Al Applications in Finance

Overview

These notes provide an in-depth overview of how Al is reshaping financial services, par-
ticularly in evaluating risk and detecting fraud. It also coveres how other sectors like
wealth management, customer service, and compliance are integrating Al.

1. Credit Risk Scoring

What is Credit Risk Scoring?

Credit risk scoring is the process of assigning a numerical value to a borrower that in-
dicates the probability of them repaying a loan on time. Financial institutions use this
to:

e Make faster lending decisions
e Set interest rates

e Reduce loan defaults

How AI Helps

AT uses historical data about past borrowers to learn which characteristics predict repay-
ment or default. These features may include:

e Age and income level

e Credit history and previous defaults
e Employment status and duration

e Existing loans and liabilities

The AI model learns patterns and relationships in this data and then predicts risk
scores for new applicants.



Common Algorithms Used

1. Logistic Regression — A classic algorithm that models the probability of default
as a function of features. It is interpretable, which is essential for regulatory com-
pliance.

2. Random Forest — An ensemble of decision trees that combines multiple models
to improve predictive accuracy.

3. XGBoost (Extreme Gradient Boosting) — A high-performance ensemble method
known for winning many ML competitions. It handles missing values and non-linear
relationships well.

Practical Demo

A hands-on demo was presented during the session. The instructor showed:
e How to generate synthetic loan application data.
e How to train a Random Forest model to classify borrowers as ”safe” or "risky.”
e How to interpret model performance using accuracy and confusion matrices.

Insight: Using synthetic data allows experimentation without risking real customer
privacy.

2. Fraud Detection

What is Financial Fraud Detection?

Fraud detection in finance involves identifying transactions or behaviors that are suspi-
cious, unauthorized, or indicative of fraud (e.g., identity theft, unauthorized transfers,
money laundering).

Challenges in Fraud Detection

e Fraud is rare, making data highly imbalanced.
e Fraudsters constantly change tactics.

e False positives can frustrate users.

AT Techniques Used

1. Anomaly Detection: Detects transactions that deviate from normal behavior
using statistical distance.

2. Clustering (e.g., K-Means): Groups similar transactions and flags outliers.

3. Autoencoders: Neural networks trained to reconstruct input data. A high recon-
struction error signals that the transaction is ”"unusual.”



4. Isolation Forests: Randomly isolate data points. Fraudulent activities are easier
to isolate and show up early.

Features Considered in Models

e Transaction location and time

e Frequency of transactions

Amount spent

Device/browser used

IP address and geolocation

Demo Programs

Three fraud detection demos were shown:
e An Autoencoder to detect high-error transactions
e Logistic Regression for classifying known fraud cases

e Isolation Forest to perform unsupervised anomaly detection

3. Broader AI Applications in Finance

1. Robo-Advisors: These are automated financial advisors that use ML to recommend
investments based on a user’s goals, age, and risk appetite. Examples: Betterment,
Wealthfront.

2. AI-Powered Chatbots: Used by banks and fintech companies to handle FAQs,
balance checks, and customer grievances. These chatbots use NLP to understand and
respond like human agents.

3. Algorithmic Trading: Al models scan the market and make split-second trading
decisions. They often outperform human traders in speed and data analysis.

4. Document Compliance Automation: AI helps financial firms process KYC
documents, verify signatures, and ensure regulatory compliance automatically.

5. Insurance Underwriting: Al models assess risk by analyzing a client’s data,
thereby helping insurance companies set premiums more accurately.

6. Wealth Management: Personalized financial advice generated by analyzing
investment portfolios, market trends, and personal income data.



4. Importance of Data and Ethics in Financial Al

Data Quality

e Garbage in, garbage out — poor data results in inaccurate models.
e Missing values, incorrect labels, or outdated features reduce performance.

e Preprocessing steps such as imputation, scaling, and encoding are essential.

Ethical Considerations

e Bias: Historical data may reflect unfair lending patterns (e.g., discrimination based
on zip code or gender).

e Transparency: Models should explain why a loan was approved or rejected.
e Privacy: Financial data must be protected from breaches and misuse.

e Accountability: There should always be a human in the loop for critical decisions.

5. Summary and Closing Thoughts

e Al is transforming finance by making systems faster, more accurate, and cost-
effective.

e However, over-reliance on black-box models may introduce risks.

Ethical ATl and robust validation practices are necessary for safe adoption.

Several real companies—like JP Morgan, Capital One, and PayPal—already use
these technologies in production.

Al in finance is not just about automation — it’s about augmentation, improving
deciston-making, and enhancing trust in systems that move billions.”



