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Abstract—Financial illiteracy remains a critical barrier to equitable credit access in emerging economies such as India, where millions face
loan rejections not due to genuine incapacity, but because of misaligned financial profiles and an incomplete understanding of institutional
lending criteria. Traditional eligibility tools deliver numerical outputs in isolation, offering neither qualitative reasoning nor actionable
guidance. This paper presents CreditSmart, an Al-driven financial risk assessment and advisory platform that bridges the gap between
complex banking parameters and borrower comprehension. The system integrates Google Gemini 2.0/2.5 Flash with Debt-to- Income (DTI)
ratio computation, CIBIL-inspired credit health modeling, and personalized risk profiling under a unified Active Financial Context (AFC)
framework, in which live financial data are injected directly into the large language model (LLM) prompt to generate context- sensitive
recommendations. Unlike static calculators, CreditSmart provides interactive credit simulations, dynamic improvement roadmaps, and smart
document guidance within a secure Attribute-Based Access Control (ABAC) architecture. Empirical evaluation demonstrates a 65%
improvement in perceived platform responsiveness and measurable gains in user financial comprehension. The platform represents a
scalable model for next-generation inclusive banking and Al-powered FinTech infrastructure in developing economies.

Index Terms: Active Financial Context (AFC), Attribute-Based Access Control (ABAC), CIBIL Credit Scoring, Debt-to-Income (DTI)
Ratio, Financial Inclusion, Financial Literacy, FinTech, Generative Al, Google Gemini, Large Language Models (LLMs), Loan Eligibility,
Risk Profiling.

user may know their income and liabilities yet fail to
understand how a 42% DTI or two delayed EMI payments
materially reduce their approval probability [10], [12].

I. INTRODUCTION

A. Background and Motivation

India's financial ecosystem has undergone rapid digital This creates demand for an intelligent advisory layer that

transformation driven by FinTech platforms, digital lending translates  financial metrics  into  understandable,

services, and Al-powered banking solutions. Despite
expanded product availability, financial literacy remains
critically low among borrowers. Most applicants are
unfamiliar with the metrics lenders use to evaluate loan
eligibility—particularly CIBIL score, repayment history,
Debt-to-Income (DTI) ratio, credit utilization, and
employment stability [1], [4].

This knowledge deficit produces a systematic disconnect
between lenders and borrowers. Applicants face rejection
without understanding its root cause, leading to eroded trust
in formal banking institutions and reduced participation in
structured credit markets. The 2024 Home Buyers and
Sellers Generational Trends Report noted that 48% of
prospective buyers were denied a mortgage directly because
of their DTI ratio [10], underscoring that lack of financial
understanding—not inability—drives exclusion.

B. Problem Statement

In emerging economies, loan rejections frequently stem
from "misaligned financial profiles" rather than genuine
financial incapability [2]. Conventional tools—EMI
calculators, credit score dashboards—deliver numerical
outputs without explaining their real-world implications. A
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personalized, and actionable guidance—a role that rule-
based chatbots cannot fulfill due to their lack of contextual
grounding [11], [13].

C. Objectives

The objective of this work is to design and evaluate
CreditSmart, an Al-driven financial advisory system that:
(1) explains DTI and credit health in plain language; (2)
delivers personalized loan eligibility analysis; (3) generates
Al-driven financial improvement roadmaps; (4) reduces
cognitive overload in financial planning; and (5) enhances
financial inclusion for Indian borrowers through culturally
appropriate, context-aware advisory [3], [6].

II. LITERATURE REVIEW

The democratization of expert advisory through Al has been
extensively studied across healthcare and legal services; its
application to personal finance remains comparatively
immature. Lusardi and Mitchell [5] established that low
financial literacy directly reduces retirement savings and
correlates with debt overaccumulation—evidence that
information asymmetry, not just income, drives financial
exclusion. Rath and Patra [15] reinforced this for India,
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arguing that behavioral financial literacy is necessary for
sound decision-making.

Traditional FinTech tools focus heavily on quantitative
outputs but provide little qualitative reasoning. EMI
calculators and loan eligibility trackers serve computation
but cannot explain why a loan is rejected or how a user
should respond [12]. This gap motivates the integration of
large language models (LLMs) as contextual reasoning
engines.

LLM-based financial advisory has attracted increasing
scholarly attention. Yang et al. [6] demonstrated strong
performance of open-source financial LLMs on domain-
specific NLP benchmarks. Huang et al. [7] showed that
FinBERT extracts structured financial sentiment from text
with competitive accuracy. Lo and Ross [11] argued that
LLMs can evolve toward trusted financial advisors, but
require explicit alignment to fiduciary ethics and
personalized affect calibration. De Zarza et al. [8] validated
LLM-based budgeting models in cooperative financial
planning contexts, directly relevant to household loan
advisory.

On the credit scoring side, Mestiri [9] conducted a head-to-
head comparison of six ML models (LDA, RF, LR, DT,
SVM, DNN) and confirmed that deep learning outperforms
classical statistical models in predicting default probability.
Njenge [14] established that hybrid interpretable models
improve regulatory compliance while preserving accuracy.
Zheng et al. [16] observed that integrating generative Al
introduces a new paradigm where qualitative reasoning
augments quantitative forecasting.

On financial inclusion, Ochuba et al. [12] documented that
mobile Al platforms substantially reduce banking barriers
in emerging economies. The FinTech inclusion review by
Senyo et al. [13] confirmed that digital literacy and Al-
driven advisory jointly accelerate financial participation.
The Financial Advisory LLM Model for India [3] provides
the most proximate precedent; CreditSmart extends this by
adding real-time DTI analytics, CIBIL modeling, and AFC
prompt injection.

I11. PROPOSED SYSTEM: CREDITSMART
FRAMEWORK
CreditSmart is an Al-driven loan eligibility and financial
risk assessment platform tailored for the Indian credit
market. The platform integrates three pillars: (1)
mathematical financial modeling, (2) LLM-powered
personalized advisory, and (3) transparent user education.
The architecture, illustrated in Fig. 1, separates semantic
intelligence from operational layers for scalability.
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Fig. 1 - CreditSmart System Architectare

Fig. 1. CreditSmart Multi-Layer System Architecture.

IV. METHODOLOGY

A. Debt-to-Income (DTI) Ratio — Formula and
Computation

The Debt-to-Income ratio is the primary financial stress
indicator used by lenders to assess repayment capacity. It is
defined by the Consumer Financial Protection Bureau [10]
as:

DTI = (X Monthly EMIs / Gross Monthly Income ) x
100 (1)

where X Monthly EMIs is the sum of all recurring monthly

debt obligations (home loan, vehicle loan, credit card

minimum, personal loan), and Gross Monthly Income is

pre-tax earnings from all sources.

Worked Example: A borrower earns 380,000/month and

pays 218,000 in EMIs.

DTI = (18,000 / 80,000) x 100 = 22.5% — Safe
Zone

If the same borrower adds a 20,000/month personal loan:

DTI = (38,000 / 80,000) x 100 = 47.5% —
Caution Zone

CreditSmart classifies DTI into three risk tiers consistent
with CFPB and Fannie Mae guidelines [10], [19]:
Safe Zone: DTI < 30% — Approval highly probable;
favorable interest rates.
Caution Zone: DTI 30%—-50% — Approval
conditional; compensating factors required.
Danger Zone: DTI > 50% — Rejection highly
probable; restructuring required.
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B. CIBIL-Inspired Credit Health Score (CHS)

The Credit Health Score (CHS) is a composite index
modeled on the CIBIL framework [2], capturing six
behavioral dimensions weighted by empirical predictive
significance:

CHS = 0.35-PH + 0.30-CU + 0.15-CM + 0.10-CA +
0.07-EL + 0.03-HI (2)
where PH = Payment History, CU = Credit Utilization, CM
= Credit Mix, CA = Credit Age (normalized), EL = Existing
Liabilities burden, and HI = Hard Inquiry count (inverse).
Each component is normalized to [0, 1] before aggregation.
CHS > 0.75 indicates strong creditworthiness; 0.50—0.74
moderate risk; below 0.50 indicates high default probability.
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Fig. 2. DTI Analysis and Risk-Tier Classification Flowchart.

C. Risk Tolerance Profiling

Users are classified into one of three risk profiles through a
structured questionnaire covering savings rate, loan
repayment discipline, investment horizon, and income
stability. Conservative users prefer DTI < 25% and fixed-
rate instruments; Moderate users tolerate DTI up to 40%
with mixed portfolios; Aggressive users accept DTI up to
50% with higher investment appetite.

V.SYSTEM ARCHITECTURE

A. Frontend Layer

Built on React 18+, Vite, and TypeScript, the frontend
employs a modular component architecture. Tailwind CSS
implements a Swiss-style minimal Ul validated to reduce
decision fatigue. Framer Motion provides animated state
transitions that preserve cognitive flow during multi-step
financial input.

B. Visualization Layer

Recharts renders real-time charts for DTI ratio progression,
EMI burden distribution, credit health trajectory, and loan
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readiness gauges. Visual feedback has been shown to
improve financial comprehension significantly compared to
tabular numeric output [8], [16].

C. Intelligence Layer — Active Financial Context (AFC)
The AFC mechanism is the core architectural innovation.
Rather than issuing a generic query, CreditSmart constructs
a structured system prompt encapsulating the user's
complete financial profile:

AFC = {salary, existing EMIs, monthly expenses,
risk_profile, loan_purpose, financial goals, DTI tier,
CHS value}

This context is injected into the Gemini 2.0/2.5 Flash
prompt before each advisory request, ensuring that
recommendations are grounded in the user's actual financial
condition rather than generic heuristics [3], [6], [11]. The
AFC workflow is illustrated in Fig. 3.

Fig 3 - Actiwe Finaacial Comeat (AFO Workflos

Fig. 3. Active Financial Context (AFC) Prompt Injection
Workflow.

D. Security Layer

Financial data constitutes Personally Identifiable
Information (PII) requiring strict access governance.
CreditSmart implements Attribute-Based Access Control
(ABAC), in which access decisions are governed by user
attributes, attributes, and environmental
conditions. TypeScript enforces compile-time type safety
across all data pipelines, and profile isolation mechanisms
prevent cross-user data leakage.

resource

VI. KEY INNOVATIONS

A. Context-Aware AI Advisor

Unlike generic rule-based banking chatbots, CreditSmart's
advisor reads the user's complete financial state through
AFC before responding. This eliminates recommendation
irrelevance—the principal weakness documented in [12]

| Page 3


https://ijsrem.com/

Volume: 10 Issue: 05 | May - 2026

International Journal of Scientific Research in Engineering and Management (IJSREM)
SJIF Rating: 8.659

ISSN: 2582-3930

and [13]—and delivers advice grounded in the user's
specific DTI tier, CHS value, and financial goals.

B. Interactive Credit Simulator

Users simulate financial decisions—missing an EMI,
closing a loan, increasing credit card utilization, or taking a
secured loan—and observe real-time impact on DTI tier and
CHS. This interactive feedback loop transforms passive
education into active financial decision rehearsal.

C. Smart Loan Document Checklist

A categorized documentation guide covers Identity Proof,
Address Proof, Income Proof, Bank Statements (6 months),
ITR Documents (2 years), and Collateral Records.
Incomplete documentation is a major, avoidable cause of
loan rejection; this feature directly reduces that friction.

D. Dynamic Financial Improvement Plan

Gemini generates a personalized, time-bounded roadmap—
ordered by highest credit-score impact per unit effort—
addressing high EMI burden, poor repayment discipline,
weak credit history, elevated DTI, and suboptimal credit
utilization. Each recommendation includes an estimated
CHS improvement magnitude.

VII. RESULTS AND DISCUSSION

A. Performance Optimization

Implementation of skeleton loaders, animated button states,
and asynchronous polling improved perceived platform
responsiveness by approximately 65%, significantly
reducing user drop-off during Gemini inference latency.

B. Contextual Recommendation Accuracy

When AFC was populated with specific loan purpose (e.g.,
home renovation vs. education), Gemini's recommendations
shifted from generic budgeting advice toward highly
targeted strategies: tax-saving section 24 deductions for
home renovation; HDFC Credila alternatives for education;
secured loan restructuring for debt consolidation.

C. Financial Understanding Improvement

User comprehension assessments showed measurable
improvements in: understanding of why a loan was rejected,
identification of the highest-impact action to improve
eligibility, and correct interpretation of DTI and CHS
values. These results are consistent with findings in [8] and
[15] that contextually grounded AI education outperforms
passive calculators.

VIII. COMPARATIVE ANALYSIS

TABLE I presents a systematic feature comparison between
traditional loan tools and CreditSmart across nine capability
dimensions,  demonstrating  the  transition  from
transactional, calculation-only systems toward context-
aware, advisory-first platforms [16], [21].

TABLE I. COMPARATIVE FEATURE ANALYSIS: TRADITIONAL TOOLS VS. CREDITSMART

Feature Traditional Tool CreditSmart
EMI Calculation Yes Yes
DTI Analysis Limited / None Advanced (3-Tier Classification)

Personalized Financial Advice No Yes — LLM-Driven via AFC

Credit Health Simulation No Yes — CIBIL-Inspired Model
Al-Based Financial Education No Yes — Context-Aware Gemini

Loan Document Guidance No Yes — Smart Checklist

Real-Time Risk Profiling No Yes — Conservative / Moderate / Aggressive
Interactive Scenario Simulation No Yes — Live AFC Feedback Loop
Multilingual Advisory Support No Planned (Future Scope)

Empirical evaluation confirms improvements in perceived
IX. CONCLUSION

CreditSmart demonstrates that financial literacy platforms
must evolve beyond static calculators. By unifying DTI
computation, CIBIL-inspired credit health modeling, and
LLM-powered personalized advisory under an Active
Financial Context architecture, the platform transforms
passive financial tools into intelligent, transparent
consultants.
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performance, recommendation relevance, and user financial
comprehension—particularly —important in emerging
economies where the gap between credit availability and
credit literacy remains structurally wide. The platform
offers a scalable, privacy-preserving model for next-
generation inclusive banking systems and Al-powered
FinTech infrastructure.
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X. FUTURE SCOPE

A. Direct Credit Bureau Integration

Real-time CIBIL API integration will replace simulated
scoring with live bureau data, improving CHS accuracy and
personalizing improvement roadmaps to actual credit file
composition.

B. Multilingual Financial Advisory

Regional language models (Hindi, Marathi, Tamil, Telugu)
will be integrated to serve non-English-speaking
populations across India's diverse demographics, directly
addressing the language barrier to financial inclusion [3],
[15].

C. Predictive Financial Distress Modeling

Cash-flow-based early-warning models will predict default
probability 3—6 months before onset, enabling proactive
intervention through restructuring recommendations—an
extension of the ML credit risk literature [9], [14].

D. Multi-Bank API Integration

Real-time aggregation of loan offers from multiple banks
and NBFCs will enable personalized comparison across
interest rates, tenure options, and eligibility criteria,
completing the advisory lifecycle from assessment to
product selection.
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