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Introduction


This chapter focuses on the impact of the situation on baseball performance.   One situational factor has long been taken for granted, what I call the “standard platoon differential,” in which batters perform better against opposite-handed pitchers than when facing the same-handed.  Batting average against same- versus opposite-handed pitching is an example of what has come to be called a “breakdown statistic.”  These were a feature of some of Bill James’s early Baseball Abstracts, subsequent books such as the Great American Baseball Stat Books of 1987 and 1988, the Elias Baseball Analyst series of annuals that lasted from 1985 to 1993, and the STATS Player Profiles until that publication was discontinued after 2002.  Other situational breakdowns have become common in media presentations of the game; most notably that batter Schmo has hit for such-and-such an average against pitcher Schmidlap.


Early work supported their perceived importance.  For example, Davis and Harvey (1992) looked at 1989 batting and slugging averages for 300 position players with at least 160 plate appearances that season and noticed consistent performance decrements in various “late inning pressure situations” (7th through 9th innings, score tied or batter’s team three or less runs behind or four runs behind with bases loaded) than otherwise, with these differences unaffected by age or experience.  Keck (1970) noted that, during 1969, day games resulted in higher batting averages (.258) and fewer strikeouts per at bat (16%) than night games (.244 and 17.4%, respectively).  In the 1984 Baseball Abstract (pages 260-262), Bill James used American League 1983 data to demonstrate that, at least that season, both high strikeout and high walk pitchers had substantially lower ERAs at night than the day, with the combination of the two (e.g., Nolan Ryan) differing by almost a run.  

After only a few years after situational breakdowns began to be readily available, it became evident that they weren’t everything they had been cracked up to be.  Although Paul Schwarzenbart's (1984) examination of four seasons of data (1973, 1976, 1979 and 1980) showed lower ERAs (4.19 versus 4.38), BAs (.260 versus .263), SLGs (.379 versus .386) and walks per nine innings (3.23 versys 3.27) to be lower at night than day, strikeouts per nine innings (1.52 versus 1.50) wwre not, and Paul concluded that all of these difference were insubstantial.  Gene McCaffrey (1987) looked at the records of 117 hitters and 59 starting pitchers for 1985 to 1987 and noted no consistent pattern implying that clutch hitting or pitching as defined by Elias and the Project Scoresheet workers (seventh or later inning, close score) was anything different than hitting or pitching in other circumstances.  It was clear that there were no simple answers for this issue.


Nonetheless, it was clear that at least some differentials in breakdown statistics existed.  The issue was what a performance differential indicated.  There are several possibilities, which Jim Albert discussed in various publications that will be mentioned below.  

1 – There is a general situational effect such that players are generally better in one circumstance than another. Using the standard platoon differential as an example, this possibility implies that most batters are better at hitting opposite-handed pitchers than same-handed.  

2 – There are substantial differences among players, such that (continuing the example) some batters are consistently better against opposite-handed pitchers, others are generally better against same-handed pitchers, and still others similar no matter the handedness.  

3 – There is a type of player for whom the hypothesized effect is real and another type for whom it is not.  It makes sense to propose that the standard platoon advantage is real for left-handed batters given that, even playing regularly, they do not have a lot of experience batting against the less prevalent left-handed pitchers, whereas it does not exist for righty hitters because they get enough practice batting against righty pitchers.  

Complicating matters is that these possibilities may combine, such that a real situational effect (better hitting against opposite-handed pitchers) is accentuated or lessened depending on either player type (left-handed versus right-handed batters) or specific player talent.


A further wrinkle occurs when looking at the overall distribution of the proposed impact; for example, the pattern of the differences between hitting against same- and opposite handed pitchers.  Under the first possibility above, there would be little variation among batters; under the second and third or the various combinations, there would be a lot.  The next question is the shape of that variation.  If the distribution of differences between same- and opposite-handed pitchers was substantially different than the normal distribution, lacking that familiar bell curve pattern, there is evidence that there is something interesting going on. However, if that distribution does approximate normality, it could mean either one of two things: 

1 – There is nothing there and the hypothesized difference is in actuality random, such that there is no real effect for pitcher handedness

2 – There is a real talent difference among players that just happens to be randomly distributed among them. In that case, one needs to examine whether player performance correlates positively from year to year. If Player A consistently hits better against opposite handed pitchers from season to season whereas Player B does not, then there is an argument for real distinctions among players no matter what the distribution of data looks like. 

In fact, one player showed no difference in batting average regardless of the pitch count throughout Jim Albert’s (1994) data set to be described below; Tony Gwynn.  Interestingly enough, in a study of hitting streaks that I did (Pavitt, 2002, 2003), Gwynn was the most consistent player week-to-week.  It is hard to believe that Gwynn’s consistency across time and situation is not a mark of his very special singles-hitting skill. 


Analogously, if the distribution differs from the bell curve, there are at least two possible implications; the data could indicate either an overall situational effect with random differences among players or a true ability impact.  The latter means that some players are better served by platooning than others; the former means that all players are equally served (either well or poorly) by platooning (Albert, 1994, attributed this distinction to Bill James from a personal communication between them).  It is true that non-random distributions of differences increase the odds that we are talking here about ability effects.  Always keep in mind that whether there are situational impacts or whether there are inherent player differences are two different, even if potentially overlapping, questions.

The definitive study in this area, and one of the classic sabermetric pieces of its time, was Jim Albert’s (1994) examination of the following offensive breakdown statistics:

1 –  The standard platoon differential, with the expectation that performance is better against opposite-handed pitchers because breaking pitchers move toward rather than away from the batter.

2 – At home versus away, with the expectation that home-field advantage favors the batter.

3 – Playing day games versus night games, with the expectation that day games mean better sight of the ball and so better batter performance.

4 – Ahead in the count versus two strikes, with the expectation that batters are more likely to get “fat” pitches when ahead, improving performance.  Ahead in the count was limited to fewer than two strikes so that Albert would not have to worry about classifying three-and-two counts.

5 – Playing on artificial turf rather than natural grass, because, after bouncing, the ball moves relatively faster on turf.  This led to the expectation that infielders would be unable to field as many ground balls on turf as on grass, inflating batting averages.

6 – Groundball- versus flyball-tendency opposition pitchers; Albert had no expectation one way or the other although, as we shall see, others had already weighed in on this.  

7 –  Runners in scoring position versus no runners/no outs, again to clearly distinguish the categories.  Albert had no expectation about this either.

8 – Pre-All-Star Game versus Post-All-Star Game, the traditional “half-way point” of the season; again, no expectation.


Jim first (1994) looked at the distribution of breakdown differentials in batting averages for 154 players with data in the 1993 Player Profiles, and then (Albert and Bennett, 2001, Chapter 4) a larger replication including 1994 through 1998 allowed for distinguishing randomness from situational effects.  Across the two studies, there appeared to be only random differences for grass versus turf, day versus night, and pre- versus post-All-Star game performance.  In contrast, the median difference was significant for the following BA breakdowns:

1 – Home higher than away, by 8 BA points in the first study and 12 points in the second.  

2 – Groundball opposition pitchers higher then fly ball, by 11 and 12 points in the two studies.

3 – The standard platoon differential, by 20 and 15 points.

In all of these, the distributions of differences in the second study were approximately normal, implying a real effect that differed among individual batters.

4 – Ahead in the count versus behind, a whopping 123 and 158 points; and, in the second study, the difference was noticeably greater for batters with high than low strikeout rates.  

Others worth mentioning:

5 – Runners in scoring position versus no runners/no outs, in both studies there were no overall differences, but in the second study Jim computed a correlation of .125 when comparing 1998 with 1994-1997 combined.  This meant that batters were at least a bit consistent over time in their ability or lack thereof to hit better with runners in scoring position, providing evidence for individual ability differences.  Further, as reported in the 2001 book and based on 1985-1993 data, there as a more subtle difference Jim missed earlier; BA was 7 points higher with runners in scoring position than bases empty but 14 points lower with runners in scoring position than first base only.  

6 – In the 1985-1993 data, late inning pressure situations (7th inning or later with scored tied or batter’s team trailing by three or less runs, or four runs with bases loaded) resulted in relatively worse performance with runners in scoring position relative to the other options across the breakdowns, adding up to 14 points across the board.  

7 – In the 1985-1993 data, batting averages were 4 points lower when leading off than when not.


See Phillip Yates (2008) for contributions with similar findings for several of the breakdowns already introduced.  
In the following pages, I will cover in detail research relevant to a long list of situational breakdowns, organized approximately in order of the extent to which each appears to reflect a real difference rather than a random process. 

The Breakdown that Matters the Most: The Count

Given Count Overall and Conditional Probabilities


I begin with the most basic information; how often each count occurs.  Here are proportions I computed based on raw figures compiled by Mike Fast (2008) for the 2007 season:

	0-0
	15.9
	1-0
	10.2
	2-0
	  3.7 
	3-0
	  0.2

	0-1
	12.5
	1-1
	12.0
	2-1
	  7.5
	3-1
	  3.2

	0-2
	  5.7
	1-2
	10.6
	2-2
	10.8
	3-2
	  8.0


Note that the least probable counts are those with the most extreme differences between the numbers of balls and strikes; 0-2, 2-0, 2-1, and, in particular, 3-0.  As there are multiple pathways to the more probable counts, the progression through the count can be complicated.  On the next page are the probabilities of those progressions, provided by Lee, Lee, Suk, and Sim for 2015 through 2018 via Markov process analysis (2024).
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The transition percentages (represented by the arrows) are conditional probabilities; the odds of advancing to a given later count given the present count.  Those transitions leaving from any present count will sum to 100.  For example, given the first pitch (0B0S), the most likely outcome is a strike (0B1S; 49.9%), followed by a ball (1B0S; 39.2%), and finally by either by some form of out (O; 6.9%) or by the batter reaching base (R, including homers; 4.0%).  There is no such limitation on the later count, so for the two paths to to 3B2S, 3B1S transitions to 3B2S 48.1 percent of the time and 2B2S transitions to 3B2S 39.5 percent of the time.  A little algebra tells us that these translate to 3-2 coming from 3-1 55 percent and 2-2 45 percent of the time.  The chart fails to show how often foul balls occur.  A foul occurring with no and one strike are included in the chart, as a foul adds another strike to the relevant transition probability.  However, a foul with two strikes is not accounted for, as the plate appearance continues with no change in count.  (To present this situation in this sort of chart, an arrow that circles back to the same count can be drawn, with its relevant probability of occurrence.)  In summarizing the chart, more strikes(balls) meant that most likely the next pitch was a ball(strike).  

For the sake of comparison, here is an analogous example from thirty years earlier from Stanley Katz (1986; 11,000 pitches from that season):

	Count
	Next Pitch Ball
	Next Pitch Strike
	Next Pitch No Change
	Outs on batted balls
	Hits

	0-0
	.432
	.425
	
	.095
	.048

	0-1
	.413
	.379
	
	.145
	.063

	0-2
	.486
	.164
	.162
	.139
	.049

	1-0
	.372
	.432
	
	.130
	.066

	1-1
	.376
	.398
	
	.158
	.068

	1-2
	.357
	.180
	.218
	.176
	.069

	2-0
	.367
	.435
	
	.129
	.068

	2-1
	.282
	.402
	
	.212
	.105

	2-2
	.283
	.174
	.257
	.197
	.089

	3-0
	.368
	.598
	
	.010
	.026

	3-1
	.344
	.374
	
	.177
	.105

	3-2
	.211
	.152
	.258
	.277
	.101


Note that back then, there were more strikes and fewer balls in play, an indication that strikeouts were lower.  Stanley also included two-strike fouls; see how the rate increased with more balls, an indication that batters reaching those counts were making better contact.  


The following table, offered by John Dewan, Don Zminda, and the STATS crew (1990, p. 241), presents the probabilities of the most basic plate appearance event for each count in the American League in 1988; National League data for that season is almost identical (see Katz, 1986, for an analogous table based on more than 3,200 plate appearances and 11,000 pitches during the first two months of 1986):

	Count
	Ball
	Taken Strike
	Swinging Strike
	Foul
	In Play
	Total Not Balls

	0-0
	43
	25
	  8
	11
	14
	57

	0-1
	44
	11
	  9
	16
	20
	56

	0-2
	50
	  4
	11
	16
	19
	50

	1-0
	35
	21
	  8
	16
	20
	65

	1-1
	37
	11
	10
	19
	23
	63

	1-2
	37
	  4
	13
	21
	25
	63

	2-0
	33
	25
	  6
	15
	21
	67

	2-1
	29
	11
	  9
	22
	29
	71

	2-2
	29
	  4
	12
	25
	30
	71

	3-0
	38
	54
	  1
	  3
	  4
	62

	3-1
	29
	15
	  7
	20
	29
	71

	3-2
	23
	  4
	10
	27
	36
	77


This table is instructive in several ways, most not at all surprising.  First, we see how willing a pitcher was to throw a ball with an 0-2 count and how unwilling the pitchers appeared to be at 3-2.  Second, batters were happy to take in any count with no strikes, including the first pitch, and felt forced to swing with two strikes.  Third, we also see the high proportion of balls in play with two strikes, which is consistent with Bickel and Stotz’s (2003) finding that hits per strike were higher two strike counts than on pitches with fewer than two strikes. Other examples of event probability work are Tom Tango's 2010b diagram prepared by Josh Maciel for 2006 to 2010, which also includes wOBAs for PAs ending at each count; Sky Andrecheck's 2009i table based on 2007 Retrosheet data; Dan Fox aka Dan Agonistes (2004), for 2004 games through June 2 using Retrosheet data supplied by Dave Smith; and Dan Fox under his Dan Agonistes alias (2004) comparing 3-2 with other counts; and Jim Albert's (2018d) diagram with swing and whiff rates for 2018.

Dave Smith (2007), using the 1998-2006 (excepting 1999) seasons from the Retrosheet data set, listed linear weights per 500 plate appearances following different possibilities for first pitches: swinging strike, –28.1; called strike, –20.1; foul ball, –16.0; ball in play, 13.6; ball, 16.3; and hit by pitch, 156.8 (which is so high because it always ends the PA while putting a runner on first).  Another interesting tidbit Dave uncovered were linear weights per 500 plate appearances for PAs lasting different numbers of pitches.  Looking at a diagram in Dave’s paper, PAs appear to have ended early when the batter sensed a pitch he could clobber (1 pitch, linear weight per 500 PAs of about 15; 2 pitches, about 10).  In contrast, when the PA lasted a couple more pitches, the pitcher took charge (3 pitches, worse than –10; 4 pitches, almost –15).  After that, results improved for batters almost linearly (5 pitches, about –5; 6 pitches, a bit more than 0; 7 pitches, more than 10; 8 pitches, more than 15; 9 and 10 or more pitches, almost 25; see Jim Albert, 2014e for a similar study with analogous findings).  
Performance When Plate Appearance Ends at Given Counts

I turn next to batter performance at different counts.  Earnshaw Cook (1971) was likely the first analyst to examine of the effect of the count on plate appearance outcomes.  As with most of his other work, the data he really needed were unavailable, and so he estimated probabilities based on the data he had and a set of stringent assumptions.  As with his other work, while of no present value, its historical importance merits inclusion herein as this chapter's Appendix 1.  The data Cook needed became readily available beginning with Project Scoresheet in the mid-1980's, and two types of relevant studies soon appeared.  One type presents performance data for outcomes in which the plate appearance ends on the next pitch, while the second type measures subsequent performance at the end of the plate appearance given that specific counts were passed through at some point during it (an early example was Pete Palmer, 1977; the result for a batter taking a ball, a strike, and then singling would be included under 0-0, 1-0, and 1-1).  The difference between the two is quite stark.  Here is one of the earliest relevant presentations, from John Dewan, Don Zminda, and their associates at STATS (1990, pages 64-65); the first three columns present slash indices for PAs ending on the next pitch, the last three for PAs when the count was passed through.
	
	Ended on Next Pitch
	Passed Through

	Count
	BA
	OBA
	SA
	BA
	OBA
	SA

	0-0
	.313
	.313
	.470
	.254
	.320
	.375

	0-1
	.304
	.309
	.440
	.229
	.269
	.331

	0-2
	.161
	.168
	.224
	.177
	.206
	.249

	1-0
	.307
	.310
	.465
	.267
	.372
	.400

	1-1
	.305
	.306
	.449
	.236
	.301
	.347

	1-2
	.172
	.177
	.237
	.185
	.230
	.262

	2-0
	.324
	.333
	.508
	.285
	.491
	.436

	2-1
	.311
	.311
	.474
	.254
	.382
	.384

	2-2
	.191
	.193
	.272
	.201
	.294
	.291

	3-0
	.372
	.927
	.631
	.291
	.729
	.449

	3-1
	.332
	.664
	.534
	.278
	.579
	.437

	3-2
	.225
	.458
	.340
	.225
	.458
	.340



Note that when the plate appearance ended on the next pitch, the odds of getting a hit were relatively unaffected until there are two strikes or a 3-0 count, but when the count was passed through on the way to the plate appearance’s completion, being behind or even in the count was disastrous for the hitter.

I have included in Appendix 2 the following examples of research on batter performance when the plate appearance ends with the next pitch; Don Malcolm and Sean Lahman (1999; OPS for 1997 and 1998), John Walsh (2008a; expected Batting Runs for 2007), Jim Albert (2010b; for 20 pitchers, the 2009 proportion of batted balls in play including homers [ignore the table's label] and the proportion of these batted balls that became home runs and ground balls [again, ignore the table's label]; and Dave Smith (2007; BA, OBA, and SA for 1988 through 2006 excepting 1999 from Retrosheet. Jim Albert’s data are more nuanced, with counts more favorable to the batter resulting in more pitches hit, fewer ground balls, and more home runs.  Appendix 3 features extremely detailed data from Mike Fast (2008) on outcomes and hit types for 2007 (see Jim Albert's 2014a for a similar analysis; there is a big discrepancy at 3-0 between their analyses as Jim's are far lower).  

Russell Carleton (2008e), based on a suggestion by Brian Bannister (one of the first major leaguers to take sabermetrics seriously) that batters are more likely to make bad decisions and take weak swings in pitchers’ counts, used Retrosheet data to examine batting average on balls in play between 2003 and 2006 at the count at which it occurred.  Derek Carty performed the same analysis for 2008 up to (I assume) his July 30, 2010 webpost:
	Count
	BABIP
	Count
	BABIP
	Count
	BABIP
	Count
	BABIP

	0-0
	.2965
	.311
	1-0
	.3027
	.311
	2-0
	.3045
	.322
	3-0
	.3112
	.336

	0-1
	.2908
	.300
	1-1
	.2978
	.310
	2-1
	.3053
	.314
	3-1
	.3119
	.312

	0-2
	.2856
	.288
	1-2
	.2908
	.294
	2-2
	.2932
	.301
	3-2
	.3066
	.316


Consistently with Bannister’s conjecture, it is pretty obvious that batters do better when the count is in their favor. The consistency for these from year to year was generally in the mid-0.30s, which isn’t great but is high enough to be taken seriously, and Russell noted that those for the two most favorable pitcher’s counts were higher (0-2, 0.51; 1-2, 0.41).

Here is an interesting case; run expectancies at each count (Zhan, Polimeni, and Gerstner, 2020; every pitch 2015 to 2018):
	0-2
	1-2
	2-2
	0-1
	1-1
	3-2
	0-0
	2-1
	1-0
	2-0
	3-1
	3-0

	-0.114
	-0.102
	-0.080
	0.030
	0.045
	0.050
	0.053
	0.057
	0.059
	0.078
	0.193
	0.248


The only negative ones are those for two strikes.  Getting more detailed, John Walsh (2008a) supplied the 2007 run expectancies of a ball and strike at each count:

	Count
	0-0
	0-1
	0-2
	1-0
	1-1
	1-2
	2-0
	2-1
	2-2
	3-0
	3-1
	3-2

	Ball
	.038
	.029
	.024
	.066
	.052
	.043
	.116
	.105
	.098
	.110
	.188
	.271

	Strike
	-.044
	-.062
	-.184
	-.053
	-.067
	-.208
	-.067
	-.076
	-.251
	-.078
	-.083
	-.349


Not surprisingly, balls always had a positive value and strikes a negative one.  Generally, as the at bat continued, having more balls was helpful and more strikes hurtful for the batter.  A strike with two strikes stands out of course as the batter was out.  A ball with three balls, putting the batter on first, is interesting, as unlike for 0, 1, or 2 balls it mattered more as strikes increased.  The variation between the ball and strike run values represents the consequentiality of a pitch at each count, a concept analogous to that of leverage (to be discussed later in this chapter).  Again not surprisingly, the consequentiality for 3-2 is the greatest, as discounting foul balls the pitch ends the PA with either success or failure.  Park and Jang (2020) presented similar information for the Korean Baseball Organization between 2013 and 2015.


The run expectancy of a given pitch is then the expected runs for either the new count if the at bat continues or the result of the completed at bat minus the run value of that pitch.  Walsh provided the example of a single with an 0-2 count, which would be .47 (normal linear weights estimate for a single) minus the run expectancy of the pitch (–.106), which would be about .58 runs, greater than that for the single overall due to the fact it occurred at a disadvantageous count.  An out would then be –.3 minus (–.106), or approximately –.19, not as bad as usual again given the count.  Greater consequentality would mean greater impact of a given pitch, with Jim Albert (2010b) providing evidence via a figure charting the standard deviation of the actual outcomes for each count in his data set.


A method for evaluating pitchers could be deduced from these data.  Jim Albert (2010b) examined differences between the “elite” pitchers in his twenty-strong data set (e.g., Roy Halladay, Tim Lincecum, C. C. Sabathia) and the “non-elite” (e.g., Brett Anderson, Bronson Arroyo, Scott Baker).  They did not systematically differ in the odds of throwing a strike with an 0-0 count, but the elite were noticeably more likely to do so at 0-2.  The elite also did not systematically differ in the odds of allowing a pitch to be hit, but interestingly enough those odds varied more from count to count for the non-elite, suggesting that elite pitchers are more consistent in their performance among different counts.  Finally, there was a systematic difference between elite and non-elite pitchers at 0-0 (of course, all that means is that better pitchers are better) and 0-2 (implied by the odds of throwing a strike), but the difference was smaller at some other counts (1-0, for example) and disappeared at still others (2-1). 


One more interesting example; 2007 and 2008 average home run distances at each count computed by Jeremy Greenhouse (2009d), which imply either that pitchers throw more “slugable” pitches or batters swing harder in hitter's counts than neutral and, even more so, pitcher's counts.

Others who have done work on performance when plate appearances end at different counts include Craig Burley (2004, 2004a; BA, OBA, SA, and linear weights per plate appearance using 2003 data compiled by Tom Tippett); Dan Fox under the alias Dan Agonistes (2004e; raw Retrosheet figures for basic metrics for A.L. In 1992; and 2005n, the same for 2004); Bill Felber (2005; BA for 5,000 plate appearances in 2004); Hopkins and Magel (2008; slugging average from 1,260 2008 games); Colin Wyers (2008d; run expectancies using Retrosheet 1994-2007 data); Hopkins and Magel (2008, comparing SLG in pitcher’s versus hitter's versus neutral counts); Sky Andrecheck (2009i; BA, OBA, SLG, and wOBA for 2007 from Retrosheet data); Dan Meyer (2015; wOBA based on 2014 PITCHf/x data; including figures for previous seasons and hitter quality); Derek Bain (2018; BA, SA, and HR/AB from 1998-2017 Retrosheet data); Connor Kurcon (2019; wOBA for 2019 up to September 9th); and Ben Clemens, 2020i for wOBA for (I think) 2019.  The implication of all of these is pretty much the same as for the Dewan et al. (1990) data; two strikes are really bad and three balls really good for hitters (see Bickel and Stotz, 2003, for an exception based on 76,000 pitches across 20,500 plate appearances for Stanford University games between 1998 and 2001).  

Performance When Plate Appearance Passes Through at Given Counts

As mentioned earlier, an alternative method for studying the impact of the count is to compute performance indices for counts that are passed through before the plate appearance ends.  Palmer (1977) led here as he has in so many other areas.  Based on pitch-by-pitch data from the 1974 and 1975 World Series, Pete reported the change in runs created for batters in those series for each count passed through.  The results were associated with counts as one would expect, with the biggest increase at 3-0 (.28) and biggest decrease at 0-2 (– .10).  Dewan et al.’s (1990) findings have already been discussed.  The next page begins with a basic chart contributed by Lee, Lee, Suk, and Sim (2024); analogous with their chart shown earlier, R means the batter eventually got on base and O means the batter eventually made out.  The percentages in green are figures for an index of how critical each pitch was in the final outcome of the plate appearance, sort of a leverage index for each count.  Not surprisingly, more balls and, in particular, more strikes increased this index. The authors also showed that average fastball velocity increased as this criticality measure increased, was at its highest with two strikes, and that the increase for higher velocities was more pronounced for pitchers who had received Cy Young Award votes than for all pitchers (I wish the comparison had been only with pitchers who did not receive votes).

The following page begins with transition probabilities for counts passed through from Lee, Lee, Suk, and Sim for 2015 through 2018, as before via Markov process analysis (2024).  The table includes data from other studies of counts passed through:  Phil Birnbaum (2000a), average linear weight of results for the plate appearance relative to 0-0 count, based on 1988 Retrosheet data; Pete Palmer (1983b), this time 31 World Series and playoff games from 1974 through 1977, slash stats and average linear weight relative to .1 per plate appearance (Jim Albert, 2010b, included an analogous linear weight table from his 20 pitchers study); and Stanley Katz’s (1986) study of 11000 plate appearances in the first two months of 1986.  Other examples are Joseph Adler (2006, 2004 breakdown for BA, OBA, balls in play, strikeouts, extra base hits, and homers; Bill Felber (2005; first pitch only); Eric Bickel (2009; based on data from 43,926 plate appearances and 161,988 pitches from Stanford University baseball between 1998 and 2006.
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	Birnbaum
	Palmer
	Katza

	
	Batting runs
	BA
	OBA
	SA
	Batting runs
	Walk
	Strike-out
	Out on hit
	Safe hit

	0-0
	.0000
	.244
	.305
	.375
	.002
	.084
	.153
	.523
	.240

	0-1
	-.0365
	.226
	.250
	.323
	-.039
	.045
	.240
	.504
	.211

	0-2
	-.0874
	.191
	.209
	.260
	-.077
	.029
	.412
	.404
	.155

	0-3
	-.2736
	
	
	
	
	
	
	
	

	1-0
	.0288
	.248
	.368
	.412
	.041
	.151
	.118
	.495
	.236

	1-1
	-.0119
	.230
	.291
	.352
	-.011
	.084
	.204
	.496
	.216

	1-2
	-.0680
	.186
	.234
	.266
	-.061
	.049
	.373
	.411
	.167

	1-3
	-.2734
	
	
	
	
	
	
	
	

	2-0
	.0829
	.233
	.476
	.410
	.090
	.308
	.081
	.405
	.206

	2-1
	.0290
	.244
	.360
	.415
	.038
	.170
	.147
	.465
	.218

	2-2
	-.0306
	.200
	.304
	.309
	-.015
	.108
	.312
	.408
	.172

	2-3
	-.2732
	
	
	
	
	
	
	
	

	3-0
	.1858
	.306
	.777
	.417
	.230
	.636
	.046
	.199
	.119

	3-1
	.1252
	.324
	.621
	.559
	.182
	.450
	.077
	.317
	.156

	3-2
	.0578
	.183
	.466
	.261
	.057
	.284
	.205
	0.38
	.136

	3-3
	-0.27
	
	
	
	
	
	
	
	

	4-0
	.3137
	
	
	
	
	
	
	
	

	4-1
	.3137
	
	
	
	
	
	
	
	

	4-2
	0.31
	
	
	
	
	
	
	
	


a – Katz also had BA and OBA data, which was analogous to Palmer’s

Note the remarkable similarity of the two linear weights estimates in  the table.  In addition, using his data, Phil calculated that combining all of these events resulted in a strike being worth an average of –.0829 runs and a ball an average of .0560 runs (Pete had the latter close to that, at .04).  As for Pete, he included a chart with linear weight difference for the number of balls versus strikes the extreme are –2 for 0-2 counts and +3 for or 3-0) based on lineup position:

	Position
	-2
	-1
	0
	+1
	+2
	+3

	1st and 2nd
	-.069
	-.042
	-.030
	-.001
	.068
	.246

	3rd, 4th and 5th
	-.062
	-.041
	.023
	.074
	.129
	.173

	6th and 7th
	-.120
	-.037
	.006
	.038
	.106
	.250

	8th and 9th
	-.062
	-.072
	-.028
	.048
	.209
	.330


The differences among batting order positions was quite stark. Along the same lines, Pete (Heeren & Palmer, 2011, page 44) presented a chart indicating BA, OBA, SA, and linear weights for 1-0 and 0-1 counts for different lineup positions.  The differences for linear weights between 1-0 and 0-1, along with the percentage of one-ball counts, are as follows: 

	Lineup Position
	Difference
	Pct.

1-0
	Lineup Position
	Difference
	Pct.

1-0
	Lineup Position
	Difference
	Pct.

1-0

	1
	-.041
	44.1
	4
	-.025
	45.0
	7
	-.055
	43.8

	2
	-.035
	43.6
	5
	-.042
	44.4
	8
	-.070
	43.0

	3
	-.007
	46.1
	6
	-.040
	44.4
	9
	-.086
	42.5


The data for the ninth spot are for non-pitchers; when pitchers were at bat, the resulting numbers were –.160 and 34.0%.  Anyway, the impact of the differences in first pitch outcomes among lineup positions was so stark in Pete’s data that ninth-place position players ended up as successful with a 1-0 count (OPS was .740) as third-place players with a 0-1 count (OPS was .743). 

Jim Albert produced three interesting charts using 2017 data.  The first two (2018b), on the next page, exhibit batting averages and home runs per balls in play rates for each count.  The X axis for each is the number of pitches thus far in the plate appearance.  The results were incredibly orderly, with additional ball in the count raising BA by 17-18 points and the second strike consistently lowering it by more than the first strike.  As for HR/BIP, each ball increased and each strike decreased figures by about .007.  The third diagram (2018d), on the page after next, shows swing and whiff rates.  Additional balls meant fewer swings and additional strikes more whiffs, leaving pitcher's counts at the upper right and pitcher's counts at the lower part of the diagram.
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Swartz, Grosskopf, Bingham, and Swartz (2017), based on more than two million pitches PITCHf/x reported between 2013 and 2015, presented the number of expected bases for batters in each count for the entire at bat given that the next pitch was either a strike or ball, in other words not put into play:

	Count
	0-0
	0-1
	0-2
	1-0
	1-1
	1-2
	2-0
	2-1
	2-2
	3-0
	3-1
	3-2

	Ball
	.51
	.42
	.32
	.61
	.51
	.39
	.79
	.69
	.55
	1.00
	1.00
	1.00

	Strike
	.37
	.28
	.00
	.42
	.31
	.00
	.51
	.38
	.00
	.68
	.54
	.00


Note that in every case in which the result of the pitch was the same count (such as a ball with an 0-1 count and a strike with a 1-0 count, both making it 1-1), the figures are either exactly the same (.42 in this case) or differing by .01. In other words, it does not matter how you get to a given count as long as you get there.  In other work, Sidhu and Coffo (2014) performed a very sophisticated Markovian analysis of the outcome for batters after a given at bat depending on the count and pitch selection, which unfortunately ended up discovering nothing of consequence.  Jim Albert (2017, Chapter 4) diagrammed run expectancies for various counts, both overall and for select hitters and pitchers. He also noted that, in 2016, first pitch strikes ranged from 55 percent to 70 percent, averaging 60 percent; swing and miss rates from 5 percent to 15 percent and averaged 10 percent. Forty percent of pitcher bWAR was accounted for by these two indices.  Finally, Appendix 4 consists of a chart offered by Joe Sheehan (2008a; probably 2007 data; see Jim Albert, 2015a, for analogous work) showing run values for different event types.  In general, run values were increased with more balls and fewer strikes, and, given the end of a plate appearance, decreased run values for hit types and increased run values for outs.

Batter/Pitcher Handedness


The evidence supporting the impact of relative batter and pitcher handedness is overwhelming (e.g., Dave Smith, 1998; based on Retrosheet data from 1977 to 1998).  Starting with basic data, batter handedness affects the direction of batted balls, as batters more often than not pull their batted balls.  To show an extreme case, after making errors in his 2004k, in 2004d Dan Fox under his pseudonym Dan Agonistes presented accurate percentages of home runs to each field by batter handedness from 1992 Retrosheet data.

	Hitters
	Left
	Left-Center
	Center
	Center-Right
	Right

	Left
	4%
	4%
	10%
	30%
	53%

	Right
	56%
	26%
	10%
	4%
	3%


On a far different issue, John Walsh (2007i) computed the following proportions of grounders fielded by infielders that batters beat out, categorized by batter handedness, from 2003-2006 Retrosheet data.

+------+---------------+---------+-----------------+

| bats |   GB Fielded  | IF Hits | IF Hit Fraction |

+------+---------------+---------+-----------------+

| Left |         63188 |    4679 |          0.074  |

| Right|        111969 |    8790 |          0.079  |
+------+---------------+---------+-----------------+
Note that lefty batters did not get a higher proportion of infield hits despite the fact that they are closer to first after their swing, likely because they tend to hit the ball to the right side, and there are fewer infield hits there than the left side, likely due to the longer distance throws need to cover to reach first base.  As a consequence, given the same exit velocity, left-handed(right-handed) batter BABIP was consistently 50(71) points higher than right-handed(left-handed) BABIP on opposite field(pulled) grounders in 2015 (Alex Chamberlain, 2016a, 2016b).
The Standard Platoon Differential


The first serious quantitative analysis of what I call the “standard platoon differential,” in which batters are more successful against opposite-handed in comparison with same-handed pitchers, was in the first published article by the pioneering baseball researcher George Lindsey (1959) in which, in over 12,000 at bats from major and International League games from 1951 and 1952, batting average for batters facing opposite-handed pitchers averaged .263 whereas those facing same-handed hurlers hit .231.  Lindsay's finding has been replicated numerous times through a wide range of metrics.  Here is one example, from Dave Smith (2023), encompassing the years 1920 to 2022; see also Dave's 1998 for 1977 to 1997:
	
	Lefty Pitcher
	Righty Pitcher
	Difference

	
	BA
	OBA
	SLG
	BA
	OBA
	SLG
	BA
	OBA
	SLG

	Lefty Batter
	.250
	.319
	.367
	.266
	.334
	.406
	.016
	.015
	.039

	Righty Batter
	.271
	.345
	.415
	.253
	.315
	.382
	.018
	.030
	.033

	Difference
	.021
	.026
	.048
	.013
	.019
	.024
	
	
	



Colin Wyers (2008e), based on 1994-2007 data, showed platoon splits for plate appearance outcomes in relative terms.
	Bat
	Pitch
	1B
	2B
	3B
	HR
	BB
	HBP
	IBB
	K

	L
	L
	0.99
	0.87
	0.86
	0.79
	0.93
	1.64
	0.20
	1.20

	L
	R
	1.00
	1.03
	1.02
	1.05
	1.01
	0.87
	1.19
	0.96

	R
	L
	1.00
	1.06
	1.00
	1.08
	1.12
	0.67
	1.54
	0.93

	R
	R
	1.00
	0.97
	1.00
	0.96
	0.94
	1.15
	0.74
	1.03


Singles had no differential effects.  The others differed as would be expected.  Steve Staude (2013c) performed a similar analysis, with actual proportions and including some more fundamental indices, based on non-switch-hitters with at least 300 PA against each pitcher handedness between 2002 and 2012.  The first numerical column lists opposite-handed minus same-handed pitchers, such that positive figures means a higher index against the opposite-handed and negative number a higher index against the same-handed:
	Index
	Opposite – Same
	League Average
	Index
	Opposite – Same
	League Average

	Groundball %
	–3.39%
	43.93%
	HRs/Flyball
	  1.50%
	10.43%

	Flyball %
	  2.34%
	36.12%
	Hits/PA
	  1.36%
	23.37%

	Outfield Fly%
	  2.70%
	32.31%
	HRs/PA
	  0.59%
	  2.68%

	Popup %
	–0.36%
	  3.81%
	K/PA
	–2.73%
	17.50%

	Line Drive %
	  1.07%
	19.96%
	BB/PA
	  2.31%
	  8.46%

	Infield Fly%
	–1.57%
	10.54%
	IBB/PA
	–0.80%
	  0.69%

	
	
	
	HBP/PA
	–0.61%
	  0.91%


In addition to duplicating some of the tendencies in Colin Wyers's (2008e) table just above and again not surprisingly, batters hit proportionally more outfield flies and line drives and fewer grounders, popups, and infield flies against opposite-handed hurlers, resulting in more hits and homers, which is largely responsible for the overall performance advantage.   They also walked more often unintentionally (but not intentionally) and struck out and were hit by pitches less often.  As an exception to the general platoon effect, Jeremy Greenhouse (2009d) did not uncover any platoon effects for home run distances during 2007 and 2008.


John Walsh (2008b) tried to get at the root of the matter using data from the PITCHf/x tracking system.  Under assumptions concerning pitch type, speed and location, he concluded that the standard platoon differential for balls in play is due to differential OPS performance of .130 for balls in play when hitting a slider (defined as a pitch in the 80-90 miles per hour range with movement ending in the middle of the strike zone) and .120 when hitting a fast ball (pitches above 90 mph), and not for changeups (.038, pitches high in the strike zone less than 85 mph) and surprisingly not for curves (–.015, pitches low in the strike zone less than 80 mph).  John also presented a table showing platoon effects for pitches not put into play in terms of balls, called and swinging strikes, and fouls, but the figures do not show consistent patterns.

Dan Fox (2006c; Retrosheet data from 1970 through 1992 for 188 left-handed and 317 right-handed batters with at least 2000 plate appearances) discovered that across each handedness, the platoon differential for batting, on-base, and slugging averages and for walk and strikeout rates were approximately normally distributed, and the correlations between odd and even years for the first three of these were all less than +0.2, although somewhat higher for BB's and K's.  These figures imply that individual differences may be random fluctuation such that individual batters are not consistently more or less susceptible than one another.  This in no way disconfirms the existence of the general tendency.


Shane Tourtellotte (2019) looked for age effects in standard platoon differentials for batters beginning their careers between 1998 and 2003 who played for at least 10 seasons.  The results were unclear, with what looks like impacts (righty differentials narrowing slightly during their first couple of seasons/early 20s and broadening a lot starting at 16 years of experience/36 years of age; lefty differentials broadening a bit early and a lot in the last years) are all very possibly flukes from small sample sizes, particularly for the longest careers/oldest players.  This study ought to be redone with a much larger sample size than 93 righty and 50 lefty hitters.  Dan Fox aka Dan Agonistes (2007aa) included graphs showing basically no change in handedness breakdowns over time for BA, OBA, and SLG for 104 players with at least 15 consecutive seasons between 1970 and 1992, still too small a sample.

There is a belief in baseball stating that the standard platoon differential is larger for lefty batters than for righty.  The implication from relevant evidence depends on whether or not one segregates switch-hitters.  When looking at plate appearances without segregation, with switch-hitters' plate appearances grouped by the relevant side of the plate, the belief is supported.  In Dave Smith's (1998) data above, lefty batters had more extreme pitcher-handedness differences than righties, and the TMA group (2006, page 84) uncovered lefty opposite-handed advantages of .025 for wOBA and 30/40/75 slash points versus .014 and 20/25/30 for righties.  Tom Hanrahan (1986), using 1985 data for 120 one-way hitters, revealed how general the phenomenon was across indices representing different skills: BA (.285 versus .263), home runs per 100 PA (2.87 versus 2.43), walks per 100 PA (9.6 versus 7.6), and strikeouts per 100 PA (11.7 versus 14.7), resulting in a substantial Runs Created per game differential of 5.70 versus 4.46.  Matt Klaassen (2012), when examining each season from 2002 through 2012, saw the left-handed batter difference in wOBA to range from 7.54 percent to 10.72 percent with one 12.77 percent outlier versus 3.68 percent to 8.12 percent with one 10.18 percent outlier for righties.  Other notable demonstrations include the Elias group (Siwoff et al., 1989, page 36) for slugging average and the STATS crew (John Dewan and Don Zminda, 1990) for BA, SLG, and homers per at bat.

In contrast, segregating switch-hitters into their own group seems to eliminate lefty/righty differences.  Using John Dewan and Don Zminda's (1990) STATS work as an example, in 1989 pure lefty hitters batted .240 (.341 slugging, 1.62 homers per 100 at bats) against lefty pitchers but .262 (.393 slugging, 2.40 homers per 100 at bats) against righty pitchers.  Pure righty hitters batted .243 (.363 slugging, 2.31 homers per 100 at bats) against righty pitchers but .265 (.400 slugging, 2.50 homers per 100 at bats) against lefty pitchers.  Overall, switch-hitters had no platoon issues (against righty pitchers, .256 BA, .362 SA, 1.49 HR/100; against lefties, .260 BA, .366 SA, 1.48 HR/100).  These data imply that there is no inherent difference based on handedness in and of itself.  Interestingly, George Lindsay knew to limit his comparison to non-switch-hitters and noted no difference between lefthanded and righthanded batters; the same for Bill James (1988 Abstract, pages 9-15) for batters with at least 400 PA against both righthanded and lefthanded pitchers between 1984 and 1986.  


The Dewan/Zminda (1990) STATS data imply that switch-hitters perform similarly against each pitcher handedness, but other work clouds the issue.  In contrast, 56 percent of switch-hitters in the Elias sample (Siwoff et al., 1989, page 36) were better against lefty pitchers, whereas the TMA group (2006, page 84) noted switch hitters tending to do a bit better against righties (.346) than lefties (.336; see Adler, 2006, for another analysis of switch-hitting using 2004 data).  In his year-to-year examination described earlier, Matt Klaassen (2012) noted more (seven vs. four) years with higher batter wOBAs against righties, with the most extreme difference at 4.94 percent against righties against 2.43 percent for lefties.  These data imply little difference.
Turning to systematic differences in the size of the differential, Dan Fox aka Dan Agonistes (2007aa) presented the following slash metrics based on 1970 through 1992 for all 505 players with at least 2000 plate appearances during that time divided into three groups according to isolated power:
               
               Righty Pitcher   
    Lefty Pitcher 
     Platoon Split
ISO  Count Bats    AVG    OBP    SLG  OPS   AVG   OBP   SLG   OPS   AVG   OBP   SLG  OPS

<.1    122  R     .253   .300   .325  626  .269  .317  .358   675  .016  .017  .033   49

            L     .276   .328   .364  692  .250  .302  .313   615  .026  .025  .052   77 

.1-.15 183  R     .262   .312   .381  693  .280  .332  .423   755  .019  .020  .042   62

            L     .283   .340   .417  757  .258  .312  .354   665  .025  .029  .063   92  

>.15   200  R     .261   .326   .437  762  .278  .348  .479   827  .017  .023  .042   65

            L     .277   .351   .470  822  .251  .319  .396   715  .026  .032  .074  106   
ISO level had no obvious impact on batting and on-base averages, but players with higher levels had wider differentials in slugging average that carried over to OPS.
Proposed Explanations


The most obvious explanations for the standard platoon differential is that batters have a relative advantage when breaking pitches curve toward them, as is the case with opposite-handed pitchers, than away, as with same-handed pitchers; and the impact is greater for lefty batters because they get about half as much experience against lefty pitchers as righty batters do against righty pitchers.  Data such as Dewan/Zminda’s (1990) showing no lefty advantage with switch-hitters removed implies that the latter half of the account could well be irrelevant, and Walsh’s (2008b) number for curves challenges the breaking ball theory.  Researchers have looked in different directions for explanations.


Physiologists have distinguished between “pure” lefties and righties who throw and batted the same way and “mixed” ones who throw one way and hit the other.  They have assumed that a player’s throwing hand reflects their natural handedness, an assumption supported in Grondin, Guiard, Ivry, and Koren’s (1999) examination of data from all non-pitchers between 1871 through 1992; only about 13½ percent of whom have thrown lefthanded, which is comparable to the handedness proportion in the general population, but 30 percent have batted lefthanded.  Mixed players are then thought to have taken up hitting in the opposite way for strategic reasons.  Given the preponderance of righthanded pitchers, there is less apparent reason for a lefthander to learn to bat right than for a righthander to learn to bat left.  Grondin et al. is instructive in this regard; players throwing left but batting right totaled only 55,000 at bats during that interim, in contrast with more than 1,200,000 for pure lefties, almost 2,000,000 for righty throwing lefty batters, and way over 5,000,000 for pure righties. 


Turning to performance, these analysts have directed their attention to the latter three groups, with the goal of distinguishing pure and mixed lefthanded batters; I will, however, look at all four. In Grondin et al.’s figures, we can note no systematic differences in batting average between pure lefthanded (.281) and mixed lefthanded (.276); however, pure righthanded hitters were noticeably lower (.263) than mixed righties (.276). In contrast, pure hitters feature both greater power (home run percentage; pure lefthanded batters, 1.99, mixed lefthanded batters, 1.77, pure righthanded batters, 1.73, mixed righthanded batters, 1.30) and more strikeouts (K percentage, pure lefthanded batters, 10.44, mixed lefthanded batters, 9.53, pure righthanded batters, 11.10, mixed righthanded batters, 7.99).  Extrapolating the authors’ explanation from just lefties to everyone, due to differing hand placement on the bat, in biomechanical terms batting is a forehanded stroke for pure hitters and a backhanded stroke for mixed hitters, and, based on research on tennis strokes, forehands tend to be more powerful but less precise than backhands, in a speed (i.e. power) versus accuracy (i.e. strikeouts) tradeoff.   


In analogous but far less incisive research, McLean and Ciurczak (1982) examined then-active batters in 1980 and noticed lifetime batting averages of .264 for righties, 260 for mixed lefties, and .281 for pure lefties.  They claimed that the reason for this discrepancy is that lefties tend to have less lateralized brains; in other words, the left and right sides do not specialize in different areas as much as for righties, resulting in less overt handedness and perhaps greater overall dexterity.  Stephen Jay Gould (1983b/2003) disputed this claim, preferring the more prosaic but probably more accurate explanation, consistent with the data reported by Grondin et al., that mixed lefties were in general born righthanded and learned to bat lefty due to its competitive advantages in baseball, but as it is a bit unnatural are not as successful overall.  Gould’s account gains support from the fact that the proportion of righties in general society is far greater than that in baseball.  See Russell Carleton (2022o) for a summary and support for Gould's point of view.

Based on data from 1957 to 2005, Clotfelter (2008) was surprised to find that both right- and left-handed batters hit for higher batting averages (and both types of pitchers had worse earned run averages) in seasons with proportionally more innings pitched by lefties relative to righties.  Clotfelter expected relative performance to be worse when a given handedness was rare, and provided an explanation based on predator-prey systems in nature.  I believe that this finding may be an artifact of the years chosen for the study; in his data, the proportion of righthanded-pitched innings was larger during the 1960s than before and after, and the historically poor offense particularly late in that decade is known to be due to factors other than pitching handedness.  It could also be due to batters getting more experience against lefties in the other years, leading to improved performance.

Dick O’Brien (1986a) offered a very imaginative explanation for differences between high- and low-ball hitting that can be extrapolated to the standard platoon differential. His argument was that because righty (lefty) pitchers tend to release pitches to the right (left) side of straight on to the plate, their pitches generally take a “descending variable arc of varying slope” (quote from page 6) toward the plate, and those pitches will enter the hitting zone earlier and higher for righty (lefty) batters than for lefty (righty) batters.  It follows that hitters will tend to hit relatively higher pitches from same-sided pitchers and lower pitches from opposite-sided pitchers.  In data he reported that were originally published in Harper and Row’s 1986 Scouting Report, 81 (71) percent of righty (lefty) hitters were classified as high-ball hitters when facing same-sided pitchers and 81 (77) percent of right (lefty) hitters were classified as low-ball hitters when facing opposite-sided pitchers.  Dick’s interest was to show that, since most pitchers are right-handed, it follows that righty (lefty) batters will mostly be high-ball (low-ball) hitters.  My extrapolation; if Dick’s argument is right, then hitters facing opposite-handed pitchers will have more time to judge the type and location of pitches reaching them than when facing same-sided pitchers.  In any case, work by Healey (2017) using Retrosheet data from 2003 to 2014 revealed that same-handed matchups have tended to result in more groundballs than have opposite-handed matchups; as noted above, Steve Staude (2013c) had the same finding.   This in turn leads to a lower batting average on grounders but a higher batting average on flies, perhaps due to the tendency that Dick pointed out.  BA on grounders was higher form righthanded hitters than lefties overall, probably due to the preponderance of balls hit to the left side of the infield and thus the longer throw needed to erase the hitter.


Another possibility is that batters are more capable of controlling the strike zone against opposite-sided pitchers.  I (Pavitt, 1991) tried out this idea using Project Scoresheet data, specifically an entirely insufficient sample of 28 Phillies games from 1988.  There is a bit of evidence supportive of the proposal for opposition hitters against Phillies pitchers.  For the first pitch, batters with the platoon advantage were relatively more likely to hit the ball or get a called ball and less likely to get a strike call than batters at a disadvantage.  For the second and third pitch, those with the advantage were again relatively more likely to hit the ball and have more 2-1 and fewer 0-2, 1-1, and 1-2 counts.  However, the effect did not occur at 2-0 or 3-0, and washed out totally starting at the fourth pitch.  Further, Phillies batters, who had a normal platoon advantage as a group, showed no such tendency.  To say the least, if my idea makes any sense, it needs to be examined through a much larger and more general sample of data. 


An additional explanation, which Bill James (1988b) mentioned, is that the fear of being hit by a pitch decreases batter aggressiveness against same-handed pitchers, as pitches are more likely to come toward them than against the opposite-handed.  If there are any relevant data specifically on this issue I have not seen them.  The closest I have seen is some evidence that batter performance is worse after being hit than before.  Of 2554 hit-by-pitch incidents between 1975 and 1986, batting performance was a bit worse in the five subsequent plate appearances (slash lines .266/.332/.413) than the five before (.276/.344/.418; Siwoff et al., 1988, page 96).


The following personal communication from Pete Palmer provides the simplest explanation of all:

It is obvious that the reason why pure lefties hit better is they are restricted to positions where you have to be a good hitter to survive.  Pure righties can play any position. The difference between O1D and C23S is about 60 OPS points, while the difference between left and right is only about 30 points. This means the overall difference can be completely explained by the fact that pure lefties play 100 percent in the hitting positions, while pure righties play only about 40 percent.  Pure righties in of-1b-dh have an ops about 7 pts higher then pure lefties.

I might add that pure lefties are likely to be first basemen, a position in which, using the sort of language Gould would feel comfortable with, lefthanded throwers are ”selected for.”  Given that offense at first base is particularly valued, it would follow that pure lefties as a rule have better offensive numbers than others.  In support of Pete's conjecture, John Walsh (2007i) showed the proportion of plate appearances by handedness and batting average for each non-pitcher position, from 2000 to 2006 Retrosheet data:

+-----+-------+-------+-------+-------+

| Pos | Left  | Right | Both  | AVG   |

+-----+-------+-------+-------+-------+

|   C | 0.114 | 0.736 | 0.150 | 0.259 |

|  1B | 0.563 | 0.363 | 0.073 | 0.278 |

|  2B | 0.154 | 0.588 | 0.258 | 0.273 |

|  3B | 0.189 | 0.681 | 0.130 | 0.268 |

|  SS | 0.054 | 0.660 | 0.287 | 0.269 |

|  LF | 0.465 | 0.437 | 0.098 | 0.278 |

|  CF | 0.433 | 0.401 | 0.165 | 0.271 |

|  RF | 0.424 | 0.497 | 0.079 | 0.276 |

+-----+-------+-------+-------+-------+
Taking this into consideration, division into positions requiring only righty throwers and positions in which either hand will do:

+------------+--------+--------+-------+-------+-----------+
| Pos        | AB_L   | AB_R   | AVG_L | AVG_R | L_minus_R |

+------------+--------+--------+-------+-------+-----------+

| 1B-OF      | 243784 | 223599 | 0.276 | 0.275 |     0.001 |

| C-3B-SS-2B |  65579 | 343551 | 0.269 | 0.266 |     0.003 |

+------------+--------+--------+-------+-------+-----------+
Each of these groups show no standard platoon effect, but they differ from one another by seven and nine BA points respectively.  Compare these data to the following, which shows the overall platoon effect.  
+------+-----+-------+-------+-------+-------+

| bats |pitch| AVG   | OBP   | SLG   | OPS   |

+------+-----+-------+-------+-------+-------+

| L    | R   | 0.275 | 0.356 | 0.452 | 0.808 |

| L    | L   | 0.253 | 0.328 | 0.396 | 0.724 |

| R    | L   | 0.271 | 0.346 | 0.443 | 0.788 |

| R    | R   | 0.260 | 0.323 | 0.414 | 0.737 |

+------+-----+-------+-------+-------+-------+
The platoon differentials are 11 points for righties and 18 BA points for lefties.  Given the positional disparity, it is likely that the positional difference accounts for much of it.


Detailed work by Chance and Maymin (2023) the years 1900 through 2020 (7,959 batters, 7,733 pitchers, 1,824,874 plate appearances) sheds further light on this issue.  Along with another replication of the standard differential with a greater impact for lefties probably due to the inclusion of switch-hitters, these authors presented proportions for basic metrics categorized by batting and throwing side.  Below, I list the differences between pure and mixed varieties of each handedness; positive(negative) figures represent greater success for pure(mixed) batters:
	Handed
	BA
	2B
	3B
	HR
	K
	GIDP
	BB
	IBB
	HBP

	Right
	.001
	–.0008
	.0010
	–.0031
	–.0276
	.0047
	–.0183
	.0021
	–.0007

	Left
	.005
	.0019
	.0005
	.0017
	.0049
	–.0004
	–.0012
	.0004
	–.0007


Note the substantial differences for right-handed batters.  Mixed righties had more homers, strikeouts, and walks and fewer triples and grounding into double plays than pure GDP.  These data are an indirect Indication that right-handed batters throwing left, usually playing either first base or outfielder, have more power and less speed than righty hitters throwing right-handed.  Along with what I have mentioned, Chance and Maymin included platoon differentials categorized by pure and mixed righties and lefties and for pitchers; the latter have the expected outcomes (same-handed matches have fewer earned runs, hits, homers, and walks and more strikeouts than opposite-handed matches).  All of these can all be found in Appendix 5.
The Lefthanded Pitcher Advantage


There has long been a belief that lefthanders can be successful as major league pitchers with far less “stuff” than righties.  Research by Guy Molyneux and Phil Birnbaum (2020) reveals that this is largely true.  While making up about 10 percent of American males, lefthanders were responsible for about 28 percent of the innings pitched and 29 percent of starts (these and other data from MLB’s Baseball Savant website, some from 2015 through 2019 and some from 2017 through 2019).  Further, given the preponderance of righthanded hitters, while lefthanded pitchers had the platoon advantage against lefty hitters 29 percent of the time, righties had it against righty hitters 53 percent of the time.  This means that although teams attempt to load lineups with lefty hitters against righty pitchers, it is still far from making up the difference in proportion of platoon-advantaged plate appearances righty pitchers enjoy. Guy and Phil estimated that, as a consequence, lefty pitchers are penalized about 0.2 runs per game compared to righties.

In addition, as mentioned above, lefties tend to have less “stuff” than righties.  Here are a series of tables copied and pasted from their article showing the difference.  The first, showing lefties with slower pitch velocities for every included pitch type, is for 2007 through 2019 via the FanGraphs website:

	
	Four Seam
	Sinker
	Cutter
	Slider
	Change
	Curve

	LHP
	91.8
	90.7
	86.6
	82.8
	82.5
	76.7

	RHP
	93.3
	92.0
	88.7
	84.7
	84.2
	78.6

	Difference
	-1.5
	-1.3
	-2.1
	-1.9
	-1.7
	-1.9


Overall, far fewer lefties than righties (14% versus 38%) had a fastball average of 94 mph or greater.  Analogous differences occurred when comparing the top 30 percent, middle 40 percent, and bottom 30 percent of pitchers as categorized by run average. The next two, showing lefties with slower spin rates for every included pitcher type except changeups and less pitch break, are from Statcast for 2015 to 2019: 

	Pitch Type
	LHP
	RHP
	LHP Deficit

	Four seam
	2241
	2281
	-40

	Sinker
	2124
	2157
	-33

	Cutter
	2236
	2400
	-164

	Slider
	2343
	2421
	-78

	Changeup
	1836
	1758
	+78

	Curve
	2420
	2537
	-117


	Pitch Type
	LHP
	RHP
	LHP Deficit

	Four seam vertical break
	-0.3
	0.0
	-0.3

	Sinker vertical break
	0.0
	0.2
	-0.2

	Slider horizontal break
	-0.3
	0.2
	-0.5

	Changeup vertical break
	-0.1
	0.3
	-0.4

	Curve horizontal break
	-0.6
	0.4
	-0.9


Combining their platoon disadvantage and lower pitch quality, Guy and Phil estimated a 0.60 run average difference “should” exist between lefties and righties of analogous relative quality; i.e. percentile ranking.  Yet, despite all of these detriments, there were no overall performance differences between the two (2007 through 2019):

	
	RA9
	K/9
	BB/9
	HR/9
	BABIP
	FIP

	ALL 
	4.37
	7.7
	3.1
	1.0
	0.294
	4.08

	LHP
	4.35
	7.7
	3.2
	1.0
	0.296
	4.07

	RHP
	4.37
	7.6
	3.1
	1.1
	0.293
	4.09



So why do lefty pitchers perform as well as righty; i.e., make up for that 0.60 RA?  Guy and Phil think that batters have less familiarity with them mostly due to facing very few of them in youth baseball, although the proportion probably does increase through high school and college.  They cited as support a long list of sports with an overrepresentation of lefties relative to the general population (basketball, boxing, cricket, fencing, American football, handball, judo, karate, table tennis, tennis, and volleyball), all of which require interaction with and response to another opponent, as opposed to sports without such interaction and no bias toward lefties (such as bicycling, discus throwing, diving, gymnastics, rifle shooting, rowing, running events, skiing, swimming, and weightlifting). They also cited research within interactive sports showing the lefty advantage to be associated with a need for quicker response times, plus experimental work revealing advantages for lefties in tennis, volleyball, and for left-footed kickers in “real” football aka soccer.


Guy and Phil went on to imagine a world in which the proportion of MLB lefty pitchers was equal to the 10 percent in the general population; see the webpost for this analysis.hers.

Ballpark Idiosyncracies


Through informal observation, for decades anyone connected with baseball has been well aware that ballparks differ in their tendencies toward run scoring.  The formal study of this issue seems to have begun with Pete Palmer and is described in a 1978 article specifically relevant to the American League.  In that article, Pete introduced the earliest formula for park rating, the average of runs scored by both teams at home divided by the average of runs scored by both teams on the road.  Far and away the highest park rating was for Los Angeles’s Wrigley Field where the Angels played in 1961 (128), with Fenway Park the leader among parks used at the time of Pete’s article (114).  The lowest included the two that the Angels played in subsequently, Chavez Ravine and Anaheim Stadium, both at 88. (See the Offensive Evaluation chapter for more detail on park ratings). The presence of such differences was formally demonstrated by Hofacker (1988) for the 1982 season.  Hofacker included regression-based coefficients and rankings for individual ballparks, which many or may not reflect actual park ratings.

My interest in examining Markov chains, as mentioned in the last chapter, was to see if conditional probabilities differed among good, medium, and poor hitting parks. Using 1984 Project Scoresheet data, I presented a lot of relevant data in a 1986 Baseball Analyst article. One table included the proportion of the basic 24 base-out situations that occurred in the highest, medium, and lowest thirds of ballpark in terms of run production for both the American and National Leagues, along with the five most likely transitions for each.  This table is six pages long and will not be repeated here.  A second table, again distinguishing leagues, displayed (1) the proportion of plate appearances in which no outs were made, which is close to but not quite OBA, (2), the average number of bases the batter achieved without making an out, (3), the proportion of times runs scored, and the run expectancy, for each of the basic 24 base-out situations; again divided into high, medium, and low run-scoring environments.  Although “only” one full page, this mass of numbers is also not worth including here.  They not surprisingly revealed the numbers to go up from low to medium to high offensive ballparks.  More interestingly, differences between high and neutral ballparks were more obvious with two or three runners on base than with none or one, particularly in the A.L., and with no outs rather than some; and between neutral and low ballparks with two outs. Although these numbers could reflect something important going on, keep in mind that this is only one season of data and some of the sample sizes were pretty small.  I wanted to add 1985 data to the mix for more trustworthy figures but ran out of available time (I got a job).

There are several reasons for the difference among ballpark run environments; I now describe some proposed ones in turn.

Altitude

The most obvious impact on ball park offense is altitude.  Physicist Robert Adair (1990) in The Physics of Baseball calculated that every 1000-foot increase in altitude should increase a fly ball’s distance by two percent.  In the earliest research I have found, Robert Kingsley (1980, 1982) noted that the ballparks then used in Atlanta and Saint Louis had very similar dimensions and temperature and humidity conditions, but that Atlanta’s was 500 feet higher, and he associated that difference with an 80 percent surplus in home runs hit in Atlanta in the 1976 through 1979 period as compared to the same teams on the road; in contrast, St. Louis had a 26 percent home/road deficit.

Eliza Richardson (2014) performed a much better study of altitude effects. Rather than using the majors, in which all ballparks are less than 2000 feet excepting Coors, she used the three short-season leagues: Northwest, with ballparks mostly below 1000 feet; Appalachian, including ballparks generally between 1000 and 3000, and Pioneer, in which all ballparks are over 3000 feet.  Along with the welcome variation in height, another advantage of these leagues is the relatively rapid turnover in player personnel, which would tend to even out pitcher flyball/groundball tendencies and batter power skills across teams and seasons. Based mostly on 2008-2012 data, she noted an increase of 0.56 runs per nine innings per 100 feet, which means about 20 more runs over the about-35 home games each team played per season. To determine where these runs come from, she calculated increases of 0.81 more hits, 0.26 more errors, 0.12 more home runs, and 0.04 more walks for each 1000 feet, translating to additions of about 30 hits, 6 errors, 4 home runs, and a walk per season.  These extra baserunners added up quite substantially, in particular for the Pioneer League games.

Dick O’Brien (1986b) previewed this sort of study two decades earlier, showing that homers increased along with altitude in the Texas League in the 1978-1982 interim.  O’Brien also credited lower humidity with part of the responsibility for this effect; as we shall see below, he was wrong about that.

Finally, Jeff Zimmerman (2009) performed a regression analysis (to be discussed in detail later in this section) in which he estimated an increase in run scoring of 0.196 for every 1000 foot increase in altitude.

Weather


Weather undoubtedly plays a substantial role in determining ballpark effects.  One area in which conventional wisdom concerning weather is correct is temperature; balls do carry better in warmer weather.  As mentioned earlier, Kingsley (1980, 1982) noted a pretty strong association between temperature and home runs per game in Atlanta in 1978.  The first comprehensive study appears to have been performed by John Dewan, Don Zminda, and the  STATS crew (1990) for 1987 through 1989 games.  As the weather got hotter, there were increases in batting average (.248 below 60 degrees, .263 above 80 degrees), slugging average (.366 vs. .402), homers per game (1.40 vs. 1.85), and runs per game (8.0 vs. 9.1). Walks, strikeouts, steals, and errors were unaffected. 

Turning to later and more sophisticated work, Callahan, Dominy, DeSilva, and Mankin (2023) studied the relationship of game day temperature with homers for 1962 to 2019 (more than 100,000 games) and batted balls for 2015 to 2019 (more than 220,000).  An increase of one degree Celsius (1.8 degree Fahrenheit) hotter temperatures resulted in a 1.96 percent increase in homers in open-air ballparks (broken down to 2.4 percent in day games and 1.7 percent in night games), and maybe 0.3 percent for day games and 0.2 percent for night games (based on a graph) for domed ballparks.  These translate to a 0.16 percent increase in HR/FB and 1.83 percent increase in HR/game; and either 0.044 (using then-conventional data) and 0.041 (Gameday data) more HR per game.  The impact of climate change in regards to higher temperatures resulted in an 2010-2019 estimated average of 58 extra homers per season, with each degree related to approximately 95 extra homers.  Models with high cabron dioxide emissions led to predictions of 192 homers per team per year by 2050 and 467 by 2100; effective mitigation to about 130.  Incidentally, this paper got a lot of press; I first learned about it from a mention in, of all things, The Skimm, which is an online news compiler directed at young women.  Others studying home run rates included Chris Constancio (2007d; 2005 and 2006 games) and Jim Albert (2018m, 2430 games in 2017; 2020i for games in 2019.)


A bit surprisingly, between 2011 and 2015 temperature correlated at only 0.07 with run scoring (Jon Roegele, 2015a).  Nonetheless, Max Marchi (2012c) estimated a 0.12 increase for every 10 degree rise in Fahrenheit temperature during 2010 and 2011.  Run scoring was actually higher in April than in all months except for August; Max speculated that this was due to batters still being ahead of pitchers that month.  Otherwise, there were more runs per nine innings in the warmer months of July and August than the colder months of May, June, and September.  Another set of Max's findings; despite the fact that the hours between 2 p.m. and 5 p.m. are usually the warmest time of the day, the evening (5 p.m. to 8 p.m.) seems to have been the best time for producing runs. The hours around midday (11 a.m. to 2 p.m.) and the afternoon (2 p.m. to 5 p.m.) were slightly less offense friendly, to the tune of 0.01 to 0.07 runs per nine innings.  More in line with expectation, as the game went deep into the night, scoring steadily declined. From 8 p.m. to 11 p.m. there was a reduction of 0.27 runs per nine innings, which becomes a whopping 0.48 in the wee hours (from 11 p.m. on). 

In addition, hotter weather has been associated with more hits, higher batting, slugging and on-base averages, and decreases in strikeouts and walks as temperature increased (Chris Constancio, 2006, more than 2000 games in 2005 and 2006; Koch and Panorska, 2013, 2000 through 2011).  Tom Tango aka Tangotiger (2018g) found a pretty strong positive relationship (no further information provided) for (I believe) 2015 and 2018 between temperature and barrel rate for 60 degrees and above, and for other batted ball categories except for weakly hit ones, which led him to conclude that, as a result, available xwOBA rates were biased by temperature.  Konda and Yamamoto (2019) and Sato and Kohyama (2024) provided relevant data for the Nippon Professional League as did Huang, Chiu, and Chang (2021) for 480 Chinese Professional Baseball League games from 2018 and 2019 (I think entire schedule).

In contrast, convention wisdom is wrong about humidity.  Here an aside into meteorology is needed.  Relative humidity figures do not measure how much water vapor there is in the air; rather, they measure the amount of water vapor relative to temperature.  This is why 60 percent humidity in the summer is far more uncomfortable than 90 percent in the winter; the former is far damper.  The appropriate measure is dew point; the temperature at which air becomes saturated.  A dew point over 50 is noticeable, over 60 humid, and over 70 oppressive.  Anyway; balls actually carry farther when the dew point is higher, because water vapor makes the atmosphere less dense than when the air is dry.  The reasons that people think humidity hurts offense is that, because we sweat more and it doesn’t evaporate as readily as when it is dryer, it feels oppressive, an example of our perceptions giving us the wrong idea.  Complicating matters, lower dew point parks tend to be at higher altitudes, masking its effect.  The effect itself was overwhelmed by the impact of temperature in Kingsley’s study of Atlanta in 1978 and was not a significant predictor of fly ball distance in Kraft and Skeeter’s. In contrast, in a comparison of 1987, in which a then-record number of home runs were hit, with 1986 and 1988, more normal homer seasons, Rohli and Faiers (2000) found suggestive evidence that higher dew points may have increased home run frequency in three of nine ball parks; Chicago, Cleveland, and Kansas City.  The authors noted that these three cities tend to have high variability in summer-time dew points, amplifying any existing impact.


It is important to note to emphasize the possible confound in these studies; weather conditions are obviously impacted by altitude.  In this vein,  Kraft and Skeeter (1995) examined the impact of different weather-related factors along with altitude on average fly ball distance in almost every game played out-of-doors in 1991 and 1992, and temperature (along with altitude) was the only one that mattered.  The average distance was 320 feet when the thermometer registered more than 90 degrees at the beginning of the game but only 304 when it was below 50.  Alan Nathan (2016; 80,000 batted balls from 2015) estimated air density from ballpark altitude and game time temperature, ignoring humidity.  For the average major league ballpark elevation of 401 feet (with Denver purposely excluded as an extreme outlier), Alan calculated the following for a batted ball with an exit velocity of 101-105 mph and a launch angle of 25-30 degrees, in short a ball likely to become a homer: increases in fly ball distance of 3.3 feet for every 10 degree increase in temperature, 5.9 foot increase for every 1000 foot increase in elevation, 0.9 feet increase for a 50% increase in relative humidity at 750 feet, and 18.8 foot increase for every 5 mph in out-blowing wind (and I assume decrease for every 5 mph in-blowing wind).  


David Kagan and Chris Mitchell (n.d.) looked for evidence that the west coast U.S. marine layer has an impact on fly ball distance in the six relevant ballparks.  The issue came down to a tradeoff between the two effects of marine layers; cooler temperatures, which lessen distances, and higher relative humidities, which increase them.  As Alan Nathan's work (2016) just described implies that the impact of temperature is far the stronger of the two, one would predict decreased resulting distances.  For games with a temperature of no more than 70 degrees, a relative humidity of at least 80 percent, and at least partly cloudy sky cover (with pitch velocity and batted ball angle and exit velocity controlled), David and Chris noted a decrease in fly ball distance in San Diego, Oakland, and (marginally) Seattle, but if anything an increase in San Francisco.  The effect in the first two ballparks was about six feet.

Hot weather also apparently results in more hit batsmen (Koch & Panorska, 2013), perhaps due to discomfort leading to greater aggressiveness.  Reifman, Larrick and Fein (1991), based on 829 randomly chosen games from 1986 through 1988, discovered that pitcher wildness (both walks and wild pitches) and temperature increased hit by pitches per game, with the latter suggesting a J-shaped relationship, i.e., increasing ever-faster as temperature goes up.  Larrick, Timmerman, Carton and Abrevaya (2011), using all games with Retrosheet data from 1952 through 2009 which included game temperature and controlling for pitcher control, discerned that the odds of a hit batsman increased as an interactive function of temperature and the number of teammates hit by the opposing team, such that more hit teammates resulted in more plunking of the opposing team, with this effect accentuated by hotter weather.  Krenzer and Splan (2018) replicated the Reifman et al. findings using 2000-2015 Retrosheet data; further, after dividing the season into fifths based on games played, they observed the temperature/HBP correlation only occurring during the middle three-fifths, in other words the warmer months, implying a probable threshold temperature effect before aggression steps in.  (More on hit by pitches can be found in the Pitch Characteristics and Strategy chapter).


A third weather factor is wind speed and direction, about which not much is known. Wind direction was not a significant predictor in the Kraft and Skeeter analysis, but the authors felt that the general wind conditions for the cities included in their data set did not validly represent the specific conditions within the miniature “weather systems” of individual ballparks.  Based on data from 1969 to 1974, Skeeter (1988b) provided a diagram displaying wind direction and speed tendencies for 19 major league cities with open-air ballparks at that time, along with the orientation of each ballpark.  Wind speed may also have affected home runs frequency in five of the nine Midwestern ballparks in the Rohli/Faiers (2000) study mentioned earlier.  Robert Arthur (2021e) listed ballparks in which wind direction had large impacts on home runs per fly ball; in 2018-2019, the two Chicago parks (Wrigley and Guaranteed Rate) were the most affected.   Along these lines, John Dewan, Don Zminda, and the other STATS folks (1992, 1993) conducted a multi-year study of how wind and temperature interacted to affect run scoring in 1991 and 1992.  In 1991, when the wind was blowing out (37% of time), teams averaged 11.4 runs per game; when blowing across (28% of the time) they averaged 9.3 runs per game; when blowing in (35% of the time) they averaged 8.1 runs per game, with analogous trends for HR/game, BA, and SLG.  The 1992 figures were analogous.  Temperature probably had a confounding effect on these results.  More generally, for 2005 and 2006, Chris Constanico (2007c) computed HR/FB rates of 14.03 percent with at least 10 mph wind blowing out versus 13.85 percent blowing in, 14.32 percent with less than 3 mph wind either direction, and 13.95 percent otherwise; not much difference. 


A fourth is cloud cover: based on games from 1987 to 2002, Kent and Sheridan (2011) discerned that run scoring and batting average were higher and strikeouts were lower on cloudy days than sunny, with no impact for walks.  Interesting, fly outs were lowest for night games, highest for cloudy day games, and intermediate for sunny day games; ground balls not surprisingly revealed the opposite pattern.  Errors were highest for sunny days and lowest at night, likely due to the impact of glare.  
In an interesting take on the subject of weather, Skeeter (1988a) examined the 30-year (1941-1970) day-by-day temperature profile 19 cities with open-air major league stadiums.   He concluded that the ideal six-month-and-three-week interval for the regular season plus the playoff arrangement then in force should be later, as the highest temperatures across cities should be expected to occur between April 13 and November 2.  (In actuality, San Francisco and Oakland were late-season outliers that skewed these findings, and ignoring their data would push this range two days earlier).  In addition, both rainfall, snowfall, and wind conditions tended to be more favorable in October than in April, providing further meteorological arguments for a later season. 
Baseball in Denver

Baseball in Denver is the most celebrated example of ballpark effects, and should have been treated as an outlier in these studies.  In a personal communication, Pete Palmer told me that the ballpark factor for Coors Field averaged 130 across the 17 overlapping decades (1993-2002 through 2009-2018) since it had opened; at the time of his message, 10 more than any other.  Schaffer and Heiny (2006) found it to lead to significantly higher slugging averages in 2003 than any other major league ballpark.  Chambers, Page, and Zaidins (2003) performed what has got to be the most in-depth study ever of a particular ballpark; Denver’s Coors Field.  Given Adair’s (1990) estimate of two extra feet on flies for each 1000 feet of altitude, fly ball distance at Coors Field should be about ten percent greater than average.  However, using data from STATS, Chambers et al. noted that mean fly ball distance at Coors Field was only six percent above average.  In order to try to account for the discrepancy, the author(s) set up two meteorological stations outside of Coors Field and made measurements every 15 minutes during 1997 games.  The authors observed fly ball distance to be unrelated to humidity or temperature, but moderately associated with wind direction, correlating –.45 with speed of winds from the east (coming in from right field) and +.49 with winds from the west (going out from home plate).  Further, east winds were prevalent during game time, so that normally wind was depressing fly ball distance.


Continuing the analysis, Chambers et al. computed fly ball distance as a percentage of average outfield dimensions and discovered that Coors was only three percent above mean, equivalent to Philadelphia, Los Angeles, and Atlanta and lower than St. Louis.  Thus Mark McGwire’s historic years were achieved while “enjoying the advantages of a ballpark that is every bit as conducive to home-run production as Coors Field in terms of how far the average fly ball carries relative to the average position of the outfield fence” (page 503).  Nonetheless, Coors did give up .044 home runs per at bat between 1995 and 2002 against a league average of .029.  The authors attributed this impact to the difficulty of throwing breaking pitches in the thin air and the fact that low humidity should make the ball drier and thus harder for pitchers to grip.


In another interesting Coors Field effect, one of the Baseball Prospectus writers (Goldman & Kahrl, 2006, pages 151-154) discovered that Rockies hitters’ offensive advantage at home versus the road for BA, OBA, and SA all appeared to increase a bit as their tenure with the team lengthened.  In other words, they seemed to have learned to take advantage of the park.  The author uncovered no analogous impacts in other extreme ball parks.  As noted, this complicates any effort to gauge these players’ true offensive performance. 


Interestingly, physicists Meyer and Bohn (2008) performed an experiment in which they subjected baseballs to different humidity conditions to examine the impact of placing baseballs in humidors, as the Rockies have tried to do to decrease run production.  Increased humidity did expand the size and weight of baseballs, as the Rockies supposed, but contrary to pitchers’ reports, it reduced pitch movement and increased fly ball distance, both because heavier objects have increased inertia and so continue on their paths before curving.  The two effects canceled one another out, such that humidors only decreased fly ball distances about one percent.  However, pitchers also claimed that the greater humidity allowed better grip on breaking balls, which conceivably would be helpful to them.
Turf Versus Grass

Going beyond altitude and weather, an additional factor is whether the field is artificial turf or real grass.  The possibility of this effect has been studied for hitting, baserunning, and fielding.  Beginning with the first, and as mentioned earlier, Jim Albert (1994) uncovered a bit more offense on turf, but too small a difference to trust.  In contrast, others have claimed that there is significantly more offense on turf.  Looking at all the data, it appears that the impact is indeed minimal and lies in an increased proportion of extra base hits.  Beginning with batting average, John Dewan and Don Zminda (1990) compared the average of groundballs that turned into hits for home versus road games for each team and its opponents and noted for 1989 that games for the 10 teams with turf home fields averaged 0.83 more hits on grounders at home than on the road per game whereas the 16 teams with grass home parks averaged 0.53 fewer hits on grounders per game at home than when traveling.  However, larger data sets have disconfirmed this finding; that of the Hirdt brothers (Siwoff et al., 1993, pages 21-22), with 1990 to 1992 data, Goodman and McAndrew (1993), based on five years of data, and Dave Smith (1995), from Retrosheet accounts from 1984 through 1994. And even Dewan and Zminda credited turf with an increase of only two points of batting average.  In contrast, evidence for an increased number of extra base hits is strong, with added batted ball speed on a few turf base hits allowing the ball to get past the outfielders whereas they would not have on grass.  Goodman/McAndrew, Dewan/Zminda, Sandy Sillman (1987, using data from 1983 to 1986), and Robert Stewart Smith (1984; small study of three turf teams from 1983) reported this, and Dave Smith uncovered a small but consistent one percent tendency for doubles and triples to increase at the expense of singles.  The Hirdt brothers made the same claim, based on a double-and-triple rate of 1 per 17.8 ABs on turf versus 1 per 20.8 ABs on grass (see also Siwoff et al, 1987, pages 48-49, 89-90, for less definitive work). 

Turning to stolen bases, turf definitely helps, probably due to better traction.  Dewan and Zminda (1991, pages 54-56) reported stolen base success rates from 1987 through 1990 of 72.7% on turf versus 67.1% on grass, with Goodman/McAndrew, the Hirdts (the 1987 study), and Robert Stewart Smith in substantive agreement.  Yet, despite more extra base hits and steals, the Hirdts (the 1993 study) claimed that run scoring was lower in turf parks (8.29 runs per game versus 8.44 runs per game on grass).  It could be that homers were more prevalent in grass parks, accounting for this finding, but Goodman and McAndrew claimed otherwise.  It follows that the probable reason instead could lie with fewer errors in turf parks.  This finding was reported early on by Paul Schwarzenbart (1982 and 1983; see also Wright, 1982), who ended up estimating a difference in infield errors of 14 percent in the National League and 19 percent in the American League, along with a smaller but noticeable impact on outfielder errors.  Others making the same observation have been Goodman and McAndrew, Dewan and Zminda (the sixteen grass fields in their data set had a mean ratio of 106 errors at home versus on the road whereas the ten turf fields had an average of 96), the Hirdt brothers (1.41 per game on turf versus 1.58 per game on grass in the 1993 study, see also the less definitive 1987 study).  The implication of all this is that grass versus turf may not have great impact on the overall outcome of games, but that the style of game may differ noticeably, with the turf encouraging extra bases and steals but discouraging errors.


Turf versus grass may have some influence on career length, although the opposite of what players originally thought.  Bill James (1986 Abstract, pages 179-181) studied 48 pairs of players matched on performance but particularly on age and position as of 1973.  Those playing on turf averaged a total of 957 games played between 1974 and 1985, whereas the grass players averaged 691; and in 30 of the 48 cases the turf player had a longer career.  There is also evidence about differences in pitching style from Craig Wright, which is described below.  John Dewan, Don Zminda, and the STATS crew (1991, pages 54-56) noted 1987 to 1990 base stealing success rates to be 72.3 percent on turf versus 67.1 percent on grass.
Idiosyncratic Ball Park Construction


The most obvious differences in ballpark construction are distances to the outfield fences.  Much has been written about this, most of it describing the idiosyncrasies.  For one example, David Gassko (2008e) listed the best and worst ballparks (years not stated) for strikeouts, walks, popups, singles, doubles, homers per fly ball, and (a small impact) grounders.  For a second, Jim Albert (2017, Chapter 6) presented a series of detailed graphs revealing specific locations for home runs in different ballparks.  For a third, see the Historical Changes section of the Batting Index chapter for Theo Tobel's (2022) study of the relationship between center field distances and triples.  An interesting exception is Ben Clemens's (2024f) answer to the following question from a chat participant: What if all the fences were the same distance away.  Ben took that to mean every part of the outfield fence in every ballpark.  Ben picked 370 feet as a possible distance.  The bottom line compared to the present variation: more homers (assuming they would need to travel 380 feet) as the center field distance would be much shorter, fewer singles as center fielders could play more shallow, but more doubles down the lines.  Bottom line for 2024: a  .239 BA and .408 SA, whereas in real life it was .244 and .401. So not much overall change.


Getting to less often described differences, one example of idiosyncratic ballpark construction are differences in the distance between the stands and fair territory.  This translates to differences in the opportunity for fielders to catch foul balls, which in extreme cases has a significant impact on batting averages.  David Aceto (1983), based on a guesstimate that the Oakland Coliseum’s huge foul grounds cost home players 20 points in batting average, determined through a series of calculations (see the original for details) that this would entail about eight extra foul outs per game.  This is clearly an overestimate.  Dewan et al. (1990) discovered that, in 1989, games at Tiger Stadium resulted in a resounding 35 percent more foul outs by the Tigers and their opponents than in Tigers road games (572 versus 425).  At the other extreme, the Astrodome produced only three quarters of production in Astros road games (411 versus 554). The difference between these two extremes (161) translates to almost exactly to two foul balls a game for both teams, which would mean about 2½ BA points for each.  More recently, Tom Tango aka Tangotiger (2017) described how ballparks can affect batted ball exit velocity, launch angle, and spray angle, using Oakland's extreme foul area size as an example of a significant influence.  It may be difficult to quantify the exact impact of foul outs given all the other influences on batting performance, but there is no question that this difference does affect batting averages.  


In listing all of these factors affecting the game, Bill Felber (2005) mentioned differences in lighting; for example, Shea Stadium at night was a notorious hitter’s nightmare due to dimness.  Ballpark visibility at home plate definitely differs.  Davy Andrews (2024a) claimed that it affects home plate umpire accuracy.   Just as an example, between 2008 to 2023, looking just at the A.L. East, call accuracy was consistently higher in Fenway Park and consistently lower in Rogers Center and Yankee Stadium, with Tropicana Field and Camden Years mostly intermediate.  Ump accuracy and batter contact rate correlated at 0.63 between 2021 and 2023 across ballparks, which Davy believed to be evidence that umps and batter both consistently see well or poorly in tandem based on ballpark lighting.
Home Field Advantage


To the best of our knowledge, every team sport features a winning advantage for the team playing at their host city; baseball is no exception.  The question was addressed as early as 1938, when Cavins (1938) performed several relevant calculations based on 1932-1937 team performance.  Overall, the American League percentage of home team wins was 54.74; the National League 55.26.  Among the sixteen teams, the range was from 52.7 percent (Saint Louis Browns) to 57.3 percent (Cleveland Indians).  Of the 96 total cases of each team for each season, 11 were greater than 60 percent and 8 less than 50 percent (the lowest was 46.0).  Second division teams seemed to benefit more than first division (56.01 versus 51.70) during the first five years of data, but this tendency reversed in the final sixth season. 

The overall advantage across season and league in Cavin’s data was close to current estimates.  Based on data presented in a well-done review by two scholars who have worked hard in this area, Courneya and Carron (1992), home field advantage in U. S. major league, minor league AA, and college baseball (calculated at 53.5% across 23,034 games from the following five studies; Courneya, 1990; Courneya & Carron, 1991; Edwards, 1979; Pollard & Pollard, 2005; Schwartz & Barsky, 1977) is smaller than that for football (57.3%), ice hockey (61.1%), basketball (64.4%), and soccer (69.0%), with each of the latter based on sample sizes of at least 2500 games (see also Jones, 2015).  About the same time, Adams and Kupper (1994) claimed it at 54.3% over 133,560 games between 1900 and 1991.  The impact continued; it has been calculated at 54.11% for 58,812 games between 1985 and 2010 (Breunig, Garrett-Rumba, Jardin & Rocaboy, 2014; see Winter, Hammond, Green, Zhang, and Bilwise, 2009, for 1997 through 2006), and 53.7% and 0.11 runs per game between 2010 and 2014 (Russell Carleton, 2015); Hal Stern (1997c) thought that the advantage was greater than Russell did, at ¼ run per game, but for too small a sample to trust (1986 N.L.).  Rob Mains (2024j) noted the nine-inning game home field advantage to drop to 

.533 from 2011 to 2022 and further to around .525 2023 and 2024, which Rob attributed to more accurate home plate umpire pitch calling dampening the home-field advantage in pitch calls (see the Umpire chapter for this bias in calls).  Russell Carleton (2025p), based on what is probably Retrosheet data, showed a year-by-year graph for 1950 through 2024; with years as high as 57 percent and as low as 51 percent, but centered around the 54 percent mark except perhaps the more recent drop Rob noted.  Based on Retrosheet data, Florez, Guindani, and Vannucci (in press) proposed a mathematical technique that they used to model game-by-game home and away team run scoring using Retrosheet data for 2019, 2020, and 2021.  In their results, home teams averaged only .09 more runs per game (4.72) than away teams (4.63), and the two were uncorrelated (0.004).  The presence of a home field advantage in runs scored was formally demonstrated by Hofacker (1988) for the 1982 season at the .0001 significance level.  

The home field advantage is discernible in a wide array of indices representing quite disparate skills.  Kevin Johnson (2008), based on 1956-2007 data not including 1999, calculated the ratio of home versus away figures for the following indices (runs at bats measured on a per game basis; hit types per at bat, and all other based on an estimate of plate appearances):
	Category
	Factor

	Games Played
	100

	Runs
	103

	Est. Plate Appearances
	96

	At-Bats
	95

	Batting Average
	103

	Singles
	102

	Doubles
	104

	Triples
	119

	Home Runs
	104

	Sacrifices
	109

	Sacrifice Flies
	107

	Hit by Pitch
	105

	Walks
	109

	Intentional Walks
	118

	Non-Intentional Walks
	108

	Strikeouts
	95

	Stolen Bases
	104

	Caught Stealing
	94

	Grounded Into DP
	98


I would suggest that the PA/AB decrements are probably due to the absence of bottoms of the ninth when the home team is ahead.

 Jeff Zimmerman (2011a) noted BABIP to be higher at home (.303) than away (.296) between 2006 and 2010; Matt Swartz (2009, 2009a) had almost identical figures for 1998 to 2008.  Along with replicating much of Kevin Johnson's findings, Matt also discovered home field advantages for both reaching on errors and infield hits (the latter is evidence that the former is probably not due to biased official scorers), line drive (higher) and ground ball (lower) rates (with fly balls not differing) and higher BAs and SLGs for all three, plus more complete games for pitchers. 

Better fielding at home could be part of the reason for this difference.  Using his PADE correction to Defense Efficiency Record for 1972 through 2005, James Click (2005n) concluded that teams are one percent better at fielding batted balls in play at home versus on the road, perhaps due to greater familiarity with the ballpark.  For an average team in 2005, for example, this meant a PADE of .6975 at home and .6919 away, which amounts to a difference of about 13 runs or 1.3 games.  In his critical piece introducing park ratings, Pete Palmer in 1978 reported that in its history up to that point, the American League featured a five-point home field edge for batting, on-base, and slugging averages, a ten percent increase in batter run average, and a ten percent drop in earned run average.  Moskowitz and Wertheim (2011) claimed that this works out to a 10.5 run home field advantage per season, but if true that would be equivalent to only one win whereas the home field advantage is actually closer to three wins.  Interestingly, these latter authors’ examination of two million PITCHf/x events did not uncover any significant differences in pitch accuracy (44.3% in the rule book strike zone at home, 44.5% on the road) and velocity (average 87.5 miles per hour for both), pitch type, or batter swing and contact rates.  Irving and Goldstein (1990) discovered that 111 of 175 no-hitters and 7 of 9 perfect game occurring between 1900 and their analysis (I think 1989) were delivered at home; see also Adams and Kupper (1992, 1994), who claimed the home total was actually 117.  Ben Clemens (2020c), from 2010-2019 data, noted that the home team advantage in wOBA was bigger in the first inning (.022) than in subsequent innings (.006 to .016; .001 in the ninth and extra innings due to the one-run-wins-for-home-team effect just described).  Matt Swartz (2009a, 1998-2008 data) uncovered an analogous effect for run scoring: a home field advantage of 16.2 percent in the first inning and between 6.0 and 10.1 afterward.  It is unclear why this has occurred.

Researchers have uncovered a long list of factors relevant to home field advantage.  I shall list them in no particular order:


Variation across seasons: Cy Morong (2004) and Pollard and Pollard (2005) both uncovered higher home field advantages early on, as they were often over 60 percent in the nineteenth century and first three years of the American League but dropped to its current level afterward.  During the 20th century, given years have been as high as .580 and as low as .501.  Across decades, however, these likely-random discrepancies have tended to cancel out; for (mostly) ten-year spans from 1901-1909 through 2000-2009, Matt Swartz (2009, 2009a) calculated a narrower range, from .553 (1930-1939) to .533 (1901-1909).


Team differences (Matt Swartz, 2009b): Over periods of time, teams differ a lot in home field advantage; for 2004-2008 these ranged from 1.98 percent for the Phillies to 17.66 percent for the Rays, with an overall standard deviation of 3.96.  But these differences were not at all consistent from year to year for individual teams, with an intraclass correlations of 0.05 for 2004 to 2008 and a bit higher, 0.104, for a longer span (1998-2008).  However, the latter figure is biased by the one exception, not surprisingly the Colorado Rockies, at 0.154.  Without them, the other 29 teams' intraclass correlation across those seasons was a tiny 0.068.


Individual player tendencies (Matt Swartz, 2009e): Players have only weak year-to-year consistency in taking advantage of home-field advantage. For batters who stayed on the same team with at least 150 ABs both home and road for two straight years between 2001 and 2008 (sample size of 960), year-to-year correlations for home strikeout, and walk rates, and averages for batting both overall and on balls in play and slugging were all between 0.08 and 0.12 except for OBA, with OPS a bit higher at 0.19.  For pitchers (40 innings or more home and away two straight years), walk and homer rates were close to 0 and strikeout rate not much higher at 0.13.

The DH rule discrepancy between leagues: Between 1997 and 2005, home field advantage in interleague games was .556 in American League home parks and .559 in National League, more than 20 points higher than in intraleague games.  Russell Carleton (2015) described the issue as follows: “The AL team is hurt significantly in the NL park by the loss of its DH. The NL team just plays its usual lineup. The NL team is hurt by the DH rule in the sense that the AL team has a guy who is a hand-in-glove fit for the role already on their roster, while the NL team can only match it by playing a bench guy.”  John Jarvis (2001) agreed and added the point that unlike N.L. pitchers, A.L pitchers had no recent experience at bat (see Callahan, Pfaff, and Reynolds, 2006, for an analogous argument).  In support, any DH-caused impact would be over and above the normal home field advantage. To distinguish the two, Russell compared games when the team at home was playing A.L. versus N.L. teams. The A.L. teams at home scored 0.33 more runs when facing an N.L. team than an A.L., whereas N.L. home teams’ advantage against the A.L. was only 0.06.  Nonetheless, the average of the two (0.19) implies that run scoring by home teams was relatively higher in interleague games than in intraleague, which basically accounts for the DH rule discrepancy.

Margin of victory: The following are approximate home field advantages categorized by margins of victory, as read off of a diagram, and based on 2000 to 2019 Retrosheet data (Jim Albert, 2020c):
	Margin
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Percent
	61
	52
	52
	51
	50½ 
	52
	48½ 
	53
	52
	53


Russell Carleton (2012b) also calculated the one-run figure at 61 percent for 1993 through 2001, and explained that the much greater percentage is due to the fact, whereas in the top of the ninth and extra innings the visiting team may score multiple runs, in the bottom of these innings when still tied one run by the home team is sufficient to end the game.  Looking specifically at tied games going into the ninth between 1993 and 2011 organized in 40-game blocks for each team (the typical number of one-run games a team plays in a season), the reliability coefficient for team winning average in those games (measured as consistency among the blocks) was 0.17.  In other words, there is little evidence that winning by one run is a repeatable team skill.


Extra innings: According to Rob Mains (2023e, 2023f, 2024j), from 1998 through late May 2023, home field advantage was 54 percent for nine or fewer innings and 52 percent for extra innings.  The zombie runner first appeared to have worsened it for extra innings, as it was only .493 for 2021 through 2024.  Russell Carleton (2022k) had analogous results and offered a fairly complicated explanation (described in some detail in the Batting Strategy chapter) boiling down to the fact that home teams did not bunt (an effective one-run strategy) often enough.  However, the minor leagues did not have a zombie runner effect: for 2014-2017 (pre-zombie), the nine inning home field advantage was .528 and the extra inning advantage was .513;  for 2018-2019 and 2021-2022 (with zombie runner), these were .523 and .514 respectively.  Incidentally, Ben Clemens (2023e) noted that from 2015 to late May 2023 if you change the rules such that game ends if one team is ahead after any inning but the first, home field advantage for teams was 53.2 percent rather than usual 54.  
There is contradictory evidence concerning the relationship between team quality and home field advantage.  Bill James (1984 Abstract, pages 252-253) took data for every team’s record between 1977 and 1982 (except strike-year 1981) and included each in one-hundred average point bins sequenced by a rolling average: .550 to .649, .540 to .639, and so on down to .320 to .419; twenty-four bins in all.   Jim Heg (1989) replicated the study for 1983 through 1989 and added additional bins up to .570-.669.  This means that, for example, a .500 team would be in .ten bins, from .500-.599 to .410-.509.  This method puts each team in as many as ten bins while greatly increasing the sample size in each bin and, in so doing, probably smoothes the transition between teams as compared to, for example, ten-point average bins (.660-.669, .650-.659, and so on to .320-.329).  The following table lists the home field advantages each found for each bin:
	Interval
	James
	Heg
	Interval
	James
	Heg
	Interval
	James
	Heg

	.570-.669
	NA
	.076
	.490-.589
	.103
	.074
	.400-.499
	.078
	.091

	.560-.659
	NA
	.077
	.480-.579
	.106
	.076
	.390-.489
	.075
	.091

	.550-.649
	.122
	.072
	.470-.569
	.102
	.077
	.380-.479
	.069
	.097

	.540-.639
	.116
	.083
	.460-.559
	.097
	.081
	.370-.469
	.073
	.099

	.530-.629
	.109
	.083
	.450-.549
	.089
	.086
	.360-.459
	.078
	.098

	.520-.619
	.107
	.083
	.440-.539
	.086
	.084
	.350-.449
	.076
	.097

	.510-.609
	.103
	.079
	.430-.529
	.092
	.086
	.340-.439
	.077
	.095

	.500-.599
	.105
	.075
	.420-.519
	.089
	.086
	.330-.429
	.070
	.094

	
	
	
	.410-.509
	.089
	.088
	.320-.419
	.071
	.092


For Bill, more successful teams had better home field advantages; I calculated the correlation between the two as an astoundingly high .96, which has to be taken seriously even with the obvious statistical problem of team duplication in numerous bins in the method.  For Jim, more successful teams had worse home field advantages; according to my calculation, team record and home field advantage correlated –.86 (see also Adams and Kupper, 1992, 1994).  Heg tried to come up with an explanation for the incredible discrepancy between his and Bill James’s findings; for me, either something is wrong somewhere or baseball went through a very weird change between the two time intervals.  David Pinto, looking at Retrosheet data from 2000 through 2006, estimated the winning average of the team with the better record against the team with a worse record in two-team matchups using the following formula:
winning average of better team X (1 minus winning average of worse team)

divided by 

(winning average of better team X [1 minus winning average of worse team]) plus (winning average of worse team X [1 minus winning average of better team])

The overall estimate for the better team during these seasons was a winning average of  

.587, analogous to a 95-win season, but the actual home team record for the better team was .623, or 101 wins.  This implies more successful teams had better home field advantages.
 Others who have studied the home field advantage include the Hirdts (Siwoff, 1988, pages 182-183), Smith and Groetzinger (2010), and Kent and Sheridan (2011). 
Proposed Explanations

Given the demonstration of home-field advantage, the task is to explain the reason(s) for it.  Courneya and Carron (1991, 1992) list five general reasons that have been proposed. Although relevant research has occurred in other sports, I will mostly restrict my examination of each proposed explanation to studies of baseball.  As noted by some of the researchers (e.g., Smith, Ciacciarelli, Serzan, & Lambert, 2000), it is very difficult to statistically evaluate these proposals.  Given that the home field advantage is only 53-54 percent, the researcher is attempting to account for only about 3½ percent of the possible variation around 50 percent.  It is a wonder that anything trustworthy has been discovered at all.  But it has been.

To begin, here is a case study by Marks and Mirvis (1981), who asked minor leaguer William Meyer to keep a full-season diary of playing conditions and team performance, which they then attempted to associate with one another.  In Meyer’s view, team performance on the road was particularly marred by difficult travel (length of bus trip, late arrival leading to insufficient warm-up time before game, traveling the day of games rather than the day before), having multiple players in a motel room, bad field conditions due to inclement weather and poor lighting (which appeared to have more impact on his rather than the home team), and, to a lesser extent, diversions in the city being visited.  Across all games, Meyer also judged the absence of a clubhouse and team meetings as hurting performance; in the former case, the home field clubhouse was under repairs for a month, whereas the latter case seems to have been a result of an incompetent manager with no idea how to talk to his team.  Some of the factors William mentioned, in particular travel, are likely involved with supported home field advantage.  Next, I turn to analysts' proposed explanations.


The home field advantage is due to greater familiarity with one’s surroundings, in particular the idiosyncrasies of one’s home field.  One item in support of this possibility is Pollard’s (2002) discovery that the home-field advantage for seven teams that changed home ballparks between 1987 and 2001 decreased from 54.75 percent the year before the move to 53.72 percent the year after, and, although with this small a sample this change could easily be due to random variation, it is in line with tendencies in basketball and hockey.  Another is by Sky Andrecheck for 1901 to 2008, who, after a first attempt biased by Coors Field's extremities (2009), in an improved effort (2009b) noted the following variables to encourage a large home field advantage: a “quirky” ballpark, which he described in 2009 as having “odd dimensions, wild wind, strange ground rules, etc.,” one favoring a lot of doubles, with a dome, and a pitcher's park.  Contrary evidence presented by the Hirdt brothers (Siwoff, 1986, page 115) for the 1976 through 1985 decade showed the home field advantage in the National League as .549 versus teams with like surfaces (either both grass or both artificial turf) and .537 against teams with unlike surfaces (one grass, the other turf).  

Bottom line: Given that Pollard and Andrecheck observed many more seasons than the Hirdts, the available evidence argues in favor of familiarity as a factor in home field advantage.


The home field advantage is due to the fact that visiting teams are more fatigued than home teams due to the rigors of travel and its disruptions to the players’ normal routine.  This proposal has the following testable implications:

1 – Home field advantage would be greater in the first game of a series as the visiting team would be particularly tired that day but decreases as the series goes on and the visitors get more rest, unless;

2 – An off day for the visiting team before a series began would mitigate home field advantage.
3 – Longer road trips would cause more fatigue and thus a greater home field advantage. 
4 – Longer home stands would increase home field advantage because the home team would be ever-more rested. 

5 – Home field advantage may not occur if it were the first game of a home stand in which the home team was returning from a road trip.

I go through these in order.

Home field advantage would be greater in the first game as the visiting team would be particularly tired that day but decreases as the series goes on and the visitors got more rest,

Beginning with evidence in favor: Boslett, Hoover, and Pfaff (2007) reported home field advantage during 2006 as a whopping 60 percent for the first game in each series in the American League, which by the third game had decreased to basically nothing. The Hirdts (Siwoff et al., 1988, page 182) also observed home field advantage to be greatest in the very first game of a home-stand (.552 over the 1900-1987 span) than afterward (.541; Siwoff et al., 1988, page 182).  Perhaps analogously, records were worse on the first game of a road trip (.451) than afterward (.458). Based on all 1812 games played at the AA level in 1988, Courneya and Carron (1991) also found a bigger first game advantage (57.6% versus 54.3% for later games). 


Turning to evidence against: Matt Swartz (2009d), based on the 1998-2008 seasons, here are home field advantages for each game in different length series:

	
	Series Length

	
	1 Game
	2 Games
	3 Games
	4 Games
	5 Games

	Game 1
	56.00%
	51.30%
	54.30%
	53.00%
	45.50%

	Game 2
	
	49.80%
	55.10%
	53.00%
	63.60%

	Game 3
	
	
	53.70%
	55.10%
	59.10%

	Game 4
	
	
	
	53.20%
	63.60%

	Game 5
	
	
	
	
	54.50%


The one-game and five-game series findings may be small sample size anomalies, and there is supportive evidence from two-game series.  However, three- and four-game series would have constituted the large majority, and there is no support here.  

Bottom line: The majority of evidence, including the Hirdts' 88 years of data, supports this implication.

An off day for the visiting team before a series began would mitigate home field advantage.
More findings from Matt Swartz (2009d,1998-2008 seasons), this time in support: In the first game after an off day, visiting team winning average was 47.6 percent versus 45.4 percent without one.  The rest day help did not continue through subsequent games.

Longer road trips would cause more fatigue and thus a greater home field advantage. 

Longer home stands would increase home field advantage because the home team would be ever-more rested. 

Home field advantage may not occur if it were the first game of a home stand in which the home team was returning from a road trip

Even more from Matt Swartz (2009d, 1998-2008 seasons), this time for the day of a home team's home stand, is relevant to all three of these implications:

	Day
	1
	2
	3
	4
	5
	6
	7
	8

	Home
	53.90%
	54.60%
	53.70%
	53.20%
	54.30%
	54.50%
	53.90%
	53.20%

	Away
	45.80%
	45.60%
	46.70%
	48.00%
	46.80%
	44.20%
	45.30%
	45.50%


There is no evidence supporting any of these implications here.  However, Rany Jazayerli and Keith Woolner offered the following table (2000b; I believe data from 1998 to 1999) showing that as road trips became longer, team offense did not suffer.  The Rockies may have been an exception, as they did better on longer trips in 2000 (2000a), but Cliff Blau pointed out to me in an email that grouping everything 7 and above gives you about the same as those 6 and below with a better sample size.
             Rockies                             



Rest of MLB
#   Trips   AVG   OBP   SLG   OPS     #     Trips   AVG   OBP   SLG   OPS

1-3   71   .253  .310  .394   704     1-3    2206  .265  .331  .421   752

4-6   54   .250  .304  .397   701     4-6    1647  .266  .333  .423   756

7-9   24   .232  .284  .376   660     7-9     645  .265  .330  .423   753
10+   11   .275  .333  .410   743     10+     170  .266  .328  .428   756
Bruce Goldberg (1988) looked at 170 games during 1987 in which the day before one team played and other did not or one played at the night and one played in the day.  For the team with the rest advantage, the home team went 40-41 while the away team went 48-41.  The away team also had better outcomes than the home team when both teams had traveled (21-14 versus 18-18) and when both traveled but had rest  (8-6 versus 29-30).  So, here the rest factor seemed to have helped only the road teams.  Particularly given the variety of findings described here, research encompassing many more seasons than any of these efforts would be welcome.

An additional implication beyond these five is that the length of distance traveled by a road team is associated with their record while traveling.  In 2012, the spread of travel during the season was from 23,424 miles (Cincinnati) to 50,957 miles (Oakland).  Six of the eight teams with covering at least 35,000 miles were west coast, with Tampa and Dallas-Fort Worth the exceptions.  The seven teams going less that 27,000 miles were all centrally located.  Back in 1950, before expansion to the west coast, miles ranged from 10,170 to 13,140 (these mileages from Max Marchi, 2013c).  It is important to note that home field advantage has not changed in the intervening years, evidence against total seasonal mileage being a factor.  As for individual series, according to Bruce Goldberg (1988), in 1987, there were 490 series in which both teams had a rest day after traveling and the distance traveled differed between the two.  When the team going fewer miles was the home team, their first-game winning average was .632; when the road team had traveled less far, home team winning average was .565.  Bruce also categorized each relevant first game record by the mileage difference between the two teams.  Longer distance differences gave a larger advantage to the team going fewer miles, but some sample sizes were small.  Once last contribution from Matt Swartz (2009d, 1998-2008), relevant to the home team having an off day before the start of a series; 597 miles was the average travel distance during those seasons:
	Series Length
	Division 
	Less than 597
	More than 597

	3
	Same
	50.90%
	54.80%

	4
	Same
	50.60%
	55.20%

	3
	Different
	52.30%
	54.80%


In these data, the home team appears to be gaining a greater advantage by having some rest after traveling an above average distance before starting a series.  In summary, total distance seems to matter, but once again, a much larger sample of seasons would be helpful.  

Complicating matters beyond distance alone is direction of travel.  Green, Hammond, and Winter (2008; 5046 games between 1997 and 2006) found the usual travel distance advantage (52% winning average for one or two time zones, 60% winning average for three time zones aka opposite coasts).  The same group of authors (Winter, Hammond, Green, Zhang, & Bilwise, 2009) then noted that away team traveling from west to east resulted in more home field success (53%)  than east to west (50.9%), in keeping with the body's 24-hour “circadian” cycle.  Recht, Lew and Schwartz (1995) uncovered additional evidence; 1991 through 1993, home field advantage was 56 percent the first two days after visiting team cross-country east to west travel but a whopping 63 percent when the visitors had flown cross-country west to east, with the home team scoring an average of 1.24 more runs than usual in the latter case.  Recht et al. claimed that their findings were consistent with previous research concerning the direction in which jet lag is worse.  Song, Severini, and Allada (2017) replicated this finding for home teams using a far bigger sample (1992-2011).  In fact, the home field advantage was nullified for teams returning home west to east through either two or three time zones when the visiting team had stayed in the same time zone; the analogous effect for home teams traveling east-to-west also occurred but more weakly.  Home team slugging average, number of doubles, homers allowed, runs allowed, and fielding-independent pitching were all consistent with the circadian advantage.  Displeased with Song et al. averaging across seasons and across players within teams in their analysis, Russell Carleton (2017a) duplicated the study at the plate appearance level for 2012 through 2016, with several significant findings across different types of game events for two or three time zone lags but none that were consistent throughout.  Given that Song et al.'s evidence is in line with so many other studies, Russell has the task of explaining how the travel impact occurs on the level of game outcomes when it does not always at the plate appearance level.

Smith, Ciacciarelli, Serzan and Lambert (2000) compared travel-related factors between 1996 and 1997, the latter the first year of inter-league play.  As expected, inter-league play resulted in both home stands and road trips shortening, which could worsen home field advantage by increasing the number of travel days. However, this impact was at least somewhat offset by decreased number of miles per trip, with the result that home field advantage remained unchanged across the two seasons (54.2%). The overall findings were counterintuitive, as additional days off between games actually decreased the odds of winning for both home and away teams.  Finally, Schwartz and Barsky (1977) proposed that the fatigue factor would be more pronounced in the second half of the season than the first, but neither theirs nor Courneya and Carron’s data supported this contention.  


In summary, despite some inconsistencies, the evidence provides the importance of travel distance as a factor in home field advantage.  


The home field advantage is due to the fact that the home team bats last, giving it an advantage in the late innings of tied games and perhaps record a “walk-off” win.  Mark Pankin (2012) considered this possibility, estimating that, of the four-percentage point, i.e., 54%, home field advantage, the impact of batting last is at most 1.7%; in other words, provides a .51.7 percent home field advantage.  A likely method for judging this proposal is through studying a context in which the team batting last is not the home team.  Courneya and Carron (1990) examined 3223 slow pitch softball double headers on neutral ground in which the teams alternated batting first and last in the two games.  Of the 1120 that were split, the team batting first won 561 games and the team batting second took 559.   Bray, Obara, and Kwan (2005), using 122 NCAA tournament games played on neutral fields, the team batting last won and lost exactly half of the time, and, in 71 relevant games decided in the last inning, teams batting last were not more successful than those batting first.  Simon and Simonoff (2006), also using NCAA neutral-field tournament games, concluded that batting last would have given an NCAA men’s baseball team a .526 chance of winning (which did not differ significantly from .5) and a women’s softball team odds of exactly .5.  They also estimated no discernible difference in baseball games in which the home team batted first (.516, in 186 games) and last (.536, in 196 games), but for some reason a sizable discrepancy for softball: .389 in 70 games versus .587 in 96 games.  Ted Turocy (2008), using Retrosheet data from 1973 through 1992 as data for a simulation assuming two teams of equal quality, concluded that there is an infinitesimal last-ups advantage of .001 in winning average, equivalent to an extra win every six years.  Woody Eckard (2024), examining 44 games in neutral ballparks between 2007 and 2022, noted that the team batting last won 23 and lost 21 (52.3%), which, given home field advantage, was less than their 53.9 expected win average.  Cliff Blau (personal communication) examined games from 1881 and 1882, during which coin flip decided who was up first, and noted that the team batting first won the majority of games both seasons.

In summary, it appears that research does not provide support for this explanation.


The home field advantage is due to the psychological impact of crowd support.  Before 2020, this was the most strongly supported of the hypotheses.  The following implications of the proposal have been tested:

1 – If the home team scores first, then the crowd will be captivated and their increased excitement will filter to the home team, increasing home field advantage. In contrast, the visiting team scoring first will quiet the fans and depress the advantage.  Courneya (1990) did note support for this possibility in 418 NCAA games during 1988; an overall 61.7% home field advantage (well above that for professional baseball) rose to an astounding 80.3% when the home team tallied the first run (which occurred in 53.8% of the games despite the fact that home team bats second in an inning) and fell to 54.2% when the visitors scored first.  

2 – The home field advantage would be greater for teams that routinely fill up their ballparks than for teams with customarily empty seats.  
Smith and Groetzinger (2010) performed an impressive study, combining data for the years 1996 through 2005 from the Retrosheet and Baseball Archive databases with weather information from the National Climatic Data Center, along with the Questec pitch monitoring system for 2001 and 2002.  They examined attendance measured as percentage of ballpark capacity (to defend against ceiling effects on raw attendance resulting from different seating capacities; in other words, to not shortchange a team such as the Red Sox for playing in a small park) and, after controlling for weather, the presence of a promotion, and day and time of game, noted over the 1996 to 2003 period that a one standard deviation increase in attendance (equivalent to about 25%) was associated with 0.64 more runs, 0.79 fewer strikeouts, slight increases in doubles, triples and home runs, and a .055 better winning average for the home team; a 43 percent increase in attendance was related with a drop of one earned run per game for the away team.  This proposal has the following corollaries: 

a – Having a new ballpark, which generally increases attendance, will result in a larger advantage.  Wann, Fortner, Schrader and Rosenberger (1997) noted that winning averages for teams improved significantly from before opening a new ballpark to after for 16 teams moving between 1960 and 1992, from .480 for the three previous years to .516 for the three subsequent, while Watson and Krantz (2003) calculated an increase in home-field advantage for 14 teams opening a new park during the same general period (.523 for five years before to .564 for five years after).  If this is associated with increases in attendance, then the psychological impact hypothesis gains further support, and this was the case in the Watson/Krantz sample (from 1,549,583 to 2,314,874).  
b – Better weather increases attendance and so the advantage.  Evidence here comes from Kent and Sheridan’s (2011, more than 35 thousand games from 1987 to 2002) analysis of the impact of cloud cover; home field advantage was at 56 percent during clear day games and 52 percent when cloudy, perhaps because attendance is lower.

c – The more important the game, the greater the attendance and so the advantage.  Lei and Humphreys (2013) proposed a measure of game importance (GI), based on either how far a team leading a divisional or wild-card race is ahead of the second place team or how far a team not leading is behind the team that is. Smaller differences imply higher GI scores. Unfortunately, as the authors note, their measure is not weighted by how far in the season a game occurs, so that GI will be the same for a team one game ahead or behind after the 1st as the 161st game.  Anyway, in Retrosheet data from 1994 through 2010, GI was positively related with both attendance and home team winning average.  The authors did not know to relate all three, but we can conjecture that game importance raised attendance which increased home field advantage in turn.

d –  This one is speculative, but the Hirdts (Siwoff et al.,1992, page 27) uncovered a weak but interesting relationship between home field advantage and relative team strength.  Including all matchups between 1900 and 1991, the home field advantage when the competing teams were fewer than 5 games apart in the standings was .545; when 5 to 9 apart, .542; when 10 to 14 apart, .538; when 15 or more apart, .537.  My own very speculative explanation requiring research to evaluate is that attendance is higher when the two teams are closer in the standings, resulting in more crowd support.

Jones (2015) provided a possible explanation for the crowd effect.  He posited that perceived crowd hostility causes increased stress on the part of the visiting team, resulting in decreased attentional resources.  To the extent that those resources are applied to one’s individual performance, less is left over for teamwork.  The implication is that home field advantage is due to poorer visiting team teamwork.  His evidence is that baseball has the least requirements for teamwork among the four sports he studied, leading to the lowest home field advantage.  However, he also claimed that football has the greatest requirements among the four, but its home field advantage is less than that for soccer and basketball.  Therefore, although his proposal may have some value, it is not consistent with his own data.  This leads credence to the next possible explanation for the crowd effect.

3 – A noisier environment implies more fan support and so a larger advantage.  Zeller and Jurkovac (1989), looking at more than 35,000 MLB games between 1969 and 1986, saw that teams with domed home parks won 10.5 percent more games at home than on the road whereas those with open-air parks won only 7.2 percent more, a difference that could be attributed to louder noise in the domes.  Romanovich (2012) replicated the Zeller/Jurkovac observation for the 2001 through 2009 period; the home-field record for domed stadiums was .569 during these years versus .540 for open-air. Retractable-roof stadiums were intermediate, at .547, which makes sense in this context, but in the years with available data (2003-2009) these were only slightly more advantageous for the home team than when closed (.540) rather than open (.537). 


Using 2015 to 2018 batter performance (I believe individual player hits divided by plate appearances) data from Retrosheet and attendance figures divided into five categories (less than 10K, 10K to 20K, 20K to 30K, 30K to 40 K, and more than 40K) from mlb.com, along with various control variables, Wen-Jhan Jane (2022) uncovered a more complicated relationship than earlier research implied.  Home team players peaked in the 30K to 40K range whereas away team players did so between 20K and 30K.  Although present in every inning, the effect for the away team players was strongest in the 9th and later innings, with the peak now between 10K and 20K.  However, there was evidence that “star” players, defined as those who had been All-Stars the previous season, improved throughout as attendance rose.   

Despite this last study, and as noted above, fan support was the most strongly supported potential explanation for home field advantage prior to 2020.  However, it received a crucial test during the 2020 two-month COVID season, in which the stands were empty other than cardboard cutouts poorly representing people.  In contrast with the implication that home field advantage would shrink, several studies found it to be larger than usual during that season.  For example, Daniel and Fullmer (2020) noted home team run (0.238) and winning average advantages (.557) that season as compared with 2017 (0.225 and .540), 2018 (0.154 and .528), and 2019 (–0.012 [!] and .529).  Others reporting a higher 2020 advantage include Chiu and Chang (2022), Higgs and Stavness (2021), Losak and Sabel (2021), and Zimmer, Snyder, and Bukenya (2021; these latter authors claimed that 2020 was no different than 2015 to 2019, despite clear evidence in their results that it was).  The following data compiled by Ben Clemens (2020f) is consistent with these studies, as the home field advantage in these indices during the first three weeks of the 2020 season.
	State
	BB%
	K%
	HBP%
	HR%
	AVG
	OBP
	SLG

	Home
	9.5%
	22.6%
	1.3%
	3.7%
	.244
	.323
	.427

	Away
	8.8%
	23.8%
	1.2%
	3.4%
	.238
	.313
	.405

	Home Ratio
	1.081
	0.95
	1.104
	1.105
	1.025
	1.032
	1.054


… did not differ from those in the 2010-2019 interval: 
	Split
	BB%
	K%
	HBP%
	HR%
	AVG
	OBP
	SLG

	Home
	8.4%
	20.3%
	0.9%
	2.9%
	.257
	.325
	.416

	Away
	7.8%
	21.2%
	0.9%
	2.8%
	.249
	.314
	.401

	Home Ratio
	1.076
	0.958
	1.025
	1.034
	1.032
	1.037
	1.039


4 – Larger crowds and the resulting noise results in umpire bias toward the home team.  In a review of home field advantage across a wide range of sports, Nevill and Holder (1999) proposed this to be the most significant contributor to home field advantage, but relevant evidence from MLB was then more than a decade away.  Turning to it, in an analysis of 1.5 million pitches using early PITCHf/x data, Dave Allen (2011) uncovered a tendency for umpires to have made fewer errors on pitches outside the “rule book strike zone” (12.3% versus 13.4%) and more errors on pitches within the RBSZ (20.0% versus 19.6%) in favor of the home team as compared with the visitors, amounting to a greater bias toward ball calls for the home team (3.6 extra per game versus 2.7).  Based on well over 100,000 games from the Retrosheet collection, Uelkes (2012) determined an overall advantage of 14.8 percent in strikeout/walk ratio for home over road starters.   Moskowitz and Wertheim (2011) reported noticeable home field advantages for pitches within 1.5 inches of the corner of the strike zone, i.e., close pitches, of about .0075%, which increased to over .01% on two-strike counts, about .025% on three-ball counts, and .047% on full counts.  The authors then estimated that this would result in 516 fewer strikeouts and 195 more walks for the home team’s offense.  More recently (2015-2019), Ben Clemens (2020f) noted pitches taken by batters to have been called strikes in favor of the home versus road teams to be 52.2 percent versus 54.3 percent when touching the border of the strike zone, 70.5 percent versus 71.2 for the first pitch of plate appearances when taken by the batter, and 70.6 percent versus 71.3 percent with three balls when taken.  Incidentally, these differences pretty much disappeared during 2020, which is inconsistent with the evidence described earlier showing increased home field advantages that seasons.


Two factors might complicate this picture.  One is game leverage.  Moskowitz and Wertheim (2011) noted that the home team was actually at about a 0.15 percent disadvantage in the proportion of called strikes in low leverage situations.  But this decreased to about a 0.06 percent disadvantage with average leverage, and then turned into about 0.22 percent advantage when leverage got high and 0.55 percent when it was very high. They also reported, without presenting the data, home field advantages for calls in base stealing, double plays, and other plays on the basepaths during high leverage.  Phil Birnbaum (2011) was not convinced.  Phil reasoned that if the road team prospered on umpire calls with low leverage, given that early innings of games tend to be lower leverage than later, the home field scoring advantage should be higher in later innings.  Using Retrosheet data from 1957 to 2007, here are the inning-by-inning percentage differences between home and away run scoring, both in general and with either team having a four-or-more-run lead (which is always low in leverage):
	Inning
	Percent
	With 4+ Run Lead

	1
	+18
	

	2
	+10
	+19

	3
	+11
	+10

	4
	+8
	+13

	5
	+10
	+9

	6
	+8
	+8

	7
	+7
	+8

	8
	+6
	+5


These findings are opposite what would be expected given Phil's reasoning.


The second complicating factor could be potential surveillance via camera.  Consistent with a study by Parsons, Suleiman, Yates, and Hamermesh (2011) to be described in the Umpire chapter, Moskowitz and Wertheim (2011) reported called strike rates during high leverage of 32 percent for home team and 39 percent for away team batters without the Questec system allowing for reviewing umpire calls operating but a reversal to 45 versus 35 with it.  However, in the Smith and Groetzinger (2010) study described earlier, the authors could not find any analogous differences when contrasting ballparks with and without Questec..  


Now we turn to the crux of issue; that higher attendance increases home field advantage in pitch calls.  Again beginning with Moskowitz and Wertheim (2011), in the games classified in the upper one-fifth in attendance, home teams received 263 more walks and 39 fewer strikeouts on called pitches than away teams.  In the lower one-fifth attendance games, the respective numbers were 33 more walks and 54 more strikeouts.  In the Smith and Groetzinger (2010) study there was a decrease in home team strikeouts as attendance rose.  Kim and King (2014), using 2008-2009 data, calculated the odds of a pitch of strike calls for pitches outside of the RBSZ to have increased by 7.8 percent in favor of home teams; read off of a diagram, the home team advantage for pitches within the zone being called balls appears to have been about 3½ percent.  Also off diagrams, the effect for attendance looks like about 2 ½ percent for the former and 1 percent for the latter, further support for that explanation.  Brian Mills (2014), with data from the same general period (2007-2010), also found pitch calls to have been in favor of the home team, but in this case the advantage was unaffected by attendance.


All in all, fan support does appear to be a factor in home field advantage, along with home team familiarity with their ballpark and distance and in particular direction of travel. 


In addition to what I reported here, there was a debate in the academic social psychological literature concerning the possibility of a home team disadvantage during deciding games of post-season play.  It turned out that this tendency was limited to the Yankees during the mid-20th century.  As it is interesting in its own right but peripheral to the main thrust of this section, a relevant discussion can be found in Appendix 6.
Batter/Pitcher Match-ups

Does Good Pitching Really Stop Good Hitting


It is often said that good pitching stops good hitting.  Nonetheless, Johanson and Brooks (2008) quoted Casey Stengel as quipping that this is true except when good hitting stops good pitching.  Casey was correct.  In truth, good hitting does better against good pitching than bad hitting, and good pitching does better against good hitting than bad pitching.  There have been numerous demonstrations of this fact.  Supporting the first half of that statement, and based on 60 National League regular position players from 1990 (with the article not stating how they were chosen), Johanson and Brooks noted a linear decrease in offense (measured in terms of the proportion of “successful” at bats, i.e., those ending in hits, walks, or sacrifices) as pitcher earned run average improved.  Getting to the central question, Rob Mains (2019p) compared the top five pitching and batting teams' winning average against one another for each season between 1998 and 2018.  Good pitching teams did better, but barely.  Comparing the five best pitching teams via DRA with the five best hitting teams via DRC+, the former group's winning average was .502; comparing FIP– with wRC+ (courtesy of FanGraphs), .503; comparing ERA+ with OPS+, .513.


The following three studies from the TMA group (Tango, Lichtman, and Dolphin, 2006), based on a Retrosheet 1999 to 2002 data set of hitters with and pitchers facing at least 800 plate appearances, compared batters and pitchers of different quality levels on various metrics.  All of them show that good does better than bad for both, but the more interesting question is whether any interaction effects emerge.  If, for example, an interaction effect shows that that batters high in skill A do particularly well against pitchers with tendency B as compared with other batters and pitchers, this interaction would be a reason for putting bench player Smith who is high in skill A in the lineup against pitcher Jones who has a strong tendency B; in other words, a reason for platooning.  The first of these studies (page 93) provided wOBAs for hitters facing all versus only “good” pitchers (unfortunately they did not define their criteria for “good”):

	
	Vs. Good Pitchers
	Vs. All Pitchers
	Difference

	Bad Hitters
	.260
	.304
	.044

	Average Hitters
	.296
	.348
	.052

	Good Hitters
	.358
	.417
	.059


A comparison between with good, average, and poor pitchers would have been better, but beyond the obvious good-is-better-than-bad point, note that the difference became more extreme as batters performed better.  This might indicate an interesting interaction effect between batter and pitcher quality, but, as Cliff Blau pointed out to me, these work out to about a 15 percent decrement for all three types of hitters.  The second (page 90) contrasts three different levels of the relationship between walks and strikeouts:  

	
	High BB/K Pitcher
	Medium BB/K Pitcher
	Low K/BB Pitcher

	High BB/K Batter
	.406
	.383
	.341

	Neutral Batter
	.374
	.351
	.312

	High K/BB Batter
	.360
	.325
	.300


The high, medium, and low BB/K pitcher columns go down 46, 58, and 41 points, respectively.  There could be an interaction here, although I would bet against it.   The third (page 91) is analogous:

	
	High Contact Pitcher
	Neutral Pitcher
	Low Contact Pitcher

	High Contact Batter
	.359
	.340
	.312

	Neutral Batter
	.365
	.349
	.325

	Low Contact Batter
	.383
	.375
	.335


In this case, the three columns go up by 24, 35, and 23 points, respectively, again showing a possible but unlikely interaction effect.


The Hirdt brothers (Siwoff et al., 1991, pages 71-72) uncovered evidence that pitchers “win” the first batter-pitcher match-up relative to later ones.  They compared the outcomes of all 6942 first-ever match-ups between 1980 and 1990 in which the two faced one another at least 15 times in the same and following seasons, with results for subsequent match-ups prorated to that 6942:

	Match-up
	Hits
	Homers
	BA
	OBA
	SA

	First
	1562
	114
	.250
	.316
	.362

	2-5
	1673
	154
	.267
	.327
	.403

	6-15
	1685
	150
	.269
	.326
	.405


It appears that the pitcher’s advantage evaporates immediately after the first plate appearance.  See Dan Fox (2006m) for a replication for 2000 through 2005.

Nate Silver (2003b) used 2002 Retrosheet data to break down batter/pitcher match-ps by “power” vs. “finesse,” based on the square root of (walk rate X strikeout rate).  The second and third columns compare power and finesse pitchers with all batters; the fourth and fifth columns power and finesse batters against all pitchers.  He defined finesse for both batters and pitchers was defined as .10 or less and power as 

.14 or more, which resulted in about one-third of the pitchers in each of these categories.  
	
	Pitchers
	Batters

	Metric
	Power
	Finesse
	Power
	Finesse

	BA
	0.24
	0.28
	0.26
	0.27

	OBA
	0.34
	0.33
	0.36
	0.31

	SLG
	0.39
	0.43
	0.46
	0.39

	K%
	21.9
	13.3
	22.4
	13.6


So, all batters hit better and walk (as shown by subtracting BA from OBA) and strikeout less against finesse pitchers, and all pitchers give up more walks and extra base hits against power hitters.  No surprises here.  Next, looking for possible interactions, Nate compared the data with match-up predictions based on (I am guessing) Dallas Adams' log5 method to be described later in this section:

	Pitcher
	Power
	Finesse
	Power
	Finesse

	Batter
	Finesse
	Power
	Power
	Finesse

	
	Actual
	Expected
	Actual
	Expected
	Actual
	Expected
	Actual
	Expected

	BA
	0.24
	0.24
	0.28
	0.27
	0.24
	0.24
	0.28
	0.28

	OBA
	0.31
	0.32
	0.36
	0.36
	0.37
	0.37
	0.31
	0.31

	SLG
	0.36
	0.36
	0.49
	0.47
	0.43
	0.43
	0.41
	0.41

	K%
	18
	17.7
	17.6
	17.7
	27.6
	28.2
	10.2
	10.5


There are no interaction effects, i.e. batters(pitchers) of each type do not perform differently than would be expected given the general tendencies represented by the simulations. Overall, there is no evidence here for platooning based on any of these tendencies.

In a two-part series, Steve Staude (2013a, 2013b) estimated strikeout rates for match-ups between batters and pitchers, with the rates corrected for distinguished by the handedness of the pitcher/batter being faced.  His work was based on play-by-play data from 2002 through 2012 (Retrosheet?), encompassing more than 1½ million plate appearances, and limited to match-ups with 600 pitcher PAs and 300 batter PAs against the relevant handedness.  The article has several complex charts showing the match-up patterns as individual batter and pitcher K% varied.  Steve included one simple table showing match-up rates at selected individual rates:

	
	Pitcher’s K%

	
	10%
	15%
	20%
	25.0%

	Batter’s K%
	10%
	5.3%
	7.8%
	12.0%
	14.6%

	
	15%
	8.1%
	11.4%
	16.0%
	20.8%

	
	20%
	11.8%
	15.6%
	20.6%
	26.9%

	
	25%
	13.6%
	21.0%
	24.6%
	34.9%


There is once again no evidence favoring an interaction effect, as corresponding cells have equivalent figures; for example, pitcher 15%/batter 10% has a match-up figure of 7.8% while batter 15%/pitcher 10% has a match-up rate of 8.1%).  The 25%/25% cell may be an outlier due to relatively small sample size (759; Steve guessed that it should have been more like 31%).  The following equation provides an estimated match-up rate, with B representing batter and P pitcher strikeout rate against the handedness of the pitcher/batter faced:

B X P

divided by

(0.84 X B X P) + 0.16

In the second article, Steve added a couple of other types of formulas based on respondent suggestions, and displays error rates for all of them.

Groundball/Flyball Tendencies: An Exception

An exception that does suggest a potential platoon are groundball/flyball rates.  Even before Jim Albert’s (1994) evidence that groundball/flyball tendencies matter, we had relevant supportive data (see also Jim's 2014g, showing evidence that higher [lower] fly[grounder] rates equates to higher batter productivity).  John Dewan and Don Zminda (1990) defined groundball pitchers as giving up and groundball batters as hitting at least 1.5 grounders to flies and flyball pitchers and batters as responsible for more flies than grounders.  In 1989, groundball hitters had higher batting averages (.264) but lower slugging averages (.351) than flyball hitters (.248 and .414); note that this means a marked difference in isolated power (.087 versus .168) as one would expect.  Similar findings occurred for groundball (.265 and .376) and flyball (.249 and .393) pitchers, although note that the difference in slugging was less extreme (.111 versus .144) than for batters.   

Of particular interest are multiple pieces of evidence that pitchers tend to be comparatively more successful when facing analogous (groundball batters vs. groundball pitchers or flyball batters vs. flyball pitchers) hitters, whereas batters are relatively advantaged when facing the opposite (groundball batters vs. flyball pitchers or flyball pitchers vs. groundball batters.  The Hirdt brothers in the Siwoff et al. series were the first to describe this in a series of studies (1986, page 97; 1987, pages 157-158; 1988, pages 88-90; 1989, page 36; 1993, pages 25-26; John Dewan and Don Zminda, 1990, also uncovered this effect).  Gary Huckabay and Nate Silver (2003) provided a detailed breakdown of BA and SLG based on 1978-2000 Retrosheet data for batters and pitchers with at least 300 PA for or against, divided into quartiles:


     




Hitters


   
High FB
Moderate FB

Moderate GB

High GB
Overall

Pitchers

High FB
0.259         0.267              0.271          0.269       0.266
            0.462         0.442              0.426          0.384       0.430   

Moderate FB 0.267         0.270              0.272          0.271       0.270     
            0.459         0.429              0.415          0.382       0.426        

Moderate GB 0.272         0.274              0.271          0.275       0.273   
            0.454         0.427              0.401          0.378       0.415        

High GB
0.279         0.276              0.273          0.268       0.274       
            0.447         0.416              0.391          0.358       0.403   

Overall     0.269         0.272              0.272          0.271
            0.456         0.429        
    0.408       
 0.376
SLG increased with flyball rate for both pitchers and batters, but more so for the latter, implying greater responsibility for the increases.  In contrast, BA differed more for pitchers than batters, but also noteworthy is an interaction effect such that it was higher for the two most extreme opposite-trajectory combinations (both high in either GB or FB) than for most extreme-same trajectory groups (one high in each).
The TMA group (Tango, Lichtman, and Dolphin, 2006, page 88) computed the following wOBAs from the same data set as their studies described above:

	
	Flyball Pitcher
	Neutral Pitcher
	Groundball Pitcher

	Flyball Batter
	.364
	.376
	.374

	Neutral Batter
	.347
	.350
	.344

	Groundball Batter
	.335
	.337
	.313


Flyball batters were a bit better against groundball pitchers and groundball hitters more than a bit better against flyball pitchers.


As for grounder ball rate itself, Ben Clemens (2020k) divided pitchers and batters into quartiles for groundball rate in 2018, defined as launch angle of less than 8 degrees, and then crossed the two, resulting in sixteen categories.  The following breakdowns show grounder rate increases to be about the same for both pitcher and batters, implying an equivalent responsibility for the outcome:
	
	Pitcher

	Hitter
	Hi FB
	Mod FB
	Mod GB
	Hi GB

	High FB
	29.0%
	36.0%
	37.4%
	43.2%

	Mod FB
	35.0%
	39.1%
	44.0%
	48.3%

	Mod GB
	38.5%
	44.3%
	48.8%
	54.8%

	High GB
	46.6%
	49.0%
	52.4%
	59.9%



A number of researchers have looked for underlying causes of these tendencies.  
Shane Tourtellotte (2015a; all batters with 150 PA and pitchers with 50 IP in 2013 and 2014; 399 and 394 batters and 326 and 330 pitchers for those years) offered the following batted ball type figures.  Along with evidence that same/opposite trajectory matches came out as expected, opposite-trajectory batters hit more liners, the most productive hit type.  
	2014 Batted Ball Trajectories

	Batter/Pitcher
	GB%
	LD%
	FB%
	Balls in Play

	All/All
	44.8
	20.8
	34.4
	~125K

	GB/GB
	74.1
	16.3
	9.7
	652

	GB/FB
	45.2
	21.2
	33.6
	684

	FB/GB
	45.8
	23.9
	30.2
	589

	FB/FB
	20.5
	17.8
	61.6
	730

	Neut./Neut.
	43.4
	21.4
	35.1
	1,068

	2013 Batted Ball Trajectories

	Batter/Pitcher
	GB%
	LD%
	FB%
	Balls in Play

	All/All
	44.5
	21.2
	34.3
	~126K

	GB/GB
	69.0
	17.8
	13.2
	870

	GB/FB
	40.9
	22.4
	36.7
	687

	FB/GB
	46.7
	22.2
	31.1
	807

	FB/FB
	23.9
	18.8
	57.3
	756

	Neut./Neut.
	41.6
	21.0
	37.4
	1,100



Continuing the work described above in his 2020k, Ben Clemens web-posted two additional articles in which he examined relative batter/pitcher responsibilities for different event types.  His method throughout was to examine 2019 event rates for 2019 divided into quartiles based on 2018 event rates.  The first one (2020j, 2020k) involved home runs per fly ball:    
	
	Pitcher

	Batter
	lowest
	low
	high
	highest
	Total

	lowest
	8.3%
	6.7%
	7.0%
	9.4%
	7.7%

	low
	9.4%
	10.5%
	11.9%
	10.7%
	11.0%

	high
	11.6%
	13.1%
	13.5%
	14.8%
	13.1%

	highest
	15.3%
	15.4%
	15.9%
	16.9%
	15.7%

	Total
	10.9%
	11.5%
	12.1%
	12.9%
	


Both between the totals and among the quartiles the batter variation is larger of the two, and probably responsible for the analogous result for SLG in the Huckabay and Silver (2003) data above.  In his 2020L, Ben began with line drive rates:

	
	Pitcher

	Batter
	lowest
	low
	high
	highest
	Total

	lowest
	22.8%
	24.8%
	23.6%
	25.8%
	23.2%

	low
	25.8%
	25.8%
	25.6%
	26.4%
	24.8%

	high
	25.2%
	26.1%
	26.3%
	26.3%
	24.8%

	highest
	26.7%
	28.3%
	27.9%
	27.2%
	26.6%

	Total
	25.5%
	26.5%
	26.2%
	26.6%
	25.5%


Looks like batters have some impact, pitchers next to none, with most variation random; which appears to be inconsistent with Shane Tourtellotte's (2015a) figures above.  Finally, popup rates:

	
	Pitchers

	Batters
	lowest
	low
	high
	highest
	Total

	lowest
	4.9%
	6.4%
	7.0%
	8.5%
	7.1%

	low
	5.7%
	7.9%
	8.6%
	11.6%
	7.8%

	high
	7.5%
	9.6%
	10.6%
	13.5%
	10.6%

	highest
	8.9%
	11.2%
	13.5%
	15.4%
	12.7%

	Total
	6.5%
	8.6%
	9.7%
	12.1%
	6.5%


In this case, both pitchers and batters have notable and approximately equivalent influence.


In other relevant work, Tom Hanrahan (1999a), based on 1992-1996 data, concluded that the fly ball/ground ball effect was stronger for batters who struck out a lot than for batters who did not.  

Joshua Silver (2020; Silver and Huffman, 2021, 2021a) used 2011 to 2019 Statcast data to formulate and test a neural network approach to predicting the outcomes of plate appearances.  Its predictive accuracy depended on the specific outcome predicted.  It was later paired with a run-expectancy matrix that allowed it to predict runs per inning specific to the pitcher-batter match-ups occurring in an inning.  Connor Turner (2021) reported on a Markov-based model with the same intent.  Heaton and Mitra (2023) proposed a model for predicting pitcher and batter performance in specific games that was trained on data for the 2021 season.  See Kato and Yanai (2022a) for a study of hit trajectories in the Korean Baseball Organization.
Insights specifically about distinctions between groundball and flyball pitchers can be found in the Pitching Issues chapter; groundball and flyball hitters in the Batting Evaluation chapter.
Do Batters(Pitchers) Really “Own” Particular Pitchers(Batters)?


Another relevant issue is the specific batter/pitcher match-ups that on-air announcers and some managers revel in.  In the chapter on Batting Metrics, I cover research revealing that small samples of at bats tell us next to nothing about player performance over the long haul, such as a season.  The sample sizes for batter/pitcher match-ups are always too small to be confident in any conclusion; a point Rob Wood (1989a) made many years ago.  One way to make valid estimates of specific match-ups is to use career batting/pitching metrics to adjust the match-up figure, providing an estimate of the “true” match-up figure.  The longer the career(greater the number of and more extreme the match-ups), the more the career(match-up) figures will impact on the estimated figure, and the more confident we should be of that estimate.  For example, Hal Stern and Adam Sugano (2007a, 2007b) used multi-level modeling techniques to make estimates of Derek Jeter’s “true” batting average against specific pitchers based on grouping together his performance against specific pitchers.  His career BA at the time of their analysis (July 23, 2006) was .316.  At this point, having something in the order of 6,500 at bats (a guesstimate I made based on the 6,167 he had at the end of 2005), Jeter's estimated match-up figures would be adjusted close to .316.  The highest estimate was .326 against Hideo Nomo (against whom he had gone 12 for 20 at that point), and lowest was .311 against Brad Radke (against whom he had gone 8 for 41).  Switching to the other side of the match-up, Mike Mussina’s career BAA at that time was .250 with about 12,300 at bats against under his belt (at the end of 2005, 11,800 ABs based on [3,014 innings minus 2,874 hits] X 2.83; thanks to Cliff Blau for that formula); specific batters ranged from .312 for Frank Catalanotto (based on 26 for 56) to .214 for Bill Mueller (0 for 23).  In this case, there was a lot more variability here than with Jeter, as Catalanotto had many more at bats than Jeter had against Nomo and Mueller's figure was far more extreme than Jeter's against Radke.  As even Catalanotto's 56 at bats are too a sample size to trust, there was a great deal of uncertainty around these estimates; the 95 percent confidence interval for Catalanotto went all the way down to .248 while that Mueller up to .279.  The TMA group (Tango, Lichtman, and Dolphin, 2006) used Retrosheet-supplied performance for 300 batter/pitcher combinations with at least 17 match-ups during 1999 and 2000 and 9 match-ups in 2001 to use the former to estimate the latter.  They concluded that the 2001 match-up outcomes were closer to the players’ career wOBAs than to their 1999-2000 match-ups.


In the 1983 Baseball Abstract, Bill James (pages 12-13) described how Dallas Adams had applied Bill’s log5 method for predicting the odds of one team beating another (described in the Team Performance chapter) to the batter/pitcher match-up issue, through the following three steps:
Step 1: Compute the following:

Batter's Average X Pitcher's Average Against

divided by

League Average

Step 2: Compute the following:

(1 minus Batter's Average) X (1 minus Pitcher's Average Against)

divided by

(1 minus League Average)

Step 3: Compute the following:

Result of Step 1

divided by

Results of Step 1 + Result of Step 2

Dan Levitt (1999a) evaluated log5's accuracy in the batter/pitcher context, using data from the 1996 STATS Baseball Scoreboard for 136 batters with 446 PA and all pitchers facing at least 100 batters in 1995.  STATS had subdivided the sample of pitchers into good, average, and poor categories (Dan didn’t mention STATS’s relevant criterion) and listed BAs for these batters against each of these categories.  Dan divided the batters analogously, resulting in nine comparisons (e.g., good batter/good pitcher, good batter/average pitcher) for each league separately.  Of the 18 comparisons across both batters and pitchers, log5 calculations were within five BA points of the actual figure 14 times, with the worst error (AL good hitters/poor pitchers) off by 14.  Tom Hanrahan (2001a), explicitly influenced by Dan’s work, replicated it for a larger sample (1984 to 1996), and in this case every combination was within five BA points.  The real issue Tom was aiming at was the “good pitching stops good hitting” question, and he saw his results as implying that pitching does not trump hitting, because if it did, then log5 predictions for these match-ups would be consistently higher than the outcomes, and in fact it was three points lower in his analysis.  In addition, for both Dan and Tom, no matter how good or bad the hitting(pitching) was, it improved as pitching(batting) got poorer, more evidence that Casey was right.  Tom tried to repeat this work for slugging average, but as SLG against pitchers was unavailable and as Tom later (2005) concluded that his estimation method was flawed, I will not cover it here.


Dan Fox (2005j) used log5 to compute the number of batter/pitcher match-ups with outcomes significantly different from chance given their and league average BA.  His data were 2003-2005 play-by-play (I'm guessing from Retrosheet) for batters with at least 50 PA and at least 5 matchups; N = 30,481.  Of these, only 956 (3.1%) led to more hits than chance would allow for given batter's overall BA.  The test is problematic because five match-ups are way too small a sample size, but further tests validated the reasonableness of this analysis.  Given league average, the actual number of 5 PA match-ups with either 4 or 5 hits (150) was close to the chance expectation (144).  This work provides evidence that (1) the outcome of batter/pitcher match-ups appears to be random over a large sample size and (2) log5 seems to works well in this context.  In a follow-up (2005k), Dan formed six BA-based groupings (.000-.199, .200-.249, .250-.274, .275-.299, .300-.324, .325-.454) and concluded that the log5 estimate for each grouping was within 1 or 2 percent o \f the actual match-up figure.


All three of these efforts displayed good accuracy, and aggregating data across quality categories as their authors did gives us a respectable sample size, which we would not have for individual batter/pitcher match-ups.  Further, the bigger the sample size, the more accurate log5 should be, as we see with Tom’s work above.  But all this raises the question of the variation within each grouping.  If the prediction for Batter 1/Pitcher 1 is 20 points too high and that for Batter 2/Pitcher 2 is 20 points too low, then the within-grouping discrepancies cancel out and we think log5 has done well when it hasn’t.  To solve this problem, match-ups need to be done by calculating each batter-pitcher combinations separately and then examining the overall results.  Using Retrosheet data from 2006, David Roher (2007) calculated the relative value of each event for run production, measured pitcher quality by Fair Run Average and batter quality through Equivalent Average, and used those figures to measure the impact of opponent quality on individual batter and pitcher performance.  The result, which he called Opponent Quality Effect (OQE), represented the extent to which a batter's(pitcher's) outcome depended on the specific pitcher(batter) in the match-up.  It turned out that OQE had a good deal of variation across players – in other words, a big difference among players in how much their performance was affected by opponent quality – but absolutely no relationship with measures of overall pitching and batting performance.  The implication is parallel to that from the work described earlier; at least in 2006, the relationship between overall batter and pitcher performance and the outcomes of individual pitcher-batter match-ups were distributed randomly.

One conclusion one might reach from this is that log5 provides an unbiased estimate such that prediction errors will fall evenly above and below the actual figure.  However, Morey and Cohen (2015) argued that applying the log5 method to batter/pitcher match-ups may result in biased findings because the method presumes a mean probability of .500, which is true for its original purpose – comparing team winning average –  but not for batting indices. Simulations for the 1996 through 2013 seasons based on data downloaded from Retrosheet and Lahman’s database resulted in BA (around .300) and HR (almost 8 per 100 ABs) consistently too high, with the bias more pronounced as true performance became more extreme. The first author’s alternative method worked better, although in this case producing underestimates.  However, one could interpret their too-high result with good pitching indeed stopping good hitting given the larger bias with more extreme performance. 

Healey (2015), using Retrosheet 2003 to 2013 data for every batter with at least 150 PAs against both righty and lefty pitchers, developed log5-based models for determining whether groundball rate influenced strikeout rate.  Basically, his models establish overall parameters for all four batter/pitcher handedness categories, which can then be used for predicting the strikeout and ground ball tendencies for specific batter/pitcher match-ups.  One interesting overall finding emerged; the closer the groundball rate (either high or low) of the batter and pitcher in a match-up, the greater the odds of a strikeout.  Healey's explanation rings true; groundball(flyball) pitchers tend to pitch under(over) bats and groundball(flyball) hitters tend to swing over(under) pitches, leading to more whiffs.  Healey claimed that his model allowed for smaller sample sizes than an alternative-based log5 for the same accuracy rate.  However, as with Morey and Cohen, extreme cases were poorly predicted.  Healey's method, based on logistic regression, allows for the relevant factors (in this case batter, pitcher, and league results for the relevant metric) to be weighted for relative importance.  But, as with any regression procedure, it runs into accuracy problems with small samples.  Doo and Kim (2018) proposed a "Bayesian hierarchical log5 model" that they claimed overcomes that problem and allows more accurate individual match-up predictions. They used it to predict OBA for match-ups in Korean Professional Baseball league using batter, pitcher, and league figures and found it to be more accurate than Healey's.  The addition of team Defense Efficiency Ratio (see the Fielding Evaluation chapter for a definition) to their model led to further accuracy increases.
log5 was designed to work for two-event situations; wins versus losses, hits versus outs.  Matt Haechrel (2014) proposed and mathematically justified a generalization allowing for probability predictions for multiple events (outs, singles, doubles, triples, homers, walks, hit by pitches), and using Retrosheet event data showed that the generalization did a good job of predicting the actual proportion of these events for the 2012 season.  Using 2000 to 2018 Retrosheet data, Harrison and Salmon (2019) used 5170 pitcher/batter match-ups with at least 35 at-bat-plus-walks as the basis for simulating 500,000 innings in which they randomized the match-ups in order to find the best sequence of pitchers for facing each simulated “lineup” of batters.  This provided them with 15 clusters of match-up types, with each cluster maximizing certain outcomes and minimizing others.  For example, Cluster 12 (the numbers serve only as labels) maximized strikeouts and homers but minimized doubles/triples whereas Cluster 8 maximized flyouts and groundouts.  They used these clusters to compare what actually occurred in two innings during the 2018 playoffs with what their simulations would predict were the best match-ups from the pitcher’s team’s point of view.  


Russell Carleton (2008q), in his Pizza Cutter identity, explained his method for measuring expected OBA in batter/pitcher matchups (which he did using Retrosheet data) as follows:


Step 1 – Convert batter, pitcher, and league OBA into odds ratios (OR) by dividing each by (1 minus OBA).


Step 2 – (Batter OR divided by league OR) X (pitcher OR divided by league OR), which gives you an expected OR for the matchup relative to the league.

Step 3 – Convert back to OBA by (expected OR divided by [expected OR + 2]).

(Russell had the end of Step 3 as dividing by [expected OR + 1], but that must have been a typo; thanks to Cliff Blau for experimenting with this formula and finding Russell's error).

 
Nate Silver (2003d) explored the effect of increased numbers of batter/pitcher match-ups on outcomes, another “which-stops-which” issue.  There is a selection bias here precluding a simple analysis of performance with number of times faced one another, because longer careers for each mean more match-ups, and better players have longer careers.  As a consequence, weaker players will drop out of the sample, meaning that overall means could wrongly imply that players improve as match-up PAs increase.  Nate's comparison of expected outcomes specific to each match-up came up with the usual finding; no consistent effect either way.


The Hirdt brothers (Siwoff, 1986, pages 77-78) examined fourteen combinations of pitchers and catchers who had faced one another at least five times on different teams, then ended up on the same team, and then separated and faced one another at least five more times, all between (I think) 1975 and 1985.  The slash line before becoming teammates were .196/.283/.332 (235 at bats); afterward, it improved to .281/.323/.449 (178 at bats).  Don Zminda of the STATS group (Dewan, Zminda, and STATS, 1998, pages 208-209) did the same for 1987 through 1997 with a much bigger set.  This time, the catcher slash line before catching a given pitcher was .248/.310/.377 in 9199 ABs; after catching the pitcher it was .259/.333/.409 in 6553 ABs.  Perhaps advantage to the catcher, but as the catchers' hitting against all pitchers may have improved over time, we would at the very least have to compare these data with batter career trajectories to see if these figures stand out. 


A different kind of match-up question – at the beginning of the season, are hitters or pitchers ahead of the other?  To answer it using 1991-2012 Retrosheet data, Max Marchi (2013a), after controlling for temperature, which increased run scoring by about 0.2 per 10-degree difference, calculated that run scoring went down about 0.60 runs between the first and sixtieth games of the season, implying that defense indeed began behind offense and then caught up.  Just to make sure it was pitchers and not fielders who were behind, Max examined Defensive Efficiency Record (the percentage of balls in play on which a team successfully makes a play; see the Fielding Evaluation chapter) and noted no large difference among months.

Batters versus Pitchers - Who is Responsible for Outcomes?


Asking who is responsible for the outcomes of plate appearances is a slightly different question than that just addressed.  As already noted, the work by Gary Huckabay and Nate Silver (2003) and Ben Clemens (2015j, 2015k, 2015L) both implied that batters were the more responsible.  Early on, based on the relative variation among them, Rob Wood (1990) calculated that batters, as opposed to pitchers, are 77 percent responsible for home runs, 66 percent responsible for slugging average, 65 percent responsible for on-base average, 64 percent responsible for strikeouts, 59 percent responsible for walks, and 58 percent responsible for batting average.  Russ Eagle (1988) did something analogous using mid-1980s data; standard deviations for several performance indices (in particular, doubles, triples, home runs, walks, strikeouts, even sacrifice hits and hit by pitches) were considerably higher among 217 hitters than 198 pitchers with roughly the same number of plate appearances; the only exceptions were hits (surprisingly) and sacrifice flies.  Unfortunately, neither effort distinguished pitching outcomes from the team fielding context in which they occur.  For this reason, those metrics that can be contaminated by fielding, such as Rob’s numbers for BA, SA, and OBA and Russ’s numbers for double and triples, cannot be trusted.  However, the defense-independent indices both included – walks, strikeouts, and homers – can be trusted, clearly favor the batters.

Alamar, Ma, Desjardins, and Ruprecht (2006, 2001-2003 play-by-play data obtained from STATS) attempted, as noted in their article’s abstract, “to determine the percentage of the outcome of an at bat that is controlled by a pitcher and the percentage that is controlled by the batter.”  The attempt was statistically sophisticated, based on expected run values for all base-out situations weighted by game-situation variables (out, base, league, ninth inning, extra inning, batter lineup position, and park effect), then estimated separately for each batted ball location and type (fly, grounder, liner, pop-up), all of which were regressed on pitcher and batter indices to see how much variance each accounted for in their chosen indices.  Unfortunately, their index choice was poor.  For batters, they used strikeouts per plate appearance and home runs per plate appearance, which are good choices but incomplete without walks.  For pitchers, they chose strikeouts per home run allowed and outs per bases allowed.  The latter is biased by team fielding; the former strikes me as uninformative.  At no point do the authors provide rationale for these choices.  In my opinion, they should have used homer, strikeout, walk and hit rates for both batter and pitchers, after correcting the last of these for team fielding (Defensive Efficiency Record would have been a good enough corrector).  Anyway, the authors conclude that batters are responsible for 62 percent of expected run value and pitchers are responsible for the remaining 38 percent.  Based on pooling specific batter/pitcher pairings that occurred at least 30 times between 2003 and 2005, he concluded that hitter ground ball rate accounts for 65 percent, batter strikeout rate 69 percent, and batter walk rate 63 percent of the odds that grounders, whiffs, and walks would occur on a given at bat.  In summary, batters seem to be about 60 to 70 percent responsible for outcomes of plate appearances.  In addition, in Healey's (2015) models described above the batting component was stronger than the pitching component in most overall tests, although not necessarily for individual match-up examples included as demonstrations. 



Using 2019 Retrosheet data, Jim Albert (2020h) estimated the relative amount of variability in batter and pitcher figures, in so doing providing evidence of which was more responsible for the result.  Batters contributes a little less (0.9) to launch angle, but about 1.15 as much for walks, 1.25 as much for whiff rates, 1.4 as much for hits on balls in play, 1.5 as much for hit by pitches, 1.6 as much for strikeouts, 2 times as much for exit velocity, and 2.5 as much for homers.  


In conclusion, in the case of most measures, batters seem to be more responsible than pitchers for the outcomes of plate appearances.  See the Swing Decisions section of the Batting Strategy chapter for discussion of the interlocking strategic decisions of the pitcher on pitch location and of the batter on swinging. 
Late-Inning Pressure Situations


During the 1980's and 1990's, significant attention was placed on a break-down with the intent of distinguishing player performance with the game on the line, in other works “clutch hitting,” from performance at other times.  Analysts proposed definitions of what counted as a game-on-the-line situation.  Two of these were Elias’s “late inning pressure situation”  (hereafter LIPS; seventh inning or later, batter’s team either tied or behind by three or fewer, four runs if bases loaded) and STATS’s “close and late” (seventh inning or later, either one run ahead, tied, or behind with potential tying run on base, at bat, or on deck.)

Using the LIPS conception, Jim Albert and Jay Bennett (2001) examined Elias batting average data from 1984, 1986, 1987, 1988, 1990, and 1992 for the American League, and reported the following: Overall, batters performed worse in LIPS than not (.253 versus .263), with the difference accentuated with runners in scoring position (.250 against .265), likely because they were likely facing good relievers.  Although there was no appreciable difference for runners in scoring position (.250) compared to bases empty (.248), first base only (.271) was higher, perhaps because of the first baseman holding the runner.  Cy Morong (2003, 394 team-seasons between 1989 and 2002) compared “close and late inning situations” with “not-close and late inning situations” for entire teams rather than individual players.  Cy demonstrated that regression equations including separate indices representing “close” and “not close” hitting did not add much more variance than regression equations not distinguishing them (83 percent versus 80 percent), and the regression coefficients in those equations representing the “not close” indices were considerably larger than the coefficients representing the “close” indices.


The LIPS and close and late conceptions were a good start but are unacceptably imprecise.  LIPS equates, for example, bases loaded/two outs/ninth inning/one run behind with no baserunners/two outs/seventh inning/three run behind, which is clearly misleading.  The desire for more precision implies the need for a quantitative index rather than a dichotomous conception.  An early effort to produce a “clutchness” index was the Mills brothers’ (1970) Player Win Average, which is described in the Offensive Evaluation chapter.  It is a problematic measure, but the concept of clutch that is implied there meets what we are looking for.  Even before the Mills brothers, in a Sporting News article that I remember reading and being captivated by in my youth, Sudyk (1966) reported on a method for measuring clutchness developed by Chuck Mullen and implemented by IBM.  Situations were rated on their “pressure factor” on a 155-point scale based on inning, run differential, outs, and base runner placement; for comparable examples, a 5-point situation was ninth inning, four run lead, no outs, no baserunners, whereas a 120-point situation was ninth inning, score tied, one out, runners on second and third.  For the American League 1965 season, Harmon Killebrew was rated as the best clutch performer due in part to a .866 batting average in 120-point situations.  Obviously, sample sizes for these situations were far too small for individual player figures to be trusted.  Although the author did note that “A one-season compilation is not enough” (p. 20), there was no true recognition of this issue.  The idea of rating situations on a scale, however, is a significant contribution, one that the Mills brothers continued.

  Tom Hanrahan (1989, 2001) provided a further step in the correct direction by defining clutchness by the difference between the run expectancy for each base-out situation along all possible good (hit, walk, stolen base) and bad (out, caught stealing) outcomes, based on Pete Palmer's inning-independent estimates.  The problem with Tom’s conception, however, is that most people see clutchness as dependent on inning and score along with base-out situation.  What was needed was a combination of the Elias/STATS connotations with Tom’s precision.  When we do so, we come up with the concept of leverage, a measure of the extent to which the outcome of a plate appearance determines the outcome of the game. Jim Albert (2017, page 100) provided a technical description of leverage; for a given plate appearance, “leverage is the weighted average of the sizes of all of the changes in win probability [given all possible outcomes of the PA], where the weights are proportional to chances of these events happening.”  The concept was independently introduced by Tom Tango (see Woolner, 2005), who coined the term, Phil Birnbaum (2003, using the term “relative importance”), and Pete Palmer (in 2005; he called it “stress,” but as far as I know he did not make the term public).  Tom's method involves the change in the probability of winning from either scoring or giving up a run at a given point relative to the probability at the beginning of a game, based on the base-out-inning situation and run differential between teams.  We ignore inherent talent and home field differences between teams and assume that the game begins with a 50 percent chance that each team will win.  Computationally, a one-run change in win probability associated with a given inning/out/baserunner situation is divided by 9.8.  This is because a leadoff home run in a game with evenly matched teams is credited with changing win probabilities for that team from 50 percent to 59.8 percent, an increase of 9.8 percent (and where that figure comes from).  

Tom (n.d.15) provided a table of leverage figures for every half inning, base-out situation, and run differential between + and – 4.  Russell Carleton (2013w) described in a nutshell how to interpret the resulting Leverage Index: “A Leverage Index of 1.0 means that this plate appearance is exactly average in how much it could influence the game (compared to everything else), and a Leverage Index of 2.0 is twice as important as that.”  Using Retrosheet 1993-2012 data, Russell computed the following leverage scores for the beginning of “the most important innings” (not defined clearly) for home (top of the inning) and visiting (bottom of the inning) teams when in the field, with the ninth including extra innings:
	Inning
	Score Differential
	Home Team
	Visiting Team
	

	
	
	Win Probability 
	Leverage
	Win Probability
	Leverage

	9th
	Up 1
	86%
	2.35
	82%
	2.93

	9th
	Tied
	52%
	2.05
	33%
	1.86

	8th
	Up 1
	76%
	1.93
	70%
	2.29

	8th
	Tied
	53%
	1.66
	36%
	1.52

	9th
	Up 2
	94%
	1.60
	92%
	2.06

	7th
	Up 1
	72%
	1.55
	62%
	1.83

	9th
	Up 2
	89%
	1.44
	
	

	7th
	Up 2
	84%
	1.39
	78%
	1.54

	7th
	Tied
	53%
	1.36
	
	

	6th
	Up 1
	69%
	1.34
	57%
	1.52

	8th
	Up 2
	
	
	84%
	1.82

	8th
	Up 3
	
	
	92%
	1.41


Note, for example, that a three-run lead at the top of the ninth, which counts as a save situation, is not included.  Dan Fox (2007; see also his 2007v under his pseudonym Dan Agonistes) provided the following 2006 average Leverage Indices per inning:

	Inning
	Leverage
	Inning
	Leverage
	Inning
	Leverage
	Inning
	Leverage

	1
	0.961
	5
	0.941
	9
	1.213
	13
	3.323

	2
	0.960
	6
	0.945
	10
	3.273
	14
	3.438

	3
	0.954
	7
	0.948
	11
	3.208
	15
	3.841

	4
	0.943
	8
	0.937
	12
	3.294
	16
	3.855


They are consistently just below average until the ninth inning.  Actually, the top of the ninth approximates those earlier whereas the bottom is close to those for extra innings, as there is only a bottom of the ninth if the home team is behind and, if the score is close, any baserunners have a huge impact.  Leverage in extra innings goes way up for both teams because one run is usually the ballgame.  (Pete provided figures with analogous implications, also showing that the bottom of the ninth was much higher than the top.)  Dan also supplied average run differential figures, which decrease as run differential rises:

	Difference
	Leverage
	Difference
	Leverage
	Difference
	Leverage
	Difference
	Leverage

	0
	1.496
	4
	0.434
	8
	0.048
	12
	0.003

	1
	1.439
	5
	0.265
	9
	0.029
	13
	0.001

	2
	0.981
	6
	0.157
	10
	0.018
	14
	0.000

	3
	0.669
	7
	0.094
	11
	0.006
	15
	0.001


The last column in particular would be based in tiny sample sizes.


In the Inning and Game chapter, I described work by Nate Silver (2004c) detailing the probability of scoring a given number of runs in an inning.  In his 2005c, Nate used these figures to compute win probabilities for given moments in the game.  Here is, using Nate's example, the probabilities of the home team winning a game following the bottom of the seventh inning:
	Score
	+5
	+4
	+3
	+2
	+1
	tied
	–1
	–2
	–3
	–4
	–5

	%
	98.2
	96.3
	92.6
	86.0
	75.1
	50.0
	25.9
	14.0
	7.3
	3.7
	1.8


As you can see, the probabilities differ very little with large run surpluses or deficits but quite a bit with small ones, which reflects differences in leverage.  One can use these figures to compute the change in win probability if a team scores a given number of runs in an inning.  To continue the example, with the score tied, one extra run would increase win probability by 74.1 minus 50 or 24.1 percent, scoring a second run by 86 minus 74.1 or 11.9 percent, and so on.  Nate then introduced One-Run Value Yield (ORVY). The ratio of the first increase by the second; in this case, 24.1 minus 11.9 or 2.02.  The higher the ORVY, the more valuable one-run strategies (sacrifice bunts) are relative to multiple runs.  In this circumstance, a one-run strategy would be a good choice.  ORVY has the following implications:

1 – The later in the game, the higher the ORVY, so the more valuable one-run strategies are compared to multi-run.

2 – When a team is one run behind, its ORVY will always be 1.  This is then the break-even point for scoring one run versus two.

3 – A team should never use a one-run strategy when trailing by more than one run, because the ORVY is too small.  Again, using that chart, ORVY when two runs back would be 11.9 divided by 24.1, which is 0.49.  Note that this is the inverse of the first example, which demonstrated that a one-run strategy would be good for a team two runs ahead.
Runners in Scoring Position


I start with some general information on run scoring from the bases, compiled by Russell Carleton (2024p) for 2023:
	
	Score from 1st
	Score from 2nd
	Score from 3rd

	0 outs
	41.7%
	60.4%
	84.1%

	1 out
	27.2%
	41.8%
	65.6%

	2 outs
	13.1%
	22.2%
	28.2%

	Total
	25.2%
	37.0%
	49.7%

	% of runs
	14.1%
	26.2%
	32.5%

	% of PAs in which baserunners scored, mid-1990's
	~5.3%
	~17%
	~39%

	% of PAs in which baserunners scored, early 2020's
	~5.6%
	~16¼%
	~37¼%


The first three rows list the odds of a baserunner scoring given the base-out situation; the fourth the overall odds from each base.  The fifth row shows the proportion of runs scored from that base; in addition, 26.2 percent of runs come directly from home plate via home runs.  The sixth and seventh rows, both estimated from graphs, are the percentage of plate appearances in which runners scored starting from each base in the mid-1990's and early 2020's.  The change in percentages are a sign of the increased reliance on extra base hits for run scoring across the years, as are the figures for scoring from the batter's box, up from about 2½ percent to about 3¼ percent. 

Turning specifically to runners on second and third, i.e. in “scoring position” (RISP; incidentally, Russell titled his 2024p “All runners are in scoring position”), the bulk of evidence supports the claim that overall batting performance generally improves.  Rob Mains (2018v), who has several webposts on this general issue, determined that in every year between 2000 and 2017, OPS was higher with RISP than without, by a varying amount annually averaging about 25 points.  Here are his stated reasons for the increase: “First, it’s harder to pitch when there are runners on base.  Pitchers have to abandon their windup and work from the stretch.  Fielders have to hold runners on and can’t position themselves optimally.  Pitchers get distracted by baserunners.  Catchers have to worry about runners at second base stealing signs.”  In addition, there is a selection bias, because weaker pitchers allow more baserunners and so face more RISP situations, and do worse in them, than good pitchers.  (Cliff Blau noted that sacifice flies only occur in RISP situations, and, as they are not included in SLG, decrease the bias.  Thanks to the same question from Kyle Farrar, Rob recalculated and found the difference to be lessened by about half.)   Rob (2018v) distinguished two groups, pitchers with ERAs at least half a run better and worse than league average.  Between 2010 and 2018, the “good” pitchers' opponent OPS varied from year to year between .037 and .074 worse with RISP than without; the “bad” pitchers differed from .150 to .180.  In other words, good pitchers fared relatively less poorly with RISP than without.  (Note; these differences dwarf the overall 25 point difference noted above, so either these or the earlier OPS is wrong; thanx to Cliff Blau for pointing that out to me).  However, Rob (2022f) also found evidence that in 2021 (269 pitchers with at least 60 IP), the difference between OPS with and without runners in scoring position correlated with OPS without runners on at –0.36.  This suggests that, unless this was a one-year fluke, pitchers who are bad(good) with RISP somehow have the best(worst) performance with RISP relative to without.  My very speculative guess at an explanation is that the more a pitcher relies on strikeouts, the better they are overall but the relatively worse they are when batters are trying to avoid K's, which evidence just below suggests they may be doing.  This issue needs validation through a multi-year data set.

 Moving to the batter's standpoint, Rob (2016c) divided all hitters with 400 plate appearances between 1998 and 2015 into five groups based on True Average and compared their performance with and without runners in scoring position, with each group totaling between 16 and 17 thousand PAs.  The following is a cut-and-pasted table of Rob’s findings, with parentheses meaning decreases:
	Quintile
	highest
	high
	medium
	low
	lowest

	BA
	.006
	.003
	(.000)
	.003
	.001

	OBP
	.042
	.028
	.024
	.022
	.020

	SLG
	(.007)
	(.003)
	(.005)
	(.000)
	(.001)

	ISO
	(.012)
	(.007)
	(.005)
	(.003)
	(.001)

	1B*
	0.83%
	0.49%
	(0.50%)
	(0.38%)
	0.11%

	2B*
	0.18%
	0.09%
	0.37%
	0.56%
	0.01%

	3B*
	0.05%
	0.04%
	0.15%
	0.15%
	0.07%

	HR*
	(0.51%)
	(0.29%)
	(0.01%)
	(0.03%)
	(0.10%)

	K**
	(0.96%)
	(0.52%)
	(0.23%)
	(0.27%)
	(0.13%)

	BB**
	6.44%
	4.42%
	4.02%
	3.33%
	3.16%

	UIBB**
	1.39%
	1.62%
	1.84%
	1.50%
	1.42%

	IBB**
	5.05%
	2.80%
	2.18%
	1.83%
	1.74%

	*Percentage of at bats
	
	
	

	**Percentage of plate appearances
	
	


Across all batters, plate appearances with RISP produced more walks and fewer strikeouts and homers; apparently, batters were relatively more concerned with plate discipline and making contact than with power in these situations.  Except for unintentional walks, perhaps because the #8 batter in lineups batted before the pitcher's spot in the N.L., these tendencies were greater as batting performance improved.  To this point, evaluating a relevant claim by John Smoltz, Rob (2021o), first divided batters with at least 200 plate appearances 2015 through 2019 into eleven 50-point OPS groupings, the best at 1.000 and over, the worst at 

.500 to .549.  He then compared the top and bottom quartiles in strikeout percentage within each grouping for the three slash categories plus OPS and RBI per plate appearance.  For ten of the eleven groupings, the lowest 25 percent K%, i.e. contact hitters performed relatively better with RISP than the highest 25 percent K%, i.e. the strikeout prone.  See Rob's 2017ac for historical data consistent with this tendency.  


More evidence lies in a SABR-L post by D. L. Willardson in July 2018, which noted O-Swing Percentage (the proportion of pitches outside of the strike zone at which batters swung) to correlate a bit negatively with the difference between BABIP with runners in scoring position versus overall (correlation of about –.15), with an analogous difference for BA (correlation of about –.19).  In plain English, the better that batters were at not swinging at pitches outside the strike zone, the better they did with RISP compared to without.  The sample included only 59 players who amassed at least 502 PAs in 2015, 2016, and 2017; a replication using more seasons and a larger sample would be welcome.  

Tom Ruane (2005b) found evidence inconsistent with the majority of work in 1960 to 2004 Retrosheet data for all batters with at least 3000 career at bats.  He determined that batters averaged 7 points higher in batting and 15 points in slugging with no runners in scoring position, the opposite of Rob Main's results for BA and more extreme than Rob's for SLG.  The two studies encompassed different periods, which may reflect a difference over time.

Thus far, the results described indirectly imply that batter success with RISP is a product of stronger overall performance, and there is little beyond that.  Direct evidence supports that implication at the team level.  Rob Mains (2021z) noted team winning average to be correlated with batting average(on-base average) with RISP at 0.37(0.52) and at a basically identical 0.35(0.56) without RISP between 1998 and 2021.  Limiting his inquiry specifically to scoring runners on third with fewer than two outs – with scoring success rate steady at about 70 percent 1970 to 2022 – Ben Clemens (2023h, 2023i) computed the following correlations for 2012 to 2022 (excepting 2020) team-level metrics between the first half of the season overall and the second half for runner on third/fewer than two outs:  
	Metric
	Correlation
	Metric
	Correlation
	Metric
	Correlation

	BB%
	0.087
	BABIP
	0.004
	SLG
	0.126

	K%
	-0.121
	AVG
	0.102
	wOBA
	0.137

	ISO
	0.101
	OBP
	0.136
	wRC+
	0.124


The relationships range from small to nonexistent.  In addition, there was no correlation between first and second half two out/runner on third success rates, implying a random success rate at the team level. 


Turning to the individual level and as mentioned earlier, Jim Albert’s early research (1994; Albert & Bennett, 2001) contrasting batting with and without RISP revealed a random distribution among but a bit of consistency within specific players’ relative performance, suggesting that there may be some difference in skill that cancels out across players.  Jim revisited the issue in 2002, noting a symmetrical distribution suggesting randomness in the distribution of differences between expected runs with and without RISP for all 1987 batters.    Tom Ruane (2005b), using Retrosheet data from 1960 through 2004 for all batters with at least 3000 career at bats during that interim, found a random distribution of differences between actual performance with runners on second and/or third and simulations based on overall performance across the batters.  Cy Morong (2003), as part of a study of late inning pressure situations to be described later, noted that the addition of a regression coefficient for runners in scoring positions to equations increased variance accounted for by a scant .003.  In summary, it seems that differences among batters reflect a random distribution, but it is not clear whether that means that differences in batter performance with and without RISP is totally random or that batters have characteristic differences that happen to be distributed randomly across them.

Day versus Night (and Doubleheaders)


Taken as a whole, the research described at the beginning of the chapter implies that pitchers are relatively more successful and batters less so in night games, although the differences are fairly small.  The only other studies I have found on the topic examined performance in day games following night games.  These were performed under the assumption that batters could well be tired when playing a day game after a night game whereas opposition starting pitchers would be relatively fresh, implying that offensive performance would decrease in that circumstance compared to other games. Mitchel Lichtman (2013c), using 1998 to 2012 data (probably from Retrosheet), uncovered a decrease of 6.2 wOBA points in day games following night games when compared to day games after either day games or an off day.  Analogously, Russell Carleton (2014q) studied the issue using (almost certainly Retrosheet) data from 2003 through 2013.  Again relatively speaking, outs on balls in play went up and extra base hits went down, to the tune of six or seven wOBA points.  The day game performance of players who had not appeared in the night game were unaffected. 

Under the same assumption. It follows that the second game of doubleheaders would also favor starting pitchers.  Indeed, Mitchel also noted a decrease of 8.1 wOBA points in the second game of a doubleheader when compared to all other games.  
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Appendix 1.  Earnshaw Cook's (1971) Method for Estimating of the Count on Outcomes of At Bats

Cook (1971) believed that the probability of a pitcher throwing a strike or a ball on a given pitch can be estimated algebraically starting with the ratio of strikeouts to walks, assuming that the former can be represented by three consecutive strikes and the latter by four consecutive balls, computing the odds of a strike and a ball given this assumption, and then correcting so that the sum of these odds equals one.  For example, during the decade of the 1950s, the probability of a walk was .0911.  If we assume that a walk can be represented by four straight balls, then the quadratic root of .0911 would be the “uncorrected” odds of a ball (.5495).  Analogously, the probability of a strikeout was .1192, and if we can assume that a strikeout can be represented by three straight strikes, then the cubic root of .1192 would be the “uncorrected” odds of a strike (.4922).  However, the total odds of a pitch either being a strike (whether batted or not) or a ball must be 1, and .5495 plus .4922 equals more than 1.  Therefore, these odds must be corrected so that they maintain the same ratio to one another but sum to 1; the result is a probability of .5275 for a ball and .4725 for a strike.


As with so much of Cook’s work, the assumptions involved are just not defensible.  The “root” assumption is that three-consecutive-strike strikeouts and four-consecutive-ball walks occur with the same probability, which is unlikely to be true.  Anyway, the acquisition of some detailed 1966 National League data, including that year’s odds for a strikeout (.15198) and walk (.07187) allowed Cook to compute the following averages for each pitch:

	Situation
	Probability Given Number of Pitches
	Overall Probability

	Ball
	Strike
	
	

	0
	1
	.53500
	.10347

	1
	0
	.46500
	.08993

	0
	2
	.28623
	.05535

	1
	1
	.49755
	.09622

	2
	0
	.21623
	.04182

	0
	3
	.15313
	.02961

	1
	2
	.39930
	.07723

	2
	1
	.34705
	.06712

	3
	0
	.10555
	.01944

	1
	3
	.28484
	.05509

	2
	2
	.37134
	.07182

	3
	1
	.21518
	.04161

	4
	0
	.04676
	.00904

	2
	3
	.33111
	.06403

	3
	2
	.28780
	.05567

	4
	1
	.12510
	.02419

	3
	3
	.30800
	.05956

	4
	2
	.20070
	.03881



So how to read this: The probabilities for the various options in the first column for the same number of pitches should equal 1.  For example, the two possibilities for the first pitch (.535 and .465) do indeed equal 1.  Problems begin appearing almost immediately.  The probabilities for the various options in the first column for the same number of pitches should sum to 1.  They do up to three pitches, but not for anything larger, because this arithmetic procedure presumes that all combinations of four, five, and six pitches are possible.  But they are not; one cannot have four strikes or five balls in at bat.  The second column was computed by dividing each probability in the first column by the sum of the probabilities for that column, which was 5.17087.  However, that sum cannot be trusted because, as noted, the probabilities for the various options making it up do not all sum to 1 (if they did, their sum would be 6).  Nonetheless, Cook used these numbers, along with the probability of getting on base other than by walk, to try to compute whether batters are better off taking or swinging given particular counts.  It’s a good idea but impossible to pull off given Cook’s data.


As with his work relevant to the inning described in that chapter, Cook should be commended for his attempt, but without the available data that attempt was guaranteed to fail.

Appendix 2.  Various Types of Performance at Different Counts When the Plate Appearance Ends with the Next Pitch (Don Malcolm and Sean Lahman, 1999; John Walsh, 2008a; Jim Albert, 2010b; Dave Smith, 2007)
	
	Malcolm/Lahman
	Walsh
	Albert
	Smith

	Count
	1998 OPS
	1997

OPS
	ex.runs
	hit%
	HR%
	GB%
	BA
	OBA
	SA

	0-0
	.896
	.881
	.000
	.346
	.043
	.27
	.328
	.333
	.515

	0-1
	.814
	.805
	-.004
	.304
	.023
	.37
	.313
	.321
	.469

	0-2
	.388
	.375
	-.106
	.282
	.016
	.39
	.157
	.167
	.226

	1-0
	.921
	.890
	.038
	.374
	.037
	.28
	.330
	.330
	.534

	1-1
	.848
	.825
	-.015
	.321
	.036
	.34
	.320
	.323
	.491

	1-2
	.441
	.416
	-.082
	.293
	.024
	.37
	.174
	.181
	.255

	2-0
	.999
	.973
	.104
	.370
	.045
	.29
	.343
	.342
	.595

	2-1
	.907
	.899
	.037
	.345
	.037
	.31
	.331
	.331
	.531

	2-2
	.497
	.485
	-.039
	.301
	.023
	.36
	.193
	.197
	.291

	3-0
	1.670
	1.736
	.220
	-------a
	.050
	.30
	.376
	.930
	.730

	3-1
	1.309
	1.307
	.142
	.317
	.046
	.33
	.346
	.678
	.601

	3-2
	.834
	.845
	.059
	.328
	.035
	.29
	.228
	.467
	.370


a – 3-0 excluded due to small sample size

Appendix 3.  Outcomes and Hit Types at Different Counts When the Plate Appearance Ends with the Next Pitch (Mike Fast, 2008)

	Ball
	Strike
	Total Pitches
	Total Safe
	Total Out
	Single
	Double
	Triple
	Home Run
	Field Error
	Other Safe

	0
	0
	22029
	0.341
	0.659
	0.214
	0.069
	0.007
	0.039
	0.012
	0.001

	0
	1
	17222
	0.329
	0.671
	0.222
	0.062
	0.005
	0.027
	0.012
	0.001

	0
	2
	7878
	0.319
	0.681
	0.228
	0.049
	0.005
	0.022
	0.013
	0.001

	1
	0
	14030
	0.344
	0.656
	0.212
	0.070
	0.007
	0.044
	0.010
	0.001

	1
	1
	16576
	0.334
	0.666
	0.214
	0.066
	0.006
	0.034
	0.012
	0.001

	1
	2
	14626
	0.326
	0.674
	0.220
	0.059
	0.006
	0.025
	0.014
	0.001

	2
	0
	5015
	0.355
	0.645
	0.202
	0.077
	0.007
	0.056
	0.012
	0.000

	2
	1
	10308
	0.349
	0.651
	0.212
	0.074
	0.007
	0.041
	0.014
	0.001

	2
	2
	14861
	0.330
	0.670
	0.215
	0.062
	0.009
	0.030
	0.012
	0.001

	3
	0
	251
	0.402
	0.598
	0.167
	0.120
	0.008
	0.092
	0.012
	0.004

	3
	1
	4393
	0.376
	0.624
	0.214
	0.083
	0.009
	0.056
	0.013
	0.001

	3
	2
	11019
	0.351
	0.649
	0.216
	0.070
	0.007
	0.045
	0.012
	0.001

	–
	total
	138208
	0.338
	0.662
	0.216
	0.066
	0.007
	0.036
	0.012
	0.001


	Ball
	Strike
	Ground Out
	Fly Out
	Pop Out
	Line Out
	Force Out
	Ground into DP

	0
	0
	0.208
	0.195
	0.073
	0.043
	0.036
	0.034

	0
	1
	0.270
	0.183
	0.067
	0.047
	0.034
	0.034

	0
	2
	0.291
	0.181
	0.070
	0.047
	0.039
	0.033

	1
	0
	0.225
	0.206
	0.078
	0.048
	0.031
	0.032

	1
	1
	0.267
	0.194
	0.070
	0.046
	0.031
	0.030

	1
	2
	0.293
	0.181
	0.076
	0.047
	0.033
	0.028

	2
	0
	0.218
	0.217
	0.077
	0.051
	0.028
	0.027

	2
	1
	0.254
	0.198
	0.075
	0.049
	0.026
	0.025

	2
	2
	0.278
	0.194
	0.076
	0.051
	0.031
	0.025

	3
	0
	0.171
	0.219
	0.096
	0.040
	0.024
	0.020

	3
	1
	0.213
	0.213
	0.081
	0.049
	0.023
	0.021

	3
	2
	0.264
	0.212
	0.080
	0.055
	0.009
	0.012

	–
	total
	0.254
	0.195
	0.074
	0.048
	0.030
	0.029


	Ball
	Strike
	Sac Bunt
	Sac Fly
	Double Play
	Bunt Ground Out
	Field. Ch. Out
	Bunt Pop Out
	Other Out

	0
	0
	0.033
	0.014
	0.004
	0.010
	0.002
	0.005
	0.001

	0
	1
	0.015
	0.010
	0.004
	0.004
	0.002
	0.002
	0.000

	0
	2
	0.004
	0.010
	0.003
	0.000
	0.002
	0.001
	0.001

	1
	0
	0.014
	0.011
	0.004
	0.002
	0.002
	0.001
	0.000

	1
	1
	0.010
	0.008
	0.003
	0.003
	0.002
	0.001
	0.000

	1
	2
	0.002
	0.007
	0.003
	0.000
	0.002
	0.000
	0.000

	2
	0
	0.008
	0.013
	0.005
	0.000
	0.002
	0.000
	0.000

	2
	1
	0.005
	0.010
	0.003
	0.002
	0.002
	0.000
	0.000

	2
	2
	0.001
	0.009
	0.003
	0.000
	0.002
	0.000
	0.000

	3
	0
	0.000
	0.024
	0.000
	0.000
	0.004
	0.000
	0.000

	3
	1
	0.004
	0.012
	0.004
	0.001
	0.003
	0.000
	0.000

	3
	2
	0.001
	0.009
	0.005
	0.000
	0.001
	0.000
	0.000

	–
	total
	0.011
	0.010
	0.004
	0.003
	0.002
	0.001
	0.000


	Count
	Bunt Outs

	0-0
	0.043

	0-1
	0.019

	0-2
	0.004

	1-0
	0.016

	1-1
	0.013

	1-2
	0.002

	2-0
	0.008

	2-1
	0.006

	2-2
	0.001

	3-0
	0.000

	3-1
	0.005

	3-2
	0.001


Appendix 4.  Run Values at Different Counts When the Plate Appearance Ends with the Next Pitch (Joe Sheehan, 2008a)

Count     wOBA    Runs/PA     ValBall   ValStrike     Val1B       Val2B       Val3B       ValHR      ValOut
3&0    0.570   0.207   0.131  -0.070   0.287   0.583   0.861   1.200  -0.496

3&1    0.490   0.137   0.201  -0.076   0.356   0.652   0.930   1.269  -0.426

2&0    0.443   0.097   0.110  -0.062   0.397   0.693   0.971   1.310  -0.385

3&2    0.403   0.062   0.276  -0.351   0.432   0.728   1.006   1.345  -0.350

2&1    0.372   0.035   0.103  -0.071   0.459   0.755   1.033   1.372  -0.323

1&0    0.371   0.034   0.063  -0.050   0.460   0.756   1.034   1.373  -0.323

0&0    0.332   0.000   0.034  -0.043   0.494   0.790   1.068   1.407  -0.289

1&1    0.314  -0.016   0.050  -0.067   0.510   0.805   1.083   1.423  -0.273

2&2    0.290  -0.037   0.098  -0.252   0.530   0.826   1.104   1.443  -0.252

0&1    0.283  -0.043   0.027  -0.062   0.537   0.832   1.110   1.450  -0.246

1&2    0.237  -0.083   0.046  -0.206   0.577   0.872   1.150   1.490  -0.206
0&2    0.212  -0.104   0.022  -0.184   0.598   0.894   1.172   1.511  -0.184
Appendix 5.  Data Relevant to the Standard Platoon Differential and Batter/Pitcher Throwing Hand, 1900-2020 (Chance and Maymin, 2023)
Data Relevant to Batter Handedness
        AVG    2B    3B       HR     SO      GDP   BB     IBB      HBP
RHB  .264 .0473 .0068  .0260 .1568  .0250  .0818  .0064  .0072
LHB   .272 .0486 .0088  .0263 .1460  .0189  .0961  .0096  .0049
Data Relevant to Batter Hitting and Pitcher Handedness

    AVG     2B      3B       HR     SO    GDP     BB       IBB    HBP

All RHB

vs RHP   .260    .0458  .0066  .0251 .1617  .0248  .0773   .0049  .0083

vs.LHP    .273   .0508  .0072  .0278 .1460  .0254   .0919  .0097  .0049


 -.013  -.0050 -.0006 -.0027 .0157 -.0006 -.0146 -.0048  .0034

All LHB

vs RHP   .277  .0506 .0092  .0279  .1357  .0189  .0998  .0112   .0050

vs. LHP   .255  .0419 .0075  .0210  .1810  .0190  .0836   0017   .0095


  .022  .0087  .0017  .0069 -.0453 -.0001  .0162 .0095  -.0045
Data Relevant to Batter Hitting and Throwing Handedness 

AVG   2B       3B     HR     SO       GDP    BB      IBB     HBP

BR/TR.264  .0473 .0068   .0259 .1567    .0250    .0817  .0064  .0072

BR/TL .263  .0481 .0058  .0290  .1843    .0203   .1000  .0043  .0079 

         .001 -.0008  .0010 -.0031 -.0276    .0047  -.0183 .0021 -.0007
BL/TL .275.0497 .0091     .0273  .1488  .  0187   .0954  .0093  .0056

BL/TR .270.0478 .0086    .0256  .1439    .0191   .0966  .0089  .0063

          .005 .0019  .0005    .0017  .0049  -.0004  -.0012 .0004  -.0007
Data Relevant to Batter Hitting and Throwing and Pitcher Handedness

 
   AVG    2B      3B      HR      SO    GDP   BB     IBB    HBP

BR/TR

vs RHP  .260  .0458  .0067  .0251  .1615  .0249  .0771  .0049 .0083

vs.LHP   .273  .0508  .0072  .0277  .1252  .0255  .0918  .0097 .0049


-.013 -.0050 -.0005 -.0026  .0363 -.0006 -.0147 -.0048  .0034

BR/TL

vs RHP  .259  .0468  .0055  .0258  .1916  .0212  .0983  .0026  .0095

vs. LHP  .271  .0503  .0063  .0345  .1716  .0188  .1030  .0073  .0053


-.012 -.0035 -.0008 -.0087  .0200  .0024 -.0047 -.0047 .0042
BL/TL

vs RHP  .280  .0518  .0096  .0291  .1389  .0185  .0994  .0116  .0046

vs. LHP  .258  .0430  .0077  .0216  .1814  .0191  .0825  .0019  .0089


 .022  .,0088  .0019  .0075  -.0425 0.006  .0168..0097  -.0043

BL/TR

vs RHP  .276  .0497  .0090  .0271  .1335  .0191  .1001  .0110  .0053

vs. LHP  .252 .0410  .0073   .0205  .1806  .0188  .0844  .0016  .0099


 .024  .0087  .0017  .0066   -0473 .0005  .0157  .0094  .-.0046
Data Relevant to Pitcher and Batter Hitting Handedness


ERA   ER/PA  H/PA   HR/PA BB/PA  K/PA

RHP

(4.03)  .1041  .2327  .0218  .0849  .1426

LHP 

(3.96)  .1024  .2326  .0214  .0867  .1462

RHPvs RHB 
(3.72)  .0984  .2270  .0213  .0746  .1543

        vs LHB 
(4.42)  .1110  .2395  .0224  .0971  .1285

LHPvs RHB       (4.02)  .1035  .2362  .0225  .0883  .1386

        vs LHB 
(3.81)  .0994  .2223  .0181  .0822  .1674
Appendix 6 – A Home Field Disadvantage?

The possibility of home field disadvantages in potential championship-clinching games led to a debate between two eminent social psychologists, Roy Baumeister and Barry R. Schlenker.  It began when Baumeister and Steinhilber (1984), arguing that the expectation of immanent success can lead to distraction and poorer performance, attempted to demonstrate that home teams tended to lose the last game of the World Series.  Using Series records from 1924, when the currently-used site selection pattern was instituted, through 1982 and ignoring four-game sweeps, the author(s) noted a home team winning average of .602 for the first two games but only .408 for the last game (whether fifth, sixth, or seventh) and .385 specifically for the seventh game when one occurred.  In addition, they attempted to demonstrate that this impact was due to home team choking rather than away team excellence, through demonstrating that home team fielding errors increased significantly from 0.65 to 1.31 between the first two and seventh games, whereas away team errors decreased slightly from 1.04 to 0.81.  Finally, turning to the sixth game, they pointed out a home team average of .727 when behind 3 games to 2 but .375 when ahead 3 games to 2, which they considered further evidence that teams choke when given the opportunity to clinch the championship. 

More than ten years later, Schlenker, Phillips, Boniecki and Schlenker (1995a) provided a multi-faceted attack on the Baumeister/Steinhilber findings.  Extending the analysis to 1993 and adding to it league championship data starting with 1985 (when the seven-game format began), Schlenker et al. found W. S. first and second game records for home teams unchanged but seventh game home team performance to have increased to 48 percent.  Next, the researchers divided their W. S. data set into three periods – the “pre-television era” (1924 to 1949), the first television period up until the league split into divisions with a league championship series (1950 to 1968), and the subsequent years (1969 to 1993) --  to examine the consistency of these findings across time.  Interestingly, they determined that the remaining home-team disadvantage effect was due to an extraordinary failure of home teams to win the seventh game during the period of 1950 to 1968 (only 18 percent versus 68 percent for the first two games), whereas home teams actually were more successful in the seventh than the first two games pre-1950 and post-1968.  In addition, home teams actually won slightly more often in the seventh league championship games (67%) than in the first and second (63%).  Turning to error rate and again breaking it down by periods, they discovered the same pattern as had Schlenker/Steinhilber for 1924 to 1949 and for 1950 to 1968; but the 1950-1968 result seemed due to an unusually low home team first and second game error rate of 0.36.  In response, Baumeister (1995) claimed that the overall pattern Schlenker et al. reported was basically the same as his original findings, and that the discrepancy was a consequence of the extra eleven years of data (1983 to 1993) and due to the imposition of the designated hitter rule only for home teams, which he believed provided the home team with a particular advantage.  In rebuttal, Schlenker, Phillips, Boniecki and Schlenker (1995b) mentioned among other issues that Baumeister’s response ignored the league championship data, and provided evidence that in games when a team could clinch a championship, home teams consistently performed better than away teams for the league championship series and for the first and third W. S. period, with the middle W. S. period the only one supporting Baumeister’s conclusion.

Heaton and Sigall (1989) also noted some fairly good support for the seventh-game World Series home field disadvantage through looking at the progress of scores during games.  Using the same seasons as did Baumeister and Steinhilber (1984), they noted the following:

1 – Home teams falling behind during a game were unable to come back and at least tie the score only 24.4 percent of the time in games 1 through 6 but 46.2 percent of the time in game seven; in contrast, visitors decreased that proportion from 35.3 percent  to 11.5 percent.

2 – Home teams were able to maintain a lead 70 percent of the time in games one through six but only 30 percent of the time in game seven; the authors did not report the analogous numbers for visitors.

3 – Batters faced per error worsened markedly for home teams when ahead from 55.4 for games one through six to 26.1 in game seven.  When tied, these numbers were not as distinct (48.3 versus 36.6), when behind, even less so (31.0 versus 26.4).  In other words, home team fielders made more errors during games in which they were behind as compared to ahead in games one through six, but during game seven fielded worse overall and just as poorly when ahead as when behind.  Visitors, in contrast, fielded far better when ahead.

Between the original Schlenker/Steinhilber 1984 publication and the 1995 debate, Benjafield, Liddell and Benjafield (1989) noticed that the entire period was dominated by the Yankees and divided the same data that Schlenker/Steinhilber relied on between the Yanks and other teams.  Surprisingly, the World Series home team disadvantage was marked for the Yankees (68% first two games, 27% for the last) yet nonexistent for other teams (54% versus 52%).  This links well with the Schlenker et al. analysis given Yankee dominance during the 1950-1968 period.  Finally, Jones (2014) extended the Baumeister/Steinhilber analysis through 2012 and noted the first and second game home field winning percentage to be about 60 percent, the third game to be about 55 percent, and the fourth and succeeding games at about 50 percent.  In conclusion, it seems that Schlenker bested Baumeister and that there has been no general home field disadvantage in championship-deciding games, although this begs the questions of why the Yankees had such a problem winning the deciding game at home and why home field advantage seems to start unusually high and then drop as the Series continues.


