
R E S E A R C H  P A P E R   

Journal of Global Research in Electronics and Communication  

Volume 1, No. 8, August 2025  
Available Online at: www.jgrec.info   

© JGREC 2025, All Rights Reserved   1 

Enhancing Machine Learning Outcomes in Banking 

Through Effective Data Governance Strategies 

Dr. Prithviraj Singh Rathore 

Assistant Professor 

Department of Computer Sciences and Applications 

Mandsaur University  

Mandsaur 

prathviraj.rathore@meu.edu.in 

 

Abstract—The Integration of machine learning (ML) in the 

banking sector is changing the way financial institutions deal 

with fraud detection, credit risk sensitivity, loan forecasting, and 

customer individualization. Nonetheless, these ML applications 

are highly dependent on the quality of the data they are based 

on, consistency and regulatory compliance. It is a review study 

of how data governance can improve the effectiveness, 

transparency, and accountability of ML models in banks. It 

describes how powerful data governance policies aid the entire 

ML chain of events, including the acquisition of data, training, 

and deployment model, without compromising its privacy laws 

and regulatory requirements like GDPR, RBI standards, and 

Basel directives. The paper rationally investigates the actual 

investment opportunities of ML in banking, the principles of 

data governance, and a direct interaction between the two. An 

inclusive literature survey points out the latest research 

findings, issues like data silence and past infrastructure, and the 

course of action in the future of flexible and proportional 

oversight strategies. With the help of this work, the financial 

institutions be able to gain a more precise idea of how to 

harmonize data governance and ML practices in a manner that 

allows them to achieve innovation, risk reduction, and create 

confidence in stakeholders in the digital banking age. 

Keywords—Machine Learning (ML), Data Governance, 

Banking Sector, Financial Services, Data Security, Fraud 

Detection. 

I. INTRODUCTION 

There is a huge digital revolution in the banking sector, 
which is moving towards online and mobile banking business 
models. This shift has given the customers the freedom to 
carry out the financial processes regarding account 
management, cash transfers and bills at anytime and from 
anywhere, thus transforming the way they communicate with 
the financial institutions [1]. Meanwhile, new innovative 
technologies like Artificial Intelligence (AI) and Machine 
Learning (ML) have entered the scene as they are central to 
transforming the nature of banking activities through making 
predictive analytics, automating the processes, detecting 
fraud, performing real-time risk management, and creating 
customer segmentation. 

The fundamental element of such innovations is data, its 
utilization of which is the basis of contemporary banking 
systems. Nevertheless, the effectiveness and reliability of ML 
models do not only relate to advanced algorithms, but they 
also concern the quality, consistency, and governance of the 
data on which they are based [2]. In most of the financial 
institutions, data is isolated, incomplete, or inconsistent, 
which creates flawed insights and poor decision-making. 

Negative data management may lead to biased models, 
regulatory non-conformance and loss of customer confidence, 
key issues in the financial services sector where regulatory 
environment is highly competitive. 

In order to deal with these issues, data governance has 
become a strategic necessity. It is composed of a number of 
principles, policies, standards and procedures all designed to 
assure that enterprise data is accurate, secure, accessible and 
responsibly managed throughout its lifecycle. In the ML 
context, data governance offers a structural control 
perspective in the data acquisition, preprocessing and model 
training, evaluation, and deployment processes. And it 
guarantees traceability, accountability and compliance of data, 
thus permitting more ethical and efficient ML uses in the 
banking sector [3]. The growing regulatory scrutiny (triggered 
by regulatory bodies like the Reserve Bank of India (RBI), 
General Data Protection Regulation (GDPR), and the Basel 
Committee among others) on data usage is pushing financial 
institutions to incorporate data governance mechanisms into 
their ML pipelines [4]. The said integration not only curbs 
operational and reputational risks but also increases the 
transparency, reliability, and fairness of models. 

The volume, velocity, and variety of data continue to 
increase exponentially, and in recognition that effective data 
governance is no longer merely a compliance need, but a 
strategic differentiator, banks are starting to pay more 
attention to how to implement effective data governance. 
Quality and well-governed data enable better model 
performance, promote justice and facilitate an auditable and 
explainable AI system [5][6]. The governance mechanisms 
also become important in monitoring the model drift, 
eliminating data leakages and ensuring accountability pillars 
to support the long-term regulatory and social confidence. 

ML has become to be developed into a revolutionary risk 
management tool in recent years, not just limited to credit risks 
but also including risks in the market, liquidity, and 
operations. Yet, many existing studies have underemphasized 
the critical role of data governance in maximizing these 
capabilities. This article bridges that gap by examining the 
synergistic relationship between data governance and ML in 
banking [7]. It explores challenges, emerging trends, and real-
world case applications, aiming to provide strategic insights 
for financial institutions seeking to harness the full potential 
of ML while ensuring regulatory compliance, ethical integrity, 
and operational excellence. 
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A. Structured of the Paper 

The structure of this paper is as follows: Section II the role 
of ML in modern banking. Section III Data governance in the 
banking industry. Section IV the Interplay Between Data 
Governance and ML, Section V Literature Review, and 
Section VI Conclusion and future work. 

II. THE ROLE OF MACHINE LEARNING IN MODERN BANKING 

Machine learning (ML) is an emerging game-changer that 
has allowed modern bank institutions to extract actionable 
insights on huge datasets. ML is used to facilitate decision 
making, operational efficiency and customer satisfaction 
through automation of complex narrow-down processes in 
fraud detection, credit risk assessment, etc. 

A. Fraud Detection and Prevention 

One of the oldest, yet most influential applications of ML 
in the banking sector is the detection of fraud. Such algorithms 
as Random Forest, XG Boost, Isolation Forest, and 
Autoencoders allow detecting anomalous patterns of 
transactions, minimizing false alarms and revealing true 
threats real time. When labeled fraud data exists, supervised 
learning is deployed, whereas unsupervised or semi-
supervised learning is beneficial to identify new fraud patterns 
that cannot be compared to the previous data in a system. Due 
to constantly changing fraudulent methods, explainable and 
adaptive ML models are becoming more used to foster 
transparency and bank on trust [8]. 

B. Credit Risk Assessment 

ML-driven credit risk assessment models can be used to 
forecast the risk of default in the past lifecycle of loans, the 
credit-related behavior humans exhibit, and other third-party 
data a business may have (i.e., the activity on social media or 
the way a person uses a smartphone) [9]. These models do 
better than any other scoring because they are able to pick on 
nonlinear relationships and complicated patterns. Algorithms 
employed by banks to enhance credit scoring include LR, 
GBM, SVM, and Neural Networks in underserved clients/ 
customer groups (thin-file) or groups where standard 
algorithms fail. 

C. Customer Segmentation and Personalization 

The ML aspect in customer segmentation entails 
organizing the customer base into segments that share some 
characteristics such as behavior, demographic or purchasing 
patterns. Unsupervised segmentation is carried out with the 
use of such techniques as K-Means, DBSCAN, and 
Hierarchical Clustering, whereas targeted marketing is 
supported with the help of classification models [10]. The 
services, that are customized to each consumer, e.g., 
customized loan offer, investment advice or mobile app 
experience, are worked out according to these segments. This 
increases customer interaction, satisfaction, and retention in 
the long term to allow the banks to remain competitive in the 
digital world. 

D. Loan Default Prediction 

The models to predict loan default are based on historical 
repayment patterns and past profiles of borrowers who are at 
risk of defaulting. RF, XG Boost, and Light GBM ML models 
are commonly used because they deal with high-dimensional 
and imbalanced data. Such models can be helpful as they 
indicate the existence of borrowers at risk, and credit analysts 
can intervene in terms of risk-based pricing, reducing credit 

limits or even engaging the customer on support level [11]. 
Regulatory and operation transparency comes through 
explainable AI tools such as LIME and SHAP, which make it 
easy to interpret model decisions. 

E. Anti-Money Laundering (AML) Modeling 

ML can be used to identify any suspicious financial 
movements that are a possible sign of money laundering. 
Standard rule-based AML systems are characterized by high 
level of false positive cases which renders them ineffective 
[12]. Large networks of transactions lend themselves to ML, 
where techniques like entity identification, natural language 
processing (NLP), graph analysis, and anomaly detection may 
be utilized to reveal hidden relationships. Such models 
improve the effectiveness of compliance processes and match 
well with the international financial regulation systems, 
including the FATF and KYC standards. 

F. ML to Create a Good System of Banking Governance 

Improving methods to manage conflicts of interest among 
business stakeholders is not a new concept, but it gained 
significance following a significant financial crisis. The 
financial industry is particularly affected by this. Given the 
role banks play in the economy and the nature of their 
operations, as well as the significant expenses that can arise 
from problems with their governance, it is imperative to look 
at the governance procedures in the banking industry [13]. 

In order to enhance their operations and remain ahead of 
the curve, financial services companies are increasingly using 
AI and ML technology. Central banks are currently dealing 
with a number of new and unusual challenges, such as the 
emergence of distributed ledger technology, improvements in 
data analytics like AI and ML, the widespread use of cloud 
computing, the growth of mobile access, and faster and more 
reliable internet [14]. the advantages of using AI and ML in 
every area of credit risk management. The accompanying 
Figure 1 displays these key sections. 

 

Fig. 1. Major segments of the credit risk management AI and ML 

implementation 

However, when putting ML into practice, banks encounter 
obstacles and unresolved difficulties pertaining to the risk 
associated with models, including "black box" issues, data 
access and protection, clarity, ethics, and the availability of 
skilled personnel to create and execute new methods. 

These technologies have a wide range of possible 
advantages, from enhanced client interactions and risk 
management to better credit underwriting and compliance 
procedures. Organizations like the Institute of International 
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Finance (IIF), which has written on the potential of AI and ML 
as "RegTech" in the banking sector and as essential elements 
of FinTech's new business models, have acknowledged this 
trend. 

III. DATA GOVERNANCE IN THE BANKING INDUSTRY 

Good data governance has been the backbone of stable, 
transparent and compliant ML systems in the banking 
industry. It gives the policies, standards, and controls to be 
used to control data throughout its lifecycle to ensure it is of 
quality followed by privacy, security, and regulatory 
compliance. 

A. Foundations of Data Governance 

Clarity of both roles and responsibilities in data 
governance forms the bedrock of the governance system. Data 
owners and stewards who are part of the management in banks 
coordinate to develop data use policies, standards and 
processes to control the use of data. Strategy, policy 
implementation, and audit are usually the duties of 
governance councils or committees [15]. To some degree, 
these FR foundational models break data silos, normalize 
definitions, and provide unity in the different Facilities, 
including credit, compliance, and customer service. 

 

Fig. 2. Data governance levels  

Figure 2 illustrates how a robust operational mechanism of 
data governance involves the use of three different levels that 
are impacted by it. It also goes into detail on the anticipated 
benefits of better decision-making that result from efficient 
data governance. There are two channels for communication, 
and the way choices are carried out demonstrates efficient data 
management in any company. 

B. Data Quality, Integrity & Lineage 

To achieve promising predictions and results, the ML 
models require a guaranteed degree of input data quality. 
Models can also be biased by poor data, or their performance 
can be adversely affected by duplicate data, missing values or 
inconsistent formatting. With the data profiling tools and 
quality dashboards, banks track such metrics as completeness, 
validity and consistency [16][17]. Measuring lineage, tracking 
the source and flow of data through systems, assists in error 
troubleshooting, decision path auditing and reproducibility in 
ML pipelines. Checks on integrity such as referential integrity, 
format standardization and reconciliation with source systems 
are also essential. 

C. Privacy, Security & Regulatory Compliance 

Some of the strictest data regulations exist in the financial 
sector such as General Data Protection Regulation (GDPR), 
California Consumer Privacy Act (CCPA), Reserve Bank of 
India (RBI) standards, and BCBS 239 of the Basel Committee. 
Data governance structures can be used to enforce them by 
applying access control measures, encrypting and tokenizing, 
and recording customer account. The sessions in ML models 
should also be formulated in a way that does not abuse 
sensitive features like age, gender, or income, which increase 
the relevance of privacy-sensitive data pipelines and model 
explanations. 

D. AI-Driven and Adaptive Governance Tools 

As data scales and becomes complex, manual data 
governance activities cannot be effective. The banking 
industry is currently transitioning to AI-powered data 
governance systems that can automatically identify quality 
issues, schedule metadata tagging, track policy violations, and 
more. These instruments employ ML, which is capable of 
raising anomaly flags and indicating data drift as well as 
compliance alerts in real time. Moreover, the adaptive systems 
of governance change alongside the changing rules and 
internal policies, thus forming a more solid and adaptable 
form of governance. 

E. Open Data, Portability & Governance Ecosystems 

The open banking laws in most jurisdictions require Banks 
should grant access to client data to other companies in a 
secure manner via APIs, again provided the customer has 
granted consent. Data management of this nature also involves 
controlling data portability, secure authentication (e.g. 
OAuth) and recording of data access as well as agreements on 
data-sharing [18][19]. There are governance ecosystems that 
support governance of shared data vocabularies, federated 
data architectures, and API governance frameworks that 
support collaboration, without sacrificing governance or 
compliance. 

F. Key Components of Data Governance in Banking 

In the banking industry, an ideal data governance structure 
includes many essential components to obtain high-quality 
data that meets the necessary criteria [20]. These factors 
include: 

1) Data Quality Management  
The accuracy of data is the primary focus of data 

governance. It suggests that information is accessible in a 
uniform format and may be retrieved in accordance with 
particular needs. Conventional problems including erroneous 
risk assessments, financial checks, and regulatory 
noncompliance, are avoided by high data standards. It also 
governs binding decision-making in the financial industry. 

2) Data Lineage  
The manner of data processing in the banking dimension 

does not alter the functional view on data lineage. It must fully 
understand where the data comes from, how it is processed, 
and what tools are available. Banks can assert, with the use of 
data lineage, that the necessary audit complies with regulatory 
standards in order to acquire observable data processing. 

3) Data Security and Privacy  
Banking systems use strict security measures to protect the 

privacy of their data. The increasing frequency of cyberattacks 
forces banks to implement stringent security measures to 
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safeguard consumer records and financial data. In order to 
overcome possible risk concerns, proper data governance 
allows for the consideration of privacy policies and encryption 
standards.  

4) Data Access and Availability  
Banking organizations make sure that customers approach 

information at the appropriate moment since it highlights 
financial processes. Adopting efficient data governance 
ensures a consistent and intelligent data access strategy by 
providing logical supervision of access. 

5) Regulatory Compliance  
Regulations governing data processing, such as know-

your-customer (KYC) procedures, fiscal reporting, and anti-
money laundering (AML) requirements, must be adhered to 
by financial institutions, including banks. In order to comply 
with legal requirements and prevent potential fines, data 
governance must be used to adopt the essential data 
management techniques. 

IV. INTERPLAY BETWEEN DATA GOVERNANCE AND 

MACHINE LEARNING 

ML requires good data that has been managed. When 
decisions are of high stakes, such as in the case of the banking 
industry, and the oversight of the regulators is thorough, data 
governance is the pillar that makes ML systems ethical, 
accountable, precise, and compliant [21]. This section dwells 
upon the idea of the direct linkage existing between efficient 
data governance strategies and the success of ML activities 
among financial institutions. 

A. Data Governance as an Enabler of ML Effectiveness 

Clear-cut data regulations support data access experiences 
with quality, consistency, and reliability for ML models. Clear 
and precise data enhances training results and less chance of 
having biased or inaccurate predictions. Metadata, data 
dictionaries, and lineage tracking provide ML engineers with 
insight into the data context and origin and enhance the 
strategic value of the model such as interpretability and 
reproducibility. Besides, managed data pipelines assist the 
ML workflows by diminishing any hand workload and 
optimizing the overall performance [22]. 

B. Enhancing Model Explainability and Trust 

In a regulated industry, such as banking, the 
interpretability of ML and explain ability of model output are 
important. Data governance assists in making documentation, 
traceability and model versioning practices [23]. Where 
governance policies entail explains ability requirements, e.g. 
logging of model decisions and connecting them to the data 
features in the input, the banks are more prepared to answer 
regulatory audits, customer complaint, or internal requests. 
This encourages the trust not only in the models, but also in 
overall data practices of the institution. 

C. Regulatory Alignment through Governance 

Data governance is one of the connections between ML 
innovation and regulatory compliance. It guarantees that the 
ML systems satisfy the legal requirements linked to privacy, 
bias, fairness, and accountability. Indicatively, GDPR 
imposes data minimization and the right of explanation, 
among other things, that not only imply ML transparency, but 
also firm data control. Through the best governance, 
organizations ensure that their banks set and demonstrate their 

compliance through the integration of access control, audit 
trails, and data anonymization of ML pipelines. 

D. Risk Mitigation and Operational Resilience 

Weak coverage results in information breaches, model 
drift, and poor forecasting, which are dangerous both to 
reputation and economic loss. One of the ways to mitigate 
these risks is control data access by governance structures, 
monitoring of data changes, and warning groups about a 
possible data drift risk or risk of the degradation of data 
quality. In addition to strengthening resilience of operations, 
these measures eliminate the risk of ML system collapse in an 
application such as fraud detection or credit underwriting that 
is of interest at present. 

V. LITERATURE REVIEW 

In this section, the review of recent studies relating to data 
governance in banking through ML is concisely discussed. 
The key findings and challenges of the studies identified, 
along with the future directions and the main focus areas are 
summarized in Table I. 

Bena et al. (2025) new approach called the Big Data 
Governance Maturity Assessment approach (BDG MAM) 
was created to assess and enhance the maturity of BDG 
initiatives. The governance maturity is measured by the BDG 
MAM in four key areas: people, process, data, and 
technology. It provides an organizational road map on how to 
implement successful initiatives, benchmark current good 
governance practices, and make changes. By carrying out a 
pilot study based on a publicly supported higher education 
institution, it was demonstrated that the model can be used in 
reality and that it can work well in real-world situations [24]. 

Jain et al. (2024) exposes ML models to identify 
fraudulent financial transactions based on the PaySim dataset. 
Fraud detection tasks have naturally imbalanced classes that 
are addressed by using label encoding, min-max 
normalization, and SMOTE-based balancing. The models of 
classification such as SVM, NB, RF, and LR are evaluated by 
F1-score, recall, precision, and accuracy. The results show 
that LR is the most accurate with 98.99% accuracy, RF and 
NB are the best with regard to recall and precision 
respectively. The study emphasizes the need for strong fraud 
detection systems and the trade-offs involved in optimizing 
evaluation measures to combat evolving financial crimes [25]. 

S et al. (2024) study provides a solution by providing an 
easier way to apply data governance concepts using a 
framework that is elastic and scalable enough for today's data 
environment. In addition to this, a study helps a firm maintain 
quality of data, compliance, and interactivity through the use 
of metadata strategies. This relatively new tool helps to 
manage data governance more effective and innovatively so 
that the organization can harness the business aspects within 
big data through the proper deployment of the data governance 
structure [26]. 

Gothai et al. (2024) this collaborative approach ensures 
precise predictions of loan repayment likelihood based on 
applicant data and past loan eligibility records. The model's 
performance is measured using accuracy. The results of the 
study were encouraging and the loan prediction system 
stipulates the minimum and maximum amount of loan that can 
be advanced to a loan seeker. By leveraging the strengths of 
both ANN and SVM, the ensemble model serves as a robust 
tool for accurately identifying worthy loan applicants, 
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streamlining the loan approval process, and minimizing the 
risk of default. The accuracy of the algorithm is improved by 
this method to 91% [27]. 

Zhang, Ji and Yan (2023) presents the general technical 
roadmap and also talks about the implementation plan of the 
unstructured data governance in the aviation equipment 
management with references to the analysis of the 
requirements of the unstructured data governance in aviation 
enterprises, which generally consists of the overall 
architecture design, the construction of data label system, 
building metadata, and implementation plans of the key links 
such as extraction of knowledge data and associative storage 

of metadata. In the meantime, particular recommendations on 
technology and management are provided to aviation 
enterprises to develop in their structure the governance of the 
unstructured data [28]. 

Gupta (2022) The first one is to investigate the different 
methods put forward by different authors to identify credit 
card frauds and second is to use ML models to identify frauds 
in credit card transactions. The aim is to identify all fraudulent 
transactions while reducing the number of incorrect fraud 
classifications. This paper also discusses the kind of credit 
card frauds and problems with credit card fraud detection 
methods [29]. 

TABLE I.  ENHANCING MACHINE LEARNING OUTCOMES IN BANKING THROUGH EFFECTIVE DATA GOVERNANCE  

Reference Focus Area Key Findings Challenges / Limitations Future Gap 

Bena et al. 

(2025) 

Big Data 

Governance 
Maturity 

Assessment 

A proposed four-dimensional BDG MAM: 

people, process, data, and technology, which 
was tested in a pilot in a higher learning 

institution 

Limited to one sector 

(education); needs broader 
validation 

Requires evaluation across diverse 

industries including banking and 
finance 

Jain et al. 

(2024) 

Fraud Detection 

using Machine 
Learning 

LR achieved highest accuracy (98.99%), RF 

highest recall, NB highest precision; utilized 
SMOTE and preprocessing techniques. 

Trade-offs between precision, 

recall, and accuracy; may 
overfit to synthetic data 

Explore real-time implementation 

and deep learning approaches 

S et al. 

(2024) 

Scalable Data 

Governance 
Framework 

Introduced a flexible governance framework 

with metadata strategies to enhance data 
quality, compliance, and interactivity 

Generalized framework; lacks 

sector-specific customization 

Adapt framework to sector-

specific (e.g., banking) use cases 
with quantitative validations 

Gothai et 

al. (2024) 

Loan Repayment 

Prediction using 
Ensemble Models 

(ANN + SVM) 

Achieved 91% accuracy; ensemble model 

improved precision of loan applicant 
eligibility and risk detection 

Focused on accuracy only; 

lacks detailed analysis of 
recall, precision, etc. 

Introduce more fairness-aware and 

explainable AI techniques for 
lending decisions 

Zhang, Ji, 

and Yan 
(2023) 

Unstructured Data 

Governance in 
Aviation 

Proposed architecture, label system, metadata 

management, and methods for unstructured 
data extraction and governance 

Aviation-specific; limited 

insight into structured 
financial data 

Translate unstructured data 

governance concepts to banking 
(e.g., customer service text/chat 

data) 

Gupta, Y. 
(2022) 

Credit Card Fraud 
Detection using 

ML 

Review of detection techniques and 
implementation of ML models; discussed 

fraud types and model challenges. 

High false positives and model 
drift; focus on binary 

classification only 

Develop continuous learning fraud 
detection systems and incorporate 

user behavior modeling 

VI. CONCLUSION AND FUTURE WORK 

In the era of digital transformation, the convergence of ML 
and data governance has emerged as a foundational 
requirement for building intelligent, transparent, and 
compliant financial systems. The growing reliance on ML by 
banking institutions for fraud detection, credit scoring, 
customer personalization, and loan approvals necessitates a 
parallel emphasis on data governance to ensure reliability, 
fairness, and regulatory compliance. Properly governed data 
enhances model transparency, reduces bias, supports 
regulatory compliance (e.g., GDPR, RBI, Basel norms), and 
strengthens overall operational resilience. The integration of 
governance mechanisms throughout the ML pipeline from 
data collection and pre-processing to model deployment and 
auditing is essential for sustainable innovation in banking. 
Despite current progress, several gaps remain unaddressed, 
including the governance of model drift, real-time access 
controls, explainability of black-box models, and auditability. 
These limitations indicate a clear need for adaptive, intelligent 
governance frameworks that can evolve with shifting business 
and regulatory demands. 

Future research should prioritize the development of AI-
enabled, adaptive data governance models that support 
continuous learning and compliance. Empirical studies 
specific to the banking domain are required to validate the 
practicality and effectiveness of these frameworks. Moreover, 
cross-functional collaboration among data scientists, 
governance professionals, and compliance officers is vital to 
create governance structures that not only safeguard data and 

algorithms but also promote ethical and resilient AI adoption. 
Institutionalizing data governance as a strategic counterpart to 
ML will ultimately enhance trust, transparency, and long-term 
value in the digital financial ecosystem. 
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