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Abstract. The purpose of the study was to review of academic and industry literature, with the goal of clarifying
the concept of agentic Artificial Intelligence, explaining its architectural workings, and exploring its applications in
the financial and banking sectors. The rising use of Artificial Intelligence in the financial services sector had been
pushing into a stage of financial automation that was not focused on rules but on systems able to reason, adapt,
and act autonomously and goal-focused. This transition had led to what was currently referred to as agentic Artificial
Intelligence - a category of intelligent systems that worked independently to a certain extent, which was missing in
conventional Artificial Intelligence applications. The research was based on the systematic review methodology, which
summarised the evidence related to the use of agentic Artificial Intelligence in autonomous trading, dynamic risk
assessment, algorithmic underwriting, fraud detection, customised customer interaction, and regulatory compliance.
As the analysis showed, it increased operational proactivity, situational awareness, and multi-step decision-making,
allowing financial institutions to be more responsive to complex and fast-changing environments. In addition, the
review outlined that there were persistent issues in regard to explainability, accountability, integration with legacy
infrastructures, ethical protection, and preparedness to regulatory issues. Results suggested that agentic Artificial
Intelligence had the potential ability to transform operational and strategic activities in the financial sector, but only
by means of responsible governance and strict supervision, its advantages can become actual. The contribution of
this review to the literature was an evidence-based integrated evaluation of the modern trends and an outline of the
most prominent opportunities and limitations that will define the future of autonomous intelligent systems in the
financial services
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Introduction

The field of Artificial Intelligence (Al) had been a founda-
tion of the financial field with the first applications of ex-
pert systems and rule-based decision support systems
in the 1990s. However, the nature of Al-based interven-
tions had been radically transformed in 2020s. Beginning
in 2020, machine learning, reinforcement learning, and
large language models have enabled a new type of intel-
ligent system to emerge, often referred to as agentic Al,
a novel type of intelligent system that was characterised
by autonomy, adaptive reasoning, and goal-orientated
behaviour. These systems were not merely qualitatively

different to their predecessors in that they offered as-
sistive decision-making support by offering pre-cod-
ed rules, but in that they were multi-step, context-de-
pendent tasks that were sensitive to dynamic financial
conditions. This had been summarised in the academic
enquiry. D.B. Vukovi¢ et al. (2025) pointed out on how
agentic Al changes financial services to make real-time
decisions, dynamically rebalanced portfolios, and con-
stantly monitor risk levels, in addition to raising sub-
stantial regulatory and systemic risks. Similarly, I.A. El-
gendy et al. (2025) argued that agentic systems played
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the role of catalysts of innovation in FinTech, enabling
adaptive investment systems, autonomous compli-
ance processes, and scalable advisory systems, which
changed in line with the market environment. In the
perspective of banking business, M. Mucskova (2024) re-
corded how smart automation contributed to improving
the fundamental banking processes, such as customer
onboarding, compliance procedures, and back-office
tasks, thereby improving latency and eliminating human
error compared to the conventional support solutions.
R. Sapkota et al. (2026) provided a taxonomy simultane-
ously marking agentic Al versus the legacy rule-based
systems and foregrounding autonomy, proactivity, and
goal-oriented optimisation as its salient features. In ad-
dition to these contributions, contemporary empirical
research showed the use of agentic Al in particular fi-
nancial environments.

C. Dutta et al. (2023) discussed the use of autono-
mous algorithms in high-frequency trading and sug-
gested that contemporary trading platforms were be-
coming more and more dependent on agents that can
self-adjust positions, assess liquidity, and implement
trades under minimum human involvement a trend
that highlighted the growing operational dependence
on agentic architectures. B. Vyas (2023) also illustrated
that intelligent agents with behavioural analytics were
significantly more successful in fraud-prevention com-
pared to classical rule-based detection models because
they can learn the patterns of individual users and even
update detection thresholds in real time. H.K. Sriram
& B. Somu (2025) argued that autonomous agents to-
gether with continuous anomaly detection can be used
to strengthen credit risk assessment and fraud surveil-
lance, which can reduce false positives with an increase
in the sensitivity of the detection. Furthermore, A.Y. To-
prakli (2025) examined agentic Al-driven algorithmic
underwriting systems that found that these systems
expedited the loan-approval process, enhanced the ac-
curacy of credit decisions, and reduced bias by applying
risk models in the large applicant populations in a con-
sistent manner. Taken together, these studies pointed
to the fact that the shift to purely autonomous, adap-
tive, and goal-oriented systems as an extension of the
conventional, rule-based approach to automation was
not only an evolutionary one but also a reorganisation
of financial and banking processes. The capabilities in
agentic Al (such as situation awareness, lifelong learn-
ing, proactive decision-making, and multi-step action
execution) were beyond the assistance paradigm. These
features will guarantee improvements in the trading
performance, optimisation in underwriting, fraud de-
tection, compliance automation, and real-time cus-
tomer interaction. However, as the academic discourse
was becoming more and more aware, this change pre-
sented significant challenges in substance. The abil-
ity to interoperate with legacy infrastructures, data
governance, ethical alignment, and cross-institutional
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interoperability were still daunting challenges. Be-
sides, the empirical literature was not complete as few
studies synthesised agentic Al uses, the risks involved,
and the prerequisites of governance across domains.

Given the rapid technological advancements since
2020 and the growing body of distributed literature,
there was a strong need for a systemic, integrative re-
view. The purpose of the study was to provide such a
review, which will present a systematic and extensive
evaluation of agentic Al, its conceptual basis, practical
implementation, its limitations, and opportunities in the
future research and practice. The systematic literature
review methodology used in this study will be aimed at
synthesising and critically evaluating the academic and
corporate literature related to agentic Al in the financial
and banking sectors. The review followed three major
steps: the process of a broad literature search and se-
lection, the purposeful retrieval of relevant information,
and the thematic framework of extracted data. The sys-
tematic approach to research allowed identifying gener-
al conceptual frameworks, defining practical application,
and sorting empirical data into fundamental thematic
groups, i.e., conceptual foundations, applications, and
challenges or opportunities, in that way producing a
consistent yet detailed view on the subject.

Conceptualising agentic Al
in the financial context

To understand the impact of agentic Al on finance, it is
important to define the concept of “agency” in relation
to Al. According to B. Somu (2024), agentic Al was Al
that had “the ability to act on its own in an environment
to achieve given goals”. This definition evolved from
prior Al definitions, which were systems that passive-
ly analysed data or executed human instructions and
commands. The process of moving from automation
to autonomy was essentially a realignment of the role
of technology in finance. Traditional automation was
for automating repetitive and rules-based tasks at high
scale. G. Jindal (2024) noted that an example can be data
entry or a standard transaction. Machine learning mod-
els allowed using predictive analytics to find patterns in
data for uses such as credit scoring or fraud detection.
V. Garg (2025) explained that agentic Al, however, moved
beyond prediction to action, referring to a machine that
can sense its environment, made decisions on its own,
planned multi-step action, and executed those actions
with the goal of changing its environment. Z. Yordanova
& Y. Hristozov (2025) identified the key characteristics
of agentic Al as proactivity, goal directedness, and ad-
aptability. Proactivity meant the agent can act without
waiting for an external trigger or explicit command. Goal
directedness meant its actions were not random but
were coherent to achieve a predefined often complex
objective. Adaptability was the most important feature;
an agentic system can learn from its interactions and
outcomes and modify its future behaviour to improve
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performance in dynamic and uncertain environments
like volatile financial markets. LA, Elgendy (2025) ar-
gued that this ability to operate autonomously was what
made agentic Al a catalyst for innovation especially in
FinTech, where new agents were being developed to re-
imagine financial services.

Agentic Al's capabilities were the result of a combi-
nation of several specialised Al fields. The theoretical
foundations were diverse and largely based on rein-
forcement learning, large language models, and classi-
cal Al planners. R. Sapkota et al. (2026) stated that rein-
forcement learning provided the mechanism for agents
to learn optimal behaviours through trial and error, re-
ceiving rewards or penalties based on their actions. This
was especially valid in financial applications like trading
or portfolio management. An agent learnt to maximise
returns over a period of time. Over a hundred billion pa-
rameter large language models had emerged as a build-
ing block that endowed agents with sophisticated under-
standing, reasoning, and communication abilities. Large
language models (LLMs) functioned as the reasoning
engine or brain for a number of contemporary agentic
architectures, which assisted the systems in processing
non-structured information (e.g., news reports or fi-
nancial filings) or complex user requests and producing
logical plans. A typical agentic system'’s architecture usu-
ally consisted of a number of interacting components.
There was a perception module that helped in fetching
data from the environment. Then there was a memory
module that held information about the past. Further,
reasoning and planning engine (usually based on LLM)
facilitated decision-making. M. Lugman et al. (2025) de-
scribed an action module that helped in carrying out
actions through the respective tools or application pro-
gramming interfaces (APIs). Frameworks often utilised
an action-perception cycle. An agent may first take the
user's question and the relevant market information
before performing the financial analysis. After creating
the prompt, the planning module was utilised to break it
down into sub-goals. Like fetching historical stock data,
discounted cash flow analysis, judging valuation, and
summarising key findings. Ultimately, these sub-goals
were carried out by interacting with financial data APIs
and creating a detailed report. The multi-tasking mod-
ular architecture can complete a series of steps on its
own. This was far from the capabilities of single-tasking
ones. The architectural frameworks were continuous-
ly researched and great strides have been made since
2020 (Joshi, 2025).

It was important to understand the difference be-
tween agentic Al and the typical Al systems being used
in finance. Algorithmic systems and ML models have
been around since the 1990s to serve financial institu-
tions. But these systems were not typically autonomous
agents. The new paradigm’s disruptive potential was evi-
dent when the differences were clarified. First, typical Al
in finance was often reactive and task-oriented. Fraud

detection model was a good example of machine learn-
ing. The system learnt from past information where
fraud was usually detected. Then, suspicious transac-
tions were identified for frauds. It performed a specific
task well-defined in advance in response to new data
but did not take it upon itself to investigate root cause
of fraud, decide on new rules to stop fraud, or interact
with other systems to block a user's account. The fraud
detection system, which was agency-based, not only de-
tected suspicious fraudulent transfers, but could also
independently freeze accounts and use a communica-
tion robot to communicate with customers to determine
whether such transactions were similar to legitimate
past transactions. H.K. Sriram & B. Somu (2025) noted
that it could also analyse for more suspicious transac-
tions in the user's past history and adjust its parameters
based on the result.

Conventional systems cannot communicate over a
wider link spectrum. It meant algorithmic trading sys-
tems that were either speedy or complicated but essen-
tially heavy trading had been allowed to happen in its
own magic. Automating trading systems responded to
market data in the context of a defined strategy, but did
not themselves develop entirely new trading strategies
based on macroeconomic research analysis or dynamic
reallocation. An agentic trading system could be assigned
a high-level objective, such as “maximise alpha for this
portfolio, while locking in a particular risk profile”. Classic
Al systems aimed to boost human decisions through a
“human-in-the-loop” approach. The machine analysed or
alerted the user and a human finalised the decision. Al
that was agentic still required governance or oversight
but it was built to work in a “human-on-the-loop” or “hu-
man-over-the-loop” mode. The agent does everything
from start to finish. The human sets the goals and con-
straints only interveningin exceptional cases. This change
had a major impact on the way work was performed
and the skills and roles needed in the financial industry.
K. Huang (2025) observed that there was an ever-grow-
ing number of innovative FinTech companies utilising
these autonomous methods, which was already show-
ing promise in opening up access to complex financial
services that had traditionally been costly and labour-in-
tensive. Consequently, the integration of agentic capabil-
ities signified a fundamental shift in financial operation-
al models, moving from static automation to dynamic,
autonomous interaction. This evolution necessitated a
re-evaluation of operational oversight and the integra-
tion of adaptive technologies within the banking sector.

Applications of agentic Al
in financial operations

Due to a major paradigm shift in financial operations,
a transition was occurring from rules-based Al to agen-
tic Al. Z. Yordanova & Y. Hristozov (2025) noted that Al
systems such as Artificial General Intelligence and Ar-
tificial Super Intelligence, characterised by autonomy
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and goal-directedness, were moving past automation
into undertaking works previously reserved for human
experts. The space of trading and investment had long
been an area for sophisticated computational tech-
niques, from early quantitative models to high-frequen-
cy trading algorithms. C. Dutta et al. (2023) discussed the
use of autonomous algorithms in high-frequency trad-
ing, suggesting that agentic Al was positioned to usher
in the next evolutionary phase by providing traders with
autonomy beyond the conventional set of pre-defined
rules for trading. Unlike classic algo trading, which was
programmed to trade when reaching certain price lev-
els or technical signals, agentic Al systems were able to
devise and adapt their own trades. The ability of these
autonomous agents to analyse multiple data sources
such as market data, news sentiment, macroeconomic
data, and social media data, allowed the systems to spot
trading opportunities. M.S. Amin et al. (2024) demon-
strated that these models can create hypotheses, test
them on both historical and simulated data, and deploy
cash automatically without human involvement. An ex-
ample of agentic Al could be an Al system assigned the
task of managing a portfolio. It may decide autonomous-
ly to move money out of equities and into bonds, based
on reasoning regarding rising inflation and central bank
signalling. A lot of autonomous trading agents relied on
reinforcement learning as a foundational technology.
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Alpha agents took actions (buying, selling or hold-
ing on to an asset) in a simulated market environment
by trial and error. They learnt an optimal policy that
maximised the cumulative reward signal (for example,
profit). The reward can also be an indicator of risk-ad-
justed return (like the Sharpe ratio). As a result of
this, the systems were able to discover patterns and
relations that were complex and non-linear. The role
of agentic Al was particularly apparent in derivatives
trading and arbitrage: markets that relied on speed
and the rapid calculation of multi-variable information.
These intermediaries enabled complex multiple trades
in various exchanges and assets to take place instantly
to benefit from price inefficiencies. R. Inala (2023) em-
phasised that a key application domain was the abili-
ty to offer autonomous investment and advisory ser-
vices. But fully autonomous trading agents bring new
challenges. Multiple independent agents could create
emergent, herd-like behaviour and amplify market vol-
atility or trigger flash crashes. To ensure these agents
operate within risk parameters and the firm's overall
investment thesis, robust governance frameworks,
real-time monitoring, circuit breakers, and “human-in-
the-loop” oversight were required. Table 1 illustrated
high performance of agentic Al systems in trading ap-
plications, specifically analysing data regarding market
share and return rates.

Table 1. Algorithmic trading performance metrics and financial market penetration

Metric Conventional algorithms Agentic Al systems Improvement (%)
Market share of total trading, % 65 75 15.4
Average annual returns, % 12-18 25-35 82
Success rate, % 60-70 85-97 35
Risk-adjusted returns (Sharpe ratio) 0.8-1.2 1.5-2.1 65
Trade execution speed (milliseconds) 50-100 10-25 75

Source: Grand View Research (n.d.), Quantified Strategies (n.d.)

The 82% improvement in average annual returns
and 35% increase in success rates demonstrated the
transformative potential of autonomous trading agents.
The significant enhancement in risk-adjusted returns,
as measured by the Sharpe ratio, indicated that agen-
tic systems not only generate higher returns but do
so with more efficient risk management. Sharpe ratio
was important for evaluate the portfolio’s performance
by adjusting the return for the level of risk taken. The
foundational block of the financial system was effective
risk management. Conventional risk management tech-
niques utilised static models like Value-at-Risk, which
were calculated periodically, and may fail to capture
the rapidly changing dynamics of the financial mar-
ket. R. Gangavarapu (2025) stated that agentic Al was
changing this field by allowing dynamic, proactive risk
assessment, making the shift from reactive monitor-
ing to predictive and preventative control. Al systems
can function as independent risk management watch-
dogs that monitor a firm’'s whole portfolio and market

exposure constantly and in real-time. These agents can
simultaneously ingest information streams from thou-
sands of sources, including trading positions, counter-
party credit information, market liquidity indicators, and
geopolitical information streams. Through sophisticat-
ed machine learning models, subtle anomalies can be
identified, emerging concentrations of risk spotted, and
possible market shocks forecast before tipping over.
For instance, an agent might identify a growing correla-
tion between two assets in a portfolio, alerting a human
risk manager to a hidden exposure that models might
overlook. M. Lugman et al. (2025) highlighted that an im-
portant ability of agentic Al in this space was a real time
evaluation and metering of risk scores. These systems
can provide a more real-time, flexible, or dynamic view
of risk instead of the end of day reports.

An agentic system can quickly assess the credit risk
of a sovereign bond issuer following an abrupt polit-
ical event. In the same manner, it was possible to re-
assess the counterparty risk of the bank upstream or
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downstream. Moreover, it was possible to estimate the
impact of the political event on the overall capital suffi-
ciency of the firm. This ability made risk mitigation efforts
significantly more agile. R. Inala (2023) pointed out that
by emphasising intelligent risk control, financial institu-
tions can prepare for worst-case scenarios instead of
using past events as a reference. Agentic Al can run ad-
vanced stress tests and scenario analyses autonomous-
ly. The firm's portfolio can be tested by thousands of
market situations ranging from a rise in interest rates to
a disruption in the supplies. By using this tool, gaps can
be identified, and suggestions provided to hedge and
change the portfolio. Analysis of the impact of cyber se-
curity and emerging technology developments on finan-
cial stability was gaining momentum since 2020 among
policymakers and financial authorities. A. Dodda (2024)
observed that the combination of such advanced risk as-
sessment tools allowed for deeper analysis of complex
risk management issues. Underwriting and lending were
always done manually based on data analysis and heu-
ristic methods. Agentic Al transformed this landscape by
introducing autonomous systems that can handle the
entire lending lifecycle from application to approval to
monitoring. N. Chitturi (2025) indicated this was most
evident in the mortgage lending space, where opera-
tional challenges and paperwork had always created
friction. In algorithmic underwriting, agentic Al systems
act as autonomous decision makers. They can collect
and verify applicant data from multiple sources includ-
ing credit bureaus, bank statements, employment re-
cords, and even alternative data sets where permitted.

Using advanced machine learning algorithms, these
agents can assess a borrower’s creditworthiness with
a level of granularity and predictive accuracy that sur-
passed conventional credit scoring models. Complex
patterns in an applicant’s financial history can be an-
alysed to better predict the likelihood of default and
enable lenders to make more informed and consistent
decisions. The autonomy of these agents goes beyond
a simple “approve” or “deny” decision. Loan terms such
as interest rates, loan to value ratios, and repayment
schedules can be dynamically structured to personalise
the offer to the applicant's risk profile and financial sit-
uation. For example, an agent might identify a self-em-
ployed applicant with fluctuating income but strong
cash reserves and offer a mortgage product with fea-
tures that accommodate income volatility. Agentic Al can
also speed up the lending process, reducing time from
application to close from weeks to days or even hours.
A.Y. Toprakli (2025) explained that by automating docu-
ment verification, property appraisals (using automated
valuation models) and compliance checks, these systems
reduced manual overhead and minimised human error.
Al agents can monitor transactions and data throughout
the mortgage lifecycle and ensure compliance, identify-
ing potential issues early on. This improved the customer
experience and reduced operational costs for financial

institutions. The goal was to create a more stream-
lined, data driven, and accessible lending ecosystem.

Financial analysis and reporting were the foundation
of investment decisions, corporate strategy, and regu-
latory compliance. These tasks involved sifting through
vast amounts of structured and unstructured data - fi-
nancial statements, earnings call transcripts, industry
reports, regulatory filings - to extract insights. Agentic Al
was automating and augmenting these processes so an-
alysts can get deeper, faster, and more accurate insights.
Agentic Al can be an autonomous financial analyst. It can
be given a high-level goal such as “evaluate Company X"
or “what are the growth drivers in the semiconductor
industry”. The agent would then devise and execute a
plan to achieve that goal. This could involve automati-
cally retrieving and parsing 10-K and 10-Q filings from
the SEC database, extracting key financial metrics, doing
ratio analysis, and benchmarking the company against
its peers. It is important that these agents used natu-
ral language processing (NLP) and generation (NLG) to
understand unstructured text and synthesise findings
into human readable reports. R. Inala (2023) noted that
an agent could analyse the sentiment of an earnings
call transcript, identify the key themes discussed by
management, and cross reference statements with the
quantitative data from the financial statements. It could
then generate a summary report with charts, tables, and
a narrative of conclusions. This ability to author quality
content for these analytical tasks frees human analysts
from data gathering and allows focusing on higher lev-
el strategic interpretation and client communication.
By analysing historical data and identifying leading in-
dicators from alternative data sources, these systems
can generate more accurate and dynamic forecasts for
revenues, earnings, and cash flows. Simulations can be
run to model the impact of different economic scenarios
on a company’'s performance. For regulators and com-
pliance departments, these autonomous systems can
continuously monitor corporate disclosures and market
activity to flag potential instances of accounting fraud,
insider trading, or other forms of misconduct, thereby
helping to strengthen market integrity.

Applications of agentic Al
in banking operations

While financial operations focused on markets and in-
vestments, banking operations concentrated on serving
customers, managing transactions, and maintaining the
core banking system. Agentic Al was shifting these func-
tions from a reactive, product-centric model to a pro-
active, customer-centric one. B. Somu (2024) observed
that as financial institutions and FinTech companies de-
veloped new agents, the presence of these systems was
becoming ubiquitous across the sector. The following
analysis examined agentic Al in personalised custom-
er service, fraud detection, regulatory compliance, and
the modernisation of core banking infrastructure. The
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modern banking customer expected personalised,
seamless, and instant services. Agentic Al enabled banks
to deliver these capabilities at scale. This technology
transcended simple chatbots and rule-based virtual as-
sistants, offering truly autonomous financial assistants
capable of understanding context, anticipating needs,
and executing complex tasks on the customer’s behalf.
S. Brohi et al. (2025) emphasised that these systems were
designed with trustworthiness as a core principle to fos-
ter strong customer relationships. Autonomous custom-
er service agents powered by large language models
(LLMs) and conversational Al can handle a wide range of
inquiries and transactions without human intervention.
For instance, a customer might request to pay a credit
card bill, dispute a recent transaction, and inquire about
betterinterestrates onasavings accountsimultaneously.

An agentic Al system can process this multi-part
request, authenticate the user, execute the payment,
initiate the dispute process by requesting relevant de-
tails, and analyse the customer’s account history to pro-
actively offer a higher-yield savings product. This level
of interaction and task execution reduced the load on
human call centres and improved customer satisfaction.
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The substantial capability of agentic Al lay in the provi-
sion of proactive and hyper-personalised financial guid-
ance. By analysing transaction history, income patterns,
and financial goals, an autonomous agent can function
as a personal financial advisor. For example, the system
might identify a large cash balance yielding minimal in-
terest and, based on the user’s risk profile, suggest in-
vesting a portion in a low-cost index fund, accompanied
by a simulation of potential returns. The system can
assist customers in creating budgets, setting savings
goals, and automatically optimising financial decisions,
such as sweeping excess cash into higher-interest ac-
counts or suggesting efficient debt repayment strate-
gies. K. Huang et al. (2025) noted that the objective was
to democratise access to sophisticated financial services
that were previously available exclusively to high-net-
worth individuals. Although these systems offer sig-
nificant advantages, M. Mucskova (2024) argued that
seamless handovers to human agents remained essen-
tial, when complex or sensitive issues requiring human
empathy and judgment arise. Table 2 demonstrated the
substantial performance advantages of agentic Al sys-
tems over traditional chatbot implementations.

Table 2. Al customer service performance metrics in banking

Performance indicator Traditional chatbots Agentic Al systems Performance gain (%)
Query resolution rate, % 45-55 80-90 65 of improvement
Customer satisfaction score 3.2/5.0 4.3/5.0 34 of increase
Average response time, seconds 120-180 15-30 83 of reduction
Cost per interaction, USD 8.50 2.10 75 of cost reduction
Multilingual support capability 5-8 languages 50+ languages 700 of expansion
24/7 availability rate, % 85 99.9 17 of improvement

Source: Springs (n.d.), OpenText (n.d.), CoinLaw (n.d.)

The 65% improvementin query resolution rates, cou-
pled with an 83% reduction in response time, indicated
that agentic systems can handle more complex interac-
tions autonomously, while maintaining superior speed.
The 75% cost reduction per interaction represented sig-
nificant operational efficiency gains for banking institu-
tions. Financial fraud represented a growing threat as
fraudsters continuously evolve methods to circumvent
existing security measures. While rule-based systems
were effective in detecting pre-enacted fraud schemes,
such systems struggle with novel threats. H.K. Sriram &
B. Somu (2025) described agentic Al as a dynamic and
adaptive defence mechanism capable of learning and
evolving to address emerging threats. Fraud detection
systems powered by agentic Al function as autonomous
security analysts monitoring billions of transactions in
real-time on the bank’s network. These agents do not
merely verify transactions based on static criteria; rath-
er, the systems utilised machine learning techniques to
identify anomalies. B. Vyas (2023) highlighted the use of
behavioural analysis in this context. Consequently, the
agent created a unique profile for each customer con-
taining average transaction times, locations, amounts,

merchants, and devices used. Any deviation from the
established pattern was immediately flagged as suspi-
cious. For instance, if a customer typically making small
purchases in one location attempts to withdraw a large
amount from an ATM in a different country, the agent
flags this as an unusual occurrence. However, the sys-
tem proceeded beyond a simple flag; the agent was ca-
pable of autonomously executing a number of actions
to verify the transaction. The system may send an in-
teractive notification to the customer’s banking appli-
cation for biometric verification. The card may be tem-
porarily suspended, while the system simultaneously
cross-checks other data points, such as the location of
the customer’'s mobile device. This ability to reason and
act in real-time, considering context, reduced false pos-
itives and enabled quicker and more precise responses
to genuine threats. Furthermore, H. Jo et al. (2025) in-
dicated that agentic systems can collaborate and share
intelligence across the network, alongside privacy-pro-
tecting tools, to discover large-scale coordinated fraud
attacks. By identifying similar fraudulent behaviours
across thousands of unrelated accounts, these agents
can identify and dismantle fraud rings more rapidly than
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human teams. Fraud detection systems continuously
learnt, automatically updating models to detect novel
fraud attempts, thereby ensuring that banking defences
evolved in parallel with new fraud strategies.

The banking regulatory landscape was complex
and constantly changing, involving requirements such
as Anti-Money Laundering, Know Your Customer, and
transaction monitoring. Meeting these obligations was
a resource-intensive task that had traditionally required
large teams of compliance officers to manually review
alerts and file reports. Agentic Al was automating and
enhancing these compliance functions, improving accu-
racy and reducing operational costs. In transaction mon-
itoring, agentic Al systems can autonomously screen
financial activities for money laundering, terrorist financ-
ing, or sanctions violations. These agents transcend-
ed simple keyword matching or rule-based thresholds.
A. Dodda (2024) noted that graph analytics and network
analysis were utilised to uncover hidden relationships
between entities and trace the flow of funds through
complex multi-layered transaction chains. For example,
an agent could identify a network of shell companies
used to obscure the origin of illicit funds by analysing
money flows, ownership structures, and transaction pat-
terns that would be difficult to detect manually. When
an agent identified suspicious activity, the system can
autonomously initiate an investigation, gathering cus-
tomer information, transaction history, and public re-
cords to compile a preliminary case file. The system can
then use natural language generation to create a draft
of a Suspicious Activity Report, highlighting the reasons
for suspicion and the evidence. This automated the most
time-consuming part of the compliance workflow, allow-
ing human officers to focus on complex cases and final
determinations. S. Paleti (2022) asserted that agentic Al
also assisted banks in maintaining alignment with chang-
ing regulations. An agent can be tasked with monitoring
regulatory websites and legal updates from multiple ju-
risdictions. Upon the announcement of a new rule, the
agent analysed the text, interpreted the impact on the
bank’s operations, and suggested changes to internal pol-
icies and monitoring systems. M. Mucskova (2024) con-
cluded that these Al applications were key to improving
overall operational efficiency within banking institutions.

Core banking systems constituted the foundation of
a bank’s critical operations, including account manage-
ment, deposits, lending, and payments. Many of these
systems were legacy platforms developed in the 1980s
and 1990s that were monolithic, inflexible, and difficult
to integrate with modern digital technologies. R. Inala &
B. Somu (2025) identified agentic Al as a key enabler of
core infrastructure transformation toward a more agile,
efficient, and intelligent banking architecture. A prima-
ry use case was back-office automation, where agentic
Al orchestrated complex workflows across multiple leg-
acy systems. For example, in payment processing, an
agent can manage the entire lifecycle of a cross-border

payment - from initiating the transaction and perform-
ing compliance checks to choosing the most efficient
payment rail (e.g., SWIFT, FedNow), handling foreign
exchange conversions, and performing automated
reconciliation. This reduced manual intervention, mini-
mised settlement times, and lowered processing costs.
Agentic Al also played a key role in managing the health
and performance of the IT infrastructure itself. Autono-
mous agents can monitor system performance, predict
potential failures or bottlenecks, and take pre-emptive
corrective actions, such as routing traffic or allocating
additional computing resources. This ensured high avail-
ability and resilience of critical banking services. Looking
forward, L. Hughes et al. (2025) described agentic Al as
central to the vision of an autonomous financial services
paradigm. In the future state, the core banking system
could be conceptualised as a network of specialised, in-
teroperable Al agents. One agent might manage custom-
er identities and permissions, another might manage
loan origination, and a third might manage liquidity and
treasury functions. These agents would communicate
and collaborate seamlessly via Application Programming
Interfaces (APIs) to deliver banking services. This agent-
based, decentralised architecture would be far more
flexible, scalable, and resilient than the monolithic core
systems prevalent in 2024 and 2025, allowing banks to
innovate and deploy new products and services rapidly,
ultimately redefining the fabric of banking operations.

Emerging challenges, risks,
and opportunities of agentic Al
in financial and banking operations

Integration of agentic Al into financial and banking op-
erations brought unprecedented efficiency and innova-
tion but also a complex landscape of challenges, risks,
and opportunities. The transition from automated to
autonomous systems required a fundamental rethink-
ing of regulatory frameworks, ethical standards, tech-
nical infrastructure, and strategic priorities. Navigating
this will determine the long-term viability and societal
benefit of agentic Al in the financial sector. The autono-
mous nature of agentic Al presented a significant prob-
lem for existing financial regulatory structures, which
were based on human decision-making and clear lines
of accountability. Regulators globally were struggling to
adapt frameworks designed for predictable, rule-based
systems to agentic Al that can learn, evolve, and act in-
dependently. One of the key issues was liability, when
an autonomous agent causes financial loss, market in-
stability, or non-compliant outcomes. The uncertainty
around whether the developer, the deploying institution,
or the end user was responsible complicated the legal
and regulatory landscape and required new models of
accountability for algorithmic behaviour. Furthermore,
H. Pappil Kothandapani (2025) argued that the “black
box" problem in many advanced Al models directly con-
flicted with regulatory requirements for transparency
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and explainability. Financial institutions were required
to justify decisions, especially in areas like credit scoring
and loan underwriting, to prevent discriminatory prac-
tices. When an agentic system denied a loan based on
complex, non-intuitive correlations learned from vast
datasets, explaining the decision became impossible.
This opacity hindered not only regulatory oversight and
auditing but also internal risk management processes.
Therefore, developing “explainable Al” (XAl) was not just
a technical goal but a regulatory requirement. The pace
of Al development was always ahead of the deliberative
process of legislative and regulatory bodies, creating a
persistent gap, where innovation operated in a state of
legal uncertainty. S. Brohi et al. (2025) suggested that a
proactive and adaptive regulatory approach was needed
to enable responsible innovation, while protecting the
financial system'’s stability and fairness.

Beyond compliance, long-term adoption of agentic
Al depended on building and maintaining trust with all
stakeholders - customers, employees, investors, and
regulators. Trust in this context was multi-faceted - reli-
ability, security, fairness, and ethical integrity. A key eth-
ical challenge was the risk of embedding and amplifying
societal biases in historical training data. If an agentic
underwriting system was trained on biased historical
lending data, discriminatory outcomes against protect-
ed groups may be perpetuated or even exacerbated,
undermining fairness and equal opportunity. There-
fore, bias detection, mitigation strategies, and contin-
uous algorithmic audits were critical components of a
trustworthy Al governance framework. The principle of
human oversight was another cornerstone of ethical
Al. While the appeal of agentic Al was autonomy, ced-
ing complete control was risky. The speed and scale, at
which agents operated can lead to situations, where er-
rors propagated through the system faster than human
operators can intervene. E. Svetlova (2022) noted that
creating systems that were not only technologically ad-
vanced and efficient but also aligned to human values
and societal good was crucial for maintaining a long-
term social licence to operate. Implementing agentic Al
within existing financial institutions was full of technical
challenges, the biggest one being integration with lega-
¢y IT infrastructure. Many banks and financial firms had
core systems that were decades old and not designed
for the data-heavy, real-time processing of modern Al.
These systems were fragmented, making the creation of
unified, high-quality data pipelines difficult. Developing
and maintaining sophisticated agentic systems required
specialised talent that was in high demand and short
supply. Financial institutions were competing with tech
giants for data scientists, machine learning engineers,
and Al ethics specialists. Building in-house expertise was
a long-term play, while relying on third party vendors
brought its own set of risks around data security, model
ownership and vendor lock-in. Data security and privacy
were also big concerns. Agentic systems need access to
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huge amounts of sensitive financial and personal data,
making them an attractive target for cyber-attacks. En-
suring robust data governance, encryption, and access
control was critical to prevent data breaches that can
have financial and reputational damage. S. Joshi (2025)
indicated that the move from conventional Al to agen-
tic systems was a big jump in complexity, requiring new
architectural frameworks and deeper understanding of
emergent system behaviour to ensure stability and reli-
ability in production. Despite the difficulties, agentic Al
was going to change the financial industry. The trajectory
was towards hyper-personalised, proactive, and deeply
integrated financial services. O. Onabowale (2025) ob-
served that agentic systems will go beyond executing
simple tasks to be autonomous financial advisors for in-
dividuals and corporations, managing investments, cash
flow, and providing strategic advice in real-time based
on a full picture of a client’s financial situation and goals.
This will democratise access to sophisticated financial
management tools previously only available to high-net-
worth individuals. In capital markets, the move from al-
gorithmic to agentic trading will continue, with agents
developing and executing new strategies, adapting to
market conditions, and even collaborating or compet-
ing with other agents. The integration of autonomous
agents will be the defining characteristic of the next gen-
eration of financial infrastructure.

Conclusions

The analysis determined that the shift from task-specif-
ic automation to goal-oriented autonomy differentiated
agentic Artificial Intelligence from conventional Artificial
Intelligence through proactive, adaptive, and independ-
ent decision-making. The use cases across financial and
banking operations - from autonomous trading and dy-
namic risk management to personalised customer ser-
vice and regulatory compliance - showed the potential of
this technology. Agentic Artificial Intelligence will deliver
not just incremental efficiency but fundamental changes
to business models, value chains, and competitive land-
scapes. Regulatory frameworks were struggling to keep
up with technology and creating uncertainty around ac-
countability, transparency, and liability. The “black box”
nature of complex models was a direct challenge to
the principles of explainability and fairness, which were
the foundation of trust in financial services. Integrating
these systems with legacy infrastructure was a technical
and financial barrier for many institutions. Most impor-
tantly the ethical dimensions of deploying autonomous
systems - algorithmic bias, human oversight, building
trustworthy Artificial Intelligence - demand careful and
proactive governance. In the future, agentic Artificial
Intelligence in finance will be an increasingly intercon-
nected and intelligent ecosystem. The opportunities are
huge - from hyper personalisation of financial services to
more resilient and adaptive risk management and com-
pliance functions. As financial institutions and FinTechs
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AHoTauif. MeTow AoCNigKeHHs 6yB Ornsj akajeMmiyHol Ta raay3eBoi fiTepaTypy 3 MEeTOK YTOUHEHHS KoHLenwu,ii
areHTHOro LWTYYHOrO iHTeNeKTy, MOSCHEHHSA NPUHLMAIB MOro apXiTekTypHOro GyHKLIOHYBaHHSA Ta BUBYEHHS chep
3aCTOCYBaHHSA y $piHAHCOBOMY 11 BaHKIBCbKOMY CeKTopax. 3pocTaroye BUKOPUCTAHHS LUTYYHOrO iHTenekTy y chepi
diHaHCOBMX NOCAYT CNPUSAIO0 Nepexoay Ao eTany ¢iHaHCOBOI aBTOMaTM3aLlii, LLO PYHTYETLCA He Ha NpaBuaax, a Ha
cucTemax, 3jaTHUX MipKyBaTK, afanTyBaTUCA Ta AISTY aBTOHOMHO i LiinecnpsiMoBaHo. Lieli nepexig npun3Bsis 40 NosBU
TOro, WO Yy CydacHOMY CBiTi Ha3MBalOTb areHTHUM LUTYYHVM iHTEIeKTOM - KaTeropieto iHTesleKTyanbHUX CUCTEM,
AKI PYHKLOHYIOTb He3aneXHOo, Yoro 6pakye TpajuLiiHUM 3aCTOCYyBaHHAM LUTYYHOrO iHTenekty. JlocnigkeHHs
6a3yBanocs Ha MeToAONOrii CUCTEMATUYHOrO OrfaAdy, fKa y3aranbHuaa AoKasm LOoAO BUKOPUCTAaHHA areHTHOro
LUTYYHOrO iHTeNnekTy B aBTOHOMHIlM TOPriBAi, AWHAMIYHIV OUiHLI PU3KKIB, anropuTMIYHOMY aHAeppanTuHry,
BUSIBNEHHI LLIaxpalcTBa, NepcoHani3oBaHili B3aEMOIT 3 K/liEHTaMn Ta 3abe3neyeHHi perynsaTopHoOi BiAMOBIAHOCTI.
Sk nokasaB aHani3 AOCNIAKEHHS, Taki cMCTeMU NiABULLYBaNN onepalinHy NPOaKTUBHICTb, CUTYaLiiHY 06i3HaHICTb
i 34aTHICTb A0 6araToKpPOKOBOro yXBaneHHs pilleHb, Lo J03BOAWMAO ¢(iHAHCOBMM YyCTaHOBaM 6yTu 6inbLu
afanNTUBHUMW O CKNAAHUX | LWBUAKO3MIHHMX YMOB. KpiM TOro, orasj 3acBifjyumB HasBHICTb MOCTIHUX npobnem,
MOB'A3aHNX i3 MOSACHIOBAHICTIO, BIiAMOBIAANBHICTIO, IHTErpaliero i3 3actapinMmu iHGpacTpykTypamu, eTUYHUM
3aXMCTOM | FOTOBHICTIO O PEeryiaTOpHUX BUKAWKIB. Pe3ynbTaTu 3acBiguman npo Te, WO areHTHWM LTYYHWIA
iHTenekT MaB noTeHLUian TpaHchOpMyBaTV onepaLiriHy Ta cTpaTeriuHy AignbHICTb Y GiIHAHCOBOMY CeKTopi, 0f4HaK
Nivwe 3a yMOB BIAMOBIJanbHOMO YrNpaBAiHHA Ta CyBOPOro Harnsjy Moro nepesary MOrav 6yTW peanizoBaHi Ha
npakTuLi. BHeCkoM Lboro oraagy B HaykoBy niTepaTypy CTana iHTerpoBaHa OLiHKa Cy4aCHUX TeHAEHLi Ha OCHOBI
[0Ka3iB, a TaKOX BM3HAYEHHS K/TIOYOBUX MOXJIMBOCTEN | 06MeXeHb, AKi $opMyBaTUMYTb MalribyTHE aBTOHOMHMX
iHTenekTyanbHUX cucTem y chepi piHaHCOBMUX NOCayr

KAouoBi cAoBa: LUTYYHi areHTW; aBTOHOMHI diHaHcK; undpoBuii BaHKiH ¢iHaHCOBI iHHOBaLIl;, ¢iHaHCOBUIA
anroput™

Economic Forum, 2026, Vol. 16, No. 1


https://orcid.org/0009-0005-8560-3381

