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[bookmark: _Toc224916142]Essential Understandings
· Credit Scores are three-digit numerical measure based on data in a credit file, generally between 300 and 850.
· Relevant Topics: Topic 1

· Lower credit scores may limit access to credit (denials) and increase costs of borrowing
· Relevant Topics: Topics 1 and 7

· Credit scores reflect the log of the odds of making payments.  Odds double approximately every 40 to 50 points.
· Relevant Topics: Topics 1, 2 and 6.

· Failure to make a payment (delinquency) is often linked to change in life/employment, unexpected financial event, poor financial management and/or mismatch in timing between income and expense.
· Relevant Topics: Topics 1 and 5

· Credit files primarily contain information about amounts of loans (credit) and payments on those lines.
· Relevant Topics: Topics 3 and 4

· Credit files do not directly measure the causes of missed payments.  Credit scoring companies create “attributes” which are summary measures of the data in a credit file.
· Relevant Topics: Topics 4 and 6

· Statistical models of correlation (not causation) are used to assess the probability of default of a borrower based on the information in the credit file.
· Relevant Topics: Topics 5, 6 and 7

· Credit scores provide a useful tool for lenders to assess the risk of a portfolio of loans, but do not directly measure the risk associated with individual customers.
· Relevant Topics: Topics 1 and 7


[bookmark: _Toc224916143]Content Progression In Spreadsheet Materials
T1 Auto Loan Payments.xlsx
•  Excel Content: Experimenting with template using match functions
•  Math Content: Percentage; Functions
•  Finance Content: Credit Score; Interest rate; auto-loan

T3 Credit Score Correlations.xlsx
•  Excel Content: Creating Scatter Plots; Finding Slope and LOBF using trendline; using the linear regression toolpack for single variable regression; using the linear regression toolpack for multi variable regression
•  Math Content: Scatter plots; correlation between dependent and independent variables; single variable linear regression; correlation between multiple independent variables; multi-variable regression
•  Finance Content: Correlation between credit attributes and credit scores; correlation between different credit attitudes; using regression models to predict credit scores

T4a Fruitstand.xlsx
•  Excel Content: Creating attributes from raw data; Using SUMPRODUCT; Looking at UNIQUE, COUNTIF and conditional formatting
•  Finance Content: Understanding how rearranging and manipulating raw data to create attributes is useful for financial models

T4b Credit Data Functions.xlsx
•  Excel Content: Using COUNTIF; applying logical tests to ranges; summing spill functions
•  Math Content: Using and embedding logical operators
•  Finance Content: Introduction to working with a small sample of credit file data

T4c Credit Data Single Consumer.xlsx
•  Excel Content: Working with complex data set; looking up codes for cells in dataset; problem solving how to move from character entries to numerical sums
•  Finance Content: Understanding and analyzing an individual credit file

T5a VR Glasses by Attribute.xlsx
•  Excel Content: COUNTA; COUNTIFS with multiple criteria
•  Math Content: Complex function creation; expected value
•  Finance Content: Understanding the relationship between attributes, risk and expected value in financial models

T5b CS_Data 20 20.xlsx
•  Excel Content: Using UNIQUE function; Using COUNTIFS, MINIFS in context of calculating attributes associated with ids; Operations with dates
•  Math Content: Building on complex function use; working with larger data set
•  Finance Content: Looking at multi-consumer credit data, constructing attributes for credit score models

T5c Quartiles.xlsx
•  Excel Content: QUARTILES.INC function; expanding use of COUNTIFS
•  Math Content: Calculating and interpreting quartiles
•  Finance Content: Evaluating attributes for credit model by quartile values

T6A Odds and probability.xlsx
•  Math Content: Moving between odds and probability

T6B Score, odds and probability.xlsx
•  Excel Content: Logistic and exponential functions
•  Math Content: Relating linear transformations of logs odds with odds and probability
•  Finance Content: Relating credit scores to probability of delinquency via log odds

T7a Creating a Logistic Model Answers.xlsx
•  Excel Content: Using solver, setting up parameters correctly for a logistic model
•  Math Content: Logistic regression models

T7a Creating a Logistic Model.xlsx

T7b Creating Credit Score Models.xlsx
•  Finance Content: Using logistic modeling to predict delinquency probability

T8 Creating ROCs.xlsx
•  Excel Content: Further applications of COUNTIFS and logical tests; adding additional line to excel charts; employing combo chart format (column+line); Using excel charts to plot one/multiple ROCS
•  Math Content: Comparing predict probability with outcomes across intervals; confusion matrices; ROCs
•  Finance Content: Evaluating models predicting delinquency using: Charts comparing predicting probabilities with outcome distributions; confusion matrices; ROCs


[bookmark: _Toc224916144]Topic 1: Introduction to Credit Scores
What are credit scores – and how are they used?
[image: ]You may well have seen credit scores being discussed, either in advertising or among people you know, but perhaps you are unsure what they are.
1.  Where have you previously heard about credit scores? What do you think credit score will help you with in the future? What do you want to know about credit scores?



According to the Consumer Finance Protection Bureau (CFPB): “Companies use credit scores to make decisions on whether to offer you a mortgage, credit card, auto loan, and other credit products, as well as for tenant screening and insurance. They are also used to determine the interest rate and credit limit you receive.”[footnoteRef:1] [1: https://www.consumerfinance.gov/ask-cfpb/what-is-a-credit-score-en-315/ ] 

[image: ]This explains what credit scores can do, but where do they come from?
Credit scores are the numerical output of mathematical calculations derived from statistical analysis of a broad range of consumers’ credit histories
· These models are applied to the data currently in a consumer’s credit file 
· They are designed to rank consumers based on the odds of them making timely payments on financial obligations. 
· They are a three-digit number (usually between 300 and 850), with higher values representing a higher probability of making payments.
There are two perspectives to credit scores: Consumers and Financial Providers.
For a consumer, credit scores are relevant to obtaining a financial service, such as a loan.
· For them their credit score determines whether they are able to obtain the financial service and also the terms with which it is offered.
· Generally, a higher credit score leads to more favorable terms: a lower interest rate and a greater loan value, for example.
For financial providers, credit scores are relevant to deciding whether to issue financial products.
· It tells them how likely they are to receive future payments from a given customer if they issue a loan.
· It allows them to calculate what level of compensation they require, through interest payments, for the level of risk they are taking on.
Your credit score can affect your financial life in multiple ways.  Specifically, it affects (1) your ability to access loans and (2) the cost you will pay for those loans.
For example, car dealerships that offer financing on cars will often generate an individual’s APR for their car loan using credit scores. Look at the table below to see an example of how an individual’s credit score relates to the average rate they received on their loan. 
[image: A screenshot of a credit score

Description automatically generated]
2. Compare someone with a score of 800 to someone with a score of 500. What is the difference in interest rate they would pay, on average, for a loan on a new car? 


Example: Look at how the difference in interest rate affects the finances of the loan:
[image: A screenshot of a credit loan

AI-generated content may be incorrect.]
3. How much more do you pay per month if the interest rate goes from 5.38% to 15.62% but the term and value of the loan remain the same?
[image: ]
 Spreadsheet Connection
Use the sheet “T1 Auto Loan Payments” to answer the following questions:
4. If someone is purchasing a new car for $50,000 with an 85% LTV ratio, a five-year term and they have a credit score of 720, how much will they pay per month?




5. If someone else takes out a loan on the same terms, but has a credit score of 580, how much more will they pay per month? How much more will they pay over the entire repayment schedule?



6. If someone is purchasing a used car for $25,000 with an 80% LTV ratio, a five-year term and they have a credit score of 500, how much will they pay per month? 




7. If someone else takes out a loan on the same terms, but has a credit score of 800, how much less will they pay per month? How much less will they pay over the entire repayment schedule?


[bookmark: _Toc224916145]Where do Credit Scores Come From?
People don’t have a single credit score, they in fact have multiple scores. This can seem confusing until you understand the process by which these scores are produced. You’ve probably heard of a lot of different companies and jargon related to credit scores. Here’s a brief overview of how it fits together. (Don’t worry about trying to remember it all now, we’ll return to key components later in the unit.)
· Lenders send information to Nationwide Credit Reporting Agencies (NCRAs), also called Credit Bureaus, (Equifax, Experian and TransUnion) 
· Credit Buraus store that data in a credit file 
· They use this data to produce reports of that data to be sent to lenders when you seek to borrow money or open a credit card.  
· Credit Scores are calculated by the Credit Reporting Agencies using models developed by FICO and Vantage Score.  
· In this way you can have different credit scores depending on which agency and which model is used. 




	Figure 1
	Figure 2

	[image: ]
	



In this Unit we will learn about the data in credit files, what information is in a credit report and the mathematics underlying the models that are used to calculate Credit Scores.
Understanding this process will help you to manage your credit and improve your financial opportunities.
[bookmark: _Toc224916146]
[image: ]Topic 1: Check for Understanding
1. A credit score is: 
a. A list of everything you have bought online
b. A three-digit number that models how likely you are to repay debts on time
c. A number that shows how much money you have in the bank
d. Your income from your job

2. If you have a higher credit score, this usually means:
a. You pay higher interest rates
b. You pay lower interest rates
c. You cannot get loans
d. You owe more in taxes

3. Credit scores are most often used by:
a. Doctor’s Offices, Hospitals, and Dentists
b. Insurance companies, mortgage lenders, and credit card companies
c. Movie theaters, Theaters, and Music Venues
d. Public schools, Universities and Colleges

4. (Select all that apply) A person with a low credit score is more likely to: 		
a. Receive the best loan terms
b. Be refused for a loan or charged higher interest
c. Get a higher credit limit
d. Pay less per month

5. (Select all that apply) Why do lenders care about credit scores?
a. It tells them which customers are most likely to complain
b. It tells them the probability that a loan to that customer will be repaid
c. It helps them decide what interest rate to charge on a loan
d. It tells them how much tax they will have to pay on loan repayments

6. If Mary has a credit score of 750 and James has a credit score of 600, what can we say about the two:
a. Mary is more polite than James
b. Mary earns more money than James
c. According to a mathematical model, the probability of making on time payments for a loan is higher for Mary than for James
d. Mary has a bigger appetite than James

[bookmark: _Toc224916147]Topic 2: Components of Credit Scores—Consumer Perspective
A credit score is usually a number between 300 and 850 (though some scores for specific purposes range between 250 and 900). The higher score, the better. A credit score above 670 is considered “good”, scores above 740 is considered “very good”, and scores above 800 or higher are regarded as ‘excellent’ – the highest teir in the range. The FICO credit score model calculates this number by looking at five kinds of information (Vantage credit score model uses similar but slightly different metrics):
1) Payment history
· This is your track record of making payments on time or failing to do so.
· A longer payment history improves your credit score, provided the payments aren’t late.
2) Amounts owed: 
· This is the amount of money you currently owe, taking into account all the different places you owe money and how much more credit you have available.
· Owing lots of money to a range of sources lowers your credit score, as does approaching your credit limit.
3) Length of credit history: 
· This is how long you have been making payments.
· Starting a credit history earlier will improve your credit score in the long run, provided you are able to make payments on time.
4) Credit mix: 
· The different types of credit accounts you have.
· Having different kinds of credit available (e.g., mortgage, car loan, and credit card) improves your credit score – having many different credit cards will not improve your score.
5) New credit: 
· This is how much credit you recently received or requested.
· Applying for a lot of new credit all at once will lower your credit score.
· Note that this includes signing up for multiple credit cards at once.
[image: FICO Scores chart]
The relative importance of each of these categories is shown in this diagram from FICO (https://www.myfico.com/).


Some things an individual can do to maintain and cultivate a good credit score are:
1. Make all loan payments on time.
2. Keep down the amount you owe – in particular, pay off any credit card debt.
3. If they don’t yet have any credit history, sign up for a credit card or other product that will start to build up the length of their credit history. If they have a credit card, make some purchases with it and pay the full balance each month. (Note: Paying the minimum balance is sufficient to build good credit, but paying off the full balance is a good idea for general financial well-being). 
A few notes on this:
1. If you are struggling to qualify for a credit card, there are options available to get your credit history started, such as a “pre-paid card” or getting a joint card with a guarantor.
2. Payment of bills, rent, and some “Buy Now Pay Later” products do not affect your credit score (positively or negatively) unless they are sent to a collection service.
3. Being charged interest on a credit card does not necessarily affect your credit score, as long as you keep up with minimum payments. However, that doesn’t mean it is not a problem as it can be a significant expense.
4. You should be suspicious if anyone is ever trying to sell you a financial product whose explicit aim is to improve your credit score. 

There is no single credit score that defines a consumer. 
There are several credit scores in use. Scores from FICO and Vantage Score are produce by the credit bureaus (Experian, Equifax, Trans Union) using the FICO or Vantage Score models. These scores are widely used and consumers generally can see those scores when they learn about their credit score.  FICO and Vantage Score have several versions of their models and the score for an individual consumer can vary significantly depending on which bureau and which model is used to perform the calculation. In addition, banks and other financial institutions may compute their own scores to assist in their lending and marketing practices – though these scores generally are not available to consumers.

What does it mean to make timely payments?  What is delinquency?
When you take out a loan, you will often be required to make monthly payments, in order to repay the money borrowed, plus interest, over an agreed upon period of time. 
· Those payments generally have a due date during the month. For example, most mortgage payments are due on the first of the month.  
· Other payments could be due on any day during the month.  
· [image: ]Payments that are not made on time are delinquent.  
Delinquency – Failure to make owed payments or failure to pay an outstanding debt.
Often there are financial consequences to making delinquent (late) payments. This could include additional fees or an increase in borrower’s rate. 
[image: ]Some lenders offer a grace period where payments, although late, do not lead to any consequences. 
· If the terms of a loan offer a 30-day grace period, then even if you miss a payment date, if you make the payment within 30 days of when it was due, you will not face any penalty.
In addition, when payments are more than 30 days delinquent the lender may report the delinquency to a credit bureau.  
· Such reporting may have an adverse impact on a borrower’s credit score.  
· Payments that are two months later are generally referred to as 60 days delinquent, three months late as 90 days delinquent, etc.
[image: ]Another term often used is default.  From a legal perspective any failure to pay on time is considered a default.  However, in practical terms the term default is usually reserved for when the lender seeks to recover the full amount of the loan after non-payment, not just for a payment that is late.
Activity: Go through each of these situations and discuss how they might affect the probability of making future payments.
5. [image: ]For each situation below, decide if the situation described makes a person more likely, less likely or it makes no difference to their likelihood of making future payments on time:
a. They have made a higher proportion of past payments on time
b. Their current debt is a higher proportion of their total available credit (e.g. they owe $4500 on the credit card, which has a limit of $5000)
c. They have a longer credit history (e.g., there is a record of them making credit card payments for over 20 years)
d. They have recently taken out a number of new lines of credit (e.g., in the past month they signed up for three new credit cards)
e. They have a more diverse mix of sources of credit
	Situation
	Relationship with future on time payments
	Possible Reasons Why

	a.
	More Likely/Less Likely/No Difference
	




	b.
	More Likely/Less Likely/No Difference
	



	c.
	More Likely/Less Likely/No Difference
	



	d. 
	More Likely/Less Likely/No Difference
	



	e.
	More Likely/Less Likely/No Difference
	








[bookmark: _Toc141890124][bookmark: _Toc224916148][image: ]Topic 2: Check for Understanding
Directions: Use the word bank to fill in the blanks on the credit score info sheet (some words may be used more than once):
[Word Bank: in person, height, lowers, on time, raises, make payments, 1080, longer, earlier, not improve, shorter, credit score, FICO, dance, Geico, loan, 720, higher, owe, own, limit, lower]
1. Practically speaking, you need to consider your credit score if you are hoping to take out a _________________.	Comment by Author: loan

2. A credit score is a tool used by lenders to assess the risk that a customer will be unable to __________________________ on time. A good credit score provides 3 key benefits:	Comment by Author: make payments
a. It allows you to get a ______________ faster.	Comment by Author: loan
b. It gives you a better rate of credit (you can get loans at a ____________ interest rate).	Comment by Author: lower
c. It gives you access to more credit (many kinds of loans require a minimum _______________________ to be granted at all).	Comment by Author: credit score

3. The most commonly used credit score is the ______________ score. It is a number between 300 and 850; the higher the better (generally, scores above ___________ are regarded as ‘good’ scores). This number is calculated by looking at five kinds of information.	Comment by Author: FICO	Comment by Author: 720

4. Payment history: This is your track record of making payments on time, or failing to.
A _______________ payment history improves your credit score, provided the payments aren’t late.	Comment by Author: longer

5. Amounts owed: This is the amount of money you currently owe.
Owing lots of money to a range of sources _______________ your credit score, as does approaching your credit ________________.	Comment by Author: lowers	Comment by Author: limit

6. Length of credit history: This is how long you have been making payments.
Starting a credit history_________________, provided you are in a position to make payments on time, will improve your credit score in the long run.	Comment by Author: earlier

7. Credit mix: The different types of credit accounts you have.
Having different kinds of credit available (e.g., mortgage, car loan, and credit card) ___________ your credit score – having many different credit cards will _____________ your score.	Comment by Author: raise	Comment by Author: not improve

8. New credit: This is how much credit you received or requested recently.
Applying for a lot of new credit all of a sudden will _____________ your credit score.	Comment by Author: lower

9. The two crucial things you can do to maintain a good credit score are:
Make all payments ________________________ – both for bills and loan repayments.	Comment by Author: on time
Keep down how much you _____________ – in particular, have excess credit available.	Comment by Author: owe

10. FICO scores usually range from:	Comment by Author: a
a. 300 to 850
b. 600 to 700
c. 400 to 700
d. 300 to 800

11. Which of the following does a good credit score NOT provide?	Comment by Author: d
a. A better rate of credit
b. Access to credit faster
c. Access to more kinds of credit
d. Access to loans that you do not have to repay

12.  Explain why a landlord might be interested in a potential tenant’s credit score.	Comment by Author: It would offer insight into how likely they are to keep up with rent payments.


13.  For each of the following, decide how the action in the left column affects your credit score. Circle the correct option in the right-hand column: 
	Routinely paying at least the minimum payment on your credit card balance at the end of each month
	Increase / Decrease / No Effect	Comment by Author: increase

	Being late on a utility payment
	Increase / Decrease / No Effect	Comment by Author: no effect

	Wearing a nice suit
	Increase / Decrease / No Effect	Comment by Author: no effect

	Maintaining a line of credit for a long period of time
	Increase / Decrease / No Effect	Comment by Author: increase

	Opening 10 credit cards all at once
	Increase / Decrease / No Effect	Comment by Author: decrease

	Taking out a mortgage
	Increase / Decrease / No Effect	Comment by Author: increase

	Approaching your credit limit
	Increase / Decrease / No Effect	Comment by Author: decrease

	Keeping a lot of cash in your wallet at all times
	Increase / Decrease / No Effect	Comment by Author: no effect

	Having a large amount of credit available
	Increase / Decrease / No Effect	Comment by Author: Increase

	Writing checks rather than using a debit card
	Increase / Decrease / No Effect	Comment by Author: no effect


[bookmark: _Toc224916149]
Topic 3: Consumer Behavior, Correlations and Credit Scores
If a person fails to keep up with their payments, it’s likely they are dealing with challenges managing resources. There could be many reasons for this:
· Change in life/employment: If an individual loses their job or is in a position where they cannot find work.
· Medical issues: If an individual suffers a long-term illness or has a serious accident that may prevent them from working 
· Costly life events: If an individual has a divorce or needs to support a family member.
· Non-disciplined financial management: If an individual fails to plan or be attentive to their finances. 
· Lack of matching between timing of income and expense: Sometimes cashflows do not line up and an individual may find they have future expected income but bills due now.
Any of these challenges could lead to behaviors we discussed above: Missing past payments (#1), approaching credit limit (#2), or taking out a lot of new credit (#4).
As challenges begin to mount, a consumer may increase their credit spending or take out additional sources of credit to buy themselves some time. They also may end up missing payments.
From the lender’s perspective, the fact someone has missed past payments, is close to their credit limit or has taken out new credit is an indication that they may be facing the kinds of challenges that make them likely to miss future payments.
· Having overdue payments and limited credit available means a consumer has less flexibility to deal with any additional financial problems that arise, again creating risk for future payments.
· For these reasons, these factors tend to lower a credit score.
Note that some of these challenges are temporary. Unfortunately, even if you have resolved them this may not be positively reflected in your credit score right away.
· You may have been unemployed for a month and had to increase your credit card spending, but now you have a job with a steady income.
· You may have dealt with a medical issue but now you are recovered.
· You may have previously struggled with financial management, but you have taken a course in personal finance and are now on top of things.
It’s important to keep in mind that credit scores are statistical indicators based on certain past records and do not necessarily reflect a person’s present capacity to handle credit.
Another issue is the quality of the evidence available to the lender when making decisions. If a person has no credit history, then, as a lender, you know nothing about them. Lending them money would be a complete shot in the dark, which would obviously be very risky.
· The longer a person’s credit history, the more evidence there is to go on about their future behavior.
· Similarly, a greater credit mix improves the quality of evidence. People may behave in different ways depending on the circumstances, and seeing how they make repayments with a range of loan types provides better evidence about future behavior.
These factors especially are not directly related to how you as an individual consumer are likely to manage your finances; instead, they are matter of what evidence a lender has available to distinguish you from a member of the population chosen at random.
Recall the five factors that go into a credit score: 
1) Payment History: How many of a person’s previous credit payments have been late or delinquent? What proportion of the total is it?
2) Amounts owed: How much money do they currently owe? What proportion of their available credit is this?
3) Length of credit history: How long has a person been making credit payments?
4) New credit: How much credit has a person requested recently?
5) Credit mix: How diverse are a person’s sources of credit? (How many do they have out of things like credit cards, auto loan, mortgage etc.?) 


6. [image: ]Fill out the table below as follows:
· In the column labeled risk: Circle Increases if the situation increases the risk of future delinquency; Decreases if the situation decreases the risk of future delinquency; No Effect, if the situation has no effect on the risk of future delinquency.
· In remaining columns, choose which of the credit score factors are affected by the situation. For each column, put a plus (+) in the box if that’s the reason you think the situation positively affects one’s credit, put a negative (–) in the box if you think the situation negatively affect’s one’s credit. If the situation does not affect one’s credit, put an ex () under Not a Factor in CS.
· Note just because a situation influences one’s risk of future delinquency does not necessarily mean it influences one’s credit score, and vice-versa.
	Situation
	Risk of Future Delinquencies
(Circle one)
	Payment History
	Amount Owed
	Credit History Length
	New Credit
	Credit Mix
	Not a Factor in CS

	a. Never had a credit card or loan.
	Increases
Decreases
No Effect
	
	
	
	
	
	

	b. Has had a bank account and a credit card for a decade and always makes payments on time.
	Increases
Decreases
No Effect
	
	
	
	
	
	

	c. Always has back up cash for emergencies.
	Increases
Decreases
No Effect
	
	
	
	
	
	

	d. Has been making student loan payments for 3 years.
	Increases
Decreases
No Effect
	
	
	
	
	
	

	e. Always late on utility payments
	Increases
Decreases
No Effect
	
	
	
	
	
	

	f. Uses lots of credit and always pays it off. Has lots of credit available
	Increases
Decreases
No Effect
	
	
	
	
	
	

	g. Recently opened five new credit cards.
	Increases
Decreases
No Effect
	
	
	
	
	
	



Credit Scores and Correlation
Now let’s look at some data related to credit scores to help us better understand them:
This chart compares credit score and credit utilization.
· Note that credit utilization may exceed 100%: for example, a person may overdraw their accounts, accrue interest that takes them over their limit or have their credit limit lowered below the current balance.

This is a scatter plot taken from real credit bureau data.
· Each point on the chart represents an individual consumer
· The x-value represents their credit utilization percentage, while the y-value represents their credit score.
· For example, a consumer with utilization of 75% and a credit score of 650 would correspond to a point at (75,650). Locate that person on the graph by finding point (75,650).
[image: ]
7. What does this chart suggest about the relationship between credit utilization and credit score? 
a. What is the direction of correlation?
b. How strong is the correlation?
c. Does this agree with our theoretical discussion above?

A negative correlation tells us that if credit utilization increases, credit score tends to decrease. In order to be more precise about this relationship we need to find a line of best fit (or a trendline):

This chart displays the same scatter plot as before, but this time includes the line of best fit.
· We can use this graphically to estimate predicted values or use the formula to calculate it precisely

[image: ]Example: If we want to predict the credit score of someone who has credit utilization of 90% we could either look at the y-value for the line where the x-value is 90% or we could plug 0.9 into the formula 
8. What would you predict the credit score is for someone with 23% credit utilization?


9. What would you predict the credit score is for someone with 140% credit utilization?

Consider the following chart, this compares credit score with “prior delinquency percentage” – the percentage of a consumer’s past loans that at one point were delinquent.

10. What is the correlation implied by the graph? How does prior delinquency rate correlate to credit score?

11. Does this fit with your prior expectations?

12. Do you notice anything unusual about the pattern? Are the results distributed evenly across the x-axis? How would you interpret this pattern?


We see that there are a great number of datapoints with an x-value of zero, which tells us that many consumers have never had a delinquent account. 
· We also see that that the y-values for these data points vary considerably.
· This means that the “prior delinquency %” variable is not telling us the whole story about credit scores.
· This makes sense as some people have no prior delinquencies because they have very little past credit behaviors so haven’t had an opportunity to let a loan become delinquent, while others have a long credit history of on time payments – these are very different credit profiles.
· If we run a linear regression between these variables, the R^2 value is only 0.13, this tells us that a model using this variable by itself doesn’t explain credit scores.
We may want to improve our model by adding an additional variable. Let consider two options:
a. Percent of current loans in good standing
b. Length of credit history


This chart compares percentage of loans in good standing with prior delinquencies. In order to show where multiple datapoints have the same value, we have made the points on the scatterplot transparent. If there are many overlapping datapoints, the plot on the chart will be darker. 
· We see that the point at (1,0) is very dark, meaning that a lot of consumers have 100% of the current loans in good standing and a 0% prior delinquency rate.
· In fact around 40% of the dataset belong at (1,0)
· This suggests that adding good standing as another variable may not be best suited to explaining variation amongst those with 0 prior delinquencies.

Now consider this additional plot, comparing length of credit history with prior delinquency %:

Here we see that those with prior delinquency of 0 are somewhat evenly distributed across the x-axis. This suggests that adding credit age as another variable may help with explaining variation amongst those with 0 prior delinquencies.
If we use these variables in a linear regression, we get the following model:


[image: ]Example: If you have a credit age of 30 and a prior delinquency percentage of 5%, your predicted credit score is 
13. What is your predicted credit score if you have a credit age of 10 years and a delinquency percentage of 60%?


14.  What is your predicted credit score if you have a credit age of 0 years and a delinquency percentage of 0%?


15. Based on your knowledge of credit scores, do you think your answer to question 5 is a reliable prediction?

Additional Notes:
· Delinquency and even bankruptcy data is generally removed from the credit file after 6 to 10 years. So even for someone with a 20-year credit history, the delinquency percentage only applies to payments due in the last ~10 years.
· [image: ]If someone’s credit file contains very limited data or no data at all, they will not be given a credit score, rather than having a low credit score.
[bookmark: _Toc224916150]Spreadsheet Connection: T3 Credit Score Correlations
Create your own scatter plots, lines of best fit, and regression analysis with “T3 Credit Score Correlations.”


[bookmark: _Toc224916151][image: ]Topic 3 Check for Understanding
Section 1
Consider this list of these characteristics that impact a consumer’s credit score:
· Payment history: How many of a person’s previous credit payments have been late or delinquent? What proportion of the total is it?
· Amounts owed: How much money do they currently owe? What proportion of their available credit is this?
· Length of credit history: How long has a person been making credit payments?
· New credit: How much credit has a person requested recently?
· Credit mix: How diverse are a person’s sources of credit? (How many do they have out of things like credit cards, auto loan, mortgage etc.?)

1. Which of these characteristics may indicate a person is experiencing financial problems affecting their ability to make future payments?



2. Which of these determine the quality and detail of evidence regarding the consumer that is available to lenders?



3. List three difficulties a person may encounter that may influence the characteristics listed in question 1.






4. For each difficulty you gave, explain how it may have been resolved so that it no longer impacts a person’s ability to make future payments, even if that doesn’t yet show up on their credit score.







5. From a lender's perspective, why might they be cautious about lending to someone with a limited credit history, even though they have no direct evidence this person is unlikely to make future payments?


Section 2

16. What does this chart suggest about the relationship between credit age and credit score? 
d. What is the direction of correlation?

e. How strong is the correlation?


f. Does this agree with our theoretical discussion above?

g. Sketch a line of best fit on the chart
h. Based on your line of best fit, what do you predict as the credit score for someone with a 15-year credit history?




17. A multivariable regression model for credit scores provides the following equation:

i. What is the predicted credit score for someone with 80% of their loans in good standing and 15% credit utilization?



j. What is the predicted credit score for someone with 25% of their loans in good standing and 93% credit utilization?



k. What is the maximum credit score that can be predicted by this model?



2







[bookmark: _Toc210053640][bookmark: _Toc224916152][bookmark: _Toc210053639]Topic 4: What is a Credit Report?
Credit Bureaus and Credit Files
Where does the data that is used to create credit scores come from? The companies creating credit scores receive something called a credit file.
[image: ]
A credit file is data collected by a Credit Reporting Agency (also known as Credit Bureaus).  
· A credit score is a numerical summary of data in a credit file.
· Credit Bureaus use the credit file to create a Credit Report.
· You can see a snapshot of a Credit Report in the image below
· See the sample Credit Report from Experian for more details [link]
[image: A screenshot of a computer

AI-generated content may be incorrect.]
There are three primary Credit Bureaus:  Experian, Equifax and Trans Union.
They operate according to the rules of the Fair Credit Reporting Act:
According to Experian: The Fair Credit Reporting Act (FCRA) is a federal law that helps to ensure the accuracy, fairness and privacy of the information in consumer credit bureau files. The law regulates the way credit reporting agencies can collect, access, use and share the data they collect in your consumer reports. [For further information, see What Is the Fair Credit Reporting Act?]
Analyzing credit files
The information in a credit file is stored in a database. You can see an example of how credit file information for a single customer file is stored in the table below. 
[image: A screenshot of a data sheet

AI-generated content may be incorrect.]
In this table information about each different line of credit or financial transaction is on a separate line.
· One line might represent a credit card the consumer uses and another an auto loan they have taken out.
· The data summarizes when the account was opened, its current and past payment status as well as a description of the type of loan.  
· The file contains both open and closed accounts. Note a credit card remains open so that a person can make payments with it until either the user or the bank decides to close it. A loan like a mortgage or auto loan is closed once the amount borrowed has been repaid in full.
Example: The first line of the table provides information on Account Number 100054
· This account was opened on 10/4/2012
· In the open/closed column we have “O”, which mean the account is still “open”
· [image: ]The balance amount column has the value “7955”, which is the amount in dollars that needs to be repaid.
1. When was account 100079 opened?

2. Is account 100079 open or closed?
As you can see there is a lot of information and codes to unpack in a credit file!
· In our regression models for credit scores above, we relied on only a handful of variables for each consumer, summarizing their activity across all accounts.
· It takes quite a lot of work to pull these summary variables from the datafile, we’ll take a look now at how this process works.
· Before we get to working with real credit files though, we’ll need to look at a simpler example first. 
[image: ]
[bookmark: _Toc224916153]Spreadsheet Connection: T4A Fruitstand
The spreadsheet “T4A Fruitstand” provides training in working with a data file in Excel.  
· The exercise asks you to help Alex, a fruit vendor, analyze sales to their top customers.
After working through the spreadsheet, answer the following questions:
1. How many pounds of fruit did Alex sell to their favorite customers?

2. Which customer spent the most money?

3. Which product produced the most revenue?

4. Which product sold the most pounds?

5. What do you recommend Alex do in the future to make it easier to analyze?

[image: ]
[bookmark: _Toc224916154]Spreadsheet Connection: T4b Credit Data Functions
Complete “T4b Credit Data Functions” To learn about some useful functions for analyzing credit data. Next, look at “T4c Credit Data Single Consumer”, which contains the credit file of a single consumer. Before completing the questions on “T4c Credit Data Single Consumer,” use the informational sheets to answer the following questions:
6. What does it mean if a row has the value “O” in the OPENCLOSED column?

7. What does it mean if a row has the value “11” in column D?



8. What would finding the maximum value in column B tell you?



9. Which columns tell you about an account’s balance and credit limit respectively?



10. What entry would tell you that an account is a credit card? Specify the column and value.
[image: ]
[bookmark: _Toc224916155] Spreadsheet Connection: T4c Credit Data Single Consumer

Now complete the questions on “T4c Credit Data Single Consumer”, and then consider the following questions:
Consumer1026 has a VantageScore4 of 695.
1. What past actions may have lowered their credit score?



2. What future actions might raise their credit score?





3. What future actions might lower their credit score?


What’s Not in the Credit File?
Credit files can only contain information that is reported to credit reporting agencies.  It does not contain any information about the consumer’s income, expenses or investments.  Information about rent payment and certain utilities, such as phone payments, is frequently not in a credit file.  Buy Now Pay Later transactions are also mostly not included in a credit file.  Lenders may take information about these other items into account when deciding whether to offer credit to customers.
When entering into a large transaction, or if your credit score is lower than you expect, you may want to examine your credit file.  You can request copies directly from the credit bureaus.  They also have mechanisms for you to challenge information that you do not believe is correct. For information on how to do this, see https://www.consumerfinance.gov/ask-cfpb/how-do-i-dispute-an-error-on-my-credit-report-en-314/ 


[bookmark: _Toc224916156]Topic 4 Check for Understanding
[image: ]Section 1
1. [bookmark: _Toc210053641]Where do companies get the data that is used to create credit scores?
a. Looking on social media
b. Checking for neighborhood gossip
c. A person’s credit file
d. Asking a fortune teller
2. The data included in credit files is regulated by the Fair Credit Reporting Act (FCRA). This aims to ensure credit files meet which criteria? (Select all that apply)
a. Data is accurate
b. Data reflects well on the consumer
c. Data is fair
d. Data is nicely formatted
e. Data preserves consumer privacy
3. Which of the following appear on your credit file? (Select all that apply)
a. Credit card activity
b. Wages
c. Rent payments
d. Mortgage payments
e. Stock market portfolio
4. What can you do if you believe there is an error in your credit report?
a. Write a letter to your boss or Human Resources Department?
b. Dispute the item with the credit reporting company
c. There’s nothing you can do

[image: ]Section 2
5. Use the description sheets in “T4c Credit Data Single Consumer” to answer the following questions:
a. What does it mean if a row has the value “C” in the OPENCLOSED column?



b. What does it mean if a row has the value “78” in column D?



c. What would finding the maximum value in column B tell you?



d. How do you find out if an account has zero balance? Specify the column and value.



e. What entry would tell you that an account is an auto loan? Specify the column and value.


[image: ]
6. Complete the spreadsheet “T4 Check for Understanding.”


[bookmark: _Toc224916157]Topic 5: Credit Files to Attributes
How do we get from a credit file to a credit score? We discussed above how there were a few summary variables associated with each consumer that were plausibly correlated with their likelihood of delinquency, and we confirmed that they were correlated with their credit score.
· [image: ]These are things like credit age and percentage of loans in good standing
We call these attributes. According to Experian, “attributes represent a description of the relationship between different data points that can be used to assess credit risk. Each individual data point provides a limited amount of information on credit behavior but not the full story – for that bigger picture – they need to be aggregated and combined.” https://experianacademy.com/blog/2024/07/30/how-attributes-improve-credit-decisioning/ 
This means that an intermediate step in creating a credit score is creating attributes from credit files. 
This is a common general feature of data analysis.
· You initially receive the data in a messy form with a lot of information, not all of it relevant.
· Before conducting your analysis, you have to rearrange the data and create a few key attributes that will be useful for your purposes.
Before getting to how attributes are created in credit score models we will create a couple of introductory examples.
[image: ]
[bookmark: _Toc224916158]Spreadsheet Connection: Attributes NBA
For an introduction to creating attributes in spreadsheets see “Attributes NBA” sheet.

Example: A popular new type of VR glasses has been released. Unfortunately, these devices often break so people want to purchase insurance.
· We’re going to look at how an insurance company might go about creating attributes to decide how much to charge for insurance.



Here’s a sample of the data, and you can see the full data in sheet “5A VR Glasses”
	sale #
	size
	shape
	status

	1
	Small
	Round
	OK

	2
	Large
	Rectangle
	OK

	3
	Medium
	Aviator
	OK

	4
	Large
	Rectangle
	broken

	5
	Small
	Aviator
	OK

	6
	Medium
	Aviator
	OK

	7
	Medium
	Rectangle
	OK

	8
	Small
	Aviator
	OK

	9
	Small
	Aviator
	OK

	10
	Small
	Aviator
	OK



We have information on whether the item breaks or is OK, as well as the size and the shape of the glasses.
The insurance company will have to pay the $100 repair cost for every one of their customers whose product breaks.
· They want to price their insurance so that they make a 10% profit – the amount they receive in insurance payments is 10% more than the amount they spend on repairs. 
[image: ]One approach would be to offer a single price for insurance. If 20% of glasses break, then for each customer, the average cost to the insurer is 0.2*100  $20. Therefore, to make a 10% profit, the insurer must charge 20*1.1 $22, so that they make on average $2 of profit per customer.
1. How much should the insurer charge if 15% of glasses break and they want to make a 10% profit? 


2. How much should the insurer charge if 30% of glasses break and they want to make a 10% profit? 



3. How much should the insurer charge if 1% of glasses break and they want to make a 10% profit? 
Another insurer might want to take size into account when pricing insurance. They include size as an attribute in their pricing model.
Using the same approach as above, if large glasses break 30% of the time and small glasses break 10% of the time, they would charge $33 to insure large glasses and $11 to insure small glasses.
4. If medium glasses break 20% of the time, how much would they charge for medium glasses if they’d like to make a 10% profit?



5. Assume 10% of small glasses, 20% of medium glasses and 30% of large glasses break. If each insurance company has 300 customers, divided evenly between all three sizes, how much money will they make?





6. Suppose customers are choosing between insurance companies, and can pick one which charges different rates based on size and which offers all customers the same rate. Which one will customers with small glasses choose? Which company will customers with large glasses choose? What do you think this means for the business prospects of both companies?



[image: ]
[bookmark: _Toc224916159]Spreadsheet Connection: T5a VR Glasses by Attribute
Now look at the spreadsheet “T5a VR Glasses by Attribute” to make some calculations about these attributes with data.

Credit Data and Attributes
When we looked at a sheet containing data on a single consumer, we saw how much complex data was associated with them. We also saw how we could extract some useful attributes from this data such as number of accounts in good standing, or credit utilization.
· While conceptually straightforward, it took a little work to do in excel.
· For example, to calculate the number of accounts in good standing the consumer has, we write a formula that instructs excel to look at the “account condition” column, and then add up how many cells contain the “good standing” code.
In order to create a credit score model, we need to find a way to repeat this process for many consumers, so that we generate the required attributes for every consumer in our database.
· Again, this is conceptually straightforward, all we are doing is repeating a process we already understand.
· How to write the instructions for this in excel (or any other program, is a little more complicated though) as we can’t manually write out new formulas for each individual consumer – there are far too many for that to be feasible.
· [image: ]Instead, we have to program excel to recognize which rows belong to each consumer, and then automatically calculate the attributes for each consumer in turn.
[bookmark: _Toc224916160]Spreadsheet Connection: T5b CS 20 20 
Work through the spreadsheet “T5b CS 20_20.” 
Quartiles
How do we decide whether the attributes we created are good ones?
· Our goal is to use them to predict whether consumers are likely to make future payments on time
· So before getting into the technical details of model construction, it’s good to take a look at how our attributes relate to future payment behavior
We have created a number of attributes and we want to test how much they can tell us about consumer delinquency:
1. Age of credit history
2. Number of open accounts
3. Number of different account types.
What if we try plotting a scatterplot?

On the y-axis, value 1 represents that the customer became delinquent and 0 that they did not.
We can see that this chart is not very helpful because points can only take one of two values on the y-axis – it wouldn’t make much sense to draw a line of best fit on it.
Intuitively, we want to know whether the proportion of data points that are delinquents varies between higher and lower values for age.
[image: ]We can do this using quartiles.
Quartiles are the cutoff points that divide a dataset up into four equally sized parts based on the value of a given variable.
· In our case, the variable in question is credit age, so the first quartile is the value for credit age that 25% of the data set is below and the rest is above, the second quartile is the cutoff point 50% of the data set is below and so on.
Example: If there are 100 people and the first person has 1 marble, the second person has two marbles…the one-hundredth person has 100 marbles, then the first quartile is 25 marbles, the second quartile is 50 marbles, the third quartile is 75 marbles and the fourth quartile is 100 marbles.
We can look at what proportion of consumers within each quartile with respect to credit age are delinquent. If there is a pattern, this suggest that the attribute is useful. Consider the data on these 40 consumers:
	Quartile
	Quartile Value
	Bad
	Good
	Proportion Bad

	1
	12.1
	8
	2
	0.8

	2
	17.3
	5
	5
	0.5

	3
	23.6
	3
	7
	0.3

	4
	43.0
	4
	6
	0.4



Since we are looking at 40 consumers there are 10 consumers in each quartile. We see that those in the lower quartiles seem to be less likely to be delinquent than those in the higher quartiles which suggests our attributes is a useful one.

[image: ]The chart helps us grasp the relationship – we see there is a general decrease in the proportion of goods as the quartiles increase
7. Each of the following charts displays quartiles for sample attributes. Decide which would be useful for predicting delinquency. Explain your answers.
a. 



b. 

c. 


[image: ]
[bookmark: _Toc224916161]Spreadsheet Connection: T5c Quartiles
Explore the usefulness of other attributes by calculating quartiles in excel in “T5c Quartiles.”
[image: ]
[bookmark: _Toc224916162]Topic 5: Check for Understanding Spreadsheet
Complete the spreadsheet “T5 Check for Understanding.”

[bookmark: _Toc224916163]Topic 6: Credit Scores, Probability and Odds
We said earlier that credit scores represent the probability of delinquency on future payments. We’ve also seen some of the factors that can influence this probability, and how to construct them as attributes based on the data in a credit file.
Now we’re going to look at how to interpret the numerical values of credit scores more precisely.
Credit scores are often on a scale from 300 to 850.  Higher scores generally indicate a higher likelihood of making timely payments. 
Since credit scores are often on a scale from 300 to 850 they cannot simply be probabilities. Probabilities are numbers between zero and one.
Credit scoring companies generally describe credit scores as reflecting the logarithm of the odds of a consumer making timely payments during some period (relative to missing one or more payments during that period.) 
This is not how we usually think of “likelihood” in terms of the probability of an event occurring. We can break it down into stages though:
1. The relationship between probability and odds
2. Applying a logarithmic function to the odds
[Definition] Odds are another way of representing likelihood:

o: Odds that event a occurs
p: Probability event a occurs
q: Probability event a does not occur.
Example: Suppose there is a 25% chance it rains tomorrow. The odds it rains are

[image: ]
1. If there is a 10% chance it snows tomorrow and consequently, and a 90% chance it does not snow tomorrow, what are the odds that it snows?


2. If there’s a 40% chance it’s cloudy tomorrow, what are the odds that it’s cloudy?


You will often see odds represented as a ratio between whole numbers, a:b. If the probability that an event occurs is , then the probability that the event doesn’t occur is 
· The odds are therefore 
· We can see that the n’s in the denominator cancel out, giving us 
· If we define , we get the odds as 
· Conventionally, when writing odds, we use a colin “:” to avoid confusing odds with fractions or division.
· Example: If an event has a 3/10 probability, we can write the odds as 3:7

3. Express the odds for an event with a 3/4 probability of occurring using the conventional notation (using a colin “:”).


4. Express the odds for an event with a 9/17 probability of occurring using the conventional notation (using a colin “:”).



5. Express the odds for an event with a 1/2 probability of occurring using the conventional notation (using a colin “:”).



Odds are very intuitive if we think of examples like marbles in a bag. If a bag contains 30 red marbles and 50 blue marbles, the odds of pulling out a red marble are 3:5, which is another way of saying “for every three marbles that are in the bag there are five blue marbles”.

It is also straightforward to calculate probability given the odds.
	
	The Definition of Odds

	
	Replace q with 1-p

	
	Invert both sides

	
	Distribute the p

	Now we solve for p:
	

	
	Add 1 to both sides

	
	Distribute the o

	
	Invert both sides



Next, we will use this result:  

[image: ]Example: If the odds for an event are ½, the probability is 
6. If the odds for Awesome Apples beating the Bogus Bannas in a local basketball game are 5/2, what is the probability the Apples beat the Bananas?


7. If the odds that this winter is colder than normal is 2:3, what is the probability that this winter is colder than normal?

[image: ]
[bookmark: _Toc224916164]Spreadsheet Connection: T6a Odds and Probability
See “T6a Odds and Probability” for more practice switching between odds and probability.

Though odds and probability are mathematically closely related, one key difference is that odds can have values greater than 1. This happens whenever the probability is greater than ½. 
[image: ]Since , whenever , the numerator of the fraction will be greater than the denominator, so the odds (o) will be greater than 1.
8. When will the odds be less than 1? Explain or show why.


There is no limit to how large the odds can be. Consider the probability of an event that 200:1 odds (or  or 200):

We can do a quick check that this is a number between 0 and 1 to be sure it is a well-defined value for p.
9. Can you find a value for p such that the odds are 10,000:1?


How Large Can the Odds Get? 
For any positive number n, no matter how large, if we set  , which is a well-defined value for p as it is between 0 and 1, we’ll get a value of n for the odds. This means that there is no limit to how large the odds can get.
10. Is there a limit to how close to zero the odds can get? Explain your answer. Give an example. 



On the other hand, the odds cannot be negative. For to be negative, either p or 1-p would have to be negative. We know p has to be positive (or zero). For 1-p to be negative, p would have to be greater than 1, but this is not possible either. (For more information, see our blog on Odds vs. Probability.)
Credit scores don’t represent odds directly: they represent the logarithm of the odds. We’ll consider this graphically first. The chart below shows the relationship between odds of repayment and credit score, and we see that is an exponential curve.
· This means that a linear increase in credit score corresponds to an exponential increase in odds of on-time payment (i.e., not falling delinquent)
· For an approximately 50-point increase in credit score, the odds of on-time payment double

[image: ]We can see that the odds of on time payment are approximately 50:1 for a credit score of 700, 100:1 for a score of 750 and 200:1 for a score of 790. Use the graph above to answer the questions below. 
11. Approximately what are the odds of on-time payment for someone with a credit score of 820?

12. What is the probability of an on-time payment for someone with a credit score of 820?



13. What is the approximate credit score for someone whose probability of making an on-time payment is 80%?

When we talk about the log odds of something occurring, all we mean is that we take the odds and apply a logarithmic function to it.
[image: ]So, if the odds of repayment are 3, the log2 odds of repayment are log2(3)=1.58
14. If the odds of repayment are 16, what are the log2 odds of repayment?



15. If the odds of repayment are 15, what are the log2 odds of repayment?


16. If the probability of repayment is 0.2, what are the log2 odds of repayment?



17. If the probability of repayment is 0.75, what are the ln odds of repayment?

We can confirm the logarithmic relationship between credit score and odds by taking the log2  of the odds and plotting this on the y-axis. 
We see here the linear relationship between log odds and credit score.
· When the score increases by 60 points, the log2 odds increase by 1
How do we convert credit scores from log-odds, to odds and probability?
· The inverse of a logarithmic function is an exponential function
· If log2(o) = x, then 
Example: On the chart, we can see that someone with a credit score around 570 has log2 odds of defaulting of 2, if log2(o)=2, .
· Their odds of making an on time payment are 4:1
· They have an 80% probability of on time payments.
[image: ]
18. Assume a person with a credit score of 760 has log2 odds of 5. What are their odds and probability of making an on-time payment?


19. What would log2 odds of zero represent in terms of odds and probability of on-time payments?



20. What would log2 odds of -2 represent in terms of odds and probability of on-time payments?



Given this relationship, we can express credit score (S) as a linear function of log odds (l):

21. If S increases by 60 when l increases by 1, what is the value of b.
(Hint: y = mx + b)


22. Using a data point from the graph, estimate the value of a.



As we just saw, while odds can range in value between 0 and infinity, log-odds can take on negative values too! If we pick a random negative number, say -1000, we can find a probability that corresponds to log2 odds of -1000.
· If log2(o)= -1000,  which is a very small positive number
·  is a number between 0 and 1.

23. For any n, show that there is a well-defined probability corresponding to log2 odds of -n.


This is a useful feature for linear modeling purposes, since non-horizontal lines of best fit must always go below the x-axis at some point.
When interpreting credit scores, we can use the properties of logarithmic functions to help. We know that a linear change in a logarithm value, corresponds to an exponential change in its argument value.
· , 
· In other words, when we increase the log2 odds by n, the odds double n times

24. If log2 odds of repayment increase by 1 every time the credit score increases by 60, what happens to the odds of repayment when the credit score increases by 120?



25. What happens to the odds of repayment when the credit score increases by 30?

It’s important to keep in mind that the relationship between odds and probability is not linear. In particular, as the log odds get large, and odds get even larger, big changes in odds can correspond to quite small changes in probability. 
· For example, a jump in odds from 256:1 to 512:1 seems big, but it is equivalent to a change in probability from 99.6% to 99.8%
· This means that for higher credit scores, differences represent small distinctions in repayment likelihood. A jump in credit score from 500 to 600 represents a much bigger change in probability than from 750 to 850.
One reason credit scores are scaled like this is because a large proportion of the population has a very high probability of making repayments and lenders want to be able to distinguish between them.

We can see from this chart that most of the population has odds of on-time payment of 100:1 or above (that is, over 99% probability). If credit scores had a linear relationship with probability, then most of the population would have a virtually identical score, which would make it less useful for distinguishing borrowers.
Note that if there is a linear relationship between credit score and log2 odds, there is a linear relationship between credit score and log odds of any basis. Suppose:

By the change of base rule for logs  for any new base n
Since  is a constant, we get

This is a formula for credit score as a linear function of log base n odds
26. Using your answers to questions 15-16 above, express credit score as a linear function of log10(odds).


27. Using your answers to questions 15-16 above express credit score as a linear function of ln(odds).


[image: ]We will take advantage of this, and move back and forth between different bases, as sometimes it is intuitively easier to us log2 or log10, while mathematically it’s easiest to use natural log.
[bookmark: _Toc224916165]Spreadsheet Connection: T6b Score, Odds and Probability
Calculate and graph the relationship between credit scores and log odds yourself on the sheet “T6B Score, Odds and Probability”
[image: ]
[bookmark: _Toc224916166]Extension 
Credit scores are intended to rank borrowers – to say which borrowers are more likely to pay on-time than others. Actual credit performance can vary across time and financial products.
[image: A graph with numbers and a number of text

AI-generated content may be incorrect.]Example: If there is a recession, everyone will be more at risk of missing repayments. However, credit scores do not change along with the environment – instead the correspondence between credit score and probability of on-time payments shifts.
Chart shows comparison of delinquency rate for two different time periods for borrowers with the same VantageScore.

[bookmark: _Toc224916167]Topic 6: Check for Understanding 
[image: ]Use these questions to check that you understand the material from this topic.
1. If there is a 90% chance it rains tomorrow, what are the odds that it rains?


2. If there’s a 31% chance it’s windy tomorrow, what are the odds that it’s not windy?

3. Express the odds for an event with a  probability of occurring using the conventional notation.



4. If the odds for an event are , what is the probability?



5. There is a bag full of black and white pebbles such that the odds of pulling out a while pebble are 2:1. We don’t know how many total pebbles are in there. You want to add black pebbles to the bag and I want to add white pebbles. How can we do so while ensuring the odds of pulling a white pebble remain unchanged. 




6. When will the odds equal 1? Explain your answer


7. Can you find a value for p such that the odds are 1:10,000


8. If the odds of repayment are 0.005, what are the log2 odds of repayment?

9. If the probability of repayment is 0.3, what are the ln odds of repayment?



10. What would log2 odds of 10 represent in terms of odds and probability of on-time payments?




11. What would ln odds of -4 represent in terms of odds and probability of on-time payments?




12. If ln odds of repayment increase by 1 every time the credit score increases by 75, what happens to the odds of repayment when the credit score decreases by 75?



13. What happens to the odds of repayment when the credit score increases by 25?




[bookmark: _Toc210053642][bookmark: _Toc224916168]Topic 7: Delinquency and Logistic Regression
The goal of credit scores is to predict how likely a consumer is to fall delinquent in the payments.
· We have seen how attributes can be constructed from credit reports and by breaking down outcomes by quartile, we’ve got some initial evidence that these attributes are related to likelihood of delinquency.
· However, our previous tool for constructing statistical models, linear regression, is not appropriate in this case.
· We saw that credit scores do not relate in a linear fashion to likelihood of delinquency but instead relate log odds.
In this topic, we’ll see how to put these ideas together, using logistic regression models (instead of linear ones).
Logistic models are used when we want to predict an outcome that can only take values 0 and 1.

In this chart we see the relationship between log odds and probability. As log-odds run from negative infinity to positive infinity, probability runs from 0 to 1 in an S-shaped curve.
· This means that if our model predicts linear values for log-odds, it will predict values between 0 and 1 for probability.
Example: You are driving to the airport. What is the relationship between the time you leave your home and the probability you arrive in time for your flight?
· The greater the amount of time you leave in advance, the higher the probability you make it on time.
· It’s plausible to think the relationship will be modeled by an S-curve like the one on the graph.
· Suppose the drive on average takes 120 minutes but varies due to traffic. If you set off exactly 120 minutes before you need to arrive, you’ll have about a 50% chance of making it in time. 
· As you increase the time, the probability will get closer and closer to 1 while as you decrease the time, it will get closer and closer to zero.

[image: ]This chart shows how the relationship might look.
1. What is the approximate probability you would arrive on time if you departed 140 minutes in advance?

We get a curve of this form if we model log-odds of arrive on time as a linear function of departure time: , where a and b are constants, and d is departure time.
2. Using the graph above, can you estimate values for a and b? Hint: Look at approximate values of log-odds for different probabilities, e.g. 0.5 and 0.1, in the first chart and compare with values for departure times on the second chart then solve the simultaneous equations.
We might get a similar chart if we compared, length of credit history with probability of on-time payments, though the relationship will be less neat than in this example, since many more factors go into loan repayment than driving time.
This shows what our model should look like, but how do we use data to create it?

Here we have a chart displaying data on whether a person arrived on time for various departures. These results can only take values 1 and zero. We can see that there are more 1s for high departure values and more 0s for lower values.
· We could try drawing various S-curves to model probability.

3. [image: ]Which line best models the data? Why?


Just like with lines of best fit in linear regression, we can see intuitively that some of these lines are better than others.
· The math of how this works is a little more complicated. It’s not simply that distance from the line is the error: since outcomes can only be 0 or 1, predicted probabilities in the middle will always be some distance away, but that doesn’t mean they are bad or incorrect.
· Instead, we want the proportion of 1s and 0s at any point along the curve to match the predicted probability.
· For example, for values of departure time where the predicted probability is approximately 0.5, we want around half of data points to be 0 and half 1
Logistic regression involves using a complex algorithm to calculate the curve that best fits with the data.
· It assumes there is a linear relationship between the input variable(s) and log-odds
· It tries out various values for linear coefficients and calculates the error for each combination
· It then selects the values which produce the lowest error

Predictions using a Logistic Model
Example: Suppose we created a model that gave us the following coefficients for log-odds:

From this we can predict the probability of being late based on departure time.
Let’s assume you are departing 160 minutes before the flight:




Therefore, 
4. [image: ]What is the probability you will be on time if you depart 80 minutes before the flight?


5. Suppose you want to risk no more than a 20% chance of being late. How far in advance do you need to depart.



Just like with linear regression, we can use multiple variables in logistic regression to improve our models.
Example: When predicting whether we’ll be on time to their airport, we could add an additional variable for time stuck in heavy “rush hour” traffic (that we will call Rush).
· 
· So, if I depart 140 minutes before the fight and there is going to be 15 minutes of rush hour delays, 
· Therefore, 

6. Using the same model as above, what is the probability of being on time for someone who departs 100 minutes in advance and is stuck in 30 minutes of heavy traffic?
[image: ]
[bookmark: _Toc224916169]Spreadsheet Connection: T7a Creating Logistic Models
Exploring creating your own logistic models in excel on “T7a Creating Logistic Models”
We can do use the same approach when predicting credit scores. The following chart shows a model predicting delinquency probability based on length of credit history (“Credit Age”)

The equation for our model is:
· 
Therefore, if someone has a credit age of 25 years, our model tells us they have a 10% chance of being delinquent:
· 
· 
[image: ]
14. What is the probability of delinquency for someone with a 40-year credit history?


15. What is the probability of delinquency for someone with a 15-year credit history?


16. What is the probability of delinquency for someone with no credit history?

We might also create a more complex model using multiple variables: Percentage of loans in good standing (“Good”), Credit Utilization (“Utilization”), and length of credit history ("Age”), to get the following model.
· 
Example: If a consumer had 75% of their loans in good standing, a 20% credit utilization and a 15-year credit history our model predicts they have a 20% chance of delinquency:
· 
· 
[image: ]
17. If a consumer had 20% of their loans in good standing, an 80% credit utilization and a 25-year credit history, what is their probability of delinquency according to the model?



Interpreting Logistic Models
We have a logistic model of the form 
· How do we interpret this?
· Like with any linear equation, a tells you the value of  when x is zero and b tells you how much the value of ) changes by when x increases by 1
· In our on-time model, b represents the change in  when departure time increases by one minute.
What does a change in log odds do to probability?
					(
So, when , 
What happens when x increases by one? 


Since,  are the odds for the original value of x, increasing x by 1 multiplies the odds by .

Example: Recall our model using departure time: 
· Since b = 0.03, when you increase the departure time by 1 minute, the odds of being on time increase by a factor of 
We saw above that for a departure time of 160 minutes, 
· Therefore, for a departure time of 161 minutes:



[image: ]
18. Recall, our logistic model using credit age, 
a. How does increasing credit age by one year affect the odds of delinquency?


b. We calculated above that the odds of delinquency for some with a 25-year credit history were 2.25. What are the odds of delinquency for someone with a 26-year credit history?


19. Consider how the coefficient values in our models relate to the odds:
a. If , will  be greater or less than 1?

b. If a variable has a positive coefficient, will the value of that variable increase or decrease the odds?

c. If a variable has a negative coefficient, will increasing the value of that variable increase or decrease the odds?

20. Consider a multivariable logistic regression model 

How will increasing the value of a single variable  change the odds? Explain your answer.


Suppose p is probability and l is log odds: 
· So, in a logistic model, 
· Therefore, when x is 0, 
· When we increase x by 1:


[image: ]
21. If b is greater than zero, what happens to p when x increases in value?


The effect of increasing x by 1 on p is not constant across all values of x.
Recall our model  
Consider a departure time of 120 minutes verses 130 minutes:
· If departure time is 120 minutes, 
· If we increase departure time by ten minutes to 130 minutes,  
· On time probability increases by 7% when we leave 130 minutes instead of 120 minutes (120mins  0.48. 130mins  0.55)
Consider a departure time of 120 minutes verses 130 minutes:
· If departure time is 220 minutes, x = 220;  
· If we increase departure time by ten minutes, x=320, 
· On time probability increases by only 1% when we leave 230 minutes instead of 220 minutes (220mins  0.95. 230mins  0.96)
[image: ]
22. Consider our model using credit age, .
a. How does probability of delinquency change if you increase Age from 5 to 6?

b. How does probability of delinquency change if you increase Age from 40 to 41?


Creating a Credit Scores from Log-Odds
How do credit scores relate to the log-odds in our model?
From a mathematical perspective, we could just use log-odds prediction generated by a logistic model. However, these numbers are not very intuitive. 
· They include negative values and fall within a fairly small range so that you need look at multiple decimal points to distinguish consumers.
· This can make them hard to interpret at a glance, especially for people without a deep mathematical background.
We come up with linear function for credit scores to make them easier to understand:

The value of b tells you how much the score will change when the log-odds change.
· Suppose that we want the score to change and decrease by 40 when the odds double (recall that higher credit scores mean lower odds of delinquency).
· That way, we can round credit scores to the nearest whole number without missing significant information.

We want to find how  change when odds are doubled:




Therefore, when  increase by , we want to set b so CS decreases by 40.



We can solve this system by subtracting :





Then we set a to value which ensures all results are positive and within the desired range.
· When ,  and , so the value of a determines the credit score for someone who’s odds of delinquency are 1:1 – or a 50% probability.
· In line with conventional models, we choose a = 550 to represent a someone who’s odds of delinquency are 1:1 – or a 50% probability
Therefore, our formula for credit scores, based on our logistic regression model is:

Example: If someone’s log-odds of delinquency is 1.5, then what is their credit score using our formula:



[image: ]
23. Using our formula above, what is the credit score for someone who’s log odds of delinquency are -2.3?


We could go further and plug in our logistic model using credit age 


We can plug this equation into a table using excel:
	Credit Age
	LN(Odds):
 0.5-0.9*Age
	Credit Score: 
550-40*LN(Odds)/LN(2)

	0
	0.5
	521

	5
	0.05
	547

	10
	-0.4
	573

	15
	-0.85
	599

	20
	-1.3
	625

	25
	-1.75
	651

	30
	-2.2
	677

	35
	-2.65
	703

	40
	-3.1
	729


[image: ]
24. Either on paper or in a spreadsheet: Create a table with credit scores in the left-hand column ranging from 530 to 750 in intervals of 20, with corresponding log odds and credit ages.





[image: ]
[bookmark: _Toc224916170]Spreadsheet Connection: T7b Create Credit Score Models
Use spreadsheets to create your own credit score in “T7b Create Credit Score Models.”
[bookmark: _Toc224916171]
Topic 7: Check for Understanding 
[image: ]Use these questions to check that you understand the material from this topic.
1. We want to predict how likely you are to get through check-in and security in time to board your flight based on how many minutes before departure time you arrive at the airport. We get the following logistic model:

a. What is the probability you can board if you arrive 30 minutes before departure time?


b. Suppose you want to risk no more than a 5% chance of being late. How far in advance do you need to arrive?



c. What does the model say is the probability of boarding if you arrive 10 minutes after the departure time? Does this seem like a reasonable prediction?



2. We come up with a model for predicting whether a consumer will be late on future payments, using variables: Percentage of loans in good standing (“Good”), Credit Utilization (“Utilization”), length of credit history ("Age”), percentage of prior loans that were delinquent (“DQ”):

a. A consumer has 95% of loans in good standing, a 20% credit utilization, a credit ages of 15 years and a 10% prior delinquency rate. What is the probability they will be late on future payments?

b. According to this model, what is the probability of a person with no credit history at all being late on future payments?



c. How does increasing credit utilization by 1% affect the odds of future late payment?




d. Which out of increasing Good by 1%, increasing Utilization by 1% and increasing DQ by 1% will result in the biggest change in odd? Explain your answer.




e. How much would you have to change the value of Age in order for the odds to double?


[image: ]
Now complete the sheet “T7 Check for Understanding.”

[bookmark: _Toc224916172]Topic 8: Evaluating Models and Creating a Credit Score
After creating a logistic model, how should we evaluate it? How do we know if it’s any good? 
We can create a scatter plot comparing predicting values with actual outcomes, just like with linear regression.
· As we saw in the previous section, this is harder to evaluate visually than the distance of data points from a linear line of best fit.
There are many other options, some intuitive and some technical.
One method is to group our data in buckets by predicted probability, and see proportion of successful outcomes in each bucket. This chart does this for our airport model:

The columns tell us what proportion of flights were on time within each predicted probability range.
· For example, about 50% of departures that our model said had a 30-40% chance of arriving on time in fact arrived on time.
· Out of flights our model predicted had a 70-80% chance of arriving on time, around 80% in fact arrived on time.

1. [image: ]Out of those departures the model predicted had a 20-30% chance of arriving on time, how many in fact arrived on time?
The mid-point line shows roughly the results we’d get if our model perfectly matched our data. Out of those predicted to have between 20% and 30% probability of arriving on time, we’d hope on average 25% in fact arrive on time.
· This shows fewer people arrive on time than our model predicts in the 60-70%, while more do in the 30-40% range
· Still the general alignment between the actual results and the mid-point line suggest our model is working reasonably well.
Here is a chart looking at the model predicting delinquencies.

[image: ]
2. What proportion of consumers who had a predicted delinquency probability between 20% and 30% were actually delinquent?

3. Based on this chart, how would you evaluate the effectiveness of the model? What are its strengths and what are its weaknesses?


Using a Logistic Model to make Binary Predictions
We sometimes use a logistic model to make binary predictions. We do this whenever there are two outcomes and we are asking, “will the event happen or won’t it?” To do this, we decide on a cutoff point such that, if the probability is above that threshold, we predict the event will happen, and if the probability is below it, we predict it will not happen.
For example, we might say that if our model says there is an 80% chance of making a flight if we depart at a certain time, we predict that we will make it. So, when deciding when to depart, we use that 80% threshold as a guide.
· We can evaluate our model based on that prediction cutoff point using something called a confusion matrix. This compares predicted results with actual results
	
	Late
	On-Time

	Predicted Late
	95
	64

	Predicted On-Time 
	6
	35



This confusion matrix for flights with the 80% cut-off lets us evaluate our prediction model.
· Each cell in the 2x2 grid counts the number of data points with the corresponding predicted and actual outcomes.
· The bottom right value tells us that for departures that were predicted to arrive on time, 35 did actually arrive on time.
· The bottom left value tells us that for departures that were predicted to arrive on time, 6 were in fact late.
· [image: ]Therefore, if we had used this decision tool, to decide whether a departure time is safe, we would have arrived on time  of the time.
4. Of all the times when we predicted we would be late, how many times would we expect to arrive on time?


Suppose a lender only wants to make loans to people who our model says has a probability of delinquency below 20%. Here is the confusion matrix corresponding to this prediction threshold.
	
	On Time
	Delinquent

	Predicted On Time
	645
	35

	Predicted Delinquent
	228
	91



5. Out of those we predicted would repay on time, how many would in fact be delinquent?

6. What proportion of consumers the lender would choose to give a loan to based on this threshold would then end up being delinquent?


7. What proportion of consumers who the lender would not make a loan to based on this threshold would then end up repaying that loan on time?

We can see from these questions the various trade-offs that come with using a model to make decisions.
· The confusion matrix shows that there are 228 consumers who are predicted delinquent but would in fact pay on time. These are lucrative loans that the lender is missing out on.
· The lender could raise their prediction threshold to 30% to try and capture more of these consumers, but this risk increasing the proportion of loan they make that fall delinquent.
Here is the confusion matrix for flight predictions if we lower the threshold for predicting on-time arrival from 80% to 60%.
	
	Late
	On-Time

	Predicted Late
	86
	44

	Predicted On-Time 
	15
	55



The number of departures predicted as arriving on time that do in fact arrive on time has increased from 35 to 55, so the person using this method has increased their successful options.
· However, the proportion of predicting on time departures that arrive late is now 

Here is the confusion matrix for delinquency predictions when the threshold is raised to 30%.
	
	On Time
	Delinquent

	Predicted On Time
	800
	59

	Predicted Delinquent
	73
	67



8. How many additional loans that are repaid on time will a lender using this threshold make compared to one using the 20% threshold?


9. What proportion of loans using this threshold will be delinquent?



10. How would you evaluate the trade-off of raising the threshold in this case?



We saw in the case of the airport departure, our cutoff makes a trade-off between increasing proportion of the on-time departures it correctly predicts, decreasing the number of late departures it mistakenly predicts are on time.
[image: ]We define these precisely as:
True Positive Rate (TPR): Take the number of data points correctly predicted as positive and divide by the total number of positive data points.

· True positives – positive data points, correctly predicted as positive
· False negatives – negative data points incorrectly predicted as negative
· Note TP+FN is equal to the total number of positive data points
· If at a given threshold all positives are correctly predicted positive, TPR=1
[image: ]False Positive Rate (TPR): Take the number of data points incorrectly predicted as positive and divide by the total number of negative data points.

· FP: False positives – negative data points, incorrectly predicted as positive
· TN: True negatives – negative data points correctly predicted as negative
· Note  is equal to the total number of negative data points
· If at a given threshold all negative are correctly predicted negative, 
Example: Return to our airport departure confusion matrix
	
	Late
	On-Time

	Predicted Late
	86
	44

	Predicted On-Time 
	15
	55


 
TP is the value in the bottom right of the confusion matrix and FN is the top right of the confusion matrix. Therefore, 
FP is the value in the bottom left of the confusion matrix and TN is the top right of the confusion matrix. Therefore, 
Consider the loan delinquency confusion matrix. Assume delinquent is “positive”, on time is “negative.” 
	
	On Time
	Delinquent

	Predicted On Time
	800
	59

	Predicted Delinquent
	73
	67


[image: ]
11. Calculate TPR


12. Calculate FPR

When the prediction threshold is 1, no data points are predicted to be positive so both TPR and FPR are zero.
When the prediction threshold is lowered, both TP and FP must increase or stay the same. Every data point that was predicted positive, according to the previous threshold, must still be predicted positive. Meanwhile, some additional data points that were predicted to be negative at the previous threshold may now be predicted to be positive.
For similar reasons, FN and TN must both decrease or stay the same.
[image: ]Therefore, when the threshold is lowered, TPR and FPR must either increase or stay the same.
13. What values are TPR and FPR when the threshold is 0?



14. What happens to TPR and FPR when the threshold is raised?


Ready to ROC
We use a graph called an ROC Curve (Receiver Operator Characteristic Curve) to plot how values of the True Positive Rate (TPR) and False Positive Rate (FPR) change across a range of different probability thresholds, with FPR plotted on the x-axis and TPR plotted on the y-axis. This gives us something that looks like the graph below.
Each point on the chart shows the value  plotted as a coordinate for a given probability threshold, t. The label for each point is the value of t, the probability threshold ranging from 1 on the far right to 0 on the far left and decreasing in 0.1 increments. 
When   so this point is at (0,0). Similarly, the point where  is at , where .
Look what happens when t changes from 1 to 0.9, we go from () to . In other words around 45% of positive results are assigned a probability of over 0.9 while only 7% of negative results are. This is what we might hope for.
· In a good model a greater proportion of the positive results are assigned high probabilities than negative ones.
In general, with a ROC, we hope that at the start of the curve, where t is high, the slope is steep as this means we assign high probabilities to a greater proportion of positive results than negative ones.
15. How would you expect the curve of an ROC to look as it gets closer to (1,1), if the model it’s based on is good? (Hint: The graph above is an example of a good model.)

16. How would you interpret the difference in coordinates for the points corresponding to  and ?


What would the ROC look like for a really bad model? Let’s imagine that that it assigns probabilities to data points at random, regardless of whether it is in fact positive or negative.
· If it’s random, approximately 10% of the positive data points will have a probability between 0 and 0.1, another 10% will have a probability between 0.1 and 0.2, etc.
· Similarly, 10% of the negative data points will have a probability between 0 and 0.1, another 10% will have a probability between 0.1 and 0.2, etc.
· Since 10% of both positive and negative data points will have a probability above 0.9, where 
· Since 20% of both positive and negative data points will have a probability above 0.2, where 
[image: ]
17. Look at the pattern for 10% and 20%. What are the values for TPR and FPR in this model when ? 
For this model the ROC looks like this:

Now imagine a really good model where almost all the positive data points are assigned a probability above 0.9, and almost all the negative data points are assigned a probability below 0.1. For a model like this, the ROC would look something like this:

18. [image: ]How do you interpret the point on this ROC when ?


19. Now imagine a model that is worse than random. It generally assigns higher probabilities to negative results and lower probabilities to positive results. Sketch the ROC for this model.




20. If you have a model that is worse than random, how can you use it to create a model that is better than random?



21. Look at the chart displaying the ROCs for two different models. Which model do you think is better? Explain your answer.



The more closely an ROC “hugs” the top and left-hand side of the chart, the better it is. We can measure this precisely by looking at the area under the ROC curve. 
· In a perfect model, the area under the curve would take up the entire square and have area 1.
· In a random model, where the ROC curve is a line with slope 1, the area under it is a triangle with base 1 and height 1 so the value is 0.5
The following chart displays ROCs for two different models predicting probability of being late to the airport.
· The first uses only departure time as a variable
· The second includes departure time and whether journey was in rush hour as variables
[image: ]
22. Based on this chart, which model do you think is better?



23. Why do you think one model is better than the other?

The following chart displays ROCs for two different models predicting probability of delinquency.
· The first (orange line) uses only credit utilization as a variable
· The second (blue line) includes credit utilization, credit age, percentage of loans in good standing and prior delinquency percentage.

24. Based on this chart, which model do you think is better?



25. When evaluating models in terms of ROC, what do you think the effect of adding additional variables to the model tends to do?



We can also compare our multi-variable model with actual credit scores.

As you can see our model has room for improvement before it can compete with the professional version!
[bookmark: _Toc224916173][image: ]Spreadsheet Connection: T8 Creating ROCs	
Learn how to create these charts yourself in “T8 Creating ROCs.”


[bookmark: _Toc224916174]Topic 8: Check for Understanding 
[bookmark: _Toc210053644]Here is a chart looking at a model predicting on time arrivals.

[image: ]
1. What proportion of departures which had a predicted on time probability between 20% and 30%, in fact, were on time?


2. Based on this chart how would you evaluate the effectiveness of the model? What are its strengths and what are its weaknesses?




Suppose a lender only wants to make loans to people who our model says has a probability of delinquency below 90%. Here is the confusion matrix corresponding to this prediction threshold.
	
	On Time
	Delinquent

	Predicted On Time
	520
	11

	Predicted Delinquent
	449
	154



3. Out of those we predicted would repay on time, how many would in fact be delinquent?




4. What proportion of consumers the lender would choose to give a loan to, based on this threshold, would then end up being be delinquent?




5. What proportion of consumers who the lender would not make a loan to based on this threshold would then end up repaying that loan on time?


6. Calculate TPR



7. Calculate FPR




For #8-11 refer to this ROC curve:


8. How would you interpret the difference in coordinates for the points corresponding to t = 0.5 and t = 0.6?


9.  What are the values for TPR and FPR in this model when t=0.7?


10. At what probability threshold does TPR exceed 0.9?



11. At what probability threshold foes FPR exceed 0.5?



For #12-13 refer to this ROC curve:

12. Look at the chart displaying the ROCs from two models. Which model do you think is better? Explain your answer.





13. These models are both predicting delinquency. If one model uses credit card balance and credit mix as variables and the other uses consumer height and date of birth as variables, which do you think is which? Explain your answer. 





[image: ]
[bookmark: _Toc224916175]Spreadsheet Connection: T8 Check for Understanding Spreadsheet
Now complete the spreadsheet “T8 Check for Understanding.”

[bookmark: _Toc224916176]Topic 9: Are You Your Credit Score
History
· What did we have before credit scores? 
· What issues could the previous system give rise to?
· Do you think the current system is free of these issues? Or does it represent an improvement? Or is it regressive? 
What does a credit score say about you?
· Why can’t we determine if an individual will default or not default?
· Putting people in groups where their probability is better understood and there is cost associated with lending to that group.
· Statistics and Causation
Who says what’s included in a credit score?
What are the implications of the data we choose to include?
There are two types of people with low credit score:
1. People who no credit history
2. People who have missed many payments

Height/Weight example
Compare VS3 and VS4
Discuss VR example


What goes into a credit file and what is included on a credit report is a matter of policy. 
Race and zip code are not allowed to be included.

Credit Report


Repayment Model


Credit Score


Exquifax


Experian


TransUnion


FICO


Vantage


Equifax Data x Vantage Model


Experian Data x FICO model


...


Comparing Credit Utilization and Credit Score

VS4	1.7445161290322582	1.6145325653522375	1.2768762677484786	1.2026666666666668	1.0019059720457433	1	1	1	1	1	0.9253435422704791	0.8821046707934721	0.80310431768042867	0.80072188449848025	0.78710462287104621	0.68504976967432274	0.61708904583852653	0.60960185267658329	0.59459459459459463	0.54817644159684575	0.54192682926829272	0.51589566929133857	0.50781302394205619	0.47866194247603167	0.46120689655172414	0.46084048027444252	0.43941008628691258	0.41084295612009236	0.40938887366401755	0.38095238095238093	0.37788579085950724	0.36993137866500314	0.36621932632553511	0.33733384382792403	0.30885304659498208	0.30452380099573767	0.26798029556650244	0.25803175281980006	0.25523771898418501	0.2487387048192771	0.23829687132439425	0.23671088704483984	0.22943053272744851	0.22266619013581129	0.18251484079870481	0.18108575183974165	0.16537037037037036	0.14410783768760421	0.13190210390725635	0.1298399586990191	0.11760633410117946	0.1140427358452603	0.11182810230075341	0.10338461538461538	9.3798774220564166E-2	8.8447177884571709E-2	8.4995475113122165E-2	7.1789074420702134E-2	6.8033905610229151E-2	6.6970947072763978E-2	6.6969926712155667E-2	6.4140533288613119E-2	5.5202039274924473E-2	5.4701824706187209E-2	4.8103625926107646E-2	4.7840772014475272E-2	4.1221311282858421E-2	3.8827430424835656E-2	3.6896481078602578E-2	3.0789150649918443E-2	2.9681315335430832E-2	2.8520060990874126E-2	2.7238501843586262E-2	2.5518701482004233E-2	2.4143094841930116E-2	1.8881720430107527E-2	1.8188140521013436E-2	1.7751824817518247E-2	1.6829304909172796E-2	1.4295152862033755E-2	1.2542555097652751E-2	1.1403353927625773E-2	9.689443450232843E-3	9.5709351369177454E-3	9.0101237345331826E-3	6.7875025621504494E-3	6.3610698903326214E-3	6.1793372319688105E-3	4.292852624920936E-3	3.472661109521877E-3	1.5102040816326531E-3	8.2278481012658226E-4	7.7830844262502215E-4	5.4945054945054945E-4	1.3327721661054995E-4	0	0	0	0	571	490	526	544	574	518	551	576	583	509	751	622	660	570	479	650	646	698	542	740	637	701	561	731	529	658	603	697	741	711	727	603	814	660	725	697	684	629	697	615	640	835	582	716	702	699	708	714	759	555	707	771	747	808	823	663	791	780	795	718	734	812	731	777	789	815	678	755	782	796	812	821	791	737	685	805	804	815	817	697	818	814	769	832	786	850	821	823	824	785	830	804	727	806	663	651	695	520	529	Credit Utilization %


Credit Score



Comparing Credit Utilization and Credit Score

VS4	
1.7445161290322582	1.6145325653522375	1.2768762677484786	1.2026666666666668	1.0019059720457433	1	1	1	1	1	0.9253435422704791	0.8821046707934721	0.80310431768042867	0.80072188449848025	0.78710462287104621	0.68504976967432274	0.61708904583852653	0.60960185267658329	0.59459459459459463	0.54817644159684575	0.54192682926829272	0.51589566929133857	0.50781302394205619	0.47866194247603167	0.46120689655172414	0.46084048027444252	0.43941008628691258	0.41084295612009236	0.40938887366401755	0.38095238095238093	0.37788579085950724	0.36993137866500314	0.36621932632553511	0.33733384382792403	0.30885304659498208	0.30452380099573767	0.26798029556650244	0.25803175281980006	0.25523771898418501	0.2487387048192771	0.23829687132439425	0.23671088704483984	0.22943053272744851	0.22266619013581129	0.18251484079870481	0.18108575183974165	0.16537037037037036	0.14410783768760421	0.13190210390725635	0.1298399586990191	0.11760633410117946	0.1140427358452603	0.11182810230075341	0.10338461538461538	9.3798774220564166E-2	8.8447177884571709E-2	8.4995475113122165E-2	7.1789074420702134E-2	6.8033905610229151E-2	6.6970947072763978E-2	6.6969926712155667E-2	6.4140533288613119E-2	5.5202039274924473E-2	5.4701824706187209E-2	4.8103625926107646E-2	4.7840772014475272E-2	4.1221311282858421E-2	3.8827430424835656E-2	3.6896481078602578E-2	3.0789150649918443E-2	2.9681315335430832E-2	2.8520060990874126E-2	2.7238501843586262E-2	2.5518701482004233E-2	2.4143094841930116E-2	1.8881720430107527E-2	1.8188140521013436E-2	1.7751824817518247E-2	1.6829304909172796E-2	1.4295152862033755E-2	1.2542555097652751E-2	1.1403353927625773E-2	9.689443450232843E-3	9.5709351369177454E-3	9.0101237345331826E-3	6.7875025621504494E-3	6.3610698903326214E-3	6.1793372319688105E-3	4.292852624920936E-3	3.472661109521877E-3	1.5102040816326531E-3	8.2278481012658226E-4	7.7830844262502215E-4	5.4945054945054945E-4	1.3327721661054995E-4	0	0	0	0	571	490	526	544	574	518	551	576	583	509	751	622	660	570	479	650	646	698	542	740	637	701	561	731	529	658	603	697	741	711	727	603	814	660	725	697	684	629	697	615	640	835	582	716	702	699	708	714	759	555	707	771	747	808	823	663	791	780	795	718	734	812	731	777	789	815	678	755	782	796	812	821	791	737	685	805	804	815	817	697	818	814	769	832	786	850	821	823	824	785	830	804	727	806	663	651	695	520	529	Credit Utilization %


Credit Score



Comparing Delinquency % and Credit Score

VS4	0.125	0.33333333333333331	0.45454545454545453	5.5555555555555552E-2	0.2	0.3	0.14285714285714285	0.4	0.22222222222222221	0.1111111111111111	0	0.2	0.42857142857142855	0.33333333333333331	0.33333333333333331	0	0	0	0.3	0	0	0	0.7142857142857143	0	0.25	7.1428571428571425E-2	0.5625	0	0	0	3.5714285714285712E-2	0.11363636363636363	0	0.17241379310344829	0	4.7619047619047616E-2	0.36363636363636365	0.17391304347826086	0.125	4.1666666666666664E-2	8.3333333333333329E-2	0	0.19230769230769232	4.5454545454545456E-2	0.05	0	0	0.05	0	0.3	0	0.14285714285714285	0	0	0	0	0	3.2258064516129031E-2	0	0	0	0	0	0	3.2258064516129031E-2	0	0	0	0	0	2.1739130434782608E-2	0	0	0.12121212121212122	2.7777777777777776E-2	0	0	0	0	4.7619047619047616E-2	0	0	0.05	0	0	0	0	0	0	0	0	3.7037037037037035E-2	8.3333333333333329E-2	0	0	0.36666666666666664	0	7.6923076923076927E-2	0.26315789473684209	571	490	526	544	574	518	551	576	583	509	751	622	660	570	479	650	646	698	542	740	637	701	561	731	529	658	603	697	741	711	727	603	814	660	725	697	684	629	697	615	640	835	582	716	702	699	708	714	759	555	707	771	747	808	823	663	791	780	795	718	734	812	731	777	789	815	678	755	782	796	812	821	791	737	685	805	804	815	817	697	818	814	769	832	786	850	821	823	824	785	830	804	727	806	663	651	695	520	529	Prior Delinquency %


Credit Score



Good Standing ~ Prior Delinquency

prior dq pct	0.33333333333333331	0.30769230769230771	0	0.75	0	0	0	1	0	0	1	1	0.6	1	0	1	0.8	1	1	1	0.92307692307692313	1	0.54545454545454541	1	1	0.8	0	1	1	1	0.75	0.95	1	0.77777777777777779	1	0.76923076923076927	1	0.66666666666666663	1	0.69230769230769229	0.5	1	0.75	0.9	1	1	1	1	1	0.6	1	0.94117647058823528	1	0.92307692307692313	1	0.89473684210526316	1	0.88888888888888884	1	1	1	0.8	0.92307692307692313	1	0.61538461538461542	1	0.94736842105263153	1	1	1	0.95652173913043481	1	0.9	0.4	0.72727272727272729	1	1	1	1	0.72727272727272729	1	1	0.9285714285714286	1	0.91666666666666663	1	1	1	1	0.91666666666666663	1	1	0.66666666666666663	0.90909090909090906	1	1	1	0.5	0	0.125	0.33333333333333331	0.45454545454545453	5.5555555555555552E-2	0.2	0.3	0.14285714285714285	0.4	0.22222222222222221	0.1111111111111111	0	0.2	0.42857142857142855	0.33333333333333331	0.33333333333333331	0	0	0	0.3	0	0	0	0.7142857142857143	0	0.25	7.1428571428571425E-2	0.5625	0	0	0	3.5714285714285712E-2	0.11363636363636363	0	0.17241379310344829	0	4.7619047619047616E-2	0.36363636363636365	0.17391304347826086	0.125	4.1666666666666664E-2	8.3333333333333329E-2	0	0.19230769230769232	4.5454545454545456E-2	0.05	0	0	0.05	0	0.3	0	0.14285714285714285	0	0	0	0	0	3.2258064516129031E-2	0	0	0	0	0	0	3.2258064516129031E-2	0	0	0	0	0	2.1739130434782608E-2	0	0	0.12121212121212122	2.7777777777777776E-2	0	0	0	0	4.7619047619047616E-2	0	0	0.05	0	0	0	0	0	0	0	0	3.7037037037037035E-2	8.3333333333333329E-2	0	0	0.36666666666666664	0	7.6923076923076927E-2	0.26315789473684209	Good Standing %


Prior Dlq%



Credit Age~ Prior Delinquency

prior dq pct	21.177275838466805	10.956878850102669	9.3634496919917858	9.3908281998631082	10.11088295687885	6.7323750855578375	10.710472279260781	11.000684462696784	12.917180013689254	11.627652292950033	29.412731006160165	12.366872005475702	18.250513347022586	15.5564681724846	9.3579739904175216	22.748802190280628	12.774811772758385	10.956878850102669	14.934976043805612	16.093086926762492	19.926078028747433	17.505817932922657	17.596167008898014	9.3278576317590698	6.9568788501026697	15.498973305954825	15.030800821355236	42.414784394250511	42.414784394250511	36.251882272416154	23.000684462696782	18.083504449007528	20.6652977412731	15.167693360711841	25.43189596167009	10.661190965092402	30.250513347022586	12.068446269678303	28.832306639288159	18.329911019849419	15.373032169746748	28.963723477070499	11.939767282683095	36.328542094455855	21.831622176591377	20.071184120465436	21.664613278576319	10.907597535934292	21.037645448323065	13.390828199863108	11.967145790554415	13.916495550992471	42.25051334702259	17.084188911704313	41.251197809719372	22.083504449007528	16.470910335386723	42.414784394250511	27.414099931553729	19.200547570157426	10.877481177275838	20.999315537303218	14.329911019849419	39.915126625598901	22.918548939082822	32	22.962354551676935	16.167008898015059	14.74880219028063	15.570157426420261	25.237508555783709	19.167693360711841	15.832991101984941	33.57973990417522	32.774811772758383	40.6652977412731	24.251882272416154	33.327857631759066	34.674880219028061	32.084873374401099	33.251197809719372	36.580424366872002	23.085557837097877	17.700205338809035	17.768651608487339	22.316221765913756	36.084873374401099	28.462696783025326	22.165639972621491	16.793976728268309	15.570157426420261	21.579739904175224	27.000684462696782	24	22.581793292265573	12.205338809034908	25.689253935660506	10.023271731690622	8.7474332648870643	0.125	0.33333333333333331	0.45454545454545453	5.5555555555555552E-2	0.2	0.3	0.14285714285714285	0.4	0.22222222222222221	0.1111111111111111	0	0.2	0.42857142857142855	0.33333333333333331	0.33333333333333331	0	0	0	0.3	0	0	0	0.7142857142857143	0	0.25	7.1428571428571425E-2	0.5625	0	0	0	3.5714285714285712E-2	0.11363636363636363	0	0.17241379310344829	0	4.7619047619047616E-2	0.36363636363636365	0.17391304347826086	0.125	4.1666666666666664E-2	8.3333333333333329E-2	0	0.19230769230769232	4.5454545454545456E-2	0.05	0	0	0.05	0	0.3	0	0.14285714285714285	0	0	0	0	0	3.2258064516129031E-2	0	0	0	0	0	0	3.2258064516129031E-2	0	0	0	0	0	2.1739130434782608E-2	0	0	0.12121212121212122	2.7777777777777776E-2	0	0	0	0	4.7619047619047616E-2	0	0	0.05	0	0	0	0	0	0	0	0	3.7037037037037035E-2	8.3333333333333329E-2	0	0	0.36666666666666664	0	7.6923076923076927E-2	0.26315789473684209	Credit Age


Prior Dlq%



Credit Age and Credit Score

VS4	21.177275838466805	10.956878850102669	9.3634496919917858	9.3908281998631082	10.11088295687885	6.7323750855578375	10.710472279260781	11.000684462696784	12.917180013689254	11.627652292950033	29.412731006160165	12.366872005475702	18.250513347022586	15.5564681724846	9.3579739904175216	22.748802190280628	12.774811772758385	10.956878850102669	14.934976043805612	16.093086926762492	19.926078028747433	17.505817932922657	17.596167008898014	9.3278576317590698	6.9568788501026697	15.498973305954825	15.030800821355236	42.414784394250511	42.414784394250511	36.251882272416154	23.000684462696782	18.083504449007528	20.6652977412731	15.167693360711841	25.43189596167009	10.661190965092402	30.250513347022586	12.068446269678303	28.832306639288159	18.329911019849419	15.373032169746748	28.963723477070499	11.939767282683095	36.328542094455855	21.831622176591377	20.071184120465436	21.664613278576319	10.907597535934292	21.037645448323065	13.390828199863108	11.967145790554415	13.916495550992471	42.25051334702259	17.084188911704313	41.251197809719372	22.083504449007528	16.470910335386723	42.414784394250511	27.414099931553729	19.200547570157426	10.877481177275838	20.999315537303218	14.329911019849419	39.915126625598901	22.918548939082822	32	22.962354551676935	16.167008898015059	14.74880219028063	15.570157426420261	25.237508555783709	19.167693360711841	15.832991101984941	33.57973990417522	32.774811772758383	40.6652977412731	24.251882272416154	33.327857631759066	34.674880219028061	32.084873374401099	33.251197809719372	36.580424366872002	23.085557837097877	17.700205338809035	17.768651608487339	22.316221765913756	36.084873374401099	28.462696783025326	22.165639972621491	16.793976728268309	15.570157426420261	21.579739904175224	27.000684462696782	24	22.581793292265573	12.205338809034908	25.689253935660506	10.023271731690622	8.7474332648870643	571	490	526	544	574	518	551	576	583	509	751	622	660	570	479	650	646	698	542	740	637	701	561	731	529	658	603	697	741	711	727	603	814	660	725	697	684	629	697	615	640	835	582	716	702	699	708	714	759	555	707	771	747	808	823	663	791	780	795	718	734	812	731	777	789	815	678	755	782	796	812	821	791	737	685	805	804	815	817	697	818	814	769	832	786	850	821	823	824	785	830	804	727	806	663	651	695	520	529	Credit Age


Credit Score



Age ~ Delinquency

Account Types	31.76454483230664	43.000684462696782	43.000684462696782	21.913757700205338	15.811088295687885	43.000684462696782	23.586584531143053	19.915126625598905	17.670088980150581	38.836413415468854	21.251197809719372	30.250513347022586	12.457221081451062	10.483230663928817	14.915811088295689	23.838466803559207	19.838466803559207	34.083504449007528	16.262833675564682	18.417522245037645	11.737166324435318	16.865160848733744	7.6276522929500343	9.9493497604380554	14.915811088295689	10.362765229295004	23.548254620123203	12.213552361396303	6.8966461327857633	7.956194387405886	8.2765229295003415	11.942505133470226	29.251197809719372	12.109514031485284	28.670773442847366	12.635181382614647	17.812457221081452	21.442847364818618	11.408624229979466	16.752908966461327	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	


Quartiles for Credit Age

1	2	3	4	0.8	0.5	0.3	0.4	Quartile


Proportion "Bad"



Quartiles for Attirbute 1

1	2	3	4	0.1	0.3	0.4	0.8	Quartlie


Proportion "Bad"



Quartiles for Attirbute 2

1	2	3	4	0.28000000000000003	0.3	0.28999999999999998	0.27	Quartlie


Proportion "Bad"



Quartiles for Attirbute 3

1	2	3	4	0.75	0.25	0.2	0.9	Quartlie


Proportion "Bad"



Vantage Credit Score: 
Odds of mortgage on-time payment -- Sept 2023

odds	501-520	521-540	541-560	561-580	581-600	601-620	621-640	641-660	661-680	681-700	701-720	721-740	741-760	761-780	781-800	801-820	821-850	850- 900	1.9411764705882348	3.5454545454545454	4.0505050505050502	7.2644628099173554	9.6382978723404253	11.345679012345679	16.857142857142858	22.809523809523807	30.25	46.619047619047613	61.5	82.333333333333329	99	165.66666666666666	199	332.33333333333331	332.33333333333331	499	
Odds X:1 of on time payment



Vantage Credit Score: 
Log Odds of mortgage on-time payment -- Sept 2023

log odds	501-520	521-540	541-560	561-580	581-600	601-620	621-640	641-660	661-680	681-700	701-720	721-740	741-760	761-780	781-800	801-820	821-850	850- 900	0.66329421741026395	1.2656663733312759	1.3988415771719791	1.9829943520884359	2.2657445237729754	2.4288369676832482	2.8247744754103516	3.1271781596874919	3.4094961844768505	3.8420092048070873	4.1190371748124726	4.4107760479598674	4.5951198501345898	5.1099777374285189	5.2933048247244923	5.8061384812937282	5.8061384812937282	6.2126060957515188	
Log2 Odds of on time payment



Vantage Credit Score: 
Odds of mortgage on-time payment -- Sept 2023

% of total	501-520	521-540	541-560	561-580	581-600	601-620	621-640	641-660	661-680	681-700	701-720	721-740	741-760	761-780	781-800	801-820	821-850	850- 900	1E-3	1E-3	2E-3	4.0000000000000001E-3	6.0000000000000001E-3	1.0999999999999999E-2	1.9E-2	3.2000000000000001E-2	4.5999999999999999E-2	5.3999999999999999E-2	7.0999999999999994E-2	8.5999999999999993E-2	8.2000000000000003E-2	7.4999999999999997E-2	9.8000000000000004E-2	0.159	0.14000000000000001	0.115	odds	501-520	521-540	541-560	561-580	581-600	601-620	621-640	641-660	661-680	681-700	701-720	721-740	741-760	761-780	781-800	801-820	821-850	850- 900	1.9411764705882348	3.5454545454545454	4.0505050505050502	7.2644628099173554	9.6382978723404253	11.345679012345679	16.857142857142858	22.809523809523807	30.25	46.619047619047613	61.5	82.333333333333329	99	165.66666666666666	199	332.33333333333331	332.33333333333331	499	
Odds X:1 of on time payment


Percent of population




Probability	-5	-4.8	-4.5999999999999996	-4.4000000000000004	-4.2	-4	-3.8	-3.6	-3.4	-3.2	-3	-2.8	-2.6	-2.4	-2.2000000000000002	-2	-1.8	-1.6	-1.4	-1.2	-1	-0.8	-0.6	-0.4	-0.2	0	0.2	0.4	0.6	0.80000000000001004	1.00000000000001	1.2000000000000099	1.4000000000000099	1.6000000000000101	1.80000000000001	2.0000000000000102	2.2000000000000099	2.4000000000000101	2.6000000000000099	2.80000000000001	3.0000000000000102	3.2000000000000099	3.4000000000000101	3.6000000000000099	3.80000000000001	4.0000000000000098	4.2000000000000099	4.4000000000000101	4.6000000000000103	4.8000000000000096	5	6.6928509242848554E-3	8.1625711531598966E-3	9.9518018669043241E-3	1.2128434984274237E-2	1.4774031693273055E-2	1.7986209962091559E-2	2.1881270936130476E-2	2.6596993576865856E-2	3.2295464698450516E-2	3.9165722796764356E-2	4.7425873177566781E-2	5.7324175898868755E-2	6.9138420343346815E-2	8.317269649392238E-2	9.9750489119685135E-2	0.11920292202211755	0.14185106490048777	0.16798161486607552	0.19781611144141825	0.23147521650098238	0.2689414213699951	0.31002551887238755	0.35434369377420455	0.401312339887548	0.45016600268752216	0.5	0.54983399731247795	0.598687660112452	0.6456563062257954	0.68997448112761461	0.73105857863000678	0.76852478349901943	0.80218388855858325	0.83201838513392579	0.8581489350995134	0.88079707797788354	0.9002495108803158	0.91682730350607844	0.93086157965665384	0.94267582410113182	0.9525741268224337	0.96083427720323611	0.96770453530154976	0.97340300642313449	0.97811872906386965	0.98201379003790856	0.98522596830672715	0.98787156501572593	0.99004819813309575	0.99183742884684012	0.99330714907571527	Log Odds


Probability



40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	77	78	79	80	81	82	83	84	85	86	87	88	89	90	91	92	93	94	95	96	97	98	99	100	101	102	103	104	105	106	107	108	109	110	111	112	113	114	115	116	117	118	119	120	121	122	123	124	125	126	127	128	129	130	131	132	133	134	135	136	137	138	139	140	141	142	143	144	145	146	147	148	149	150	151	152	153	154	155	156	157	158	159	160	161	162	163	164	165	166	167	168	169	170	171	172	173	174	175	176	177	178	179	180	181	182	183	184	185	186	187	188	189	190	191	192	193	194	195	196	197	198	199	200	201	202	203	204	205	206	207	208	209	210	211	212	213	214	215	216	217	218	219	220	221	222	223	224	225	226	227	228	229	230	231	232	233	234	235	236	237	238	239	7.8889582475199296E-2	8.111283171466302E-2	8.3393063580911878E-2	8.5731416365545543E-2	8.8129032736386559E-2	9.0587058562579134E-2	9.3106641666122522E-2	9.5688930498138092E-2	9.8335072738296003E-2	0.10104621381597841	0.1038234953519236	0.10666805351928295	0.10958101732323276	0.11256350679851163	0.11561663112451048	0.11874148665781462	0.12193915488239961	0.12521070027800488	0.12855716810755699	0.13197958212488578	0.13547894220437262	0.13905622189459013	0.14271236589843453	0.14644828748271826	0.15026486582067689	0.15416294327135247	0.15814332260034103	0.16220676414693577	0.1663539829432554	0.17058564579151783	0.1749023683062001	0.1793047119284113	0.18379318092039679	0.18836821934868025	0.19303020806493459	0.19777946169424934	0.20261622564102216	0.20754067312324548	0.21255290224647644	0.21765293312926839	0.22284070509229256	0.22811607392379205	0.23347880923437353	0.2389285919144519	0.24446501170791654	0.2500875649157715	0.25579565224361928	0.26158857680689407	0.26746554230770953	0.27342565139705399	0.27946790423584739	0.28559119726805704	0.29179432221865648	0.29807596532870073	0.30443470683916962	0.31086902073452027	0.31737727475606403	0.32395773069436323	0.33060854496882347	0.33732776950153837	0.34411335289123968	0.35096314189190864	0.35787488319923655	0.36484622554667451	0.37187472211131251	0.37895783322826398	0.38609292941063611	0.39327729467053424	0.40050813013490194	0.40778255794834262	0.41509762545342827	0.42245030963737601	0.42983752183238721	0.43725611265541131	0.44470287717162199	0.4521745602645017	0.45966786219412764	0.46717944432405184	0.47470593499608366	0.4822439355313235	0.48979002633497165	0.49734077308175345	0.50489273295827086	0.51244246093821211	0.51998651606613655	0.5275214677254878	0.53504390186660133	0.54255042717073354	0.55003768112656026	0.55750233599617727	0.56494110464835323	0.57235074623765425	0.57972807170905671	0.58706994910878563	0.59437330868334537	0.60163514775004168	0.60885253532371242	0.61602261648587531	0.62314261648405156	0.63020984455062545	0.63722169743222512	0.64417566262226567	0.65106932129093686	0.65790035090857701	0.66466652755998168	0.67136572794879545	0.67799593109267497	0.68455521971139766	0.69104178131151806	0.69745390897251802	0.70379000184067064	0.71004856533801475	0.71622821109492618	0.72232765661576648	0.72834572468797565	0.73428134254577548	0.74013354080032345	0.74590145214875891	0.75158430987505387	0.75718144615596916	0.76269229018570861	0.76811636613304779	0.77345329094482673	0.7787027720097075	0.78386460469604158	0.78893866977755123	0.79392493076032422	0.79882343112435217	0.80363429149251697	0.80835770673954777	0.81299394305304806	0.81754333495823228	0.82200628231750672	0.82638324731550883	0.83067475143966896	0.83488137246579219	0.83900374145757961	0.84304253978842181	0.84699849619320622	0.85087238385729602	0.8546650175492424	0.8583772508032258	0.86200997315664618	0.86556410744773205	0.86904060717750087	0.87244045393987524	0.87576465492327005	0.87901424048647125	0.88219026181117954	0.88529378863314701	0.88832590705343195	0.8912877174308963	0.8941803323567169	0.89700487471133616	0.89976247580395896	0.90245427359441599	0.90508141099693984	0.90764503426515597	0.9101462914573657	0.91258633098099518	0.91496630021490466	0.91728734420808522	0.91955060445313397	0.92175721773276598	0.92390831503751936	0.92600502055271339	0.92804845071264541	0.93003971331994917	0.93197990672798514	0.93387011908410178	0.93571142763157378	0.93750489806801529	0.93925158395805408	0.94095252619806002	0.94260875253072984	0.9442212771073496	0.94579110009558109	0.94731920733064512	0.94880657000781787	0.95025414441418821	0.95166287169767094	0.95303367767132208	0.95436747265104371	0.95566515132482799	0.95692759265173533	0.95815565978886441	0.9593502000446259	0.96051204485668695	0.96164200979301973	0.96274089457453504	0.96380948311784975	0.96484854359679062	0.9658588285212949	0.96684107483242832	0.96779600401229227	0.9687243222076527	0.96962672036617326	0.97050387438419317	0.97135644526503606	0.97218507928689246	Depature


On time Probability



122	95	158	216	143	65	87	60	108	124	56	150	113	138	52	354	177	116	90	66	127	226	171	73	129	63	98	215	151	78	152	381	141	79	74	165	54	107	157	64	119	216	59	99	221	64	105	100	109	153	96	122	85	101	123	187	91	80	104	61	66	201	104	114	101	152	148	113	140	83	66	114	98	93	211	123	91	207	150	154	167	125	86	83	91	143	186	86	400	127	183	130	145	69	95	97	146	125	168	91	56	180	57	119	151	102	176	144	302	105	120	90	87	53	74	76	76	70	293	186	158	160	91	69	92	116	116	117	56	105	121	75	182	74	100	95	124	90	114	147	64	85	186	80	101	68	170	115	205	60	159	109	114	197	319	132	103	184	89	95	182	192	45	176	159	73	78	113	136	310	137	248	161	124	105	104	179	112	106	107	237	174	107	96	104	100	357	101	99	69	130	58	129	64	189	121	97	137	519	64	1	1	1	1	1	0	0	0	1	1	0	1	0	1	0	1	1	1	0	0	1	1	1	0	1	0	1	1	1	0	1	1	0	0	0	1	0	1	1	0	0	1	0	0	1	0	1	0	0	1	1	1	1	0	0	0	0	0	0	0	0	1	1	1	1	0	0	0	1	0	0	0	0	1	0	1	1	1	1	0	1	1	0	0	0	1	1	0	1	1	1	0	1	0	0	1	0	0	0	0	0	1	0	0	1	0	0	0	1	1	0	0	0	0	1	0	0	0	1	1	0	1	0	0	1	1	1	1	0	1	1	0	1	0	1	0	0	0	1	0	0	0	1	0	0	0	1	1	1	0	1	1	1	1	1	0	0	1	0	1	1	1	0	1	1	1	0	0	1	1	1	1	1	0	0	0	1	1	1	1	0	0	0	0	1	0	1	0	0	0	1	0	1	0	1	0	1	0	1	0	Time Before Flight


On Time



122	95	158	216	143	65	87	60	108	124	56	150	113	138	52	354	177	116	90	66	127	226	171	73	129	63	98	215	151	78	152	381	141	79	74	165	54	107	157	64	119	216	59	99	221	64	105	100	109	153	96	122	85	101	123	187	91	80	104	61	66	201	104	114	101	152	148	113	140	83	66	114	98	93	211	123	91	207	150	154	167	125	86	83	91	143	186	86	400	127	183	130	145	69	95	97	146	125	168	91	56	180	57	119	151	102	176	144	302	105	120	90	87	53	74	76	76	70	293	186	158	160	91	69	92	116	116	117	56	105	121	75	182	74	100	95	124	90	114	147	64	85	186	80	101	68	170	115	205	60	159	109	114	197	319	132	103	184	89	95	182	192	45	176	159	73	78	113	136	310	137	248	161	124	105	104	179	112	106	107	237	174	107	96	104	100	357	101	99	69	130	58	129	64	189	121	97	137	519	64	1	1	1	1	1	0	0	0	1	1	0	1	0	1	0	1	1	1	0	0	1	1	1	0	1	0	1	1	1	0	1	1	0	0	0	1	0	1	1	0	0	1	0	0	1	0	1	0	0	1	1	1	1	0	0	0	0	0	0	0	0	1	1	1	1	0	0	0	1	0	0	0	0	1	0	1	1	1	1	0	1	1	0	0	0	1	1	0	1	1	1	0	1	0	0	1	0	0	0	0	0	1	0	0	1	0	0	0	1	1	0	0	0	0	1	0	0	0	1	1	0	1	0	0	1	1	1	1	0	1	1	0	1	0	1	0	0	0	1	0	0	0	1	0	0	0	1	1	1	0	1	1	1	1	1	0	0	1	0	1	1	1	0	1	1	1	0	0	1	1	1	1	1	0	0	0	1	1	1	1	0	0	0	0	1	0	1	0	0	0	1	0	1	0	1	0	1	0	1	0	Time Before Flight


On Time



Outcome	9.4483230663928808	8.3668720054757024	11.351129363449692	6.8802190280629709	21.508555783709788	6.2888432580424363	9.0677618069815189	15.449691991786448	6.3052703627652296	13.49760438056126	10.223134839151266	6.4120465434633811	6.8254620123203287	7.0417522245037647	1.516769336071184	10.965092402464066	14.461327857631758	8.3778234086242307	3.4524298425735798	3.9014373716632442	4.4982888432580426	4.6050650239561941	4.7008898015058183	5.02943189596167	9.7440109514031477	9.7768651608487342	6.6748802190280632	10.425735797399042	7.1978097193702943	6.2751540041067759	6.7323750855578375	10.22861054072553	9.3634496919917858	7.137577002053388	6.7871321013004788	7.0828199863107457	7.5154004106776178	11.143052703627653	6.9623545516769338	10.11088295687885	6.4722792607802875	9.9986310746064344	9.3579739904175216	6.3107460643394937	10.628336755646817	10.710472279260781	11.236139630390143	6.6392881587953454	6.8555783709787814	10.091718001368925	8.4982888432580417	12.366872005475702	6.9842573579739904	10.954140999315538	11.104722792607802	10.956878850102669	11.627652292950033	7.1430527036276521	12.917180013689254	13.010266940451745	7.3702943189596164	14.30527036276523	12.054757015742641	7.0417522245037647	18.165639972621491	7.7371663244353179	8.424366872005475	15.622176591375769	10.239561943874058	7.6906228610540728	11.167693360711841	12	15.748117727583846	8.7474332648870643	9.897330595482547	4.6050650239561941	10.403832991101986	9.0212183436002746	15.329226557152635	15.340177960301164	13.253935660506503	10.551676933607119	11.329226557152635	12.843258042436688	5.3552361396303905	10.108145106091717	7.8877481177275834	14.743326488706366	17.226557152635181	12.939082819986311	12.194387405886379	13.325119780971937	10.650239561943874	10.956878850102669	15.030800821355236	7.8986995208761126	13.32785763175907	11.356605065023956	13.325119780971937	8.5503080082135519	16.555783709787818	11.53182751540041	5.462012320328542	20.095824777549623	11.693360711841205	12.366872005475702	0.82956878850102667	9.3908281998631082	13.790554414784394	15.279945242984258	18.581793292265573	10.822724161533197	11.507186858316222	5.0239561943874058	21.177275838466805	24.925393566050651	6.5763175906913069	15.252566735112936	11.134839151266256	5.0513347022587265	12.6652977412731	6.9486652977412735	23.085557837097877	8.5612594113620801	6.2587268993839835	6.1464750171115679	10.455852156057494	9.0403832991101982	17.960301163586585	11.121149897330595	12.506502395619439	5.806981519507187	9.1882272416153317	12.383299110198495	10.825462012320328	13.097878165639973	6.8939082819986313	9.6235455167693367	16.591375770020534	10.677618069815194	10.674880219028063	9.9164955509924706	18.499657768651609	19.367556468172484	18.600958247775495	10.023271731690622	11.211498973305956	8.424366872005475	17.251197809719372	12.284736481861739	11.389459274469541	9.6262833675564679	19.665982203969882	15.394934976043805	16.925393566050651	10.11088295687885	19.381245722108144	7.7590691307323754	10.425735797399042	11.887748117727584	12.774811772758385	6.9568788501026697	11.909650924024641	11.665982203969884	11.000684462696784	9.5906913073237501	15.805612594113621	9.8644763860369604	12.427104722792608	11.567419575633128	20.793976728268309	13.319644079397673	7.4058863791923342	10.116358658453114	17.037645448323065	11.857631759069131	12.068446269678303	31.498973305954827	13.459274469541411	14.694045174537989	6.537987679671458	10.72416153319644	6.6858316221765914	11.832991101984941	10.661190965092402	9.0841889117043113	11.411362080766597	21.765913757700204	19.04722792607803	27.427789185489392	13.399041752224504	8.3778234086242307	11.917864476386036	17.596167008898014	10.023271731690622	13.390828199863108	5.6646132785763177	15.373032169746748	8.1670088980150588	12.774811772758385	18.250513347022586	12.506502395619439	19.348391512662559	12.725530458590006	15.425051334702259	13.998631074606434	11.967145790554415	15.000684462696784	13.861738535249829	11.939767282683095	15.477070499657769	7.3620807665982202	17.084188911704313	19.674195756331279	12.832306639288159	27.748117727583846	14.340862422997947	12.366872005475702	9.3278576317590698	15.19233401779603	8.7474332648870643	11.945242984257359	16.128678986995208	15.832991101984941	10.932238193018481	9.3004791238877473	17.560574948665298	16.859685147159478	12.328542094455852	6.9267624914442161	14.05886379192334	12.747433264887064	10.165639972621491	11.93429158110883	18.885694729637233	10.956878850102669	10.833675564681725	13.360711841204655	15.972621492128679	12.481861738535249	11.819301848049282	13.32785763175907	30.064339493497606	12.177960301163587	12.845995893223819	10.130047912388775	18.414784394250514	20.498288843258042	12.062970568104038	11.523613963039015	29.390828199863108	11.832991101984941	11.039014373716633	10.948665297741274	11.909650924024641	9.681040383299111	7.6468172484599588	14.009582477754963	19.167693360711841	12.758384668035593	26.130047912388775	31.655030800821354	12.11772758384668	13.237508555783711	11.274469541409994	9.6974674880219034	14.943189596167009	19.832991101984941	10.603696098562628	10.91854893908282	10.611909650924025	22.414784394250514	12.594113620807667	18.833675564681723	19.260780287474333	14.414784394250514	16.213552361396303	13.494866529774127	12.632443531827516	11.085557837097879	10.666666666666666	10.113620807665983	14.091718001368925	20.424366872005475	12.035592060232718	11.597535934291582	15.167693360711841	11.997262149212867	16.109514031485283	12.80766598220397	15.498973305954825	10.732375085557837	12.049281314168377	18.414784394250514	16.580424366872005	15.613963039014374	15.832991101984941	10.833675564681725	12.394250513347023	13.486652977412732	11.811088295687885	15.5564681724846	10.031485284052019	12.966461327857632	13.571526351813826	12.960985626283367	10.483230663928817	13.127994524298426	10.666666666666666	13.166324435318275	10.907597535934292	14.798083504449007	14.097193702943189	9.9520876112251884	11.000684462696784	11.498973305954825	14.978781656399725	12.041067761806982	13.166324435318275	12.405201916495551	11.507186858316222	10.143737166324435	17.541409993155373	13.034907597535934	21.746748802190282	10.231348391512663	16.183436002737849	13.36892539356605	12.580424366872005	10.373716632443532	24.90075290896646	13.598904859685147	12.547570157426421	11.540041067761807	10.562628336755647	11.581108829568789	14.934976043805612	10.877481177275838	11.748117727583846	10.609171800136892	12.643394934976044	19.507186858316221	10.683093771389458	16.542094455852155	16.084873374401095	11.151266255989048	15.832991101984941	11.843942505133469	11.592060232717317	10.844626967830253	12.364134154688569	12.744695414099931	11.167693360711841	15.676933607118412	10.885694729637235	15.085557837097879	15.507186858316222	15.676933607118412	11.871321013004792	11.085557837097879	11.917864476386036	13.078713210130047	13.544147843942506	15.594798083504449	13.716632443531827	11.967145790554415	14.414784394250514	16.084873374401095	12	14.981519507186858	12.177960301163587	11.980835044490075	14.817248459958932	12.344969199178644	11.353867214236825	14.943189596167009	16.747433264887064	14.151950718685832	11.980835044490075	12.205338809034908	12.380561259411362	18.414784394250514	11.863107460643395	14.666666666666666	18.329911019849419	15.148528405201917	20.328542094455852	12.167008898015059	13.579739904175222	13.166324435318275	11.764544832306639	15.039014373716633	16.114989733059549	12.084873374401095	14.91854893908282	12.988364134154688	12.251882272416154	13.916495550992471	11.972621492128679	12.128678986995208	18.165639972621491	16	12.224503764544833	18.431211498973305	12.375085557837098	16.580424366872005	12.202600958247775	12.342231348391513	13.49760438056126	12.279260780287474	17.905544147843944	15.665982203969884	14.329911019849419	13.404517453798768	13.084188911704311	12.999315537303216	12.5201916495551	16.093086926762492	18.017796030116358	12.733744010951403	14.17659137577002	14.039698836413416	12.9637234770705	16.999315537303218	12.616016427104723	21.927446954141001	13.44558521560575	12.917180013689254	14.329911019849419	14.529774127310061	12.848733744010952	16.046543463381244	17.776865160848732	19.414099931553729	16.279260780287473	16.736481861738536	15.594798083504449	13.467488021902806	14.091718001368925	13.59069130732375	13.831622176591376	17.240246406570844	13.166324435318275	20.856947296372347	13.579739904175222	14.245037645448322	16.566735112936346	16.878850102669404	13.371663244353183	21.664613278576319	21.374401095140314	22.083504449007528	13.467488021902806	13.505817932922655	19.252566735112936	17.251197809719372	14.63107460643395	14.283367556468173	13.579739904175222	19.54277891854894	15.299110198494182	14.220396988364135	13.963039014373717	15.225188227241615	18.255989048596852	13.664613278576317	15.189596167008897	13.675564681724847	14.425735797399042	13.760438056125942	13.916495550992471	14.666666666666666	16.61327857631759	18.329911019849419	16.054757015742641	15.723477070499658	17.067761806981519	14.513347022587268	15.728952772073923	16.662559890485969	17.815195071868583	15.832991101984941	14.28062970568104	16.747433264887064	16.167008898015059	14.861054072553046	18.165639972621491	14.17659137577002	16.629705681040384	17.505817932922657	15.786447638603697	25.579739904175224	14.633812457221081	18.710472279260781	20.999315537303218	14.926762491444217	14.403832991101986	16.498288843258042	15.581108829568789	19.748117727583846	14.510609171800137	14.674880219028063	14.650239561943874	14.74880219028063	14.63107460643395	18.694045174537987	27.129363449691994	29.664613278576319	14.91854893908282	18.083504449007528	15.000684462696784	19.600273785078713	15.709787816563997	16.213552361396303	16	18.376454483230663	20.580424366872005	16.492813141683779	19.252566735112936	22.499657768651609	17.084188911704313	15.676933607118412	19.926078028747433	21.998631074606433	17.084188911704313	19.329226557152634	15.496235455167694	15.329226557152635	15.342915811088295	15.230663928815879	15.553730321697467	15.436002737850787	15.329226557152635	15.570157426420261	16.722792607802873	15.498973305954825	16.410677618069816	15.800136892539356	16.793976728268309	15.832991101984941	19.329226557152634	19.055441478439427	16.580424366872005	16.254620123203285	18.918548939082822	19.06365503080082	21.393566050650239	15.570157426420261	17.289527720739219	16.427104722792606	17.579739904175224	17.664613278576319	16.147843942505133	17.49760438056126	18.343600273785079	17.026694045174537	18.182067077344286	16.202600958247775	22.165639972621491	18.414784394250514	16.167008898015059	15.909650924024641	16.167008898015059	16.470910335386723	22.072553045858999	17.831622176591377	21.289527720739219	16.167008898015059	17.949349760438057	16.251882272416154	16.213552361396303	17.779603011635867	22.918548939082822	16.550308008213552	16.260095824777551	16.396988364134156	16.791238877481177	17.768651608487339	23.000684462696782	17.32785763175907	16.413415468856947	16.388774811772759	18.414784394250514	20.832306639288159	19.879534565366189	18.628336755646817	17.831622176591377	20.878850102669404	16.6652977412731	17.204654346338124	17.32785763175907	18.135523613963038	16.999315537303218	18.715947980835043	16.917180013689254	21.251197809719372	17.998631074606433	20.3750855578371	17.251197809719372	20.999315537303218	20.917180013689254	17.475701574264203	18.275154004106778	18.609171800136892	17.793292265571527	20.999315537303218	17.338809034907598	21.664613278576319	20.878850102669404	17.423682409308693	19.06365503080082	21.664613278576319	17.664613278576319	19.534565366187543	18.009582477754961	24.424366872005475	17.916495550992472	18.250513347022586	17.746748802190282	17.700205338809035	18.414784394250514	18.083504449007528	19.329226557152634	17.746748802190282	18.329911019849419	17.831622176591377	28.6652977412731	20.999315537303218	17.905544147843944	20.06570841889117	18.387405886379192	18.034223134839152	28.580424366872005	20.191649555099247	22.250513347022586	30.581793292265573	18.414784394250514	23.288158795345655	18.223134839151268	19.252566735112936	18.329911019849419	18.499657768651609	20.6652977412731	22.748802190280628	19.383983572895279	30.759753593429156	19.466119096509239	18.746064339493497	21.212867898699521	28.999315537303218	29.664613278576319	20.071184120465436	19.945242984257359	23.252566735112936	18.499657768651609	20.186173853524984	18.527036276522928	22.165639972621491	19.123887748117728	19.474332648870636	18.666666666666668	18.694045174537987	19.378507871321013	19.000684462696782	25.900068446269678	18.885694729637233	19.200547570157426	19.167693360711841	22.628336755646817	19.329226557152634	22.165639972621491	18.913073237508556	20.071184120465436	18.962354551676935	19.997262149212869	21.746748802190282	19.085557837097877	19.121149897330596	20.150581793292265	19.01163586584531	19.167693360711841	19.279945242984258	22.329911019849419	19.329226557152634	22.90759753593429	19.523613963039015	31.178644763860369	25.916495550992472	24.62696783025325	25.054072553045859	20.251882272416154	21.32785763175907	21.166324435318277	19.731690622861056	20.50924024640657	20	19.600273785078713	19.603011635865844	19.917864476386036	21.49760438056126	19.665982203969882	24.167008898015059	19.789185489390828	21.190965092402465	19.917864476386036	21.459274469541409	19.961670088980149	22.083504449007528	19.956194387405887	20.251882272416154	25.251197809719372	22.329911019849419	25.308692676249144	22.414784394250514	21.793292265571527	21.49760438056126	20.413415468856947	20.358658453114305	22.436687200547571	22.666666666666668	21.037645448323065	20.265571526351813	31.926078028747433	20.6652977412731	21.675564681724847	21.166324435318277	22.740588637919235	21.423682409308693	21.831622176591377	32.046543463381248	20.832306639288159	23.329226557152634	21.664613278576319	20.6652977412731	22.880219028062971	21.127994524298426	22.130047912388775	20.832306639288159	21.251197809719372	21.34428473648186	22.083504449007528	21.352498288843258	21.193702943189596	21.21013004791239	27.832991101984941	21.412731006160165	21.664613278576319	22.012320328542096	21.746748802190282	21.412731006160165	27.000684462696782	22.581793292265573	21.579739904175224	30.329911019849419	21.793292265571527	21.95482546201232	23.085557837097877	21.831622176591377	22.962354551676935	24.747433264887064	21.957563312799451	22.414784394250514	21.998631074606433	22.414784394250514	42.414784394250511	22.165639972621491	23.942505133470227	22.316221765913756	23.085557837097877	25.34428473648186	22.387405886379192	22.806297056810404	28.084873374401095	23.060917180013689	25.916495550992472	24	22.581793292265573	23.748117727583846	27.917864476386036	23.329226557152634	24.580424366872005	25.826146475017111	22.833675564681723	23.414099931553729	22.965092402464066	23.4031485284052	27.085557837097877	23.561943874058862	23.208761122518823	25.831622176591377	23.252566735112936	33.57973990417522	25.49760438056126	26.918548939082822	29.412731006160165	23.748117727583846	25.43189596167009	23.917864476386036	23.917864476386036	23.917864476386036	23.917864476386036	27.167693360711841	23.958932238193018	24.435318275154003	25.084188911704313	27.252566735112936	24.167008898015059	24.251882272416154	24.298425735797398	25.237508555783709	24.498288843258042	33.629021218343603	27.329226557152634	28.577686516084874	24.79671457905544	32.917180013689254	24.870636550308006	28.262833675564682	33.530458590006845	24.832306639288159	25.478439425051334	24.999315537303218	28.251882272416154	25.084188911704313	25.149897330595483	26.861054072553046	26.748802190280628	28.536618754277892	27.000684462696782	25.689253935660506	25.727583846680357	29.831622176591377	31.252566735112936	28.251882272416154	29.664613278576319	27.329226557152634	26.165639972621491	26.321697467488022	27.252566735112936	26.488706365503081	26.255989048596852	28.251882272416154	33.875427789185487	27.178644763860369	27.455167693360711	29.251197809719372	26.581793292265573	26.918548939082822	28.832306639288159	27.329226557152634	30.68583162217659	28.084873374401095	27.414099931553729	27.394934976043807	27.559206023271731	32.084873374401099	28.963723477070499	28.917180013689254	27.665982203969882	28.180698151950718	27.748117727583846	30.250513347022586	28.698151950718685	28.084873374401095	32.774811772758383	28.167008898015059	29.664613278576319	28.084873374401095	28.328542094455852	29.642710472279262	28.462696783025326	28.643394934976044	28.580424366872005	28.709103353867214	29.388090349075977	28.832306639288159	29.746748802190282	28.917180013689254	32.240930869267622	28.999315537303218	29.998631074606433	29.212867898699521	29.579739904175224	32.167008898015055	35.581108829568791	29.828884325804243	29.464750171115675	29.574264202600958	29.579739904175224	32	35.813826146475016	29.650924024640656	30.165639972621491	30.666666666666668	30.22861054072553	30.48596851471595	30.250513347022586	30.250513347022586	33.338809034907598	32	30.598220396988363	30.918548939082822	42.414784394250511	31.01163586584531	32.958247775496233	33.412731006160165	34.748802190280628	32	31.748117727583846	31.832991101984941	31.917864476386036	33.497604380561256	32.251882272416154	32.328542094455855	32.328542094455855	34.499657768651609	34.108145106091719	32.917180013689254	33.256673511293634	37.412731006160165	36.328542094455855	33.251197809719372	33.327857631759066	37.664613278576319	33.412731006160165	33.916495550992472	34.636550308008211	33.763175906913077	35.329226557152637	36.251882272416154	33.831622176591374	38.231348391512661	34.666666666666664	36.167008898015055	34.329911019849419	35.997262149212865	35.08555783709788	34.674880219028061	34.581793292265573	39.252566735112936	35.329226557152637	35.665982203969882	37.831622176591374	36.917180013689254	35.581108829568791	35.915126625598901	42.414784394250511	37.497604380561256	36.084873374401099	36.413415468856947	36.479123887748116	36.498288843258045	36.580424366872002	37.045859000684466	39.581108829568791	42.414784394250511	37.327857631759066	37.746748802190282	37.497604380561256	41.664613278576319	37.598904859685149	38.25051334702259	40.542094455852158	38.997946611909654	39.832991101984945	39.915126625598901	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	40.580424366872002	41.412731006160165	42.414784394250511	41.251197809719372	40.6652977412731	41.251197809719372	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.25051334702259	41.57973990417522	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	0	0	1	0	1	1	0	1	1	0	1	1	0	1	0	1	1	0	0	1	1	1	0	1	1	1	1	0	1	0	1	0	1	1	0	0	1	0	1	1	0	0	1	1	0	1	1	0	1	0	1	0	0	0	0	0	1	1	0	1	1	1	1	1	1	0	0	1	1	1	0	1	0	0	0	0	0	0	1	0	1	0	0	1	0	1	1	0	1	0	1	0	0	0	0	1	0	1	0	0	0	1	1	0	0	1	0	1	0	0	0	1	0	1	0	0	0	0	0	1	0	0	0	0	1	1	1	0	1	1	0	0	0	0	1	0	0	0	1	1	0	0	0	0	1	0	0	1	0	1	0	0	0	0	1	1	0	1	1	0	0	0	0	0	0	0	0	1	1	0	0	0	0	0	0	0	0	0	0	0	0	1	1	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	1	1	0	0	0	0	0	0	1	1	0	0	0	1	0	0	0	1	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	1	0	0	0	0	0	1	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	1	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	1	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	1	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	1	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	1	0	0	1	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	1	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	Prediction	9.4483230663928808	8.3668720054757024	11.351129363449692	6.8802190280629709	21.508555783709788	6.2888432580424363	9.0677618069815189	15.449691991786448	6.3052703627652296	13.49760438056126	10.223134839151266	6.4120465434633811	6.8254620123203287	7.0417522245037647	1.516769336071184	10.965092402464066	14.461327857631758	8.3778234086242307	3.4524298425735798	3.9014373716632442	4.4982888432580426	4.6050650239561941	4.7008898015058183	5.02943189596167	9.7440109514031477	9.7768651608487342	6.6748802190280632	10.425735797399042	7.1978097193702943	6.2751540041067759	6.7323750855578375	10.22861054072553	9.3634496919917858	7.137577002053388	6.7871321013004788	7.0828199863107457	7.5154004106776178	11.143052703627653	6.9623545516769338	10.11088295687885	6.4722792607802875	9.9986310746064344	9.3579739904175216	6.3107460643394937	10.628336755646817	10.710472279260781	11.236139630390143	6.6392881587953454	6.8555783709787814	10.091718001368925	8.4982888432580417	12.366872005475702	6.9842573579739904	10.954140999315538	11.104722792607802	10.956878850102669	11.627652292950033	7.1430527036276521	12.917180013689254	13.010266940451745	7.3702943189596164	14.30527036276523	12.054757015742641	7.0417522245037647	18.165639972621491	7.7371663244353179	8.424366872005475	15.622176591375769	10.239561943874058	7.6906228610540728	11.167693360711841	12	15.748117727583846	8.7474332648870643	9.897330595482547	4.6050650239561941	10.403832991101986	9.0212183436002746	15.329226557152635	15.340177960301164	13.253935660506503	10.551676933607119	11.329226557152635	12.843258042436688	5.3552361396303905	10.108145106091717	7.8877481177275834	14.743326488706366	17.226557152635181	12.939082819986311	12.194387405886379	13.325119780971937	10.650239561943874	10.956878850102669	15.030800821355236	7.8986995208761126	13.32785763175907	11.356605065023956	13.325119780971937	8.5503080082135519	16.555783709787818	11.53182751540041	5.462012320328542	20.095824777549623	11.693360711841205	12.366872005475702	0.82956878850102667	9.3908281998631082	13.790554414784394	15.279945242984258	18.581793292265573	10.822724161533197	11.507186858316222	5.0239561943874058	21.177275838466805	24.925393566050651	6.5763175906913069	15.252566735112936	11.134839151266256	5.0513347022587265	12.6652977412731	6.9486652977412735	23.085557837097877	8.5612594113620801	6.2587268993839835	6.1464750171115679	10.455852156057494	9.0403832991101982	17.960301163586585	11.121149897330595	12.506502395619439	5.806981519507187	9.1882272416153317	12.383299110198495	10.825462012320328	13.097878165639973	6.8939082819986313	9.6235455167693367	16.591375770020534	10.677618069815194	10.674880219028063	9.9164955509924706	18.499657768651609	19.367556468172484	18.600958247775495	10.023271731690622	11.211498973305956	8.424366872005475	17.251197809719372	12.284736481861739	11.389459274469541	9.6262833675564679	19.665982203969882	15.394934976043805	16.925393566050651	10.11088295687885	19.381245722108144	7.7590691307323754	10.425735797399042	11.887748117727584	12.774811772758385	6.9568788501026697	11.909650924024641	11.665982203969884	11.000684462696784	9.5906913073237501	15.805612594113621	9.8644763860369604	12.427104722792608	11.567419575633128	20.793976728268309	13.319644079397673	7.4058863791923342	10.116358658453114	17.037645448323065	11.857631759069131	12.068446269678303	31.498973305954827	13.459274469541411	14.694045174537989	6.537987679671458	10.72416153319644	6.6858316221765914	11.832991101984941	10.661190965092402	9.0841889117043113	11.411362080766597	21.765913757700204	19.04722792607803	27.427789185489392	13.399041752224504	8.3778234086242307	11.917864476386036	17.596167008898014	10.023271731690622	13.390828199863108	5.6646132785763177	15.373032169746748	8.1670088980150588	12.774811772758385	18.250513347022586	12.506502395619439	19.348391512662559	12.725530458590006	15.425051334702259	13.998631074606434	11.967145790554415	15.000684462696784	13.861738535249829	11.939767282683095	15.477070499657769	7.3620807665982202	17.084188911704313	19.674195756331279	12.832306639288159	27.748117727583846	14.340862422997947	12.366872005475702	9.3278576317590698	15.19233401779603	8.7474332648870643	11.945242984257359	16.128678986995208	15.832991101984941	10.932238193018481	9.3004791238877473	17.560574948665298	16.859685147159478	12.328542094455852	6.9267624914442161	14.05886379192334	12.747433264887064	10.165639972621491	11.93429158110883	18.885694729637233	10.956878850102669	10.833675564681725	13.360711841204655	15.972621492128679	12.481861738535249	11.819301848049282	13.32785763175907	30.064339493497606	12.177960301163587	12.845995893223819	10.130047912388775	18.414784394250514	20.498288843258042	12.062970568104038	11.523613963039015	29.390828199863108	11.832991101984941	11.039014373716633	10.948665297741274	11.909650924024641	9.681040383299111	7.6468172484599588	14.009582477754963	19.167693360711841	12.758384668035593	26.130047912388775	31.655030800821354	12.11772758384668	13.237508555783711	11.274469541409994	9.6974674880219034	14.943189596167009	19.832991101984941	10.603696098562628	10.91854893908282	10.611909650924025	22.414784394250514	12.594113620807667	18.833675564681723	19.260780287474333	14.414784394250514	16.213552361396303	13.494866529774127	12.632443531827516	11.085557837097879	10.666666666666666	10.113620807665983	14.091718001368925	20.424366872005475	12.035592060232718	11.597535934291582	15.167693360711841	11.997262149212867	16.109514031485283	12.80766598220397	15.498973305954825	10.732375085557837	12.049281314168377	18.414784394250514	16.580424366872005	15.613963039014374	15.832991101984941	10.833675564681725	12.394250513347023	13.486652977412732	11.811088295687885	15.5564681724846	10.031485284052019	12.966461327857632	13.571526351813826	12.960985626283367	10.483230663928817	13.127994524298426	10.666666666666666	13.166324435318275	10.907597535934292	14.798083504449007	14.097193702943189	9.9520876112251884	11.000684462696784	11.498973305954825	14.978781656399725	12.041067761806982	13.166324435318275	12.405201916495551	11.507186858316222	10.143737166324435	17.541409993155373	13.034907597535934	21.746748802190282	10.231348391512663	16.183436002737849	13.36892539356605	12.580424366872005	10.373716632443532	24.90075290896646	13.598904859685147	12.547570157426421	11.540041067761807	10.562628336755647	11.581108829568789	14.934976043805612	10.877481177275838	11.748117727583846	10.609171800136892	12.643394934976044	19.507186858316221	10.683093771389458	16.542094455852155	16.084873374401095	11.151266255989048	15.832991101984941	11.843942505133469	11.592060232717317	10.844626967830253	12.364134154688569	12.744695414099931	11.167693360711841	15.676933607118412	10.885694729637235	15.085557837097879	15.507186858316222	15.676933607118412	11.871321013004792	11.085557837097879	11.917864476386036	13.078713210130047	13.544147843942506	15.594798083504449	13.716632443531827	11.967145790554415	14.414784394250514	16.084873374401095	12	14.981519507186858	12.177960301163587	11.980835044490075	14.817248459958932	12.344969199178644	11.353867214236825	14.943189596167009	16.747433264887064	14.151950718685832	11.980835044490075	12.205338809034908	12.380561259411362	18.414784394250514	11.863107460643395	14.666666666666666	18.329911019849419	15.148528405201917	20.328542094455852	12.167008898015059	13.579739904175222	13.166324435318275	11.764544832306639	15.039014373716633	16.114989733059549	12.084873374401095	14.91854893908282	12.988364134154688	12.251882272416154	13.916495550992471	11.972621492128679	12.128678986995208	18.165639972621491	16	12.224503764544833	18.431211498973305	12.375085557837098	16.580424366872005	12.202600958247775	12.342231348391513	13.49760438056126	12.279260780287474	17.905544147843944	15.665982203969884	14.329911019849419	13.404517453798768	13.084188911704311	12.999315537303216	12.5201916495551	16.093086926762492	18.017796030116358	12.733744010951403	14.17659137577002	14.039698836413416	12.9637234770705	16.999315537303218	12.616016427104723	21.927446954141001	13.44558521560575	12.917180013689254	14.329911019849419	14.529774127310061	12.848733744010952	16.046543463381244	17.776865160848732	19.414099931553729	16.279260780287473	16.736481861738536	15.594798083504449	13.467488021902806	14.091718001368925	13.59069130732375	13.831622176591376	17.240246406570844	13.166324435318275	20.856947296372347	13.579739904175222	14.245037645448322	16.566735112936346	16.878850102669404	13.371663244353183	21.664613278576319	21.374401095140314	22.083504449007528	13.467488021902806	13.505817932922655	19.252566735112936	17.251197809719372	14.63107460643395	14.283367556468173	13.579739904175222	19.54277891854894	15.299110198494182	14.220396988364135	13.963039014373717	15.225188227241615	18.255989048596852	13.664613278576317	15.189596167008897	13.675564681724847	14.425735797399042	13.760438056125942	13.916495550992471	14.666666666666666	16.61327857631759	18.329911019849419	16.054757015742641	15.723477070499658	17.067761806981519	14.513347022587268	15.728952772073923	16.662559890485969	17.815195071868583	15.832991101984941	14.28062970568104	16.747433264887064	16.167008898015059	14.861054072553046	18.165639972621491	14.17659137577002	16.629705681040384	17.505817932922657	15.786447638603697	25.579739904175224	14.633812457221081	18.710472279260781	20.999315537303218	14.926762491444217	14.403832991101986	16.498288843258042	15.581108829568789	19.748117727583846	14.510609171800137	14.674880219028063	14.650239561943874	14.74880219028063	14.63107460643395	18.694045174537987	27.129363449691994	29.664613278576319	14.91854893908282	18.083504449007528	15.000684462696784	19.600273785078713	15.709787816563997	16.213552361396303	16	18.376454483230663	20.580424366872005	16.492813141683779	19.252566735112936	22.499657768651609	17.084188911704313	15.676933607118412	19.926078028747433	21.998631074606433	17.084188911704313	19.329226557152634	15.496235455167694	15.329226557152635	15.342915811088295	15.230663928815879	15.553730321697467	15.436002737850787	15.329226557152635	15.570157426420261	16.722792607802873	15.498973305954825	16.410677618069816	15.800136892539356	16.793976728268309	15.832991101984941	19.329226557152634	19.055441478439427	16.580424366872005	16.254620123203285	18.918548939082822	19.06365503080082	21.393566050650239	15.570157426420261	17.289527720739219	16.427104722792606	17.579739904175224	17.664613278576319	16.147843942505133	17.49760438056126	18.343600273785079	17.026694045174537	18.182067077344286	16.202600958247775	22.165639972621491	18.414784394250514	16.167008898015059	15.909650924024641	16.167008898015059	16.470910335386723	22.072553045858999	17.831622176591377	21.289527720739219	16.167008898015059	17.949349760438057	16.251882272416154	16.213552361396303	17.779603011635867	22.918548939082822	16.550308008213552	16.260095824777551	16.396988364134156	16.791238877481177	17.768651608487339	23.000684462696782	17.32785763175907	16.413415468856947	16.388774811772759	18.414784394250514	20.832306639288159	19.879534565366189	18.628336755646817	17.831622176591377	20.878850102669404	16.6652977412731	17.204654346338124	17.32785763175907	18.135523613963038	16.999315537303218	18.715947980835043	16.917180013689254	21.251197809719372	17.998631074606433	20.3750855578371	17.251197809719372	20.999315537303218	20.917180013689254	17.475701574264203	18.275154004106778	18.609171800136892	17.793292265571527	20.999315537303218	17.338809034907598	21.664613278576319	20.878850102669404	17.423682409308693	19.06365503080082	21.664613278576319	17.664613278576319	19.534565366187543	18.009582477754961	24.424366872005475	17.916495550992472	18.250513347022586	17.746748802190282	17.700205338809035	18.414784394250514	18.083504449007528	19.329226557152634	17.746748802190282	18.329911019849419	17.831622176591377	28.6652977412731	20.999315537303218	17.905544147843944	20.06570841889117	18.387405886379192	18.034223134839152	28.580424366872005	20.191649555099247	22.250513347022586	30.581793292265573	18.414784394250514	23.288158795345655	18.223134839151268	19.252566735112936	18.329911019849419	18.499657768651609	20.6652977412731	22.748802190280628	19.383983572895279	30.759753593429156	19.466119096509239	18.746064339493497	21.212867898699521	28.999315537303218	29.664613278576319	20.071184120465436	19.945242984257359	23.252566735112936	18.499657768651609	20.186173853524984	18.527036276522928	22.165639972621491	19.123887748117728	19.474332648870636	18.666666666666668	18.694045174537987	19.378507871321013	19.000684462696782	25.900068446269678	18.885694729637233	19.200547570157426	19.167693360711841	22.628336755646817	19.329226557152634	22.165639972621491	18.913073237508556	20.071184120465436	18.962354551676935	19.997262149212869	21.746748802190282	19.085557837097877	19.121149897330596	20.150581793292265	19.01163586584531	19.167693360711841	19.279945242984258	22.329911019849419	19.329226557152634	22.90759753593429	19.523613963039015	31.178644763860369	25.916495550992472	24.62696783025325	25.054072553045859	20.251882272416154	21.32785763175907	21.166324435318277	19.731690622861056	20.50924024640657	20	19.600273785078713	19.603011635865844	19.917864476386036	21.49760438056126	19.665982203969882	24.167008898015059	19.789185489390828	21.190965092402465	19.917864476386036	21.459274469541409	19.961670088980149	22.083504449007528	19.956194387405887	20.251882272416154	25.251197809719372	22.329911019849419	25.308692676249144	22.414784394250514	21.793292265571527	21.49760438056126	20.413415468856947	20.358658453114305	22.436687200547571	22.666666666666668	21.037645448323065	20.265571526351813	31.926078028747433	20.6652977412731	21.675564681724847	21.166324435318277	22.740588637919235	21.423682409308693	21.831622176591377	32.046543463381248	20.832306639288159	23.329226557152634	21.664613278576319	20.6652977412731	22.880219028062971	21.127994524298426	22.130047912388775	20.832306639288159	21.251197809719372	21.34428473648186	22.083504449007528	21.352498288843258	21.193702943189596	21.21013004791239	27.832991101984941	21.412731006160165	21.664613278576319	22.012320328542096	21.746748802190282	21.412731006160165	27.000684462696782	22.581793292265573	21.579739904175224	30.329911019849419	21.793292265571527	21.95482546201232	23.085557837097877	21.831622176591377	22.962354551676935	24.747433264887064	21.957563312799451	22.414784394250514	21.998631074606433	22.414784394250514	42.414784394250511	22.165639972621491	23.942505133470227	22.316221765913756	23.085557837097877	25.34428473648186	22.387405886379192	22.806297056810404	28.084873374401095	23.060917180013689	25.916495550992472	24	22.581793292265573	23.748117727583846	27.917864476386036	23.329226557152634	24.580424366872005	25.826146475017111	22.833675564681723	23.414099931553729	22.965092402464066	23.4031485284052	27.085557837097877	23.561943874058862	23.208761122518823	25.831622176591377	23.252566735112936	33.57973990417522	25.49760438056126	26.918548939082822	29.412731006160165	23.748117727583846	25.43189596167009	23.917864476386036	23.917864476386036	23.917864476386036	23.917864476386036	27.167693360711841	23.958932238193018	24.435318275154003	25.084188911704313	27.252566735112936	24.167008898015059	24.251882272416154	24.298425735797398	25.237508555783709	24.498288843258042	33.629021218343603	27.329226557152634	28.577686516084874	24.79671457905544	32.917180013689254	24.870636550308006	28.262833675564682	33.530458590006845	24.832306639288159	25.478439425051334	24.999315537303218	28.251882272416154	25.084188911704313	25.149897330595483	26.861054072553046	26.748802190280628	28.536618754277892	27.000684462696782	25.689253935660506	25.727583846680357	29.831622176591377	31.252566735112936	28.251882272416154	29.664613278576319	27.329226557152634	26.165639972621491	26.321697467488022	27.252566735112936	26.488706365503081	26.255989048596852	28.251882272416154	33.875427789185487	27.178644763860369	27.455167693360711	29.251197809719372	26.581793292265573	26.918548939082822	28.832306639288159	27.329226557152634	30.68583162217659	28.084873374401095	27.414099931553729	27.394934976043807	27.559206023271731	32.084873374401099	28.963723477070499	28.917180013689254	27.665982203969882	28.180698151950718	27.748117727583846	30.250513347022586	28.698151950718685	28.084873374401095	32.774811772758383	28.167008898015059	29.664613278576319	28.084873374401095	28.328542094455852	29.642710472279262	28.462696783025326	28.643394934976044	28.580424366872005	28.709103353867214	29.388090349075977	28.832306639288159	29.746748802190282	28.917180013689254	32.240930869267622	28.999315537303218	29.998631074606433	29.212867898699521	29.579739904175224	32.167008898015055	35.581108829568791	29.828884325804243	29.464750171115675	29.574264202600958	29.579739904175224	32	35.813826146475016	29.650924024640656	30.165639972621491	30.666666666666668	30.22861054072553	30.48596851471595	30.250513347022586	30.250513347022586	33.338809034907598	32	30.598220396988363	30.918548939082822	42.414784394250511	31.01163586584531	32.958247775496233	33.412731006160165	34.748802190280628	32	31.748117727583846	31.832991101984941	31.917864476386036	33.497604380561256	32.251882272416154	32.328542094455855	32.328542094455855	34.499657768651609	34.108145106091719	32.917180013689254	33.256673511293634	37.412731006160165	36.328542094455855	33.251197809719372	33.327857631759066	37.664613278576319	33.412731006160165	33.916495550992472	34.636550308008211	33.763175906913077	35.329226557152637	36.251882272416154	33.831622176591374	38.231348391512661	34.666666666666664	36.167008898015055	34.329911019849419	35.997262149212865	35.08555783709788	34.674880219028061	34.581793292265573	39.252566735112936	35.329226557152637	35.665982203969882	37.831622176591374	36.917180013689254	35.581108829568791	35.915126625598901	42.414784394250511	37.497604380561256	36.084873374401099	36.413415468856947	36.479123887748116	36.498288843258045	36.580424366872002	37.045859000684466	39.581108829568791	42.414784394250511	37.327857631759066	37.746748802190282	37.497604380561256	41.664613278576319	37.598904859685149	38.25051334702259	40.542094455852158	38.997946611909654	39.832991101984945	39.915126625598901	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	40.580424366872002	41.412731006160165	42.414784394250511	41.251197809719372	40.6652977412731	41.251197809719372	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.25051334702259	41.57973990417522	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	42.414784394250511	0.42108998654363489	0.44399768602861728	0.381651428196493	0.47586128275287537	0.20435391460496161	0.48860589096481299	0.42911773755339516	0.30231052407942544	0.48825159708288296	0.33898482161771687	0.40487821184893186	0.48594899045347012	0.47704027357187223	0.47238487653410732	0.59057086214082188	0.38954548315392867	0.32060192236935359	0.44376434057354142	0.54964730882304358	0.54003632626169318	0.52721572077702228	0.52491784295695731	0.5228547432685996	0.51577576744719811	0.41488104625097316	0.41419279189613956	0.48028377847760056	0.40067158334491665	0.46902885249951765	0.48890114462666778	0.47904513826866174	0.4047643322860523	0.42287689347688667	0.47032384481948653	0.47786572019085938	0.47150145783920949	0.46220801348399082	0.38589890815305394	0.47409330496895369	0.40721498330753902	0.48465034096119985	0.40955596009754763	0.42299224764956217	0.4881335017277455	0.3964795433086028	0.39478435220135238	0.38399652892207631	0.48105067819998415	0.47639179611581739	0.40761436729177875	0.44119919990111434	0.36118599851460892	0.47362195207166008	0.38977029638278271	0.38668325853079377	0.38971408867951235	0.37603473024545869	0.47020610146951991	0.35029992892126643	0.34847345890069004	0.46532283151348186	0.32354305459560945	0.36742501438810793	0.47238487653410732	0.25526022783235541	0.4574534070506544	0.44277290035977612	0.29917957001958129	0.40453660392637508	0.4584506742993204	0.38539499527840587	0.36852424094168368	0.29690525690986386	0.43590411837123538	0.41167207678571538	0.52491784295695731	0.40112566076346939	0.4301022021800453	0.30450819633580689	0.30430803703034248	0.34371354565857298	0.39806396905220998	0.38209769272347055	0.35175349693547442	0.50874951788299139	0.40727203066869694	0.45422932968097585	0.31532331877751935	0.27097277652080615	0.34986977390035812	0.36462824054967763	0.34232886285923503	0.39602724733630745	0.38971408867951235	0.30999085162609219	0.45399499767665469	0.34227565923861286	0.38153989323514637	0.34232886285923503	0.44009248685304836	0.28256095294058353	0.37797742490481101	0.50644590961851021	0.22489607778884743	0.37470489364767845	0.36118599851460892	0.60483271562923291	0.42230024899430169	0.33334204519539284	0.30540982814977224	0.24849178534329522	0.39247168525258608	0.37847761162083365	0.51589381018529701	0.20904259496303051	0.16053785870784923	0.48240771727225373	0.30591138050375632	0.3860669335233024	0.51530357902280588	0.35526407458041198	0.47438792403091506	0.18310917990811718	0.43985957012149424	0.48925545922530495	0.49167687941588345	0.4000475054492163	0.42969676698726539	0.25864422977071577	0.38634703611529814	0.35840980750199797	0.49900210933590156	0.42657233264888322	0.36085890185503439	0.392415338500472	0.34675848533025871	0.47556657656739504	0.41740746973664211	0.28193857352424523	0.39546212745582193	0.39551862690461786	0.41127147725941487	0.24981809630687815	0.23604310882133137	0.24818299185977583	0.40904173191356663	0.3844997572046972	0.44277290035977612	0.27055281903807765	0.36282340858975831	0.38087094609609989	0.41735000231372049	0.2314296676171369	0.30330835205942042	0.27613855688044275	0.40721498330753902	0.23583009892971818	0.4569842222826031	0.40067158334491665	0.37078191826149809	0.35310184794889765	0.47421115044072182	0.3703409487261109	0.37525876369359107	0.38881516479216621	0.41809725337503073	0.29587031087834936	0.41235909095954576	0.359987275654292	0.37725539145923775	0.21456568248112345	0.34243528199447604	0.46455855974178395	0.40710089609181582	0.2742060232953728	0.37138860312767136	0.36715042248184682	9.7823803279783642E-2	0.33972656864661915	0.31624241261452712	0.48323386940660462	0.39450206504782304	0.48004782785489519	0.37188528356568273	0.39580116597354648	0.4287704128941292	0.38042523221792396	0.20076572702440296	0.2410654301156929	0.13351507147895411	0.34089376022895107	0.44376434057354142	0.37017564083948806	0.26471658660226638	0.40904173191356663	0.34105307270048568	0.50207428860856551	0.30370800354392979	0.44826047901613003	0.35310184794889765	0.2538700365835736	0.35840980750199797	0.23634154596093945	0.35407411213330603	0.3027593164862209	0.3293627865305257	0.36918443365541742	0.31054716026727708	0.33197800954342449	0.36973496865505784	0.30181230832127759	0.46549922517991349	0.27340720136398916	0.2313035875965023	0.35196907496689211	0.13034859548377478	0.32287103033304265	0.36118599851460892	0.42362684538307788	0.30701641488976472	0.43590411837123538	0.36962483449084593	0.29009403423317504	0.2953782153038596	0.39022006332121223	0.42420397117010894	0.26531499550078341	0.27727369683505065	0.36194972446497098	0.47485935153774222	0.32821541562031253	0.35364184521826403	0.40607456334388947	0.36984511638183071	0.24362554867159747	0.38971408867951235	0.39224631544028643	0.34163752544119952	0.29287594168948416	0.35889904059507299	0.37216133419179293	0.34227565923861286	0.10930996539447246	0.36495680292474919	0.35169961186422372	0.40681572190759868	0.25119356914048341	0.21889830318637946	0.36726024890934839	0.37814412501608274	0.11509997424400373	0.37188528356568273	0.3880292259585652	0.38988272057339418	0.3703409487261109	0.41620112723563418	0.45938958309470024	0.32915402178467035	0.23916817657776163	0.35342580140682611	0.1470142295116548	9.6641407480256986E-2	0.36616260640102294	0.34403346654180422	0.38321422317680875	0.41585664157144403	0.3116107254757669	0.22887548534972046	0.39698858790306163	0.39050126252772993	0.39681888153225581	0.1919290871774573	0.35667270353392821	0.24445390625283694	0.23770914568149018	0.32147762562823207	0.28858764529606451	0.33903777738688867	0.35591390117825494	0.38707565457499893	0.39568814198647168	0.4071579384481025	0.32759043936555682	0.21999124489160252	0.367809587577484	0.37664486513924889	0.3074691146422433	0.36857923823394284	0.29043482943091353	0.35245434605124815	0.30141407153940108	0.39433272652225698	0.36753487525150491	0.25119356914048341	0.28212998618375512	0.29932824121484025	0.2953782153038596	0.39224631544028643	0.36064090908991242	0.33919666886385702	0.37232700461449775	0.3003701231447698	0.40887036667295695	0.34933242347686189	0.3375565424962983	0.34943986299464352	0.39948044321157977	0.34616987833851104	0.39568814198647168	0.34542142292499017	0.39072627429927992	0.31430379591198582	0.32748633600017796	0.41052781904030011	0.38881516479216621	0.37864439804539496	0.31095209277045066	0.36769969233872352	0.34542142292499017	0.36042297375166793	0.37847761162083365	0.4065306105162117	0.26563757341096339	0.34799072333895631	0.20103129868025879	0.40470739634824776	0.28912163808671237	0.34147808143873692	0.35694387902518565	0.40175029430769965	0.16082469868115207	0.33702829977022769	0.3575950740386723	0.37781075363350958	0.39783749085777242	0.37697783107938776	0.31176282603476091	0.39134529612660041	0.37359813852463158	0.39687544756581439	0.35569723318570878	0.23387664846316367	0.39534913693418866	0.28280055126639203	0.29087334197646064	0.38573090996508252	0.2953782153038596	0.37166450322453254	0.37675584085975405	0.39202099153496045	0.36124052715258703	0.35369586551579713	0.38539499527840587	0.29818951136505867	0.39117643722663342	0.30898078938885709	0.30126480979081638	0.29818951136505867	0.37111278687449079	0.38707565457499893	0.37017564083948806	0.34713329776909119	0.33808519095260064	0.29967530517143798	0.33476150335285348	0.36918443365541742	0.32147762562823207	0.29087334197646064	0.36852424094168368	0.31090146036390481	0.36495680292474919	0.36890929368681119	0.31394738499823061	0.36162232768984209	0.3815956591553557	0.3116107254757669	0.27921953311733622	0.32644623721961702	0.36890929368681119	0.36440926901139242	0.36091340901050878	0.25119356914048341	0.37127826655651491	0.3167536419666715	0.2525740654088785	0.30782147090895473	0.22141384394767794	0.36517591444181519	0.33739802703093486	0.34542142292499017	0.37326636925138545	0.30983922637449351	0.29033743524517175	0.36682102598572641	0.31206714893761162	0.34890281850233984	0.36347926703948025	0.33093066498990642	0.36907436745081973	0.36594324412807305	0.25526022783235541	0.2923867583533119	0.36402620391622653	0.25092695624984562	0.36102243407031098	0.28212998618375512	0.36446400663721501	0.36167688490558553	0.33898482161771687	0.36293268296436937	0.2595515475709218	0.29838737232274193	0.3230777292632051	0.34078757187798869	0.34702618913637545	0.34868810799508854	0.35813813857084298	0.29072712774164855	0.25769377149034911	0.35391198405099805	0.32597874857193992	0.32858026654844424	0.34938614132368151	0.27486496594684606	0.3562390138251475	0.19853777648964205	0.33999166918849183	0.35029992892126643	0.3230777292632051	0.31931641612163431	0.35164573056983028	0.29155624814520781	0.26169186568437236	0.23531941762695502	0.28742460744670384	0.27940981808627419	0.29967530517143798	0.33956755650100306	0.32759043936555682	0.33718672992641613	0.33255475916914623	0.27073941625017423	0.34542142292499017	0.21365108771989647	0.33739802703093486	0.32468198615417926	0.28236936289963332	0.27694231739344721	0.34142494139982349	0.20217244005556417	0.20624316074004148	0.19640306306573216	0.33956755650100306	0.33882597849391816	0.23783763696757157	0.27055281903807765	0.31741890223662866	0.32395697046605576	0.33739802703093486	0.23332662816379046	0.30505901579670647	0.32514851222449848	0.33004173683825194	0.30641339316778848	0.25378051856379663	0.33576217862168417	0.30706669652816354	0.33555138717445182	0.32127146455195921	0.33391998002224271	0.33093066498990642	0.3167536419666715	0.28155598492990841	0.2525740654088785	0.29140983169932511	0.29734944488272835	0.27368897272306814	0.31962468810180228	0.29725070332147219	0.28069631596093608	0.26105313422687115	0.2953782153038596	0.32400872933846492	0.27921953311733622	0.28941315383359528	0.31313355552283534	0.25526022783235541	0.32597874857193992	0.28126925076236914	0.26623731041035131	0.29621506045062618	0.15307130312016445	0.31736770183422908	0.24642339396944832	0.21159378679109761	0.31191496719603956	0.32168385629784002	0.28356809221282248	0.29992334889090738	0.2301710291077956	0.31967608210492265	0.31660022661041581	0.31706059225806893	0.31522128621854323	0.31741890223662866	0.24668679760993453	0.13652334967858507	0.1127147897954445	0.31206714893761162	0.25661032931580502	0.31054716026727708	0.23244003622393028	0.29759638153591234	0.28858764529606451	0.2923867583533119	0.25181639759154972	0.21768851361958064	0.28366412328314328	0.23783763696757157	0.19079544490119901	0.27340720136398916	0.29818951136505867	0.22746047252941703	0.19756188941205141	0.27340720136398916	0.23664024354615756	0.30146383479775624	0.30450819633580689	0.3042580087707607	0.30631295384707014	0.30041978816754622	0.30255980665532733	0.30450819633580689	0.30012186833348348	0.27964778591246803	0.30141407153940108	0.28510694353618693	0.29596878701609525	0.27841170833071421	0.2953782153038596	0.23664024354615756	0.2409357462760974	0.28212998618375512	0.28786041884627966	0.24310335684304629	0.24080611006533026	0.20597247894044704	0.30012186833348348	0.26990036628979386	0.28481802672585965	0.26499266796182031	0.26356823081776232	0.2897534756276674	0.26637583371140811	0.25235106534310536	0.27439419229979228	0.25499076847804258	0.28878175666362121	0.19528651539881547	0.25119356914048341	0.28941315383359528	0.2940028805514468	0.28941315383359528	0.28404844392108869	0.19655229996435031	0.26077970102129877	0.20744505840393271	0.28941315383359528	0.2588255280128407	0.28790886663068854	0.28858764529606451	0.26164620856692355	0.18527533711390445	0.28265677750443197	0.28776353785045339	0.28534784208799019	0.27845918768302608	0.26182886789240789	0.18420754913529458	0.269248906193922	0.28505877850026851	0.28549243989520973	0.25119356914048341	0.2140086341101497	0.22816720628453779	0.2477423044326649	0.26077970102129877	0.21333363410281794	0.28064860352828325	0.27134641571326862	0.269248906193922	0.25575472249011189	0.27486496594684606	0.24633563483033738	0.27628029208545368	0.20798954319099186	0.25801033740774726	0.22072204633045878	0.27055281903807765	0.21159378679109761	0.2127789178142635	0.26674545352555273	0.25346736957062904	0.24805073051232229	0.26141800013716032	0.21159378679109761	0.26906295724329105	0.20217244005556417	0.21333363410281794	0.26762460726235437	0.24080611006533026	0.20217244005556417	0.26356823081776232	0.23345347601355507	0.25782941154230821	0.16645196430081394	0.25936991874219217	0.2538700365835736	0.26219443331719927	0.26297235149097392	0.25119356914048341	0.25661032931580502	0.23664024354615756	0.26219443331719927	0.2525740654088785	0.26077970102129877	0.12163386202628222	0.21159378679109761	0.2595515475709218	0.22534954931569706	0.25163834211028979	0.25742263117984843	0.12241873684494169	0.22345752645788758	0.19413780658178142	0.10503660882602743	0.25119356914048341	0.1805078237692915	0.2543179390786115	0.23783763696757157	0.2525740654088785	0.24981809630687815	0.21644347517388349	0.18749723831888815	0.23578751290330896	0.10360135408061175	0.2345124057234623	0.24585333573140727	0.208535081070853	0.1185869967806429	0.1127147897954445	0.22526705174535303	0.22716991381731838	0.18096272321927814	0.24981809630687815	0.22353955255165797	0.24937546854111309	0.19528651539881547	0.2398569004422495	0.23438515843078339	0.24712622428604875	0.24668679760993453	0.23587269027369015	0.24180120455393278	0.14952106038156521	0.24362554867159747	0.238652524268712	0.23916817657776163	0.18908646945628693	0.23664024354615756	0.19528651539881547	0.24319033602726239	0.22526705174535303	0.2424082838444209	0.22638257606716469	0.20103129868025879	0.24046064640336628	0.23989999072509174	0.2240732447052852	0.24162794364253104	0.23916817657776163	0.23740951849555961	0.19306785810088203	0.23664024354615756	0.18541806956728255	0.23362268106899656	0.10029129269431046	0.14934083896050065	0.16403973023551272	0.15904663550634046	0.22255665462061192	0.20690162663473	0.20919893578090051	0.23042237243086502	0.21873671871538466	0.22634119075563253	0.23244003622393028	0.2323978761990679	0.22758507793362615	0.20450765546725819	0.2314296676171369	0.16955698424460605	0.229543511981843	0.20884728984435311	0.22758507793362615	0.20504642506041804	0.22692107214747106	0.19640306306573216	0.22700399796844978	0.22255665462061192	0.15678401710098996	0.19306785810088203	0.15612904170114836	0.1919290871774573	0.20038679480046584	0.20450765546725819	0.22015349495458489	0.22096603315071134	0.19163604351868196	0.18857968743527334	0.21104238083050969	0.22235227291966356	9.4618086096529538E-2	0.21644347517388349	0.20202000889127192	0.20919893578090051	0.18760526779253522	0.20554765357194238	0.19985719053246834	9.3731066900776497E-2	0.2140086341101497	0.17998404832032416	0.20217244005556417	0.21644347517388349	0.18577527222675802	0.20974680571946022	0.19576976150971243	0.2140086341101497	0.20798954319099186	0.20666904963652111	0.19640306306573216	0.20655283365852434	0.20880824494092723	0.20857408836094202	0.12952038279646505	0.20570206033053379	0.20217244005556417	0.19737463391760016	0.20103129868025879	0.20570206033053379	0.13783800789388087	0.18970325078779657	0.20335669285951449	0.1070980315963623	0.20038679480046584	0.19816200676252832	0.18310917990811718	0.19985719053246834	0.18470525620231951	0.16261879585768055	0.19812445925488006	0.1919290871774573	0.19756188941205141	0.1919290871774573	4.0548627039386741E-2	0.19528651539881547	0.17230311177181487	0.19325201142187842	0.18310917990811718	0.15572469932850497	0.19229587207149232	0.18674237176927072	0.12708880318655894	0.18342753687779609	0.14934083896050065	0.17159649782171885	0.18970325078779657	0.17470920321917596	0.12869665367845312	0.17998404832032416	0.16459139425800612	0.15033427577950201	0.18638373526106722	0.17890533967165687	0.18466967123197747	0.17904424323981277	0.1369697036044728	0.1770383859439528	0.1815238248708749	0.15027391297636669	0.18096272321927814	8.3077655454492291E-2	0.15399267434058608	0.13868270089801785	0.11490755502413606	0.17470920321917596	0.15473303350502179	0.17260665088477964	0.17260665088477964	0.17260665088477964	0.17260665088477964	0.13613379512020735	0.17210098727880627	0.16632085072053543	0.15869925203051385	0.13527454200809833	0.16955698424460605	0.16852792526117738	0.16796571988518447	0.15694029292819975	0.1655685516626193	8.2754192782699465E-2	0.13450237902773116	0.1224441278013817	0.16204036954616147	8.7539317529379823E-2	0.16117584331766452	0.1253944395127411	8.3402267489160728E-2	0.16162365014484256	0.15420831261742954	0.15967982118920787	0.12549814682030205	0.15869925203051385	0.15794346153622263	0.13927656678982106	0.14044216205076906	0.12282553620012791	0.13783800789388087	0.15184983949833486	0.151424221642813	0.11128110505394789	9.9717009253261088E-2	0.12549814682030205	0.1127147897954445	0.13450237902773116	0.14662939099650288	0.14495186310188218	0.13527454200809833	0.14317430162642292	0.14565623975424186	0.12549814682030205	8.1154008541941394E-2	0.1360226659392817	0.1332419095304391	0.1163332459694225	0.14219143216844238	0.13868270089801785	0.12010208649370935	0.13450237902773116	0.10419541890345749	0.12708880318655894	0.1336518300141315	0.13384349097539797	0.13220820486119	9.3450400773914394E-2	0.11890849146723327	0.11933004498748206	0.13115437405687752	0.12617403616025052	0.13034859548377478	0.10775517118985316	0.12133120527812	0.12708880318655894	8.8525885737883586E-2	0.12630437139668443	0.1127147897954445	0.12708880318655894	0.12477373641465092	0.11290400550103961	0.12351464605074269	0.12183599435824598	0.12241873684494169	0.12123046403233748	0.11512404634570607	0.12010208649370935	0.1120076946740528	0.11933004498748206	9.2315457219528774E-2	0.1185869967806429	0.10986339821984499	0.1166737926899571	0.11344954542020912	9.2851510468605583E-2	7.0830679276756126E-2	0.11130447893398743	0.11445168097981935	0.11349709214756296	0.11344954542020912	9.4072891636327247E-2	6.9519995799822529E-2	0.11283301714714555	0.10846154852677356	0.10434992633387803	0.10793707394189049	0.10581668622382737	0.10775517118985316	0.10775517118985316	8.4675633110484427E-2	9.4072891636327247E-2	0.10490339200640111	0.10233533674306074	4.0548627039386741E-2	0.10159957710902962	8.7256583115949721E-2	8.4182400869377685E-2	7.5707124621046604E-2	9.4072891636327247E-2	9.5942210046164378E-2	9.5308651034599498E-2	9.4678837612204803E-2	8.3619315619667609E-2	9.2236278757897527E-2	9.1683736001870991E-2	9.1683736001870991E-2	7.7225771733281212E-2	7.9668676489397586E-2	8.7539317529379823E-2	8.52267435674188E-2	6.1105656907839839E-2	6.6700432253034347E-2	8.5263599683018651E-2	8.4748927215428968E-2	5.9870137491911946E-2	8.4182400869377685E-2	8.0890069131856285E-2	7.6387926849348656E-2	8.1879453219039791E-2	7.2274998741088989E-2	6.7113535116944165E-2	8.1436409122645478E-2	5.7175270296859579E-2	7.6204723311633804E-2	6.7573667927105716E-2	7.8276390744655297E-2	6.8502722808559707E-2	7.3698018605964574E-2	7.6154828720374448E-2	7.6722059557150085E-2	5.2604886112607413E-2	7.2274998741088989E-2	7.0350041637584529E-2	5.9063870753320313E-2	6.3606261418081275E-2	7.0830679276756126E-2	6.8956501966705289E-2	4.0548627039386741E-2	6.0686700530556553E-2	6.8021742205061866E-2	6.6245823155237832E-2	6.5895846483118914E-2	6.5794094099009812E-2	6.5359664743515927E-2	6.2947911362490172E-2	5.1209355603138454E-2	4.0548627039386741E-2	6.1527316137058669E-2	5.9472333108964125E-2	6.0686700530556553E-2	4.3144090976729749E-2	6.0190173419652444E-2	5.7086160761237202E-2	4.7325901573791879E-2	5.3711048980030915E-2	5.016324261904466E-2	4.9826516937074739E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.7176956542937812E-2	4.4050613958050766E-2	4.0548627039386741E-2	4.4641503940683482E-2	4.6848733803088023E-2	4.4641503940683482E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.1103874632680101E-2	4.3447542046038859E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	4.0548627039386741E-2	Credit Age


Delinquency




Proportion on time	[0,0.1]	(0.1,0.2]	(0.2,0.3]	(0.3,0.4]	(0.4,0.5]	(0.5,0.6]	(0.6,0.7]	(0.7,0.8]	(0.8,0.9]	(0.9,1.0]	0	6.0606060606060608E-2	0.15384615384615385	0.5	0.55000000000000004	0.625	0.53846153846153844	0.8125	0.8	0.90476190476190477	Mid-Point Line	0.05	0.15	0.25	0.35	0.45	0.55000000000000004	0.65	0.75	0.85	0.95	Predicted Probability


On time




Proportion on time	[0,0.1]	(0.1,0.2]	(0.2,0.3]	(0.3,0.4]	(0.4,0.5]	(0.5,0.6]	4.3613707165109032E-2	5.8495821727019497E-2	0.13407821229050279	0.4107142857142857	0.44186046511627908	0.66666666666666663	Mid-Point Line	[0,0.1]	(0.1,0.2]	(0.2,0.3]	(0.3,0.4]	(0.4,0.5]	(0.5,0.6]	0.05	0.15	0.25	0.35	0.45	0.55000000000000004	Predicted Probability


Delinquent




ROC

[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]

0	6.6666666666666666E-2	0.15555555555555556	0.25	0.34444444444444444	0.4777777777777778	0.56666666666666665	0.68333333333333335	0.78888888888888886	0.9	1	0	0.45	0.6	0.8	0.9	0.9	0.95	0.95	0.95	1	1	1	0.9	0.8	0.7	0.6	0.5	0.4	0.3	0.2	0.1	0	FPR


TPR



ROC

[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]

0	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	1	0	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	1	1	0.9	0.8	0.7	0.6	0.5	0.4	0.3	0.2	0.1	0	FPR


TPR



ROC

[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]

[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]
[CELLRANGE]

0	0.01	0.02	0.03	0.04	0.05	0.1	0.15	0.2	0.9	1	0	0.8	0.85	0.9	0.94	0.96	0.97	0.98	0.99	1	1	1	0.9	0.8	0.7	0.6	0.5	0.4	0.3	0.2	0.1	0	FPR


TPR



Comparing ROC's

time - AUC = 0.77	0	7.2222222222222215E-2	0.16666666666666666	0.25555555555555554	0.4	0.51666666666666672	0.57777777777777772	0.68888888888888888	0.8	0.88888888888888884	1	0	0.01	0.02	0.03	0.04	0.05	0.1	0.15	0.2	0.9	0	0.35	0.55000000000000004	0.75	0.8	0.8	0.9	0.9	0.95	1	1	time and rush - AUC = 0.98	0	7.2222222222222215E-2	0.16666666666666666	0.25555555555555554	0.4	0.51666666666666672	0.57777777777777772	0.68888888888888888	0.8	0.88888888888888884	1	0	0.01	0.02	0.03	0.04	0.05	0.1	0.15	0.2	0.9	0	0.8	0.85	0.9	0.94	0.96	0.97	0.98	0.99	1	FPR


TPR



Area Under the Curve

time - AUC = 0.77	0	7.2222222222222215E-2	0.16666666666666666	0.25555555555555554	0.4	0.51666666666666672	0.57777777777777772	0.68888888888888888	0.8	0.88888888888888884	1	0	6.6666666666666666E-2	0.15555555555555556	0.25	0.34444444444444444	0.4777777777777778	0.56666666666666665	0.68333333333333335	0.78888888888888886	0.9	0	0.35	0.55000000000000004	0.75	0.8	0.8	0.9	0.9	0.95	1	1	time and rush - AUC = 0.83	0	7.2222222222222215E-2	0.16666666666666666	0.25555555555555554	0.4	0.51666666666666672	0.57777777777777772	0.68888888888888888	0.8	0.88888888888888884	1	0	6.6666666666666666E-2	0.15555555555555556	0.25	0.34444444444444444	0.4777777777777778	0.56666666666666665	0.68333333333333335	0.78888888888888886	0.9	0.05	0.45	0.6	0.8	0.9	0.9	0.95	0.95	0.95	1	FPR


TPR




Area Under the Curve

time - AUC = -0.78	1	1	0.64719358533791527	0.26231386025200459	8.4765177548682707E-2	4.5819014891179836E-2	2.0618556701030927E-2	9.1638029782359683E-3	3.4364261168384879E-3	0	0	1	1	1	1	1	2.9782359679266894E-2	5.7273768613974796E-3	3.4364261168384879E-3	2.2909507445589921E-3	0	1	1	0.88888888888888884	0.72222222222222221	0.53174603174603174	0.34920634920634919	0.19047619047619047	7.1428571428571425E-2	0	0	0	time and rush - AUC = -0.56	1	1	0.64719358533791527	0.26231386025200459	8.4765177548682707E-2	4.5819014891179836E-2	2.0618556701030927E-2	9.1638029782359683E-3	3.4364261168384879E-3	0	0	1	1	1	1	1	2.9782359679266894E-2	5.7273768613974796E-3	3.4364261168384879E-3	2.2909507445589921E-3	0	1	1	1	1	1	0.15873015873015872	3.968253968253968E-2	2.3809523809523808E-2	0	0	FPR


TPR



Credit Score ROC

Model	0	0	1.145475372279496E-3	3.4364261168384879E-3	8.0183276059564712E-3	1.3745704467353952E-2	3.0927835051546393E-2	4.8109965635738834E-2	8.7056128293241691E-2	0.17640320733104239	0.35395189003436428	0.50973654066437568	0.66093928980526917	0.75715922107674682	0.82588774341351656	0.88659793814432986	0.91638029782359676	0.95189003436426112	0.97250859106529208	1	1	1	0	0	0	0	4.7619047619047616E-2	0.13492063492063491	0.26984126984126983	0.3968253968253968	0.53174603174603174	0.6428571428571429	0.7857142857142857	0.84126984126984128	0.88888888888888884	0.95238095238095233	0.96031746031746035	0.98412698412698407	1	1	1	1	1	1	Credit Score	0	0	1.145475372279496E-3	6.8728522336769758E-3	1.2600229095074456E-2	2.5200458190148912E-2	4.3528064146620846E-2	8.3619702176403202E-2	0.1156930126002291	0.15234822451317298	0.19358533791523483	0.26002290950744561	0.31615120274914088	0.38029782359679265	0.44215349369988544	0.52806414662084766	0.59335624284077892	0.65864833906071019	0.76174112256586479	0.89919816723940438	0.98167239404352802	1	0	7.9365079365079361E-3	5.5555555555555552E-2	9.5238095238095233E-2	0.18253968253968253	0.29365079365079366	0.45238095238095238	0.51587301587301593	0.61904761904761907	0.69841269841269837	0.73809523809523814	0.82539682539682535	0.87301587301587302	0.88888888888888884	0.90476190476190477	0.95238095238095233	0.96825396825396826	0.97619047619047616	0.97619047619047616	0.99206349206349209	1	1	



Proportion on time	[0,0.1]	(0.1,0.2]	(0.2,0.3]	(0.3,0.4]	(0.4,0.5]	(0.5,0.6]	(0.6,0.7]	(0.7,0.8]	(0.8,0.9]	(0.9,1.0]	0.15	0.19	0.31	0.47	0.49	0.52	0.6	0.65	0.79	0.85	Mid-Point Line	0.05	0.15	0.25	0.35	0.45	0.55000000000000004	0.65	0.75	0.85	0.95	Predicted Probability
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Experian also provides average car loan APRs by credit score, based on the
VantageScore credit scoring model.

) Average APR, hew Average APR, used
Credit score
car car
Superprime: 781-850. 5.38%. 6.80%.
Prime: 661-780. 6.89%. 9.04%.
Nonprime: 601-660. 9.62%. 13.72%.
Subprime: 501-600. 12.85%. 18.97%.
Deep subprime: 300-
15.62%. 21.57%.

500.

Source: Experian Information Solutions, Ist quarter 2024.
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Auto Loan

Car Price 22,000.00
Loan Amount 18,700.00 85% LTV
Maturity 5 years
Credit Score 800 select from drop down
Interest Rate 5.38%
Monthly Payment ($356.16)
New Credit Score 500 select from drop down
New Rate 15.62%

change %
Payment same maturity  ($450.98) 127%

Maturity same payment 7.412 years 148%
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647 Legend:
695 duplicate

ACCT100054 10/4/2012 A1 1 18 0 R BC 2/10/2022 9300 8209

ACCT100058 4/1/2010 A1 11 18 0 R BC 5/5/2019 8250

ACCT100079 2/1/2016 A2 37 18 C R BC 6/22/2021 600 6010

ACCT100139 3/26/2020 A1 11 18 0 R BC 1/23/2022 519 6000 4498

ACCT100352 4/25/2020 A1 1 18 0 R BC 2/14/2022 0 UNKNOWN 0

ACCT100430 11/1/2015 A4 11 18 0 R BC 9/15/2017 0 7400 6450

ACCT100489 11/1/2021 A1 1 18 0 R BC 2/10/2022 9563 10000 9916

ACCT100495 417/2012 A2 11 18 C R BC 2/2/2015 1268

ACCT100606 10/17/2011 5 1 12cC I BB 9/28/2015 1750
ACCT100606 10/17/2011 A2 11 12cC I EL 7/28/2018 1750
ACCT100607 1/2/2017 A3 1 15 ¢C R BC 10/28/2021 0 10100 10769

ACCT100608 3/25/2012 A2 11 7¢C R DC 2/24/2022 UNKNOWN

ACCT100609 715/2018 A2 1 ocC I BB 6/1/2020 26440
ACCT100610 3/7/2014 A2 11 1c I BB 3/28/2018 3000
ACCT100611 11/13/2009 A2 1 18 C R BC 7/28/2016 1600 659

ACCT100612 8/28/2013 A2 79 1c I BB 11/5/2017 6394
ACCT100613 6/3/2014 A1 1 18 0 R BC 2/22/2022 0 7000 7012

ACCT100614 9/12/2011 A1 11 120 I EL 1/28/2022 7068 13210
ACCT100615 5/7/2020 A1 1 00 I BB 1/28/2022 12874 20513
ACCT100616 9/7/2012 A4 1 70 R BC 10/28/2014 0 400 0
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90+ Days Past Due Delinquency Rate

VantageScore Credit Score-to-Risk Relationship
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VantageScore® Credit Score Bands (6 Months Performance)
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