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Abstract:  

Finance and banking domain heavily depends on data. These are motivated by sophisticated algorithms 

and learning logic as well as natural language processing components. Data analysis is performed in this 

view for high level process automation and effective decisions these empower in personalizing account 

holder interactions in service management of financial pursuits. Customer service automation using 

chatbots, process streamlining in complicated scenarios, portfolio management, analyzing market risk, 

etc. are several areas that are empowered with AI/ML tools.  Combining AI/ML with business intelligence 

is next level of data analytics that allows mimicking cognitive intellect and reasoning for making systems 

learn and improve processes for generating reliable information. The paper explores about implementing 

next generation intelligence in collaboration of AI.ML with BI for conducting banking and finance 

operations in compliance with regulatory guidelines.  
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1. INTRODUCTION 

Combining artificial intelligence (AI) with Machine learning (ML) is transformation pursued and applied 

by several organizations of all industries revolutionizing financial systems. This is an effective and precise 

model with innovative effort delivering customized experience [1]. AI/ML tools are changing financial 

sector handling complicated functions while processing large volumes of data with higher precision and 

delivers predictive insights. 

Adoption of AI(Artificial intelligence) technologies for financial processes are accelerating and 

representing about domain recognizing transformative capabilities of AI in increasing operational esteem 

as well as decision creation capabilities. AI tools are superseding BI (Business intelligence) tools and 

increasing capabilities or continuous data analytics, developing predictive models, and creating interactive 

visualizations [2]. ML (Machine learning) is a component of AI that is capable of making system 

automated according to data available and rule based learning algorithms.  

Real-time analytical solutions and threat identification models can help to lead robust security team against 

hackers and attackers. AI increases data transparency with strong use of data explaining all details about 

products and services while ML models can comply with regulations and secure customer integrates 

standardizing ethics. Streamlined customer solutions with regulatory compliance [3]. Banking industry 

and its procedure are transformed for easier access and connect with customers fostering seamless 

transactions. Adequate customer support and eliminate gaps among services and customer requisites with 

chatbots and virtual assistants is leveraged by all banking institutions as part of transformation 

AI/ML contributes for effective risk management while delivering intricate solutions using algorithms and 

process data streams and identify patterns complying with continuously changing regulations and 

accommodate with stringent solutions. These technologies are implemented with transparency rapidly 

progresses. The scalable tools can be modified to accommodate market dynamics, risk complications and 

https://www.ijsat.org/
mailto:Manikantpothuri1@gmail.com


 

International Journal on Science and Technology (IJSAT) 
 

E-ISSN: 2229-7677   ●   Website: www.ijsat.org    ●   Email: editor@ijsat.org 

 

IJSAT25049536 Volume 16, Issue 4, October-December 2025 2 

 

operate to accommodate long-term financial resilience. AI use in financial domains is capable of 

motivating operations and conducting performance management effectively [2]. This is effective for 

developing forecasts and conducting calculations using required metrics.  This study involves exploration 

of using AI/ML motivated BI tools considering case studies of financial organizations such as JPMorgan 

and ING for advanced and accurate data analytics insights. 

 

2. LITERATURE REVIEW  

2.1Traditional BI in Finance 

The strengths of BI technology lie in structured data management and visualization but limitations include 

latency, manual data preparation, and lack of predictive capacity. Early BI deployments in finance 

revolved around structured data warehouses and manual reporting workflows [4]. While these systems 

facilitated performance measurement and compliance reporting, they offered limited agility and lacked 

real-time capabilities. Reports were often static and required significant analyst effort to interpret and act 

upon.  

 

2.2 AI/ML Applications in Financial Services 

AI and ML have been applied extensively in financial domains. Common applications are as follows. 

Fraud detection: Identifying anomalies in transaction patterns. Neural networks and anomaly detection 

models outperform rule-based systems in noticing unusual patterns. 

Credit scoring: Enhancing traditional models with behavioral and alternative data is another advancement 

[5]. ML algorithms improve accuracy by leveraging behavioral and transactional data alongside traditional 

demographic and financial variables.  

Algorithmic trading: This is useful for forecasting price movements through timeseries models. AI is 

applied to predict market trends, optimize execution, and manage portfolio risks.  

Personalization: Financial institutions use ML to recommend products, adjust pricing dynamically, and 

enhance customer journeys. These advancements are useful in offering tailored financial products to 

customers.  

 

2.3 The Convergence of BI and AI 

Recent studies highlights the trend of augmented analytics, as AI models are embedded within BI systems 

to assist in generating insights, narratives, and recommendations. This is the infusion of AI/ML into BI 

platforms. Augmented analytics automates data preparation, insight generation, and recommendation 

delivery, reducing reliance on human analysts. The literature also highlights gaps and particularly 

regarding inferential capabilities, governance, and adoption in highly regulated industries [6]. This 

integration redefines BI as a proactive decision-making tool rather than a passive reporting system.  

Automated Data Preparation 

• AI algorithms automatically clean, normalize, and integrate structured and unstructured data [7]. 

• Reduces manual effort for analysts and improves data quality. 

 Predictive Analytics Integration 

• ML models embedded in BI can forecast trends, customer behavior, credit risk, or market 

fluctuations. 

• Enables proactive rather than reactive decision-making. 

Prescriptive Recommendations 

• AI-driven BI systems suggest optimal actions based on predictive outputs. 

• Examples: automated portfolio adjustments, targeted marketing campaigns, or liquidity 

management strategies. 

Natural Language Processing (NLP) Interfaces 

• Users can query BI systems using natural language instead of SQL or dashboard filters. 

• Enhance accessibility for non-technical stakeholders. 
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Automated Insight Generation 

• AI identifies key patterns, anomalies, and correlations without explicit human intervention [8]. 

• Produces narrative summaries or alerts to highlight significant findings. 

Real-Time Decision Support 

• AI-driven BI can process streaming data to flag anomalies or emerging opportunities instantly. 

• Supports rapid operational decisions in trading, fraud detection, or risk management. 

Democratization of Analytics 

• Embedded AI reduces dependence on specialized analysts, enabling more employees to leverage 

insights [9]. 

• Promotes data-driven culture across departments. 

Continuous Learning and Adaptation 

• ML models update based on data. 

• Ensures BI remains adaptive in dynamic financial environments. 

 

2.4 Traditional BI vs AI-Driven BI  

 The variations between traditional and AI-Driven BI are as follows 

 
Table 1: Traditional BI vs AI-Driven BI [1], [2] 

2.5 Capabilities of AI-Driven BI  

• Embedded predictions: Models generate forecasts shown in dashboards such as credit default risk 

• Model-enriched datasets: ML features and propensity scores, risk ratings are inserted into BI 

semantic layers. 

• Streaming inference: Real-time data pipelines like Kafka, Spark provide live insights into BI 

dashboards.  

• Augmented analytics: Conversational BI lets users ask natural language questions. 

• Closed-loop automation: BI insights directly trigger actions such as blocking suspicious accounts. 
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Figure 1: Capabilities of  AI Powered BI [10], [2] 

2.6 High-Impact Use Cases of AI-Driven BI  

Credit Risk Management: AI-powered BI systems help lenders assess borrower risk more accurately by 

analyzing both financial and behavioral data, leading to faster loan approvals and better portfolio quality. 

 Fraud Detection and AML: Real-time anomaly detection identifies suspicious transactions early, 

helping reduce fraud losses and ensuring compliance with anti-money laundering regulations. 

Treasury and Liquidity Management: Predictive analytics support better forecasting of cash flow and 

funding needs, allowing institutions to optimize liquidity and reduce unnecessary financing costs. 

Trading and Investment Oversight: BI tools monitor trading strategies and market signals continuously, 

improving returns, reducing slippage, and alerting teams to market volatility. 

Customer Service and Personalization: Behavioral analysis and segmentation enable financial 

institutions to offer personalized products and services, improving customer satisfaction and retention. 

Regulatory Reporting and Compliance: Automated reporting and anomaly tracking help institutions 

meet regulatory requirements on time, reduce manual effort, and improve transparency. 

 

 
Figure 2: Use Cases of AI-Driven BI [11], [6] 

2.7 AI-Powered BI (Modular Architecture) 

AI-powered business intelligence design makes them flexible, easy to grow, and very precise for all 

financial tasks. 

First Layer: Collecting and Joining Data This step is about gathering information from many different 

internal and external sources. These sources include a bank's main platforms, customer relationship 

systems (CRM), enterprise planning tools (ERP), social media activity, IoT sensors (like those in ATMs), 
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and outside sources such as credit rating agencies and market data services. Tools called ETL (Extract, 

Transform, Load) or ELT pipelines automatically organize this data, clean up mistakes, and add 

descriptive tags. Advanced approaches like data fabric and data mesh let different departments own their 

data while still making sure everything works together smoothly. 

Second Layer: The Smart Analysis (Analytical Intelligence) This is where the core machine learning 

happens. Financial firms use major platforms like Azure ML, AWS SageMaker, or Databricks to manage 

their AI programs. The systems automatically look for key patterns in customer behavior, transactions, 

and time-based activities. This is helpful for things like figuring out a person's creditworthiness, spotting 

fraud, or predicting if a customer might leave the bank. To follow legal rules, the systems include tools 

(SHAP, LIME, etc.) makes the models accountable. 

Third Layer: Viewing and Using the Information This layer focuses on how people actually use the 

insights. The information dashboards change in real-time based on who is looking at them (e.g., a manager 

versus a risk officer), the risk levels of accounts, and the current operational needs. Users can ask questions 

or search for information just by speaking or typing naturally (like a conversation), making the data much 

easier to access. These dashboards also feature automatic alerts and triggers that can flag risky accounts, 

change credit limits automatically, or notify compliance teams when something is wrong. 

 

2.8 Developing and Putting AI-Powered BI into Action 

To make sure AI-powered BI systems work well and keep performing over time, you need strong practices 

in development and deployment. 

MLOps and Model Management MLOps is a set of practices that make sure machine learning models 

are constantly updated and successfully integrated into the BI environment.  

Model registries and version control keep a record of all changes, making it possible to trace decisions 

and roll back to an older version if there's an audit or an issue. Drift detection automatically watches how 

well the model is performing and triggers retraining when the underlying data patterns change, ensuring 

predictions stay accurate. Security is crucial. Access control uses role-based permissions to ensure that 

sensitive financial data is only seen by the employees who are authorized to view it. Techniques like data 

masking and tokenization hide personal details (PII) and transaction-level data. A zero-trust architecture 

adds an extra layer of security by requiring identity and device checks for every single tool and access 

point. 

 

2.9 Modern Data Sources for Financial Insights 

Modern BI systems use a combination of traditional and new types of data to generate much deeper 

insights. 

Alternative data includes things like what a person clicks on, how they use a mobile app, and general 

feelings expressed on social media. Geospatial data helps evaluate risks related to a specific location and 

check on the performance of physical branches. Sensor data from smart ATMs and point-of-sale systems 

gives real-time transaction metrics. 

External Intelligence External data feeds enhance the BI platforms with wider market and regulatory 

information. Natural language processing (NLP) tools scan legal documents to pinpoint compliance risks. 

Sentiment analysis monitors news, analyst reports, and social media to judge how volatile the market 

might be. Data links (APIs) from credit bureaus, environmental/social/governance (ESG) rating agencies, 

and financial technology (Fintech) partners further expand the data available, leading to more informed 

decisions. 

 

3. DISCUSSION: HOW THIS HELPS FINANCIAL EFFICIENCY 

Better business intelligence tools are helping financial institutions become more efficient in many areas. 

By automating routine work like cleaning data, generating reports, and grouping information, teams save 

time and can focus on more strategic, high-value tasks. These systems also improve risk management by 
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spotting potential defaults, fraud, and market changes early, allowing the firm to adjust quickly. Revenue 

growth is supported through personalized insights that guide marketing and investment choices, while 

better understanding customer groups helps improve retention. 

Compliance becomes simpler with automated reports and clear fines and increases transparency. Real-

time insights allow decision-makers to react quickly to market shifts or customer behavior, making 

strategic adjustments faster and more agile. Cost savings come from reduced manual effort, using 

predictive tools for maintenance, and better resource allocation. Ultimately, these tools encourage 

collaboration by making data accessible, helping teams work toward shared goals. Institutions that use 

this approach gain a competitive advantage by predicting trends, reacting faster, and planning more 

effectively. 

 

4. REAL-WORLD EXAMPLES (CASE INSIGHTS) 

 

4.1 JPMorgan Chase: Spotting Fraud and Ensuring Rules Are Followed 

• The company uses AI-powered BI to check millions of transactions as they happen. 

• Machine learning models detect unusual and potentially fraudulent activities with high accuracy. 

• This has reduced fraud-related losses by about 20% and streamlined the investigation process [10]. 

• Human oversight is still essential to ensure accountability and follow all legal and regulatory 

requirements. 

• This shows how effective it is to put predictive AI directly into the dashboards people use every day. 

 

4.2 ING Group: Credit Risk Assessment 

• Utilized AI-enhanced BI for loan approval and credit scoring processes. 

• Incorporated behavioral and transactional data to improve risk prediction. 

• Achieved a 30% reduction in loan approval time, improving customer onboarding [18]. 

• Enabled scenario-based forecasting, allowing proactive adjustment of lending strategies. 

• Enhanced regulatory compliance through explainable decision logic and detailed audit trails [19]. 

 

5. INSIGHTS 

• AI-driven BI is most effective when insights are embedded directly into decision-making processes. 

• Despite automation, human review is critical to ensure ethical decisions and regulatory compliance. 

• Significant reductions in time, manual effort, and errors across fraud detection, credit assessment, and 

transaction monitoring. 

• Institutions benefit not just from insight, but from actionable recommendations that improve risk 

management and financial performance. 

• AI-driven BI can handle high-volume data while adapting to evolving patterns in customer behavior 

and market conditions. 

 

6. CONCLUSION 

Advanced automation tools can evolve with customer financial services through accurate and personalized 

solutions analyzing historical data and understanding suitable customer patterns. In conclusion  these 

technologies empower conventional BI to enhance insights and process esteem of financial operations. 

 

7. FUTURE DIRECTIONS 

• Leveraging AI models to automatically generate dashboards, reports, and narratives. 

• Performing analytics closer to transaction points, enabling instant detection and intervention. 

• Embedding ethical frameworks to ensure fairness, transparency, and accountability. 

• Combining BI with robotic process automation for fully automated end-to-end processes. 

https://www.ijsat.org/


 

International Journal on Science and Technology (IJSAT) 
 

E-ISSN: 2229-7677   ●   Website: www.ijsat.org    ●   Email: editor@ijsat.org 

 

IJSAT25049536 Volume 16, Issue 4, October-December 2025 7 

 

REFERENCES:

[1]  W. Ahmed, "Cyber Security in IoT-Based Cloud Computing: A Comprehensive Survey," MDPI 

Electronics, vol. 11, no. 1, pp. 1-10, 2021.  

[2]  K. Y. Chan, B. Abu-Salih, R. Qaddoura, A. M. A. Zoubi and V. Palade, "Deep neural networks in the 

cloud: Review, applications, challenges and research directions," Neurocomputing, vol. 545, no. 1, 

pp. 1-10, 2023.  

[3]  W. k. Akram, "Revolutionizing Business Intelligence Through Cloud Computing, AI/ML, and 

Snowflake Database Optimization," ResearchGate, vol. 2020, no. 1, pp. 1-10, 2020.  

[4]  S. K. Chebrolu, "AI-Powered Business Intelligence: A Systematic Literature Review On The Future 

Of Decision-Making In Enterprises," SSRN, vol. 2025, no. 1, pp. 1-30, 2025.  

[5]  F. Dakalbab, M. A. Talib, Q. Nasir and T. Saroufil, "Artificial intelligence techniques in financial 

trading: A systematic literature review," Journal of King Saud University - Computer and 

Information Sciences, vol. 36, no. 3, pp. 1-10, 2024.  

[6]  U. S. Ugbaja, U. S. Nwabekee, W. O. Owobu and O. A. Abieba, "Machine Learning-Powered 

Chatbots for Real-Time Business Intelligence and," International Journal of Management and 

Organizational Research, vol. 2, no. 1, pp. 1-8, 2023.  

[7]  S. Dashora, N. Gupta, M. P. S. Tanwar, A. Singh and S. Kaur, "Cloud-based Data Analytics for 

Business Intelligence," International Journal for Research in Applied Science & Engineering 

Technology, vol. 11, no. 11, pp. 2758-2765, 2023.  

[8]  P. Jorzik, S. Klein and D. K. Kanbach, "AI-driven business model innovation: A systematic review 

and research agenda," Journal of Business Research, vol. 182, no. 18, pp. 1-10, 2024.  

[9]  E. Y. Lai, Y. He and S. Chaudhuri, "Auto-Prep: Holistic Prediction of Data Preparation Steps for 

Self-Service Business Intelligence," Computer Science, vol. 2025, no. 1, pp. 1-10, 2025.  

[10]  D. Raychowdhuri, "Revolutionizing Business Intelligence: An AI-Driven Approach to Automated 

Insights," International Journal of Scientific Research in Computer Science Engineering and 

Information Technology, vol. 11, no. 2, pp. 1011-1021, 2025.  

[11]  S. Dandolu, "Cloud-Native Architecture for AI Data Platforms: A Snowflake Implementation Case 

Study," World Journal of Advanced Engineering Technology and Sciences, vol. 15, no. 3, pp. 475-

485, 2025.  

[12]  S. Tyagi, D. Akula and S. Saurav, "AI-Enhanced Business Intelligence for Digital Enterprises," 

International Journal for Research Trends and Innovation, vol. 10, no. 1, pp. 1-7, 2025.  

[13]  E. O. Eboigbe and O. A. Farayola, "BUSINESS INTELLIGENCE TRANSFORMATION 

THROUGH AI AND DATA ANALYTICS," Engineering Science & Technology Journal, vol. 4, no. 

5, pp. 285-307, 2023.  

[14]  S. Syed, "Towards Autonomous Analytics: The Evolution of Self-Service BI Platforms with Machine 

Learning Integration," Journal of Artificial Intelligence and Big Data, vol. 2, no. 1, pp. 84-96, 2024.  

[15]  M. Maghsoudi and N. Nezafati, "Navigating the acceptance of implementing business intelligence 

in organizations: A system dynamics approach," Telematics and Informatics Reports, vol. 11, no. 1, 

pp. 1-10, 2023.  

[16]  M. R. Ramasani, "AI-Driven Business Intelligence and Financial Data Visualization: Transforming 

Modern Analytics," International Journal of Scientific Research in Computer Science Engineering 

and Information Technology, vol. 11, no. 1, pp. 3461-3467, 2025.  

[17]  J. C. G. A. i. 4. u. c. a. l. learned, "JPMorgan Chase’s Gen AI implementation: 450 use cases and 

lessons learned," Tearsheet, 27 May 2025. [Online]. Available: https://tearsheet.co/artificial-

intelligence/jpmorgan-chases-gen-ai-implementation-450-use-cases-and-lessons-learned/. 

[Accessed 30 September 2025]. 

[18]  S. Gemin, "Navigating AI in banking: how ING balances innovation with data security," ING, 20 

May 2024. [Online]. Available: https://medium.com/@reshaping_work/navigating-ai-in-banking-

how-ing-balances-innovation-with-data-security-3e6ccd60ba0c. [Accessed 30 September 2025]. 

https://www.ijsat.org/


 

International Journal on Science and Technology (IJSAT) 
 

E-ISSN: 2229-7677   ●   Website: www.ijsat.org    ●   Email: editor@ijsat.org 

 

IJSAT25049536 Volume 16, Issue 4, October-December 2025 8 

 

[19]  D. Kitishian, "ING’s AI Strategy: Analysis of Dominance in Banking AI," Klover, 4 August 2025. 

[Online]. Available: https://www.klover.ai/ing-ai-strategy-analysis-of-dominance-in-banking-ai/. 

[Accessed 30 September 2025]. 

https://www.ijsat.org/

