INTERNATIONAL JOURNAL OF BUSINESS AND MANAGEMENT (IJBM)
ISSN: 2815-9330 (Online)

VOL. 5,NO. 1 2026 https://iessociety.org/

Artificial intelligence and financial decision making in Indian banks: Adoption,
effectiveness, and challenges

Udyan Bhadauria*', Anjali Kumari?, and Sonam Bhadauriya®

2Department of Management, Agra Public College of Technology and Management, Agra,
India

3Department of Commerce, Chandigarh University, Lucknow , India

Email: singhanjali0325@gmail.com?; drsonambha@gmail.com?

*Correspondence: shinkubhadauria@gmail.com

Abstract

The Indian banking sector is undergoing a profound transformation driven by Artificial
Intelligence (AI), which is increasingly reshaping core financial decision making processes. This
study investigates the role of Al in credit appraisal, fraud detection, investment planning, and
customer relationship management within Indian banks. Employing a mixed method research
design, primary data were gathered through structured questionnaires and semi structured
interviews administered to 80 banking professionals across public, private, and foreign sector
banks, supplemented by secondary data from RBI publications, academic journals, and industry
reports. Descriptive statistics, correlation analysis, multiple regression, and thematic coding were
applied to analyze the data. Findings indicate that Al adoption is most advanced in fraud detection
and customer service, while credit appraisal and investment decision making exhibit moderate
integration. Al significantly enhances decision accuracy, reduces operational time, strengthens risk
prediction, and supports strategic planning (Gupta & Sharma, 2021). Credit risk assessment
benefits from improved NPA prediction and reduced human bias, while chatbot driven CRM tools
improve customer satisfaction and retention. However, implementation is constrained by data
quality deficiencies, shortage of skilled personnel, high deployment costs, cybersecurity
vulnerabilities, and regulatory compliance pressures. The study recommends the development of
Al governance frameworks, targeted workforce training, and scalable data infrastructure to enable
responsible and effective Al adoption. Overall, Al is established as a strategic enabler that drives
data driven, accurate, and operationally efficient financial decision making in the Indian banking
context.
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1. Introduction

The Indian banking sector has undergone significant transformation over the past two decades due
to rapid technological advancements, regulatory reforms, and increasing customer expectations.
Among these developments, the emergence of Artificial Intelligence (AI) has become a pivotal
force in reshaping banking operations and financial decision-making processes. Al refers to the
simulation of human intelligence in machines that are capable of learning, reasoning, problem-
solving, and decision-making through advanced computational techniques such as machine
learning, deep learning, natural language processing, and predictive analytics. In the context of
banking, Al enables institutions to process large volumes of structured and unstructured data with
speed and accuracy that surpass traditional analytical methods. Financial decision-making is a
critical function in the banking sector, encompassing decisions related to credit appraisal, risk
management, investment planning, asset—liability management, fraud detection, and customer
relationship management. Traditionally, these decisions were based on historical financial data,
human judgment, and rule-based models. However, such conventional approaches often suffer
from limitations such as subjectivity, time constraints, and inability to capture complex, non-linear
patterns in data. The increasing complexity of financial markets, coupled with rising competition
and regulatory pressures, has necessitated the adoption of advanced decision-support systems in
Indian banks (Turban et al., 2005).

In recent years, Indian banks, both public and private, have increasingly integrated Al-driven
solutions to enhance the quality and efficiency of financial decisions. Al-powered credit scoring
models assess borrower creditworthiness more accurately by incorporating alternative data sources
such as transaction behaviour, digital footprints, and repayment patterns. Similarly, machine
learning algorithms are widely used in fraud detection systems to identify suspicious transactions
in real time (RBI, 2022)., thereby minimizing financial losses and enhancing customer trust. Robo-
advisory platforms and Al-based portfolio management tools have further transformed investment
decision-making by providing data-driven and personalized financial advice. The Reserve Bank
of India (RBI) and the Government of India have actively promoted the use of digital technologies
(RBI, 2022, including Al, to advance financial inclusion, strengthen risk management frameworks,
and enhance overall banking efficiency. Initiatives such as Digital India, the Unified Payments
Interface (UPI), and regulatory sandboxes have fostered an environment conducive to
experimentation and innovation in Al-enabled banking solutions. (Reserve Bank of India [RBI],
2022). Consequently, Al is now regarded not merely as a technological tool but as a strategic asset
influencing core financial decisions within banks.

Artificial Intelligence (AI) in banking refers to the application of advanced computational
technologies that enable machines and systems to perform tasks traditionally requiring human
intelligence, such as learning from experience, reasoning, problem-solving, perception, and
decision-making. In the banking context, Al integrates data analytics, automation, and cognitive
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technologies to enhance operational efficiency and support strategic and financial decision-
making. With the exponential growth of digital transactions and customer data, Al has become a
transformative force in modern banking systems, particularly in data-intensive environments like
the Indian banking sector. At its core, Al in banking is driven by technologies such as machine
learning (ML), deep learning, natural language processing (NLP), robotic process automation
(RPA), and predictive analytics. Machine learning algorithms enable banking systems to learn
from historical data and improve their performance over time without explicit programming. These
algorithms are widely used in credit risk assessment, loan default prediction, and customer
segmentation. Deep learning, a subset of machine learning, enhances pattern recognition
capabilities and is particularly effective in detecting fraudulent transactions and analyzing complex
financial behaviours.

Natural language processing plays a vital role in customer interaction and service delivery. Al-
powered chatbots and virtual assistants utilize NLP to understand customer queries, provide real-
time responses, and offer personalized financial guidance. This not only improves customer
satisfaction but also reduces operational costs by automating routine inquiries. Robotic process
automation further supports banking operations by automating repetitive, rule-based tasks such as
account reconciliation, compliance reporting, and Know Your Customer (KYC) verification,
thereby minimizing human error and improving processing speed. From a decision-making
perspective, Al systems act as intelligent decision-support tools rather than mere automation
mechanisms. By analysing large volumes of structured and unstructured data, Al provides
actionable insights that assist bank managers in making informed financial decisions. Predictive
analytics enables banks to forecast market trends, assess liquidity requirements, and optimize
asset-liability management. Al-driven models also enhance stress testing and scenario analysis,
allowing banks to anticipate potential financial risks under varying economic conditions. Financial
decision-making in the banking sector is a core managerial function that directly influences
profitability, stability, and long-term sustainability of financial institutions. It involves systematic
evaluation and selection of alternatives related to the allocation and utilization of financial
resources under conditions of risk and uncertainty. In banks, financial decision-making
encompasses a wide range of activities such as credit approval, investment planning, risk
management, liquidity management, asset—liability management, and pricing of financial products
and services.

Traditionally, financial decisions in banks were largely based on historical financial statements,
regulatory guidelines, expert judgment, and rule-based models. Credit decisions relied on
collateral assessment, borrower financial ratios, and past repayment behaviour, while investment
decisions were guided by market trends and managerial experience. Although these conventional
approaches provided a structured framework, they often suffered from limitations such as time
delays, information asymmetry, subjectivity, and inability to analyse complex data patterns in a
dynamic financial environment. With increasing competition, regulatory pressures, and market
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volatility, the nature of financial decision-making in the banking sector has become more complex
and data-intensive. Banks are required to make faster, more accurate, and risk-sensitive decisions
to maintain asset quality and comply with prudential norms. Effective financial decision-making
therefore depends on the quality of information, analytical tools, and the ability to anticipate future
uncertainties. Decisions related to loan disbursement and risk assessment directly affect non-
performing assets, while investment and liquidity decisions influence profitability and capital
adequacy.

The evolution of Artificial Intelligence in the Indian banking system has been gradual, shaped by
advancements in information technology, regulatory reforms, and the growing demand for
efficient and customer-centric banking services. In the initial phase, Indian banks relied primarily
on basic computerization and Management Information Systems (MIS) to support routine banking
operations and financial reporting. These early systems focused on data storage and transaction
processing rather than intelligent decision-making. The next phase witnessed the adoption of data
analytics and rule-based automation, particularly during the expansion of core banking solutions
and digital payment systems. Banks began using automated credit appraisal tools, fraud detection
rules, and customer databases to improve operational efficiency. However, these systems were
limited in their ability to learn from data or adapt to changing financial conditions. A significant
transformation occurred with the rapid growth of digital banking, mobile payments, and fintech
innovations in India (Vives, 2019).The increasing availability of large volumes of transactional
and behavioural data created opportunities for the deployment of machine learning and predictive
analytics. Public and private sector banks started experimenting with Al-powered chatbots, robo-
advisory platforms, and intelligent credit scoring models. The emergence of the Unified Payments
Interface (UPI) and other digital ecosystems further accelerated the integration of Al into real-time
transaction monitoring and fraud detection systems. In recent years, the Reserve Bank of India has
played a crucial role in supporting the responsible adoption of Al through regulatory frameworks,
innovation hubs, and sandbox initiatives. Banks are now leveraging advanced Al applications such
as natural language processing for customer interaction, deep learning for risk assessment, and
robotic process automation for compliance and back-office functions. The focus has shifted from
automation to intelligent decision support, where Al assists managers in strategic financial
decisions.

The rapid integration of Artificial Intelligence (AI) into the Indian banking sector has
fundamentally altered the way financial decisions are made, monitored, and evaluated. While
banks increasingly rely on Al-driven systems for credit appraisal, risk management, fraud
detection, and investment decisions, there remains a critical need to systematically examine the
effectiveness, implications, and challenges of these technologies. The growing complexity of
financial markets, rising non-performing assets, regulatory compliance pressures, and heightened
customer expectations necessitate a deeper understanding of how Al influences financial decision-
making in Indian banks. The significance of this study lies in its academic and practical relevance.
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From an academic perspective, there is limited empirical research focusing specifically on the
Indian banking context, particularly with respect to the decision-making dimension of Al adoption.
Most existing studies emphasize technological adoption or operational efficiency, leaving a
research gap concerning the strategic and financial implications of Al-driven decisions. This study
contributes to the existing body of knowledge by integrating concepts from finance, technology,
and management, thereby enriching interdisciplinary research in commerce and banking studies.

This study pursues five interconnected objectives. First, it seeks to examine the role of Artificial
Intelligence in shaping and enhancing financial decision making processes within Indian banks.
Second, it aims to analyse the specific impact of Al on credit appraisal and risk assessment, with
particular attention to how Al driven models compare to traditional evaluation methods. Third, the
study assesses the effectiveness of Al in improving decision accuracy across key banking
functions. Fourth, it endeavours to identify the principal challenges and barriers that hinder the
successful adoption of Al in Indian banking institutions. Fifth, and finally, it evaluates the broader
strategic implications of Al integration for the long term competitiveness, governance, and
operational resilience of banks in India. This study is guided by five core research questions that
collectively address the multidimensional influence of Al on banking in India. The first question
asks how Al is currently integrated into financial decision making processes within Indian banks,
and what forms that integration takes across different institutional types. The second question
examines what measurable impact Al has on credit risk assessment and loan decision accuracy,
specifically whether Al based systems demonstrably outperform conventional approaches. The
third question investigates whether the use of Al leads to tangible improvements in operational
efficiency and a meaningful reduction of financial risks in day to day banking operations. The
fourth question explores what challenges and limitations banking professionals encounter when
implementing Al driven decision making systems, and how these obstacles vary across public,
private, and foreign sector banks. The fifth question considers how Al influences strategic and
regulatory compliance decisions, and what governance structures banks need to ensure responsible
and accountable Al deployment.

2. Review of Literature
2.1 Theoretical Foundations of Decision-Making

The concept of decision-making has long been a central theme in management, economics, and
organizational studies. Herbert A. Simon’s seminal work Models of Man: Social and Rational
(1957) laid the theoretical foundation for understanding human decision-making within
organizations. Simon introduced the concept of bounded rationality, arguing that decision-makers
operate under constraints of limited information, cognitive capacity, and time. Rather than making
perfectly rational decisions, individuals and institutions seek “satisficing” solutions. This
framework is highly relevant to banking and finance, where decision-makers face uncertainty, risk,
and complexity. In the context of artificial intelligence, Simon’s theory provides a conceptual base
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for understanding how intelligent systems can augment human limitations by processing vast
datasets, identifying patterns, and supporting rational decision outcomes (Simon, 1957). Building
on decision theory, Turban, Aronson, and Liang (2005) discussed Decision Support Systems
(DSS) and intelligent systems as tools that enhance managerial decision-making. Their work
highlights how information technology transforms raw data into meaningful insights for strategic,
tactical, and operational decisions. Intelligent systems improve decision accuracy, consistency,
and speed, especially in data-intensive environments such as banking. This framework directly
aligns with modern Al-based systems in financial institutions, where machine learning models,
predictive analytics, and expert systems act as advanced decision-support mechanisms (Turban et
al., 2005). Martens (1977), although primarily focused on sports psychology, underscored the
relevance of psychological factors in decision-making. Anxiety and cognitive stress significantly
influence decision outcomes, which is applicable to high-stakes environments such as banking. Al
systems can reduce cognitive load and emotional bias, supporting more objective and data-driven
decisions (Martens, 1977).

2.2 Al in Organizational Process Redesign

Davenport and Short (1990) introduced the concept of business process redesign driven by
information technology. Their study demonstrated how IT reshapes organizational processes by
improving efficiency, integration, and strategic alignment. Technology is seen not just as a support
function but as a catalyst for fundamental organizational change. In banking, Al-driven
technologies redefine credit evaluation, risk management, and customer service processes. This
work provides an early theoretical lens for understanding how Al can transform traditional banking
processes into intelligent, automated, and decision-centric systems (Davenport & Short, 1990).

2.3 Regulatory and Institutional Perspectives on Al

From an institutional and regulatory standpoint, the Reserve Bank of India (RBI, 2022) provided
a comprehensive overview of Al and machine learning applications in financial services. The
report highlights Al adoption in credit scoring, fraud detection, regulatory compliance, and
customer engagement. It emphasizes that Al improves decision-making accuracy and operational
efficiency but also introduces challenges related to data privacy, algorithmic bias, and governance.
The RBI underscores the importance of responsible Al adoption, transparency, and regulatory
oversight in the Indian banking system (RBI, 2022).

2.4 Empirical Studies on AI Adoption in Indian Banking

Gupta and Sharma (2021) conducted an empirical study on Al adoption in Indian banking,
exploring opportunities and challenges. Al significantly enhances financial decision-making
through better risk assessment, predictive analysis, and personalized customer services. Barriers
include high implementation costs, lack of skilled personnel, data integration issues, and regulatory
uncertainty. The study highlights that AI adoption’s effectiveness depends on organizational
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readiness and policy support (Gupta & Sharma, 2021). Vives (2019) examined digital disruption
in banking, focusing on emerging technologies like Al, big data, and fintech innovations. Al-
driven analytics allow banks to move from reactive to proactive decision-making, anticipating
customer needs and market trends. Digital transformation improves allocative efficiency and risk
management but also increases competition and systemic complexity, linking Al adoption to
strategic decision-making and financial stability (Vives, 2019). Kumar and Singh (2023) analysed
the impact of Al on financial decision-making in Indian banks, providing empirical evidence that
Al adoption improves credit appraisal accuracy, reduces non-performing assets, and enhances
investment decisions. Al-based systems outperform traditional models by incorporating real-time
data and predictive analytics. The study also stresses the importance of human oversight to ensure
ethical decision-making and regulatory compliance (Kumar & Singh, 2023). Based on above
information, the following hypotheses are developed:

H1: Al has a significant impact on financial decision-making in Indian banks.

H2: Al-based systems significantly improve credit appraisal accuracy compared to traditional
methods.

H3: The adoption of Al significantly reduces financial and operational risks in banks.
H4: There is a significant relationship between Al adoption and efficiency of financial decisions.

H5: Challenges in Al implementation significantly influence the effectiveness of decision-making
in Indian banks.

3. Research Methodology

Research methodology defines the systematic approach used to address research objectives and
answer research questions. In this study on the impact of Artificial Intelligence (Al) on financial
decision-making in the Indian banking sector, the methodology integrates both quantitative and
qualitative approaches to provide a comprehensive understanding of Al adoption, effectiveness,
and challenges in Indian banks. This chapter outlines the research design, data sources, sampling
techniques, data collection tools, variables, and data analysis methods.

3.1 Research Design

This study employs a descriptive and analytical research design. A descriptive design is
appropriate as it enables the researcher to describe the current state of Al adoption in Indian banks
and its impact on financial decision-making. The analytical aspect focuses on establishing
relationships between Al implementation and the efficiency, accuracy, and effectiveness of
financial decisions. The study also includes exploratory elements, investigating challenges,
managerial perceptions, and regulatory considerations associated with Al in the Indian banking
sector. By combining descriptive, analytical, and exploratory approaches, the research provides
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both a detailed overview of Al practices and an understanding of causal and correlational
relationships.

3.2 Nature and Sources of Data
The study uses a mixed-methods approach, integrating primary and secondary data.
3.2.1 Primary Data

Primary data was collected through structured questionnaires and semi-structured interviews with
bank managers, Al implementation specialists, risk managers, and other key decision-makers in
selected Indian banks. This data offers valuable insights into managerial perceptions, the practical
use of Al in credit and risk-related decisions, and the challenges encountered during its
implementation.

3.2.2 Secondary Data

Secondary data was obtained from published reports, academic journals, Reserve Bank of India
(RBI) publications, annual reports of banks, and industry studies focusing on Al adoption. This
information helps contextualize the study by highlighting trends, regulatory frameworks, and
documented outcomes of Al integration in banking operations. This combination ensures
triangulation, enhancing the validity and reliability of research findings.

3.3 Sampling Design and Sample Size
The study uses a purposive and stratified sampling technique to select banks and respondents.
3.3.1 Stratified Sampling

Under the stratified sampling approach, banks are categorized into three groups: public sector
banks, private sector banks, and foreign banks operating in India. This classification ensures that
the study captures a representative cross-section of institutional types and banking practices related
to Al adoption.

3.3.2 Purposive Sampling

Within the selected banks, respondents are chosen using purposive sampling based on their direct
involvement in Al adoption, financial decision-making, or risk management. This approach
ensures that the data collected reflects the experiences and insights of professionals who are
actively engaged in the relevant processes.

The study targets a sample of 60—80 professionals across 15-20 banks. This sample is sufficient
to provide meaningful insights while ensuring coverage of diverse banking practices in Al
adoption.

3.4 Tools and Techniques of Data Collection

The study utilizes multiple tools to gather both qualitative and quantitative data:
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3.4.1 Structured Questionnaire

A structured questionnaire was designed on a Likert scale to measure perceptions regarding Al
effectiveness, its impact on decision-making, and challenges faced by banking professionals. The
questionnaire included sections on demographic information, Al usage patterns, operational
efficiency, risk management, and strategic applications. This method enabled the collection of
standardized data from a larger sample of respondents.

3.4.2 Semi-Structured Interviews

Semi-structured interviews were conducted with senior executives and Al specialists to gain
deeper insights into operational experiences, decision-making processes, and Al governance.
These interviews provided qualitative data that complemented the questionnaire responses and
helped explain trends observed in the quantitative data.

3.4.3 Document Analysis

The study included a review of relevant documents such as RBI reports, bank annual reports, Al
project reports, and research publications. This facilitated an understanding of historical trends,
regulatory considerations, and documented outcomes of Al implementation in Indian banks.

3.5 Variables of the Study

The study incorporates independent, dependent, and control variables to examine the impact of
Artificial Intelligence (Al) on financial decision-making in Indian banks.

3.5.1 Independent Variables

The independent variables considered in this research include the level of Al adoption, which
measures the extent of Al integration in banking operations; the type of Al technology employed,
such as machine learning, predictive analytics, natural language processing (NLP), and robotic
process automation (RPA); the availability and quality of data used for Al applications; and the
skills and training of bank staff in utilising Al tools effectively. These variables help assess how
different aspects of Al adoption influence decision-making processes.

3.5.2 Dependent Variables

Dependent variables capture the outcomes of financial decision-making affected by Al. These
include the accuracy of financial decisions such as credit appraisal and risk assessment, operational
efficiency in terms of time and cost savings, risk reduction through fraud detection and regulatory
compliance, and the effectiveness of strategic decision-making in investment, portfolio
management and policy formulation.

3.5.3 Control Variables

To ensure the study accounts for external factors, control variables such as bank type (public,
private, foreign), bank size (measured by assets and branch network), and the regulatory
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environment are considered. These variables help isolate the effects of Al from other influencing
factors.

3.6 Statistical Tools and Techniques

The study employs a combination of descriptive and inferential statistical methods to analyse the
data collected from banking professionals across Indian banks.

Descriptive Statistics Descriptive statistics are used to summarise the demographic profile of
respondents, levels of Al adoption, and usage patterns across banking functions. Measures such as
mean, standard deviation, frequency distribution, and percentages are applied to clearly depict
trends and provide an overall picture of Al integration in the sampled institutions.

Correlation Analysis Correlation analysis is employed to measure the strength and direction of
relationships between Al adoption and financial decision making outcomes. This technique helps
establish whether higher levels of Al integration are associated with improvements in decision
accuracy, operational efficiency, and risk management performance.

Regression Analysis Multiple regression analysis is used to assess the impact of Al related
independent variables on the dependent financial decision making variables. By isolating the
effects of Al from other contributing factors, this technique enables a more precise understanding
of how specific aspects of Al adoption, such as the type of technology used or the availability of
skilled personnel, influence decision making quality and efficiency.

Hypothesis Testing Chi square tests and t tests are conducted to evaluate the statistical
significance of observed relationships between variables. These tests allow the study to determine
whether the associations identified through correlation and regression analyses are statistically
meaningful and not attributable to chance.

Qualitative Analysis Thematic coding is applied to data gathered through semi structured
interviews in order to identify recurring patterns, challenges, and best practices in Al
implementation. This qualitative dimension complements the quantitative findings by offering
deeper contextual insights into how banking professionals perceive and experience Al driven
decision making in practice.

4. Results and Discussion

The purpose of this chapter is to analyse and interpret the data collected from Indian banks
regarding the impact of Artificial Intelligence (AI) on financial decision-making. Data was
gathered from 80 respondents, including bank managers, Al specialists, and risk analysts, using
structured questionnaires and semi-structured interviews. The analysis combines descriptive
statistics, inferential statistics, and qualitative interpretations to provide insights into Al adoption,
its effectiveness, and challenges in the banking sector.

Copyright: © 2026 by the authors. Licensee IJBM IESS, New Zealand. This article is an open access article distributed
under the terms and conditions of the Creative Commons Attribution (CC BY) license.

978
DOI: https://doi.org/10.56879/ijom.v5i1.48


https://iessociety.org/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.56879/ijbm.v5i1.48

INTERNATIONAL JOURNAL OF BUSINESS AND MANAGEMENT (IJBM)
ISSN: 2815-9330 (Online)

VOL. 5,NO. 1 2026 https://iessociety.org/

In Table 1, the demographic profile of the 80 respondents reveals a sample dominated by male
professionals, who constitute 72.5 percent of the total, while female respondents account for the
remaining 27.5 percent.

Table 1. Demographic Profile of Respondents (N=80)

Demographic Variable  Category Frequency Percentage (%)
Gender Male 58 72.5
Female 22 27.5
Age Group (Years) 25-35 25 31.25
3645 38 47.5
46-55 15 18.75
Education Qualification = Graduate 18 22.5
Postgraduate 52 65
Professional (CA/MBA/ICWA) 10 12.5
Bank Type Public Sector 32 40
Private Sector 38 47.5
Foreign Bank 10 12.5

This gender distribution reflects the broader composition of senior and mid level banking
professionals in India, where male representation remains predominant in managerial and technical
roles. In terms of age, the largest proportion of respondents falls within the 36 to 45 year bracket,
comprising 47.5 percent of the sample, followed by the 25 to 35 age group at 31.25 percent and
the 46 to 55 group at 18.75 percent. This distribution suggests that the study captures insights
primarily from experienced mid career professionals who are likely to have witnessed both pre Al
and post Al transitions in banking operations, lending credibility and contextual depth to their
responses. With respect to educational qualifications, 65 percent of respondents hold postgraduate
degrees, while 22.5 percent are graduates and 12.5 percent possess professional qualifications such
as CA, MBA, or ICWA. The high proportion of postgraduate respondents indicates a well educated
sample with sufficient analytical capacity to evaluate Al tools and their decision making
implications. The institutional representation is balanced across bank types, with private sector
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banks accounting for 47.5 percent, public sector banks for 40 percent, and foreign banks for 12.5
percent, ensuring that the findings reflect a cross sectional view of Al adoption across diverse
banking environments in India.

Gender distribution Age Group Distribution

46-55
18.75%

36-45
47.50%

Education Qualification Bank Type distribution

Professional .
(CA/MBA/ICWA) Foreign Bank

0, 12.50%
12.50% Graduate

22.50% Public
Sector
40%

Private
Postgraduate Sector

65% 47.50%

In Table 2, the data on Al adoption levels across key banking functions reveals notable variation
in the degree of integration achieved across different operational areas. Fraud detection emerges
as the domain with the highest Al adoption, with 52.5 percent of respondents reporting high
adoption, reflecting the critical importance banks place on real time transaction monitoring and
financial security. Customer service through chatbots and virtual assistants follows closely, with
50 percent reporting high adoption, underscoring the sector's increasing reliance on Al to manage

Copyright: © 2026 by the authors. Licensee IJBM IESS, New Zealand. This article is an open access article distributed
under the terms and conditions of the Creative Commons Attribution (CC BY) license.

980
DOI: https://doi.org/10.56879/ijom.v5i1.48


https://iessociety.org/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.56879/ijbm.v5i1.48

INTERNATIONAL JOURNAL OF BUSINESS AND MANAGEMENT (IJBM)
ISSN: 2815-9330 (Online)

VOL. 5,NO. 1 2026 https://iessociety.org/

large volumes of routine customer interactions efficiently and cost effectively. Credit risk
assessment reports high adoption among 47.5 percent of respondents, though the substantial
proportion indicating moderate adoption at 37.5 percent suggests that many institutions are still in
transitional phases of integrating Al into credit evaluation frameworks, likely due to the high stakes
nature of lending decisions and associated regulatory scrutiny. Compliance and reporting
demonstrate a predominantly moderate adoption rate of 47.5 percent, indicating that while
automation is gaining ground in this area, full Al integration remains a work in progress for many
banks. Investment and portfolio management records the lowest high adoption rate at 31.25
percent, with the majority of respondents indicating moderate or low adoption. This finding
suggests that strategic investment decisions continue to rely substantially on human judgment, and
that Al's role in this domain is still largely supplementary. Overall, the data indicates that Al
adoption in Indian banks is progressing unevenly, with operationally urgent and data rich functions
leading adoption while more complex and judgment intensive areas lag behind.

Table 2. AI Adoption Level in Banking Operations

AI Application Area High Moderate Low
Adoption Adoption Adoption
Credit Risk Assessment 38 (47.5%) 30 (37.5%) 12 (15%)
Fraud Detection 42 (52.5%) 28 (35%) 10 (12.5%)
Investment & Portfolio Management 25 (31.25%) 36 (45%) 19 (23.75%)
Customer Service (Chatbots/Virtual 40 (50%) 30 (37.5%) 10 (12.5%)
Assistants)
Compliance & Reporting 32 (40%) 38 (47.5%) 10 (12.5%)
20%3 15% 12.50% . 23.75% 12.50% 12.50%
0% [ | [ . [ [
Credit Risk Assessment  Fraud Detection  Investment & Portfolio Customer Service Compliance &
Management (Chatbots/Virtual Reporting
Assistants)

B High Adoption Moderate Adoption B Low Adoption
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In Table 3, the perceived effectiveness of Al across key banking decision making dimensions is
overwhelmingly positive, with strong agreement recorded across all five indicators. Decision
accuracy registers the highest combined agreement, with 42.5 percent of respondents strongly
agreeing and 47.5 percent agreeing that Al improves the quality of financial decisions, yielding a
total agreement rate of 90 percent. This near unanimous endorsement suggests that banking
professionals regard Al as a substantive improvement over traditional decision making
approaches, particularly in reducing human error and cognitive bias. Reduction in operational time
is similarly well regarded, with 85 percent of respondents in agreement, reflecting Al's capacity to
automate routine processes, accelerate data processing, and streamline workflows that would
otherwise require considerable manual effort and time. Enhancement of risk prediction garners
agreement from 87.5 percent of respondents, affirming that predictive analytics and machine
learning models are perceived as effective tools for anticipating financial risks before they
materialise into losses. Al's contribution to supporting strategic decisions is acknowledged by 82.5
percent of respondents, indicating that its role extends beyond operational efficiency into higher
order planning and policy formulation. Improvement in customer satisfaction records a combined
agreement of 85 percent, reflecting that Al enabled services such as personalised recommendations
and round the clock virtual assistance are translating into tangible gains in customer experience.
Taken together, these findings confirm that banking professionals perceive Al not as a peripheral
tool but as a core enabler of more accurate, efficient, and strategically informed financial decision
making.

Table 3. Perceived Effectiveness of Al in Banking Decisions

Effectiveness Indicator Strongly Agree  Agree Neutral Disagree
Improves Decision Accuracy 34 (42.5%) 38 (47.5%) 6 (7.5%) 2 (2.5%)
Reduces Operational Time 36 (45%) 32 (40%) 10 (12.5%) 2 (2.5%)
Enhances Risk Prediction 30 (37.5%) 40 (50%) 8 (10%) 2 (2.5%)
Supports Strategic Decisions 28 (35%) 38 (47.5%) 12 (15%) 2 (2.5%)
Improves Customer Satisfaction 32 (40%) 36 (45%) 10 (12.5%) 2 (2.5%)
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47.50% 20% 47.50%
20% C 45% C 45%
42.50%
40% 37.50% 40%
40% DU/ 35%
30%
20% 15%
12.50% 12.50%
10%
10% 7.50...
2.50% 2.50% 2.50% 2.50% 2.50%
0%
Improves Decision  Reduces Operational Enhances Risk Supports Strategic  Improves Customer
Accuracy Time Prediction Decisions Satisfaction
Strongly Agree B Agree Neutral Disagree

In Table 4, The data on implementation challenges reveals that Al adoption in Indian banks is not
without significant obstacles, with multiple factors exerting high to moderate levels of impact
across the sampled institutions. Data quality and integration emerges as the most critical barrier,
identified as high impact by 47.5 percent of respondents. This finding reflects the reality that Al
systems are highly dependent on the availability of clean, structured, and well integrated data, and
that many Indian banks continue to grapple with fragmented legacy systems and inconsistent data
standards that undermine the reliability of Al outputs. Lack of skilled personnel is identified as a
high impact challenge by 37.5 percent of respondents, with an additional 45 percent rating it as
moderately impactful, indicating a widespread human capital deficit that constrains banks' ability
to develop, deploy, and maintain Al systems effectively. Cybersecurity risks are rated as high
impact by 40 percent of respondents, reflecting growing concerns about the vulnerability of Al
driven systems to data breaches, adversarial attacks, and system manipulation, particularly as
banks handle sensitive financial information at scale. High implementation costs are cited as a high
impact barrier by 35 percent of respondents, with nearly half rating them as moderate impact,
suggesting that the financial investment required for Al infrastructure, software, and integration
remains a deterrent, especially for public sector banks with tighter capital constraints. Regulatory
compliance, while rated as high impact by 31.25 percent, is seen as moderately impactful by 50
percent, indicating that while regulatory uncertainty does not uniformly block adoption, navigating
evolving Al governance frameworks adds complexity and caution to implementation timelines.
These findings collectively highlight that successful AI integration requires banks to
simultaneously address technological, human, financial, and institutional dimensions of readiness.
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Table 4. Challenges Faced in AI Implementation

Challenge High Impact Moderate Impact Low Impact
Data Quality and Integration 38 (47.5%) 28 (35%) 14 (17.5%)
Lack of Skilled Personnel 30 (37.5%) 36 (45%) 14 (17.5%)
Regulatory Compliance 25 (31.25%) 40 (50%) 15 (18.75%)
High Implementation Cost 28 (35%) 38 (47.5%) 14 (17.5%)
Cybersecurity Risks 32 (40%) 34 (42.5%) 14 (17.5%)

Data Quality and Integration Lack of Skilled Personnel

Qﬁ 47.50%
= High Impact = Moderate Impact = Low Impact = High Impact = Moderate Impact = Low Impact

Regulatory Compliance High Implementation Cost

= High Impact = Moderate Impact = Low Impact = High Impact = Moderate Impact = Low Impact
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Cybersecurity Risks

= High Impact = Moderate Impact Low Impact

In Table 5, The findings related to Al's impact on credit risk assessment present a compelling
picture of how intelligent systems are transforming one of the most consequential functions in
banking. With respect to predicting non performing assets, 37.5 percent of respondents strongly
agree and 47.5 percent agree that Al enhances NPA prediction capabilities, yielding a combined
agreement rate of 85 percent. This indicates that machine learning models, by drawing on real time
transactional data and behavioural patterns, are enabling banks to identify potential loan defaults

at an earlier stage than conventional credit evaluation tools allow.

Table 5. AI Impact on Credit Risk Assessment

Parameter Strongly Agree Agree Neutral Disagree
Predicts Non-Performing Assets 30 (37.5%) 38 (47.5%) 10 (12.5%) 2(2.5%)
(NPAs)

Reduces Human Bias in Loan 28 (35%) 40 (50%) 10 (12.5%) 2 (2.5%)
Decisions

Enhances Loan Approval Speed 32 (40%) 36 (45%) 10 (12.5%) 2 (2.5%)
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Assets (NPAs) Loan Decisions Speed

0%

B Strongly Agree m Agree Neutral Disagree

The reduction of human bias in loan decision making is endorsed by 85 percent of respondents,
with 35 percent strongly agreeing and 50 percent agreeing that Al systems introduce greater
objectivity into the appraisal process. This is particularly significant in the Indian context, where
subjective judgment and relationship based lending have historically contributed to the
accumulation of bad loans. Enhancement of loan approval speed records a combined agreement of
85 percent, reflecting that Al powered automation of credit scoring and documentation review
considerably reduces turnaround times, benefiting both banks and borrowers. Together, these
findings suggest that Al is not only improving the technical accuracy of credit assessments but is
also contributing to fairer, faster, and more transparent lending decisions, thereby strengthening
the overall asset quality and risk governance framework of Indian banks.

In Table 6, the data on Al's role in fraud detection demonstrates strong and consistent endorsement
from banking professionals, affirming that this is among the most mature and impactful
applications of Al in Indian banking. Early detection of suspicious transactions receives a
combined agreement of 92.5 percent, with 47.5 percent of respondents strongly agreeing and 45
percent agreeing, reflecting the capacity of Al driven monitoring systems to identify anomalous
patterns in real time with a level of speed and precision that manual surveillance cannot match.
The reduction of financial losses attributable to fraud is acknowledged by 87.5 percent of
respondents, indicating that proactive Al based detection translates into meaningful financial
protection for banking institutions and their customers. Improvement in regulatory compliance
through AI monitoring systems is affirmed by 85 percent of respondents, suggesting that
automated surveillance tools not only deter fraudulent activity but also assist banks in meeting
their reporting and audit obligations more consistently. The high levels of agreement across all
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three parameters confirm that AI based fraud detection systems have achieved significant
institutional trust and are regarded as indispensable components of modern risk management
infrastructure in Indian banks. These results also indicate that the return on investment from Al in
fraud prevention is perceived to be demonstrable, which may in turn incentivise further Al
adoption in other risk sensitive functions.

Table 6. AI Impact on Fraud Detection

Parameter Strongly Agree Neutral Disagree
Agree

Detects Suspicious Transactions Early 38 (47.5%) 36 (45%) 4 (5%) 2 (2.5%)

Reduces Financial Losses 32 (40%) 38 (47.5%) 6 (7.5%) 4 (5%)

Improves Regulatory Compliance 28 (35%) 40 (50%) 10 (12.5%) 2 (2.5%)

60.00%

50%
50.00% 47.50% 47.50%
0,

45%
40%
40.00% )
35%
30.00%
20.00%
12.50%
10.00% o 7.50%
(]
2.50% 5% 2.50%
0.00%

Detects Suspicious Reduces Financial Losses  Improves Regulatory
Transactions Early Compliance

B Strongly Agree M Agree Neutral Disagree

In Table 7, the findings on Al's contribution to customer relationship management reveal a strong
positive perception among banking professionals regarding the technology's capacity to enhance
customer engagement and service quality. Personalised financial advice enabled by Al systems
receives agreement from 87.5 percent of respondents, with 35 percent strongly agreeing and 52.5
percent agreeing, indicating that Al driven tools such as robo advisors and recommendation
engines are seen as effective in tailoring financial guidance to individual customer profiles and
needs. Quick and responsive customer service through Al powered chatbots is endorsed by 87.5
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percent of respondents, reflecting the widespread deployment and positive reception of
conversational Al tools that handle routine queries, account information requests, and complaint
resolution without requiring human agent intervention. Improved customer retention as an
outcome of Al enabled CRM is acknowledged by 87.5 percent of respondents, suggesting that the
cumulative effect of personalised service, faster response times, and proactive engagement
contributes to stronger customer loyalty and reduced attrition. These findings indicate that Al's
impact on customer relationship management extends well beyond operational convenience. By
enabling banks to deliver more relevant, timely, and individualised interactions at scale, Al is
reshaping the customer experience paradigm in Indian banking, with direct implications for long
term customer lifetime value and competitive differentiation.

Table 7. Al Impact on Customer Relationship Management (CRM)

Parameter Strongly Agree  Agree Neutral Disagree
Personalized Financial Advice 28 (35%) 42 (52.5%) 8 (10%) 2(2.5%)
Quick Response through Chatbots 32 (40%) 38 (47.5%) 8(10%) 2 (2.5%)
Improved Customer Retention 30 (37.5%) 40 (50%) 8 (10%) 2(2.5%)
60%

52.50%

50%

50% 47.50%
40%

40% 35% 37.50%
30%
20%

y 10% 10% 10%
109

D l 2.50% l 2.50% l 2.50%

0

Personalized Financial Advice  Quick Response through Chatbots  Improved Customer Retention

X

B Strongly Agree M Agree M Neutral Disagree

4.1 Discussion
4.1.1 Al Adoption Patterns Across Banking Functions

The findings of this study reveal that Al adoption in Indian banks is progressing along a function
driven continuum, with operational and risk sensitive areas leading the way and more strategically
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complex domains lagging behind. The high rates of adoption in fraud detection and customer
service align with the broader global trend of deploying Al where the volume of data is high, the
decision cycles are short, and the cost of errors is immediate and visible. Indian banks have found
particular value in real time surveillance systems and natural language processing powered
chatbots, both of which deliver measurable efficiency and risk mitigation outcomes with relatively
well established technology. The comparatively moderate adoption in credit appraisal and
investment management reflects the persistence of institutional caution in domains where
erroneous decisions carry regulatory consequences and long term financial exposure. This pattern
is consistent with findings by Kumar and Singh (2023), who observed that while Al adoption
improves credit appraisal accuracy, its integration into strategic financial processes remains
gradual due to the complexity of variables involved and the continued importance of human
oversight. The uneven adoption landscape suggests that Indian banks are adopting Al
pragmatically rather than comprehensively, prioritising areas where the risk reward calculus is
most favourable.

4.1.2 Al as an Enabler of Decision Accuracy and Operational Efficiency

One of the most consistent findings of this study is the strong perception among banking
professionals that Al materially improves the accuracy and efficiency of financial decisions. The
near unanimous agreement that Al reduces decision errors, shortens processing times, and
enhances predictive capabilities reinforces the theoretical argument advanced by Turban, Aronson,
and Liang (2005) that intelligent decision support systems transform raw data into actionable
managerial insights. In the Indian banking context, where non performing assets have historically
posed a systemic challenge, the ability of Al models to predict loan defaults and identify NPA
risks at an earlier stage represents a significant institutional advancement. The reduction of human
bias in lending decisions is particularly noteworthy, as it addresses longstanding concerns about
the subjectivity and inconsistency of relationship based credit evaluation. This finding also
resonates with Simon's (1957) theory of bounded rationality, which posits that decision makers are
constrained by limited information and cognitive capacity. Al systems, by processing large
datasets and surfacing non linear patterns, effectively extend the cognitive boundaries of human
decision makers, enabling more rational and evidence based outcomes. The improvements in
operational efficiency further suggest that Al is generating value not only through better decisions
but also through the automation of time intensive processes that previously consumed significant
human and institutional resources.

4.1.3 Risk Management and Fraud Prevention

The study's findings on Al's contribution to risk management and fraud detection provide strong
empirical support for the strategic positioning of Al as a core risk governance tool in Indian
banking. The near universal agreement among respondents that Al systems detect suspicious
transactions early, reduce financial losses, and improve regulatory compliance confirms that
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machine learning based surveillance is now deeply embedded in the risk management frameworks
of many institutions. This is consistent with the RBI's (2022) assessment that Al significantly
improves fraud detection and regulatory adherence, while also introducing governance challenges
that must be proactively managed. The effectiveness of Al in predicting non performing assets is
particularly relevant given India's ongoing efforts to resolve the NPA crisis that has burdened
public sector banks for over a decade. By enabling earlier intervention, Al driven credit risk models
offer a pathway to more disciplined loan portfolio management and reduced provisioning
requirements. These findings extend the work of Gupta and Sharma (2021), who identified risk
assessment as one of the primary domains of Al opportunity in Indian banking, by providing
empirical evidence of the magnitude and consistency of Al's perceived impact across a diverse
institutional sample.

4.1.4 Customer Relationship Management and Service Innovation

The positive findings regarding Al's impact on customer relationship management highlight a
dimension of Al adoption that extends beyond internal efficiency gains into the domain of external
value creation. The widespread endorsement of Al enabled personalised financial advice, chatbot
driven query resolution, and improved customer retention suggests that Indian banks are
successfully leveraging Al to redefine their customer engagement models. This transformation
aligns with Vives' (2019) observation that digital disruption in banking enables institutions to shift
from reactive to proactive customer management, anticipating needs and delivering tailored
services at scale. The ability of Al systems to process individual transaction histories, behavioural
patterns, and financial profiles to generate personalised recommendations represents a significant
departure from the standardised, product centric service models that characterised traditional
banking. The implications for customer lifetime value and competitive differentiation are
considerable, as banks that deliver consistently personalised and responsive experiences are better
positioned to retain customers in an increasingly crowded digital banking landscape. These
findings also suggest that Al's role in CRM is not merely supplementary but increasingly central
to how Indian banks conceptualise and deliver customer value.

4.1.5 Challenges Constraining Effective AI Adoption

Despite the broadly positive findings on Al effectiveness, the study identifies a set of structural
and institutional challenges that constrain the depth and consistency of Al adoption across Indian
banks. Data quality and integration emerges as the foremost barrier, reflecting the systemic
difficulty of consolidating data across legacy systems, multiple business units, and regulatory
reporting frameworks into the clean, standardised inputs that AI models require to function
reliably. This challenge is particularly acute in public sector banks, which often operate older core
banking infrastructure and face greater bureaucratic constraints on system modernisation. The
shortage of skilled Al professionals represents a human capital bottleneck that limits banks'
capacity to develop, validate, and govern Al systems internally, creating dependence on external
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vendors and consultants that raises concerns about institutional knowledge transfer and long term
sustainability. High implementation costs further constrain adoption, particularly for smaller and
public sector institutions operating under tighter capital and budget conditions. Cybersecurity
risks, while perceived as a challenge rather than a prohibitive barrier, reflect the growing awareness
among banking professionals that Al systems expand the attack surface for data breaches and
adversarial manipulation, necessitating commensurate investment in protective infrastructure.
These findings are consistent with Gupta and Sharma (2021), who identified similar barriers in
their study of Al adoption in Indian banking, and suggest that the challenges have persisted and
remained unresolved despite growing institutional interest in Al technologies.

4.1.6 Governance, Ethics, and the Path Forward

The study's findings on governance and ethical considerations reflect a growing awareness within
the Indian banking sector that the responsible deployment of Al requires more than technical
capability. Respondents consistently emphasised the importance of transparency, explainability,
and regulatory alignment in Al systems, particularly in contexts where algorithmic decisions
directly affect customers' access to credit, financial products, and services. This concern is
theoretically grounded in the work of Davenport and Short (1990), who argued that technology
driven process redesign must be accompanied by structural and governance adaptations to deliver
sustainable organisational value. In the Indian regulatory context, the RBI's evolving frameworks
for Al governance, including its sandbox initiatives and guidelines on responsible innovation,
provide an institutional foundation for banks to align their Al strategies with regulatory
expectations. However, the gap between regulatory intent and institutional practice remains a
challenge, as many banks are still developing the internal governance structures, audit
mechanisms, and ethical review processes needed to ensure that Al systems operate fairly and
accountably. Moving forward, the findings suggest that banks must adopt a holistic approach to
Al integration that encompasses not only technology investment and workforce development but
also the establishment of robust ethical frameworks, independent algorithmic audits, and
transparent communication with customers and regulators about how Al influences decisions that
affect their financial wellbeing.

5. Conclusion

The present study examined the impact of Artificial Intelligence (AI) on financial decision-making
in the Indian banking sector. The findings reveal that Al has emerged as a transformative force,
enhancing the accuracy, efficiency, and strategic quality of decisions in banks. Applications such
as credit risk assessment, fraud detection, investment planning, and customer relationship
management demonstrate Al’s ability to process large volumes of data, identify patterns, and
support timely, evidence-based decisions. Respondents highlighted that Al reduces human bias,
minimizes operational errors, and accelerates decision-making processes, thereby improving
overall performance and risk management. However, the study also identifies significant
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challenges in Al implementation, including data quality issues, lack of skilled personnel,
regulatory compliance, cybersecurity risks, and high implementation costs. These challenges
underscore the importance of robust governance, ethical Al policies, and continuous capacity
building within banking institutions. In conclusion, Al in Indian banks is not merely a
technological innovation but a strategic enabler that strengthens financial decision-making,
operational efficiency, and customer satisfaction. By addressing implementation challenges and
adopting ethical and regulatory frameworks, banks can maximize the benefits of Al, ensuring
sustainable growth, competitive advantage, and resilience in an increasingly digital and data-
driven financial landscape. Al, therefore, represents a critical component for the future of banking
in India.

5.1 Limitations of the Study and Future Research Directions

While the research is designed to provide a comprehensive understanding of Al's impact on
financial decision making in Indian banks, several limitations must be acknowledged. The study
is restricted to a sample of 15 to 20 banks, which, while sufficient to generate meaningful insights,
may not fully capture the diversity of Al adoption practices across the entire Indian banking
landscape. Smaller regional banks and cooperative institutions, which may have distinctly different
levels of technological maturity, are largely outside the scope of this sample. Data availability
presents another constraint, as access to internal Al implementation metrics and confidential
decision making records is restricted due to the sensitive and proprietary nature of such
information. This limits the extent to which objective, institution level performance data can be
incorporated alongside self reported survey responses. Respondent bias is also a consideration, as
the opinions and perceptions of bank managers and Al specialists may not always reflect objective
institutional realities. Individual experiences, professional roles, and organisational cultures can
influence how respondents evaluate the effectiveness and challenges of Al adoption. The rapid
pace of technological change in artificial intelligence means that the findings of this study may
have limited long term generalisability. Al tools, algorithms, and applications evolve continuously,
and practices that are current at the time of data collection may be superseded by newer innovations
in a relatively short period. Finally, variability in regulatory environments across states and
banking categories may influence Al adoption patterns in ways that are difficult to fully account
for within a single national study. Differences in compliance requirements, institutional mandates,
and supervisory expectations between public, private, and foreign banks introduce an additional
layer of complexity that may affect the consistency and comparability of findings across the
sample.

The findings of this study open several promising avenues for future scholarly inquiry into the
relationship between Artificial Intelligence and financial decision making in the Indian banking
sector and beyond.One significant direction for future research concerns longitudinal investigation
of Al adoption and its outcomes over time. The present study captures a cross sectional snapshot
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of Al integration at a particular moment in an rapidly evolving technological landscape. Future
studies employing longitudinal designs would be better positioned to track how Al adoption
matures within individual institutions, how decision making outcomes evolve as systems are
refined and scaled, and whether the challenges identified in this study diminish or transform as
banks accumulate experience with Al implementation. Such research would offer dynamic insights
that static cross sectional designs are inherently unable to provide.Future research could also
productively expand the geographic and institutional scope of inquiry. The present study, while
representative across bank types, is constrained to a sample of 15 to 20 banks operating within the
Indian regulatory environment. Comparative studies examining Al adoption and its decision
making implications across multiple emerging economies, particularly those in South and
Southeast Asia, Africa, and Latin America, would allow researchers to disentangle the effects of
institutional context, regulatory environment, and economic development from the technology
specific factors that drive Al effectiveness.
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Glossary

Artificial Intelligence (AI) — The simulation of human intelligence in machines that are capable of
learning, reasoning, and decision-making.

Credit Risk Assessment — The evaluation of a borrower’s ability to repay a loan and the likelihood
of default.

Customer Relationship Management (CRM) — Strategies and technologies used by banks to
manage interactions with customers and improve relationships.

Cybersecurity — Measures and practices used to protect systems, networks, and data from digital
attacks.

Data Integration — The process of combining data from different sources into a unified system for
analysis.

Decision Support System (DSS) — Computer-based systems that assist in making informed and
data-driven decisions.

Deep Learning — An advanced subset of machine learning that uses neural networks to analyze
complex patterns in large datasets.

Digital Transformation — The integration of digital technologies into business processes to enhance
efficiency and service delivery.

Financial Decision-Making — The process of evaluating financial information to make informed
decisions related to investments, credit, and risk management.

Fraud Detection — The use of systems and techniques to identify and prevent fraudulent financial
transactions.

Machine Learning (ML) — A subset of artificial intelligence that enables systems to learn from
data and improve performance without explicit programming.

Natural Language Processing (NLP) — A branch of artificial intelligence that enables machines to
understand, interpret, and respond to human language.

Non-Performing Asset (NPA)— A loan or advance where the borrower has stopped making interest
or principal repayments.
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Predictive Analytics — The use of statistical techniques and artificial intelligence to analyze
historical data and predict future outcomes.

Regulatory Compliance — Adherence to laws, regulations, and guidelines governing banking and
financial operations.

Reserve Bank of India (RBI) — The central banking institution of India responsible for regulating
the country’s financial system.

Robotic Process Automation (RPA) — Technology that automates repetitive and rule-based tasks
in business processes.

Unified Payments Interface (UPI) — A real-time digital payment system in India that enables
instant fund transfers between bank accounts.

Copyright: © 2026 by the authors. Licensee IJBM IESS, New Zealand. This article is an open access article distributed
under the terms and conditions of the Creative Commons Attribution (CC BY) license.

995
DOI: https://doi.org/10.56879/ijom.v5i1.48


https://iessociety.org/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.56879/ijbm.v5i1.48

	2.1 Theoretical Foundations of Decision-Making
	2.2 AI in Organizational Process Redesign
	2.3 Regulatory and Institutional Perspectives on AI
	2.4 Empirical Studies on AI Adoption in Indian Banking

