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Abstract 

This paper explores the transformative role of artificial intelligence (AI) in corporate financial 

decision-making, analyzing its integration into key financial functions such as FP&A, risk 

management, investment strategies, and regulatory compliance. Traditional financial models, 

though foundational, face limitations in today’s volatile, data-rich environments. By contrast, AI 

enhances forecasting accuracy, enables real-time risk detection, optimizes asset allocation, and 

automates compliance tracking through machine learning, deep learning, and neural networks. 

Through comparative analysis and industry case studies, this study highlights the transition from 

legacy systems to hybrid models that blend human insight with AI-driven precision. The proposed 

framework emphasizes AI as a decision-support tool rather than a replacement, advocating for 

ethical governance, regulatory alignment, and tailored model development. This research offers a 

practical blueprint for organizations to adopt AI in finance, enhancing efficiency, strategic 

foresight, and resilience in an increasingly complex financial landscape. 

Chapter 1 : Introduction  

The recent state of the market has been characterized by its volatility. The world in the span of the last 5 

years has seen dynamic economic shifts, geopolitical tensions, global health crises, and more. Each of 

these times the financial world has suffered, and thus learned that traditional methods of financial 

analysis that relied on historical data, human intuition, and a limited ability to analyze large data sets, 

must be complemented by a much more powerful tool. AI-driven algorithms, by focusing on real-time 

market analysis and compounding machine learning models, could result in a paradigm shift for the 

financial world.  

The recent dip in the market has largely been attributed to geopolitical tensions resulting in investors’ 

uncertainty and negative market sentiment pulling down tech stocks with it. These factors, that are 

inherently unpredictable with previously used models, are AI’s exact strengths. By analysing underlying 

economic indicators, market sentiment, long run market trends and industry benchmarks – AI could 

define the line between profit and loss. 

Defining and quantifying these variables faster and more accurately than ever allows AI to work on a 

scenario planning model where instead of focusing on the “most probable future”, which could change 

with the slightest disruption, we concentrate on multiple plausible outcomes with a baseline option and 

anomaly detection systems, to be equipped with the perfect risk management techniques. This also leads 

to its ability to customize targets and constraints to personalize portfolio management and optimize the 

accuracy of risk-return estimates. There's also been a rise of user-friendly AI interfaces to assist 

corporates in mundane tasks like routine financial planning, reporting and compliance.  
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While AI has caused a significant disruption in every industry, it’s important to realise that AI is 

ultimately a tool, and like all other tools, its success depends on how well it is used. In a swiftly varying 

business landscape, more precise and reliable predictions would inevitably cut down manual working 

hours, and this means human effort can be concentrated more on strategic planning. This perfect 

integrated model, while subjective, is undeniably the future of financial decision-making.  

Thus, this study explores the various functions within corporate financial decision-making and the 

mechanisms of the AI-driven models that have revolutionized each role within the industry, compared to 

the base traditional models. The objective, hence, through this analysis and reviewing current case 

studies, is to find the basis of the perfect integrated or hybrid model that leverages the multitude of 

advantages that AI brings to the financial world and fit them into traditional mechanisms to achieve the 

most efficient decision-making techniques. 

 The following sections examine the application of various subdivisions of artificial intelligence within 

the financial industry. These subdivisions can be understood as distinct learning methodologies, each 

serving a specialized function. It is crucial to delineate their differences, as they are not interchangeable 

and must be deployed according to their specific capabilities and intended purposes. 

We can view the umbrella term as Machine Learning (ML). Any data input that is analyzed to automate 

tasks falls under this terminology. Further, Deep Learning (DL) is essentially a more scalable form of 

ML — any unstructured or raw data can be defined, quantified, and processed, thus enabling methods 

such as Natural Language Processing. DL can be categorized as supervised and unsupervised. The 

former refers to a labeled categorization with greater human intervention to train the model, whereas the 

latter is given unlabeled inputs and is typically used to analyze and cluster datasets. 

Neural networks, or artificial neural networks (ANNs) work on the same principles as ML but are more 

intricately designed to resemble the operations of a human brain. Large multimodal data sets are first 

categorized through ANNs for further calculation since it facilitates many layers (called nodes) of input 

and subsequent processing. Another machine learning model that is similar to supervised learning, is 

Reinforcement Learning. Here, the algorithm isn’t trained using sample data. This model learns as it 

goes by using a reward and trial & error approach. 

Noting these differences is paramount to comprehensively decipher the following sections as to why 

certain models are used for certain functions. A number of machine learning algorithms are commonly 

used. These include: 

1.   Neural networks 

2.   Linear regression 

3.   Logistic regression 

4.   Clustering 

Based on the size, location, nature of the data and of the function – an appropriate algorithm/ model  is 

decided upon. This is further elaborated upon in the following sections.  

Chapter 2: Function wise Breakdown and analysis 
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2.1 Financial Planning and Analysis  

 

Function Traditional FP&A AI-Driven FP&A 

Reporting Budgeting Intelligent Budgeting 

Predictive Analysis Forecasting Predictive Forecasting 

Problem Identification Variance Analysis Anomaly Detection 

Strategy & Solution 

Design 

Manual Scenario 

Planning 

Prescriptive Analytics 

 

Traditional FP&A - 

The core purpose of Financial Planning and Analysis in an organization is to improve on efficiency of 

operations. From traditional tools of budgeting and reporting, management attempted to find gaps and 

subsequent solutions in their operational models. 

Traditionally, the tools associated with FP&A are largely categorized into Budgeting, Forecasting and 

Variance analysis. On a superficial level, Budgeting would include the management collecting relevant 

data to create the firm’s financial statements with revenue and expense projections, as well as their 

investments and capital expenditure. Based on these reports, compared with historical data and current 

trends, estimates of future financial performances are made. Subsequently, a detailed analysis of the 

difference between planned and actual numbers is conducted. This difference is termed ‘variance’, on 

the basis of which a management’s focus is narrowed down to significant operational gaps. 

So essentially FP&A was an amalgamation of problem identification and strategy planning using 

spreadsheets to organize and manipulate data, perform calculations through Excel and create basic 

financial models. Thus, if this purely traditional model were to be summarized, it can be done so 

chronologically – The process would begin with Budgeting (Reporting), Forecasting (Predictive 

analysis), Variance analysis (Problem Identification) and Manual strategy planning (Creating solution 

models). 

AI Driven FP&A - 

Now, AI driven models have significantly changed this landscape. We can still approach our basic 

chronological order, but much faster and more optimized than before. Budgeting’s first step of data 

collection is easily automated through which a firm’s numbers, no matter where they live, from multiple 

excel spreadsheets, Payroll and accounting systems, ERPs (Enterprise Resource Planning software), can 

all be consolidated through neural networks for optimized workflow. Effectively, data is taken from 

various sources, validated for accuracy through check systems and formatted as official reports. 

Next, Predictive Analysis is conducted with the same core data set that would be used traditionally. Only 

now, it also includes additional outlier data sets, more historical patterns and textual information 

analysed through NLPs. There isn’t just the added advantage of evaluating larger data, but also 

analysing the core sets more precisely than before. It assesses the subtle patterns, correlations of intricate 

market trends and anomalies in an increasingly dynamic market environment, that human analysts might 

miss. The biggest benefit, in fact, isn’t even the extent or accuracy of the AI used – it’s the timing. 
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Without waiting for end quarter results or reports to be ready, AI allows for real time analysis as it 

records even the slightest changes and analyses it within seconds. Thus, by implementing the right 

models, and proactively adjusting strategies, companies can allow for better revenue, expenses and cash 

flow planning. In fact, research conducted by Rob J. Hyndman and George Athanasopoulos delved 

deeply into AI and ML driven forecasting methods. It was found assessing the impact of various factors 

on the P&L statement through multiple scenarios allowed for sensitivity training and what – if analysis 

to be conducted much more efficiently.  

2.2 Risk Management 

Function Traditional Risk 

Management 

AI Driven Risk 

Management 

Identification Manual reports, expert 

judgement, checklists 

Sentiment Analysis, NLP 

models 

Assessment VaR, Stress testing GPUs, AI based tests 

Mitigation Human designed 

contingency planning 

Reinforcement learning 

suggests adaptive strategies 

Monitoring KPI dashboards, alert 

systems, manual audits 

Anomaly detection through 

AI algorithms 

Traditional Risk Management - 

Risk Management essentially covers four main components of risk identification, risk assessment, 

mitigation measures and subsequent monitoring. Similar to the above FP&A analysis, a chronological 

division between previously used models and AI driven tools can be created. 

This begins with the simple function of risk identification. Before the AI storm took over, through a 

manually conducted, somewhat monotonous and repetitive process, financial reports would be prepared; 

variances, weaker ratios and gaps in the management’s objectives checklists would be assessed by 

expert judgement to find potential risks. 

Subsequently, we move on to risk assessment. The two primary traditional tools here are Value at Risk 

(VaR) and Stress testing. VaR is a statistical approach to find the value in a portfolio that could be 

potentially lost, while Stress testing stretches these extremes to put certain models through difficult 

scenarios to conduct a what-if analysis. So, one measures the statistical likeliness of market moves and 

the other captures the extremes of its effect. 

Risk Mitigation traditionally is similar to the solution models we analysed for FP&A. This includes a 

carefully conducted process of human designed contingency plans following the above scenario 

analysis. The succeeding step of monitoring risks includes companies creating a set of KPIs and metrics 

based on their own operations with check and alert systems. These KPIs usually include measuring risk 

frequency, severity, costs, systemic based alerts etc. 

AI Driven Risk Management - 
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Artificial Intelligence makes this entire process more efficient in terms of time, cost and effort. The very 

first step of identification is made more detailed through the language bridge of NLP. It’s features like 

topic modelling and sentiment analysis allows risk identification to go beyond the balance sheet, 

checklists and its deviations. 

Variations in the risk assessment landscape are primarily based on similar core concepts, but greater 

conjunction with AI. A standard VaR equation would have three variables – the probability, amount and 

time frame that encompasses potential loss. Traditional computational methods like Monte Carlo 

simulations are largely similar, but they encompass thousands of probabilities. But, ultimately they 

would still be manually calculated and checked. The compounding learning methods of AI models on 

the other hand simulate the same methods, on a much wider scale and proficient level. Some banks train 

ensemble models with GPUs (Graphic Processing Units) for parallel processing. This allows them to 

perform computationally intensive tasks in risk modelling, significantly saving time. With more accurate 

concentrations and correlations, risk mitigation strategies can be designed accordingly. 

Risk Monitoring also uses similar core formulas as traditional methods do, but they’re further integrated 

within self-learning AI models. Largely, there are three types of anomalies to detect. Point anomalies are 

the easily spotted outliers, so employed AI just has the added benefit of being time efficient. The other 

two, however, are in much safer hands with an integrated AI model. Contextual and Collective 

anomalies refer to those that are latent and thus are only spotted within context or group analysis 

respectively. An integrated model would use traditional statistical tools such as regression models or 

deviation analysis, then further automate them. Doing this ensures that subtle anomalies, non-liner, 

complex patterns don’t go unnoticed. Since its self-learning, it not only provides a holistic view of the 

data, but also keeps pace with emerging risks.  

2.3 Investment & Asset allocation 

Function Traditional  AI Driven 

Asset Allocation MPT, risk return tradeoff, 

linear correlations 

Neural networks, tensor 

decomposition, real time 

analysis 

Portfolio Optimization Rule based rebalancing 

(mean variance 

optimization) 

RL & DL based multi 

objective optimization 

Behavioral Analysis Advisor insights, manual 

recognition 

ML based behavioural risk 

Traditional Investment & Asset allocation - 

The domain of investment and Asset allocation has been running for long on core theories and formulas. 

But as markets get more volatile, smart diversification gets more complicated and often subjective. This 

subjectivity arises from factors affecting the markets, not objectively included within traditional methods 
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of calculation. This is where the core principles of investment must be complemented with newer 

technologies. 

First, to understand in detail the aforementioned ‘core principles’, The Modern Portfolio Theory (MPT) 

and its fundamentals must be discussed. This theory proposed a method of asset allocation based on an 

assumption – an investor either wants to minimize risk at a certain level of return or they wish to 

maximize return for a certain level of risk. This approach creates ‘the efficient frontier’ – a 2D plot with 

risk and expected returns as axis. Further, the optimal decision is taken based on the calculation of 

expected return by expected risk called the Sharpe ratio.  

 

Source: AI For Portfolio Management: From Markowitz To Reinforcement Learning 

The Capital Asset Pricing Model (CAPM) follows similar assumptions. It’s a one factor model that 

measures how closely an asset follows the market. It uses risk free rate, beta and equity risk premium to 

analyse the risk return portfolio. 

These methods work great up until the true multi dimensionality of decision-making starts 

overshadowing the simplified ‘one dimension’ assumptions they often follow. Of course, customization 

is still possible by prioritizing different factors, but with traditional methods, it’s challenging to make 

them work simultaneously. 

AI Driven Investment & Asset allocation - 

Certain developments within AI, Deep learning and Machine learning have partially solved this issue. 

The first benefit is AI models acknowledge and use the several dimensions previously ignored. A 

method called tensor decomposition combines inputs of two different dimensions to create a 3D or 4D 

table for the multi modal data. This data then is learnt and extracted through a 3D convolutional neural 

network that learns the patterns important for decision making. This follows a concept called PCA 

https://www.ijfmr.com/
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(Principal Component Analysis) in ML that focuses mainly on the main variance or market trend. The 

data is then compressed and rebuilt to give the ‘core tensor’, which is further put through a deep network 

to derive the final output. 

Professors had previously argued that the Markowitz (MPT) approach is weak because – 

● It uses standard deviation as the risk measure, but returns aren’t always bell curved. 

● Returns aren’t normally distributed in the real world. 

● It presents more weight of just a few assets at the edges of the efficient frontier. 

● It does not include consideration for skewness (higher moments of return) and kurtosis (extremes 

of return distribution). 

Largely, we could argue that these issues are addressed by technologies mentioned above. Neural 

networks and reinforcement learning don’t simply assume that returns are normally distributed as they 

learn from the real data sets. The four objectives of kurtosis, skewness, standard deviation and risk 

tolerance are thus addressed, through a carefully conducted process of measuring behavioural risk. 

Unequal weightage is also solved through neural networks creating clusters based on profitability 

following which assets are allocated. 

2.4 Financial Reporting & Compliance 

Function Traditional  AI Driven 

Financial Statement 

Preparation 

Manual data entry and 

consolidation through 

spreadsheets and ERPs 

Automated report generation 

through AI algorithms 

Regulatory compliance  Manual checks against 

regulatory standards 

Real time monitoring and 

compliance  

Audit and Assurance  Manual sampling and testing Full population testing and 

anomaly detection 

The key to the processes of strategizing, planning, and management begins with the task of financial 

reporting. This domain in particular in the coming years has potential to be completely AI assistant. The 

current use cases are being approached with sensitivity because of its nascent development, but 

nevertheless KPMG reports that within the next three years 99% of businesses will utilize AI in financial 

reporting.   

Largely the outputs consist of three main components – Balance sheet, Cash flow statement and Income 

statement. The data sources relied on for execution include not just financial transactions data but also 

market, behavioural and regulatory compliance data. Traditionally this was a labour intensive domain 

that involved verifying statements, assessing risks, and providing assurance on financial reporting. 

AI replaces manual efforts of gathering as sorting through data pipelines which structure it for further 

analysis. They’re transformed into numerical representations further stored in a vector database. 
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Additional functionalities (based on objectives) are enabled following which the flow of data is 

orchestrated across all financial reporting operations. 

With this core database, these aforementioned financial reporting operations of data collection, 

consolidation, analysis, report generation and distribution are worked upon. Generative AI plays a key 

role in automating and streamlining each sub-step; journal entry creation, account categorization, 

variance analysis are such functions performed through RPA (Robotic Process Automation). 

Subsequently, trained AI systems monitor transactions for compliance with GAAP (Generally Accepted 

Accounting Principles), IFRS (International Financial Reporting Standards) and other standards, 

flagging potential violations instantly. Machine Learning algorithms uncover anomalies through in-

depth risk assessments that would be impossible to detect manually. 

Overall, with most functions one observes that AI brings improved speed, accuracy and thus efficiency 

to traditional processes. However, three main new additional features stand out as well: 

1. Real time monitoring – AI brings potential to go from periodic audits to continuous 24/7 

analysis. 

2. Larger data sets – Instead of sampling, all transactions can be analysed. 

3. Multivariable complexity can be facilitated through trained databases. 

3. Case Studies 

 3.1 Ernst & Young 

EY found lapses within their system of performance analysis and agents’ operations, following which 

they collaborated with a banking client to improve the effectiveness and efficiency of their agents by 

leveraging advanced AI techniques. The technical implementation was largely threefold – 

1. Data Aggression and Integration 

EY constructed a holistic “book of record” around the entirety of an agent’s interaction with a client.  E-

mails, phone calls, sales transactions recorded were all encompassed within this multi-channel data 

consolidation, ensuring no detail was overlooked. 

 

2. NLP (For conversation analysis) 

Qualitative aspects of client conversations were all made objective through relatively more structured 

metrics. Essentially, they were able to collate behaviour and methods correlated to impactful 

conversations and subsequently successful outcomes. 

 

3.  Dashboard Development 

These insights are packaged within one interactive dashboard that is subsequently able to analyse and 

strategize client specific plans all through one channel. This provides for a formulaic approach to 

performance analysis.  Robotic Process Automation (RPA) was used to design the enhanced system in 

accordance with EY’s required norms, making financial transactions actions transparent and trackable 

 Before the enhancements, the EY financial report hub application took on average 4 hours to load each 

client’s data for analysis to generate reports. To accommodate all their clients, this in turn needed 8 Full 
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Time Employees (FTEs) on a daily basis.RPA bots now automate all the report hub manual processes 

and generate reports in less than 30 mins for each client. So those 8 FTEs can be directed towards less 

mundane and more strategic tasks. 

 3.2 Protiviti 

Protiviti, a global business consulting firm, believes in leveraging AI to reimagine and automate 

operations. Their solutions are heavily reliant on ML and RPA driven models which has led to facilitate 

the following functions - 

● Revolutionise content management 

Redirection resources from operational tasks which have been enhanced by over 85%, to more 

client engagement wins. 

 

● Streamline control inventory management 

Documentation automation and enhanced accuracy has saved 30-50% of the time spent on 

control descriptions by directly delivering insights into control inventories 

 

● Streamline ESG reporting 

By analysing utility bills and providing energy emission calculations with a success rate of over 

95% -this automation saves 50-70% of time 

  

●  Categorise risks 

Automated channels are consistently updated to meet industry standards. 

  

●  Efficiently aggregate control testing evidence 

A streamlined process saves 40-70% of data extraction time, including invoices, contracts, and 

leases 

    

●  Audit Efficiency Improvement 

By streamlining the creation of process flows, a 50% improvement has been noticed. 

 

●  Discovery processes enhancement 

IT infrastructures assessments are made easier through tailored questions 

 

●  Navigate policy compliance 

Adherence against required standards are ensured accurately. 

 4. Future Prospects    

 Artificial Intelligence is now not just a novel experiment but a mission critical component of financial 

decision making. As has been clear in the above sections and widely agreed upon in the financial 

industry – AI shall be used not to replace human judgement but to amplify it. Based on industry analysis, 

this section outlines a simplified blueprint companies can follow when integrating AI into their 
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operations. By assessing key variables, selecting the appropriate AI tools, and clearly defining human 

oversight, organizations can build their own customized hybrid model 

4.1 Challenges of incorporation  

First, the current challenges faced with AI incorporation and their corresponding future solutions must 

be analyzed to create realistic vision of future hybrid models. The current challenges faced include: 

1. Incorporating AI into legacy systems 

Old banking systems which are now outdated won’t support newer AI driven models. A 

layered approach using APIs must be used. Many banks build data pipelines which will 

need to be revised and stored separation on premises, while AI can be incorporated into 

the newer cloud system. These two data sets can interact through a common channel. 

This would mean from an organizational standpoint; successful integration requires 

training staff and updating processes 

 

2. Model explainability 

This reflects regulators’ insistence that banks can explain and justify AI-driven decisions 

in credit approvals, trading, and risk forecasts. This shouldn’t b difficult in the future as 

more and more companies invest in creating a module that provides human-

understandable reasons for each AI driven decision. 

 

3. Fairness and bias  

This is the grey area where most arguments falter. It is of course agreed upon that AI 

must not inadvertently discriminate leading to false decision making. The subjectivity of 

that definition however is still being worked upon. Financial firms are working closely 

with regulators to develop governance frameworks so that AI can be leveraged safely. We 

can expect guidelines to lay down basic policies for AI governance in the near future but 

as complexities within operations increase, so do corresponding concerns. As of now 

governance policies are undergoing interpretability tests and documentation before 

deployment 

 

4. Model risk 

Models are often more complex and adaptive than traditional ones, thus challenges like 

model validation are heightened. As of now, many firms maintain human-in-the-loop 

oversight. So AI only recommends, but the final decision is based on human judgment. In 

the future as systems mature, institutions’ Model Risk Management (MRM) frameworks 

must account for issues like algorithmic bias and overfitting. 

 

5. Automation failures 

Erroneous trades or decisions due to an AI lapse is still a concern. During the initial 

stages of incorporation any firm will have to employ extra resources to ensure their 

models are trained enough apart from the regular monitoring that is mandated after 

they’re in use. This means AI models will have to be run parallely with existing systems 
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for stress testing. In the distant future, however, we my see that once this rigorous testing 

will only be required for newer complicated models.  

4.2  Creating a Hybrid Model 

Considering these challenges, a simple blueprint of an ideal hybrid model can be made. In the following 

section, three company situations (which may vary) are being taken as a base variable to find the right 

metrics to create solution models. They’re evaluated to optimally direct resources to AI tools and human 

efforts. 

A. Need for faster risk alerts in volatile markets 

Currently, while full end-to-end autonomous AI trading is still not standard, some firms 

use AI for decision support. ML and RL algorithms can be used in the future to 

independently identify patterns and execute trades through real time analysis as discussed 

earlier. 

Human intervention shall be needed to validate critical alerts and adjust the model 

thresholds regularly through continuous monitoring and expert human judgement. The 

final call lies with the human executive. 

So effectively, AI handles speed and volume; human judgment prevents false positives 

and panic. 

 

B. Heavy manual effort in compliance tracking 

Using AI in compliance tracking significantly cuts down operational costs and increases 

accuracy. Companies, according to the nature and location of their data, must create a 

model using NLPS and incorporating anomaly detection methods to generate reports. 

This domain has already experimented with and implemented AI significantly. For 

example, MasterCard has achieved a reduction u to 200% in false positives. when 

detecting fraudulent transactions on potentially compromised cards. Meanwhile, Barclays 

uses AI to detect fraud by analysing behaviour patterns. Transactions matching a 

customer’s usual behaviour trigger fewer alerts, while deviations from their norm—even 

if common for others—are flagged as potentially fraudulent. 

The human effort in this case has already been reduced to reviewing complex regulatory 

interpretation and ensuring legal nuances aren’t missed. 

 

C. Investment advice for mass-market clients 

AI and ML based portfolio management as discussed above, uses sentiment analysis and 

a multidimensional model. This itself is a hint to what we can expect in the future. One 

primary dimension is human insight. The process of automated decision making is all 

guided through human judgement as requirements are deeply subjective. 

We can expect the future to combine expert financial advice with quantitative accuracy to 

provide a comprehensive approach to financial planning.   

Once investor confidence is found, we can also expect these methods to develop further 

after which human effort will simply be required to oversee exceptional cases and 

complex client needs while customizing strategies. 
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The above blueprint thus follows a simple approach - 

→ If a company has X situation → then Y tool should be used → and Z human role should be kept → 

and this leads to the hybrid model. Mentioned above are three main ‘X’ situations and their 

corresponding ‘Y’ and ‘Z’ solutions.  

Chapter 5. Conclusion 

 The financial landscape is undergoing significant transformation, marked by heightened volatility, 

increased subjectivity, and a growing number of dynamic variables. Through the analysis of key 

financial functions, it was observed that Artificial Intelligence has become an integral component within 

operations. 

The FP&A function highlighted the transition from legacy methods to newer approaches, such as 

scenario planning and predictive analytics. Risk management was found to be comparatively more AI-

reliant, with the effective deployment of anomaly detection systems and the use of advanced GPUs. 

Compliance, among the functions examined, emerged as the most automated, greatly simplifying the 

process of meeting regulatory requirements. Investments, however, continue to remain heavily 

dependent on human judgment due to the inherent volatility of financial markets. While full automation 

remains limited, the integration of AI-based methods by human experts is steadily reshaping the 

investment landscape as well. With increasing focus on discussions around ethical governance and 

regulatory frameworks, the financial sector is steadily progressing towards a more evolved and resilient 

future. 

 This study began with the premise that AI is ultimately a tool, and its efficiency is determined by how it 

is applied. To lay down the foundational metrics guiding such decisions, a simple blueprint for a hybrid 

model approach was proposed, which represents the future of finance. 

For further research deeper investigations should be conducted across industries exploring different 

scenarios to test specific hybrid models, with possibly newer innovations. Research on the formulation 

of comprehensive ethical governance policies is also essential to further define AI’s role in the financial 

sector.  
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