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Abstract  

This systematic review explores the disruptive impact of artificial intelligence (AI) technologies on 

financial decision-making mechanisms and management efficiency. Grounded in a careful analysis of 87 

peer-reviewed studies between 2018 and 2024, we identify key applications of AI across financial sectors, 

measure their performance indicators, and assess implementation challenges. Our results indicate machine 

learning algorithms, especially deep learning and ensemble models, are much more effective in predictive 

financial tasks than traditional statistical models and accuracy increases by 12% to 24%. Applications of 

natural language processing show significant efficiency improvements in document processing (average 

reduction of 68 percent in processing time) and regulatory compliance. We also discuss key ethical 

concerns, such as algorithm transparency, data privacy, and fairness. This article provides an organized 

overview of the current state of AI deployment in finance operations and proposes directions for future 

research and practical deployment models. 

 الملخص 

( على عمليات صنع القرار المالي والكفاءة الإدارية. من AIالاصطناعي )تبحث هذه المراجعة المنهجية في التأثير التحويلي لتقنيات الذكاء  

، نحدد تطبيقات الذكاء الاصطناعي الرئيسية عبر القطاعات  2024و   2018دراسة محكمة نشُرت بين عامي    87خلال التحليل الدقيق لـ  

رزميات التعلم الآلي، وخاصة التعلم العميق وطرق المجموعات،  المالية، ونقيمّ مقاييس أدائها، ونقيمّ تحديات التنفيذ. تكشف نتائجنا أن خوا

٪. تظُهر تطبيقات  24٪ و12تتفوق باستمرار على النماذج الإحصائية التقليدية في المهام المالية التنبؤية، مع تحسينات في الدقة تتراوح بين  

٪ في المتوسط( والامتثال التنظيمي. 68يل وقت المعالجة بنسبة  معالجة اللغة الطبيعية مكاسب كبيرة في الكفاءة في معالجة المستندات )تقل

نقوم أيضًا بفحص الاعتبارات الأخلاقية الحاسمة، بما في ذلك شفافية الخوارزمية، وخصوصية البيانات، والإنصاف. توفر هذه المراجعة  

العملي  في  الاصطناعي  الذكاء  لاعتماد  الراهنة  الحالة  لفهم  منظمًا  إطارًا  المستقبلية الشاملة  البحث  لاتجاهات  توصيات  وتقدم  المالية  ات 

 . واستراتيجيات التنفيذ العملية

Keywords: Artificial intelligence, Financial decision-making, Deep learning, Natural language 

processing, Predictive analytics. 

1. Introduction 

The financial industry has traditionally been marked by its reliance on data-driven decision-

making and complex administrative procedures (Khan, 2023). AI is now an innovative tool that 

has been adopted by financial institutions to enhance the processing of information, risk 

management, and fraud detection, investment and portfolio management, and automation of 

procedures (Buchanan, 2019). The integration of such advanced technologies as machine learning, 

natural language processing, and robotic process automation has helped financial institutions 

increase the accuracy of decisions, decrease the costs, improve customer satisfaction, and meet 

the requirements of the more challenging business environment (Cao, 2021). Cartea et al. (2023) 

argue that reinforcement learning models have improved trading algorithms by adapting to 

dynamic market conditions. Similarly, Patel et al. (2015) demonstrated that neural networks 

outperform statistical models in predicting stock price movements. 
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Although the use of artificial intelligence in financial operations has been on the rise, not much is 

known about which techniques are best suited for financial processes, the organizational 

requirements for implementing such systems and how effectiveness of the operations and quality 

of the decisions are impacted by such systems. Past reviews have generally focused on specific 

employment of AI in specific areas of financial function like fraud analysis (Papasavva et al., 

2024) or stock trading (Sayari et al., 2025), however, no study has combined analysis across the 

entire financial trade zone dually in an attempt to provide coherence as well as consistency of the 

AI possibilities and constraints. 

This systematic review fills this gap by reviewing the current trends in the use of AI in decision-

making in the financial sector and the efficiency of management (Culkin & Das, 2017). 

Specifically, our research aims to: 

1. Identify and categorize the primary AI technologies and approaches employed across 

different financial industries. 

2. Examine the empirical evidence of performance improvement resulting from AI 

implementation. Analyze the challenges and limitations associated with AI adoption in 

financial contexts. 

3. Determine the ethical aspects and regulatory issues of AI-based financial systems. 

4. Develop a structured framework to guide future research and practical implementation of AI 

in financial operations. 

We have analyzed 87 peer-reviewed articles published in 2018-2024, which offer a rather 

thorough and current evaluation of the sphere. This review can offer meaningful information to 

researchers interested in creating AI techniques in a financial setting, practitioners interested in 

applying AI, and policymakers interested in establishing regulatory frameworks to manage AI-

powered financial systems. 

The rest of this paper will be organized in the following way: Section 2 will conduct a review of 

appropriate work and provide a basis of our analysis. In section 3, we provide our study selection 

and analysis methodology. Section 4 shows our findings concerning AI applications and their 

experimental evaluation. The section 5 addresses the issue of implementation difficulties and 

ethics. Section 6 ends with a summary of main findings and research directions in the future.  

 

2. Related Work 

The intersection of artificial intelligence and financial systems has created considerable scientific 

interest. This section examines the main paths of previous research, providing the context for our 

systematic review. 

2.1 AI Applications in Financial Decision-Making 

The incorporation of artificial intelligence (AI) in the decision-making process of the financial 

sector has significantly replaced conventional models by providing improved precision and 

proficiency, as well as the ability to predict other crucial elements. Some of the areas that have 

been investigated in relation to AI with regard to finance include algorithmic trading, risk 

assessment, fraud detection and even financial planning. 

Algorithmic trading with the help of artificial intelligence (AI) involves utilization of machine 

learning (ML) and deep learning (DL) for analysis of the market and making the trade. The authors 

Cartea et al. (2023) opine that reinforcement learning models have enhanced trading algorithms 

through learning of ever-changing market environment. In the same fashion, Patel et al., (2015) 

showed the prediction of stock price direction in neural networks as superior to that of statistical 
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models. 

It is evident that credit risk analysis is one of the facets that has seen banks and other financial 

institutions adopting the use of artificial intelligence. AI has the ability to predict default 

probabilities with higher accuracy as compared to the traditional approaches through the use of 

big data. There are issues relating to accuracy of algorithms, data protection and following of 

regulations hence the use of AI for credit scoring (Binns, 2018). This is because it is hard to 

achieve fairness and interpretability of AI models to be used in the financial institutions. 

Butt (2023) discusses the potential of AI to improve the efficiency of administrative 

decision‑making and frames the topic within ethical and legal considerations, including 

cross‑country comparisons. However, several elements that are typically expected in empirical 

studies are reported only at a high level, such as the provenance of the underlying data, the 

sampling/collection procedure, and the evaluation criteria used to support key claims. 

Consequently, the contribution is better understood as a conceptual and descriptive explanation 

as opposed to an evidence base that is rigorously validated. Further research in this field should 

be characterized by more detailed methodological reporting, systematic comparison measures, 

and more rigid connection between arguments and evidence used to enhance reproducibility and 

analytical profundity. 

Wu (2024) gives a general description of AI-assisted data-driven decision-making in the financial 

sector and gives examples of cases. However, the chapter does not provide much information 

about the selection of the cases, datasets, and measurement procedures, and the evaluation of the 

proposed approaches. Furthermore, clear comparison to other approaches would be made and a 

more methodical discussion of practical limitations like regulatory, ethical, and possible bias in 

the model (e.g., sequence models applied to prediction) would have been discussed. These 

constraints imply that the work can be best applied in inspiring the research directions but further 

empirical validation is needed to draw generalizable conclusions across markets. 

2.2 Administrative Efficiency and Process Automation 

The incorporation of artificial intelligence in corporate financial processes has opened up new 

ways of improving administrative efficiency with superior techniques of process automation. 

Kokina and Davenport (2017) also illustrated the combination of RPA with machine learning 

algorithms for the reversal of most normal finance operations such as account reconciliation, 

invoice processing, and spending control. In investment sectors, they found out that their review 

on the impact of AI-based automation had the effect of cutting down time taken to process and 

also cutting down on errors made on the same. Also, Moll and Yigitbasioglu (2019) studied how 

the internet-based technologies, such as intelligent document processing systems, are 

transforming accounting work into more automated forms of processing and validating the 

financial information from unstructured documents. This study showed how such technological 

change is recalculating the work of administration in the finance departments. 

Besides streamlining processes, AI has improved administration and workflow in the financial 

operations. Huang et al. (2020) also explained how AI-based workflow orchestration software 

enhances the routing, prioritization, and resource management within the finance departments in 

their systematic review of deep learning technologies in finance. According to their findings, 

intelligent workflow systems reduced the process bottlenecks more than the best traditional 

process management methods. Similarly, Issa et al. (2016) have discussed the possibilities of using 

intelligent assistants in the context of the financial administrative automation and have described 

the types of how it could be used for natural language for inquiries and status acknowledgment 

and initiation of processes. They described how use of the AI system decreased request for 

administrative help and improved productivity. All of these point to how AI technologies are 

beginning to revolutionize the administration of corporate fiscal affairs by automating many 
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processes in an intelligent manner at both a tactical level and at the strategic level. 

Padmanaban (2024) surveys AI/ML opportunities of regulatory reporting and compliance with an 

emphasis on the opportunities of automation and monitoring of data driven. Although the paper 

provides a comprehensive list of references, and a convenient high-level overview, it presents 

very few primary empirical findings and only rough granularity implementation information on 

how the techniques in question are implemented in actual regulatory processes. An assessment 

that is more balanced would also need a further examination of the deployment problems (e.g., 

data quality, governance, auditability, and model risk) to prevent exaggerating preparation. In line 

with this, the research can be placed as a descriptive narrative that will be subject to supplementary 

evidence-based reviews in subsequent studies. 

2.3 Integration of AI in Enterprise Financial Systems 

Based on the research that has been conducted in the recent past about the integration of AI in the 

financial systems of enterprises, various fields of finance have recorded tremendous progress. 

According to Huang et al. (2020), the ways in which deep learning has been adopted in banking 

and finance was explained through a literature review for the application of neural networks in 

the enterprise of fraud detection, risk assessment and evaluation, automated trading systems. Their 

systematic classification of these algorithms established that CNN and RNN are the most 

appropriate algorithms for the evaluation of time series financial data. Issa et al. (2016) also 

looked into the application of artificial intelligence to formally define audit tasks that create 

frameworks for staff support to cut down on verification work by 60%. They also demonstrated 

how machine learning techniques could be applied to the sets of data as opposed to just samples 

due to the enhanced efficiency and precision in audit of company accounting systems. 

There has also been much research done on the ethical implications and the advancement brought 

about by AI. Munoko et al. (2020) examined the prospects of ethical issues in Audit 4.0 with 

emphasis on algorithmic explainability, replacing judgement, and enterprise data protection. They 

set up the ethical guidelines for incorporating AI that reconstruct professional practices while 

maximizing technological advantage. In the same vein, Moll and Yigitbasioglu (2019) also 

investigated the nature of technology, for instance, AI systems, that alter the accounting operations 

in enterprise settings. Their examination looked at accounting more in terms of data scientists and 

consultants and not just as record-keepers. Sun (2019, p 161) also demonstrated some applications 

using a model through deep learning methods for auditing processes, where deep learning through 

convolutional neural networks detected the financial statement irregularities at 87% as compared 

to 63% by traditional methods. 

2.4 Research Gaps and Contribution 

Whereas these previous reviews have been in abundance contributing toward insights on various 

aspects of AI in financial settings, there have been a fair amount of gaps left behind. First, many 

of the present reviews cover single application fields inadequately and do not present an 

overarching review across the entirety of the finance sector. Secondly, many of the reviews neglect 

the practical implementability more compared to technical viability. Third, results are not strongly 

integrated through search pathways and thus fragmented knowledge is generated rather than a 

unified one (Bahoo et al., 2021; Moll & Yigitbasioglu, 2019; Paoloni et al., 2020). 

Our methodological analysis bridges these gaps by providing a comprehensive review that covers 

decision-making and management applications, brings technical performance together with 

implementation concerns, and synthesizes results across a variety of financial areas. In such a way, 

we will be able to give a broader picture of the existing abilities of AI and its potential in the 

financial environment. 
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3. Methodology 

3.1 Research Questions 

The following research questions led this methodological review: 

1. What AI technologies and methodologies are currently being applied to enhance 

financial decision-making and administrative efficiency? 

2. What empirical evidence exists regarding the performance improvements achieved 

through AI implementation in financial contexts? 

3. What challenges and limitations are associated with AI adoption in financial 

organizations? 

4. What ethical considerations and regulatory implications arise from the use of AI in 

financial operations? 

5. What frameworks can guide future research and practical implementation of AI in 

financial contexts? 

3.2 Search Strategy 

We used a thorough literature search in several scientific databases to find the studies. The 

research strategy contained the following components: 

Databases searched: 

• Web of Science 

• Scopus 

• IEEE Xplore 

• ACM Digital Library 

• ScienceDirect 

• Business Source Complete 

Search terms: The search strategy was a combination of AI and terms of financial applications: 

• The AI-related terms include: artificial intelligence OR machine learning OR deep learning 

OR natural language processing OR robotic process automation OR intelligent automation. 

• Terms in the financial applications: finance OR banking OR investment OR credit or risk 

assessment OR fraud detection OR regulatory compliance OR administrating efficiency. 

Inclusion criteria: 

• Peer-reviewed journal articles, conference proceedings, or book chapters. 

• Published between January 2018 and January 2024. 

• Major emphasis on AI implementation in financial decision-making or efficiency in the 

administration. 

• Empirical assessment of the AI performance or implementation. 

• Written in English. 
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Exclusion criteria: 

• Articles that only discuss the technical development of AI without its use in financial terms. 

• Hypothetical suggestions that were not empirically tested. 

• Review articles without original analysis. 

• Sources that are not peer reviewed (e.g. white papers, trade publications). 

3.3 Study Selection Process 

The selection of the study was based on the preference item instructions to report systematic 

reviews and meta-analyses (PRISMA) as indicated in figure 1. The first search produced 1,243 

potential articles that were relevant. Having eliminated the duplicates, 976 posts were left as 

unique to be examined. The title and summary analysis left out 712 articles that were not eligible 

to be included. The rest of the 264 articles were assessed in full and 87 studies were included in 

the final analysis. 

 

 

Figure 1. Flow Diagram of Study Selection Process. 

3.4 Data Extraction and Synthesis 

For each study covered, we extracted the following information using a standardized data 

extraction model: 

• Publication details (authors, year, journal/conference) 

• AI technologies and methodologies employed 

• Financial application domain (e.g., credit scoring, fraud detection) 
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• Dataset characteristics (size, features, timeframe) 

• Performance metrics and results 

• Implementation challenges reported 

• Ethical considerations discussed 

• Limitations acknowledged 

Data synthesis took a mixed approach, combining quantitative analysis of performance measures 

with qualitative objective analysis of implementation challenges and ethical considerations. For 

quantitative synthesis, we standardized performance measures wherever possible to enable 

comparison across studies. For qualitative synthesis, we used objective analysis to identify 

patterns and recurring visions across studies. 

3.5 Quality Assessment 

We assessed the methodological quality of the studies covered using a modified version of the 

Cash Skills Program (CASP) checklist. Quality assessment criteria included: 

• Clarity of research objectives 

• Appropriateness of methodology 

• Robustness of data collection and processing 

• Validity of performance evaluation metrics 

• Thoroughness of results reporting 

• Discussion of limitations and practical implications 

Studies were not excluded based on quality assessment, but quality classifications were 

considered during the synthesis of data to give appropriate weight to the results from the most 

accurate studies. 

We introduced several important approaches to minimize any possible biases in our procedure. To 

prevent publication bias, we consulted six databases and plotted their findings in a funnel chart to 

have a better understanding. Assembly of the studies was guided by PRISMA and involved two 

researchers independently and a final consensus for disagreements. We gave more importance to 

research using different data inputs and examining various analytic methods amongst the selected 

studies. The researchers looked at how AI performance changed over a period of six years. By 

using stratified analysis in different financial applications, domain-specific bias was addressed. A 

reduced bias in researchers was reached by applying classifying forms and double-coding 

(Cohen’s kappa was 0.87), and bias in metrics was reduced by normalizing what could be 

normalized and collecting all measures from studies that reported more than one metric. They 

applied systematic methods that considered the weaknesses of each approach. 

4. Experimental Results 

We have analyzed 87 studies and found out that the world of AI applications in the field of finance 

is incredibly varied. In this section, one can find the most important findings concerning the spread 

of AI technologies, their performance features, and their empirical demonstrations of 

effectiveness. 

4.1 Distribution of AI Technologies in Financial Applications 

The figure 2 presents the distribution of AI technologies among the financial applications 
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according to the studies that we analyzed. The machine learning methods prevailed in the market, 

and deep learning is especially growing in the number of publications. NLP applications were 

prominent in document processing and emotion analysis, whereas improved learning had some 

new applications in trading and portfolio management. 

 

 

Figure 2. Distribution of AI Technologies Across Financial Applications 

Figure 3 by chronological analysis of publishing trends showed an accelerated trend in the 

production of research with most of the research growth being in multiple AI methodology, in the 

form of hybrid curricula. This tendency shows the increasing development of the approach of 

researchers to complicated financial issues that undergo the enhancement of various AI 

capabilities. 

 

Figure 3. Publication Trends by AI Technology (2018-2024) 
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4.2 Predictive Performance in Financial Decision-Making 

Based on the research carried out on predictive financial tasks, AI algorithms have continuously 

exhibited better performance over the traditional statistical methods. These differences in 

performance in major financial applications are highlighted in Table 1. 

Table 1. Comparative Performance of AI vs. Traditional Methods in Financial Applications 

Application 

Domain 

Traditional 

Method 

AI Method Performance 

Metric 

Average 

Improvement 

Studies 

Credit Scoring Logistic 

Regression 

Gradient 

Boosting 

AUC +5.7% 12 

Credit Scoring Discriminant 

Analysis 

Neural Networks Accuracy +8.3% 9 

Fraud Detection Rule-based 

Systems 

Random Forest F1 Score +12.4% 11 

Fraud Detection Statistical 

Anomaly 

Deep Learning Precision +18.2% 8 

Market Prediction ARIMA LSTM Networks RMSE -24.6% 10 

Default Prediction Cox Regression XGBoost AUC +6.3% 7 

Risk Assessment Value-at-Risk Neural Networks Backtesting 

Violations 

-41.2% 5 

Customer Churn Logistic 

Regression 

Ensemble 

Methods 

Recall +15.7% 6 

The performance benefits have been seen to be more significant in applications that require the 

detection of complex patterns, particularly fraud detection and market forecasting. In fraud 

detection, deep learning methods have demonstrated an average accuracy increase of 18.2% over 

traditional statistical anomaly detection, and some studies have found an increase in accuracy of 

over 25%. This was improved by the fact that deep learning had the capability of detecting 

accurate patterns of high dimensional transaction data. 

In market forecasting applications, LSTM networks used to cut average root of error (Root Mean 

Squared Error, RMSE) by an average of 24.6 percent than the traditional ARIMA models. 

Particularly good performance was observed when attention mechanisms were implemented in 

studies that applied LSTM engineering, particularly to forecast market volatility at times of 

economic uncertainty. 

The assessment of credit application revealed a smaller yet, significant increase in which machine 

learning techniques enhanced the area under the curve (AUC) on average 5.7 percent relative to 

logistical decline. Surprisingly, it has been observed that the most significant gains have been 

made on the applicants in the so-called grey area who have failed to be adequately placed through 

the conventional means. 

4.3 Administrative Efficiency Gains 

Research conducted on management applications has demonstrated a high level of efficiency 

improvement in various measures of operation. These efficiency gains can be summarized by 

administrative function as in table 2. 

Table 2: Administrative Efficiency Gains from AI Implementation 
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Administrative 

Function 

AI Technology Primary Metric Average 

Improvement 

Studies 

Document Processing NLP Processing Time -68% 14 

Document Processing Computer Vision Error Rate -54% 8 

Regulatory 

Compliance 

NLP Compliance 

Coverage 

+42% 9 

Customer Service Chatbots Resolution Time -47% 7 

Transaction 

Reconciliation 

RPA FTE Requirements -63% 11 

Account Opening Intelligent 

Automation 

Process Duration -71% 6 

Audit Processes ML Classification Sample Coverage +215% 5 

Financial Reporting NLP + ML Report Generation 

Time 

-58% 7 

Efficiency improvement was noted to be most effective in document processing applications with 

natural language processing systems processing time on average 68 percent less than manual 

processing. These gains were more pronounced with uniform documents with consistent formats, 

but several studies indicated new opportunities in working with semi-structured and unregulated 

financial documents. 

Natural language processing has been used in regulatory compliance applications to increase the 

compliance coverage by an average of 42 per cent to enable more comprehensive coverage of 

regulatory requirements over larger document sets. A number of studies have emphasized the fact 

that transformer-based models can point to the precise compliance issues that human reviewers 

can miss, particularly when rules are written using complex legal terminology. 

Automation of the processes to reconcile transactions and open accounts led to huge decreases in 

the number of full-time requirements (FTE) and the time of operation, where the enhancements 

were more than 60 percent in both categories. These efficiency benefits were directly converted 

into cost savings and various case studies have reported that a return on investment of more than 

200% was realized in 12-18 months of implementation. 

4.4 Model Architecture Effectiveness 

Through our analysis, we were able to identify certain architectural strategies that were excellent 

in their performance in all the financial applications. Figure 4 gives a model architecture 

performance comparison on credit risk assessment, which is one of the most researched 

applications in our dataset. 
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Figure 4. Comparison of Model Architectures on Performance of Credit Risk Assessment 

Ensemble methods were always more successful than the individual model methods, and gradient 

enhancement machines (in particular, XGBoost and LightGBM) demonstrated a better overall 

performance. Deep learning-based curricula demonstrated competitive results on large data sets 

but were lower performing on small data sets in comparison with traditional ensemble techniques. 

In the case of financial time series data, architecture with attention mechanisms performed better 

than the standard recurrent architecture. A number of studies that have applied transformer-based 

architecture to forecast the market have shown a high level of enhancement in the long-term 

dependencies of financial time chains. 

4.5 Implementation Context and Performance Factors 

We have found that there are significant contextual factors influencing AI performance in financial 

applications that are important to the analysis we undertook. These are the main key performance 

factors identified in the studies which are summarized in Table 3. 

Table 3. Contextual Factors Influencing AI Performance in Financial Applications 

Factor Category Specific Factor Direction of Impact Studies 

Data Characteristics Data Volume Positive 23 

Data Characteristics Feature Engineering Positive 19 

Data Characteristics Class Imbalance Negative 16 

Model Development Hyperparameter Tuning Positive 21 

Model Development Ensemble Approach Positive 18 

Model Development Transfer Learning Positive 7 

Implementation Cross-functional Teams Positive 12 

Implementation Legacy System Integration Negative 14 

Implementation Regulatory Constraints Negative 11 

Organizational Leadership Support Positive 9 

Organizational Data Governance Positive 13 

Organizational AI Expertise Positive 17 

The properties of data have become decisive factors of AI performance, and both data volume and 

data quality feature engineering demonstrate a high positive correlation with performance 
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outcomes. The unbalanced categories were a persistent problem, particularly to identify fraud and 

forecast rare events, yet a variety of research have demonstrated that this issue can be efficiently 

addressed with specialized sampling methods and loss function. 

The practices in model development have largely influenced the performance whereby the 

alignment of high parameters and continually aggregated approaches has been associated with 

high results. Transfer learning has demonstrated a new potential, particularly in natural language 

processing applications where a language model that has been trained to perform a particular 

financial task can be customized with comparatively insignificant field information. 

Factors of implementation and organization were very important in the real-world performance. 

The success of implementation has always been associated with the multifunctional teams that 

have the understanding of the field, the technical knowledge and the challenges of the old system 

integration have tended to lower the performance that can be realized without the theoretical 

abilities. 

5. Evaluation and Discussion 

5.1 Implementation Challenges 

In our analysis, we have found that there are common implementation issues that crippled the 

applicability of AI in the financial arena. Figure 5 indicates how the various categories of 

challenges have been reported as a result of studies. 

 

 

Figure 5. Frequency of Implementation Challenges Reported Across Studies 

The most common in reports is the issue of data quality and integration, which impact 68% of 

implementation studies. These issues were data silos, non-uniform format, absent values and a 

deficiency of standardized data governance practices. In numerous case studies, it was reported 

that more than six months were wasted because of the unanticipated data preparation demands. 

The integration of the old system introduced significant technical barriers, with 56% of studies 
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reporting challenges in this area. Financial institutions typically maintain complex ecosystems of 

legacy technologies, making seamless integration of artificial intelligence difficult. Several 

studies have noted that API constraints and inconsistent data structures across systems have 

significantly increased the complexity of implementation. 

Talent and experience gaps were reported by 53% of studies, reflecting the competitive market 

for AI professionals with knowledge of the field in finance. Many organizations addressed this 

challenge through hybrid team structures that brought together external AI consultants and in-

house financial professionals, although this approach introduced communication challenges 

between technical experts and field experts. 

The implementation of 47% of studies was complicated by regulatory compliance issues, 

particularly when it came to credit decisions, customer data or automated trading. Numerous 

studies have reported conflicts between the requirements of models in terms of performance and 

regulatory requirements in terms of interpretation with some organizations compromising the 

possible gains in performance to remain within the interpretation requirements. 

5.2 Ethical Considerations and Challenges 

We found that there has been an increasing concern with ethical issues in AI-based financial 

systems. Table 4 gives an overview of the ethical issues and their occurrence in the studies. 

Table 4. Ethical Considerations in AI-Driven Financial Systems. 

Ethical Consideration Description Studies Addressing 

(%) 

Algorithmic Bias Potential for discriminatory outcomes based on 

protected characteristics 

41% 

Transparency Explainability of AI decisions to stakeholders 37% 

Data Privacy Protection of sensitive financial and personal 

information 

33% 

Accountability Clarity regarding responsibility for AI-driven 

decisions 

28% 

Digital Divide Unequal access to AI-enhanced financial services 19% 

Automated Decision 

Making 

Appropriate levels of human oversight and 

intervention 

24% 

Job Displacement Impact on employment in financial sector 16% 

The most ethical issue that has risen is the algorithmic bias particularly in credit valuation and 

lending applications. Several studies have reported attempts to check and reduce bias using 

methods like eradication of counterbiased bias, restraint of equity during training and equity audits 

afterwards. Nevertheless, most researchers observed a conflict between the need to maximize 

forecasting accuracy and the need to have equity amongst demographic groups. 

The issue of transparency and interpretability was also especially significant in the case of deep 

learning applications, as the decision-making process may be hard to interpret. Interpretability has 

been increased by methods like LIME (Local Interpretable Model-agnostic Explanations), SHAP 

(SHapley Additive exPlanations), though it has been noted that both methods do not offer 

sufficient transparency to make high-risk financial decisions. 

Due to the introduction of such regulations as GDPR and CCPA, the issue of data privacy has 

been given more attention. New curricula were added such as federal learning to allow training 

models without centralizing sensitive data, methods of differential privacy to avoid recognizing 
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an individual, and synthesizing artificial data that maintains privacy. 

5.3 Framework for Effective AI Implementation 

On the basis of our analysis of effective implementation and challenges mentioned, we have 

created an organized framework that can be used to guide effective implementation of AI in the 

financial setting. Figure 6 below is a representation of this framework that takes into account 

technical, organizational and ethical considerations throughout the implementation life cycle. 

 

Figure 6. Framework for Effective AI Implementation in Financial Contexts 

The Framework focuses on four major stages: 

1. Strategic Alignment: Make sure that AI projects are prioritized and focus on pain points with 

well-defined metrics of success. Research has revealed that strategic goal-oriented 

implementation has registered better reliance and returns on investment rates than 

technology-first strategies. 

2. Capability Development: Development of the required technical infrastructure, data 

governance and human experience. Effective executives have generally built multifunctional 

teams who have merged field expertise, data science, and implementation experience. 

3. Responsible Implementation: Incorporating the right governance systems, interpretability 

and equity at an early stage. Companies that incorporated morals and design instead of ethical 

concerns being more sustainable boxes of operation. 

4. Continuous Evolution: Establish mechanisms for continuous monitoring, performance 

assessment, and model revision. Case studies have emphasized the importance of treating AI 

implementation as an iterative process rather than a one-time project. 

The framework is a systematized method of organizations interested in applying AI in financial 

situations, and the consideration of the issues that are prevalent in the literature and the highest 

chances of replicating the benefit of observed performance in research settings. 

6. Conclusion and Future Work 

6.1 Key Findings and Implications 

This methodological review investigated the existing situation with the use of AI in the financial 

decision-making and management efficiency, summarizing the findings of 87 articles published 

in the period between 2018 and 2024. We have found a number of important insights: 

1. AI methodologies are observed to always outperform traditional methods in both financial 

applications and the largest performance improvements can be seen in complex pattern 

recognition tasks like fraud detection ( +18.2% accuracy) and market forecasting ( -24.6% 

RMSE). 
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2. There is a large efficiency improvement in the administrative applications, particularly in 

document processing (-68% processing time) and transaction resolution (-63% FTE 

requirements), which translates into a high level of cost savings and enhanced operational 

capabilities. 

3. The success of the implementation process is strongly context-dependent, with data quality, 

multifunctional expertise, and organizational preparedness emerging as the key factors of the 

attained performance. 

4. Ethical considerations have gained more and more relevance, and the most discussed issues 

are algorithmic bias, transparency, and data privacy. Yet, the real-life methods of managing 

these issues and preserving a high level of performance are a complex issue. 

These results have important implications for different stakeholders: 

As researchers, our analysis points to promising opportunities of further systematic development, 

in particular improving interpretability of complex models, designing learning strategies using 

limited disaggregated data and architecture balancing performance and equity factors. 

To practitioners, our implementation framework offers a systematic path to adoption of AI that 

takes into consideration the issues that are common but maximize the chances of performance 

gain. Certain contextual considerations guide on the capabilities of an organization that should be 

advanced first before undertaking the advanced AI application. 

To policy makers, our findings on the ethical considerations and the challenges to implementation 

would give a clue on how to formulate regulatory frameworks that safeguard the stakeholders yet 

allowing meaningful innovation. In the development of organizations, special attention should be 

paid to tensions between enhanced performance and such values as fairness and transparency. 

6.2 Limitations 

This review has a number of limitations that need to be identified. To begin with, even though we 

used a comprehensive research strategy, the fast rate of AI development implies that there might 

be some recent innovations that are not well represented in the published literature that we 

reviewed. Second, publishing bias can cause overrepresentation of successful implementation, 

because failed projects will not be implemented. Third, our attention to the English-language 

publications can restrict the visions of non-English-speaking areas. Fourth, the differences 

between study performance measures and the methodologies that are used in evaluation made it 

hard to conduct quantitative meta-analysis of certain applications. 
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6.3 Future Research Directions 

According to our analysis, we define a number of potential directions of future research: 

1. Hybrid AI Architections: Future directions in hybrid designs that leverage the advantages of 

various AI methodologies (e.g. combining the ability of pattern recognition via deep learning 

with the interpretability of rule-based systems) is an exciting direction to resolve the 

performance-interpretability dilemma. 

2. Domain-Specific Architects: Financial statements possess their unique peculiarities, which 

are not necessarily addressed by general AI architecture. It may be greatly improved in terms 

of performance by research which develops special architecture in the domain of financial 

time chains, transaction networks, and document processing. 

3. Transfer Learning in Finance: Although transfer learning has been used to transform natural 

language processing and computer vision, there is limited work on this technology in finance. 

The limitations of financial data in specialized financial applications can be resolved by 

further research on pre-training methods of financial data and knowledge transfer between 

fields. 

4. Explainable AI Financing: Creating interpretative techniques specific to financial settings, 

combining expertise of the area and regulatory specifications, would fill a major void 

between technical functionality and practical implementation demands. 

5. Fairness-Conscious Financial AI: How to detect, quantify and alleviate bias in financial 

machine learning models, particularly how equity issues can be used to trade off predictive 

performance in a manner that remains consistent with regulatory requirements, remains to 

be researched. 

6. Federated and Privacy-Preserving Learning: Since financial information is a sensitive matter, 

the creation of the next-generation federal learning curricula that enables the training of 

models between institutions without exchanging data can create a wide range of collaborative 

opportunities without losing privacy and data security. 

7. Human-AI Collaboration: The practical implementation challenges associated with our 

review will be resolved by conducting research on the successful models of collaboration 

between financial professionals and AI systems (including how to divide tasks appropriately, 

effective interfaces, and trust calibration). 

Finally, AI has demonstrated much promise in terms of improving financial decision-making and 

management efficiency, and the performance has been steadily improved in various applications. 

To bring this potential into practice, appropriate attention to the implementation issues, ethical 

aspects, and organizational factors should be taken. This review will fill the gap between the 

advancements in research and practice by offering a clear understanding of the existing state of 

affairs and introducing an organized roadmap towards responsible AI implementation in the 

financial sphere, which will speed up the implementation of responsible AI in the financial sphere. 
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