
Standard Deviation: The Neglected  Statistic

J. Nicholls

 ( )2
1

i
i

n
x ns µ

=

= -å

 ( ) ( )2

1
1i

i

n
s x nµ

=

= - -å

0 10 20 30 40 50 60 70 80

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

n

s/
=

( 
  

  
 1

)/
σ

√
n

–
n



Legal Stuff
Although copyright is claimed for the figures and text, you are free 
to copy, print, and give away copies. You can even sell copies 
if you can find someone to buy them. What you are not given 
permission to do is prevent others from doing the same thing, that 
is: others can also copy, print, give away, or sell copies. I would 
appreciate being acknowledged as the creator of the text and 
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Cover Diagrams
Different formulas for the two versions of the standard deviation 
are in use today because the statistics of populations are slightly 
different from the statistics of a sample of a population. The graph 
shows how the ratio of the two versions change with sample 
size. As the sample size increases, the ratio approaches one and 
the difference becomes small. It’s been commented that if the 
difference between the two formulas matters then someone is 
probably up to no good (Press, et al., 1992, p. 605). Another take: 
someone should get more data.
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Standard Deviation: The Neglected  Statistic
Introduction

The use of statistics in everyday life is pretty much confined to quoting 
the average of some quantity such as batting average or average 
number of steps per day over a month. The statistic we call the average, 
statisticians call the mean. Of all the statistics that one can calculate for 
a data set, the most important one is the mean or average, which is the 
statistic everyone understands.
The second most important statistic is seldom used in everyday life, 
even though it can impart important information. In a recent book about 
the use of baseball statistics (Law, 2017), I found only one mention 
of a standard deviation (p. 279). Infrequently, the results of a poll or 
survey are accompanied by a statement that goes something like this: 
these results (given as a percentage) are accurate to plus or minus X 
percentage points 19 times out of 20. The “X percentage points” comes 
from a standard deviation and the “19 times out of 20” comes from a 
probability distribution. 
Most people, maybe all people, know what a mean or average is. 
It’s relatively easy to calculate: if one has a set of measurements of 
something, one finds the mean value of the somethings by adding all the 
measurements together and dividing by the number of measurements. In 
math symbols, this operation is represented as:
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The symbol μ represents the mean, xi is a measurement, and n is the 
number of measurements. The large, strange looking E means add up all 
the xi’s.
The standard deviation is a measure of how scattered the data points 
are about the mean. A large standard deviation goes with a lot of scatter 
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or a big plus or minus; a small standard deviation goes with little scatter 
or a small plus or minus. To calculate the standard deviation for a 
set of measurements: First, subtract the value of each measurement 
from the mean. Next, square each of the resulting differences. Then, 
add the values of the squares together and divide by the number of 
measurements. Finally, take the square root of the result.
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σ is a symbol representing the standard deviation, which is a number.
What I hope to demonstrate in this essay is how the standard 
deviation can broaden ones perspective when confronted with a 
bunch of measurements. As examples, I propose we look at the hitting 
accomplishments of some baseball players. Baseball has lots of readily 
available data to examine. A couple of caveats are appropriate here: 
First, I am not a statistician; I’m a consumer of statistics. A statistician 
might well view my perceptions juvenile. Second, I’m not an expert on 
baseball and its measurements of player abilities; I like to watch baseball 
games. So, let’s concentrate on the statistics first and baseball after that.

The Relationship between Mean and Standard Deviation
The mean and standard deviation have values that characterize a set of 
numbers that are in some way connected. If the numbers are connected, 
then then it’s reasonable to expect the mean and standard deviation to 
capture the connection. Reports dealing with numbers frequently display 
plots or graphs. One way to illustrate relationships between numbers is 
to create a graph from an equation or function. The classic equation that 
shows how the mean and standard deviation interact is:

𝑦𝑦 =
1

𝜎𝜎√2𝜋𝜋
𝑒𝑒!

(#!$)!
&'!  
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This strange looking equation relates two variables, x and y; x is a 
measurement and y is usually looked on as an estimate of the probability 
of getting that measurement. However, we can and will ignore any 
thoughts about probability and just think of y as a number we can 
calculate by inserting a value for x into the equation. We will come back 
to y later but we won’t be treating it as a probability.
The equation contains two mathematical constants, e and π; they are 
found everywhere in mathematics; most people have heard of π. e may 
not be as well known but it occurs in compound interest calculations, 
descriptions of radioactive decay, and many other places. e and π have 
approximate values of 2.71828 and 3.14159, respectively. The other 
two symbols, μ and σ, represent the mean and standard deviation of 
the measurements calculated from the set of measurements of the x 
variable. Given a set of measurements we can calculate a value of y for 
each value of x. The name of the equation is the Gaussian Equation, 
named after one of the most famous of mathematicians, Johann Carl 
Friedrich Gauss (1777 – 1855).
If we calculate a number of values of y for different values of x, plot them 
on an x–y graph, and then draw a smooth curve through the resulting 
points we will get graphs like those shown on Figure 1.
The important things to note about Figure 1 are: (1) The mean value is 
the sole control on the position of the plot along the x-axis. The larger 
the mean, the farther along the x-axis the curve falls. (2) The value of the 
standard deviation determines how wide and tall the curve is. The larger 
the standard deviation, the shorter and wider is the curve.
Please notice that the short horizontal lines representing the locations 
of the standard deviations on the y-axis (Figure 1) are two standard 
deviations long. A plot of the Gaussian Equation for measurements taken 
at different times, different places, or for different situations, makes it 
easy to grasp which set of measurements has the larger mean and how 
large it is. It also provides an immediate indication of which set is most 
consistent. The most consistent set will have the narrowest and tallest 



4

plot. Looking at a graph to suss out which mean is larger and which 
standard deviation is smaller is much easier than looking through a table 
of numbers to glean the same information.

Hits Per Game
The lifetime means and standard deviations for hits per game in a 
season (H/G) for six ballplayers are plotted on Figure 2. The x-axis 
measurements are the number of H/G for each their playing seasons. 
The data used to calculate the statistics for the six players are collected 
in Tables at the end of this note. 

Figure 1: Curves calculated with the Gaussian Equation for 
different values of the mean, μ, and standard deviation, σ.
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I selected seasonal H/G as the measured variable because it is 
conceptually simple and it is not an important variable in baseball lore. 
I also looked at seasonal values because game values in general are 
more variable, which can be considered noise.
The six players whose records I selected to demonstrate the usefulness 
of the standard deviation are Ted Williams, Joe DiMaggio, Paul Molitor, 

Figure 2: Gaussian curves drawn for the lifetime means 
and lifetime standard deviations of eight ballplayers. Circles 
fall at the coordinates of the y-values for the seasonal H/G 
values.
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Pete Rose, Ichiro Suzuki, and John Olerud. I picked the records for these 
players for several reasons, all personally idiosyncratic. Williams was 
the last player to have a season batting average over than .400 (.406, 
1941) and has a lifetime batting average (,344) that places him in a tie 
for seventh on a list of batting averages. DiMaggio owns the longest 
hitting streak in baseball history, 56 games in 1941. What is seldom 
mentioned is that after not getting a hit in a single game, he then hit in 
each of the next 16 games: 72 for 73. That 1941 season he had 193 
hits in 139 games for a mean of 1.388 H/G. Molitor was unexpected. I 
was looking at hitting streak records and his name was on the list with 
39, next highest in the American League after DiMaggio. So I checked 
his H/G number and it was up there, similar to the numbers posted by 
DiMaggio and Rose. In addition, the standard deviation was smaller 
than any one else on the list. Rose owns the National League record 
for a hitting streak: 44 games in 1978. Suzuki was an exciting player to 
watch. The saying goes that baseball is a simple game (it really isn’t): 
you throw the ball, you catch the ball, and you hit the ball. Suzuki did 
all three of these classic baseball tasks in spectacular fashion. Olerud 
was a quiet, unassuming player, smooth as silk and a pleasure to watch. 
In 1993 he finished the season with an American League leading .363 
batting average. Second that year was Paul Molitor (.332), and third 
was Roberto Alomar (.326). All three played for the Toronto Blue Jays. 
The last time three players from the same team led the league in batting 
was a century earlier (1893) when Billy Hamilton (.380), Sam Thompson 
(.370), and Ed Delahanty (.368) played for the Philadelphia Phillies.
Of the six players on the list, Ted Williams has the highest H/G for a 
single season, near 2.2, whereas Ichiro Suzuki has the lowest, near 0 

Table 1: Lifetime means and standard deviations for hits per game, H/G, 
for each season of their careers

Ichiro 
Suzuki

Ted 
Williams

Pete 
 Rose

John 
Olerud

Joe 
DiMaggio

Paul 
Molitor

μ 1.065 1.589 1.178 0.956 1.271 1.209
σ 0.443 0.285 0.202 0.193 0.153 0.141
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(Figure 2). The mean values for each player’s season values range from 
John Olerud’s 0.956 to Ted Williams’ 1.589.
Figure 2 is a plot of the means and standard deviations for seasonal 
H/G  for the six data sets. Also plotted on the graphs are the season 
H/G values for each player. The important features are the deviations 
from the mean: how far to the left or right of the mean does the x-value 
plot. The data points representing the measurements, H/G, for each 
season cluster near their respective means. The data sets with larger 
values for the standard deviation have a larger scatter about the mean 
than data sets with a smaller values for the standard deviation. The 
standard deviation then is a measure of the scatter in the data. The more 
consistent the hitter, the smaller the standard deviation.
The values for the standard deviations provide a different way to 
look at the H/G picture. The standard deviation is a measure of the 
consistency with which the six ballplayers got a hit in a ballgame over 
their lifetime careers. By this measure, Molitor was the most consistent 
hitter and Suzuki the least over their lifetime careers (Figure 2, Table 
1). I emphasize that these are calculated from season records, not from 
individual game records.
The standard deviation is a kind of average of the deviations of the 
data points from the mean value1. In each dataset, the points can be 
separated into four groups by comparing the deviations of the data points 
with the standard deviation and values of the data points with the mean. 
Plots created with the Gaussian equation illustrate the distribution of the 
data points in the four groups (Figure 3). Counter clockwise from the 
lower right on Figure 3 the groups are: 
(1) Those data points with values greater than the mean and deviations 
greater than the standard deviation (red line, Figure 3). (2) Those data 
points with deviations less than the standard deviation and values 
greater than the mean (pale orange line, Figure 3). (3) Those data points 
with values less than the mean and deviations less than the standard 
deviation (light blue line, Figure 3). (4) Those data points with values less 
than the mean and deviations greater than the standard deviation (dark 
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blue line, Figure 3). 
H/G data points in Group 2 and Group 3 are usually more numerous 
than the data points in Group 1 and Group 4. Being more numerous, 
the Group 2 and Group 3 data points will have a larger influence on the 
mean. Consistent hitters will have most of their seasonal H/G values in 
Groups 2 and 3. Season H/G values start to collect in Group 4 with lower 
values of y and negative deviations late in the careers of many players. 
Seasonal H/G values that fall in Group 1 have deviations above the 

Figure 3: Separation of the data points in a set into four 
groups (see text). Symbols: x = measurement, μ = mean, 
σ = standard deviation, and d = deviation of x from the 
mean (d = x - μ can be positive or negative).
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mean. Such seasons are a good thing; when such seasons come along, 
the hits do too. This is the magic group into which players don’t don’t fall 
very often.
Ted Williams had four seasons with records that fall in this magic group, 
Pete Rose and Paul Molitor had three, Joe DiMaggio, John Olerud, and 
Ichiro Suzuki each two seasons in which they bested their lifetime means 
by more than one standard deviation.

Recursion Formulas
Recursion formulas can be used to trace the changes in he mean and 
standard deviation through time. Such formulas provide a glimpse into 
a player’s players’ career at least as far as a couple of statistics can 
represent a career. Suppose the values of n measurements are known 
and from the n measurements, the mean and standard deviation are 
calculated. Then, a new measurement become available. Recursion 
formulas are recipes for calculating the mean and standard deviation 
for the n + 1 measurements by combining the old values with the new 
measurement. The recursion formulas are:

( )1 1
1

1n n nμ nμ x
n

+ +
= +

+

for the mean and:

( )
22 2

1 1

1

1 1
[ ]n n n n

n
σ σ μ x

n n
+ +

= + -
+ +

for the variance. Take the square root of the variance to get the standard 
deviation. An elegant derivation of these formulas can be found at: 
https://math.stackexchange.com/a/2746016 (accessed 10/6/2020).
Figure 4 displays the means and standard deviations calculated with the 
two formulas. While the two statistics can characterize a data set, one 
should always examine the data points themselves. Hence, the data 

https://math.stackexchange.com/a/2746016
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points are plotted on Figure 4 along with the stats.
When discussing the results from the recursion formulas, it’s well to 
distinguish between the mean and standard deviation calculated from 
all the data and the values calculated with the recursion formulas after 
a particular measurement. With respect to the H/G data, the values 
calculated from all the data will be labeled lifetime means and standard 
deviations. Values calculated after a particular season will be labeled 
career means and standard deviations.
The first values calculated with the recursion formulas often contain 
quite a bit of noise. Several seasons need to pass before the calculated 
statistics become relatively stable. Some players play few games in 
their early years, which contributes to the increased variability in the 
statistics. For example, the standard deviation for only one measurement 
is identically zero; it takes larger values only when two or more 
measurements are available. Consequently, the standard deviation 
becomes stable only with more than a few measurements.
Besides displaying the means and standard deviations for the ballplayers’ 
career, the diagrams making up Figure 4 contain signposts indicating 
changes in the players’ performances over time.

Ichiro Suzuki
From his first major league baseball (MLB) season, 2001, until 2012, 
Suzuki’s H/G was larger than his lifetime average. Until 2010, his H/G 
was close to his lifetime mean plus one standard deviation. In 2001, 
2004, and 2009 he was in Group 4. His career standard deviations 
before 2011 were less than 0.120, which are less than the lifetime 
averages posted by the other five players on the list.  After 2012 his H/G 
decreased steadily. Suzuki played in only 15 games in his penultimate 
season and 2 games in his final MLB season. I’ve not included hits for 
Ichiro’s nine seasons in the Nippon Professional Baseball league, a 
professional level baseball league.
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John Olerud
John Olerud played in only 6 games his rookie year when he had an H/G 
of 3/6. In 1993, the year he was the American League batting champion, 

Figure 4: Plots of H/G values, career means, and career standard 
deviations. Circles represent seasonal values, plus signs represent 
career means, and squares represent career standard deviations. 
Horizontal lines represent lifetime means (middle line). The other two 
lines represent the lifetime means plus and minus one lifetime standard 
deviation.
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he had an H/G above his lifetime average plus one standard deviation 
(Group 1). In 1998 with the New York Mets, he again had an H/G in 
Group 1. That same year he was runner up for the National League 
batting title with a .354 average. From 1993 to 2004, the year before he 
retired his career standard deviation decreased almost steadily. In other 
words, he became a more consistent hitter.

Pete Rose
Pete Rose’s H/G numbers were below his lifetime mean his first two 
years then he went on a 17 year streak,1965 – 1981, when his H/G 
numbers were close to or above his lifetime average. Three times, 1968, 
1969, and 1973, he posted H/G numbers greater than his lifetime mean 
plus one standard deviation (Group 1). During this stretch, his career 
standard deviations were between 0.11 and 0.14, much smaller than his 
lifetime standard deviation 0.190. After 1981 his H/G numbers dropped 
leading to a drop in his lifetime mean and an increase in his lifetime 
standard deviation. Pete Rose holds at least 19 MLB records including 
most hits (4256) in season and post-season games (3562) for an H/G of 
1.195 (https://en.wikipedia.org/wiki/Pete_Rose, accessed October 30, 
2020).

Joe DiMaggio
Joe DiMaggio had the shortest career of the players on the list, 13 
seasons. His career was interrupted by World War II; he did not play 
major league baeball in 1943, 1944, or 1945. His H/G numbers were 
higher in the seasons before the war than the seasons after and his 
career standard deviations were lower before the war, an astonishing 
0.088 in 1942 and rising to 0.123 in 1946. He was a consistent hitter 
through 12 seasons with a career mean in 1950 of 1.299 H/G with a 
career standard deviation of 0.124. His 13th season, 1951, could be 
described as a train wreck; his lifetime H/G fell to 1.271 and his lifetime 
standard deviation rose to 0.153, quite different from the previous 12 
seasons.

https://en.wikipedia.org/wiki/Pete_Rose
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Paul Molitor
Nearly all of Paul Molitor’s H/G scores fall between his lifetime mean plus 

Figure 5:  Gaussian curves comparing Ted Williams 
H/G season records before the Korean War years with 
his season records including and after the Korean War 
years. Also shown is Paul Molitor’s H/G lifetime mean and 
standard deviation on a Gaussian curve.
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or minus one lifetime standard deviation (Groups 2 and 3). He posted 
three season with values just greater than the lifetime mean plus one 
standard deviation (Group 1). Only the 1984 season value was below 
the lifetime mean by considerably more than one standard deviation 
(Group 4). In 1984 Molitor played in only 13 games because of an elbow 
injury that required surgery. His H/G value dropped to 0.769. Over his 
entire career Molitor was a remarkably consistent hitter.

Ted Williams
Ted Williams has the highest lifetime H/G number of any on the list. To 
put Williams’ number in perspective, consider a 10 game stretch. In 10 
games Williams would, on average, get 16 hits, more or less. DiMaggio, 
next on the list would get maybe 13 hits, Molitor 12, and the others even 
less, down to 10. 
Williams’ career was interrupted by World War II and he missed the 1942, 
43, and 44 seasons. The Korean War shortened his 1952 and 1953 
seasons, during which he went 4/2 and 37/17, both H/G numbers greater 
than 2 (Group 1). Because the games played in these two seasons are 
few, the high H/G numbers may not be significant. However, in 1956 and 
1959 Williams posted H/G values of 1.944 and 2.156 in 71 and 32 games 
respectively, well above his lifetime average and again in Group 1.
If we split the Ted Williams data set into two: records from before the 
Korean War and records after and including the Korean War seasons, we 
can plot separate Gaussian curves (Figure 5). Before his service in the 
Korean War, his career mean was less than the value after Korea. His 
career standard deviation before Korea was an amazingly small 0.097 
compared to the 0.258 value after the Korean War.
The Gaussian curve for the Molitor lifetime statistics is shown for 
comparison. The Molitor mean is lower than both the Williams means 
and the Molitor standard deviation is larger than the early career Williams 
standard deviation.
Only Williams and DiMaggio posted several consecutive seasons, 
not including their first three seasons, with career standard deviations 
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less than 0.1. Recursion values for the standard deviation become 
numerically meaningful only after approximately three measurements. 
Williams had seven seasons with career standard deviations less than 
0.1; DiMaggio had four. In both instances, the less than 0.1 seasons 
happened before World War II.
What struck me while compiling these data was that all six of these 
players, who everyone would recognize as good or exceptional hitters, 
had stretches spanning several seasons with H/G values above their 
lifetime means and with small career standard deviations.

Clutch Situations
Over the years, baseball people have persistently argued over whether 
players exist who can consistently come through in a clutch situation 
(see Law, 2017, Chapter 7). Clutch situations are usually described 
from the hitters perspective; did the player get a hit or not. However, 
there are situations where the spotlight is on the pitcher and defense. 
I think anyone would agree that getting the final out in a no-hitter or 
perfect game would be a clutch situation. Clutch players, if they exist, are 
thought perform above expectations. I have no data, no evidence, and no 
analysis to support an answer one way or another. I do, however, have a 
suggestion for looking at the problem.
First, collect from baseball’s vast store of data a large sample of clutch 
situations. Second, separate them into two groups: ones where the 
hitter was successful and the ones where the pitcher and defense were 
successful. Clutch situations will be resolved either in favor of the hitter 
or in favor of the pitcher and the defense. Third, and only after the first 
two steps were completed, look at how the clutch hitter was doing at that 
stage of their career. Because this piece is about the usefulness of the 
standard deviation of hitting data, let’s deal with the hitter and leave the 
pitcher and defense to someone else.
Three walk-off home runs from the past few decades captured my 
imagination. Walk-off at bats are clutch situations by anyone’s definition. 
The first was Kirk Gibson’s homer for the LA Dodgers against the 
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Figure 6: H/G statistics for three players that hit crucial, game 
winning, walk-off home runs.
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Oakland Athletics in the first game of the 1988 World Series. The second 
came off the bat of Joe Carter playing for the Toronto Blue Jays in the 
sixth game of the1993 World Series against the Philadelphia Phillies. The 
third example, was Scott Hatteburg saving the 20 game winning streak 
for the Oakland Athletics in 2002 when he won the game in the bottom 
of the ninth inning against the Kansas City Royals. Figure 6 displays the 
H/G statistics for the three players. The year in their careers when they 
made the clutch hit is marked with arrows.
Gibson was in the last year of a five stretch where he hit above his 
lifetime mean H/G value and close to his mean plus one standard 
deviation. Carter was in the middle of a six season stretch of hitting 
above his lifetime mean where his career standard deviation was 
decreasing steadily. Hatteburg was at the start of a six season stretch 
of hitting above his lifetime mean H/G value with three seasons near or 
above his lifetime mean plus one standard deviation.
A three player sample is absolutely too small to draw any conclusion 
about clutch hitting. It is enough, I think, to ask the question – Are the 
hitters at the beginning, middle, or end of a streak of seasons where they 
are hitting in Groups 1 and 2? An extensive dive through baseball data is 
worth doing to find out. 

Conclusion
Although the mean is the most important statistic, I also think that the 
mean combined with the standard deviation provides a finer focus on 
the information hidden in a set of data. I can only hope you’ve been 
persuaded.
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Data Tables
Ichiro Suzuki
Year G H H/G Mean Var Std Dev Y
2001 157 242 1.541 1.541 0.0000 0.000 0.505
2002 157 208 1.325 1.433 0.0117 0.030 0.758
2003 159 212 1.333 1.400 0.0100 0.100 0.749
2004 161 262 1.627 1.457 0.0172 0.131 0.402
2005 162 206 1.272 1.420 0.0193 0.139 0.807
2006 161 224 1.391 1.415 0.0162 0.127 0.686
2007 161 238 1.478 1.424 0.0143 0.120 0.583
2008 162 213 1.315 1.410 0.0139 0.118 0.768
2009 146 225 1.541 1.425 0.0140 0.118 0.505
2010 162 214 1.321 1.414 0.0136 0.117 0.762
2011 161 184 1.143 1.390 0.0184 0.136 0.886
2012 162 178 1.099 1.366 0.0234 0.153 0.898
2013 150 136 0.907 1.330 0.0365 0.191 0.845
2014 143 102 0.713 1.286 0.0592 0.243 0.657
2015 153 91 0.595 1.240 0.0850 0.291 0.513
2016 143 95 0.664 1.204 0.0991 0.315 0.598
2017 136 50 0.368 1.155 0.1320 0.363 0.261
2018 15 9 0.600 1.124 0.1408 0.375 0.519
2019 2 0 0.000 1.065 0.1964 0.443 0.050

1.065
0.443

The last two numbers at the bottom of the H/G column are 
the lifetime mean and standard deviation. The columns 
labeled Mean, Var, and Std Dev contain the career means,  
variances (square of the standard deviations), and the career 
standard deviations calculated with the recursion formulas. 
The Y-column contains the Y-coordinates calculated with the 
Gaussian equation.
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John Olerud
Year G H H/G Mean Var Std Dev Y
1989 6 3 0.500 0.500 0.0000 0.000 0.127
1990 111 95 0.856 0.678 0.0317 0.178 1.803
1991 139 116 0.835 0.730 0.0266 0.163 1.692
1992 138 130 0.942 0.783 0.0283 0.168 2.057
1993 158 200 1.266 0.880 0.0600 0.245 0.573
1994 108 114 1.056 0.909 0.0543 0.233 1.809
1995 135 143 1.059 0.930 0.0493 0.222 1.791
1996 125 109 0.872 0.923 0.0435 0.209 1.876
1997 154 154 1.000 0.932 0.0392 0.198 2.011
1998 160 197 1.231 0.962 0.0434 0.208 0.751
1999 162 173 1.068 0.971 0.0404 0.201 1.747
2000 159 161 1.013 0.975 0.0371 0.193 1.978
2001 159 173 1.088 0.983 0.0352 0.188 1.636
2002 154 166 1.078 0.990 0.0333 0.182 1.693
2003 152 145 0.954 0.988 0.0311 0.176 2.063
2004 127 110 0.866 0.980 0.0301 0.173 1.850
2005 87 50 0.575 0.956 0.0374 0.193 0.294

0.956
0.193
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Pete Rose
Year G H H/G Mean Var Std Dev Y
1963 157 170 1.083 1.083 0.0000 0.000 1.854
1964 136 139 1.022 1.052 0.0009 0.030 1.499
1965 162 209 1.290 1.132 0.0132 0.115 1.768
1966 156 205 1.314 1.177 0.0161 0.127 1.627
1967 148 176 1.189 1.180 0.0129 0.114 2.101
1968 149 210 1.409 1.218 0.0181 0.135 1.000
1969 156 218 1.397 1.244 0.0195 0.139 1.078
1970 159 205 1.289 1.249 0.0173 0.131 1.772
1971 160 192 1.200 1.244 0.0156 0.125 2.091
1972 154 198 1.286 1.248 0.0142 0.119 1.792
1973 160 230 1.438 1.265 0.0159 0.126 0.826
1974 163 185 1.135 1.254 0.0158 0.126 2.051
1975 162 210 1.296 1.258 0.0147 0.121 1.733
1976 162 215 1.327 1.263 0.0140 0.118 1.545
1977 162 204 1.259 1.262 0.0131 0.114 1.920
1978 159 198 1.245 1.261 0.0123 0.111 1.977
1979 163 208 1.276 1.262 0.0116 0.108 1.842
1980 162 185 1.142 1.255 0.0117 0.108 2.067
1981 107 140 1.308 1.258 0.0112 0.106 1.662
1982 162 172 1.062 1.248 0.0125 0.112 1.743
1983 151 121 0.801 1.227 0.0209 0.145 0.292
1984 121 107 0.884 1.212 0.0251 0.158 0.633
1985 119 107 0.899 1.198 0.0281 0.168 0.712
1986 72 52 0.722 1.178 0.0359 0.190 0.117

1.178
0.190
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Ted Williams
Year G H H/G Mean Var Std Dev y
1939 131 185 1.412 1.412 0.0000 0.000 1.156
1940 134 193 1.440 1.426 0.0002 0.014 1.223
1941 135 185 1.370 1.408 0.0008 0.029 1.044
1942 141 186 1.319 1.386 0.0021 0.046 0.895
1946 142 176 1.239 1.356 0.0051 0.071 0.661
1947 125 181 1.448 1.372 0.0054 0.074 1.240
1948 124 188 1.516 1.392 0.0072 0.085 1.356
1949 150 194 1.293 1.380 0.0074 0.086 0.818
1950 82 106 1.293 1.370 0.0073 0.085 0.816
1951 109 169 1.550 1.388 0.0095 0.097 1.389
1952 2 4 2.000 1.444 0.0396 0.199 0.493
1953 17 37 2.176 1.505 0.0773 0.278 0.166
1954 93 133 1.430 1.499 0.0717 0.268 1.200
1955 77 114 1.481 1.498 0.0666 0.258 1.304
1956 71 138 1.944 1.528 0.0745 0.273 0.644
1957 96 163 1.698 1.538 0.0716 0.268 1.302
1958 81 135 1.667 1.546 0.0683 0.261 1.349
1959 32 69 2.156 1.580 0.0841 0.290 0.192
1960 56 98 1.750 1.589 0.0811 0.285 1.193

1.589
0.285
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Joe Dimaggio
Year G H H/G Mean Var Std Dev Y
1936 138 206 1.493 1.493 0.0000 0.000 0.913
1937 151 215 1.424 1.458 0.0012 0.034 1.586
1938 145 194 1.338 1.418 0.0040 0.063 2.373
1939 120 176 1.467 1.430 0.0034 0.059 1.153
1940 132 179 1.356 1.415 0.0036 0.060 2.238
1941 139 193 1.388 1.411 0.0031 0.056 1.945
1942 154 186 1.208 1.382 0.0077 0.088 2.395
1946 132 146 1.106 1.347 0.0151 0.123 1.456
1947 141 168 1.191 1.330 0.0158 0.126 2.278
1948 153 190 1.242 1.321 0.0149 0.122 2.562
1949 76 94 1.237 1.314 0.0142 0.119 2.545
1950 139 158 1.137 1.299 0.0154 0.124 1.772
1951 116 109 0.940 1.271 0.0234 0.153 0.248

1.271
0.153
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Paul Molitor
Year G H H/G Mean Var Std Dev y
1978 125 142 1.136 1.136 0.0000 0.000 2.481
1979 140 188 1.343 1.239 0.0107 0.103 1.798
1980 111 137 1.234 1.238 0.0071 0.084 2.786
1981 64 67 1.047 1.190 0.0122 0.110 1.466
1982 160 201 1.256 1.203 0.0104 0.102 2.675
1983 152 164 1.079 1.183 0.0109 0.104 1.855
1984 13 10 0.769 1.123 0.0302 0.174 0.022
1985 140 171 1.221 1.136 0.0275 0.166 2.821
1986 105 123 1.171 1.140 0.0246 0.157 2.736
1987 118 164 1.390 1.165 0.0277 0.167 1.237
1988 154 190 1.234 1.171 0.0256 0.160 2.788
1989 155 194 1.252 1.178 0.0240 0.155 2.703
1990 103 119 1.155 1.176 0.0222 0.149 2.638
1991 158 216 1.367 1.190 0.0230 0.152 1.503
1992 158 195 1.234 1.193 0.0216 0.147 2.786
1993 160 211 1.319 1.200 0.0212 0.146 2.086
1994 115 155 1.348 1.209 0.0211 0.145 1.737
1995 130 142 1.092 1.203 0.0207 0.144 2.015
1996 161 225 1.398 1.213 0.0215 0.147 1.151
1997 135 164 1.215 1.213 0.0204 0.143 2.830
1998 126 141 1.119 1.209 0.0198 0.141 2.315

1.209
0.141
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1 The variance is the mean of the squares of the deviations from the 
mean. If one tries to calculate a standard deviation by adding up all the 
deviations and dividing the sum by n, one gets a value equal to zero, 
which is not a useful number. Taking the square root of the variance 
produces a number similar in magnitude to a typical deviation.


