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Abstract: This paper integrates the latest studies in AI-driven personal finance management using a cloud-based platform 
architecture, integrating real-time data ingestion and pre-trained AI models. Automated expense tracking, budgeting, portfolio 
optimization, and predictive decision-making are dominant themes. We categorize available studies into domains like AI-driven 
advisory systems, portfolio optimization, explainable risk models, and data-driven analytics. Our review points out techniques 
employing streaming APIs and event-based workflows for scale, focusing on privacy, personalization, and trust of the user. For 
instance, a portfolio optimizer based on AI rebalances portfolios dynamically with real-time market information and AI advisors 
deliver customized suggestions analyzing market mood and transactions Ethical deployment and explainability are highlighted 
as critical to user adoption. The paper presents a taxonomy of AI-finance solutions and contrasts representative systems and 
suggests a workflow diagram of the platform. 
Keywords: AI in Finance, Personal Finance Management, Machine Learning, Real-Time Analytics, Budget Forecasting, 
Expense Categorization. 
 

I. INTRODUCTION 
New developments in machine learning and AI are transforming financial services and individual wealth management. 
Contemporary financial apps use ML and NLP to analyze transaction data, market feeds, and user behaviour in real time. For 
example, sophisticated AI models can evaluate past consumption patterns and market signals to generate customized budgeting and 
investing tips. Meanwhile, such systems have to balance ethics and privacy issues. Explainable AI (XAI) methods have come into 
being to ensure transparency in risk assessment and credit scoring, enabling user trust. In order to satisfy these requirements, our 
platform architecture focuses on scaling, automation, and privacy. We use serverless databases (e.g. Supabase) for horizontally 
scalable data storage, event-driven processors (e.g. ArcJet/Inngest) for real-time consumption, and pre-trained ML models to carry 
out expense categorization, budget forecasting, and portfolio optimization. This survey consolidates reports from IEEE sources on 
AI for finance and how to develop such an integrated platform. We introduce a taxonomy of AI-finance strategies, comparative 
review of exemplary systems and a suggested workflow architecture. Automating mundane financial processes, facilitating fast 
model updates, and creating personalized yet secure user experiences are the major considerations. 
 

II.  LITERATURE SURVEY 
 

Table.I. Literature Survey Analysis 
Title of the Paper  Authors  Year  Objective  Datasets Used  Techniques/Tools  Key Outcome  

Innovations in 
Financial 

Intelligence 
Applications using 

Artificial 
Intelligence  

Sumit Agarwal, 
Vikram 

Kandoria, Yash 
Kankriya, Anish 

Kuckian, 
Vaishali Wadhe  

2022  Integrate AI into 
financial 

operations (risk 
management, 

data statistics).  

Financial data 
from a power 

company’s 
financial robot 

implementation.  

AI-driven financial 
robots, process 

automation.  

4-hour time 
saving per 

bank 
transaction; 
95%+ data 
accuracy.  

AI and ML in 
Finance: 

Revolutionizing 
Banking and 
Investments  

Mageshkumar 
Varadarajan, S. 

Priya  

2024  Enhance fraud 
detection, 
customer 

service, and 
compliance 

using AI/ML.  

Transaction 
data, social 

media activity, 
customer 

interaction logs.  

NLP, sentiment 
analysis, anomaly 

detection 
algorithms.  

Fraud 
detection 
accuracy 

improved by 
30%; 24/7 
customer 
service 

efficiency.  
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Effect of AI on 
the Financial 

Sector  

Sudhanshu 
Maurya et al.  

2024  Assess AI’s role 
in risk control 
and investment 

decisions.  

Survey data 
from financial 

institutions  

Literature review, 
empirical analysis  

77% reduction 
in fraud, 68% 
improvement 
in compliance 
outcomes, and 

20% staff 
retention boost 
via AI-driven 
automation. 

Transforming 
Finance through 

Automation Using 
AI-Driven 

Personal Finance 
Advisors  

Parth 
Pangavhane et 

al.  

2023  Evaluate AI's 
efficacy in 
enhancing 
financial 

wellness via 
automation and 

ethical 
deployment.  

Case study data 
(financial 

literacy, returns, 
debt 

management 
metrics).  

AI-driven 
predictive 

modeling, risk 
assessment, real-

time market 
monitoring.  

AI-powered 
advisors 
improve 
financial 
literacy, 

returns, and 
debt 

management 
with ethical 
frameworks. 

Optimizing 
Personal Finance 

Management 
through AI-Driven 
Decision Support 

Systems  

Sudhanshu 
Vaduka, Lohith 
Konchada, Sai 
Charath Reddy, 

Prasun 
Chakraborty, 
Hruday Vikas 

Arikathota, Atri 
Bandyopadhyay  

2024  Integrate AI into 
personal finance 
for budgeting, 

investment, and 
debt 

management.  

Household 
income, 

expenditure, 
demographics, 

occupation.  

XGBoost, Linear 
Regression, 

Decision Trees.  

XGBoost 
achieved the 

highest 
accuracy 

(88%) with 
minimal 

prediction 
errors (MSE: 

0.14). 

Challenges and 
Opportunities in 

Deploying 
Explainable AI for 

Financial Risk 
Assessmentin 

Deploying 
Explainable AI for 

Financial Risk 
Assessment  

Afsha Imran 
Akkalkot, Dr. 

Nitin 
Kulshreshha, Dr. 

Geeti Sharma, 
Dr. Kaverinder 
Singh Sidhu, 

Sneha S. 
Palimkar, Dr. 
Nethravathi K  

2025  Develop an XAI 
model for credit 
risk assessment 
using SHAP and 

LIME.  

Loan histories, 
credit profiles, 

loan status, 
income.  

Gradient Boosting, 
SVM, SHAP, 

LIME.  

Gradient 
Boosting 
achieved 
97.6% 

accuracy with 
XAI-enhanced 
transparency 
in credit risk 
assessment. 

 
III.   TAXONOMY OF AI-FINANCE SYSTEMS 

We classify recent AI-in-finance studies into various application and study types: 
1)  AI-based Advisory & Decision Support: Systems offering tailored personal financial guidance and budgeting assistance. These 

consist of technology and application studies, e.g., Pangavhane et al. and Radhakrishnan et al. that present AI agents for 
expense planning, debt maintenance, and financial education. They stress personalization and user trust in AI advisors. 

2) Portfolio Optimization and Predictive Modeling: Techniques using ML for investment and forecasting. For instance, Ambuli et 
al. introduce an AI-driven portfolio optimizer based on real-time market information and ML models to rebalance portfolios for 
enhanced return and Sharpe ratio. These papers (usually technical papers) utilize predictive analytics and solid rebalancing to 
rebalance risk exposure dynamically. 
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3) Explainable AI in Risk and Compliance: XAI techniques in finance, as survey/theoretical papers, research is centered on credit 
score transparency and compliance. Akkalkot et al. illustrate an XAI framework (applying SVM/GBM with Shapley 
explanations) for peer-to-peer credit risk evaluation with high accuracy and decision explanation. These studies emphasize that 
regulators and users need interpretability in AI finance systems. 

4) Data Analytics and Business Intelligence: Articles on big-data methods in finance, such as surveys or case studies in predictive 
analytics. For example, Purwar et al. survey the application of predictive models to improve market forecasting, citing that 
analytics can be a source of competitive edge but also create data-privacy and ethics concerns. Agarwal et al. document AI 
("financial intelligence") corporate finance uses to automate reporting and risk management, demonstrating revolutionary 
effects in corporate finance. 

5) Event-Driven and Technical Architectures: Works explaining system design and workflow, like Vaduka et al. These pieces 
(usually technical case studies) describe architectures for PFM: gathering disparate financial data, carrying out preprocessing 
(cleaning, normalization, feature extraction) and utilizing NLP models (e.g. GPT-2/BERT) to process text financial data. They 
highlight hybrid AI-human systems and modular data pipelines to enable scalability and maintainability. 

Every category cuts across publication types. Radhakrishnan et al.is a theory discussion of AI in advisory services, Purwar et al. is a 
conference survey of predictive analytics, Pangavhane et al.is an application-focused case study, and Ambuli et al.is a technical 
application of portfolio ML. This taxonomy is useful in structuring the literature by focus (personal vs. corporate finance, 
algorithmic vs. ethical) and methodology (empirical vs. conceptual). 

 
IV.   COMPARATIVE ANALYSIS 

Table.II. compares representative works along key dimensions. We select examples of each type, noting application domain, AI 
techniques, and main outcomes. 

Table.II. Comparison of selected AI-finance systems from literature. 
Type Application AI Techniques Key Findings 

Technical 
(Portfolio) 

Investment 
Management 

Real-time ML models 
(SVM, GBM) 

AI-driven portfolio optimizer yields 12.5% ROI, 
Sharpe 1.2 and low drawdown, outperforming static 
rules. 

Theoretical/Survey Personal 
Advisory 

ML + NLP (data 
analytics) 

AI systems analyze portfolios and user preferences to 
deliver personalized advice. Emphasizes quality and 
accessibility of recommendations and notes 
privacy/bias challenges. 

Technical 
(Workflow) 

PFM Decision 
Support 

Transformer NLP 
(GPT-2, BERT) 

Uses GPT-2 to process textual financial data (news, 
reports) for summarization and sentiment analysis, 
aiding user decision-making. Demonstrates NLP-
driven insight generation. 

Application/Case Personal 
Finance App 

Data analytics, 
predictive models 

Case study of an AI-finance app shows improved 
financial literacy and outcomes. Reports growing 
user trust and notes that transparent AI frameworks 
help address privacy concerns. 

Survey (Predictive) Market 
Forecasting 

Predictive analytics 
(qualitative) 

Survey highlights that predictive models enhance 
market trend forecasting; however, models must 
adapt to context shifts. Emphasizes ethical use, 
calling for stricter data protection and transparency. 

 Throughout these examples, shared findings appear. AI methods—from traditional ML to deep NLP—facilitate more adaptive and 
customized finance services. The Technical type shows how algorithms can dynamically optimize portfolios, whereas Application 
type and Theoretical/Survey type emphasize personal budgeting/advice driven by pattern recognition. Ethico-legal issues arise in 
Theoretical/Survey type and Survey (Predictive) type which emphasize data privacy and fairness. Most prominently, pieces such as 
Technical type incorporate sophisticated NLP architectures (GPT-2, BERT) to facilitate better analytics. Such relative discoveries 
inform our platform design: we incorporate event-driven workflows and pretrained architectures to inherit such advantages while 
incorporating explainability modules to meet trust and compliance needs. 
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V.  METHODOLOGY 
The envisioned finance management system has a modular, event-driven process. Initially, user information and external sources 
(bank account activity, credit/market APIs) are imported through a secured API gateway (e.g. Supabase backend). On every 
incoming event (new transaction or market update), an event processor (using Inngest or ArcJet frameworks) invokes the associated 
pipeline. Data preprocessing modules sanitize and normalize records, feature-extract and classify expenses. Concurrently, the 
system fetches real-time financial data (currency rates, stock prices) to enrich the user’s financial profile. Next, the pre-trained AI 
models are invoked. 
For expense tracking and categorization, a classifier model processes transaction data. For budgeting, a forecasting model (e.g. time-
series predictor) projects future cash flows based on historical patterns. Investment recommendations use a portfolio-optimization 
model akin to Ambuli’s, dynamically suggesting reallocations (maximizing expected return for a given risk). For explanation, when 
users ask for explanations, the system talks to an XAI module (e.g. SHAP analysis) to identify main drivers of any prediction. The 
analytics findings and suggestions are finally aggregated into explainable outputs. Dashboards and alerts (e.g. budget reminders, 
spending summaries) are created and dispatched to the client machine. Throughout, the architecture takes advantage of cloud 
scalability: everything (APIs, databases, ML services) is a managed cloud service, so the platform can scale with user load. 
Privacy is preserved by encrypting data at rest and giving users control over data sharing. User-centered design, in the form of 
simple explanation and adjustable settings, builds trust and complies with regulatory transparency. In total, this approach brings 
together the insights from the literature (Table I) into an embodied architecture. Real-time handling of data and event-driven triggers 
(by Technical (Workflow) type) provide automation and responsiveness. Using pretrained models accelerates development while 
accuracy is continually enhanced through retraining over aggregated data. Through incorporation of ethical safeguards and 
personalization, the platform strives to provide scalable, automated management of finance attuned to user requirements and best 
practice. 

VI.    FUTURE SCOPE 
A few extensions can further propel the platform: 
1) Blockchain and DeFi: Implement blockchain for immovable transaction histories or rule-enforcing smart-contract-based 

savings plans. For instance, users can lock up savings in a digital contract that automatically applies rules. Cryptocurrencies and 
decentralized finance instruments can be added, enabling users to invest or exchange assets within the same app. 

2) Native Mobile Apps: Creating iOS/Android versions that have offline functionality would improve access. Native push 
notifications and biometric authentication (e.g. fingerprint login) would improve ease of use. 

3) Regulatory Compliance Module: Automated compliance checking with an AI-driven checker would maintain all advice within 
financial regulations (e.g. rules on investment suitability). Automatic reporting for audit trails or tax purposes would assist users 
in fulfilling reporting obligations. 

4) Federated Learning: Enable models to train locally or institution-to-institution without exposing raw user data, improving 
privacy. Banks, for example, might enhance fraud detection models in partnership while client data remains siloed. 

5) Voice and AR Interfaces: Integrate voice assistants (e.g. Alexa skill) to enable users to ask about finances using voice. AR 
overlays (e.g. scanning a receipt using a smartphone to receive insights) might simplify expense capture. 

6) Gamification and Social Finance: Add community elements such as joint saving targets or competitions with peers. Social 
comparison (anonymized peer spend baselines) could drive engagement. These could be facilitated by AI without 
compromising confidentiality. 

7) Advanced Analytics: Apply graph-based ML to study financial conduct, or sentiment analysis on news to provide market 
intelligence. AI may also simulate lifecycle events (retirement savings, significant purchases) to provide long-term advice. 

These future-forward additions are technically feasible and would further enrich the platform to make it more inclusive and 
accessible. All extensions would be designed with care for ethical use and transparency, carrying on the platform’s legacy of trusted 
AI. 

VII. CONCLUSION 
The intersection of cloud‑native architectures and artificial intelligence is bringing with it a new age for personal finance based on 
perpetual, data‑driven decision support, rather than occasional human review. Event‑driven pipelines allow for real‑time ingestion 
of market and transaction data, while scalable serverless functions and microservices make it so even the most complex machine 
learning models can run at web scale. Consequently, consumers are able to take advantage of up-to-the-minute insights—e.g., real-
time budget warnings, real-time spending projections, and automated anomaly detection—that would have been out of the question 
under legacy batch‑based systems. 
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However, with great technical might comes increased responsibility. Explainable AI platforms are no longer desirable niceties but 
essential elements that unshroud algorithmic reasoning from end users and regulators as well. In‑built privacy protections ranging 
from fine‑grained access controls and encryption‑at‑rest to differential‑privacy methods at model‑training time are indispensable for 
shielding sensitive financial information from abuse. Ethical governance frameworks will need to direct the development and 
deployment of these systems to ensure they contain bias, honor consumer self-determination, and meet changing regulatory 
requirements in jurisdictions. 
In the future, the most effective personal finance tools will be those that merge automated intelligence and human oversight—each 
contributing their respective strengths. Hybrid advisory frameworks, where routine analysis is performed by AI and humans 
concentrate on nuanced, empathetic advice, will be the standard. In addition, as generative AI advances, we can expect 
conversational interfaces that talk with users naturally, providing financial education and actionable feedback. Ultimately, by 
democratizing access to advanced analytics and personalized advice, AI-fueled finance platforms can not only optimize individual 
performance but also drive increased financial inclusion and resilience for diverse populations. 
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