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INTODUCTION:

Player compensation is a topic that is often discussed in major league baseball. Many people wonder why certain players get paid more than others, and whether salaries are based on any particular formula. The purpose of this paper is to find a model that can predict players’ salaries based on their baseball statistics. The statistics considered are batting average (BA), slugging percentage (SLG), on-base average (OBA), games played (G), at bats (AB), runs (R), hits (H), total bases (TB), doubles (B2), triples (B3), home runs (HR), runs batted in (RBI), base on balls (BB), strikeouts (SO), stolen bases (SB), caught stealing (CS), and errors (E). Also factoring in is a variable that indicates whether the team is located on the East Coast, or elsewhere in the US.

We are assuming that each team’s league (American versus National) is not an important factor in compensation, as players are often switched between teams. The players’ positions are likewise not taken into account because of inconsistencies in the available data.

DATA DESCRIPTION: 

The data set included 282 observations of the variables SALARY, BA, SLG, OBA, G, AB, R, H, TB, B2, B3, HR, RBI, BB, SO, SB, CS, and E. The mean salary is $2,958,552 with a standard deviation of 4,046,939. The median salary is $832,500. The lowest salary is $300,000 and the highest is $22,000,000. Clearly, the mean is skewed by several high-salary outliers.

The correlation between salary and the individual baseball statistics was found using a different set of data that included only the statistics and salaries of the Milwaukee Brewers. For that data, we saw that the variables most highly correlated with salary were HR (0.524), TB (0.445), B3 (0.455), and RBI (0.437).

MODEL AND HYPOTHESIS:


These four statistics were used in our initial hypothesis. We believed that HR, TB, B3, and RBI could provide an accurate estimation for SALARY. Assuming that the model is linear, 

SALARY = β0 + β1(HR) + β2(TB)  + β3(B3) + β4(RBI).

In the results section of the paper, we explain why this model was ineffective. After further data analysis, a new hypothesis was formed, stating that SLG, G, BB, and East Coast location positively affect salary. The corresponding model is,

SALARY = β0 + β1(SLG) + β2(G)  + β3(BB) + β4(dum).
The last variable, dum, is a dummy variable that shows whether a team is from the East Coast or not. When dum=1, the team is from the East Coast. When dum=0, the team is from the West Coast or the Midwest.

RESULTS:

We ran a regression using the first hypothesis (refer to Table 2). The results indicated major problems in our model. First, the coefficients for TB, B3, and RBI were shown to be statistically insignificant at the 90% level because of t-values of 0.56, -1.52, and 0.35 respectively. The t-critical value for 90% significance with a high number of degrees of freedom is 1.645, and the absolute values of our t-statistics were smaller than t-critical. We could not reject the null hypothesis that the coefficients of the variables were equal to zero. The conclusion is that in this specific model, TB, B3, and RBI do not have any effect on player compensation. The R-squared value is 0.2951, which means that only 28.49% of the variance is explained by this model. The F-statistic of 28.89 shows that the multivariate model is significant, because with (4, 276) d.o.f. the F-critical value is 13.5. F-statistic is greater than F-critical, and with 99% significance, the model is better at predicting salary than random numbers would. However, this is not saying very much. The model remains ineffective in almost every way.

The failure of our initial hypothesis is due to problems with multicollinearity, an issue that arises when one independent variable is an exact linear transformation of another. There are two ways to test for multicollinearity. The first is indirect, by looking at the correlation among the variables. We found it to be very high. For example, the correlation between TB and RBI is 0.9507, and the correlation between HR and RBI is 0.9126. This is problematic because a multivariate linear regression assumes that the independent variables are also independent of each other. Correlation is a sign that the variables are not independent. 

The second way to test for multicollinearity is by using the vif command (see Table 3). When VIF values exceed 20, or 1/VIF values are lower than 0.05, then multicollinearity is a problem. This test forced us to throw out H, TB, AB, R, and RBI because of high VIF values.

After discarding H, TB, AB, R, and RBI from a final model, we decided upon a new hypothesis and a new model. We ran a regression with SALARY as the dependent variable, and SLG, G, BB, and dum being independent variables (see Table 4).

This model is much better. All of the t-statistics are significant at the 90% level. The t-critical value of 1.645 is exceeded by t-statistic values of 2.75 for SLG, 2.95 for G, 7.52 for BB, and 1.73 for dum. The R-squared value is 0.3117, which is slightly higher than the R-squared of the first model. The F-statistic of 31.25 shows that the model is significant because it is larger than 13.5. R-squared and F-statistic both measure goodness of fit, and they are both higher in this second model. With every variable significant, this is a good model:

SALARY = -1129183 + 6825527(SLG) - 21276.26 (G)  + 92824.25(BB)

+ 732196.9(dum) + ε.

In this model, dum=1 if the player is on an East Coast team.

Attached are graphs showing the ceteris paribus effects of SLG, G, and B on the salary. The line is the predicted model, while the scatter plot shows the actual data. The graphs illustrate that our model is fairly accurate in predicting player salaries.

CONCLUSION:

We have come up with a model that is meaningful overall, and each of its variables are individually significant at the 90% level. The model predicts salary decently, but it could still be better. Some of the coefficients make more intuitive sense than others. For example, after witnessing the reactions to the World Series last fall, we came to the conclusion that baseball is more important on the East Coast than it is in other parts of the country. Our model confirms this hypothesis by showing that if a player is on an East Coast team, he will get an additional $732,196.9 dollars. In other words, he is worth more. Similarly, it makes intuitive sense for the coefficients of slugging percentage and walks to be positive, because these are factors that increase a team’s chances of winning. If a player contributes more to the performance of a team, it is obvious that he should be paid more. On the other side, the coefficient for number of games played is negative. The restricted effect of G on SALARY is shown to be positive in a regression on those two variables only. This shows that our model has flaws. Multicollinearity is still a problem with correlation of G TB being 0.9000, SLG TB at 0.6820, and TB BB at 0.8285. Omitted variable bias is also an issue, because we did not include very many statistics out of all of the ones available. This was done to reduce multicollinearity, but at the same time, it skewed the results.

