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Abstract 

The significance of data-driven decision-making (DDD) 

procedures in banking is the focus of this study. Institutions 

are increasingly relying on data-driven strategies to 

enhance their decision-making abilities in the modern, fast-

paced, and cutthroat financial industry. An investigation of 

DDD practices inside financial institutions, such as banks, 

investment firms, and insurance organisations, was 

conducted, and the main results and insights are 

summarised in this abstract. Examining how DDD might 

boost performance, customer satisfaction, operational 

efficiency, and risk management is the focus of this article. 

Data quality concerns, organisational culture, and legal 

compliance are some of the obstacles that are examined in 

relation to DDD activities. In order for financial institutions 

to remain competitive and resilient in an ever-changing 

industry, this research highlights the significance of using 

data analytics and advanced technologies to make 

informed decisions. The research uses case studies and 

empirical evidence to support this claim. 
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Introduction 

Institutions in the ever-changing financial services industry are 

always looking for new methods to improve their operations, 

reduce risk, and satisfy clients' ever-changing expectations. A 

game-changer in this regard has been the widespread use of 

data-driven decision-making (DDD). This introductory piece 

explores the relevance of DDD techniques in banking 
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organisations, explaining how they contribute to efficiency, risk 

management, better client experiences, and overall 

performance optimisation. 

 

The massive volumes of data created by market operations, 

exchanges, and transactions are safeguarded by financial 

organisations such as insurance companies, investment 

businesses, and banks. Historically, these organisations' 

decision-making procedures have been influenced by past 

patterns, gut feelings, and experience. A move towards 

analytical and evidence-based decision-making has been 

required, however, due to the enormous amount and 

complexity of data that is accessible today. 

In order to get useful insights from massive datasets, data-

driven decision-making makes use of sophisticated analytics, 

machine learning algorithms, and predictive modelling 

approaches. Financial institutions may improve their 

knowledge of consumer habits, market tendencies, and 

operational inefficiencies by using data. From marketing 

efforts to regulatory compliance and risk assessment, this 

helps them make better judgements in a wide range of areas. 

 

The capacity to increase operational efficiency is one of the 

main benefits of DDD in banking organisations. Institutions 

may find inefficiencies, improve efficiency, and make the most 

of their resources by examining data pertaining to internal 

procedures, workflow patterns, and allocation. By enhancing 

productivity and agility, institutions are able to react quickly to 

changes in the market and new possibilities, all while reducing 

costs. 

 

When it comes to managing risk, financial institutions rely 

heavily on data-driven decision-making. Credit risk, market 

risk, and operational risk are just a few of the risks that 

institutions may evaluate and manage by looking at past data, 

market indicators, and macroeconomic variables. Predictive 

modelling and scenario analysis allow institutions to forecast 

possible dangers, create plans to lessen those risks, and make 

themselves more resilient in the face of uncertainty. 

 

In addition, DDD gives banks the tools they need to improve 

customer service and adapt their offerings to the changing 

tastes of their clientele. Personalising offers, improving service 

quality, and building long-term connections with clients may 

be achieved via the analysis of customer data, feedback, and 



Journal of Namibian Studies, 39 S1 (2023): 272-282    ISSN: 2197-5523 (online) 

 

274 
 

interactions. Profitability and long-term growth are the results 

of increased customer happiness, loyalty, and retention. 

 

Adopting data-driven decision-making in financial institutions 

isn't a picnic, despite all the advantages it offers. Some of the 

most significant challenges that institutions face are poor data 

quality, outdated technology, departmental silos, and 

government regulations. Strong leadership, change 

management programmes, investments in people and 

technology, and a data-driven mentality are all necessary for 

this cultural transition. 

 

Finally, in today's competitive financial industry, data-driven 

decision-making is crucial for success. Institutions may improve 

operational efficiency, handle risks efficiently, boost client 

experiences, and achieve sustainable development by using 

data analytics and modern technology. The full potential of 

data driven design (DDD) in the financial services industry can 

only be realised via a strategic approach, organisational 

alignment, and continual innovation throughout deployment. 

 

Literature review 

According to Akter and Wamba (2016), big data is defined as a 

collection of data that is large, complicated, and diverse, 

making it impossible for typical information processing tools to 

handle. Furthermore, according to Dijck (2012), Schroeck et al. 

(2012), and White (2012), big data is defined by the 5Vs: 

volume, velocity, variety, veracity, and value. According to 

Dijcks (2012) and Schroeck et al. (2012), the volume is the total 

amount of data obtained from various sources; variety is the 

mix of structured and unstructured data; and velocity is the 

pace of data collection, management, and analysis. Last but not 

least, the value of big data is the informational, strategic, and 

transactional advantage that may be utilised; veracity is the 

trustworthiness and integrity of the data sources and the data 

that has been collected (White, 2012). (Wamba et al., 2015). 

To get an edge in today's digital economy, big data is a valuable 

asset. Consequently, several companies are making 

investments in big data infrastructure to discover and take 

advantage of new opportunities made possible by data 

analytics (Schroeck et al., 2012). 

 

Applying sophisticated analytic techniques and methodologies 

to large, varied datasets in order to discover hidden patterns, 

correlations, and insights might be known as "big data 
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analytics" (BDA). According to Davenport (2014), it helps save 

costs, boosts revenue, finds new possibilities, and provides a 

better experience for consumers. According to Bose (2009), 

BDA is a collection of tools that can take data, understand it, 

and then use that knowledge to make predictions about future 

decisions. Analytics implementation also has the potential to 

uncover actionable trends that can solve pressing company 

issues (Demirkan&Spohrer, 2015). Major companies are 

embracing "advanced analytics" or "discovery analytics," which 

use massive amounts of data to enhance marketing strategy 

and perception (Akter&Wamba, 2016; Russom, 2011). 

Marketers may now target specific consumers in real-time, 

anticipate credit fraud, and more with the use of analytics 

powered by artificial intelligence (Davenport, 2014). Managers 

may use big data to help them make better decisions about 

creating new goods or services, and in the current competitive 

market, using big data can give you the upper hand 

(Kamioka&Tapanainen, 2014). Hence, in today's corporate 

world, it is essential to prioritise the integration of big data with 

analytics technologies in order to achieve innovation success 

and competitive advantage. 

 

Advancements in data-driven innovation have been made 

possible by the combination of big data and analytics. 

According to Davenport and Kudyba (2016), DDI is a 

methodical strategy for extracting value from an organization's 

data resources. An organization's business model, operations, 

functions, and strategies may all benefit from data de-

duplication and integration (DDI), according to Davenport and 

Kudyba (2016). Data driven innovation (DDI) is defined by 

Stone and Wang (2014) as the use of data to support the 

innovation process and generate value. It provides cutting-

edge apps with data analytics-generated strategic benefits that 

improve organisational performance and decision-making 

(Akter et al., 2020).As a result of the lightning-fast 

advancements in communication and information technology, 

DDI has been embraced by multinational IT companies. They 

are pouring more money into projects that use AI and big data 

to drive analytics, data governance, and the development of a 

data culture that matches their capabilities. 

 

Data has helped top IT businesses get an edge in the market by 

allowing them to differentiate their services and provide 

consumers with better experiences. Some examples of DDI are 

LinkedIn's "people you may know" feature and Google's 
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targeted ads (Hienz, 2014; Davenport &Kudyba, 2016). Experts 

in data-driven innovation have shed light on important areas 

including supply chain management, e-commerce, business 

intelligence, and more (Sanders, 2014; Akter&Wamba, 2016; 

Chen et al., 2012). Browning et al. (2002), Kim et al. (2006), 

Littler et al. (1995), Meyer & Zack (1996), Moenaert& Souder 

(1990), Nambisan (2003), and Von Hippel (1998) were among 

the early studies on DDI that focused on traditional information 

product development, which failed to account for the full 

extent of big data analytics in DDI procedures. Some examples 

of recent successful data-driven innovation adoption in 

business include data-intensive product creation (Zhan et al., 

2019), research and development (Kayyali et al., 2013), and 

data-driven processes and marketing (Erevelles et al., 2016). 

More theoretical and empirical studies on data-driven 

initiatives are needed at the moment by the DDI academic 

community, which is still in its early stages (Davenport, 2014; 

Ghasemaghaei&Calic, 2019). Research into relationship 

innovation is still in its infancy; as a result, we can learn a lot 

about how data-driven innovation might help microfinance 

service providers in developing nations innovate their 

relationships and gain a competitive edge.  

 

Objectives of the study 

• In order to assess how banks, investment businesses, 

and insurance organisations are now using data-driven 

decision-making (DDD) strategies. 

• To determine the most important gains that financial 

institutions may expect from adopting DDD, with an 

emphasis on topics like optimising performance across 

the board, improving customer experience, 

operational efficiency, and risk management. 

 

Research methodology 

To get a first-hand understanding of DDD practices, difficulties, 

and possibilities, surveys and interviews were carried out with 

experts and professionals from financial institutions. Research 

is able to acquire subtle insights and examine varied opinions 

from industry practitioners via the use of these qualitative data 

collecting methodologies. Methods used to measure the effect 

of data-driven decision-making on critical performance 

indicators in the banking sector. This requires looking at 

financial records, past data, and other numerical indicators to 

see how DDD adoption relates to things like operational 

efficiency, risk management efficacy, and profitability. 
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Data analysis and interpretation 

Table 1 Correlation between DDDMand ITexpenseand 

employees. 

 
Y DDDM DA K L NPLratio Z_Scor

e 

Y 1.000

0 

      

DDDM 0.259

7 

1.0000      

DA 0.145

7 

−0.315

4 

1.0000     

K 0.865

7 

0.3637 0.4582 1.000

0 

   

L 0.879

3 

0.3668 0.3987 0.875

9 

1.0000   

NPLrati

o 

0.234

1 

−0.2198 0.113

5 

0.296

7 

0.1687 1.0000  

Z-Score 0.362

4 

0.1204 0.2975 0.436

5 

0.516

1 

−0.242

7 

1.0000 

 

The table presents the correlation coefficients between Data-

Driven Decision Making (DDDM), Information Technology (IT) 

expense, and the number of employees, along with other 

financial metrics such as Development Assets (DA), Capital (K), 

Loans (L), Non-Performing Loan (NPL) ratio, and Z-Score. 

 

Interpretation of the correlations: 

 

DDDM and IT Expense (0.2597): There is a positive, moderate 

correlation between DDDM and IT expense. This suggests that 

as financial institutions invest more in information technology, 

they are also more likely to adopt data-driven decision-making 

practices. 

 

DDDM and Number of Employees (0.1457): There is a weak 

positive correlation between DDDM and the number of 

employees. This indicates that as the number of employees 

increases, there is a slight tendency for DDDM adoption to also 

increase, although the relationship is not very strong. 

 

DDDM and Other Financial Metrics (DA, K, L, NPL ratio, Z-

Score): The correlation coefficients with other financial metrics 

vary. For example, DDDM shows a moderate positive 
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correlation with Capital (K) and Loans (L), indicating a potential 

association between DDDM adoption and financial metrics 

related to capital and lending activities. However, there are 

weaker correlations with Development Assets (DA), Non-

Performing Loan (NPL) ratio, and Z-Score, suggesting a less 

direct relationship with these metrics. 

 

Interpretation of Negative Correlations: It's noteworthy that 

some correlations are negative, such as between DDDM and 

DA (-0.3154) and DDDM and NPL ratio (-0.2198). These 

negative correlations suggest an inverse relationship between 

DDDM adoption and these particular financial metrics. For 

instance, a higher level of DDDM adoption may be associated 

with lower levels of Development Assets or Non-Performing 

Loans. 

 

Overall, the interpretation of these correlation coefficients 

suggests that while there are some positive associations 

between DDDM adoption and certain financial metrics such as 

IT expense, capital, and loans, the relationships are not 

uniformly strong across all metrics, indicating a complex 

interplay between data-driven decision-making and various 

aspects of financial performance. 

 

Discussion 

This article offers helpful insights into the relationship between 

DDDM adoption and different parts of financial institution 

operations by discussing the correlation coefficients between 

Data-Driven Decision Making (DDDM), IT expense, and the 

number of employees, among other financial metrics. 

 

There is a modest positive association between DDDM and IT 

expenditure, which may indicate that banks are spending more 

money on IT systems to back up data-driven decision-making 

efforts. The significance of data analytics and digital skills in 

driving strategic decision-making processes is increasingly 

being acknowledged, and this conclusion is in line with that. 

The ability to gather, analyse, and use data efficiently is a key 

component of data driven decision making (DDDM), and 

institutions that invest in their IT infrastructure are more likely 

to possess these skills. 

 

Although there is a little trend for DDDM adoption to rise with 

a bigger workforce, the link is not particularly strong, as seen 

by the modest positive correlation between DDDM and the 
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number of workers. It seems that elements like organisational 

culture, leadership support, and strategic goals may have a 

greater impact on the adoption of data-driven decision-making 

than the size of the workforce alone. Without drastically 

expanding their staff headcount, financial institutions may 

improve their decision-making skills by using technology and 

data analytics techniques. 

 

The influence of DDDM adoption on financial performance may 

be better understood by examining the connections between 

DDDM and other financial measures. These indicators include 

Development Assets (DA), Capital (K), Loans (L), Non-

Performing Loan (NPL) ratio, and Z-Score. Higher DDDM 

adoption levels may be associated with more robust 

capitalization and lending operations, according to the 

somewhat positive correlations between K and L. Capital 

management and the performance of loan portfolios may both 

benefit from data-driven decision-making. 

 

There may be a complicated link between the adoption of 

DDDM and some financial indicators, as shown by the negative 

correlations between DDDM and the Development Assets (DA) 

and Non-Performing Loan (NPL) ratio. There may be efficiency 

savings and risk management benefits to data-driven decision-

making procedures, since a greater degree of DDDM adoption 

is linked to lower levels of development assets and non-

performing loans. To fully comprehend the processes that are 

responsible for these inverse connections, however, further 

research is required. 

 

Implications for Financial Institutions: In general, the 

conversation highlights how data-driven decisions may 

improve financial institutions' operational efficiency, risk 

management, and overall performance. In the ever-changing 

world of financial services, institutions that put money into IT 

and data analytics are better able to make strategic decisions 

based on data-driven insights, which boosts their 

competitiveness and sustainability in the long run. 

 

Last but not least, the correlation analysis sheds light on the 

possible advantages and consequences for performance and 

strategic decision-making by revealing the link between DDDM 

adoption and several areas of financial institution operations. 

More investigation into the processes at work in these 
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interactions and the nature of the causation between them is 

required. 

 

Conclusion 

Finally, this study's correlation analysis clarifies the connection 

between significant parts of financial institutions' operations 

and the adoption of Data-Driven Decision Making (DDDM). 

Implications for financial institutions' strategic decision-

making, resource allocation, and organisational performance 

are highlighted by the results, which highlight numerous crucial 

insights.The negative connections between DDDM adoption 

and the ratio of development assets (DA) to non-performing 

loans (NPLs) indicate that data-driven decision-making 

techniques may lead to efficiency improvements and a better 

management of risk. Adopting DDDM may help financial 

institutions become more stable and resilient by reducing non-

performing assets and improving the efficacy of risk 

management. 

 

Implications for Strategy: The results highlight how crucial 

data-driven decision-making is for financial institutions to 

improve their operational efficiency, risk management, and 

financial performance. To be competitive and sustainable in 

the ever-changing financial services industry, institutions 

should put their money into IT and data analytics. This will 

allow them to make better strategic decisions based on 

data.Finally, the correlation analysis sheds light on the possible 

advantages and consequences for performance and strategic 

decision-making by revealing the link between DDDM adoption 

and several areas of financial institution operations. To further 

improve data-driven decision-making methods in the financial 

services sector, further study is required to investigate 

causality and the mechanisms driving these correlations. 
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