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Do Baseball Players Regress Toward the Mean?

Teddy ScHALL and Gary SMITH

Baseball performances are an imperfect measure of baseball
abilities, and consequently exaggerate differences in abili-
ties. Predictions of relative batting averages and earned run
averages can be improved substantially by using correla-
tion coefficients estimated from earlier seasons to shrink
performances toward the mean.

KEY WORDS: Least squares; Predictions; Sports.

1. INTRODUCTION

Baseball players who win coveted awards and sign
breathtaking contracts often disappoint fans, managers, and
owners. These disappointments might be explained by re-
gression toward the mean, which occurs when real phe-
nomena are measured imperfectly, causing extreme mea-
surements to exaggerate differences among the underlying
phenomena. The degree of exaggeration depends on the cor-
relation between the measurements and the real phenomena.
In baseball, the correlation between performance and skill
is far from perfect and, as a consequence, observed perfor-
mance differences substantially overstate skill differences.
Players who do exceptionally well in any particular season
typically do not do as well the subsequent season—they
regress toward the mean. We can improve our forecasts by
adjusting our predictions accordingly.

2. REGRESSION TOWARD THE MEAN

Galton (1886) observed regression toward the mean in his
seminal study of the relationship between the heights of par-
ents and their adult children. Because heights are affected
by diet, exercise, and other environmental factors, observed
heights are an imperfect measure of the genetic influences
that we inherit from our parents and pass on to our children.
A person who is 78 inches tall may have been pulled above
a somewhat shorter genetically predicted height by positive
environmental influences or may have been pulled below a
somewhat taller genetic height by negative environmental
factors. The former is more likely because there are many
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more people with genetically predicted heights below 78
inches than with genetic heights above 78 inches. Thus, the
observed heights of unusually tall parents usually overstate
the genetic heights that they pass on to their children.

Regression toward the mean can be seen in sports, where
observed performance is an imperfect measure of skill. Of
the last 20 major league baseball champions from 1979
through 1998, only two repeated the following year. Of
those major league baseball teams that win more than 100
games in-a season, 90% do not do as well the next season
(James 1981). Outcomes depend on luck as well as skill, and
those teams that do unusually well are more likely to have
experienced good luck than bad. Few teams are so far supe-
rior to their opponents that they can win a championship in
an off year. Thus, the performance of most champions exag-
gerates their skill and, because good luck cannot be counted
on repeatedly, most champions regress to the mean.

The same is true of individual players. In 1989, Sports
Hlustrated reported that of those baseball players who hit
more than 20 home runs in the first half of the season, 90%
hit fewer than 20 during the second half. The writer con-
cluded that there was a “second-half power outage” (Gam-
mons 1989, p. 68). The regression-toward-the-mean expla-
nation is that their skills did not deteriorate, but rather
that their unusually good performances during the first half
exaggerated their skills. Regression toward the mean can
also explain such clichés as the Cy Young jinx, sophomore
slump, rookie-of-the-year jinx, and Sports Illustrated cover
jinx. Baseball players have good and bad years, and it would
be extraordinary for a player to be the best in the league
while having a bad year by his own standards. Most play-
ers who do much better than their peers are also performing
better than their own career averages.

Table 1. How the Ten Players with the Highest BAs in 1998
Did in 1997 and 1999

1997 1998 1999
Larry Walker .366 .363 .379
John Olerud 294 .354 .298
Bernie Williams .328 .339 342
Mo Vaughn .315 .337 .281
Eddie Perez .215 .336 .249
Dante Bichette .308 .331 .298
Albert Belle 274 .328 297
Mike Piazza .362 .328 .303
Eric Davis .304 .327 .257
Jason Kendall .294 327 .332
Average .306 .337 .304

The American Statistician, November 2000, Vol. 54, No. 4 231



Table 2. How the Ten Players With the Lowest ERAs in 1998
Did in 1997 and 1999

1997 1998 1999
Ugueth Urbina 3.78 1.30 3.69
Trevor Hoffman 2.66 1.48 2.14
Robb Nen 3.89 1.52 3.98
Mike Jackson 3.24 1.55 4.06
Graeme Lloyd 3.31 1.67 3.63
Mariano Rivera 1.88 1.91 1.83
John Wetteland 1.94 2.03 3.68
Jeff Shaw 2.38 2.12 2.78
Greg Maddux 2.21 2.22 3.57
Kevin Brown 2.69 2.38 3.00
Average 2.80 1.82 3.24

Tables 1 and 2 show the players who had the ten best
batting averages (BAs) and earned-run averages (ERAs) in
1998 among those players who had at least 50 at bats or 25
innings pitched in 1997, 1998, and 1999. The mean batting
average was approximately 30 points lower in the adjacent
seasons than in the top-10 season; the mean earned run av-
erage was roughly 1 run higher. Thirteen of these 20 players
had worse records in both 1997 and 1999 than in 1998.

More generally, Figures 1 and 2 compare the 1998 and
1999 BAs and ERAs of all major league players who had at
least 50 at bats or 25 innings pitched in each of these years.
[These figures also show the locally weighted scatterplot
smoothing (LOWESS) lines with a bandwidth of .5. Ram-
sey regression specification error tests for second-, third-,
or fourth-order terms have p values of .305 for batting av-
erages and .172 for earned run averages.]

These graphs have two striking characteristics. First, al-
though the relationships are highly statistically significant,
the correlations are modest. For the 381 batters, the two-
sided p value is 95.3 x 10713 and the correlation coeffi-
cient is .36; for the 300 pitchers, the two-sided p value is
.00000004 and the correlation coefficient is .31. Although
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Figure 1. 1998 and 1999 Batting Averages.

232 Statistical Practice

the 1998 performances are statistically helpful in predicting
1999 performance, the predictions are far from perfect.

Second, the slopes of the least-squares lines are less than
1, indicating that performance regresses to the mean. Be-
cause the least-squares line goes through the average val-
ues of both variables, the .378 slope for batters means that
a player whose BA was .050 above (or below) the 1998
mean is predicted to have a 1999 batting average that is
only .019 from the 1999 mean. The .340 slope for pitchers
implies that a player whose ERA was 1.000 from the 1998
mean ERA is predicted to have a 1999 ERA that is only
.340 from the 1998 mean.

For another suggestive indicator of regression toward the
mean, we looked at all major league players since 1901 who
had at least 50 at bats or 25 innings pitched in two con-
secutive seasons. Of 4,026 players who had BAs of .300 or
higher in any season, 3,210 (79.7%) did worse the following
season. Of 3,849 players who had ERAs of 3.00 or lower
in any season, 3,077 (79.9%) did worse the following sea-
son. Clearly, baseball players regress toward the mean. To
formalize these observations, we use the following model.

3. A MODEL

Let Y be a statistical measure of a player’s performance
(batting average for batters, earned run average for pitch-
ers). To compare players from different seasons, we stan-
dardize performance by taking the difference between the
player’s performance in any given season and the mean per-
formance for all players that season, and dividing this dif-
ference by the standard deviation of performance across
players that season. Thus, Ted Williams’ .406 batting aver-
age in 1941 was a standardized batting average of Z = 3.14;
that is, 3.14 standard deviations above the mean that year.
Sandy Koufax’s 1.73 earned run average in 1966 was stan-
dardized to be Z = —1.93, or 1.93 standard deviations lower
than the mean ERA that year.
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Figufe 2. 1998 and 1999 Earned Run Averages.



Table 3. Predicting Standardized Batting Average from Earlier Z and rZ

Years Number of Average  Years with Lower RMSE Cumulative RMSE
ahead predictions correlation Z 174 V4 rZ
1 22,107 .392 0 97 1.048 .884
2 14,422 553" 0 94 .723 644
3 9,646 .633 5 86 .607 .549
4 5,883 678 4 79 .546 .493
5 3,223 715 7 59 .518 464
6 1,069 .675 3 22 511 449
7 158 .650 0 8 .501 410

A player’s performance Z in any year is related to an
expected value u, which we can think of as this player’s
true ability (what his average performance would be over
many similar seasons). The player’s actual performance in
any particular season differs from his ability by a random
term ¢ that we assume has an expected value of zero and is
independent of ability and of the value of the random term
in other seasons:

Z=p+e. (1)

There is a distribution of abilities across players. If € is
independent of 1, then the variance of Z is equal to the
variance of y plus the variance of ¢, and is therefore larger
than the variance of yu: var[Z] = var[u] + var[e]. Thus, the
variation of actual batting averages (or earned run averages)
across players in a season is larger than the variation of
abilities. An extreme performance typically overstates how
far this player’s ability is from the mean ability.

If we knew the value of a player’s ability u, we could
use i to make an unbiased prediction of his performance
in a season. However, players, fans, managers, and owners
are interested in the reverse question—using performance
to predict ability—and unbiased predictions require an ad-
justment for regression toward the mean.

Imagine that we had data on each person’s ability x and
his performance Z in a season. The least-squares equation
for predicting performance from ability is

Z =i, (2)

where r is the correlation between Z and p. The least-
squares equation for predicting ability from performance
is

n=rZ. (3)

Unless the correlation coefficient is 1 or —1, these two equa-
tions are not simply the reverse of each other.

Because they cannot use the unknown value of p to pre-
dict performance Z in any given season, fans, managers,
and owners might use the value Z(—1) in the preceding
season:

Z=a+pZ(-1)+~.

Using Equation (1) and assuming abilities are constant in
adjacent seasons, the true relationship is

7 = Z(=1) + (e — g(~1)).

If var[e(—1)] = var[e], then the correlation coefficient be-
tween Z and Z(—1) is a simple function of the variation in
abilities and the variation in performance about ability:

__ varfy]
 var(u] + varle]”

The greater the variation in performance about abilities, the
smaller is the correlation between adjacent-season perfor-
mances and the more we should shrink predicted perfor-
mances toward the mean.

4. DATA

We looked at season batting averages and earned run av-
erages for all major league baseball batters and pitchers
from 1901 through 1999 (Thorn, Gershman, Palmer, and
Pietrusza 1999). To reduce the influence of outliers, we ex-
cluded players who had fewer than 50 official times at bat or
25 innings pitched. This gave us a database of 29,310 sea-
sons for 5,262 batters and 20,385 seasons for 4,212 pitch-
ers. To compare players from different years, each player’s
performance each year was standardized by subtracting the
mean for all players that year and dividing this difference by
the standard deviation of performance across players that
year. In addition, in a competitive sport like baseball, rel-
ative performance is what matters—not whether a player

Table 4. Predicting Standardized Earned Run Average from Earlier Z and rZ

Years Number of  Average Years with Lower RMSE Cumulative RMSE

ahead predictions correlation Z 174 V4 74
1 14,649 245 0 97 1.129 .923
2 8,806 .290 2 92 . .803 677
3 5,190 319 11 73 .667 577
4 2,508 .294 6 44 610 .537
5 1,088 .223 11 17 .581 .548
6 182 .374 1 7 ’ .531 .483
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Table 5. Predicting Year-Ahead Standardized Batting Average

Times Number of  Average Years with lower RMSE Cumulative RMSE
at bat predictions correlation Z rZ 4 rZ
50 22,107 .392 0 97 1.048 .884
100 19,025 422 0 97 1.048 .895
200 14,594 .460 0 97 1.033 .893
400 7,250 .503 2 93 1.007 .881

bats .290, but how many standard deviations the player is
above or below the mean that year.

5.  PERFORMANCE CORRELATIONS

We calculated correlation coefficients in two ways. For
the most-recent-season calculation, we compared a player’s
performance in a given year with his performance in
his most recent preceding season; for the more restric-
tive adjacent-season comparison, we only considered cases
where the most recent season immediately preceded the cur-
rent season.

For batting averages, a total of 24,047 most-recent-season

observations have a correlation coefficient of .37 and 22,243
adjacent-season observations have a correlation coefficient
of .38. For earned run averages, a total of 16,172 most-
recent-season observations have a correlation coefficient of
.22 and 14,714 adjacent-season observations have a corre-
lation coefficient of .24. In all cases, these correlations are
highly statistically significant, decisively demonstrating that
performance is not uncorrelated across seasons. However,
the correlations are far from perfect.

These results are not an artifact of a few outliers who did
extraordinarily well or poorly one season and more nearly
average the next season. Excluding batters who were more
than two standard deviations from the mean in the most
recent or adjacent season, the correlation coefficients drop
slightly, to .34 and .35. Excluding pitchers who were more
than two standard deviations from the mean, the respective
correlation coefficients remain .22 and .24.

Looking at individual seasons, the BA correlation coeffi-
cients for adjacent seasons ranged from .18 in 1991 and .25
in 1940 to .63 in 1906 and .59 in 1931, the average was .39.
Since World War II, the highest correlation coefficient was
46 in 1957. The ERA correlation coefficients for adjacent
seasons ranged from .00 in 1913 and 1948 to .55 in 1939
and .48 in 1932; the average was .25. Since World War II,
the lowest correlation coefficient was .05 in 1981 and the
highest was .38 in 1977.

6. PREDICTING RELATIVE PERFORMANCE

Our model suggests that instead of using this year’s rel-
ative performance to predict next season’s relative perfor-
mance, more accurate predictions can be made by shrinking
each player’s performance toward the mean; that is, predict-
ing a player’s Z(+1) from rZ rather than Z. To see whether
this is so, we considered batters and pitchers who played in
two adjacent seasons, say 1998 and 1999. The unadjusted
prediction of each player’s 1999 Z value is simply his 1998
Z value. For the adjusted predictions, we used the data for
all persons who played in both 1997 and 1998 to estimate
the correlation coefficient between adjacent-season perfor-
mance; we then predicted the 1999 Z value of each person
who played in 1998 and 1999 by multiplying his 1998 Z
value by this correlation coefficient.

We did this for every season and measured the overall
accuracy of the predictions by the root mean squared error
(RMSE) each year and for the entire time period. The first
rows of Tables 3 and 4 show these results. For both batters
and pitchers, the RMSE was improved in every one of the
97 years by shrinking the performances toward the mean.
For the entire time period, the RMSE was reduced 16% for
batters and 18% for pitchers.

For those who have played more than one year, more
accurate predictions might be expected from an averaging
of these previous seasons’ performances. Our model sug-
gests that these averages, too, should be shrunk towards the
mean. To investigate this question, we considered batters
and pitchers who had played in 2n adjacent seasons, us-
ing the average Z value for the n earlier years to predict
the average Z value for the n subsequent years. For ex-
ample, with n = 2, we looked at persons who had played
in 1995, 1996, 1997, and 1998. The unadjusted prediction
of each player’s average Z value for 1997 and 1998 is his
average Z value for 1995 and 1996. For the adjusted pre-
dictions, we calculated the correlation coefficient between
average 1993-1994 Z values and average 1995-1996 Z val-
ues for all persons who played these four seasons. We then

Table 6. Predicting Year-Ahead Standardized Earned Run Average

Innings  Number of  Average

Years with lower RMSE

Cumulative RMSE

pitched predictions correlation Z 174 z rZ
25 14,649 .245 0 97 1.129 .9238
50 12,159 .269 0 97 1.139 .945
100 7,540 297 0 97 1.134 937
200 1,798 317 4 55 1.158 .968
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Table 7. Predicting Standardized On Base Average Plus Slugging Average

Years Number of  Average Years with lower RMSE Cumulative RMSE
ahead predictions correlation Z rZ V4 174
1 22,107 .555 0 97 .926 .822
2 14,422 .696 4 90 .667 617
3 9,546 .745 10 81 .586 .547
4 5,883 773 5 78 .548 511
5 3,223 .790 8 58 541 -.501
6 1,069 746 1 24 547 495
7 158 .659 2 6 515 453

predicted each player’s 1997-1998 Z by multiplying his
1995-1996 Z by this correlation coefficient. We only made
predictions when data for at least 25 players were available
for estimating the correlation coefficient. There were con-
sequently no BA predictions for horizons longer than seven
years and no ERA predictions for horizons longer than six
years. '

Tables 3 and 4 show the results. As the horizon length-
ened and the Z values were averaged over more seasons,
there is typically an increase in the correlation coefficient
and a decline in the RMSE. For every horizon, the pre-
dictions were substantially improved by shrinking each
player’s relative performance toward the mean.

These results are robust with respect to the minimum
number of at bats and innings pitched. Tables 5 and 6 show
the predictive accuracy for next-season forecasts with the
minimum number of at bats ranging from 50 to 400 and
the minimum number of innings pitched ranging from 25
to 200. These increases in the minimum numbers raise the
average correlation coefficient, but do not alter our con-
clusion that shrinkage gives more accurate predictions of
relative performance.

At the suggestion of a referee, we also looked at this
performance measure for batters: on-base average plus slug-
ging average, where a player’s on-base average is the sum
of his hits, bases on balls, and times hit by pitches divided
by the sum of his times at bat, bases on balls, times hit by
pitches, and sacrifice flies; a player’s slugging average is his
total bases (one base for a single, two for a double, three for

a triple, and four for a home run) divided by his times at bat.
Table 7 shows that the correlations between performances
in different years are somewhat higher, but that the results
are otherwise very similar to those for batting averages.

7. CONCLUSION

Because baseball performances are an imperfect measure
of underlying abilities, batting averages and earned run av-
erages regress toward the mean. Outstanding performances
exaggerate player skills and are typically followed by more
mediocre performances. The average correlation coefficient
for adjacent-season performance is .39 for batting averages
and .25 for earned run averages. Predictions of standard-
ized batting averages and earned run averages can be im-
proved consistently and substantially by using correlation
coefficients estimated from earlier seasons to shrink perfor-
mances toward the mean.

[Received January 1999. Revised October 1999.]
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