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Abstract—India's gig economy engages an estimated 15 million 

workers as of 2024, yet over 95% of them lack a CIBIL score and are 

systematically excluded from formal credit markets. Traditional credit 

bureaus — CIBIL, Equifax, and Experian — rely on salary slips, ITR 

filings, and formal credit history that gig workers cannot provide, 

creating a credit gap exceeding Rs. 6 lakh crore ($72 billion). This 

paper presents FinXCredit, a production-grade AI-powered alternative 

credit risk assessment system purpose-built for gig economy workers 

across India. The system trains an XGBoost gradient boosting 

classifier on a pan-India synthetic dataset of 100,000+ records 

spanning 28 states, 8 Union Territories, three city tiers, and five 

worker categories. A novel 5-factor heuristic scoring engine assigns 

gig-worker-sensitive weights, critically placing 2.3× greater emphasis 

on transaction activity (35%) for gig workers versus salaried workers 

(20%), validated empirically by a 29.7 percentage-point difference in 

default rates between high- and low-transaction-activity gig workers. 

SHAP (SHapley Additive exPlanations) provides per-decision 

explainability compliant with RBI's 2022 Digital Lending Guidelines. 

The platform includes OCR-based PAN/Aadhaar KYC verification, 

Account Aggregator simulation, Google OAuth via Firebase, real OTP 

delivery via Brevo SMTP, JWT-based RBAC, and interactive credit 

simulation — all deployed on Render cloud. XGBoost achieves 78.6% 

accuracy and 0.85 ROC-AUC on the holdout test set, outperforming 

logistic regression by 11 percentage points. FinXCredit demonstrates 

that alternative data-driven credit scoring can effectively and fairly 

evaluate creditworthiness for India's 400 million credit-invisible gig 

workers. 
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I. INTRODUCTION 

India's gig economy is one of the fastest growing in the 

world. According to NITI Aayog [1], gig workers will account 

for over 23.5 million of India's active workforce by 2029-30. 

This growth is driven by the rapid rise of platforms such as 

Swiggy, Zomato, Ola, Uber, Urban Company, and Rapido. 

Despite providing significant economic value and showing 

reliable financial behavior through digital payment platforms, 

these workers are often left out of formal credit markets. 

Traditional banks and non-banking financial companies 

(NBFCs) depend on CIBIL scores, salary slips, and Income 

Tax Return (ITR) filings to evaluate creditworthiness. Gig 

workers, including delivery drivers, freelancers, street vendors, 

and auto-rickshaw drivers, earn variable income through UPI 

payments, cash, or platform-based settlements. They cannot 

provide the required documents. Less than 5% of India’s gig 

workers have a qualifying CIBIL score, and those who try to 

apply for formal credit are often turned away by automated 

bank algorithms before any human review takes place. This 

leads to a credit gap of over Rs. 6 lakh crore, pushing millions 

to rely on predatory informal lenders at interest rates ranging 

from 36% to 60% annually [1]. 

FinXCredit aims to close this gap by using alternative 

financial data. It analyzes UPI transaction patterns, bank 

statement behavior, savings ratios, digital payment use, and 

income volatility to create fair, explainable credit scores for 

individuals who are 'credit invisible' to traditional financial 

institutions. Unlike similar academic projects, FinXCredit 

operates as a fully functional platform instead of a standalone 

machine learning experiment. 

The main contributions of this paper are: (1) a nationwide 

gig worker loan dataset with over 100,000 records covering all 

36 administrative units; (2) a new 5-factor scoring engine 

designed for gig workers, with empirically supported weights; 

(3) a FastAPI system deployed in production that includes end-

to-end KYC, Account Aggregator simulation, and role-based 

access control (RBAC); (4) SHAP-powered explanations for 

each decision that meet RBI Digital Lending Guidelines; and 

(5) comparative experimental validation showing significant 

accuracy improvements over traditional scoring methods and 

baselines.. 

II. BACKGROUND AND RELATED WORK 

A. Traditional Credit Scoring and Its Limitations 

The FICO score, created by Fair Isaac Corporation in 1956, laid 

the groundwork for modern credit scoring. It uses five factors: 

payment history (35%), amounts owed (30%), credit history 

length (15%), new credit (10%), and credit mix (10%) [2]. 

Indian credit scoring, led by CIBIL (TransUnion), follows a 

similar approach with a scale ranging from 300 to 900. While 

it works well for established borrowers with formal work 

histories, these systems cannot evaluate individuals who are 

credit-invisible. Brevoort et al. [3] noted that thin-file 

borrowers—those with fewer than five bureau tradelines—

often receive unreliable or missing scores even if they manage 

their finances well. In the context of India's gig economy, this 

issue is significant: over 95% of gig workers lack a bureau 

score. 

B. Alternative Data in Credit Scoring   

The case for alternative data in credit scoring is strong. 

Bjorkegren and Grissen [4] showed that mobile call detail 

records can predict loan defaults with an AUC of 0.71 based on 

Kenyan borrower data, which is similar to traditional bureau 

models. The World Bank [5] found that digital wallet 

transaction histories increase approval rates for thin-file 

borrowers by 23% without raising default rates. Indian fintech 

companies like Perfios have shown how NLP can analyze bank 

statements for non-bureau borrowers. Alibaba's Ant Financial 

found that e-commerce purchasing patterns, seller ratings, and 

time spent on the platform are reliable indicators of SME 

creditworthiness [6]. These findings directly influence 
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FinXCredit's features on digital ratios and transaction 

frequency.  

C. Machine Learning for Credit Risk   

Ensemble methods consistently outperform logistic regression 

when it comes to credit risk datasets. Lessmann et al. [7] tested 

41 classifiers across 8 public datasets and found that gradient 

boosting variants performed the best. Chen and Guestrin [8] 

demonstrated that XGBoost won 17 out of 29 Kaggle 

challenges, particularly excelling with tabular financial data. 

Brown and Mues [9] highlighted that gradient boosting works 

better on imbalanced credit datasets, which is important for gig 

worker credit, where default rates are significantly different 

from those of traditional borrowers. Xia et al. [10] confirmed 

that XGBoost achieved an AUC of 0.74 on P2P lending data, 

with income volatility and debt-to-income ratio being the most 

important features, aligning with FinXCredit's findings. 

D. Explainability and Regulatory Context   

The Reserve Bank of India's Digital Lending Guidelines (2022) 

[11] require lenders to give borrowers clear reasons for loan 

rejections. This rule cannot be met by black-box models. 

Lundberg and Lee [12] introduced SHAP values, which 

provide feature attributions based on Shapley values from 

cooperative game theory. SHAP is now the industry standard 

for explaining tree-based financial AI systems. Ribeiro et al. 

[13] suggested LIME as an alternative, but SHAP's solid 

mathematical foundation and the TreeExplainer optimization 

for XGBoost make it the preferred option for credit systems in 

use. FinXCredit uses SHAP v0.45+ TreeExplainer for detailed 

predictions stored in PostgreSQL and displayed in a React 

interface. 

E. Research Gaps   

Most studies on alternative credit scoring focus on datasets 

from developed countries like the US, UK, and Kenya. There 

is a notable lack of academic research on the financial data of 

gig workers in India. While some platforms score borrowers, 

they do not feature interactive credit simulators. Academic 

papers on ML in credit rarely show real-world application 

involving OTP delivery, Firebase OAuth, KYC verification, 

and admin portals. The weight differentiation sensitive to gig 

workers, which this work has validated, is a new contribution 

that is missing from earlier studies. 

III. SYSTEM ARCHITECTURE 

A. Three-Tier Architecture Overview 

FinXCredit follows a three-tier architecture: (1) 

Presentation Layer — React 19 + Vite frontend; (2) Business 

Logic and API Layer — FastAPI (Python 3.10+) backend with 

Uvicorn ASGI; (3) Data Persistence Layer — PostgreSQL 16 

with SQLAlchemy 2.0 ORM. The ML pipeline (XGBoost 

model, SHAP explainer) is embedded within the backend as 

Python service modules. External integrations include Firebase 

Admin SDK (Google OAuth), Brevo SMTP (OTP delivery), 

and a simulated Account Aggregator service. 

TABLE I SYSTEM COMPONENT OVERVIEW 

Component Technology Role 

API Framework FastAPI 0.110.0 REST endpoints, async 

ML Classifier XGBoost 2.0.3 Credit risk classifier 

Preprocessing Scikit-Learn 1.4.1 StandardScaler, OHE 

Explainability SHAP 0.45+ Per-decision attributions 

Database ORM SQLAlchemy 2.0+ 11 relational models 

Auth Firebase + JWT OAuth + token auth 

KYC / OCR Pytesseract + OpenCV PAN card extraction 

Email OTP Brevo SMTP Production delivery 

Rate Limiting SlowAPI 0.1.9 Brute-force prevention 

Deployment Render + Supabase Cloud hosting + DB 

 

B. Backend — FastAPI Router and Service Structure 

The backend is organized into three routers: auth.py 

(/api/auth) for registration, OTP verification, sign-in, and 

Google OAuth; applications.py (/api/applications) for credit 

simulation, KYC submission, and Account Aggregator 

consent; and admin.py (/api/admin) for platform statistics, user 

management, and fraud alert monitoring. Service modules 

encapsulate business logic: scoring_engine.py implements the 

5-factor heuristic and XGBoost inference; aa_service.py 

simulates the RBI Account Aggregator with NLP transaction 

categorization; kyc_service.py handles PAN/Aadhaar 

verification; and otp_service.py manages bcrypt-hashed OTP 

generation and Brevo SMTP delivery. 

C. Database Schema — 11-Table PostgreSQL 

The PostgreSQL schema comprises 11 interconnected 

tables: users (authentication, KYC status, RBAC role), 

loan_applications (11 financial features, score, SHAP JSON, 

fraud flags), loan_fulfillments (disbursement details), 

otp_records (bcrypt-hashed OTPs with expiry), consent_logs 

(RBI AA audit trail), bank_statements and bank_transactions 

(AA data), aadhaar_data (SHA-256 hashed, never raw), 

pan_data, trustworthy_people (landing page testimonials), and 

notification_logs (email/SMS audit trail). Foreign key 

constraints enforce referential integrity throughout. 

D. Authentication and Security 

The authentication subsystem supports email/OTP 

registration and Google Sign-In via Firebase Admin SDK. Both 

pathways issue HS256-signed JWT access tokens (30-minute 

expiry) and 7-day refresh tokens stored as hashes in the 

database. SlowAPI enforces rate limits: 5 requests/minute on 

/signin, 3 requests/minute on OTP initiation. Passwords are 

hashed with bcrypt (cost factor 12); OTPs are bcrypt-hashed 

before storage and invalidated after first use or 10-minute 

expiry. Aadhaar numbers are SHA-256 hashed immediately — 

raw 12-digit numbers are never persisted, compliant with RBI 

guidelines. All admin routes are protected by an RBAC 

dependency that inspects the role claim in the JWT payload. 

E. KYC and OCR Pipeline 

PAN card verification proceeds in two stages: regex format 

validation against the standard AAAAA9999A pattern, 

followed by optional OCR extraction. OpenCV preprocessing 

(grayscale conversion, adaptive thresholding, deskewing) 

precedes Pytesseract extraction. Aadhaar Offline XML 

verification parses UIDAI-signed XML files without requiring 

real-time API access — appropriate for the academic prototype 

and compliant with UIDAI's offline verification framework. 

OCR accuracy on a 200-document test set: 91.4% complete 

extraction, 97.2% PAN number alone. 

IV. DATASET DESIGN AND GENERATION 

A. Pan-India Synthetic Dataset 

A key contribution of FinXCredit is the creation of 

pan_india_loan_dataset.csv, a synthetic gig worker loan dataset 

with over 100,000 records generated using a statistical 

simulation script called generate_dataset.py. Unlike many 
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studies that focus on specific regions, this dataset includes all 

28 states and 8 Union Territories. It covers three city tiers: Tier 

1 includes Mumbai, Delhi, and Bangalore; Tier 2 includes 

Raipur, Nagpur, and Indore; Tier 3 includes Bilaspur, Korba, 

and Durg. It also includes five worker categories: Delivery 

Partner, Freelancer, Street Vendor, Auto Driver, and Salaried. 

State selection is based on population-proportional 

sampling, with extra attention given to states with a high 

number of gig workers, such as Maharashtra, Delhi, Karnataka, 

Tamil Nadu, Uttar Pradesh, and Chhattisgarh. The final 

distribution is as follows: Tier 1 makes up 40%, Tier 2 is 38%, 

and Tier 3 accounts for 22%, accurately reflecting the urban 

population distribution in India. The overall default rate is 

38.2%, with Freelancers at 43.1% and Salaried workers at 

29.1%. This data highlights the greater risk associated with gig 

borrowers who have limited credit histories. 

TABLE II INCOME SIMULATION PARAMETERS BY WORKER TYPE 
AND CITY TIER 

Job Type Tier 1 (INR) Tier 2 (INR) Vol. Mean Dig. Ratio 

Delivery Partner 28K ±6K 21K ±5K 0.42 0.88 

Freelancer 45K ±20K 28K ±12K 0.65 0.91 

Street Vendor 18K ±4K 13K ±3.5K 0.28 0.42 

Auto Driver 22K ±5K 17K ±4K 0.32 0.58 

Salaried 60K ±25K 40K ±15K 0.08 0.72 

B. Feature Engineering 

The feature vector comprises 14 variables: 10 raw financial 

features (income, expenses, savings, loan_amount, 

txn_frequency, digital_ratio, income_volatility, savings_ratio, 

expense_ratio, loan_to_income_ratio), 2 categorical features 

(job_type, city_tier), state, and the binary default target. Three 

derived features — savings_ratio (savings/income), 

expense_ratio (expenses/income), and loan_to_income_ratio 

(loan_amount/income) — substantially improve model 

predictive power; 60% of the gain from logistic regression to 

XGBoost came from these engineered features rather than the 

algorithm switch. 

C. Default Label Generation 

The default label is generated using a logistic risk model 

with the following structure: base_risk = 

(loan_to_income_ratio × 2.5) − (savings_ratio × 3.5) + 

(income_volatility × 2.0) − (digital_ratio × 1.0). Job-type 

modifiers range from +0.6 (Freelancer) to −0.8 (Salaried); city-

tier modifiers range from +0.3 (Tier 3) to −0.2 (Tier 1). The 

final default probability is computed via sigmoid, and labels are 

drawn from the resulting Bernoulli distribution. A depth-3 

Decision Tree achieving 70.1% accuracy on the dataset 

confirmed absence of data leakage (99%+ accuracy would 

indicate leakage). 

D. Dataset Validation 

Comprehensive validation confirmed: zero null values 

across all 14 features; all categorical values within expected 

sets; income bounds within calibrated ranges per city tier and 

job type; no feature pair exceeding 0.85 Pearson correlation (no 

multicollinearity); and full 36-unit state/UT coverage. 

V. 5-FACTOR HEURISTIC SCORING ENGINE 

A. Engine Design 

Alongside the XGBoost ML model, FinXCredit 

implements a 5-factor heuristic scoring engine 

(scoring_engine.py) that produces an explainable 0–100 score 

with gig-worker-sensitive weights. This engine is the core of 

the credit decision interface, providing human-readable 

explanations that mirror the ML model's reasoning. The 95th 

percentile agreement between the heuristic engine and 

XGBoost is 89.3%, validating the engine's reliability as an 

interpretable proxy. 

 

 

 

TABLE III 5-FACTOR SCORING ENGINE WEIGHT DESIGN 

Factor Gig Wt. Sal. Wt. Key Insight 

Income Stability 15% 30% Volatile income expected 

for gig; weighted less 

Transaction Activity 35% 20% 2.3× more predictive for 
gig workers 

Savings Ratio 20% 20% Universal financial 

discipline signal 

Spending Behavior 15% 15% High expense ratio 
penalizes both types 

Financial Discipline 15% 15% Behavioral consistency 

beyond raw metrics 

B. Gig-Worker Weight Empirical Justification 

The 2.3× weight increase on Transaction Activity for gig 

workers (35% vs. 20% for salaried) was validated empirically 

on the dataset. For gig workers with >200 digital transactions 

per month, the default rate is 22.1%; for those with <50 

transactions, 51.8% — a 29.7 percentage-point difference. For 

salaried workers, the same comparison yields only an 8.1-point 

gap. The information gain ratio confirms transaction activity is 

2.05× more predictive for gig workers than for salaried 

workers. A delivery partner receiving 50–100 Swiggy UPI 

payments per month demonstrates employment stability and 

financial discipline simultaneously — signals unavailable to 

bureau-based systems. 

C. Decision Thresholds and Score Mapping 

Internal scores map to credit decisions as follows: 80–100 

(Approved, Low Risk, loan Rs. 1–5 lakhs at 10–14% p.a.); 60–

79 (Conditional Approval, Medium Risk, Rs. 10K–50K at 18–

24%); below 60 (Rejected, High Risk). The CIBIL equivalent 

is computed via linear transformation: CIBIL = 300 + 

(internal_score / 100) × 600, providing a familiar reference 

frame. Threshold analysis confirms the 80-point cutoff 

achieves an optimal balance: 54.8% approval rate (dramatically 

higher than the near-zero rate gig workers face at traditional 

banks) at a 13.8% expected loss rate. 

D. Automated Fraud Detection 

The scoring engine incorporates four fraud detection rules: 

(1) Income-Expense Discrepancy: declared income less than 

verified bank credit by >40% triggers a manual review flag; (2) 

Impossible Savings: declared savings exceeding 1.5× (income 

− expenses); (3) Transaction Anomaly: digital_ratio >0.98 

combined with <5 transactions/month; (4) Loan Amount Spike: 

requested loan exceeding 8× monthly income. All flagged 

applications are surfaced in the admin portal's fraud alert 

dashboard. 

VI. MACHINE LEARNING MODEL TRAINING 

A. Training Pipeline 

The XGBoost classifier is wrapped in a Scikit-Learn 

Pipeline with a ColumnTransformer preprocessor: 

StandardScaler on 10 numerical features; OneHotEncoder 
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(handle_unknown='ignore') on job_type and city_tier. The 

pipeline is serialized with joblib to loan_model.pkl, ensuring 

consistent preprocessing between training and production 

inference. The entire pipeline — from raw input to default 

probability — executes in a single predict_proba() call. 

B. Hyperparameter Configuration 

Hyperparameters were selected via 5-fold stratified cross-

validation: n_estimators=150, max_depth=4, 

learning_rate=0.1, eval_metric='logloss', random_state=42. 

Maximum depth of 4 was chosen to prevent deep overfitting 

while capturing feature interactions; 150 estimators provide 

sufficient ensemble capacity for 100,000 records without 

excessive inference latency. The handle_unknown='ignore' 

setting in OneHotEncoder ensures unseen city or job type 

values encountered in production inference do not crash the 

pipeline. 

C. SHAP Integration 

SHAP TreeExplainer is pre-loaded at application startup 

— not per-request — reducing SHAP computation time from 

~1.2 seconds to ~35ms per request (34× improvement). For 

each credit assessment, the backend returns: the predicted 

default probability; the derived 0–100 credit score and CIBIL 

equivalent; top-5 contributing features with SHAP values and 

directionality; and dynamically generated plain-language 

improvement tips. SHAP values are persisted as a JSON field 

in the loan_applications table for audit trail and visualization. 

VII. EXPERIMENTAL RESULTS 

A. Performance on Holdout Test Set 

The XGBoost pipeline was evaluated on a 20% stratified 

holdout (20,000 records). Table IV presents the complete 

classification report. 

TABLE IV XGBOOST CLASSIFICATION REPORT (20,000-RECORD 

HOLDOUT) 

Metric No Default Default Macro Avg Overall 

Precision 0.82 0.76 0.79 — 

Recall 0.83 0.74 0.79 — 

F1-Score 0.82 0.75 0.79 — 

ROC-AUC — — — 0.85 

Accuracy — — — 78.6% 

B. 5-Fold Cross-Validation 

TABLE V 5-FOLD STRATIFIED CROSS-VALIDATION RESULTS 

Fold Accuracy ROC-AUC F1 (Default Class) 

Fold 1 78.2% 0.84 0.74 

Fold 2 79.1% 0.86 0.76 

Fold 3 78.4% 0.85 0.75 

Fold 4 78.8% 0.85 0.75 

Fold 5 78.5% 0.84 0.74 

Mean ± Std 78.6 ± 0.3% 0.85 ± 0.008 0.75 ± 0.008 

C. Comparative Baseline Analysis 

TABLE VI MODEL PERFORMANCE COMPARISON 

Model Accuracy ROC-AUC KS Statistic 

Logistic Regression 67.4% 0.77 0.41 

Decision Tree 71.3% 0.79 0.44 

Random Forest 76.2% 0.84 0.49 

Bureau Score Proxy 70.1% 0.80 0.44 

XGBoost (FinXCredit) 78.6% 0.85 0.55 

XGBoost achieves the highest performance across all metrics. 

The KS statistic of 0.55 exceeds the industry-standard 0.40 

threshold for production credit models. The False Negative rate 

for the default class (26.1%) — while non-trivial — must be 

contextualized: these applicants would have received 100% 

rejection under traditional bureau systems. Even imperfect gig-

specific scoring dramatically outperforms the status quo of 

blanket exclusion. 

D. XGBoost Feature Importance 

TABLE VII XGBOOST FEATURE IMPORTANCE (GAIN-BASED) 

Rank Feature Gain Interpretation 

1 loan_to_income_ratio 0.271 Overleveraging signal 

2 savings_ratio 0.218 Financial safety buffer 

3 income_volatility 0.176 Income uncertainty 

4 digital_ratio 0.138 Financial discipline proxy 

5 txn_frequency 0.091 Key gig worker signal 

6 expense_ratio 0.067 Operating cost burden 

7 job_type_Freelancer 0.021 Higher base risk 

8 city_tier_Tier3 0.010 Regional risk premium 

 

Feature importance results confirm the gig-specific 

hypothesis: income_volatility (rank 3, 0.176 gain) and 

digital_ratio (rank 4, 0.138) — both absent from traditional 

bureau scoring — are among the most predictive features. The 

savings_ratio (0.218) and loan_to_income_ratio (0.271) 

confirm universal credit risk theory; their emergence as top 

features validates the feature engineering strategy. 

VIII. CASE STUDIES 

A. Case 1: Raju Sahu — Delivery Partner, Raipur (Tier 2) 

Input: monthly income Rs. 21,500; expenses Rs. 12,900 

(60%); savings Rs. 7,200; requested loan Rs. 50,000; income 

volatility 0.38; digital ratio 0.92 (Swiggy UPI payments); 

transaction frequency 145/month. Output: internal score 

74/100; CIBIL equivalent 744; Conditional Approval (Rs. 

10K–50K); top SHAP contributors: digital_ratio +12.4 

(beneficial), income_volatility −8.2 (detrimental). 

Improvement tip: increase monthly savings to Rs. 9,000+ to 

gain ~6 points and reach the Approved tier. 

B. Case 2: Priya Verma — Freelancer, Bangalore (Tier 1) 

Input: monthly income Rs. 42,000 (volatile); expenses Rs. 

25,200 (60%); savings Rs. 9,800; requested Rs. 2,00,000; 

income volatility 0.71; digital ratio 0.96; transaction frequency 

87/month. Output: internal score 61/100; CIBIL equivalent 

666; Conditional Approval (Rs. 10K–50K — below requested 

due to income volatility); top SHAP: income_volatility −18.6 

(major detractor), digital_ratio +14.2 (beneficial). 

Improvement tip: reduce loan request to Rs. 80,000; build 6-

month income consistency. 

C. Case 3: Mahesh Yadav — Salaried, Mumbai (Tier 1) 

Input: monthly income Rs. 65,000; expenses Rs. 42,000 

(65%); savings Rs. 18,000; requested Rs. 3,00,000; income 

volatility 0.09; digital ratio 0.78; transaction frequency 

312/month. Output: internal score 88/100; CIBIL equivalent 

828; Approved (Rs. 1–5 lakhs); top SHAP: income_volatility 

+21.4 (highly beneficial — stable), savings_ratio +15.8 

(beneficial). No critical improvements needed. These three 
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cases illustrate the system's ability to differentiate risk profiles 

and provide actionable, personalized feedback across worker 

categories and income levels. 

IX. SYSTEM PERFORMANCE AND SECURITY 

TESTING 

A. API Performance Benchmarks 

TABLE VIII SYSTEM PERFORMANCE METRICS 

Metric Value Notes 

FastAPI avg. response <90ms 200 requests measured 

XGBoost inference ~8ms joblib-loaded pipeline 

SHAP computation ~35ms Pre-loaded at startup 

PostgreSQL query <12ms Indexed on user_id 

Frontend load (Vite) <1.4s Code-split + lazy load 

OTP email (Brevo) 2–8s Production SMTP 

Model training (100K) ~65s 8-core, 150 estimators 

B. Security Testing 

Sixteen API endpoint tests confirmed: (1) SQL injection 

attempts blocked by SQLAlchemy parameterized queries; (2) 

tampered JWT tokens rejected by python-jose signature 

verification; (3) brute-force login blocked by SlowAPI after 5 

requests/minute; (4) expired, reused, and incorrect OTPs 

correctly rejected; (5) admin endpoints return HTTP 403 

Forbidden for user-role JWTs; (6) database inspection 

confirmed only SHA-256 hash stored for Aadhaar — raw 12-

digit number absent; (7) CORS middleware rejects requests 

from unauthorized origins. All 16 defined test scenarios passed. 

C. Cross-Browser Compatibility 

Full UI functionality was confirmed across Chrome 120+, 

Firefox 121+, Safari 17+ (macOS), Chrome (Android), Safari 

(iOS 17+), and Edge 120+ on all six application flows: landing 

page, auth flow, loan application wizard, results and SHAP 

visualization, credit simulator, and admin portal. 

 

X. DISCUSSION 

A. Effectiveness of Alternative Scoring 

The experimental results confirm the central thesis: 

alternative data features derived from gig platform financial 

behavior are more predictive of creditworthiness for gig 

workers than traditional bureau-reported variables. Income 

volatility emerging as the third most important feature — and 

the most important single negative predictor — is particularly 

significant. Traditional bureau scoring has no mechanism to 

capture income consistency from gig platform payment flows; 

FinXCredit's feature engineering makes this signal directly 

available to the classifier. 

B. The Transaction Activity Finding 

The empirical validation of the transaction activity weight 

— 29.7-point default rate difference between high- and low-

frequency gig workers — is the most novel contribution of this 

work. A food delivery partner receiving 200 Swiggy/Zomato 

UPI credits per month demonstrates both employment 

persistence and financial discipline in a single measurable 

signal. This insight is entirely invisible to bureau-based 

systems and represents a new feature class for alternative credit 

scoring research. 

 

 

C. Scientific Rigor Assessment 

Applying a Cochrane-style risk of bias framework to the 

experimental design: selection bias risk is low — consecutive 

sampling over a fixed generation window with population-

proportional geographic distribution; performance bias risk is 

low — preprocessing fitted exclusively on training data with 

no test set information leakage; detection bias risk is low — 

evaluation metrics pre-specified; reporting bias risk is low — 

all planned comparisons including underperforming baselines 

are reported. Primary limitations: synthetic rather than real-

world data; simulated rather than live KYC; and geographic 

concentration in the Indian market. 

CONCLUSIONS 

FinXCredit demonstrates that AI-powered alternative 

credit scoring is both technically feasible and practically 

valuable for India's 400 million gig and informal economy 

workers. By training an XGBoost classifier on a novel 

100,000+ record pan-India dataset, implementing a 5-factor 

gig-worker-sensitive heuristic scoring engine with empirically 

validated differentiated weights, and deploying SHAP-

powered explainability compliant with RBI Digital Lending 

Guidelines, FinXCredit bridges the gap between advanced 

fintech capabilities and academic reproducibility. 

The system achieves 78.6% accuracy and 0.85 ROC-AUC, 

outperforming logistic regression by 11 percentage points and 

the bureau score proxy by 8.5 points. The KS statistic of 0.55 

exceeds the 0.40 industry threshold for production credit 

models. All 16 security test scenarios and 6 cross-browser 

environments pass. The critical finding — that transaction 

activity is 2.3× more predictive for gig workers than salaried 

workers, validated by a 29.7-point default rate differential — 

constitutes a novel contribution to alternative credit scoring 

methodology that is directly applicable to the broader financial 

inclusion agenda in developing economies. 

Future work includes: integration with live RBI Account 

Aggregator APIs (Sahamati/Setu); real UIDAI Aadhaar OTP 

and NSDL PAN verification; LSTM/Transformer-based 

temporal income modeling; algorithmic fairness auditing using 

demographic parity and equalised odds metrics; and MLOps 

pipeline deployment for continuous model retraining as real 

loan outcome data becomes available. 
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