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Abstract - The widespread adoption of digital payment
ecosystems has rendered conventional manual methods of
personal financial tracking inadequate for modern users. This
paper presents the design, implementation, and evaluation of
an Al-Powered Personal Finance Intelligence Platform—a
full-stack web application integrating machine learning-driven
expense forecasting with comprehensive financial record
management. The system is built using a React.js/Next.js
frontend, a Node.js/Express.js RESTful backend, and a
MongoDB document database, augmented by a Python-based
Al prediction module employing Random Forest Regression.
The platform enables users to monitor income sources,
categorize daily expenditure, set category-wise budgets,
manage EMI obligations, track savings goals, and generate
downloadable PDF financial reports. A rule-based smart
recommendation engine supplements the predictive model by
providing personalized advisory insights concerning
overspending patterns, debt burden levels, and savings
optimization strategies. Experimental evaluation demonstrates
that the system reliably forecasts monthly expenditures from
historical transaction data, achieving a mean absolute error of
approximately INR 1,842 and an overall prediction accuracy
of 91.3%, significantly outperforming conventional expense-
tracking tools in financial intelligence depth.

Key Words: Personal Finance Management, Artificial
Intelligence, Expense Prediction, Random Forest Regression,
Budget Optimization, Full-Stack Web Application.

1. INTRODUCTION

In the contemporary digital economy, individuals routinely
execute a high volume of financial transactions daily—
spanning salary credits, utility payments, equated monthly
installments (EMIs), e-commerce purchases, and subscription
renewals. As transactions proliferate across UPI, mobile
wallets, debit/credit cards, and banking applications,
maintaining an accurate, unified, and intelligent view of
personal finances has become increasingly challenging [1].

Traditional personal finance management approaches—
handwritten ledgers, spreadsheet models, and rudimentary
expense-tracker applications—are confined to passive data
storage and elementary summaries. They neither provide
forward-looking financial guidance nor adapt to evolving user
behavior. Consequently, many individuals suffer from
persistent challenges including uncontrolled overspending,
insufficient savings, missed EMI due dates, and a general lack
of financial health awareness [2], [4].

The emergence of Artificial Intelligence (Al) and Machine
Learning (ML) technologies within the financial domain
presents a transformative opportunity to evolve personal
finance management from simple bookkeeping into predictive
financial intelligence. ML algorithms can analyze historical
spending patterns, detect behavioral anomalies, forecast future
expenditure, and generate personalized financial advisory
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insights—capabilities that fundamentally exceed those of
conventional tools [3].

This paper describes the complete design, implementation,
and performance evaluation of the Al-Powered Personal
Finance Intelligence Platform. The system is a full-stack web
application that unifies financial transaction management with
Al-driven analytics. Key contributions include: (i) a modular
four-layer full-stack architecture; (ii) a trained Random Forest
Regression model for monthly expense forecasting; (iii) a rule-
based recommendation engine for personalized financial
advisory; and (iv) comprehensive empirical validation across
all system modules.

2. LITERATURE REVIEW

Research in Al-based personal financial management has
grown substantially, driven by advances in machine learning
and data availability. This section reviews significant prior
works to contextualise the contributions of the proposed
system.

Kumar and Sharma [1] proposed a machine learning
framework for personal finance prediction using supervised
regression models. Their evaluation demonstrated that
ensemble methods outperform linear models in capturing non-
linear spending behavior, though their work lacked a
deployable user-facing application layer.

Patel et al. [2] presented an Al-driven budgeting and
financial planning system evaluated across 1,000 users over six
months, reporting significant improvements in savings rates
and reductions in financial stress. However, the architecture
did not incorporate EMI lifecycle management or
downloadable report generation.

Challoumis [4] examined how Al-powered tools are
democratising access to sophisticated financial analysis,
historically available only through wealth management
advisory services, highlighting the critical importance of
personalisation in financial recommendations.

Wen and Li [9] investigated LSTM-Attention-LSTM
architectures for time-series financial prediction. While deep
learning demonstrated superior accuracy on longer sequences,
Random Forest Regression offered comparable performance
with markedly lower computational requirements on short-
window transactional datasets, informing the model selection
in the present work.

Pedregosa et al. [6] documented the scikit-learn
ecosystem, establishing the Random Forest Regressor as the
standard tool for structured numerical prediction tasks across
finance, healthcare, and engineering domains.

A review of existing academic projects reveals a consistent
pattern: most implementations are confined to simple CRUD-
based record storage with basic charting, without integrating
Al prediction, personalised recommendation, financial health
scoring, or professional report generation. The proposed
platform addresses all these identified gaps in a single
deployable ecosystem.
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3. SYSTEM ARCHITECTURE AND
METHODOLOGY

3.1 Overall System Architecture

The proposed platform follows a four-layer client-server
architecture. (i) The User Interface Layer comprises all user-
facing screens—authentication, dashboard, income/expense
management, budget planning, EMI tracking, savings
monitoring, Al prediction panel, and report download—
developed using React.js and Next.js. (ii) The Application
Logic Layer manages validation, budget deviation analysis,
EMI reminder processing, and financial health score
computation. (iii) The Backend API Layer, implemented with
Node.js and Express.js, handles REST API routing, JWT-
based authentication, database interaction, Al module
communication, and PDF generation. (iv) The Database and
Al Layer consists of a MongoDB database storing nine
collections alongside a Python Al engine for forecasting.

3.2 System Workflow

The operational workflow is as follows: the user
authenticates through a JWT-secured session; income and
expense records are transmitted to backend APIs as JSON
HTTP requests; the backend validates, processes, and persists
data in MongoDB; the expense intelligence engine aggregates
monthly category totals, computes income-to-expense ratios,
identifies budget deviations, and assembles a structured
historical dataset; the Random Forest Regression model
processes this dataset to generate a predicted next-month
expenditure; the recommendation engine evaluates predictions
against defined thresholds to produce advisory messages; and
the dashboard is updated with real-time charts and Al outputs.

MODULE INTERACTION DIAGRAM

- Intelligent Finance Lifecycle .
L AUTHENTICATION MODULE
Uiar Paghtrasson -

P -
‘ ﬁ « Laghe / Logeas

+ Wose & Aocess Cantr

o Tokan Masagerest Sk

{ ‘ vebdaton

I FINANCIAL ENTRY MODULES

. % « Ads texrae -
| « AdE Expanas

o St Saalpet / Al Eae

. wrts

‘e can A

l Ow
‘ o= Ners Codae tan
m rcomw | Lapenes Hezzem
Buckget. TN, Gonts, brvessmwts
Precictone & Fasors
[
‘ Setive
User |
Irteraction | A ANALYTICS PROCHESSOR
{ > a + Bune Aggrepatin ¥
f .ll + Exgrerae & rcor Arwdpua
+ Trend Domncten
+ Francial Memes Cainuiation
Pescesad
l rag

& Al PREDICTION MODULE

Predeton
Veara

& MECOMMENDATION ENGINE

- > ¢ et Becorrreraetens ”
[ + Buyet Optavtsation
= ¢ Bawvegs A Wrenstrent Sugoestions
« Truart Alerze & HotiSestnm Actoratse
* Atece
?

| > Com— =4 P

e 3

Foactiach

’\3 Continuous nteiligent Finance Lfecyclo ‘4

Fig -1: Module Interaction Diagram
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3.3 AI Prediction Model

The Al prediction engine is implemented in Python using
the scikit-learn Random Forest Regressor. Input feature vectors
are constructed from: total monthly income, total monthly
expense, category-wise expense totals (food, transport,
shopping, utilities, healthcare, entertainment), EMI installment
load, savings ratio, and bill payment frequency. The model is
trained on a minimum of three prior months of transaction data
per user. Prediction output includes the forecasted total
monthly expenditure, an overspending probability score, and a
financial caution level. The recommendation engine maps
outputs to advisory categories: lifestyle spending reduction
when shopping exceeds 35% of income; debt caution when
EMI ratio surpasses 40%; savings alert when savings fall
below 15% of income.
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Fig -2: Data Flow Diagram(DFD)

3.4 Technology Stack

Frontend: React.js 18, Next.js 14, Tailwind CSS, Chart.js.
Backend: Node.js, Express.js 4, Bcryptjs, JsonWebToken,
Mongoose 8, PDFKit. Database: MongoDB (document-
oriented, schema-flexible). AI Engine: Python 3.x, scikit-learn
(Random Forest Regressor), Pandas, NumPy. Version Control:
Git/GitHub. Development Tools: Visual Studio Code,
Postman, MongoDB Compass, Chrome DevTools.

4. IMPLEMENTATION

4.1 Frontend Development

The frontend was built using reusable React functional
components within the Next.js framework. The main
Dashboard page aggregates real-time financial data from
backend APIs and renders summary metric cards (Total
Income, Total Expense, Remaining Balance, Savings, EMI
Due, Al Predicted Expense, Financial Health Score) alongside
interactive charts: monthly expense trend line graph, category-
wise pie chart, and income-vs-expense bar graph. Dedicated
pages were implemented for Income Management, Expense
Management, Budget Planning with real-time deviation
indicators, EMI/Bill Reminders, Savings and Investment
Tracking, Al Prediction Panel, and PDF Report Download.
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triggered prediction request, ensuring the recency of insights at
all times.

4.4 Database Schema Design

MongoDB collections are structured for efficient querying
by userld and date range. The ExpenseRecords collection
{16,099 23901 stores: expenseld, userld (indexed), category (enum-
constrained), amount (Number), note, and date (ISO 8601).
Compound indexes on {userld, date} across transactional
collections enable rapid month-wise aggregation. The
3901 71/100 PredictionHistory collection archives each prediction output
with a timestamp, supporting longitudinal trend analysis of
financial improvement over time.
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Fig -3: Main Dashboard Interface Output
4.2 Backend API Development

The backend server initializes Express.js on port 5000 with
a Mongoose connection to MongoDB. Seven modular route
groups were defined: /api/auth  (registration/login), Wy - Marrige
/api/income, /api/expense, /api/budget, /api/emi, /api/ai S ——
(prediction trigger), and /api/report (PDF generation). Each
route references a dedicated controller module. User passwords
are hashed via Berypt (salt factor 10) prior to storage. JWT
tokens are issued on successful login and validated by
authentication middleware on all protected routes, ensuring
only authorised users access personal financial data.

Fig -5: Al Prediction and Smart Recommendation Output
5. EXPERIMENTAL RESULTS

Transactions The system was subjected to comprehensive functional
testing, API response time benchmarking, and Al prediction
accuracy assessment. Testing employed synthetic financial
datasets spanning six months of simulated user transaction
histories with variable income (INR 25,000—75,000/month),
diverse expense categories, and realistic EMI obligations.
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4.3 Al Prediction and Recommendation Engine

The Python AI engine (financePredictor.py) receives a INR 40,000.00 INR 16,099.00 INR 23,901.00
structured JSON payload of historical monthly financial
vectors from the Node.js backend via child process invocation.
The Random Forest Regressor is trained on available user
history and generates a future expenditure estimate, serialised
to JSON and returned to the backend. The recommendation
engine (recommendationEngine.py) independently evaluates
current expense, savings, and EMI values against defined
thresholds to produce an ordered list of advisory messages. . ) ) )
Both modules are stateless and recompute results on each user- Fig -6: Generated Financial Intelligence PDF Report
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Table -1: Module-Wise Functional Testing and Performance Results

Module / Feature | Status | Resp.(ms MAE Accuracy
) (INR)

User Pass <120 N/A 100%

Authentication

Income / Expense | Pass <95 N/A 100%

CRUD

Budget Planning | Pass <110 N/A 100%

& Alert

EMI Reminder | Pass <80 N/A 100%

Engine

Al Expense Pass <350 1,842 91.3%

Prediction

Recommendation Pass <200 N/A 100%

Engine

PDF Report | Pass <430 N/A 100%

Generation

Dashboard Pass <160 N/A 100%

Analytics

Table 1 presents functional test results and API response
times across all eight primary system modules. All modules
achieved 100% functional pass rates. Al prediction response
time remained below 350 ms even for the largest test datasets,
confirming real-time usability. The Al expense prediction
module achieved a mean absolute error (MAE) of INR 1,842
and an overall directional accuracy of 91.3%, demonstrating
reliable estimation of monthly expenditure trends from
historical data.

Table -2: Comparative Analysis with Existing Personal Finance

Solutions
Feature Propose | Basic Excel Bank
d Apps Apps
Expense Recording Yes Yes Manual | Partial
Budget Planning Yes Partial | Manual No
EMI / Bill Reminders Yes Rare No Partial
Al Expense Forecasting Yes No No No
Smart Yes No No No
Recommendations
Financial Health Score Yes No No No
PDF Report Download Yes Rare Manual No
© 2026, IJSREM | https://ijsrem.com

6. DISCUSSION

The experimental results validate that the proposed
platform substantially advances the state of the art in accessible
personal financial management. The 91.3% Al prediction
accuracy is contextually significant given the inherent
stochasticity of individual spending behavior; comparable
supervised learning models in the literature report accuracy
ranges of 85-94% on structured monthly financial datasets [1],
[2], placing the proposed model competitively within the
domain.

Table 2 confirms that the proposed system uniquely
combines all seven critical financial intelligence dimensions—
expense recording, budget planning, EMI reminders, Al
forecasting, smart recommendations, financial health scoring,
and PDF reporting—within a single deployable platform.
Existing consumer-grade tools address at most three or four of
these dimensions, leaving substantive gaps in predictive and
advisory capability [4]. The financial health score computed
from income, expenditure, savings, and EMI burden ratios
provides users with an actionable, scalar indicator of monetary
wellness typically available only through paid financial
advisory services.

7. CONCLUSION AND FUTURE SCOPE

This paper presented the complete design, implementation,
and experimental evaluation of an Al-Powered Personal
Finance Intelligence Platform—a full-stack web application
integrating machine learning-based expense forecasting,
comprehensive financial transaction management, and a
personalised recommendation engine within a unified
deployable architecture. All eight system modules achieved
100% functional correctness, with Al expense prediction
attaining 91.3% accuracy and a MAE of INR 1,842 against
synthetic user datasets. The platform successfully bridges the
gap between passive financial record-keeping and proactive
intelligence-driven personal financial advisory.

Future enhancements include: automatic bank statement
and UPI transaction import via open-banking APIs; real-time
SMS-based expense detection; an Al conversational chatbot
for natural-language financial queries; mobile application
integration for Android and iOS platforms; income tax
estimation and investment growth prediction modules. These
extensions will progressively evolve the platform toward a

commercially viable, comprehensive digital financial
companion.
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