NEW PRODUCT FORECASTING TOOLS FIND A HOME IN TELECOMMUNICATIONS CREDIT SCORING
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In an address before the Freedom Forum at Georgetown University, Federal Communications Commission Chairman Reed E. Hunt gave a concise summary for the impact of recent events within the telecommunication industry. He said, "The biggest change over the last several years has been a massive acceleration in the movement from a monopoly based communications policy to a competition based policy." He further added that competition has completely changed the operating environment within the telecommunication industry in recent years citing long-distance statistics (prices down by 70% since 1984) as well as those for wireless (the average monthly cellular bill down by 61 % since 1988).

The news is both good and bad. For the consumer, the news is good. Competition means lower prices making more products affordable. For example, products like "additional phone lines" for the PC have skyrocketed. Caller ID services have experienced increased penetration in recent years. However, a competitive market with falling prices means lower revenue for telecom firms. Although battling back by seeking new geographic markets oversees and implementing significant downsizing strategies, telecommunication companies are now putting more pressure on their risk managers to get the most out of their portfolios.

One solution that is finding increasing acceptance is credit scoring - a toolbox of

statistical procedures, very similar to those used by market researchers in forecasting the demand for a new product. In the world of new product forecasting, mathematical techniques such as linear regression and discrete choice models have been historically popular because of their flexibility, ease of understanding, and relatively inexpensive way of extracting useful information about consumer preferences and behavior. These types of forecasts typically involve using intent to purchase surveys or data from product trials to obtain penetration rates and create simulation tools for target marketing.

In the credit and risk management world, much is the same. A credit score is a measure of the likelihood that a customer will become delinquent in paying their bills within a certain period of time, given knowledge of their past credit behavior. Statistical techniques incorporate a variety of predictive information into a single measure capable of rank ordering a portfolio by risk of delinquency, or in the world of a new product forecaster--the likelihood of product purchase. By using a single measure, telecommunications credit managers can quickly evaluate their portfolios and determine which customers are more risky than others.

TOOLS AND TECHNIQUES

Given recent increases in computing power, a number of tools and techniques

are now available at the desktop level to examine credit information in a quick and understandable framework. SAS, SPSS, SHAZAM, LIMDEP, SPLUS, and other statistical software packages offer a variety of statistical techniques covering a wide range of applications. These same software packages have also been widely used in marketing to model consumer choice between a variety of products. In a credit application, the choice is simple - an account demonstrates either desirable or undesirable payment behavior. For new products, a prospective customer would indicate that they would either purchase or not purchase the product. Regardless of the application, these techniques come in a variety of flavors. Linear regression uses methods such as "least squares" to quickly estimate relationships between credit history and delinquency. Others estimate a relationship that is S-shaped rather than linear in nature.

DATA PREPARATION

Regardless of the exact statistical procedure chosen, the data has to be specifically prepared in order to develop any credit score.  But first, a definition must be made to determine what constitutes “bad” performance – the behavior we wish the credit score to predict. Often, this definition is said to be any account that has been 90 days or later in their debt repayment. Next, two snapshots have to be taken of the available data. The first is called the Observation Point. It represents a set of accounts that are in “good” status at a particular time. Data collected here includes any variables that would be considered possible predictors of payment performance down the road. For accounts that have been on the books for over a year, this could be the number of times the customer went 30 or 60 days delinquent, percent credit card utilization, their front-end application score, and a host of other characteristics.  
Next, the payment performance of these initially “good” accounts are tracked  for a set period of time. Often, this performance period is 1 year. At this point, a snapshot of the accounts are take to see who now meets the “bad” definition. If the accounts are still in good status, they are assigned a performance indicator of “0”. Otherwise, they are assigned a value of “1”. Given this coding, the statistical model we build will produce a score that indicates a probability of the account going 90 days delinquent sometime within the next year. The figure below summarizes the process of putting the data together for model development purposes.
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MODEL ESTIMATION

Next we are ready to estimate the model and construct our new credit score. For this type of data (where our bad definition is either a zero or one), logistic regression is recommended. This variable is called the dependent variable in our model. The variables we include to explain whether an account stayed good or eventually went bad are called explanatory variables. The resulting algorithm will actually be a probability value between zero and 1. For example if the value is .25, then that account is said to have a 25% probability of becoming bad over the performance period. In practice, it is often desirable to multiply the probability by 1000 to compute the final credit score. In SAS, the command to estimate the model is simply called PROC LOGISTIC. If we include the stepwise option in the command, SAS will discard any variables which do not contribute in explaining the dependent variable . The output from the routine looks something like this…
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With the hard part done, we can use this information to calculate our credit score. First for each account,  we multiply our variables (Parameter) by their coefficients (Estimate) and add the results together. This produces what are called the logodds of being bad. Next, we place this value in a simple mathematical equation to get our credit score.  In the above example, we have the following…
Step 1:

LogOdds =  -1.745366355  +   VAR3  * 0.0826653408  +   VAR4  * -1.281274743  +    VAR5  * 0.0307565217 .

Step 2:
Score = (1/(1+exp(-(LogOdds))))*1000.
One of the advantages of using Logistic Regression is that it is flexible enough to capture nonlinearities in the data if they exist. As shown in the example below, 
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Variable 3 (VAR3) ranges between 10 and 100, but the probability of being bad varies to different degrees. At lower values of VAR3, the slope is smaller than for values around 50. This depicts the nonlinear relationship of VAR3 as captured by logistic regression.

PERFORMANCE MEASURES

As with any predictive model, accuracy is extremely important. A common way to measure the relative strength of a credit scoring model is to calculate something called  a K-S statistic. This statistic evaluates the predictive power of a model using a value ranging from 0-100. In general, the higher the K-S value, the better the model in its ability to distinguish between desirable or undesirable payment behavior.

SCORING MODELS: APPLICATIONS

Scoring solutions in the telecommuni​cation industry can be applied throughout the credit life cycle. They can begin on the front end as marketing tools that assess the relative risk for a new applicant, helping the credit manager set credit limits. Once on board, the new customer's payment activities can be monitored along with risk scores to observe signals of possible delinquency. For example, an individual who is 60 days late with a risk score indicating a very low likelihood of becoming delinquent may not be as worrisome as an account that is 60 days late with a much riskier score. The risk 

score allows the company to apply different  treatments (types of delinquency notices) to customers based on their payment status. This provides a useful tool to the credit manager in being proactive in reducing the portfolio's bad debt write-offs.

Finally, scoring methods can be used on the back-end of the credit life cycle: the collection side. Depending on the company, credit policies may dictate that accounts which are more than 180 days delinquent (even after applying the necessary "treatments"), should be sent to the collections department. Collection models focus on predicting the likelihood of collection rather than the likelihood of delinquency. These types of scores can assist the collection manager in identifying those accounts that would be difficult to collect, perhaps better suited for a more costly third party. The easier accounts (accounts with a high probability of collections) could be handled internally, saving the company money.

