. 

Participant 4 “I think there are pockets of institutions that are dabbling in Like, Stellenbosch 

now has a master’s in data science. So, some are starting to explore a little". 

  



43 
 

4.4 Discussion of Findings  

4.4.1 Skill and competencies for Big data analytics 

From objective one, which encompasses the skills and competencies for Big data analytics, the 

technical competencies delineated by all participants encompass programming, statistical 

analysis, Cloud computing, data analysis, data modelling, machine learning, data governance, 

data science, and data engineering. While these proficiencies were acknowledged as being in 

demand within the banking industry, the participants underscored a discernible gap, 

particularly in the domain of interpersonal skills, as these are notably absent from higher 

education curricula. Based on the results, the data scientist is highlighted as an essential and 

dynamic resource who possesses extensive technical expertise in software technologies and 

data structures. The data scientist is responsible for manipulating both structured and 

unstructured data and must possess the business acumen necessary to extract and deliver 

relevant insights to the business in a comprehensible fashion. This enables them to effectively 

solve business problems.  

Furthermore, interpersonal skills, including communication, problem-solving, presentation 

skills, storytelling, negotiation, continuous learning, and teamwork, were identified as 

positively correlating with organizational performance. This underscores the imperative for the 

banking industry to promptly accord precedence to the development of these interpersonal 

skills, recognizing their critical role in adapting to the evolving industry landscape and 

fostering human capital development. These findings are in line with a previous study 

conducted by Dean & East (2019) which suggests that technical skills are no longer sufficient 

for workers to compete in the work environment. 

A study by Samuel & Moagi (2022) suggested that it is crucial for South Africa to begin and 

speed up skills development plans that would enable its entire workforce to effectively operate 

in the next industrial revolution. A study by Mabe & Bwalya (2022) determined that although 

technical skills are crucial for creating and executing Big data applications, the current era of 

postmodernity requires that interpersonal skills be paired with these technical abilities in order 

to successfully incorporate technology into different socio-economic value chains. 
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4.4.2  Skills gap in Big data analytics in the banking sector 

Based on research objective 2, which aimed to assess the skills gap in Big data analytics in the 

banking sector, this study underscores the pressing need for highly specialized technical skills 

in big data analytics within the banking sector. Mastery in computer languages, data 

manipulation, machine learning methods, and data visualisation tools are essential for data 

analysis, trend analysis predictive analysis, and data-driven decision making. The investigation 

uncovers discrepancies in the levels of technical proficiency among professionals, emphasising 

a significant disparity that presents obstacles to fully utilising sophisticated analytics for 

decision-making in financial institutions.  

In addition to technical expertise, the assessment highlights the need to have good business 

acumen as a crucial element of a comprehensive set of skills. Graduates need to have a 

profound comprehension of banking operations and the capacity to synchronise data analytics 

activities with broader company goals. The findings underscore the need for training 

programmes that connect technical and business expertise, empowering analytics experts to 

convert insights into practical initiatives that enhance the financial prosperity and long-term 

viability of the banking sector. The research identifies a critical deficit in interpersonal skills 

among big data analytics professionals within the banking sector. Proficient communication, 

cooperation, and the capacity to articulate intricate technical knowledge to individuals without 

technical expertise are of utmost importance. The data analysis demonstrates that the lack of 

these interpersonal skills obstructs the smooth incorporation of data-driven insights into 

decision-making processes, thereby restricting the overall effectiveness of analytics projects. 

The technical competencies emphasized by interview participants encompass programming, 

machine learning, data engineering, data analytics, and data science. These skills were 

identified as pivotal prerequisites for roles in big data and analytics within the banking sector. 

A study conducted by (Tokarcikova & Malichova, 2020), revealed that employers and students 

advocate for heightened educational initiatives to enhance these skills to better prepare 

graduates by providing innovative teaching methods. 

The essential soft skills highlighted by the interview participants encompass problem-solving, 

communication, and proficiency in both oral and written presentations, along with a strong 

emphasis on teamwork. These identified soft skills align with existing research conducted by 

Ping Yong and Ling (2023), indicating that proficiency in problem-solving, collaborative 
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abilities, and teamwork complements technological expertise. These skills collectively 

contribute to a more seamless and effective transition for graduates entering the workplace. 

4.4.3 Role of academic institutions in closing the Big data skills gap 

Based on research objective 3, which aimed to identify the role of academic institutions in 

closing the Big data skills gap, tertiary institutions play a crucial role in providing the necessary 

skills to fulfill industrial needs and promote lifelong learning. However, closing the skills gap 

requires continuous collaboration and engagement between academics and industry. In order 

to create this cooperative relationship, it is necessary for both higher education institutions and 

the industry to transform into organisations that prioritise continuous learning. 

The findings revealed that educating individuals in emerging skill sets demands the adoption 

of novel and innovative pedagogical approaches. Respondents in this study advocated for the 

augmentation of teaching methodologies, endorsing strategies such as simulation-based or 

experiential learning, and the incorporation of vocational training. These approaches were 

highlighted as instrumental in furnishing participants with practical experience and 

indispensable skills requisite for the contemporary work milieu. It was emphasized that for 

vocational training to be efficacious within the digital economy, it should be meticulously 

tailored to align with the current technological landscape. This adaptation should encompass 

the integration of cognitive and soft skills, deemed crucial in navigating the intricacies of a 

technologically driven economy. 

The findings show that higher education institutions have faced challenges in keeping up with 

the technical progress witnessed in the banking sector's digital revolution. Especially in higher 

education, the primary emphasis is on teaching theoretical knowledge and technical 

proficiency, sometimes overlooking the need for crucial interpersonal skills required by 

employers (Cunningham & Villasenor, 2016). Participants observed that firms mitigate this 

disparity by implementing internal learning initiatives, while higher education institutions fail 

to sufficiently prepare graduates with these competencies. In the present technological milieu, 

the significance of interpersonal skills is amplified, as they transcend the realm of digitalization 

or automation (Frey & Osborne, 2017; PwC, 2017b). 

Consistent with findings from comparable research studies (Pauw et al., 2006; Yu, 2013), 

senior managers in this study expressed the obstacle presented by a lack of practical experience 

during the transfer from academics to the workplace. It has been noticed that higher education 
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institutions largely prioritise theoretical knowledge, however, graduates frequently have 

difficulties when it comes to applying this academic framework to real-life job situations. This 

observation suggests that the current output of higher education institutions may not completely 

match the demands of the modern work environment. As a result, employers may need to 

provide additional training to address the disparity between theoretical knowledge and practical 

skills. 

4.5 Chapter Summary 

This chapter offers a comprehensive analysis, presentation, and discussion of the findings of 

this study. It is noted that the relevance of a degree program also depends on the specific roles 

within Big data, as the field encompasses various areas such as data engineering, data science, 

machine learning, and more. Additionally, practical experience, internships, and proficiency in 

relevant tools and technologies play a crucial role in preparing graduates for Big data roles. 

Many universities also offer specialized master's programs in Big data analytics or related fields 

for those seeking advanced, targeted training in big data technologies. 

 



47 
 

5. Conclusion and Recommendations 

5.1 Introduction 

This research endeavoured to assess and ascertain the requisite skills mandated by the banking 

industry in South Africa. The primary objective is to comprehend the existing gaps and 

cultivate the necessary competencies essential for meeting industry demands. This concluding 

chapter provides a concise overview of the primary research discoveries that address the 

research inquiries and highlight the impact on both business and theory. Additionally, it 

provides advice to industry and higher education institutions, as well as other stakeholders, on 

how to address the skills gap in the field of big data and analytics. Additionally, the chapter 

finishes by emphasizing the limitations of the study and suggesting potential areas for future 

research. 

5.2 Conclusion  

5.2.1 Summary 

The main objective of this study was to comprehend the necessary skills and competencies, 

evaluate the deficiency in abilities, and ascertain the role of educational institutions and the 

banking industry in bridging the gap in skills for Big data analytics. The researcher was able to 

achieve the study’s aims by combining a literature review and empirical inquiry.  

 

Firstly, this study identified the key technical and interpersonal skills of the banking industry 

requires now and in the future. These include programming, statistical analysis, Cloud 

computing, data analysis, data modelling, machine learning, data governance, data science, and 

data engineering. These skills have been described in other studies and have been shown to 

improve business performance (Mikalef & Krogstie, 2019). There is a scarcity of research that 

has evaluated the issue of the skills gap in Big data analytics from the viewpoints of both 

industry and educational institutions. This paper contributes to the lack of research in the 

literature. 

 

Secondly, this study evaluated and confirmed the presence of a skills gap in the South African 

banking industry specifically in the area of Big data analytics. The participants believed that 

educational institutions failed to provide graduates with the necessary vital technical and 

interpersonal skills to effectively adjust to their evolving environment. Consequently, 

businesses had to provide additional training to ensure that employment needs were met. The 
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skills gap should be addressed by institutions of higher learning, as they are responsible for 

developing and instilling the essential skills needed for employability. The industry should 

engage in collaboration with educational institutions to identify and disseminate the necessary 

new skills and maintain a consistent alignment between the demand and supply of skills. 

Employers have utilised internal training, mentorship initiatives, and online learning platforms 

to enhance the skills of their staff. A noteworthy discovery was that banks also collaborate with 

consulting firms to address the scarcity of talent, highlighting the significance of symbiotic or 

strategic collaborations.  

 

Finally, the study offered valuable insights into the strategies that both industry and educational 

institutions need to employ in order to address the current and future skills gap. Both the 

industry and the educational institution offered suggestions regarding the respective roles that 

both parties should assume in bridging the skills gap. The study demonstrates that effectively 

bridging the skills gap necessitates ongoing collaboration and synchronisation between 

academia and industry. 

 

5.2.2 Recommendations 

As the financial industry continues to evolve, the importance of leveraging data and analytics 

for informed decision-making becomes increasingly evident. To ensure that banks stay at the 

forefront of innovation, the recommendations implementing a comprehensive upskilling 

program for graduates in the areas of big data and analytics. 

5.2.3 Recommendations to Banks 

Based on the findings of this research, the following suggestions for banks recommended: 

The first recommendation is for banks to forge collaborative alliances with universities and 

educational institutions to formulate curriculum content that aligns intricately with the 

distinctive requisites and demands of the banking industry. Banks need to share knowledge 

about the essential skills and competencies that are required now and, in the future, to assist 

academia in reshaping the curriculum to meet the demands.  

The second recommendation is for banks to assist institutions of higher learning with case 

studies, practical projects, and examples related to the sector in the coursework. Incorporate 

assessments that simulate real-world scenarios to evaluate their proficiency in applying big 
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data analytics skills in practical contexts.  Provide continuous feedback to students concerning 

their performance and progression relating to the practical projects and assessments.  

The third recommendation is to initiate Internship programs in the first year of the degree 

program, affording students the chance to participate in "winter" or "summer" schools and 

engage in vacation work. This approach facilitates the acquisition of practical experience and 

the refinement of interpersonal skills, thereby enhancing their preparedness for the workplace. 

Employers have been upskilling and reskilling employees to ensure that their workforce is 

equipped with the relevant skillet. Employers have been building their own academies and 

using internal training such as internships, graduate programmes, and other learning platforms 

to upskill and reskill their employees.  

The fourth recommendation is that banks support graduates and institutions of higher learning 

with access to cutting-edge tools and technology utilized in big data analytics within the 

banking sector. This may involve granting users access to software platforms, cloud services, 

and analytical tools. Financial assistance is provided to students to obtain industry certifications 

in the field of big data analytics and Cloud Computing technologies. These credentials 

authenticate their expertise and enhance their desirability to prospective employers.  

The fifth recommendation suggests that banks organize guest lectures and industry speakers to 

offer valuable insights into the practical implementation of Big data analytics within the 

banking sector. Engaging with professionals from the industry provides students with 

invaluable perspectives on emerging trends, new tools, and hands-on expertise.  

The sixth recommendation suggests that banks collaborate and partner with secondary schools 

to introduce or enhance programming modules and include Big data in their educational 

curricula. This equips high school students with a strong foundation in data science for 

progressive proficiency. Students will learn problem-solving, critical thinking, collaboration, 

and communication skills which is a critical requirement for graduates transitioning into the 

workplace to be effective in their roles.  

Lastly, establish mentorship initiatives at secondary and tertiary levels that facilitate the pairing 

of students with professionals from the financial sector. Mentors can offer direction, impart 

industry insights, and provide recommendations on cultivating the requisite abilities for 

excelling in big data analytics positions. 
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5.2.4 Recommendations to Institutions of Higher Learning 

Based on the findings of this research, the following suggestions for institutions of higher 

education recommended: 

The first recommendation is for institutions of higher learning to redesign and continuously 

enhance the academic curriculum and teaching methodologies to reflect current trends and 

technologies. Specialised courses and modules to be incorporated into the curriculum for data 

science, machine learning, and design thinking. Institutions of higher learning to include soft 

skills as part of the curriculum since there is a strong emphasis on the relevance of these skills. 

Secondly, partnerships must be formed with business entities in the financial services industry 

including consulting companies to obtain access to their technologies and licenses to enable 

students to obtain exposure and practical applications. Collaboration with industry to enhance 

the practical relevance of assignments and projects in the academic qualifications suggests a 

purposeful incorporation of real-world scenarios and technologies obtained directly from the 

banking sector. By integrating industry-relevant technologies into the curriculum, students will 

gain practical experience and become familiar with and stay informed about the modern tools 

used in the banking industry. These tools and technologies should be provided in a research 

and development (R&D) environment for students to stay ahead of the curve in terms of Big 

data tools and technologies. Employers have been partnering with FinTechs to reskill and 

upskill employees. This emphasises the importance of collaboration and strategic partnerships. 

The third, recommendation is to develop evaluation standards that not only examine theoretical 

knowledge but also assess the capacity to apply learnings to practical situations. It is advisable 

to include project-based examinations that replicate real-world company problems. 

All participants offered recommendations regarding the obligations that stakeholders should 

assume in addressing the skills shortage. The proposals involved promoting collaboration 

between higher education institutions and industry to align curriculum content and design with 

industry needs, incorporating industry experts into academic environments, improving 

teaching methods, and including assessments that involve real-world challenges in the current 

context. Furthermore, the proposals underscored the significance of providing direction and 

mentorship to the individuals engaged. 
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5.3 Research Limitations 

The limitations of this study involve a small sample size obtained from a specific geographical 

area, hence preventing the extrapolation of results to the wider South African banking industry. 

Furthermore, the study's cross-sectional methodology captures a single moment in time, 

offering insights into viewpoints at a specific point. This suggests that talents considered 

essential at the current moment may change and develop over time. Furthermore, given the 

ever-evolving nature of technology, the skill requirements in the banking sector are likely to 

undergo alterations in the future. Moreover, the presence of potential interviewer bias and 

differing levels of interviewing expertise may have impacted the process of gathering data and 

the subsequent analysis of the findings. 

5.4 Recommendation for Further Research 

Additional research should involve research scope to encompass a more heterogeneous sample 

from different geographical locations within South Africa. Examine the influence of regional 

differences on the perceived proficiency in big data analytics and evaluate the extent to which 

the findings can be applied to the wider banking industry. Finally, future research should 

conduct longitudinal investigations to ascertain the progressive development of important 

abilities in tandem with advancing technologies. By broadening the research endeavours, there 

is an opportunity to augment the comprehensiveness, scope, and practicality of knowledge 

pertaining to big data analytics proficiency in the South African banking sector. This will 

contribute to well-informed decision-making for both academic institutions and industry 

stakeholders. 
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 Appendix A: Participation Information Sheet 

      

 

 

 
 
 
Dear Sir / Madam     
 
My name is Reece Johnson I am a Masters student in Business Administration at the University of the 
Witwatersrand, Johannesburg. My supervisor is Dr Euphemia Godspower Akpomiemie. I am 
conducting a research study about Big Data Analytics in the financial sector. The study title is Bridging 
Big Data Analytics Skills Gap in the Financial Services Sector. 
 
I am inviting you to take part in a once-off interview which will be recorded to respond to questions 
relating to the topic of Big Data. If you decide to take part, your participation in this research study will 
last about one hour The interview will take place at your office at a mutually agreed time. 
 
With your permission, I would like to audio record the interview to ensure the accuracy of the report. 
This data will be stored on my computer for 1 year and deleted after 1 year. Only the researcher will 
have access to the data. 
 
During the research activity, I will need to ask for some personal information about you, including 
organization, area of specialization, role in organisation and years of experience. 
 
The interview will be confidential and anonymous. When I share the results of the research study, I will 
not include your name or anything else that could identify you.  
 
If you decide to take part in the research study, it should be because you want to volunteer. You do not 
have to take part. You can stop being in the study at any time. You do not have to answer any questions 
if you do not want to. You will not get any direct benefits if you choose to join the research study. You 
will not lose any services, benefits or rights you would normally have if you decide not to join. Taking 
part in the research study will not cost you anything. You will not be paid for being in this research 
study.  
 
The risks for this research study are minimal with unintended consequences, and conflicts of interest 
have been adequately mitigated.  
 
This research study will be written up as a research report. If you would like to receive a summary of 
this report, I will be happy to send it to you. 
 
If you have any questions during or afterwards about this research study, feel free to contact me at the 
details listed below. If you have any concerns or complaints about the ethical procedures of this research 
study, you are welcome to contact the University Human Research Ethics Committee (Non-Medical), 
telephone +27(0) 11 717 1408, email hrecnon-medical@wits.ac.za. 
 
Yours sincerely,  
Reece Johnson 
 
Researcher: Reece Johnson, 2414115@students.wits.ac.za, +27 82 8786394 
Supervisor: Dr Euphemia Godspower Akpomiemie, euphemia.godspowerakpomiemie@wits.ac.za 

mailto:hrecnon-medical@wits.ac.za
mailto:euphemia.godspowerakpomiemie@wits.ac.za
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Appendix B: Consent Form 

Bridging Big Data Analytics skills gap in the financial services sector 
 
Reece Johnson 
 
 
I, ……………………………………….., agree to participate in this research project.  
 
I agree to the following: 
 
(Please circle the relevant options below) 
 
 
The research study was explained to me. I understand what this study is 
about and what is required of me  
 
 

      YES NO 

I understand that I can volunteer to take part in the study 
 
 

      YES NO 

I agree that the interview activity may be audio recorded 
 
 

       YES  NO 

I agree that direct quotations from my interview may be used by the 
researcher in their research paper  
 

      YES NO 

I agree that my participation will remain anonymous (my name or other 
identifying data will not be used by the researcher in their research paper 
 

      YES NO 

I agree that other researchers may use the information I provide in my 
interview (depending on their own ethics clearance being obtained) but 
my name and any personal information will not be used or passed on 
 
I confirm that I am authorized and take responsibility for the proprietary 
information shared during this interview. 
 

      YES NO 
       
        
 
      YES NO 
 
 
 
 

 
(Signature)……………………………………  
(Name of participant) ……………………………………  
(Date)……………………………………  
 
 

R.Johnson 

Reece Johnson …………………  
(Date  
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Appendix C: Interview Guide 

Organization:  

Area of specialization   

Years of experience   

Role in current place of employment   

Date of interview  

Time of interview  

Q1: What are some of the challenges you are experiencing when recruiting graduates for 

Big data roles? 

Q2: What skills and competencies are required for a Big data analytics? 

Q3: Which of the skills and competencies are minimum requirements for the role? 

Q4: How are the required skills obtained by employees in your business? 

Q5: Are these skills sufficient to enable employees to adapt to the banks’ changing needs in 

this big data analytics era.? 

Q6: How is Big data analytics used in the banking industry and how do you see it evolving 

in the next few years? 
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Q7: To what extent are the methodologies employed for the processing of Big data 

considered adequate to leverage BDA in the banking industry? Please motivate your answer. 

Q8: Is your current skillsets able to support the technological advances in your sector now 

and in the future? Please elaborate? 

Q9: Do you think there is a skills gap in Big data analytics? Please elaborate? 

Q10: Do you think institutions of higher learning offer a comprehensive curriculum on Big 

data analytics? 

Q11: Do you think institutions of higher learning produce graduates that are ready for the 

bank’ current environment or industry needs?Please elaborate? 

Q12: How can institutions of higher learning assist the banking industry with closing the 

skills gap? 

Q13: What can banks do to close this skills gap? 
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