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Regression Analysis
Introduction

Regression analysis can be a very useful tool to support actuarial work.  For this project I will show how it can be used to analyze loss reserving for property and casualty insurance.  One method for loss reserving is the development method—this method uses claims data organized into triangles by incurred and paid date.  Two essential assumptions in the modeling to estimate reserves are the interest rate and the decay rate.  The paid claim amounts can be forecasted using ordinary least squares.  Since these assumptions will likely not remain the same over time, a simple regression will not accurately forecast the paid claims.  I will show dummy variables can be used to correct the regression when there are discrete changes. 
The goal of this project is to develop an appropriate regression equation for estimating the paid claims.  I will do so over several scenarios, ultimately ending with a discrete change in the inflation rate at a point during the 15 year period.

Scenario 0: Model Setup and Validation – Level Inflation
To ensure that the results and conclusions that the model should be examined under a simple scenario to check that it produces the expected results.  For the base scenario I will use these assumptions:
Geometric Decay (β1): -0.30
Intercept (α): 12.0

Inflation (β2): 0.155

It should be noted that the decay rate and intercept will used throughout the project.  Additionally, all calculations were performed at a 95% significance level.  In this scenario a steady inflation rate was used.  The following regression equation was determined in the attached Excel spreadsheet:
Y= α + β1X1 + β2X2 + ε
X1 represents the development year, X2 represents the calendar year, and ε represents the error term.  With the stochasticity set to 0 (σ=0), Excel’s regression add-in returns the input parameters exactly and the residuals are zero.  This indicates the model is set up correctly and gives expected results.
Two additional scenarios were run under the level inflation assumptions with higher levels of stochasticity.  Scenario 0.1 (σ=0.1) returned the following results:
[image: image1.emf]Regression Statistics Coefficients

Multiple R 0.995               Intercept 12.023           

R Square 0.990               X Variable 1 (0.299)            

Adjusted R Square 0.990               X Variable 2 0.151             

Standard Error 0.095              

Observations 120


[image: image2.emf]Residual Plot:

Mean Residual by Calendar Year
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Scenario 0.4 (σ=0.4) returned the following results:

[image: image3.emf]Regression Statistics Coefficients

Multiple R 0.929               Intercept 12.092            

R Square 0.863               X Variable 1 (0.298)             

Adjusted R Square 0.861               X Variable 2 0.139              

Standard Error 0.378              

Observations 120
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As expected, the quality of the fit decreases as stochasticity increases.  In scenario 0.1, the parameter estimates are still pretty close to the input values, but in scenario 0.4 the inflation parameter is off by an amount that is not insignificant.

Scenario 1: Introducing a Discrete Change in the Inflation Rate
In this scenario the inflation is set to 0.10 for the first 10 years and then raised to 0.20 for remaining 5 years.  The regression equation remains the same as the first scenario.  The next few tables and graphs will allow us to determine if the existing equation is a good enough approximation for the inflation rate change.
With the stochasticity set to 0 (σ=0), Excel’s regression add-in returns the input parameters exactly and the residuals sum to zero.  This indicates the model is set up correctly and gives expected results.

Two additional scenarios were run under the level inflation assumptions with higher levels of stochasticity.  Scenario 1.1 (σ=0.1) returned the following results:

[image: image5.emf]Regression Statistics Coefficients

Multiple R 0.989               Intercept 11.778            

R Square 0.978               X Variable 1 (0.299)             

Adjusted R Square 0.977               X Variable 2 0.141              

Standard Error 0.144              

Observations 120
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If just the R2 value is examined it appears that the equation has a good fit, but the graph of average residuals indicates otherwise.  The “V” shape of the graph indicates that fit is off for most years as can be expected—the averaging of the lower and higher inflation rate causes this.  The averaging is the basic concept behind a regression.

Scenario 1.4 (σ=0.4) returned the following results:

[image: image7.emf]Regression Statistics Coefficients

Multiple R 0.921               Intercept 11.847            

R Square 0.848               X Variable 1 (0.298)             

Adjusted R Square 0.846               X Variable 2 0.129              

Standard Error 0.403              

Observations 120
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The same general comments from the last scenario apply here also, but with a few distinctions.  It is hard to derive any conclusions from the above graph—a faint “V” shape can be seen, but it is hard to recognize without expecting it to be there.  The high stochasticity doesn’t yield meaningful results.

In both scenarios the regression equation does not yield an appropriate approximation for the inflation rate change.

Scenario 2: Introducing a Dummy Variable 
In this scenario the inflation is set to 0.10 for the first 10 years and then raised to 0.20 for remaining 5 years, which is the same as scenario 1.  The regression equation is altered to introduce a dummy variable to account for the discrete change as follows:

Y= α + β1X1 + β2X2 + Dβ3X2 + Dα2 + ε

D represents the dummy variable, β3 represents the new inflation rate, and α2 represents the change in inflation rates.  This equation can be simplified to:
Y= α + β1X1 + β2X2 + Dβ3(X2 – 9) + ε

With the stochasticity set to 0 (σ=0), Excel’s regression add-in returns the input parameters exactly and the residuals are zero.  This indicates the model is set up correctly and gives expected results.

Two additional scenarios were run under the level inflation assumptions with higher levels of stochasticity.  Scenario 2.1 (σ=0.1) returned the following results:

[image: image9.emf]Regression Statistics Coefficients

Multiple R 0.995               Intercept 12.057            

R Square 0.991               X Variable 1 (0.299)             

Adjusted R Square 0.990               X Variable 2 0.090              

Standard Error 0.095               X Variable 3 0.112              

Observations 120 X Variable 4 (1.001)             
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With the resulting R2 and the graph of the mean residuals it appears that the introduction of the dummy variable has corrected the problems present in Scenario 1.  The dummy variable allows an accurate inflation rate to be used in all calendar years.
Scenario 2.4 (σ=0.4) returned the following results:

[image: image11.emf]Regression Statistics Coefficients

Multiple R 0.932               Intercept 12.227            

R Square 0.869               X Variable 1 (0.298)             

Adjusted R Square 0.864               X Variable 2 0.059              

Standard Error 0.378               X Variable 3 0.148              

Observations 120 X Variable 4 (1.303)             
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The high stochasticity makes the graph hard to read, but the residuals do appear to be more centered around 0 than in scenario 1.4.  There is no noticeable trend or “V” shape.
Conclusions

There are two primary conclusions that can be drawn from this project:

Stochasticity:

· High stochasticity makes evaluating the quality of the regression difficult.

· High stochasticity reduces the quality of the regression— R2 decreases while the standard deviation increases

Dummy Variables:

· Dummy variables are necessary any time that there is a discrete change in an assumption.

· Failure to use a dummy variable when there is a discrete change yields a poor fitting model.
