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My project examines NBA historical won-loss records and tries to determine if past won-loss records are a valid predictor of future won-loss records.  I am using the won-loss records available from the file in the NEAS discussion board.  First, I narrowed the field of teams down to the 12 teams that were active from 1970 – 2004 (ATL, BOS, CHI, CLE, DET, LAL, MIL, NYK, PHI, PHO, POR & SEA).  I next re-formatted the data showing a grid of losing percentages, similar to the baseball data in the Mahler paper (see columns C – N on the data sheet).  On row 43, I calculated the average losing percentage for each team.  I came to a similar conclusion as the Mahler paper in that there is a non-random difference between the teams as the average losing percentages differ widely from the .49 - .51 range.
Next I calculated the correlations for each lag in order to determine the maximum number of years to use in the regression analysis.  The calculated correlations for each lag can be seen in columns Q – AB on the data sheet.  Again on row 43, I calculated the average correlation for each lag.  Using these correlations, I expect the optimal regression equation to use a lag of one year as this correlation appear to be significantly different than zero (.609) and possibly use a lag of 2 years (average correlation = .432) or even 3 years (avg. correlation = .253), depending on the change in the adjusted R-squared, the t statistic and the p value, calculated in the regression output from the data.  Correlations for lags of 4 years or more are smaller and I would not expect an improvement in the regression equation.  

As a side note, I would expect the correlation of losing percentages from one year to the next for the NBA to be lower than the same calculation for major league baseball.  This is due to the fact that the addition (through the draft) or subtraction (injury) of a single individual can have a much more significant impact on an NBA team than a baseball team.  There are many reasons for this, mainly there are only 5 starting players on an NBA team, compared to 9 for baseball and strategically it is much more difficult to mitigate the impact of a single player in basketball than it is in baseball.
In order to determine the optimal regression equation, the time period of 1994 to 2003 was selected for the project.).  I am setting up a grid similar to the one in the regression template for years 1994 – 1993 (sheet labeled Regression Grid).  I next examined the regression output using 1, 2, 3, 4 and 5 prior years (these are on the sheets labeled 1 year, 2 years, etc).  Based on the output, I believe that the optimal number of independent variables (years of lag) to use is three.  The R-squared and the adjusted R-squared both increase from using only 1 independent variable to using 2 independent variables.  The regression coefficient for the 2 year lag variable is still positive.  This coupled with the t statistic of 1.418 and the fairly low p value of .159 gives me greater confidence in the indicator for a 2 year lag.  

The R-squared and the adjusted R-squared both still increase going from 2 independent variables to 3, although the increase is minimal.   However, the B parameters for both the 2 year and 3 year lags appear to be significant, with p values of .061 and .202 and t statistics of 1.891 and -1.283, respectively.  In addition, the regression coefficients for the 3 year lag variable is negative, indicating rejecting the 3 variable equation.  I really think one could decide either way between using 2 or 3 variables.  I believe the improvement in the regression equation by including the additional variable is sufficient enough to include the 3 year lag variable.
Going from using 3 year lags to using 4 year lags causes the adjusted R-squared to decrease.  In addition the t statistic declines to .402 and the p value increases to .688 for the 4 year lag variable.  Checking the regression output using 5 year lags continues the decline in the adjusted R-squared.  The p values, t statistics and negative regression coefficients all indicate that using 4 and 5 year lags does not improve the equation enough to include them.

Thus the optimal regression equation includes 3 independent variables and is Y = .175 + (.558)X1 + (.199)X2 – (.114)X3
For the F-statistic test, I am comparing “good” team versus “bad” teams.  I am defining “good” teams as the teams with the 6 best average winning percentages (BOS, LAL, MIL, PHO, POR & SEA) and the “bad” teams as the teams with the 6 worst winning percentages (ATL, CHI, CLE, DET, NYK & PHI).  The hypothesis I am testing is whether the optimal equation is the same for both “good” and “bad” teams.  The null hypothesis is that the parameters are the same for both good and bad teams.  
The above equation is the restricted equation, since the null is assuming the parameters are the same for both good and bad teams.  In order to calculate the unrestricted equations, I am including a dummy variable with D = 0 for bad teams and D = 1 for good teams.  You can see this on the F Stat Data sheet.  The regression output is on the Dummy Var sheet.  Thus the unrestricted regression equation is Y = .175 + (.558)X1 + (.199)X2 – (.114)X3 + (.006)D – (.222)DX1 + (.169)DX2 + (.015)DX3.  The calculation can be seen on rows 26 – 35 on the Dummy Var sheet.  If the null hypothesis is true, I would expect the last 3 coefficients of the unrestricted equation be equal to zero.  This would set the restricted equation equal to the unrestricted equation.  If the null is true, the F statistic will have a F distribution with 3 degrees of freedom on the numerator and 113 (120-7) degrees of freedom in the denominator.  I am using the R-squared formula for the F statistic (please see page 130 of the text for the formula, I can’t type the formula here without getting too messy).  I calculate the F statistic to be 1.858 (see rows 38 – 44 on the Dummy Var sheet for the calculation).  

At 5% significance, the critical value is approximately 2.67 (for degrees of freedom of 3 and 113 in the numerator and denominator respectively).  Since the F statistic is lower than the critical value, we do not reject the null hypothesis.  If the null hypothesis is true, then there is no material difference in the parameters between the good and bad teams.
