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Professional athletes naturally experience hot and
cold streaks. However, there’s been a debate going
on for some time now as to whether profes-

sional athletes experience streaks more frequently than
we would expect given the players’ season statistics.
This is also known as having “the hot hand.”

For example, if a player is a 75 percent free-throw
shooter this season and he’s made his last 10 free
throws in a row, does he still have just a 75 percent
chance of making the 11th free throw? The answer
from most statisticians would be a resounding Yes, but
many casual observers believe that the player is more
likely to make the 11th attempt because he’s been
“hot” lately and that his success should continue at a
higher rate than expected. Two common explanations
for why a player may be “hot” are that his confidence
is boosted by his recent success or that his muscle
memory is better than usual, producing more consis-
tency in his shot or swing.

AS IT RELATES TO BASEBALL
The question is this: Does a player’s performance in
one game (a ‘”trial,” if you will) have any predictive
power for how he will do in the next game (the next
trial)? If a baseball player usually has a 75 percent
chance of getting at least one base hit in any given
game and he’s gotten a hit in 10 straight games, does
he still have a 75 percent chance of getting a hit in the
11th game? This is essentially asking, “Are batters’
games independent from one another?”

As with the free-throw example, most statisticians
will say that the batter in fact does still have a 75
percent chance of getting a hit in the next game,
regardless of what he did in the last 10. In fact, this
assumption has been the basis for several Baseball
Research Journal articles in which the authors have
attempted to calculate the probabilities of long hitting
streaks, usually Joe DiMaggio’s major-league record
56-game streak in 1941. It was this assumption about
independence that I wanted to test, especially in those
rare cases where a player has a long hitting streak (20
consecutive games or more). These are the cases
where the players are usually aware that they’ve got a
long streak going.

If it’s true that batters who are in the midst of a

long hitting streak will tend to be more likely to
continue the streak than they normally would (they’re
on a “hot streak”), then we would expect more 20-
game hitting streaks to have actually happened than
we would theoretically expect to have happened. That
is, if players realize they’ve got a long streak going,
they may change their behavior (maybe by taking
fewer walks or going for more singles as opposed to
doubles) to try to extend their streaks; or maybe they
really are in an abnormal “hot streak.” But how do we
determine what the theoretical number of twenty-
game hitting streaks should be?

In the standard method, we start by figuring out
the odds of a batter going hitless in a particular game,
and then we subtract that value from 1; that will yield
a player’s theoretical probability of getting at least one
hit in any given game:

1-((1-(AVG))^(AB/G))

For a fabricated player named John Dice who hit .300
in 100 games with 400 at-bats, this number would be:

76 percent chance
of at least one hit

1-((1-(.300))^(400/100)) = .7599 = in any given game

With the help of Retrosheet’s Tom Ruane, I did a study
over the 1957–2006 seasons to see how well that for-
mula can predict the number of games in which a
player will get a base hit. For example, in the scenario
above, we would expect John Dice to get a hit in about
76 of his games; it turns out the formula above is in-
deed very accurate at predicting a player’s number of
games with at least one hit.

Thus, if games really are independent from one an-
other and don’t have predictive power when it comes
to long hitting streaks, this means that John Dice’s 100-
game season can be seen as a series of 100 tosses of a
weighted coin that will come up heads 76 percent of
the time; long streaks of heads will represent long
streaks of getting a hit in each game. This method for
calculating the odds of hitting streaks was used by
Michael Freiman in his article “56-Game Hitting
Streaks Revisited” in BRJ 31 (2002), and it was also
used by the authors of a 2008 op-ed piece in the New
York Times:



Think of baseball players’ performances at bat
as being like coin tosses. Hitting streaks are like
runs of many heads in a row. Suppose a hypo-
thetical player named Joe Coin had a 50–50
chance of getting at least one hit per game, and
suppose that he played 154 games during the
1941 season. We could learn something about
Coin’s chances of having a 56-game hitting
streak in 1941 by flipping a real coin 154 times,
recording the series of heads and tails, and
observing what his longest streak of heads hap-
pened to be.

Our simulations did something very much like
this, except instead of a coin, we used random
numbers generated by a computer. Also, instead
of assuming that a player has a 50 percent
chance of hitting successfully in each game, we
used baseball statistics to calculate each player’s
odds, as determined by his actual batting per-
formance in a given year.

For example, in 1941 Joe DiMaggio had an 81
percent chance of getting at least one hit in each
game . . . we simulated a mock version of his
1941 season, using the computer equivalent of a
trick coin that comes up heads 81 percent of
the time.

—Samuel Arbesman and Steven Strogatz,
New York Times, 30 March 2008

But I wondered whether this method has a fundamen-
tal problem as it relates to looking at long hitting
streaks, because it uses a player’s overall season stats
to make inferences about what his season must have
looked like on a game-by-game basis.

Think of the example of flipping a coin. That’s
about as random as you can get, and we wouldn’t re-
ally consider the outcome of your last flip to affect the
outcome of your next flip. That means that we can re-
arrange those heads and tails in any random fashion
and the only variation in streaks of heads would be
due entirely to random chance. If this were true in the
baseball example, it means that we could randomly re-
arrange a player’s season game log (listing his batting
line for each game) and the only variation in the num-
ber of long streaks that we would find would be due
entirely to random chance.

THE NUMBER-CRUNCHING
To see who’s right about this, we need to solve the
problem of how to calculate the theoretical number of

hitting streaks we would expect to find. It turns out
that the answer actually isn’t too complicated. I took
the batting lines of all players for 1957 through 2006
and subtracted out the 0-for-0 batting lines, which nei-
ther extend nor break a hitting streak. I ended up with
about 2 million batting lines.

Then, with the impressive assistance of Dr. Peter
Mucha of the Mathematics Department at the Univer-
sity of North Carolina, I took each player’s game log
for each season of his career and sorted the game-by-
game stats in a completely random fashion. So this
means that, for instance, I’m still looking at John
Dice’s .300 average, 100 games, and 400 at-bats—but
the order of the games isn’t chronological anymore.
It’s completely random. It’s exactly analogous to tak-
ing the coin tosses and sorting them randomly over
and over to see what long streaks of heads will occur.
See the example at the end of this article for a visual
version of this.

Dr. Mucha and I ran each random sorting ten thou-
sand separate times, so we ended up sorting every
player-season from 1957 through 2006 ten thousand
separate times to see what streaks occurred. For each of
the 10,000 permutations, we counted how many hitting
streaks of each length occurred. The difference between
this method and the method that has been employed in
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Bill Dahlen’s 42-game hitting streak while with the Cubs in 1894
set a record. It remains the fourth-longest and the longest by a right-
handed hitter in the National League.
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the past is that, by using the actual game-by-game stats
(sorted randomly for each player), we don’t have to
make theoretical guesses about how a player’s hits are
distributed throughout the season. Remember, if play-
ers’ games were independent from one another, this
method of randomly sorting each player’s games
should—in the long run—yield the same number of hit-
ting streaks of each length that happened in real life.

Here are the results.

TABLE 1.

1957–2006 ACTUALLY HAPPENED IN THE 10,000 RANDOM SORTINGS
Number of Standard

Length Hitting Streaks Average Deviation
5 22,632 22,584.63 141
6 14,470 14,086.60 112
7 9,151 8,947.64 89
8 6,081 5,766.29 72
9 4,059 3,759.81 59

10 2,645 2,477.50 48
11 1,792 1,647.42 39
12 1,226 1,104.86 32
13 801 747.12 27
14 552 506.85 22
15 415 347.13 19
16 270 238.69 16
17 194 164.97 13
18 129 114.22 11
19 112 79.80 8.9
20 75 55.90 7.5
21 52 39.36 6.2
22 38 27.80 5.3
23 25 19.70 4.4
24 22 13.93 3.7
25 17 10.00 3.2
26 8 7.20 2.7
27 7 5.13 2.3
28 7 3.71 1.9
29 4 2.63 1.6
30 9 1.90 1.4
31 4 1.39 1.2
32 0 1.01 0.99
33 0 0.74 0.86
34 1 0.55 0.74
35+ 5 1.48 1.21

TABLE 2.

1957–2006 ACTUALLY HAPPENED IN THE 10,000 RANDOM SORTINGS
Number of Standard

Length Hitting Streaks Average Deviation
5+ 6,4803 62,765.96 150.69
10+ 8,410 7,620.99 69.45
15+ 1,394 1,137.24 30.71
20+ 274 192.43 13.32
25+ 62 35.74 5.84
30+ 19 7.07 2.60
35+ 5 1.48 1.21

It’s clear that, for every length of hitting streak of
5-plus games, there have been more streaks in reality
than we would expect given players’ game-by-game
stats. To give those numbers some meaning: There
were 19 single-season hitting streaks of 30-plus games
from 1957 through 2006. The ten thousand separate,
random sortings of the game-by-game stats produced
an average of 7.07 such streaks for 1957–2006. That
means that almost three times as many 30-plus-game
hitting streaks have occurred in real life as we would
have expected.

Since there were 10,000 trials for our permutation,
the numbers here are all highly significant. For in-
stance, the average number of 5-plus-game streaks in
the permutations was about 62,766, with a standard
deviation of about 151, and there were 64,803 such
streaks in real life from 1957 through 2006. This means
that the real-life total was 13.5 deviations away from
the expected mean, which implies that the odds of get-
ting these numbers simply by chance are about one in
150 duodecillion (150 followed by 39 zeros). The num-
ber of hitting streaks that have really happened is
significantly much higher than we would expect if long
hitting streaks could in fact be predicted using the
coin-flip model. Additionally, the results of the 10,000
trials converged, which means that the first 5,000 trials
had almost the exact same averages and standard
deviations as did the second 5,000 trials.

But what does this all mean? What it seems to
indicate is that many of the attempts to calculate the
probabilities of long hitting streaks are actually under-
estimating the true odds that such streaks will occur.
Additionally, if hits are not IID (independent and iden-
tically distributed) events, then it may be extremely
difficult to devise a way to calculate probabilities that
do produce more accurate numbers.

SO WHY DON’T THE PERMUTATIONS MATCH
THE REAL-LIFE NUMBERS?
It’s easier to begin by debunking several common-
sense explanations as to why the permutations didn’t
produce a similar number of hitting streaks as hap-
pened in real life.

The first one I thought of was the quality of the
opposing pitching. If a batter faces a bad pitching staff,
he’d naturally be more likely to start or continue a hit-
ting streak, relative to his overall season numbers. But
the problem with this explanation is that it’s too short-
sided; you can’t face bad pitching for too long without
it noticeably increasing your numbers, plus you can’t
play twenty games in a row against bad pitching staffs,
which is what would be required to put together a long



streak. This same reasoning is why
playing at a hitter-friendly stadium
doesn’t seem to work either, since
these effects don’t continue for the nec-
essary several weeks in a row. In other
words, the explanation must be some-
thing that lasts longer than a four-game
road trip to Coors Field or getting to
face Jose Lima twice in one month.

The second possible explanation—
one that I really thought could explain
everything—was the weather. That is,
it’s commonly believed that hitting in-
creases during the warm summer
months, which would naturally make
long hitting streaks more likely, while
the cooler weather at the beginning
and the end of the season makes
streaks less likely. This would explain
why long streaks seem to happen so
much more often than we’d expect;
the warmest period of the summer can
last for months, seemingly making it
fertile ground to start a hitting streak.
The reason this is important is that
hitting streaks are exponential. That
is, a player who hits .300 for two
months will be less likely to have a hit-
ting streak than a player who hits .200
one month and .400 the next; the two
players would have the exact same
numbers, but hitting streaks tend to
highly favor batters who are hitting
very well, even if it’s just for a short
period, and even if it’s counterbal-
anced by a period of poor hitting.

The problem with the weather explanation is that
the stats don’t bear it out. Of the 274 streaks of 20-plus
games from 1957 through 2006, there were just as many
that began in May as began in June, July, or August. If
it were true that the hottest months spawned hitting
streaks, we would see a spike in streaks that began in
those months. We don’t see that spike at all.

So that eliminates the explanations that would seem
to be the most likely. Remember, if all of the assump-
tions about independence were right, we wouldn’t even
have these differences between the expected and actual
number of streaks in the first place; so it’s yet another
big surprise that our top explanations for these discrep-
ancies also don’t seem to pan out. This leaves me with
two other possible explanations, each of which may
involve psychology more than mathematics.

FIRST EXPLANATION
Maybe the players who have long streaks going will
change their approach at the plate and go for fewer
walks and more singles to keep their hitting streaks
going. This same idea is covered in The Bill James
Goldmine, where James discusses how pitchers will
make an extra effort to reach their 20th victory of a
season, which results in there being more 20-game
winners in the majors than 19-game winners. There is
evidence of this effect, too, as seen by graph 1, which
visualizes the chart from earlier.

Notice how the number of streaks around 25 games,
and especially around 30 games, spikes up, relative to
the general decreasing trend of longer hitting streaks.
These streaks are pretty rare, so we’re dealing with
small samples, but this helps show that hitters may
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In 1941, when Joe DiMaggio extended his hitting streak to 45 games, he tied the record set
by Willie Keeler for Baltimore in the National League in 1896–97. Keeler remains in second
place on the all-time list but a full 11 games behind DiMaggio.



really be paying attention to their streaks (especially
their length), which lends a lot of credibility to the idea
that hitters may change their behavior to keep their
streaks going.

Also lending some credibility to this explanation is
that the spread (the difference between how many
streaks really happened and how many we expected to

happen) seems to increase as the length of the streak
increases. That is, there have been about 7 percent
more hitting streaks of 10 games than we would ex-
pect, but there have been 20 percent more streaks of
15 games, and there have been 80 percent more
streaks of 25 games. Perhaps, as a streak gets longer,
a batter will become more focused on it, thinking

GRAPH 2. Real Life vs. Random Permutation
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GRAPH 1. Real Life vs. Random Permutation
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about it during every at-bat, doing anything to keep
it going. See graph 2 for a representation of how, as
streak length increases, there have been more such
streaks in real life than we averaged in the random
permutations.

The evidence for this is that 85 percent of the play-
ers who had 20-plus-game hitting streaks from 1957
through 2006 had more at-bats per game during their
hitting streak than they had for their season as a
whole. Overall, it worked out to an average 6.9 percent
increase in at-bats per game during their streak. That
extra 6.9 percent of at-bats per game almost certainly
accounts for a portion of the “extra” hitting streaks
that have occurred in real life as opposed to our per-
mutations.

This increase in at-bats per game during a streak
makes sense, as batters are much less likely to be used
as a pinch-hitter or be taken out of a game early when
they have a hitting streak going. Additionally, when a
player is hitting well, his manager is more likely to
keep him in the starting lineup or even move him up

in the batting order so that he gets more
plate appearances. There may also be a
self-fulfilling prophecy here; as a player
starts hitting well, his team will tend to
score more runs, which will give the bat-
ter more plate appearances. So hitting
well lends itself to getting more chances
to extend a hitting streak. Also, pitchers
may be hesitant to walk batters (and
batters hesitant to take walks) because
the players want the streak to end “legit-
imately,” with the batter being given
several opportunities to extend the streak.

The extra at-bats per game also ac-
count for the slope of graph 2, which
shows an exponential trend in the num-
ber of “extra” hitting streaks that have
occurred in real life as opposed to permu-
tations. As streak length increases, those
extra at-bats make streaks increasingly
more likely. For instance, if we take a .350
hitter who plays 150 games and increase
his at-bats per game from 4.0 to 4.28
(about a 6.9 percent increase) for an en-
tire season, his odds of a 20-game hitting
streak increase by 34 percent, but his
odds of a 30-game streak increase by 81
percent, and his odds of a 56-game streak
increase by an amazing 244 percent. Keep
in mind that those increases are larger
than we would see in our hitting-streak
data because the 6.9 percent increase in

at-bats per game applies only to the 20 or so games
during the hitting streak—not the entire 150 games
that a batter plays during a season. It is difficult to
determine how many more streaks we would see if hit-
ters’ at-bats were allowed to increase by 6.9 percent
for only selected stretches of their season.

SECOND EXPLANATION
Something else is going on that is significantly increas-
ing the chances of long streaks, including possibly the
idea that hitters do experience a hot-hand effect where
they become more likely to have a hitting streak be-
cause they are in a period in which they continually hit
better than their overall numbers suggest. This hot
streak may happen at almost any point during a sea-
son, so we don’t see a spike in streaks during certain
parts of the year.

At first glance, the results of a hot hand would ap-
pear very similar to the hot-weather effect: If you’ve
been hitting well lately, it’s likely to continue, and if
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Willie Keeler’s career batting was .341, 16 points higher than DiMaggio’s, indicating
that he experienced more “hot hands” in his 19-year career than just the 45-game
hitting streak he put together in 1896–97.
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you haven’t been hitting well lately, that’s likely to
continue as well. The difference is this: If it’s the
weather that’s the lurking variable, then you continue
hitting well because you naturally hit better during this
time of year. If it’s a hot-hand effect, then you continue
hitting well because you’re on a true hot streak. But
we have seemingly shown that the weather doesn’t
have an effect on hitting streaks, thereby providing
some credibility for the hot-hand idea.

We expect a player to have a certain amount of hot
and cold streaks during any season, but the hot-hand
effect says that the player will have hotter hots and
cooler colds than we’d expect. So the player’s overall
totals still balance out, but his performance is more
volatile than we would expect using the standard coin-
flip model.

There may be some additional evidence for this.
Over the period 1957–2006, there were about 7 percent
more 3- and 4-hit games in real life than we would
expect given the coin-flip model but also about 7 per-
cent more hitless games. Over a course of 50 years,
those percentages really add up. What this means is
that the overall numbers still balance out over the
course of a season, but we’re getting more “hot
games” than we would expect, which is being bal-
anced by more “cold games” than we would expect.

Additionally, there is evidence that tends to favor
the hot-hand approach over the varying-at-bat ap-
proach. Dr. Mucha and I ran a second permutation of
10,000 trials that was the same as the first permuta-
tion—except we eliminated all the games where the
batter did not start the game. In our first permutation,
we implicitly assumed that non-starts are randomly
sprinkled throughout the season. But that is likely not
the case. Batters will tend to have their non-starts
clustered together, usually when they return from an
injury and are used as a pinch-hitter, when they have
lost playing time and are used as a defensive replace-
ment, or when they are used sparingly as the season
draws to a close.

We expected that this second permutation would
contain more streaks than the first permutation, as
we essentially eliminated a lot of low-at-bat games,
which are much more likely to end a hitting streak
prematurely. The question was whether this second
permutation would contain roughly the same number
of streaks as occurred in real life.

The outcome actually comported very well with
our expectations. In general, there were more streaks
in this second permutation than in the first permuta-
tion—but still fewer streaks than there were in real
life. For instance, in real life for 1957–2006, there were
274 streaks of 20 or more games; the first permutation
(including non-starts) had an average of a mere 192
such streaks; and the second permutation (leaving out
non-starts) had an average of 259 such streaks. The
difference between 259 and 274 may not sound like
much, but it is still very significant when viewed over
10,000 permutations, especially since we still aren’t
quite comparing apples to apples. There undoubtedly
will be streaks that fall just short of 20 games when
looking only at starts but that would go to 20 or more
games when non-starts (e.g., successful pinch-hitting
appearances) are included.

As the streak length increases, the difference be-
tween real life and the two permutations widens even
further. For streaks of 30 or more games, there were
19 in real life, with an average of only 10 in our second

N
A

T
IO

N
A

L
B

A
S

E
B

A
LL

H
A

LL
O

F
FA

M
E

LI
B

R
A

R
Y,

C
O

O
P

E
R

S
T

O
W

N
,N

.Y
.

Pete Rose’s 44-game hitting streak for the Reds in 1978 remains
the record in the National League in the modern era and the third-
longest in history. In the 37 years since DiMaggio set the record, the
closest anyone else had come to touching it was the 37-game streak
by Tommy Holmes of the Braves in 1945.



69

MCCOTTER: Hitting Streaks Don’t Obey Your Rules

permutation when we look only at starts. In this paper
I deal primarily with long streaks, but I will point out
that, for streaks less than 15 games, the pattern does
not hold; there were fewer short streaks in real life
than in the second permutation when we look only
at starts.

The reason this favors the hot-hand effect is this:
Our first explanation above relies on the idea that play-
ers are getting significantly more at-bats per game
during their hitting streak than during the season as a
whole. But the reason for a large part of that difference
is that players are not frequently used as non-starters
(e.g., pinch-hitters) during their streak, so it artificially
inflates the number of at-bats per game that the batters
get during their streaks relative to their season as a
whole. Pinch-hitting appearances have little effect on
real-life hitting streaks because managers are hesitant
to use a batter solely as a pinch-hitter if he is hitting
well. So we should be able to remove the pinch-hitting
appearances from our permutations and get results
that closely mirror real life. But when we do that, we
still get the result that there have been significantly
more hitting streaks in real life than there “should
have been.” This tends to add some weight to the hot-
hand effect, since it just does not match up with what
we would expect if the varying number of at-bats per
game were the true cause.

Besides the hot-hand effect, other conditions that
may be immeasurable could be playing a part. For in-
stance, scorers may be more generous to hitters who
have a long streak going, hating to see a streak broken
because of a borderline call on a play that could rea-
sonably have been ruled a base hit.

CONCLUSION
If you take away only one thing from this article, it
should be this: This study seems to provide some
strong evidence that players’ games are not independ-
ent, identically distributed trials, as statisticians have
assumed all these years, and it may even provide evi-
dence that things like hot hands are a part of baseball
streaks. It will likely take even more study to deter-
mine whether it’s hot hands, or the change in behavior
driven by the incentive to keep a streak going, or some
other cause that really explains why batters put
together more hitting streaks than they should have,
given their actual game-by-game stats. Given the
results, it’s highly likely that the explanation is some
combination of all of these factors.

The idea that hitting streaks really could be the
by-product of having the hot hand is intriguing. It
will tend to chafe statisticians, who rely on that key

assumption of independent, identically distributed tri-
als in order to calculate probabilities. When we remove
the non-starts that could have thrown a wrench into
our first permutations—but we still get the same
results—then it really does lend some evidence for the
possibility that what has happened in real life just does
not match what a “random walk” would look like.

From the overwhelming evidence of the permuta-
tions, it appears that, when the same math formulas
used for coin tosses are used for hitting streaks, the
probabilities they yield are incorrect; those formulas
incorrectly assume that the games in which a batter
gets a hit are distributed randomly throughout his sea-
son. This also means that maybe all those baseball
purists have had it at least partially right all this time;
maybe batters really do experience periods where their
hitting is above and beyond what would be statistically
expected given their usual performance.

In his review of Michael Seidel’s book Streak,
Harvard biologist Stephen Jay Gould wrote:

Everybody knows about hot hands. The only
problem is that no such phenomenon exists. The
Stanford psychologist Amos Tversky studied
every basket made by the Philadelphia 76ers for
more than a season. He found, first of all, that
probabilities of making a second basket did not
rise following a successful shot. Moreover, the
number of “runs,” or baskets in succession, was
no greater than what a standard random, or coin-
tossing, model would predict.

Gould’s point is that hitting streaks are analogous to
the runs of baskets by the 76ers in that neither should
show any signs of deviating from a random coin-
tossing model. I hate to disagree with a Harvard man,
but my study of long hitting streaks for 1957 through
2006 seems to show that the actual number of long
hitting streaks are in fact not the same as what a coin-
tossing model would produce, even when we try to
account for the fact that players get varying numbers
of at-bats per game. By using the coin-flip model all of
these years, we have been underestimating the likeli-
hood that a player will put together a 20-, 30-, or even
a magical 56-game hitting streak.

But this study doesn’t just look at the statistics side
of baseball. It also reveals the psychology of it. This
study shows that sometimes batters really may have a
hot hand, or at least that they adapt their approach to
try to keep a long hitting streak going—and baseball
players are nothing if not adapters.
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COIN-FLIP EXAMPLE
I flipped a coin ten times and wrote down the result.
I then had my computer give me a random number
that is somewhere between 0 and 1, and I assigned
that number to each coin flip:

TABLE 3.
Flip Number Result Random Number

1 heads 0.975
2 tails 0.823
3 tails 0.434
4 heads 0.191
5 heads 0.652
6 tails 0.239
7 heads 0.303
8 heads 0.009
9 tails 0.917

10 heads 0.541

We can consider the table 3 to be like John Dice’s bat-
ting log. Each game with a “heads” is a game where he
got a hit. Each game with a “tails” is one in which he
went hitless. The longest streak of heads was two in
a row.

Now, I take those results above and sort them by
that random number instead:

TABLE 4.
Flip Number Result Random Number

8 heads 0.009
4 heads 0.191
6 tails 0.239
7 heads 0.303
3 tails 0.434

10 heads 0.541
5 heads 0.652
2 tails 0.823
9 tails 0.917
1 heads 0.975

It’s still the same outcome as before, except that
they’ve just been reordered completely randomly. Our
longest streak of heads here is two in a row, as well. It
just so happens that we end up with the same longest
streak of heads in this random sorting as we did in the
original tossing. But now that the results are sorted
randomly, any variation in the streaks we find will be
due completely to chance.

For coin tosses, we expect to find about the same
number of long streaks from one trial to the next. And
if hitters’ results were like coin tosses, we would
expect to find about the same number of long hitting

streaks from one trial to the next. But my results show
that the original order of baseball games (analogous
to the first table of coin flips) is significantly more
likely to contain long hitting streaks than the random
order of baseball games (analogous to the second table
of coin flips). �
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