BADM 566 Application of AI in Risk Management
                                                     Homework 5                                                Due:  
Name: 

                                    Score: _________________

Unstructured Data
Natural Language Processing (NLP) is one of the major AI applications in Risk Assessment to help analyze unstructured data. NLP helps combine computational linguistics, machine learning, and deep learning models to process human language in AI. 

The value of unstructured data is increasing everyday due to social media. NLP can help extract Loss Event types and categories from such unstructured data. In Risk Management, analyzing and categorizing the large amounts of unstructured data is a big challenge, such as extracting major Basel Risk categories in Operational Risk.
Basel II seven event type categories:

1. Internal Fraud – misappropriation of assets, tax evasion, intentional mismarking of positions, bribery

2. External Fraud – theft of information, hacking damage, third-party theft and forgery

3. Employment Practices and Workplace Safety – discrimination, workers compensation, employee health and safety

4. Clients, Products, and Business Practice – market manipulation, antitrust, improper trade, product defects, fiduciary breaches, account churning

5. Damage to Physical Assets – natural disasters, terrorism, vandalism

6. Business Disruption and Systems Failures – utility disruptions, software failures, hardware failures

7. Execution, Delivery, and Process Management – data entry errors, accounting errors, failed mandatory reporting, negligent loss of client assets

AI in Reputational Risk Mitigation

Building a reputable business may take years, a bad reputation can destroy a business in minutes. Reputational Risk is the major emerging risk. This risk is so big that without thoughtful management, the impact of reputational risk can be so devastating that it can destroy the foundation of an organization. Businesses are constantly exposed to reputational risks that result from consumers’ negative reviews on social media and online communities. The difficulty of quantifying and qualifying reputational risk has on businesses presents a challenge in traditional approaches. Sales and stock price and public sentiments are linked with firms' reputation that may be used to quantity the reputational risk for the businesses to mitigate risk exposure. 

Sentiment Analysis

Sentiment analysis helps to categorize and quantify opinions of people about a product or services by collecting and analyzing textual data to mine human sentiments using machine learning.

Sentiments Scoring
In sentiment analysis, sentiment scoring involves calculating scores of positive, negative, and neutral sentiments for each text message in social media content. There are various ways to calculate sentiment scores. The sentiments can be calculated using popular sentiment scoring methods, which include: (a) absolute proportional difference; (b) relative proportional difference; and (c) the logit scale of position. The formula for each of these methods is discussed in the following sections. 

 Relative Proportional Difference

Relative Proportional Difference is an effective measure for sentiment scores. Relative proportional difference is an improved measure that ranges from -1 to +1 and limits the differential to sentences or phrases from the left and right groupings of sentiments. This method is commonly used in sentiment scoring that indicates positive sentiments polarity in the sentences, which is represented in Equation.
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R=Positive sentiments, L=Negative Sentiments, Theta = Relative Proportional Score 
Question. Using data in excel sheet “data” in the attached Excel file “Week5-Loan_Approval”. Banks have to assess risk before approving loans by looking at many factors to deciding whether or not the applicant’s profile is relevant for granting with loan. 
Using Logistic Regression model, predict whether the candidate’s profile is relevant or not using key features like Gender, Married, Dependents, Education, Self_Employed, ApplicantIncome, CoapplicantIncome, LoanAmount, Loan_Amount_Term, Credit_History, and Property_Area. 
Based on the features below, predict the applicant’s approval acceptance: 

You can use Loan_Status as dependent variable and features as independent variables. Convert all textual categorical variables to numeric, and clean data if necessary. 
Gender: Male
Married: Yes
Dependents: 2
Education:  Graduate 

Self_Employed: No


ApplicantIncome: 5000


CoapplicantIncome: 1000


LoanAmount: 800


Loan_Amount_Term: 240


Credit_History: 1


Property_Area: Urban
