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Well, apologies are obviously in order. For those of 
you who are wondering if the Analyst has died) the answer is no, 
it's just been hibernating. The last Analyst was in December, 
so there should have been one in February, 1988. This is June, 
so we'll do the February issue now, the April issue in July, the 
June issue in August, the August issue in September and the 
October issue in October. Then we'll be caught up. This is not 
unprecedented; we've run late before. In any case, your 
subscription is based on the issue number, not on the date, so 
you'll get six issues for your year, whenever they arrive. 

I had two studies of my own that I wanted to report on 
before getting to the regular articles. My articles are "The 
Run/Opposition Run Connection", which begins later on Page 1, 
and "Sustained Illusions in Platoon Effects", which begins on 
Page 3. Following that we have an article by Mark Pankin on the 
Theoretical Background for the use of Markov Chain Models in 
Baseball Research (Pages 5-10), an article by Phil Birnbaum on 
the Relief Pitcher's ERA Advantage (Pages 11-16), a collection 
of notes by Stephen Roney about big home run seasons and the 
ages at which they occur (Page 17), and an article by Russ Eagle 
on the extent to which categories or areas of performance are 
"Batter Controlled" or "Pitcher Controlled" (Pages 18-20). I 
don't know that we've ever had an issue in which all of the 
articles would--or should--be of interest to so many of our 
readers, and I thank all of you who took the time to contribute. 

THE RUN/OPPOSITION RUN CONNECTION 

On a talk show recently, a caller said that h~ team's 
pitching had been good, but then they'd had a recent run where 
they were scoring lots of runs, and the pitching seemed to have 
let down; after playing 3-2 games all year, they were suddenly 
playing 8-6 games. Was there a tendency, he asked, for pitchers 
to "let down" when they had more runs to work with? 

You could probably predict my response. I said that the 
number of runs you score and allow is somewhat determined by the 
conditions of the game. If one team is playing in Wrigley 
Field, then both teams are playing there. If the wind is 
blowing out for one team, it's probably blowing out for both. 

e If it's 95 degrees for one team, it's 95 degrees for both. 
~.. These things do, indeed, tend to cause a team to allow more runs 

when they score more, although you can't infer from this that 
there is any lapse in concentration. 
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Later, though, I got to wondering exactly what the connection was. 
How many more runs, on the average, does a team allow when they score 
eight runs than when they score two? Clearly, one would expect a 
non-random alignment of runs scored and runs allowed, but what exactly is 
the connection? 

We've done studies related to this issue before in the Analyst, 
. but I thought I ought to look at it directly. I ran the study for the 

American League in 1987, a sample of 1,134 games (2,268 team games). For 
obvious reasons, including both leagues in the same study would create 
distortions. The average number of runs per game in the league was 4.90, 
so we'll start with a line representing 4.90 runs allowed per game: 
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On the bottom axis we'll put the offensive runs--O, 1, 2, 3, etc. If 
there were no tendency of runs and opposition runs to correlate, then the 
actual data would tend to trace this same line, a flat line neither 
ascending or descending. 

5.3 
5.2 
5.1 
5.0 
4.9 ------------------------------------------------
4.8 
4.7 

o 1 2 3 4 5 6 7 8 9 10 

The actual data is graphed on the chart which follows. Teams 
which were shut out (which happened 114 times) allowed a total of 540 
runs, or 4.74 per game, so the dot for zero is at 4.74. 
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As you can see, there is a distinct tendency of teams to allow more runs 
when the~score more. The full data for 0-10 offensive runs is given in' 
the chart below: 

Runs 
:j:f of games 
Runs Allowed 
Average 

o 
114 
540 
4.7 

1 
200 
941 
4.7 

2 
264 

1230 
4.7 

3 
299 

1523 
5.1 

4" 
286 

1365 
4.8 

5 
262 

1327 
5.1 

6 
225 

1076 
4.8 

7 
169 
790 
4.7 

8 
145 
803 
5.5 

9 
93 

457 
4.9 

10 
69 

384 
5.6 

The ascending pattern, while clearly visible, is not dramatic. 
I formed groups of the data (0 to 2 runs, 1 to 3 runs, etc.) to clarify 
the pattern. This is what results: 

Average 
0-2 

4.69 
1-3 

4.84 
2-4 

4.85 
3-5 

4.98 
4-6 

4.87 
5-7 

4.87 
6-8 

4.95 
7-9 

5.04 
8-10 
5.36 

As I am sure most of you have realized, we are in this study 
lumping together teams of different skills, which could create a bias or 
pollution in the study (that is, Kansas City, which had an excellent 
pitching staff, was also shut out 17 times, while Boston, which had a 
4.77 team ERA, was shut out only 4 times. This could tend to cause the 
average of runs allowed in shutouts to be lower than in ten-run outbursts, 
without there being any connection between the two.) I ran a study of 
the data which protected against this bias by comparing each team's runs 
allowed in shutouts (I-run games, etc.) to that team's normal runs allowed 
average (that is, Kansas City allowed 78 runs in it's 17 shutouts, which 
is actually 5.44 runs more than expected for KC in 17 games, while Boston 
in 4 shutouts allowed 17 runs, which is 3.28 fewer than expected in 4 
games.) I totaled up the positives and negatives for each team and then 
divided those totals by the number of games, adding or subtracting the 
result from the 4.90 league average. 

This re-interpretation of the data created totals which were 
substantially identical to the raw averages, as indeed one would expect 
from the very low correlation of team runs and runs allowed. 

Even in the three-run groupings, the data samples are not large 
, enough for the data to stabilize completely, but the gener,al rule would 
appear to be that there is an increase of one run allowed, on the average, 
for each 15 to 20 runs scored. I· am somewhat surprised that the 
connection is not stronger. 

SUSTAINED ILLUSIONS IN PLATOON EFFECTS 

In the 1988 Abstract, I reported on a study of platoon effects, 
with the players included studied over a three-year period (1984-1986) and 
meeting a minimum standard of 400 plate appearances against left-handed 
pitching and the same against right-handed pitching. The study found that 
87% of the players hit better the way that they would have been expected 
to (that is, when they had the platoon advantage), but that it also seemed 
clear that the true percentage of "conforming" players was even higher 
than 87%, and the percentage of aberrations even lower than 13%, primarily 
because the three-year period was not long enough for the important, but 
tiny, platoon differential to assert itself in all cases. 
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Several people wrote to me that this didn't seem right to them; as 
Craig Wright wroght, "I'm not comfortable with your thought that odd 
platoon differences, even over a three-year period, are usually chance 
fluctuations." So I designed a study to determine what the likelihood was 
that a player who had a true platoon differential would fail to show this 
difference even over a three-year period of actual trials. 

I wrote a short basic program (printout follows) to select random 
at bats, in which a player would hit .3000 against right-handed pitching 
(accouting for 70% of the at bats) and .2750 against left-handed pitching. 
In other words, we have a fixed and known. true platoon differential of 25 
points in batting average. 

I then ran out data in groups of 1,600 at bats, about the number 
one could expect of a reasonably healthy p~ayer over a three-year period. 
I ran out 119 such 1,600-at bat samples, duplicating the number of players 
in the original study (119), and representing 119 "known" players over a 
three-year period. 

Although all of these players had a true 25-point platoon 
advantage when facing a right-hander, 16 of the 119 players hit better 
the wrong way over the 1600-at bat sample--exactly the number of players 
who hit the wrong way in the actual data. One player, though programmed 
to hit 25 points better against right-handers, hit 26 points better the 
wrong way, .319 vs. lefties, .293 vs. righties. Another player had a 
platoon differential in the normal direction, but a differential of 81 
points (.312-.231), and five others were over +70. 

Obviously, this does not prove that the aberrations in the study 
(the players who hit better the wrong way) did so simply because of 
chance, and that they were in·fact better hitters when they had the 
platoon advantage. But it does show that that is a very plausible 
explanation for the failure of those 16 players to show a normal platoon 
advantage, and thus that what I wrote in the original study very well 
could have been correct. 

38 iFR~~.705 THEN RH=l ELSE RH=2 
40 IF RH=l THEN BA=.3 
50 IF RH=2 THEN BA=.275 
70 Y=RND 
81 IF RH=l THEN GOTO 82 ELSE GOTO 90 
82 IF Y<BA THEN RHIT=RHIT+1 
83 RAB=RAB+l 
84 GOTO 100 
90 IF Y<BA THEN LHIT=LHIT+l 
91 LAB=LAB+ 1 
100 RAVG=RHITjRAB 
101 LAVG=LHIT/LAB 
105 AB=RAB+LAB 
106 HIT=RHIT+LHIT 
107 AVG=HIT/AB 
108 IF AB=1600 THEN GOTO 110 ELSE GOTO 10 
110 LPRINT "Versus Left-handers:" LAB LHIT LAVG 
111 LPRINT "Versus right-handers:" RAE RHIT RAVG 
112 LPRINT "Total: II AB HIT AVG 
113 LPRINT 
114 COUNT=COUNT+l 
115 LHIT=O 
116 LAB=O 
117 RHIT=O 
118 RAB=O 
120 IF LAVG>RAVG THEN WROWAY=WROWAY+l 
121 IF COUNT=119 THEN LPRINT WROWAY "of the 119 go the wrong way" 
129 IF COUNT=119 THEN STOP 
130 GOTO 10 

.4 

'~'. ~. 

('.' ,,'-"'-, 
.~ :~-

.... , 



--.:... . " 

.~:( :~ ... 

~.:~~.:: 

MARKOV CHAIN MODELS, I: 
THEORETICAL BACKGROUND 

by Mark D. Pank in 

Introduction and Notation. Recently. interest in Markov chain models of 
baseball has been on the rise. Evidence is provided by my article in the initial 
Great Amencan BasebalIStat.8cxJk. a 1987 Baseball Abstract essay by Gary Skoog, 
articles by Pavitt and Boronico in previous issues of the Analyst. and presentations 
given at the SABR 1987 National Convention. In this article. I will provide (for 
what I believe is the first time outside of the academic world) the fundamental 
mathematical relationships for this type of sabermetric model. The advent of 
personal computers that are more powerful than the standard mainframe 
computer of 25 years ago and the availability of data in computer readable form 
from Project Scoresheet permit many sabermetricians to work with Markov chain 
models should they desire. The material presented here (without excessive 
notational complexities) is intended to provide those with a background in matrix 
algebra the requisite mathematical tools. Also, there is a list of references at the 
end of the article. In future articles. I plan to report on the results of my Markov 
analysis of 1986 Project Scoresheet data. 

If you are not familiar with basic matriI arithmetic-addition. multiplication, 
transposing-stop reading now. If you have a vague memory of these topics, you 
may want to dig out an old algebra book from high school or college. Some 
notation: matrices will be denoted by capital Ietters-A,B,C. .. -and numbers will 
be denoted by lower case Ie tters-xS ;L... Also, 

At - the transpose of the matril: A 
I - the identity matrix, which consists of l's down the main diagonal and 

O's everywhere else and has the property that if A is a SQuare matrix 
of the same size, then AI - IA - A. 

A-I - the multiplicative inverse of the matril: A: AA-I - A-IA - 1. 
.~ 

The presentation here follows· that in Cover and Keilers with some new 
material I have added. Howard treats the topic in a somewhat different manner 
and shows a method of determining optimal strategies. His presentation, however, 
is considerably more strenuous mathematically. 

The Basic Model. A Markov chain is a mathematical model that can be 
thought of a being in exactly one of a number of states at any time. Moreover. the 
transition probabilities of moving from a one state to another, which are the basis 
of the model computations, are dependent only upon the starting state of any 
transition, rather than upon how that state was reached. I wiII refer to this as the 
Markov chain assumption. In baseball models, the states are usually the various 
runners and outs situations. The Markov chain assumption means that we don't 
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care how we arrived at a particular situation. For example, if there is a runner on 
second and one out, the Markov chain model is not concerned about whether there 
was a walk and a sacrifice, a double followed by a pop ny, etc. This assumption 
can be relaxed, the more general model is known as a Markov process, but the 
mathematics are more complex and beyond the scope of this article. 

There are 24 possible runners and outs states, which are shown in the table 
below: 

Rynn~rs; 

None 1st 2nd 3rd 1&2 1&3 2&3 1,2,&3 
Outs; 

0 #1 #4 #7 #10 #13 #16 #19 #22 
1 #2 #5 #8 #11 #14 #17 #20 #23 
2 #3 #6 #9 #12 #15 #18 #21 #24 

I use the numbering system shown in the table, but any numbering of the 
states is permissible. Four states to account for plays on which the third out is 
made augment those in the table: 

#25: Third out made on play, no runs scored, 
#26: Third out made on play, one run scored, 
#27: Third out made on play, two runs scored, 
#28: Third out made on play, three runs scored. 

The probability of moving from one state (state i) to another (state j) is 
denoted by Pi; or Pi,;- For example, using the numbering above, P2.8 is the 

probability of going from one out and none on to a runner on second and one out, 
which in tum is equal to the probability of a double in this situation plus the 
probability of a single and one base error, plus the probability of a two base error 
plus the probability of such plays as a walk and wild pitch on which the batter 
takes second. Many of the transitions are impossible, and hence have probabilities 

_ equal to zero. The 28 by 28 matrix of all such probabilities is called a transition 
matrix, and is denoted by T. For completeness, P2S,2S - P26.2S - Pn,2S - P2!.2S OK 1, 
and all other transitions from the three out states have probability equal to zero. 
For the moment, assume that in each transition, the batter is either out or gets on 
base. That is, the batter changes. This is an important assumption because it 
affects the run scoring calculations. Later, I will discuss methods of handling 
plays in which the batter does not change. . 

Because of the properties of matrix multiplication, T2 is the transition matrix 
for sequences of two plays or batters, T3 is the transition matriI for sequences of 
three batters, etc., providing there is a string of identical batters. This assumption 
is useful for computing -average'" performance, but not for specific game 
situations. Later, what to do when the T's are not all the same will be considered. 
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Computation of Expected Runs. Let R be the 28 row by 1 column matrix 
(column vector) containing the expected or average runs scored after each state 
on one play only. Denoting the elements of R by R(O, R(2), ... , some example 
calculations are: 

R(I) ,. Pt,t R(2) ,. P2.2 R(4) '"' 2P4.t + P.f,1 + P ... 7 + P1,10 + P4.2 

R(23) - 4P23.2 + 3(P23,3 + P23 . .5 + P23,l'1 + P23,3) 

.' + 2(P23.14 + P23,t7 + P23.20 + P23,6 + P23,9 + P23,t2 + P23,27) 

+ P23,23 + P23.1~ + P23.I.5 + P23,21 + P23,26 
R(25) '"' R(26) = R(27) = R(28) = O. 

The four values of zero reflect the fact that no runs can score after any three out 
state. As the formula for R(23) shows, some of these expected value computations 
can be fairly complicated. In practice, matrix and summation notations are used to 
express the above in a compact manner, which also corresponds to how they are 
implemented on a computer. In a real sense, it is easier to setup the above 
computations in a spreadsheet than to write them down on paper! 

The key output of the Markov chain baseball model is the computation of the 
expected runs in the remainder of the inning after any runners and outs state. Let 
E be the 28 by 1 column vector containing these values. Then, 

(Equation 1) 

This equation says that the expected runs after any state is the sum of the 
expected runs after one play, the expected runs after two plays, and so on 
theoretically forever. Of course, all innings end, and for some power of T, say 
about 25 or 30, the probability of not being in a three out state is negligibly smalL 
What this means in practice is that it is necessary to compute only the first 25 or 
so terms of Equation 1. However, there is a way to write this equation more 
compactly. The following algebra is not strictly correct because we are dealing 
with an infinite series of matrices, but it does iHustrate the -trick-, and the result 
has been proven with mathematical rigor. First, note that R .. IR. Then, Equation 
1 can be transformed: 

E :a IR + TR + T2R + T3R + ••• 

,. (I + T + T2 + T3 + ••• )R 
!II (I - T)-t(I - T)(I + T + T2 + T3 + ... )R [since (I - T)-l(I - T) - 11 
- (I - T)-l(I - T + T - T2 + T2 - T3 + T3 - ... )R 
". (I - TtJIR 
,. (I - TttR (Equation 2) 
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Because no runs can score after a three out state, the equations above for eIpected 
runs can be simplified in their implementation by using only the first 24 rows and 
columns of the transition matrix T and the column vectors E and R. In fact, that @It. 
simplification is necessary to ensure that (I - Ttl eIists, which, in general. it does 
for baseball transition matrices. Vsing a spreadsheet program, such as Lotus 
1-2-3 release 2, that has matrix multiplication and inversion commands, Equation 
2 is much easier to implement than equation 1. 

Applications. Depending on the source of the probabilities in T, the 
expected runs matriI E has a variety of useful interpretations. For eIample, if T 
includes all events for a league, then E contains the average eIpected runs scored 
in the remainder of the inning after each runners and outs state. Similar values 
can be computed for teams, a team's home and road games, or for an individual 
player. In the latter case, we obtain an estimate of run scoring if that player 
batted all the time. Also. by restricting the transitions to those not influenced by 
strategies such as stolen bases or sacrifice bunts, we obtain eIpected run values 
that can be used to analyze those strategies. One problem with most of the 
eIpected runs tables that have been published is that they are based upon actual 
runs scored in major league play I which are influenced by the strategies employed 
in the games. 

Note that E( 1) is the expected runs after the no runners, no out state in which 
all innings begin. Thus, 9E( 1) is the expected number of runs per 9 innings, or per 
game. This computation is especially interesting when applied to an individual 
player's stats. It provides another way of estimating how many runs per game 
would score if he batted all the time. 

Plays tbat do not cban,e tbe batter. The eIpected runs calculations 
that are used in the matrix R, eIamples of which appear earlier, are not valid if the 
batter does not change on the play. Essentially, there is one less eIpected run for 
any given transition if the batter does not change than if the batter is changed. 
There are at least two ways to account for plays that do not change the batter. 

- One is to add eItra states and the other ~s to adjust the batter changing transitions 
to include those that do not change the batter. Both have advantages and 
disadvan tages. 

The first method calls for adding states that are the results of pJays that do 
not change the batter. Ignoring errors on foul pops, which are not relevant to 
Markov analysis, the only situations that can't be reached by a non-batter play are 
those with the bases fuB (#22-24) and the third out, three runs scored (#28). 
Hence, 24 additional states would be added, for a total of 52. Because these 
additional states occur relatively infrequently and because the fact that a play did 
not change the batter is not likely to have a significant effect on what happens 
next, the transition probabilities out of these additional states should be the same 
as those for the corresponding batter changing states. 
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The main advantage of this method is that it combines all transitions in one 
matri:x, which enables the easiest calculation of e:xpected runs values 
corresponding to run scoring in actual games. The main disadvantage is that the 
resulting matri:x is much larger, which can greatly increase the computer run time 
and may result in the need for more computer memory than is available on some 
personal computers. 

The method of adjusting the transitions to incorporate the effects of the 
non-batter plays does not enlarge the transition matri:x, but it does require 
additional computations to make the adjustments. Building on the notation used 
previously, let qi,; be the probability of moving from state i to state j in one or 

more plays that do not change the batter. An example adjustment for the no one 
on, no one out state (# 1) to the no outs, runner on second state (#7) is: 

This equation says we have to consider the possibility that the batter reaches first 
and then advances to second on a non-batter play (e.g., WP, SB), and also that the 
batter reaches second and does not leave on a non-batter play. This adjustment is 
relatively simple because no outs can be made and there are no base runners at the 

-- .. beginning, but some of the others are fairly complicated. 

.;: ... 

j\,~:::';~; 

If the main interest is in evaluating strategies, there may be no need to go to 
any special efforts to handle the non-batter plays. Because plays involving 
strategies, such as sacrifice bunt tries and stolen base attempts, have to be 
separated from those that do not involve strategies, we have to keep track of 
several transition matrices anyway. The strategy analysis typically consists of 
seeing how the strategy affects e:xpected runs before and after its application. 
Using Markov models, the e:xpected runs are those computed from strategy-free 
transitions, which with the exception of wild pitch~s, passed balls, and possibly 
balks and pick -off errors, are batter changing ones. If the e:xceptions are unlikely 
to change the results of the analysis, then the needed expected runs computations 
reduce to the basic model described earlier. 

Real batting sequences. As mentioned previously, the basic model 
assumes a series of identical batters, which is, of course, not what happens in real 
games. This has been the major criticism of the applicability of Markov models. 
It is possible to have a Markov model with different transition matrices for each 
batter. The basic idea is to modify equation 1 and use it for the e:xpected runs 
calculations because the simplification to equation 2 is no longer possible. Instead 
of powers of one transition matm T, use products of the matrices for each batter: 
TIT 2' TIT 2 T 3' etc. Also, the eIpected runs on the ne:xt play column vector R has 
to be modified for each batter. With such changes, equation 1, generalizes to 
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(Equation 3) 

An additional potential complication is that it may be· necessary to repeat the 
calculation in equation 3 for several sequences with different first batters and 
then weight the results by the probability of specific batters beginning the 
sequence. 

It is important to note that these complications are often not necessary to 
overcome the criticism mentioned above. The key is performing the strategy 
analysis assuming a uniform Sequence of outstanding batters and then repeating 
the analysis for a uniform .sequence of poor batters. If the result is the same in 
both cases, then it is the answer. For e:xample, if it doesn't make sense to sacrifice 
with a series of Wayne ToI1esons coming up, then it certainly doesn't make sense . 
for a series of Don Mattinglys or for any actual series of Yankee batters. If the 
results are not so clear cut, it may be possible to determine where between the 
two e:xtremes the break -even point lies, and then judge if the actual batters are 
above or below this point. 

Further readinl_ I hope at least some of you have read through most of the 
above and found that it increased your knowledge of or stimulated an interest in 
Markov chain models. If so, you may want to read some of he following books and 
articles, which are arranged in chronological order. 

Howard, Ronald A., Dynamic ProgflllJ1ming a.nd MarKOV Processes, MIT Press and 
Wiley, 1960, pp. 49-54. 

Cover, Thomas M. and KeiIers, Carroll W., "An Offensive Earned Run Average for 
Baseball" Operations Research, Vol. 25, No.5, Sept-Oct 1977. 

Pavitt, Charles, ·Percentage ~ball Reconsidered: Model and Method" Analyst, 
#16, Feb. 1985. 

Pankin, Mark D., • A Note About 'Percentage Baseball Reconsidered' " Analyst, # 19, 
Aug. 1985. . 

Pavitt, Charles, • A Response of Mark Pankin's 'A Note About ·Percentage Baseball 
Reconsidered" '" Analyst, #21 f Dec. 1985. 

Boronico, Jess "The Baseball Batting Sequence Problem: Problem Formulation and 
Preliminary Results" Analyst, #23, April 1986. 

Pavitt, Charles, "Percentage Baseball Reconsidered: 2. Preliminary 1984 Finding" 
Analyst, #26, Oct. 1986. 

Katz. Stanley M., ·Study of 'The Count''' J 986.Basebai1ReseucIJ JOlJf71a1 (# 15), 
pp. 67-72. An application of Markov chains to the ball-strike count. 

Pankin, Mark D., "Baseball as a Markov Chain" The Great Amenean Baseball SlIlt 
BooK (First Edition, 1987), pp. 520-524. 
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Jw ON THE RELIEF PITCHER 1 S ERA ADVANTAGE 

LE~·~~·~·· 
:"'-:.,,/ 

1. Introduction 

Given equal performance, a relief pitcher will have a lower E&~ than a 
starter. The reason is that relievers often come into a game with 
already 1 or 2 out in the inning, and fewer runs are initiated with one 
or two outs than with no outs. To see whYt consider three pitchers, 
each of whom pitches a third of an inning and gives up two walks. All 
three pitchers have identical stats, but the first pitcher is charged 
with two runs, the second with one, and the third with none; fewer 
runners score after the first or second out because there are fewer 
batters following to drive them in. The first third of an inning 
results in the ruost runs, the second fevler, and fewest runs are 
initiated with two outs. 

Just as the reliever has an ERA advantage because he corues into the 
game in the middle of the inning, the starter, or pitcher coming out of 
the game, has an ERA disadvantage because he leaves the inning in the 
middle. The reliever has the advantage because he pitches the least 
dangerous outs, the starter the disadvantage because he pitches the 
most dangerous outs. The reliever's advantage must be equal to the 
starter's disadvantage, because, if both pitchers are of esual talent, 
the same number of runs will score in the inning regardless of which 
combination of hurlers pitches it. 

What that means, is that over the course of a season, 

1. starters will have an ERA disadvantage; that is, their EP~'s will be 
higher than the league average for pitchers of their talent. That is 
because t as starters, they always come into the game at the beginning 
of an inning, but will often leave in the middle of an inning. 

2. Finishers will have an ERA advantage; their ERA's will be lower than 
the league average for pitchers of their talent. That's because they 
often enter the game in the middle of an inning but always leave the 
game at the end. 

3. ~1iddle relievers will have neither an ERA advantage nor an ERA 
-disadvantage. This is because, although they will often corue into the 

game in the middle of an inning,. thus gaining an advantage, they will 
as frequently leave the game in the middle of an inning, thus losing 
their advantage. 

2. The advantage for a situation 

We can demonstrate the effect numerically through the following chart. 
Taken from the HRun Potential by Base/Out Situation H table, it shows 
the average number of runs scoring with no runners on with 0, I, or 2 
outs: 
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0 out 1 out 2 out 
AL .518 .272 .104 
NL .462 .250 .092 

An average AL pitcher who lasts the entire inning will give up an 
average .518 runs, while the reliever who pitches three times with the 
bases empty and two outs will allow only .104 * 3 = .312 runs. The 
reliever has thus "saved" .518 - .312 = .206 runs in three appearances, 
or .206 / 3 = .069 runs in one appearance. Coming into the game with 
two out in the inning will save the average AL pitcher about a 
fifteenth of a run. (Because any runners on base when the reliever 
comes in are charged to the previous pitcher, we use the "bases empty" 
values because we are concerned only with runs charged to the 
reliever. ) 

We can similarly calculate the saving for all out situations in both 
leagues. The results are summarized in the following table: 

AL 
NL 

o out 
.000 
.000 

lout 
.073 
.058 

2 out 
.069 
.062 

An NL stopper getting the last two outs in the ninth will have saved 
.058 runSj the same stopper in the AL would have saved .073 runs. The 
AL values are higher because of that league's higher scoring. 

We can now calculate the average number of runs saved by, say, an AL 
pitcher who comes in with 2 out in the 7th and finishes the game. 
Because he saves .069 runs in 2 and 2/3 innings, his ERA savings is 
.069 / 2.667 * 9, or 0.23. That is, his ERA (for now we assume all 
runs are earned) is 0.23 lower than the league average. The 
calculation works much the same way for a starter. An NL pitcher who 
pitches 6-2/3 innings will, on average, give up .062 more runs than 
normal, and so his ERA will be .062 / 6.667 * 9 = .083 points higher 
than average. 

3. The effect for a league 

Because runs are only saved when a pitcher comes into the game in the 
middle of an inning, in order to calculate the effect for a league we 
need to know how often that happens. I therefore went through a few 
weeks worth of old box scores to tabulate the number of outs in the 
inning at the time the starter is removed from the game (complete games 
not included). The results were as follows: 

AL 
NL 

a out 
46% 
63% 

lout 
24% 
21% 

2 out 
30% 
16% 

(""~."',;......, .' .. "~.-
....... 

~ 

That is, in the AL, the starter vlas relieved with one out in the inning , ·7 

46% of the time, in the NL, the first reliever came into the game with 
no outs 63% of the time, etc. The O-out percentage is high because 
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pitchers are frequently removed between innings, the reliever coming 
in to start the next inning. The effect is even more pronounced in the 
National League, where pitchers are often removed between innings for 
pinch-hi tters. ' 

We can now calculate the average number of runs saved by a reliever 
brought into the game. On average, an AL stopper will save 0 runs 46% 
of the time, .073 runs 24% of the tim~, and .069 runs 30% of the time, 
for an average saving of 0*.46 + .073*.24 + .069*.30 = .0382 runs. In 
the NL, the figure is 0*.63 + .058*.21 + .062*.16 = .0221 runs • 

AL 
NL 

• 0382 runs/appearance 
.0221 runs/appearance 

The stopper's advantage is thus about 1-3/4 times as large in the AL 
than in the NL. 

We can now calculate the reliever's advantage for the two leagues. We 
show the detailed calculation for the 1984 AL as follows: 

1. In 1984, there were 2268 games played. Of those games, 398 were 
complete games. This leaves 2268 - 398 = 1870 games where relief 
pitchers were involved. Each of those 1870 games had the starter 
disadvantaged by .0382 runs, and the finisher advantaged by .0382 runs. 
This is a total of 1870 * .0382 = 71.4 runs difference. 

2. In 1984, there was a total of 20280 innings pitched. Starting 
pitchers accounted for 70.9% of those innings, or 14343 IP, so 
relievers accounted for the remaining 5937 IP. 

3. Relievers (as a group, including middle relievers) thus had an 
advantage of 71.4 runs / 5937-IP* 9 = .108 runs/game. Adjusting this 
figure by 8% to account for unearned runs gives a reliever advantage of 
.108 /1.08 = .100 in ERA. Starters "gained" 71~4 runs in 14343 IP, or 
.045 runs/game; adjusting for unearned runs gives .041 in ERA~ 

In summary: AL relievers 'in 1984 had an ERA advanto_ge of .10istarters 
had an ERA disadvantage of .04. Thus, a reliever's ERA, on average, 
was .14 lower than that of a comparable starter. 

.~ 

-I repeated the calculations for three other league-years: 

1984 NL 1984 AL 1985 NL 1985 AL 

runs saved/gained 37.9 71.4 37.1 72.7 

IP by starters 11988 14343 12197 13697 
IP by all relievers 5436 5937 5277 6487 

ERA rise of starters .026 .041 .025 .044 
ERA saved by relievers .058 .100 .058 .093 

Advantage of relievers .084 .141 .083 .137 
over starters 
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In summary, then, it appears that in the AL, relievers have an EP~ 
advangage over starters of 14 points, while in the NL, the advantage is 
only about 8 points. 

4. The effect for an individual pitcher . 

We were able to calculate the average relief pitcher advantage in the 
last section because we had data on (a) how often relief pitchers enter 
the game with 0, I, and 2 outs in the inning, and (b) the average 
number of runs that score in an inning with the bases empty and a given 
number of outs. For an individual pitcher, however, both (a) and (b) 
are different. There may be a different pattern of entering games for 
stoppers than for relievers in general, and the number of runs that 
score In an inning depends on the quality of the individual reliever. 
However, if we assume that (a) is the ~ame for all relief pitchers, and 
assume that a simulator program I wrote to estimate (b) produces 
reasonable results, we can proceed. Because my simulation. is not 
perfectly accurate, however, these results are only approximate. 

I present here calculations for four 1985 AL relievers. Hy simulation 
calculated bases-empty run potential values as follows: 

Hernandez 
Quisenberry 
Righetti 
Eenke 

o out 
.349 
.421 
.400 
.296 

lout 
.197 
.218 
.207 
.165 

2 out 
.079 
.079 
.072 
.065 

RS/gf 
• 019 
.033 
.032 
.018 

EB/IP 
4.7 
3.4 
2.9 
3.4 

The second last column is the calculated value of the reliever's runs 
saved per game finished. The values are lower than the AL average of 
.0382, because the relievers we're dealing.with here give up fewer runs 
than average. Because they give up fewer runs, they save fewer. Note 
also that the pitchers who give up fewer extra base hits (the last 
column shows extra bases allowed per 9 innings) have greater 
advantagesi this is because when pitchers give up runs on the second or 
third out, it's usually an extra base hit that produces them. It's 
easier to score a run with two outs on a home run, which comes as 
e~sily with two outs as with none, than to string 3 singles together 
for a run, all with two outs. Henke'i runs saved is lower becausa he 
gives up so few runs in the first place. 

We now calculate the advantages, based on games finished (after 
subtracting games started, where the disadvantage cancels the 
advantage of a game finished) and innings pitched: 

gf-gs rs/gf Runs 
I:22 

IP Advantage 
Hernandez 64 .019 I06.2 .10"(.095) 
QUisenberr:l 76 .033 2.51 129 .17 ( .16) 
Rishetti 60 .032 1.92 107 .16 ( .15) 
IIenke 22 .018 0.40 40 .09 (. 08) 
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Multiplying the first two columns together gives the total runs saved 
for the seasoni dividing by IF and multiplying by 9 gives the advantage 
in runs per 9 innings, which is listed in the last column. The 
bracketed number is EP~ advantage, obtained by assuming 8% of the runs 
saved are unearned. 

The advantage given is advantage over an esuivalent middle reliever. 
To estimate how much higher a particular reliever's ERA would be if he 
were a starter, we simplify the calculations by assuming that as a 
starter he'd pitch twice as many innings as he did as a reliever, and 
have one third the number of starts. His ERA disadvantage as a starter 
is thus one-sixth his advantage as a reliever (since his number of 
appearances is one-third as great and the runs saved are spread over 
twice the innings) f and his EP~ advantage as a reliever rather than a 
starter is 7/6 the advantage listed above. 

5. Comparison with an earlier study 

Bill James, in the 1977 Baseball Research Journal, published a study on 
this topic. Bill's study was an empirical comparison of pitchers of 
the 50's and 60's; he divided both the starters and relievers into 
groups based on their hits and walks allowed per 9 innings, then 
compared similar groups of starters and relievers to gauge the ERA 
difference. In every group, the relievers had lower EP~'s than the 
starters; the average difference was 20 points. Bill attributed this 
difference to the same inherent relief-pitcher advantage we have just 
discussed. 

The 20-point difference is substantially different from the 8.3 point 
difference the above calculation indicated for the NL (Bill's result is 
compared to the NL results because of the non-DH conditions of Bill's 
study) • Some reasons I thought might be possible: 

1. Selection of pitchers for the James study - Bill included in his 
study only relief seasons of 100 or more innings pitched, and 90% of 
appearances in relief. I thought this might bias the study toward 
stoppers, who, because they finish more games, would have a greater 

, advantage. I decided to test this possibility by calculating the 
-advantage only for 1984-86 relievers satisfying the criteria: 

1984-86 NL 
1984-86 AL 

innings 
3032 
2833 

GF 
983 

1006 

ERA adv 
.060 
.113 

league adv 
.058 
.097 

The results, however, are fairly close to the league averages; it 
seems that Bill's selection criteria did not appreciably alter the 
results, unless patterns of reliever appearances then were different 
from now. 

2. Intentional walks - Bill, in his study, did not differentiate 
between intentional and unintentional walks. However, relief pitchers 
tend to issue about half an IBB more per 9 innings than starters (here, 
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relievers were considered those with more than half their appearances 
in relief) : 

1984 NL 
1985 NL 

starters 
.20S ibb/9ip 
.218 

relievers 
.71S 
.791 

If intentional walks are less valuable then unintentional walks, then 
relief pitchers, who give up more IBB's, are being compared to 
starters who should be expected to give up more runs because their 
walks are unintentional. In Bill's study, the average ERA difference 
between starters who were O.S BB/9 IP apart was about 14 points. If an 
IEB is worth, say, SO% of a normal walk, then we could attribute SO% of 
the difference, or 7 points, to the dissimilarity of the starting and 
relief groups, and Bill's 20-point advantage would be reduced to about 
13. The SO% figure is an examplej I don't know what the correct figure 
should be. 

3. Random chance - Because the 63%-of-relievers-come-in-with-no-outs 
figure was obtained from a small sample, there is inherent random error 
in it. The standard error of that 63% estimate (I'll treat it as if it 
were a strict random sample, even though it wasn't) is about 3%. A 95% 
confidence interval is therefore about 63% plus or minus 6%. 
Splitting the extra 6% between the l-out and 2-out cases would lead to 
a difference of about 1-1/2 points. 

6. Notes 

The three-pitchers-each-giving-up-two-walks example is Bill James', 
from his earlier study ••• The Run Potential table is from Sabermetric 
Review, July '87j it applies to 1986 scoring patterns, but I applied it 
for 1984 and 1985 anyway ••• Elias was the source for the division of 
innings pitched into by starters and by relieversj the percentages were 
given under the league pitching boxes in the pitching stats sections 
(1985 Elias p. 311, 1986 p. 305) ••• The sample size of the 63% estimate 

was 254 games. 

-- Phil~Birnbaum 
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HOMERUN MISCELLANY 
by Stephen Roney 

With all the fuss over the beefed up ballt I thought it would be interesting to look at an 
indicator which has received little attention, the number of players hitting large numbers of 
homers for the first time. Indeed, 1987 did set records for the most players hitting 20 and 30 
homers for the first timet but fell short of the record for players hitting 40 for the first time. 
The top ten years in each category, with the number in parentheses indicating the number of 
players who never !'!: ... ci1ed that level again: 

20 homers 30 homers. 40 homers 
1987 25 1987 17 1953 6 (3) 
1973 22 ( 6) 1977 10 ( 6) 1987 4 
1977 20 ( 4) 1986 7 (4) 1961 4 (4) 
1986 17 ( 5) 1969 7 (3) 1979 3 (2) 
1982 17 ( 3) 1979 6 (3) 11 wi th 2 
1969 16 ( 2) 1970 6 (3) 
1964 16 ( 6) 1964 6 (1) 

1961 15 ( 4) 1950 6 (1) 

1970 14 ( 9) 1929 6 (2) 
1962 14 ( 9) 82/66/48 5 

Of courset we cannot tell yet how many- of this year's first timers will repeat. 

493 players have hit 20 homeruns in a single season since 1900, 1795 times. Two of those 
players were before 1920 {i.e.t dead ball era} and an additional six players hit 20 before i 900. So 
we have 491 players since 1920,493 since 1900 and 499 total. In any casel 1988 or possibly 1989 
should yield the 500th player to hit 20 homeruns in a single season. 

To date, 197 players have hit 30 homeruns in a single season, 549 timesl so we will shortly 
get the 200th player to hit 30. Sixty-three (32r~) of those had never hit 20 prior to that season. 
Six of those CW.Clarkt H.Johnson, M.M cGwire I M .Nokest LSheets and R.Sierra) were from 1987. 
Five of the 63 players never hit even twenty homers again (G.Crowet I.Goodmant T .Harpert 
Dv.Johnson and W.Marsham. 

22% hit 30 the year after first hitting 20, 17% hit 30 two years after first hitting 20. The 
average for all players who hit 30 is 1.9 years after they first hit 20. 

87 (44%) neve!" hit 30 againt although 24 of those still have reasonable chances. So 63 of 17? 
(36%) never hit 30 again. 

In 1987 t Ruben Sierra tied Jimmie Foxx as the sixth youngest to hit 30, trailing MOtt, 
TConigliaro, FRobinson, TWilliams and HTrosky. Canseco and Incaviglia are 10 & 11 on this listt 
after EMathews & BHorner. 

60 players have hit 40 homerunst 138 times. 34 only once <including, of cours~, the four first 
timers from i 987). The 26 players who hit 40 more than once average 466 homers lifetime, and 
only Ted Kluszewsl<i failed to hit 300. 

Although McGwire was the first rookie to hit 40 hom erst nine players were younger than 
McGwire when they hit 40 for the first time. The nine averaged 505 homeruns: Ott, Mathewst 
Bencht DiMaggio, Killebrew, Jackson, MaYSt Aaron and Trosky. Only TroskYt with a health 
shortened career had less than 350 HR (228). The next twelve are no slouches either: Cepeda! 
Gehrigt pAllen, Bankst Foxxt Kiner, Klein, Mantle, Colavito, Rice, Ruth and McCovey. 

33 of the players had never hit 30 before hitting 40t and 10 had never hit 20. The average 
player who hits 40 does it 1.67 years after hitting 30 and 2.95 after hitting twenty for the first 
time. The average player who hits 40 twice does it the first time i.0 years after hitting 30 and 
2.35 after hittirig twenty for the first time. . 

Andre Dawson is the third OLDEST player to hit 40 for the first time, beat out by Hank Sauer 
and Cy Williams. 

MOS1 homer-uns never hitting 20: Ron FairlYt 215 
Most homeruns never hitting 30: Al Kalinet 399 
Most homeruns never hitting 40: Stan Musialt 475 
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HITTER CONTROL VS. PITCHER CONTROL 

by Russ Ragle 

This article is in response to theJdea suggested by Bill James in the introduction to 
ANALYST #32 on attempting to determine to what extent each unit of run production is 
hitter-controlled and pitcher-controlled. The source tbat I used for this research was 
THE GREAT AMERICAN BASEBALL STAT BOOK. Before presenting my findings let me 
explain briefly what I did • 
. ' I found all players, or almost all players, who had more than 830 plate appearances 

over the three seasons covered in the STAT BOOK (1984-86). I think I missed a few 
players who came up in 185, but I got most of them. This study includes 219 players. 
For each I recorded the number of hits, doubles, triples, homeruns, stolen bases, walks, 
strikeouts, sacrifice hits, sacrifice fIles, and times hit by pitch during the three years. 
Then, as Bill suggested, I calculated the standard deviation for each category. 

I then repeated the above procedure for pitchers, finding all who had faced more 
than 830 batters during the three-year period. There were 198 such pitchers, although 
it's again possible that I missed a couple. I calculated the standard deviation for each 
category for pitchers also. 

I wasnlt sure where to go at this point. The upper bounds of the data samples were 
qulte different for pitchers and hitters, as you would expect. Juan Samuells 1992 plate 
appearances were the most by any hitter, while Bert Blyleven led all pitchers with 3333 
batters faced. If I tried to define a range like Bill suggested, however, such as those 
with 1400-2000 plate appearances or batters faced, this created a different problem. 
This range included all of the top hitters but excluded most of baseball's best starting 
pitchers, who all faced far more than 2000 hitters over the past three seasons. Leav.ing 
out these pitchers would seriously distort the results. \ 

There is a solution to the problem. Unfortunately, it would take a great deal of 
time. While three-year totals work fine for hitters, two-year stats would seem to be 
preferable for pitchers. This would enable pitchers and hitters to be compared within 
the same range of plate appearances without having to delete most of the top pitchers. 
The problem here is that the STAT BOOK gives three-year totals only. And I donlt have 
access to any other source for stats such as the number, of doubles, triples, sacrifices, 
etc., allowed by each pitcher. . 

Another alternative, and probably the most practical, would be to compute four or 
five-year totals for the hltters, putting them in the same range as the pitchers as far 
as plate appearances go. This would take a great deal of time, but at least the 
information would be easy to find. In fact it's all in the first section of the STAT 
BOOK. 

As Bill wrote in the ANALYST, however. we have to start somewhere. At this point 
11m not sure which direction to go in. So, since I have data for 198 pitchers and 217 
hitters. I have used all of the players in comptling the chart on the following page. 11m 
quite aware that this may not be the most accurate method to u'se because of the 
different sample sizes. but I stlll feel that itls more accurate than omitting so many of 
the game's top pitchers. Five-year totals for· hitters may be the answer, but I'm not 
sure enough at this point to take the time to do it. 

I still have all of the data for this study on floppy disks, and I would be glad to hear 
from anyone with an opinion on what direction to take next. I would also be happy to 
send to anyone interested in contlnuing this research on their own a printout of all the 

. data. Or if you have an APPLE computer I would be willing to copy it on a disk 1£ you 
provlde one (5.2511

), My address is 1212 Park Avenue, Salisbury, NC, 28144. 
The results from my research thus far are presented on the following page. 
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CHART I: HITTER CONTROL VS PITCHER CONTROL 

AVERAGE PER 1000 STANDARD DEVIATION % DETERMINED BY 

CATEGORY HIllERS PITCHERS HITIERS PITCHERS HIllERS PITCHERS 

HITS 261 23.3 21.0 47% 
-------------------

DOUBLES 46 39 8.4 6.7 44% 

TRIPLES 6.7 5.7 4.3 2.2 34% 

HOMERUNS 26.4 21.3 15.6· 6.1 72% 

WALKS 97 85 36.2 21.1 63% 37% 

Sl'RIrEOOTS 149 150 48.7 36.9 57% 43% 
-------------------------------------- ,---
STOLEN BASES 22.4 19.9 26.5 8.8 75% 

SAC. HITS 6.7 9.5 7.0 4.2 62.5% 37.5% 

SAC. FLIES 8.5 7.4 3.2 2.8 53% 

HBP 5.2 7.4 5.0 2.7 

One thing that should definitely be mentioned concerns the data for sacrifice hits. In 
the National League pitchers make most of the sacrifices, and pitchers are not included in 
the data above. That/s an adjustment that must be made somehow, somewhere along the 
line, in refining this data. I though about omitting the row for sacrifice hits above 
because of this, but I decided to leave it since this is an initial effort that is intended to 
be improved upon. ,~ 

The chart is self-ex planatory, I think. The first column gives the category. The second 
and third columns give the average per 1000 plate appearances for that category for both 
hitters and pitchers. The next two columns give the standard deviation for each category 
for both hitters and pitchers. And the last two columns, which are what this study is 
about, tell what percentage of each category is hitter-determined and w~at percentage is 
pitcher-determined, based on the standard deviations. 

It comes as no surprise that stolen bases and homeruns are the two categories that are 
contolled the most by the hitter/baserunner. It's also no shock that the hitter has more 
control in all events. In fact I don't think I see anything in CHART I that I didn't expect 
to. ' 

One interesting and helpful extra to come out of this research was the list of averages 
per 1000 plate appearances for so many pitchers and hitters. You can see a lot of things in 
these lists that you may not have realized, particularly with players about whom you aren't 
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too famlllar. By using the SORT function on my spreadsheet, I have prepared the lists that 
appear below, giving the best and worst performance in several categories for both 
pitchers and hitters. Remember, thes..e ar~ based on th.??.Y.ears 1984-1986, and do not 

'..include the 19Si seas'on: An"';~t('e e;pr~'ised as IIper 1000: plata, appearances.1t 

• 4', ... ~ ... ::'.-•• ~.: .: ,', ...... ~ .. ;, ;:;.~ ..... ~ •• 

:. f 

::': ,~. 

j _ DOUBLES'~" " 

. ........... c. 
.. ' .. '.~. ..... . \. 

. ., HIT~ERS 
".l ..... 

HITS 
',',( ... M~ttl~9l y.,. 73,·;:-; .. ,·:~",:itt:B~~~s~ ;':.:,' .~;. -345 

:;'. Mu 1 11 n 1 ks·,· 65. :., -.;!:::., Matt ing'·l y'~':' 331 
. .' .. ->" Boggs .'- .:-:;.;.' 64' :'". ._. Gwynn ;:>;>~: • i.·;. 328 
" ,"., . Me 1· Hall ",; 63·' -~' .:-. .Rarnes 1)3~ .L~:: 317 
~:f,::~;.·<~.:~"B.r~t~ .. - .'"~ ,~6~_."· :.~~':;K. Hern_~.f!.~~'~ 305 
:< .. ,'L ·Toll·enson: .. · "29, :Wi.l.fong""/·'~ 213 
;;""";:".j.:;: \.~~\Wiqglns· "'c'-. 28 Schofield 211 

Cofeman ,:' 26 G.Wright,.",' 210 
Gut i errez -.·:-:t~·22 ~:".' .>. Ju 1 io~-Cruz" 209 

1";- ;;;:; S Ju n 0 'Cruz· .. · 19 G. Thomas 195 

STOLEN BASES 

Coleman 173 
Henderson 139 
Redus 121 
Raines 119 
Pettis 109 

. TKennedy 0 .7 
Ba 1 bon i 0.6 
C.Johnson 0.0 
Nettles 0.0 
McCrae 0.0 

DOUBLES 

D .Smi th 20 
D.Moore 22 
Lamp 23 
Cl ear 25 
Gossage 25 

Butcher 52 
Eckersley 53 
Ladd 54 
McWilliams 56 

, Pastor:-e 59 

-STOLEN BASES 

Lynch 4.6 
McWilliams 5.8 
Terrell 6.0 
Candelaria 6.7 
Stanley 6.8 

J.Niekro 40 
Palmer 42 
CI ear 43 
Burne 49 
Youmans 62 

STRIKEOUTS 
----------
O.Smith 47 
Gwynn 48 
Buckner 55 
Mattingly 55 
Ray 58 

Kittle 271 
Esasky 277 
R.Jackson 277 
G.Thomas 279 
Balboni 287 

PITCHERS 
HITS 

Youmans 163 
Clear 164 
Fernandez 180 
Orosco 184 
Jose DeLeon 184 

Lynch 265 
Neves 269 
Butcher 271 
Schulze 275 
Welsh 278 

STRIKEOUTS 
----------
Gooden 251 
Clear 245 
LSmi th 243 
KHowell 243 
Ryan 243 

Slsk 91 
Cocanower 87 
Thurmond 87 
Romanick 83 
Welsh 75 
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HOMERUNS 

Schmidt 64 
Kittle 63 
Da~. Evans 60 _ 
Balboni· ·59: 
Strawberry' 58·0;:::- + 

Wiggins 2.5 
Backman 2.2 
Rose 1 . .9 
Wi 1 kerson 0.9 
Coleman 0.8 

WALKS 
-----

Harrah 207 
J.Clark 192 
GMatthews 188 
G.Thomas 184 
Dar.Evans 178 

CReynolds 35 
A.Griffin 35 
Gutierrez 33 
D.Garcia 26 
Gu ill en 23 

HOMERUNS 
--------
Sisk 4.1 
FWi Iii ams 7.2 
Clear 7.9 
2Sml th 8.1 
Tekulve 9.6 

Ladd 34.7 
Cowl ey 35.2 
Schrom 35.7 
Martinez 35.9 
Wegman 38.5 

~ 

WALKS 
-----
Quiz 37 
Lynch 42 
Eckersley 45 
Guidry 46 
Saberhagen 47 

Youmans 135 
Lollar 138 
TStoddard 139 
Correa 146 
Clear 177 
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