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1. Introduction to AI in Financial Decision-Making 

An era of ongoing digital transformation infers a combination of artificial intelligence (AI), 

financial and organizational decision-making processes, as a result of their substantial but 

daunting influences on the organizations' development, direction, and stakeholder value. 

Artificial intelligence is a broad field that includes the development of software, algorithms, 

and systems for capturing human-like intelligent behavior and cognitive functions such as 

learning, perceptive reasoning, and managing massive complex data. AI is emerging as a 

central discipline that organically fits to integrate with and leverage the accomplishments in 

other fields, also because of its broad and diverse nature. At the intersection between the fields 

of AI, financial and organizational decision processes belong variously financial decision-

making (FDM) systems, so-called financial applications of artificial intelligence (FAAI), which 

are predominantly basic activities in finance and focus on financial forecasting, budgeting and 

planning, credit scoring, accounting, investment, and banking operations with a wealth of 

public customer transactions and data. 

The benefits of FAAI incorporate enhanced speed and productivity, and increased flexibility 

and consistency of analysis. Several studies identify ranking and other measures for different 

levels of implementation of AI, nearly none of them on corporate finance and the available 

related tools. It is, therefore, difficult for a company's management to decide on investments 

to support their competitive advantage, focusing on the strategic benefits that could be added 

to corporate strategies and the related hedging of potential drawbacks entailed with AI. 

Possible areas of AI in finance to be integrated in a business are (a) analyzing consumer data 

to offer better products tailored to customers or clients, including using predictive analytics, 

(b) using machine learning to optimize trading strategies, (c) using RPA to intelligently 

automate routine back-office tasks, (d) using NLP for assistance with help desk and service 

functions, and (e) using unsupervised machine learning algorithms to identify changing 

business conditions. No one-size-fits-all tool is readily available yet. This paper fills in this 
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gap by providing a two-dimensional matrix for the available taxonomy of tools' 

implementational impact of AI, which can be of use in companies to determine in a single step 

the implementational goal of AI. The paper illustrates the taxonomic framework by presenting 

an overview of AI tools and algorithms, including pros and cons, their potential uses in 

corporate finance, and various examples of general and sector best practices of employing 

each tool in corporate finance. The goal of this framework is to help guide corporate managers 

in quickly discovering which predictive analytics techniques are suited to their needs based 

upon the type of visual economic data available to them. 

1.1. Overview of AI and Machine Learning 

This introductory chapter provides an overview of AI and machine learning in a financial 

context. The global financial system is undergoing a major transformation. Financial markets 

are becoming increasingly globalized and interrelated. Transactions are mostly done in real 

time. Most of the trading in developed markets is done by algorithms, and humans are hardly 

involved in the trading process. Trades are executed within a fraction of a second. Extensive 

trading in milliseconds leads to market fragmentation. Traders have to be able to access 

different exchanges and trade in real time. Latency is extremely important. Zero latency or 

near-zero latency trading systems are in place. Trading is an ongoing, dynamic game between 

competing participants having different investment objectives, who come from different 

backgrounds with different skills and resources. In order to keep trading in real time in this 

environment, many complicated applications need to be integrated and deployed. The AI and 

machine learning sections in a typical trading system are more important than any other part 

of the system. 

1.2. Importance of AI in Banking 

Nowadays, AI has become very essential in solving various complex problems such as natural 

language understanding, machine vision, and other challenges for banking systems and 

business sectors. The utilization of AI techniques in forecasting, credit rating and lending, 

customer services, market research, and decision support enhances the quality of banking. AI 

can achieve maximum performance when combined with a set of traditional decision-making 

procedures, and it becomes a helpful tool in critical and complex decision-making processes. 

Banking is an area where artificial intelligence can be used effectively, as it is an information-
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intensive enterprise. Despite periods when more caution is combined with increasing 

regulatory scrutiny, successful banks have certain characteristics in common: accurate 

prediction of risk or the potential return on the balance sheet, identifying the capabilities of 

each banking customer, and up-marketing individual customer needs. Within its walls, 

artificial intelligence is poised to support the enterprise in maintaining a higher deposit base 

while minimizing the risk by rapidly identifying problem loans. Instead, the identification of 

strong borrowers can be timely spotted, thereby avoiding missed business opportunities. 

Artificial intelligence in banking is important because it secures a loan by classifying credit 

inquiries, identifying current borrowers who present credit risk, and recognizing potential 

losses prematurely so that proper reserves and disclosures are claimed. It can be used in 

managing the loan portfolio, including the problem lending area. During the four stages of 

the credit cycle—adverse selection during loan origination, detecting natural breaks in the 

performance of the portfolio, selecting timely loss verification samples, and accurately 

estimating the ultimate loss—AI will make it easier for bank personnel to manage the loan 

portfolio. In promoting a bank's loan portfolio, the first three stages should not be allowed to 

erode profitability. For profit maximization, at the highest competitive customer costs, a 

bank's goals need to be subordinated to those of the large corporation it serves to maximize 

shareholders' return. Since artificial intelligence is not regulated by time or place, is never sick, 

does not inquire about work rules, or demand enriching employment benefit packages, it 

becomes a much-desired function within the financial services industry. 

2. Challenges and Opportunities in Integrating AI in Banking 

Faced with the opportunities and perceived threats connected to both big tech firms and 

fintech companies, banks increasingly need to innovate more effectively. It is clear that 

machine learning, and therefore artificial intelligence, has the potential to make it easier for 

banks to address at least one set of challenges – the income statement and balance sheet 

problems that we have identified. It goes without saying that AI is not a panacea for all that 

ails banks at present. Evidently, banks face myriad challenges, not only including the several 

key risks to which we referred at the start – cybersecurity risks, risks from all forms of 

skimming, credit, operational, and compliance risks, but also more abstract ones, like the risk 

of some mishap occurring in the neck-and-neck world of AI, to name just one. Besides those 
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risks, moreover, banks are beset by the challenges of having to deal with the exponential 

growth of data whose sheer volume, and also the speed with which it is arriving, make it hard 

to handle. Making its statistical and analytic techniques all the more interesting, the fact that 

a large percentage of the banking industry’s data is semi-structured or unstructured means 

that finding new and innovative ways to ensure that banks are able to retrieve, manage, and 

analyze that data properly is hugely important. 

2.1. Regulatory Compliance and Ethical Considerations 

One of the central challenges in developing AI-based predictive models is creating models 

that comply with financial regulatory standards. Recently, several global firms have been 

fined large sums of money for negligence in regulatory compliance with respect to algorithmic 

decision-making. The development of AI artwork that almost disregards ethical and 

compliance considerations is highly alarming. Such models may cause serious harms, 

including human rights violations, discrimination, unemployment, erosion of privacy, and 

autonomy. This is reflected in the countless criticisms and critiques of the AI field. We need 

standardized and rigorous procedures to assure the safety, dignity, and integrity of all 

stakeholders involved in the governance and decision-making associated with complex 

financial models that utilize these techniques. 

Regulatory compliance and ethical considerations are particularly challenging questions for 

complex financial models. Regulators require transparency for complex financial models to 

assure that models are safe, yet if models are too transparent, this affords a recipe for cheating 

stakeholders. This is referred to as the transparency-accuracy tradeoff. Moreover, AI financial 

models are often biased because external third-party use of an AI model for financial purposes 

involves a conflict of interest. Tailoring models to different customers and shareholders then 

creates different (conflicting) objectives associated with such models. There is a need for tools 

emphasizing objectives that capture both transparency and accuracy while addressing the 

biased concerns associated with complex financial modeling. This will allow AI researchers 

to develop models that comply with financial regulations while promoting public trust and 

stakeholder responsibility. 

2.2. Data Privacy and Security Concerns 
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Firms and individuals are rightly concerned about the levels of security and privacy available 

in AI and cloud-based applications. Given the increasing incidence of cybercrime and the 

vulnerability of complex systems to software bugs and unanticipated inputs, this is entirely 

understandable. AI algorithms working with big data open up new attack vectors that operate 

at a different level, both in their potential for mass harm and due to their potential for 

automated acquisition. Moreover, once stolen, data is extremely difficult to protect, as it can 

be rapidly replicated and disseminated many times for modest costs. Typically, data can be 

stolen before any crime is detected and committed using the stolen data. Moreover, customer 

data is generally more valuable than cardholder data because it has a longer shelf life due to 

often being related to personally identifiable information. 

Regulators across the world have introduced provisions to protect data, including various 

data protection regulations. These regulations apply to personal data that is held in certain 

jurisdictions or data controllers that offer goods and services to data subjects in those 

jurisdictions or monitor their behavior as far as it occurs within those jurisdictions. They 

define the 'processing' of personal data as including: collection, recording, organization, 

structuring, storage, adaptation or alteration, retrieval, consultation, use, disclosure by 

transmission, dissemination, or making available, alignment or combination, and restriction 

or erasure of personal data. Such regulations are far-reaching pieces of legislation that cover 

businesses both within and outside certain regions, as long as they target or collect data 

related to residents of those regions. In some countries, there is nothing similar that affects the 

behaviors of businesses inside or outside the country. Furthermore, there are major 

differences in the structures of data protection provisions in various jurisdictions, and certain 

laws give citizens less control over their personal data than others. Such gaps in privacy laws 

create inherent privacy risks that will always present threat levels to businesses in one 

jurisdiction when they conduct business in another. 

3. Machine Learning Techniques for Strategic Planning 

When it comes to strategic planning in a corporate environment, the analytical challenges are 

different from those for other tasks. The manager is dealing with decision spaces that are often 

not empirically measurable or do not exist at all. Improvement actions may alter the 

development of the decision spaces, and the present understanding of optimization in such 
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domains cannot be proven deterministic. At the same time, the challenge for the company or 

unit management is to realize the idea of having a goal-oriented approach to the tactical 

decisions taken on a frequent basis that will cumulatively build towards goal achievement. 

Different from financial planning, planning for business units occurs subsequently to the 

decision on the strategic business model that determines the role of the unit inside the 

organization. These decisions are based on the comparison of evolutionary and revolutionary 

strategic business models with the current activities of the organization and the characteristics 

of the enabling role of IT. Active learning and its evolution, utilizing data-based strategic 

decision making, are a deterministic extension to the existing set of scientific qualitative 

strategic decision-making techniques. It fits into the strategic business decision-making 

process. Its main distinction from the existing techniques is to use explorative modeling 

techniques in order to build data-driven business visions. These visions will guide strategic 

decision-making in situations where operational research techniques will recommend a more 

data-driven approach to decision-making. Furthermore, because the main objective of the BI 

projects is to make the decision process more transparent, these new AI techniques will help 

to empower the strategic decision process. 

3.1. Supervised Learning Algorithms 

Supervised Learning Algorithms. The primary distinction criteria for supervised learning 

classifiers is the type of output that provides a label for a record. It could be nominal, ordinal, 

or interval-scaled attributes. The machine learning technique utilizes each input attribute to 

detect the target or output attribute. If the target attribute is different, the learning applications 

help to solve a classification problem. If the result is numeric, machine learning functions need 

to be used to evaluate a regression problem. Based on the type of response variable that is 

available for training, a specific algorithm can be used to solve a particular machine learning 

problem. 

The two major types of learning paradigms are discriminative and generative. Discriminative 

models directly learn the boundaries between classes, such as in Support Vector Machine, 

Decision Trees, Logistic Regression, and Neural Networks. The discriminative approach 

articulates the posterior probabilities of the class label, which are trained to maximize the 

likelihood of the training data. Generative models learn joint distribution of inputs and 
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conditional probabilities, which can be trained for classification by maximizing the likelihood 

of training data. Different algorithms require different characteristics of the training or test 

data in terms of input attribute types and other criteria. 

3.2. Unsupervised Learning Techniques 

Another commonly used group of machine learning techniques is unsupervised learning. 

These techniques involve model creation from raw, unlabeled data without the expectation of 

being fit to any known or expected outcome. For the detection of data models, unsupervised 

learning diagnostics, consequently, need to be unimpeded by any experience-based reference. 

Proper execution often results in the unveiling of completely unexpected or completely new 

model configurations that were not considered ex ante by the modeler. Hence, unsupervised 

learning is often used as a data cleaning or pattern recognition tool, especially if outlier 

detection is desired. Two of the more commonly used methods related to unsupervised 

learning, especially on datasets with many characteristics, are clustering or flow analyses. 

Clustering is used extensively in pattern recognition because it presents a structure of labels 

based on the clustering similarity features of the observations. It is typically used to outline 

typical characteristics or to determine the landscape of a set of observations and is useful for 

localization and visualization purposes. It is similar to factor analysis with the exception that 

clustering targets the location of pre-existing physical events and is typically the method used 

when a limited set of characteristics is known a priori. The two most commonly used 

clustering techniques are K-means and hierarchical clustering. K-means looks for a pre-

defined number of centroids where each centroid represents one cluster. Data points are then 

associated with the nearest centroid and the centroids are iteratively adapted. The process 

ends when the calculation of the centroids converges. 

4. Operational Efficiency in Banking through AI 

AI helps banks improve their operational efficiency by building predictive models based on 

past data on decisions made by banks and obtaining various scores, usually for the risk 

assessment of clients. In the front office, AI solutions can be used for self-service, significantly 

improving services and mitigating the growth of operating costs due to increasing 

requirements for services. At the same time, in-house innovations made it possible to move 
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the use of AI in the banking industry from the phase of pilot projects to dealing with more 

and more important issues. Among the classic applications of AI in cost reduction, credit 

scoring can highlight the risk of the loan, including loan syndicates. 

Using anomaly detection and enhanced learning to prevent transaction fraud, AI can be used 

to control critical processes at all levels, help optimize operating costs, and create new services 

for the final customer. AI can help prevent such incidents and create more secure products. 

AI, for example, is used to forecast the cash gap between orders and financial transactions, 

expected cash if operations continue as expected, expected cash, and potential problems 

caused by a deviation from the norm. Neural networks can help provide banks with highly 

realistic footprints and help design, build, and test intelligent algorithms for real-time stress 

testing of systems; use AI to assess and predict what will happen to the Basel liquidity index 

over time; and use AI techniques to predict operational risks and control events in real time. 

In fact, the potential of AI to offer banking products has increased with the development of 

new technologies and data processing capabilities. 

4.1. Automation of Routine Tasks 

Probably the most reported form of AI in the financial industry is bots and robo-advisors, 

which are used to automate routine tasks in finance. Bots form a set of algorithms that 

automate financial decisions, such as fraud identification algorithms, pay-as-you-drive 

insurance products, and robo-advisors. Financial robo-advisors use a combination of 

predictive modeling, back-tested alpha signals, and low-fee trackers, and offer retirement 

planning, wealth management, and investment funds designed to meet predetermined goals. 

They operate mainly in the capital market, rather than the credit market, choosing assets for 

diversification, which is akin to established financial theories but are realizable for investors 

through advances in technology and the proliferation of exchange-traded funds. 

Robo-advisors emerged in 2008, with the financial crisis marking a testament to their 

desirability. They offered a digital user interface, and their past performance has been 

systematically better than human advisors who had brittle, paper-based communication and 

populated their minds by reading several newspapers each week. Automated investment 

services encourage non-savers to adopt the habit of investing without seeking direct 

communication with a financial advisor, and where they exist, their implementation is 
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dominated by established financial institutions. Bots' capability of automating financial 

decisions enables them to take full advantage of financial analytics, which integrates big data 

and decision science principles using artificial technologies like AI or machine learning 

techniques. 

4.2. Risk Management and Fraud Detection 

Systematic approach: Risk assessment, visualization, and continuous monitoring can be 

implemented in various stages by banks making use of internal and external data. Here are 

some general tasks for using AI in risk management: Automated credit scoring model, credit 

origination scorecards; risk heat map visualization of bank portfolio, real-time portfolio health 

check of assets; funding-partitioning modeling for increased precision in credit scoring; 

anomaly detection, predictive monitoring, and alerting solutions; developing limit allocation 

models in credit scoring automation. Despite AI’s essential contributions to risk management, 

there are demonstrations of serious limitations. Although some issues need to be addressed, 

AI tool development and deployment technology offers numerous incentives and potential 

benefits to cope with changing conditions, reduce the cost of risk management, improve 

precision, and manage less well-understood and attended emerging risks. Banks can 

implement AI solutions, increasing both the number and importance of roles in risk 

management, thus changing the workplace and countries in which risk employees are located. 

Fraud has been widely recognized as a significant problem across the financial industry, 

causing billions of dollars in losses every year. There is a consistent upward trend for 

fraudulent activities happening via digital channels. Digital fraud has increased significantly 

in recent years. With extensive data, connected commerce, instant payment systems, and a 

broad range of digital channels across banks and fintechs, the global financial services 

industry is undergoing quick and transformational disruptions. Lenders are expected to face 

malicious activities, including digital fraud, which are also rapidly burgeoning. Fraud is 

unlikely to tarnish only the reputation but can also inflict substantial damage on the bottom 

line of a company. To solve these objectives, financial institutions identify risks and patterns 

by devising various algorithms, methodologies, and business rules to minimize or extensively 

mitigate fraud and cybercriminal behavior happening across digital channels. An effective 

fraud prevention program does not only shield a bank or financial institution from losing its 
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revenue but serves as a minimum essential standard to guard the bank and its customers from 

potentially enormous losses. 

5. Case Studies and Best Practices 

Consolidating insights from leading practitioners provides concrete guidance on integrating 

AI with financial decision-making processes. Effectively implementing AI starts with getting 

the right data. This usually involves aggregating data across different trading platforms, 

exchanges, and reporting requirements. Approaches discussed can provide important 

complementary results to the common factor models from academic research. A bottom-up 

stock selection process underpins the investment process at a given quantitative investment 

firm. Once the raw information content has been identified, there are a variety of processes 

that are typically deployed. The more challenging and time-consuming aspect is rigorously 

testing model performance and assessing the robustness of factors and strategies. An 

institutional placement and structure are needed if AI is to be successfully implemented into 

an existing asset management firm. Few firms are likely to be ahead of the game in all areas. 

Even the most successful implementations of AI cannot claim it has solved all investment 

challenges. AI research in investment and finance is a variant of factor investing and therefore, 

the specific considerations of factor investing remain and need to be addressed in all 

implementations. This addresses what unique considerations will take the implementation of 

AI in investment and finance compared to previous alpha-generating approaches. 

5.1. Successful Implementations in Banking 

Now that we have introduced blueprints for digitizing finance and AI-enhanced investment 

strategies, and identified the challenges and potential consequences of these AI-supporting 

tools, we proceed to show specific use cases. We divide the applications into three categories: 

existing best practices, fundamental strategies enhanced by AI, and non-finance successful 

implementations that can be extended to finance. The first category includes successful AI 

applications by tuning a well-known AI algorithm for a bank’s direct marketing; using 

qualitative management skill evaluation in the hiring process of a bank’s private wealth 

management division; and using neural networks to evaluate new personal and industrial 

national account credit applications, to great success for the bank. This last application was so 
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successful, in fact, that it completely replaced the traditional evaluation model employed 

before that. 

The second category of AI and finance use cases includes a multi-factor model for stock 

selection, consisting of two low delinquency behavior models and a longitudinal logistic 

model driven by a hazard function. This model predicts the stock’s movement and assigns 

them into three categories: long, hold, or short. AI is used as a prediction engine for high-

frequency trading strategies that detect signals from the price action and chart patterns 

recognized by AI in a news dataset. The two papers in this category use traditional finance-

based investment strategies and employ AI just for building the model and for improving the 

model’s performance. Finally, as it applies to the integration of AI with finance, the third 

category includes the all-encompassing blockchain technology that solves many problems in 

finance by offering transparency and security while providing information access and 

reducing the opportunities for forgery and errors. 

5.2. Lessons Learned and Future Directions 

This study explores how integrating AI with human decision-making can improve the 

performance of AI tools and practitioners, using the context of financial investing. This study 

contributes to the behavioral AI literature by employing a research method—laboratory 

experiments intersected with practitioner interviews—in which the external validity of the 

experimental findings is strengthened by both the use of working practitioners as financial 

decision-makers and by the use of laboratory-generated practitioner AI that is trained with 

actual market data that the practitioners have experienced. The findings provide two key 

insights that can be generalized to other contexts that also integrate AI with human decision-

making. First, this study underscores and magnifies the importance that human decision-

makers play in the learning processes of AI tools, showing that AI benefits significantly more 

than practitioners when practitioners are included in the learning processes of AI tools. 

Second, this study reveals that social networks and the social influence within the networks 

can become operational when AI tools are pragmatic decision-makers. Compared to AI tools 

that base their decisions in part on influencers’ decisions, AI tools that act based on their own 

and learned experience significantly benefit framers of AI tools when such framers have 

benefits connected to actual decisions. The findings of this study suggest a broad range of 
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behavioral and technological strategies that can guide the development and implementation 

of AI technology to optimize the training of and decision-making impacts realized from future 

AI tools. 

6. Future Direction  

Future direction 

This article integrates AI with financial decision-making processes. These implementations 

have certainly provided us knowledge about gaining better outcomes in financial decision-

making practices. Future research should mainly branch out referring to promising issues. We 

further discuss potential gaps and how to bridge these gaps in future research within these 

practices. It might interest us concerning the reviewed area during the last decade on financial 

decision-making processes relating to purchasing behavior and descriptive review. Our 

findings suggest several potentially fruitful directions for future research, entangled with 

deep or neural networks as an essential paradigm; however, the integration is both embryonic 

and underrecognized. 

There is also great potential to integrate the AI paradigm into a range of financial portfolios. 

Again, to the best of our knowledge, there are no published examples of AI and financial 

portfolio construction or management. This classical problem has attracted generalized 

adaptive meta-heuristic solutions fewer than inconsistent common traditional or basic 

statistical analytics in the standalone operations finance practices. This is a yawning gap in 

the AI finance literature, and a highly profitable one. Meanwhile, it routinely grabs the 

attention of practitioners, customers, businesses, and analysts. To catalyze future research, a 

new and alternative view of 'Prediction FinTech' in financial decision-making processes 

presents a series of real-world problems, more data, discussion of difficulties, and how these 

real-world problems pertain to AI research and vice versa. 

7. Conclusion 

In conclusion, as new data sources and analytical techniques are becoming more prevalent in 

the financial industry, AI and machine learning methodologies are gaining increasing interest 

from both industry practitioners and academic researchers. This study discusses these new 

and interesting trends and, by providing a bird's-eye view of the innovative studies that 
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integrate AI tools with finance theory and practice, lays the foundation for future advances in 

the field. While the number of different innovative approaches and promising avenues for 

applications is quite vast, this study can only provide an introduction and some structure to 

facilitate the analysis of these developments for the general public interested in finance and 

technology. In briefly summarizing the main contributions and findings of the literature, we 

discuss the most important challenges and questions that emerge for business creation and 

strategy for firms in the financial technology sector, by closely coupling finance theory and 

practitioners' knowledge with more data-driven methods and AI tools. In doing so, the aim 

of the study is also to promote future advances in integrating AI tools in finance theory, 

empirical studies, and applications, as well as fostering the growth and competitiveness of the 

financial industry at large with informed business strategies in adopting these powerful 

techniques. 
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