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Abstract. Big Data and Big Data Analytics (BDA) are becoming trending technologies of the 
future. This topic has garnered considerable interest from researchers and businesses. However, BDA 
research in the banking sector has proven to be extremely limited and mixed. Addressing the chal-
lenges of BDA application and laying the foundation for BDA to improve banking efficiency raises 
significant questions about strategic management in the banking sector. Through a systematic review 
of the literature and a case study in Hungarian banks, this study intends to address the major in-
consistencies in existing ideas about BDA applications. This study also proposes a conceptual model 
to evaluate the impact of factors influencing the use of BDA in the banking sector and investigates 
whether BDA affects the performance of banks. Our study finds that the use of BDA in the banking 
sector has to be aligned with the creation of dynamic capabilities that positively and directly affect 
banking in terms of the market and operational performance. Meanwhile, the dynamic capabili-
ties created by BDA usage have a moderating impact on bank performance through improved risk 
management performance. Furthermore, this research helps managers focus on key factors, namely 
technological infrastructures, Big Data skills, data quality, and top management support, to boost 
the efficiency of using BDA.
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1. Introduction

Big Data is among the emerging technologies that national digital strategies target (OECD, 
2015). For example, France invested EUR 150 million to support R&D in BDA and four other 
strategic digital technologies. Meanwhile, Germany has established two Big Data solution centers 
to boost Big Data applications in industrial applications, life sciences, and the healthcare sector 
(OECD, 2015). As one of the growing trends in the Industry 4.0 era that has revolutionized busi-
ness management (Raguseo & Vitari, 2018), Big Data is becoming an increasingly prominent 
topic of research and is considered a revolutionary change in many industries (Wamba et al., 
2017). Big Data is an important driving force for supply chain management and directly influenc-
es firms’ business growth, especially in highly dynamic markets (Chen et al., 2015). Big Data can 
offer endless insights and valuable information to enhance the transformation process of firms 
that adopt it (Mikalef & Krogstie, 2020). Small and medium-sized enterprises (SMEs) use BDA to 
create business value in terms of strategic value, transactional value, transformational value, and 
informational value, which have a positive impact on the company’s market performance and 
financial performance (Maroufkhani, Tseng et al., 2020).

The Big Data story far exceeds the limits of information technology (Braganza et al., 2017). 
Implementing Big Data initiatives would inevitably entail factors that are required to achieve its 
benefits; not simply buying a computer device. Successful businesses rarely improve their per-
formance solely through the use of new technologies (Popovič et al., 2018). To be successful with 
BDA solutions, organizations must carefully consider technical factors and all relevant aspects 
related to strategic management, human resources, corporate culture, and government policies 
(Raguseo & Vitari, 2018). According to Maroufkhani and Tseng et al. (2020), SMEs need to focus 
on technological, organizational, and external support issues to successfully implement BDA. 
Meanwhile, for logistics firms, perceptions of the benefits of BDA and top-level management 
support greatly influence whether or not BDA is used (Lai, Sun & Ren, 2018). Consequently, to 
provide organizations with the effectiveness and competitive advantage of Big Data solutions, 
the planning and development of Big Data initiatives must provide business value such as stra-
tegic value, transactional value, transformational value, and informational value. Additionally, 
investing in BDA solutions is considered risky and expensive (Mikalef & Krogstie, 2020; Raguseo 
& Vitari, 2018); it also comes up against barriers during implementation. Alharthi, Krotov, and 
Bowman (2020) recognized the importance of removing barriers to achieve optimal results when 
using BDA. These barriers arise from technical barriers such as infrastructure readiness, data 
complexity, human barriers such as lack of skills, and organizational barriers such as confidenti-
ality and organizational culture.

From an academic point of view, most of the research on BDA has been done in the fields 
of marketing (Erevelles et al., 2016), tourism (Miah et al., 2017), transportation (Zhu et al., 2018), 
smart cities (Ghani et al., 2019), healthcare (Wang & Hajli, 2017), and social media (Ghani et al., 
2019). Unfortunately, research on the banking industry has been mostly restricted to BDA ben-
efits by analyzing the best practices of BDAs among banks (Hung, He & Shen, 2020; Shakya & 
Smys, 2021; Srivastava & Gopalkrishnan, 2015; Sun et al., 2014) and literature reviews (Nobanee 
et al., 2021). Despite the importance of BDA in the banking industry and the high cost of infra-
structure investment for BDA (Mikalef & Krogstie, 2020), there remains a paucity of evidence 
on the significant factors influencing the successful use of BDA. Moreover, although commercial 
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reports say a lot about the applications and effectiveness of BDA, little detailed investigation into 
how to build an implementation framework which leads to effective and efficient results from the 
use of BDA at banking institutions exists.

This research aims to answer the following research question: How can the benefits of BDA 
usage in the banking sector be boosted?

In order to answer the study question, a systematic literature review is utilized, integrating 
practical evidence from the banking sector to establish a conceptual model of the usage of BDA. 
This study aims to contribute to this growing area of research by clarifying the current conten-
tions among researchers regarding Big Data resources and building a conceptual framework for 
using BDA in banking sectors through a combination of dynamic capability and the Technolo-
gy-Organization-Environment (TOE) framework. Furthermore, this study describes the current 
situation of BDA in a European country.

This study is organized in the following way. The second part presents an overview of Big 
Data and BDA, practical applications of BDA in various industries, and related theories and re-
search on the use of BDA at the organizational level. The third part is concerned with the system-
atic literature review method used for this study. Part four presents the conceptual framework, 
focusing on the combination of the TOE framework and dynamic capabilities theory. The final 
part is the conclusion, which provides the theoretical and practical contribution, limitations, and 
future directions.

2. Literature review

2.1. Big Data and BDA

Every day, a huge amount of data is created around the world. For example, Facebook 
creates around 500 terabytes of log data every day, Walmart uploads one million new customer 
transactions per hour, and Youtube uploads around 100 hours of video each minute (Kambatla et 
al., 2014). These figures reveal that larger and more diverse datasets, such as structural data (text, 
numeric), semi-structural data (voice, video, image), or nonstructural data (social tweets, com-
ments), will be increasingly generated. There is no generally established definition of Big Data, 
but Big Data has become an attractive term in academia (Zhou et al., 2014). Therefore, research-
ers quite often come across new definitions of Big Data. Most studies acknowledge that the first 
definition of Big Data is from Laney (2001), who observed that Big Data implies data sets with 
the “3V” characteristics: volume, velocity, and variety. These characteristics make data govern-
ance exceed the limits of existing technology (Dumbill, 2013). Under a working definition from 
HMG (2014), Big Data refers to a large amount of complex data which requires more advanced 
analytical techniques to obtain meaningful insights from in real-time (HMG 2014). Likewise, 
the European Commission (2018) considers data to be Big Data if it has four characteristics: a 
large amount, different types, high velocity, and various sources. Over time, the 3V concept was 
gradually added to with another V, depending on each author’s point of view (Wang, 2012). For 
instance, besides the generally accepted 3V characteristics of Big Data – volume, velocity, and 
variety – Zhou et al. (2014) added a new characteristic: veracity. Through a literature review, 
Sivarajah et al. (2017) even identified the 7V characteristics of Big Data: volume, variety, veracity, 
value, velocity, visualization, and variability.
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From a managerial point of view, Big Data is increasingly being recognized as raw material 
in business operations. According to Fosso et al. (2015), Big Data’s ultimate goal is to deliver busi-
ness value and create a competitive advantage. For managers in large firms, the most impressive 
thing about Big Data is the opportunities and benefits that Big Data brings, and the infrastructure 
requirements (Schultz, 2013). This idea suggests an urgent need for a more in-depth understand-
ing of how to use BDA effectively and what factors would play a key role in this process. 

2.2. Studies in BDA at the firm level

Factors affecting BDA adoption/usage.
Previous research has established that different variables are related to the adoption/usage 

of BDA at the firm level (Table 1). By adopting the TOE framework, many recent studies (e.g., 
Chen et al., 2015; Maroufkhani, Wan Ismail & Ghobakhloo, 2020) have shown that technological, 
organizational, and environmental factors can play a key role in affecting the adoption of BDA 
at large or SME enterprises. However, these factors can vary depending on the type of indus-
try or organization (Sun et al., 2018). Moreover, Verma and Chaurasia (2019) found considera-
ble differences among adopters and non-adopters regarding how firms decide to use BDA. For 
adopters, technological factors (relative advantage, complexity), organizational factors (top-level 
management support, technology readiness, organizational data environment), and the environ-
mental factor (competitive pressure) become more important in adopting BDA; meanwhile, for 
non-adopters, the significant factors are relative advantage, complexity, and competitive pres-
sure. The factors affecting BDA usage/adoption require more research, as differences exist be-
tween sectors and countries (Maroufkhani, Wan Ismail & Ghobakhloo, 2020; Raguseo & Vitari, 
2018; Sun et al., 2018). 

Table 1: Recent studies in factors influencing the use of BDA

Authors Country Direct Factors (adoption intention/ actual usage)

(Chen et al., 2015) 161 firms worldwide Expected benefits, technological compatibility, top-level man-
agement support

(Sun et al., 2018) Not given Twenty-six identified factors influence the adoption of business 
intelligence and analytics

(Gangwar, 2018) 478 firms India
Relative advantage, compatibility, complexity, top-level manage-
ment support, organizational size, competitive pressure, vendor 
support, data management, data privacy

(Lai, Sun & Ren, 
2018) 210 firms in China Perceived benefits, top-level management support

(Park & Kim, 2019) Korean firms 
The strongest determinants of adoption are: the benefits from 
Big Data, technological capabilities, financial investment com-
petence, and data quality and integration
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(Verma & Chaur-
asia, 2019) Indian firms

The relative advantage, complexity, compatibility, top-level 
management support, technology readiness, organizational data 
environment, and competitive pressure (for adopters)

(Maroufkhani, Wan 
Ismail & Ghobakh-
loo, 2020)

112 SMEs in Iran in 
the manufacturing 
sector. 

Technology and organizational factors are the most influential 
in BDA adoption

The use of BDA in firms
The benefits brought from BDA have been witnessed in many areas, such as the finance 

and banking sector, supply chain, health care, and sport (Ali et al., 2020; Hung, He & Shen, 2020; 
Troilo et al., 2016). BDA benefits both incumbent firms and start-up firms. While traditional 
firms could use BDA to capture new opportunities, improve products and services, and enhance 
operations, they could also deliver new products and services, creating new business models 
through BDA (Hung, He & Shen, 2020). In addition, BDA could bring SMEs comprehensive 
insights, enable faster and more accurately decision-making, and reduce operational cost (Ma-
roufkhani, Tseng, et al., 2020). The applications and features that BDA offers vary from sector to 
sector. For example, administrators can improve public transit efficiency in the transportation 
sector in terms of traffic scheduling, planning, or scheduling optimization based on data analysis 
obtained from Taxi trip data, GPS, GIS and mobile phone data, sensors, and web data (Welch 
and Widita, 2019). For the healthcare sector, data can come from clinical data, biometric data, 
financial data, or data from social media, which are then processed and analyzed for diagnostics, 
telemedicine, patient treatment, or personalized medicine (Batko and Ślęzak, 2022).

BDA and banking research
Banks are one of the domains that are valued as early IT adopters in data-driven deci-

sion-making (Hung, He & Shen, 2020). Storing large amounts of customer data about interaction 
channels is a major competitive advantage for banks (Hung, He & Shen, 2020). In the age of 
Big Data, there are three recognizable trends in the application of BDA in banks. Firstly, by us-
ing large volumes of data on demographics, financial situations, transaction behaviors based on 
over-the-counter transaction channels, ATMs, mobile apps, internet channels, and social media, 
banks can better understand customer behavior, thereby improving the effectiveness of market-
ing activities (Ali, 2020; Hung, He & Shen, 2020). From a customer perspective, Giebe, Ham-
merström, and Zwerenz (2019) suggest that using BDA can increase customer loyalty through 
customer advisory services. Second, banks are using Big Data in volume, velocity, and variety 
to detect fraud and manage risk more accurately (Shakya & Smys, 2021; Srivastava & Gopalkr-
ishnan, 2015). Third, compared to traditional data analysis, BDA allows banks to process large 
amounts of data faster (Sun et al., 2014), which contributes to improving their efficiency. Unfor-
tunately, however, research on Big Data in the banking sector is still rather modest. 

BDA is among the leading future technologies (Morabito, 2014); however, the popularity 
of BDA in Hungary is still lagging behind other countries (Kő, Fehér & Szabó, 2019). For an 
in-depth understanding of the usage of BDA in the Hungarian banking sector, we conducted a 
survey in December 2021 with the assistance of the Hungarian Banking Association. Primary 
inclusion criteria for selecting participants were at least five years of experience in digital trans-
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formation and Big Data projects related to banking sectors. Among these fourteen experts, there 
were three researchers from universities and fintech centers, one data analytics consultant, one 
manager at the Hungarian central bank, and nine high and medium-level managers at banks in 
Hungary. As a result, opinions from these experts provided us with high reliability and validity 
of evidence. The first question elicited information on the importance of BDA, and this survey 
among experts in the Hungarian Banking sector confirms that BDA plays a particularly signifi-
cant role in the banking industry. Almost 50% of respondents agreed that banks might use BDA 
in the future; meanwhile, more than 40% said that banks are using BDA in some functional de-
partments, while just one bank manager said they were testing BDA projects. In terms of the cost 
benefits, half of the respondents indicated that there is no cost reduction, or none that may be 
demonstrated yet, with BDA projects. However, more than 30% agreed that banks could achieve 
up to 10% cost reduction. Notably, one respondent who works on the board of directors in a large 
bank agreed that their bank could achieve around 40% cost reduction with BDA solutions. More 
than 50% of respondents indicated that risk management, fraud and crime prevention, sales and 
marketing, customer relations, and customer experiences are the most adopted departments in 
banks. Data quality, top-level management support, and BDA skills are the most critical factors 
influencing the success of BDA implementation (Figure 1). All respondents agreed that BDA 
skills combine IT skills, data science skills, and business skills. Among them, programming and 
problem-solving skills are the most important skills for BDA.

Figure 1: The ranking of significant factors in the successful use of BDA at banks
Source: Authors’ elaboration

3. Methodology

This study uses a systematic literature review to gain insights into the adoption and use of 
BDA among enterprises. Firstly, the authors searched for relevant studies using Scopus and Web 
of Science, two of the most comprehensive databases in this field. Next, keywords related to our 
topic were applied, such as Big Data and BDA, combined with use, usage, adopt, and adoption in 
the field of banking or finance. Criteria for selecting publications were as follows: (1) publication 
in journals; (2) language in English. 
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Figure 2: The main themes from BDA studies in the banking sector
Source: Keywords collected from Scopus/ the Web of Science

The authors found 20 studies in SCOPUS and 20 studies from the Web of Science database. 
For the purpose of analysis, abstract reviews were conducted, after which only 12 studies were 
included in the following part. Figure 2 demonstrates that previous studies mostly use the case 
study and review method to describe the application of BDA in the banking sector. Among the 
most common functions mentioned in previous studies are risk management, Islamic banking, 
banking services, and supply chain finance. Research regarding the use of BDA in banks is very 
limited. Therefore, article references were searched further for additional relevant publications 
on Google Scholar. 
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4. Conceptual framework

The development of the research model 
A conceptual framework was created to explain how classic theory has advanced current 

research. Ravitch and Riggan (2016) suggest that conceptual frameworks should explain why and 
how important topics should be studied. An effective conceptual framework should convince fu-
ture researchers of the importance of research by suggesting and highlighting the most important 
features of relationships and data (Ravitch & Riggan, 2016). Jabareen (2009) argues that concep-
tual frameworks should generate coherent new interpretations within a particular field of study.

This part of the study aims to explain how the conceptual framework has evolved. The 
resource-based view (RBV) is among the most common and effective theories for studying the 
impact of information technology on performance. Barney (2014) explained that the firm’s per-
formance depends on the characteristics/quality of its resources and capabilities. Barney (1991) 
also presented a classification of firms’ resources, including physical capital resources, human 
capital resources, and organizational capital resources. Theoretically, firms use strategic resources 
that are valuable, rare, inimitable, and non-substitutable (VRIN) to create sustainable competi-
tive advantage (Barney, 1991; Eisenhardt & Martin, 2000). To evaluate the impact of BDA on firm 
performance, some authors have relied on the resource-based view theory. According to Gu-
nasekaran et al. (2017), BDA assimilation is considered a capability that provides a competitive 
advantage for organizations in terms of operating performance and supply chain performance. 
This view is supported by Maroufkhani, Wan Ismail, and Ghobakhloo (2020), who found that 
BDA adoption functions as a form of knowledge capability and an intangible resource for firms 
to enhance their performance. In terms of creating business value from BDA, Raguseo and Vitari 
(2018) acknowledge that a BDA solution brings higher business value and higher competitive 
advantage. Meanwhile, Müller, Fay and vom Brocke (2018) suggest that by using BDA as an asset, 
firms can improve their productivity by around 3–7%. Drawing on RBV, Wamba et al. (2017) 
confirm that BDA capability is the critical organizational capability to provide a sustainable com-
petitive advantage. Built from three sub-IT capabilities, BDA capability delivers a direct positive 
impact on business processes and firm performance. 

However, researchers also pointed out the two biggest limitations when applying RBV in 
research on Big Data initiatives. First, RBV fails to address the influence of market dynamism and 
firm evolution over time (Wang & Ahmed, 2007). Second, data is considered the core resource 
in Big Data solutions, but data access and use by many parties is now possible (Braganza et al., 
2017). Braganza et al. (2017) concluded that under the analytical lens of RBV, the core resource 
in Big Data initiatives is data, which does not satisfy the rarity characteristic. The authors argue 
that, in Big Data initiatives and projects, data can be obtained by third parties, vendors are also 
ready to provide Big Data solutions to buyers when a business uses BDA, and competitors also 
have BDA implementation capabilities. Therefore, the influence of BDA as a core resource on 
sustainable competitive advantage will be reduced. 

Recognizing some drawbacks of RBV, Braganza et al. (2017) called for further research on 
Big Data with more of a focus on dynamic capabilities theory. Dynamic capabilities theory has 
been extended from RBV, and has attempted to explain how firms achieve competitive advantage 
in dynamic markets (Eisenhardt & Martin, 2000). Dynamic capabilities are viewed as an emerg-
ing and potentially integrative approach to understanding new sources of competitive advantage 
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(Teece, Pisano & Shuen, 1997). RBV pays attention to resources, while dynamic capabilities em-
phasize organizational and strategic routines (Eisenhardt & Martin, 2000). 

Wang and Ahmed (2007) refer to resources as the firm’s foundation, and capabilities can 
deploy these resources to attain the desired goal. These resources and capabilities cannot retain 
or satisfy VRIN characteristics, and they cannot create competitive advantages for firms in a 
dynamic market environment. Wang and Ahmed (2007) noted that “dynamic capabilities em-
phasize a firm’s constant pursuit of the renewal, reconfiguration and re-creation of resources, 
capabilities and core capabilities to address the environmental change.” They also identified the 
three most important factors contributing to dynamic capabilities: adaptive capability, absorptive 
capability, and innovative capability; through these capabilities, a firm can “integrate, reconfig-
ure, renew and recreate its resources and capabilities” to gather changes from external factors 
(Wang & Ahmed, 2007). Following this line of thought, by collecting relevant data from internal 
and external sources, BDA allows banks to understand their customers more deeply, therefore 
helping banks to follow up and perceive market/customer changes better, even in real-time. In 
addition, banks can make changes and upgrade their products/services to meet new customer 
needs while helping to improve and create more effective marketing campaigns (Mikalef & Kro-
gstie, 2020). This means that using BDA is closely aligned with creating adaptive capability. For 
example, Disney uses Big Data obtained through RFID mounted on bracelets to analyze custom-
er behavior, provide better experiences for park visitors, and improve its marketing effectiveness 
(Van Rijmenam, 2014). Some authors have applied dynamic capabilities theory as a foundation 
for Big Data research (Ali et al., 2021; Ghasemaghaei et al., 2017). By employing dynamic capa-
bilities theory, Ghasemaghaei et al. (2017) found that data analytics work as a dynamic capability 
that influences the agility of enterprises.

This study uses dynamic capabilities theory as the foundation for BDA usage on firm per-
formance, where BDA usage is conceptualized as a dynamic capability of a firm. Using BDA is 
considered an organizational capability because this new technology allows businesses to process 
and exploit their Big Data resources to sustain competitiveness, such as market performance 
and operational performance (Gupta et al., 2019). Some tools from using BDA among firms are 
considered replaceable, homogeneous, or, as far as Eisenhardt and Martin (2000) observe, as 
commonality. Therefore, the use of BDA across firms reflects the key characteristics of dynamic 
capabilities suggested by the literature: commonalities in key features, coupled with idiosyncra-
sy in detail (Eisenhardt & Martin, 2000; Wang & Ahmed, 2007). The common feature in using 
BDA across firms, for example, is successful customer intelligence. By integrating data types from 
structured to unstructured or using analytical tools such as data mining, firms can understand 
customer behavior based on customers’ activity on their website and mobile apps. However, idio-
syncrasy characteristics in dynamic capabilities such as BDA usage are expressed in the differenc-
es between firms in the service/product development process, the business process, and customer 
service. For example, even using the same BDA, each bank utilizes BDA to provide different 
products. Therefore, the concept of dynamic capabilities has now been greatly expanded com-
pared to the original one. Helfat et al. (2007) emphasized dynamic capabilities associated with 
changes to differentiate from normal operational capabilities. Dynamic capabilities refer to “the 
capacity of an organization to create, extend, or modify its resource base purposefully” (Helfat et 
al., 2007, p. 1). The capacity to change resource bases creates many advantages for firms, such as: 
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creating new products, models, and production processes. Therefore, to maximize the benefits of 
dynamic capabilities, firms need to fully evaluate their internal and external factors (Mikalef & 
Krogstie, 2020). Regarding IT capabilities, Kohli and Grover (2008) advocate that IT capabilities 
are frequently built via means of combining specific physical/IT infrastructure with both human 
and organizational resources. Therefore, we assert that the dynamic capabilities resulting from 
the use of BDA are shaped by the combination of core resources/capabilities. Therefore, this 
study conceptualizes BDA usage as a competitive capability facilitated by four core resources/ca-
pabilities, such as data quality, technical infrastructure resources, management support, and data 
analytics skills. For these reasons, it is necessary to combine the TOE framework with dynamic 
capabilities when studying BDA. 

Few previously published studies have combined dynamic capabilities and the TOE frame-
work. The TOE framework was introduced in 1990 by Tornatzky and Fleischer, and has become 
a prominent theory in adopting information technology to explain IT adoption at the firm level 
(Lai, Sun & Ren, 2018). According to Tornatzky and Fleischer (1990), many factors that impact 
innovation adoption in firms can be grouped into three main contexts: technological, organiza-
tional, and environmental. The biggest advantage of the TOE framework is that it offers flexibility 
in research; researchers can remove or add related variables into their studied model depending 
on the specific type of technology or subject. Gupta et al. (2019) evaluated how ERP and Big Data 
predictive analytics impact firm performance by applying dynamic capability. Research suggests 
that building BDPA is influenced by three factors: data, managerial, and technical skills. Of the 
many factors influencing BDA use, top management support is found in most previous studies. 
Meanwhile, managerial and technical skills factors were suggested from studies in the banking 
sector (Ali et al., 2021). Our study aims to combine this key factor from previous studies with 
three other factors that affect BDA use: IT infrastructure readiness, BDA skills, and data quality. 

Proposed research model
Based on the above argument, this part of the study explains and presents a proposed re-

search model for BDA in the banking sector. Our model combines four important factors from 
the TOE framework and dynamic capabilities (Figure 3). 

Prior research indicated that technological readiness, technological competence, or organ-
izational readiness is the state of being prepared, both in terms of facilities and skills, to ensure 
that firms qualify when using new technologies (Maroufkhani, Wan Ismail & Ghobakhloo, 2020; 
Wang, Wang & Yang, 2010). In addition, for BDA, IT infrastructure provides the technical basis 
for the smooth implementation of Big Data initiatives (Lai, Sun & Ren, 2018; Park & Kim, 2019). 
Therefore, small and medium-sized enterprises need adequate technical resources, and enter-
prises cannot implement BDA without adequate technical resources (Maroufkhani, Wan Ismail 
& Ghobakhloo, 2020). Therefore, in Figure 3, our research supports the idea that IT infrastruc-
ture readiness will have a positive impact on the usage of BDA. 

Data characteristics imply the size of data in terms of volume, velocity, and variety. When 
banks face the characteristics of Big Data, they tend to use BDA to optimize what data brings 
(Ghasemaghaei, 2018). In the modern world, the internet and mobile phones allow banks to 
interact more frequently with customers and to collect more data. These data increase volume, 
velocity, and variety in structural/semi-structural or unstructured formats. In addition, the de-
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velopment of technology and collaboration with third parties will enable banks to retrieve more 
data from diverse sources with different data types. Research from Lai, Sun, and Ren (2018) 
shows that when data becomes larger in volume, is created at higher speed, and is stored in a 
more diversified way, more enterprises tend to adopt BDA. However, enterprises are more con-
cerned with data quality and Big Data integration into BDA usage (Park & Kim, 2019). Data 
quality refers to the consistency and integrity of the collected data (Kwon, Lee & Shin, 2014). This 
means that banks with higher data quality will increase their use of BDA. As a result, this study 
supports the idea that data quality will positively influence the usage of BDA at banks. 

Implementing and maintaining complex BDA projects requires staff knowledge and skills 
(Ali et al., 2021; Gangwar, 2018). Grossman and Siegel (2014) observed that BDA techniques 
combine data analysis, business knowledge, and IT skills. BDA personnel should be capable of 
dealing with emerging technologies such as natural language processing, text mining, video/
voice/image analytics, and visual analytics (Schultz, 2013). Park and Kim (2019) suggested that 
the relevant Big Data management and analytic competency can be achieved through training 
and external experts. Verma and Chaurasia (2019) agreed that employees or data scientists should 
use high-level data science practices to understand the business domain in order to comply with 
BDA requirements and provide actionable business outcomes. Therefore, BDA technology is one 
of the main factors driving enterprises to implement BDA solutions (Verma & Chaurasia, 2019). 
Maroufkhani, Tseng et al. (2020) also found that BDA skills play the most significant role in using 
BDA. Therefore, it is highly likely that BDA skills have a positive impact on the usage of BDA in 
the banking sector.

 Liang et al. (2007) explain that the commitment of top-level management includes both 
the beliefs and participation of top-level managers. Top-level management’s beliefs show manag-
ers’ beliefs about the business benefits of IT innovation, while top-level management participa-
tion demonstrates managers’ support by creating visions, strategies, goals, and standards for IT 
innovation. The beliefs and participation of top-level management have a significant impact on 
how organizations embrace IT transformations. Mikalef and Krogstie (2020) argued that it is dif-
ficult for firms to achieve higher levels of innovation capability without the support of manage-
ment. Another study also confirmed the strategic importance of top-level management support 
for BDA use (Chen et al., 2015). When top-level managers understand the benefits of BDA, they 
will support the use of BDA in many forms, such as by: building infrastructure, upgrading BDA 
skills, and providing financial support (Lai, Sun & Ren, 2018). Using BDA requires gathering, 
analyzing, and understanding data from many different enterprise functions so that top-level 
management support will promote and solve communication and coordination problems (Chen 
et al., 2015; Verma & Chaurasia, 2019), reducing conflict/resistance (Gangwar, 2018). Ali et al. 
(2020) found that banks’ commitment to Big Data had significant positive impacts on their en-
vironmental and financial performance. Meanwhile, managerial skills play a significant role in 
creating BDA capability at banks (Ali et al., 2021). Therefore, our study recognizes that BDA 
usage will be more beneficial with stronger top-level manager support. 

 Ghasemaghaei’s (2018) study identified the benefits of BDA in providing better prod-
ucts/services and improving customer experience. Many large banks are using Big Data to under-
stand customers’ awareness, perceptions, and satisfaction (Schultz, 2013). For example, banks can 
analyze unstructured or semi-structured data and identify customer needs or concerns through 
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website clicks or voice recordings from call centers (Schultz, 2013). A major purpose of using Big 
Data at the Bank of America is to improve the quality of customer information (Schultz, 2013). 
Through understanding more about customers, banks would be able to explore new markets 
more quickly, introduce new products or services into the market faster, achieve a higher success 
rate of new products or services, and gain more market share than their competitors. Using large 
volume, real-time data and different data types could help firms provide better products/services 
and enhance their efficiency above that of their competitors (Q. Ali et al., 2020; Ghasemaghaei, 
2018). Process-level performance in the Ghasemaghaei (2018) study is consistent with the previ-
ous study from Ramanathan et al. (2017), who concluded that it is likely that business analytics 
has a significant impact on business performance, which is most noticeable at the process level. 
Like other IT solutions, Big Data can produce valuable advances in the time required to complete 
a computing task. For example, it is easy to see that business analytics provides more insight into 
customers, thereby performing more effective marketing campaigns. Likewise, a recent report 
from the Magyar Nemzeti Bank also points out that most financial institutions expect AI, Big 
Data, and cloud technology to have the most significant impact on business processes (Magyar 
Nemzeti Bank, 2020). Belhadi et al. (2019) argued that using BDA helps improve intra-and in-
ter-organizational transparency and accountability, helps managers make decisions more quick-
ly and accurately, and improves employees’ efficiency. Similarly, a positive relationship between 
BDA usage and operational performance was found from a previous study by Gupta et al. (2019).

 

Figure 3: Conceptual framework
Source: Authors’ elaboration

 Risk management is one of the key functional differences between the banking industry 
and non-financial firms (Aebi, Sabato & Schmid, 2012). Therefore, technological innovations will 
influence the risk management sector in banking operations. In particular, the wave of applica-
tions for BDA technologies will benefit risk managers at banks to make smarter decisions at lower 
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costs (Härle, Havas & Samandari, 2016). For instance, BDA analyzes customers’ information to 
help banks make accurate decisions about the provision of services such as retail lending and 
financial crime detection.

 Figure 3 shows that IT infrastructure readiness, BDA skills, data quality, and top-level 
management support are the main factors influencing BDA usage in banks (H1, H2, H3, H4). 
Furthermore, the usage of BDA in this model refers to the ability to create dynamic capabilities 
such as adaptive, absorptive, and innovative capabilities. Accordingly, the use of BDA at banks 
can improve banking performance in two ways. Firstly, it directly enhances the bank’s perfor-
mance in terms of market and operational performance (H5). Secondly, the usage of BDA at 
banks can improve risk management performance and subsequently help improve the bank’s 
performance (H6, H7).

4. Conclusion

4.1. Theoretical contributions

This article aimed to theoretically study the impact of BDA on bank performance. Building 
on the arguments and analysis of previous studies, this study provided a deeper understanding 
of the factors influencing the successful use of BDA and the impact of the use of BDA on firm 
performance. Moreover, this study is one of the first papers to attempt to review the implemen-
tation of BDA in the banking industry. The combination of the TOE framework and dynamic 
capabilities is used to explain the relationship between TOE factors, the data dimension, BDA 
dynamic capabilities, risk management, and bank performance. Several factors from the TOE 
framework can be indicators of success when using BDA solutions: IT infrastructure readiness, 
BDA skills, data quality, and top-level management support. Therefore, the use of BDA is high-
ly likely to increase the effectiveness of banks’ risk management. In addition, many theoretical 
studies have shown methods to enhance BDA capability, mainly based on the resource-based 
view and dynamic capabilities theories. This study showed that BDA usage is inconsistent with 
four assumptions of VRIN in RBV theory, but is consistent with the three capabilities in dynam-
ic capability: adaptive capability, absorptive capability, and innovative capability. Therefore, we 
suggest that banks should carefully consider these capabilities when planning to use BDA. This 
means that the practical use of BDA should be directed towards creating adaptive, absorptive, 
and innovative capability. According to our conceptual framework, the use of BDA to create these 
dynamic capabilities will affect bank performance. This study proposes a model for assessing 
business-influencing factors, especially in the banking sector, based on the perspective of the 
banking industry combined with dynamic capability and the TOE framework. Arguments and 
evaluations from the built framework will help future researchers to reduce research time when 
building research models. 

4.2. Practical contributions

This study provides a more realistic view of BDA in the banking sector. Whether BDA solu-
tions will become a trend or something practical for business – particularly in the banking and 
finance sectors, where competition between established banks and new entrants such as tech gi-
ants is intensifying – remains to be seen. This study is the first report on the practical use of BDA 
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in the banking sector. The opinions of bank managers and experts confirmed that BDA plays a 
particularly important role in the operations of banks. BDA is used in functional areas such as 
risk management, fraud, crime detection, sales and marketing, and customer relationships. This 
means that there is a lot of room for banks or Big Data solution providers to advance BDA to 
improve other areas. The influencing factors presented in this study will help bank managers to 
comprehensively evaluate the projects of Big Data initiatives. The results of this paper also sug-
gest that bank executives should pay more attention to the organizational aspects of BDA, such 
as developing analytics skills and improving current IT infrastructure/data quality. In particular, 
dedicated support from top-level management through commitment and a focus on Big Data 
initiatives will ensure the effective use of BDA. 

4.3. Limitations and future directions

A limitation of this study is that its scope is limited in terms of the banking industry. Fur-
ther research is needed to investigate how BDA use affects other sectors. Another limitation is 
that our article proposes a framework based on sound expert opinion and literature review. We 
suggest that more quantitative studies are required to estimate the relationship of significant fac-
tors, the use of BDA, and its impact on banking.
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