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1. ABSTRACT
Come election time for the Major League Baseball Hall of

Fame, various players, commentators and writers, attempt
to predict who will and will not gain entry. The desire for
knowledge about whether or not a player will be inducted
comes from multiple angles. Fans want to know if their
favorite players are going to make the Hall or not. Writ-
ers often write articles predicting the voting outcomes and
are judged more favorably if they are consistently accurate.
Teams themselves have financial stake in the matter; if a
former superstar is inducted, special Hall of Fame memora-
bilia is sold. For each of these groups of people, a system
that could accurately predict whether or not a given player
will make the Hall of Fame would be extrmely useful.

We have chosen to build a system that, given the lifetime
statistics of a Major League Baseball position player, pre-
dicts whether or not that position player will be inducted
into the Hall of Fame. To do this, our learner uses past
player career statistics (obtained from Fangraphs) to cre-
ate Gaussian probability densities for both Hall of Famers
and non-Hall of Famers. The fewer players that our system
misclassifies, the better it has become.

2. DATA SET
We obtained our data set from Fangraphs, a website that

keeps advanced baseball statistics. Our data set contains
career statistics of every player that played any part of his
major league career between the years 1974 and 1984, inclu-
sive. The data we used contains 15 statistics in particular:
G, PA, HR, R, RBI, SB, ISO, BABIP, AVG, OBP, SLG,
wOBA, wRC+, BsR, and WAR (definitions for all of which
can be found at the Fangraphs Library Stat Glossary). In
total, this data set contains data for 483 players, 29 of whom
are in the Hall of Fame.

The reason for the selection of these particular years (1974-
1984) is a pragmatic one. A player with a long career that
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ended in 1974 began his career in the late 1950s or later.
If we included earlier players, their statistics, very different
because of how far removed from the present it is, would
change the model in a negative way. A player whose career
began in 1984, would have a career that ended by the early
2000s and is therefore 10 years removed from playing, and
therefore eligble for the Hall of Fame, per the Baseball Writ-
ers’ Association of America’s Hall of Fame elibility rules.

3. METHODOLOGY
Our system works in two parts, training and validation.

To train, it takes players with known classifications, some in
the Hall of Fame class, others in the non-Hall of Fame class,
whom we will refer to as Hall of Famers and Scrubs, respec-
tively. We choose some of the above statistics on which we
want to train, which could be some or all of them. The
training data is split between the classes and the mean and
covariance matrix of the desired statistics are computed. Fi-
nally, for each class, a multi-dimensional Gaussian model is
created:

Figure 1: One of our generated probability densities

To validate, a separate set of players is supplied. The
players’ statistics are entered into the Gaussian probability
density functions for each classification. Using both func-
tions, if we find that the probability of a player belonging to
the HOF class is greater than the probability of him belong-
ing to the Scrub class then he is classified as a Hall-of-Famer,
otherwise he is a Scrub.



The baseline approach against which we compare our sys-
tem is the assumption that the probability of a player mak-
ing the Hall of Fame is .062 (or the proportion of Hall-of-
Famers in our training set) and the probability of a player
not making the Hall of Fame is therefore .938. The baseline
will classify a player based on which probability is greateer
meaning it will classify every player as a Scrub and will have
an error rate of .062.

4. PROCESS AND RESULTS
The performance of our Hall of Fame predictor varies

greatly depending on which statistics are used. When used
in isolation, the performance of the statistics varies from an
error rate of .269 when using BABIP to an error rate of .094
when using WAR. This is relatively intuitive, as BABIP is
not reflective of overall performance, while the entire pur-
pose of the WAR statistic is to encompass overall perfor-
mance. Overall, no individual statistic performed as well as
the baseline approach.

Better performance can be achieved through the use of
multiple statistics. The question then becomes which com-
binations of statistics yields the best results. The best pos-
sible combination would be statistics that perform well on
their own and are relatively uncorrelated - that is, they tell
us different things about a player’s ability and therfore prob-
ability of being inducted into the Hall of Fame.

Using this information, we determined that the model
with the best possible predictive power would use the statis-
tics WAR and BsR. This outperforms the other combina-
tions of statistics that we tested together due to their his-
torical importance or because of their favor among baseball
statisticians.

Figure 2: The error rates of our first model without
weights

The triple crown statistics of AVG, HR, and RBI per-
form very poorly, which is somewhat surprising given that
the baseball media, who comprise the voters for the Hall
of Fame treat these statistics with such importance. WAR
alone was the best individual statistic, but is improved fur-
ther when combined with the baserunning statistic BsR,

which also performed well and is not strongly correlated
with WAR, and also with wRC+ which, among offensive
statistics that performed well individually, was least corre-
lated with WAR. No combination of statistics was able to
outperform the baseline.

4.1 Adding Weights
We found that most of the error in our model was coming

from classifying too many scrubs as Hall of Famers, rather
than vice-versa. To address this, we decided to create a
weight variable, in the hopes that we could make our model
a bit more selective as to which players it classified as Hall
of Famers. The weight used by our model for a given com-
bination of statistics is not arbitrary. For every fold, it is
determined to be the weight that causes the least misclassi-
fications on the training set.

4.2 The Final Model

Figure 3: The error rates of our final model

With the use of weighting and statistical combinations,
our system was able to beat the baseline approach. The ad-
dition of weights changed various combinations of statistics
differently. The triple crown statistics improved dramati-
cally with the addition of weights, to about on par with
the baseline approach. WAR, by itself, performed far worse.
The combination of WAR, BsR and wRC+ remained the
best, and with an error rate of .0545, exceeded the baseline
approach by three quarters of a percent.

5. CONCLUSIONS
This research has shed light on the difficulty of predicting

what players will or will not make the Hall of Fame. We
attribute this difficulty to a pair of reasons:

(1) There is no clear division between Hall of Famers and
scrubs. There are players like Lou Whitaker, clearly de-
serving of induction, or at least consideration, who do not.
Whitaker failed to garner even 5% of the vote despite strong
numbers in his 18 year career. There are also many players
who have been inducted even though their stat lines would
suggest they don’t belong in the Hall of Fame.



(2) Voters include other factors beyond a player’s career
statistics. Some of the other criteria used by voters are
statistically-based, such as how a player performed specifi-
cally at the peak of his career. Other criteria, however, are
not easily quantified, such as a player’s reputation among
fellow players and sportwriters or whether or not a player
was ever implicated in a controversy involving the use of
banned, performance-enhancing drugs. Some also claim a
bias for players of certain teams or eras. Improvements to
our model would look to include more of this information.

Those difficulties aside, we were pleased that our model
was able to perform as well as it could. Our model’s perfor-
mance suggests that, despite the grievences of some fans and
writers, the strongest underlying factor of a player’s chance
remains his career statistics and the other factors tend to
affect players around the margins.
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