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The goal of this chapter is to explore some areas relevant to pitching other than its evaluation that have garnered research attention.

Age/Experience


The issues involved in examining the impact of age on player performance in the chapter for pitching performance are pretty much the same as for those for batters as described in the Offensive Issues chapter; determining the overall peak, computing the overall career trajectory, examining differences in peak and trajectory among components of pitching performance as measured by indices such as strikeouts, walks, and runs allowed, and looking for variations among different pitchers or, better yet, different types of pitchers (power versus finesse, good versus bad control, etc.).  The same complications due to selection bias are relevant and, for reasons described by Phil Birnbaum (2009a), are actually a greater problem here than for offense. In any case, much of the work on pitchers has been presented in the same articles as that for hitters.  Beginning with peak performance, in the 1982 Baseball Abstract (pages 199-202), Bill James found the same age 26/27 peak as he had for batters.  Based on all pitchers between 1921 and 2004 with at least 10 seasons of at least innings, Fair (2008) noted peak ERA at 26.5, for it to decline more rapidly than batter OPS, and to have a far larger SD of 1.40, partly due to a two-thirds smaller sample size.  Other work about to be described had analogous findings for peak performance, although Maxcy (1997) uncovered an early peak of 23 to 24 for earned run average.

Not surprisingly, pitchers differ in career trajectories. Hofmann, Jacobs, and Gerras (1992), based on 76 pitchers entering the majors between 1960 and 1980 and remaining in the league for at least ten years, noted a basically constant pattern for ERA in the data set as a whole and for the greater majority (55), but an overall-worsening pattern for 10 and improving for 11.  As the analysis only included the first ten seasons, the authors missed inevitable decline, compromising any implications from it. As with hitters, there was no noticeable age difference for entering the big leagues among these three groups. Turning to specific pitcher types, in the 1982 essay mentioned above, Bill James did a number of informal analyses that, taken as a group, make a good case that power pitchers have a slower performance decline than finesse pitchers.  The reason for this is likely that a pitcher that throws 95 in his prime may still be able to overpower people at least some of the time after he loses a couple of mph whereas one who tops out at 88 can’t. 


Measured peaks for skill-relevant indices is roughly consistent across studies. Based on the 79 pitchers with the most victories whose careers began in 1900 or later, von Scheliha (2008) computed the following mean trajectories: Those for innings pitched, wins, and WHIP were analogous to that for hitters, with a sharp improvement up to a peak at age 27 and a slower descent afterward.  Earned run average moved similarly, although topping out at age 26.  Hits, strikeouts, and home runs per nine innings were at their best in the early twenties and worsened thereafter, all indications of pitchers’ power peaking early. In contrast, walks per inning improved until age 33 and only worsened slightly afterward.  John Charles Bradbury (2009), based on pitchers facing at least 4000 batters over careers of at least 10 years between 1921 and 2006, noted the following peaks:

Strikeouts per nine innings – 23.56

Home runs per nine innings – 27.39

Run average – 29.05

Earned run average – 29.16

Walks per nine innings – 32.47

For reasons discussed in the Offensive Issues chapter, these numbers are in general an overestimate (except for strikeouts), but their relative ordering is probably correct.  In that context, Bradbury surmised that the early peak for strikeouts is due to the impact of later arm injury on that skill.  As with batters, there were no systematic differences across decades.


The work of Schulz, Musa, Staszewski, and Siegler (1994, see also Schulz and Curnow, 1988) on career peaks for position players was discussed in the Offensive Issues chapter.  Their analogous study of 153 pitchers with careers of at least 10 seasons who were active in 1965 uncovered peaks of 27.33 for total strikeouts, 29.11 for ERA, 29.48 for total hits allowed, and 30.45 for total walks allowed, with no striking differences among pitchers with differing career ERAs (the authors had used rate rather than counting indices for their analysis of batting, and why they didn’t for pitchers is beyond me). Turning to the distribution of peaks, the plurality of pitchers max out in their early 20s for strikeouts per inning, and although the early thirties boast fewer peaks for walks per inning in the early 30s than mid and upper 20s, the maximum figure was actually in the mid-30s, probably a function of the selection bias discussed in Offensive Issues chapter in which only the best pitchers are left standing at that age.


Roger Clemens has undergone particular scrutiny due to his allegedly drug-enhanced later years. Jim Albert (2009) with Clemens in mind, adopted a multi-level method that allowed both for the separation of ability versus luck in performance (summarized later in this chapter) and the computation of individual career trajectories along with that for the “average” pitcher.  Jim’s overall sample included 462 pitchers who began their careers between 1948 and 1997 and faced at least 5000 batters, using a seasonally-adjusted version of WHIP as his evaluation index.  As with Fair, Jim uncovered a gradual improvement until a peak in the late 20s followed by a fairly quick drop-off.  There was an interesting amount of variation in the exact peak year; it was as high as 29 around 1985 but as low as 27 for some seasons in the early 1990s, all of which are noticeably older than Fair’s 26.5.  Jim also paid special attention to a group of 34 pitchers with unusually low WHIP peaks; in other words, the cream of the crop.  There were quite a few that peaked in their mid-30s or even older (Randy Johnson, Dennis Martinez, Nolan Ryan, Hoyt Wilhelm, perhaps due to improved control), two when barely 20 (Dwight Gooden, Fernando Valenzuela), and some whose adjusted WHIPs improved considerably in their later years (Johnson, Ryan, Wilhelm, Dennis Eckersley, Gaylord Perry, Don Sutton).  Clemens fits comfortably in that group, none of whom, as Jim mentions, have been accused of steroid use.  Keep in mind, however, that the last two on the latter list were long suspected of using illegal substances on the ball, and knuckleballers such as Wilhelm probably have much different career trajectories than the norm. Finally, Bradlow, Jensen, Wolfers, and Wyner (2008) examined career trajectories for all 31 pitchers between 1969 and 2007 with at least 15 seasons with 10 or more games started and 3000 innings pitched in those 15 seasons.  They uncovered the usual age-related U function for ERA, WHIP, BAA, walks per innings, and strikeouts per innings, and Clemens differed noticeably from the norm on most of these measures.


Addona and Roth (2010) performed a study explicitly about performance enhancing drug use to be discussed later in this chapter under that topic, but relevant here.  Their data set included average fastball velocity (as measured by Baseball Info) for the years 2002 through 2008.  Using a cross-sectional design ignoring attrition rates, they noted an average fastball speed of 90.10 miles per hour, with a gradual decrease from 92½ for 20 year olds to about 87½ for 40 year olds.  As they admitted, there is clearly a selection bias here, as harder-throwing pitchers tend to reach the majors at an earlier age; they cited other evidence suggesting the usual inverted-U relationship with a peak at about 26 or 27.  Interestingly, they also observed an asymptotic increase in average fastball velocity across months, jumping from 89.79 in April to 90.07 in May to 90.25 in June, with a slower rise up to 90.37 in September.  


A couple of miscellaneous interesting studies: In the Offensive Issues chapter, I described Taylor and Cuave’s (1994) failed attempt to find evidence for a sophomore slump in batting.  The same holds true for pitching. They looked at data from 22 rookie pitchers who produced either win totals (18), strikeouts (193), or ERAs (3.28) one standard deviation better than the rookie average.  The only real effect was for regression toward the mean in ERA: averages of 2.23 in the first year, 2.38 in the second year, and 2.61 in years 3 through 5.  Contradicting the traditional claim that experience helps in the post-season, Tom Hanrahan (2002, 2003) compared the performance of starting pitchers starting games in multiple World Series over the first two-thirds of the 20th century (up until 1969, when divisional play began), and noted a lower mean ERA (2.69 versus 2.97) in their first series as compared to later ones.

As was the case with batters, more recent work has uncovered a significantly different pattern than the earlier. In his methodological piece, Phil Birnbaum (2009a) uncovered the best performance by the youngest pitchers in terms of CERA for 1947-2007 data, which he attributed to pitchers having reached full maturity by the time of their major league call-up and injuries affecting the skills of many pitchers afterward. In two articles (2012a, 2012b), Bill Petti with help from Jeff Zimmerman basically confirmed Phil’s findings for 2002 to 2011, based mostly on PITCHf/x data (as PITCHf/x did not begin until 2007, they used Baseball Info Solutions data instead). Bill divided some of the analyses according to usage as starters (more than 80 percent of their innings as such both seasons) or relievers (at least 2/3 of their innings as such both seasons); when he did, I will report these rather than the overall figures. The analysis began with pitchers at age 21 and ended at age 37-38.


Beginning with starters, velocity began decreasing immediately, by ½ mph at age 23-24, 1 mph by age 27, 2 mph by age 30, 3 mph by age 33-34, and 4 mph by age 35-36. Strikeouts per 9 innings for starters immediately dipped a bit lower, but did not worsen below ½ K per 9 innings until age 29, reached 1 K per 9 at age 31-32, plateaued at 1½ K per 9 between ages 32-33 and 35-36, and then dropped a bit more for age 37-38. This slower descent implies that starters had more tools i.e. improving secondary pitch repertoire for obtaining strikeouts than mere speed. Both home runs per 9 innings and BABIP stayed about constant until age 28-29 and never went higher than ½ per game and 50 BA points more respectively. Swing strike percentage for starters started dropping at age 26 but was down by only five percent at the end. All of these were indicators of secondary pitch repertoire. In addition, walks per 9 innings peaked about ¾ walks per 9 better than age 21 at age 25-26, did not return to age 21 levels until age 33-34, and finally drifted a bit higher at age 36-37, the last in the data set. Given better control and secondary pitch repertoire, starter FIP improved slightly until age 26-27 despite the velocity drop, but then started rising, up ½ run by age 29-30, 1 run at age 33, and 1½ at the end.


Turning to relievers, velocity for relievers actually increased little through 27-28, but then went down ½ mph at age 30, 1 mph at 31-32, 1½ mph at 33, 2 mph at 34-35, and 3 mph at 37. In contrast with starters, strikeouts per 9 innings paralleled velocity, also improving a bit at first but dropped below the age 21 level at age 25-26, was down by ½ more per 9 at 28-29, then quickly to 1 mph lower at age 30, 1½ mph at age 32, 2 mph at age 33, 3 mph at age 35-36 and 3½ mph the final year included. Pretty much everything else studied also began declining immediately after age 21. Homers per 9 innings drifted up ½ per 9 at age 27, 1 per 9 at age 32-33, and 2 per 9 at 37-38. BABIP for relievers was up by 50 points at age 29, and 100 points at 34-35. Walks per 9 innings also worsened immediately for relievers, up ½ per 9 at age 24, 1 per 9 at age 29, and 2 per 9 at age 32-33. Swinging strike percentage for relievers also went down but did not reach 5 percent worse until age 33. As a consequence of all this, FIP for relievers got worse right away, by ½ run at age 24-25, 1 run at age 26-27, 2 runs at age 31-32, 3 runs at age 34, and 4 runs at age 37-38.


Bill also presented data on batted ball rates that were not divided by pitcher function. These show a general improvement for several years, as pitchers increased their ability to control batted ball outcomes to a degree for several years. Ground ball rate improved (increased), up 2 percent at age 26, before falling back to age 21 levels at age 34, and then 2 percent below age 21 level at the end. Fly ball rate improved (dropped) by a percent or so until age 30-31, and then drifted up to 2½ percent higher than that at age 36-37. Line drive rate improved (dropped) by as much as 2 percent at age 33-34 but then returned to the age 21 level at the end.


As he did with offensive data (see the Offensive Issue chapter), Jeff Zimmerman brought the analysis up to date in 2020. Between 2013 and 2019, velocity decreased more slowly, such that by their early thirties the drop in fastball speed was about 1 mph less than at the corresponding age in the earlier data. The corresponding drop in strikeout rate was about 2 percent less than previously again at the same age. Home run rate and BABIP were about the same until the late thirties, at which point they increased more quickly than in the older data set. Walk rate improved a bit more quickly than before, peaking at age 25, but returned to age 21 levels at about the same age and then increased at a faster clip than in the earlier data. ERA– also peaked at age 25, later than the previous age 23, and then increased at about the same rate until the mid-thirties. 
Career Length


In the Offensive Issues chapter, I described the Groothuis and Hill (2008) examination of career length for hitters; here, we turn to their work on pitchers.  The authors’ data set consisted of all who appeared in a game from 1990 to 2004.  Hazard rate (proportion of players still active in a given year who did not play in a subsequent season) for pitchers was analogous to that for hitters, decreasing until the sixth and seventh year and then increasing thereafter, topping twenty percent in all seasons except the peak.  Career length was statistically associated with ERA, wins, losses, and SO/BB ratio.  The authors were after ethnic differences in career length; they were surprised to see that Hispanic pitchers had longer careers with comparable performance than blacks and whites, a finding they considered a fluke.  Not surprisingly, lefties had longer careers for the same performance than righties, more evidence that lefties are scarce and so relatively more valuable than righties.


Schall and Smith (2000a) examined normalized, i.e. z-scores for ERA for all twentieth century pitchers and noted the following: a career length average of 5.6 for position players; survival rates of 73% after the first year going up to a maximum of 84% in year five and then beginning to drop. z scores for ERA ranged from about  0 to .25 in the first year, implying that rookie pitchers tended to have better than average ERAs as rookies, and about -.7 in the last season, with career length and the maximum height of the trajectory associated with first year performance.  As with position players, one would conclude that better performance translates to longer careers.  Ohkusa (2001), based on 1977 through 1990 data, noted that strikeout/walk ratio and batting average against were surprisingly negatively associated with career length.  A speculative explanation for the anomaly is that many of the best pitchers in their data set got hurt early in their careers and those that came back from it were less effective for the rest of their careers.


Hardy, Ajibewa, Bowman, and Brand (2017), based on pitchers entering the majors between 1989 and 1992, made the not-particularly-interesting discovery that the number of innings pitched before age 25 accounted for 14 percent of the variance in career length, probably because better pitchers make the majors earlier and leave them later than weaker ones.

Clutch Pitching


There is no evidence supporting the existence of clutch pitching, at least in the sense of a pitcher winning more than he “should have” given his team’s run support. Pete Palmer (1985) got the ball rolling. The method he used was to use the 10-runs-equals-a-win idea to estimate the number of games the pitcher “should have” won and lost based on the number of runs he gave up and the number of runs scored by his team when he pitched, and compute the difference between that and the pitcher’s actual win-loss record.  Across a sample of pitchers, if the distribution of that difference reveals many more pitchers with better true records than they “should have” given the normal distribution, then we have evidence that some pitchers were clutch in the sense just described.  At that time, we did not have the game-by-game data Pete really needed for this analysis, but rather total runs scored by teams. Using those figures, and based on 529 pitchers with at least 150 decisions at that time, Pete claimed that only 20 pitchers had actual records more extreme than two standard deviations either better or worse from what they “should have,” which is actually fewer than the 26 (5 percent) that would have done so by chance.  Of the 20, six were career relief aces who shouldn’t be in the sample, as they usually came in with their team ahead, and so their records are biased towards losses.  Of the other 14, six did better and eight worse than they “should have.”


Now that we are armed with the data we really need, pitcher’s team’s runs scored only in the games he started, we can do this analysis the right way. With Pete’s help, Bill Deane (2007) reported specific findings relative to the normal distribution.  Of 501 pitchers with at least 200 starts and 200 decisions at that time (note that this definition removes career relievers, as they should be), 161 were off their prediction by more than one standard deviation (160 expected), 16 by more than two (25 expected), and none by three (one expected).  Pete has continued working in this vein with analogous results; see Heeren and Palmer (2011, page 34).  


I’ve already covered the TMA group’s (2006) analysis of clutch hitting in the Offensive Issues chapter.  Using the same data set (Retrosheet from 1960 to 1992 and 2000 to 2004) and an analogous definition for clutch (8th inning or later, 1, 2, or 3 runs ahead), they examined the performance of 430 relievers with at least 100 opposition plate appearances in clutch situations and 400 in non-clutch.  No significant differences between clutch and non-clutch were uncovered. I also mentioned John Charles Bradbury’s (2011) analysis, and he analogously noted very little evidence for clutch pitching based on performance with runners in scoring position.  


Changing the conception of clutch, Owen Watson (2016) uncovered some evidence that pitchers really do “go to the well” for a little extra when in a high leverage situation.  Using all 2015 starting pitchers as his sample, he noted that fastballs, sliders, and curveballs are on average thrown at slightly greater speed in situations with Leverage Indices of 3 and higher, despite most of these circumstances occurring in later innings when starters are usually beginning to tire.  He also reported Jonah Pemstein’s findings that increases in pitch speed are accompanied by greater spin on changeups but less spin on curves.  This could account for differential responses by batters, with curves thrown in higher leverage circumstances decreasing wOBA by only .04 whereas changeups along with sliders offered then decreasing by .18 wOBA; fastballs were intermediate at .07.  Finally, walk rate increased from about 7.5 percent with low and medium leverage to 8.9 percent; Owen speculated the possible cause as batters less willing to swing, although perhaps faster pitching than normal might just damage control.

Consistency in Performance

The Pitching Evaluation chapter includes a lot of material concerning year-to-year consistency in pitching indices relevant to the Defense Independent Pitching Statistics (DIPS) controversy, and a later section in this chapter describes consistency in the context of measuring the impact of true ability versus luck in performance. Here, I cover other issues worth noting. In the Offensive Evaluation chapter I discussed Henry and Hulin’s (1987) attempt at examining performance consistency across ever-greater periods of time for hitters. For pitchers, they used a strange measure; 4 times earned runs plus walks minus strikeouts, all divided by innings pitched. Again it is unclear what years they used; given their vague description, mostly likely 38 position players with 10 years of experience at the end of 1984. They examined every paired comparison of year between years 1 and 10. Consistency was far higher here than with runs produced for batters but depended on the pitchers’ experience.  Correlations in the .7 ranged between adjacent seasons.  For seasons four years apart, the relationship depended on pitcher experience.  Comparing pitchers in their rookie season with their fifth year, correlations were in the order of .4. Comparing pitchers in their fifth season with their eighth year, the figure was more like .7. In short, the more experienced a pitcher, the more consistent his performance across multiple seasons. Despite the poor quality of the research, this is actually an interesting outcome relevant to career trajectories, as it implies that pitcher ability likely improves at the beginning of careers but stabilizes after several seasons.


As with hitting, pitching is susceptible to regression to the mean.  Schall and Smith (2000b) did the same sort of study for pitching as they did for hitting, with a regression equation pitting 1998 earned run averages for pitchers hurling at least 25 innings as the independent variable and 1999 earned run averages as the dependent variable.  The regression coefficient was .34, implying that a pitcher with an ERA 50 points above (below) the mean in 1998 would be predicted to have one 17 points above (below) the mean in 1999.  Regression to the mean works game-to-game also; For the 1982-1987 period, pitchers’ combined winning average was .455 after a win, .489 after a no-decision, and .524 after a loss (Siwoff et al., 1988, pages 168-169).



Do pitchers have streaks and slumps like batters?  I described Tango, Lichtman and Dolphin’s (2006) study of hot and cold hitting stretches in the Offensive Issues chapter, and they accompanied that with analogous work with pitchers.  Again working with Retrosheet data from 2000 through 2003 and dividing the sample into starters and relievers, they singled out pitchers with four particularly good outings in a row (opposition wOBA less than .240 for starters and .175 for relievers) or four particular bad ones (.425 for starters and .455 for relievers) and looked at subsequent outings.  In short, there was a carry-over effect in subsequent appearances for hot pitchers but not for cold (excepting the very next game for starters).  As with the analysis for batters, TMA ignored ballpark effects and strength of opposition, which means that one cannot conclude anything definitive from this work.

Contract Status


The impact of free agency on pitching performance has not gotten nearly the research attention as that for hitting has (see the Transactions section of the Offensive Issues chapter). Based on 812 seasons from 140 pitchers in unnamed seasons, Maxcy, Fort, and Krautmann (2002) found that the difference between pitchers’ strikeout/walk ratio predicted from career trajectories and their actual performance was not affected by contract status, although pitchers did spend less time disabled and pitched more innings than expected during the last year of a contract.


Phil Birnbaum (2007), using the same sort of method he used for position players (described in the Offensive Issues chapter), discovered that 239 free agents-to-be starting at least 20 games in the walk year (1977-2001 inclusive) actually performed worse than the 2223 not in that year, and analogously those up for arbitration not only did worse than those not, but the winners did worse than the losers.


In what appears to be a unique study, Paulsen (2018) examined outcomes for both position players (to be discussed in future versions of the Offensive Issues chapter) and pitchers who had contracts including team and/or player options for subsequent seasons.  His data set included 522 unique pitchers with 1114 contracts covering 1679 player-years.  Unlike with position players, in which the presence of options was associated with performance, for pitchers only age had an impact, not surprisingly negative given that the data set was mostly limited to veterans.  As mentioned in the chapter on offensive issues, Maxcy (1997) did not uncover any evidence of shirking by position players on long-term contracts independently of the impact of age.  Based on 1500 seasons by pitcher from 1986 through 1993 (with some data going back to 1983 for players under long-term contracts), Maxcy likewise found no evidence of shirking rather than performance loss caused by age.  Paulsen (2019/2021), as an addendum to his work on this issue covered in the Offensive Issues chapter and using the same sample as his 2018 work just covered, also uncovered no evidence for pitcher shirking.
Cy Young Award Prediction Models


The first Cy Young predictor that I have found was offered by Tom Hanrahan (1987), as follows:

(4 X wins) minus (2 X losses) + (shutouts) minus (10 X ERA) + (saves) minus (team wins divided by 3) + 8 point bonus for being on division winner

The division of team wins by three serves to credit pitchers who pitch well for poor teams, which Tom says occurs for this award but not for Most Valuable Player.

He gave no indication of its accuracy.  


Bill James has worked on methods for predicting Cy Young award winners, and I am aware of at least two. In the The Neyer/James Guide to Pitchers (James & Neyer, 2004, pages 467-471), Bill presented the following formula, composed I would guess through trial-and-error:

(Wins X 6) minus Losses X 2) + (Strikeouts divided by 12) + (saves X 2.5) + shutouts + “runs saved” + 12 points for pitchers on first place teams

With “runs saved” arrived at by imagining a pitcher who pitched the same number of innings as the pitcher in question but with an ERA of 5.00 and then computing how many more earned runs he would have given up (for example, the imagined pitcher in 150 innings would give up 83 runs; if the pitcher in question had an ERA of 3.00 in 150 innings, he would have given up 50 runs, so 33 runs are saved).  Overall, Bill claimed about 80 percent accuracy, and greater than that when there are no good reliever candidates, for whom voters never seemed to have developed a good mental template for value relative to starters.


In 2007, Bill James proposed a very-quick-and-dirty method for judging the quality of pitchers’ and batters’ seasons that he called Season Scores. As an online respondent to a 2009 revision proposed below mentioned, he claimed that they have value in predicting Cy Young and perhaps Hall of Fame voting, but would suffer from ballpark effects.  I would put it more strongly; they are of little to no value for comparing across seasons because they totally ignore the huge differences in the offensive/defensive balance that have occurred over the years, but as they are instructive concerning within-season comparisons, they are useful as the respondent mentioned.


I begin as Bill did, with the original system for pitchers, as usual described by Bill without any explanation concerning why he chose the weights he did. It was:

Part 1 – Decisions: (10 X wins) + (3 X Saves) minus (5 X losses)

Part 2 – Earned Runs: Earned runs saved as compared to a pitcher pitching the same number of innings with an ERA of 5.

Part 3 – Strikeouts and Walks:

(2 X strikeouts) minus (3 X walks)

divided by

3

One sums the three of these to get a total Season Score. Part 2 is biased due, as just mentioned, to the huge differences in the offensive/ defensive balance over time; a pitcher in the 1900s and late 1960s will have a substantially higher Season Score than a pitcher in the 1930s due to drastic differences in average ERA. Part 3 is analogously biased due to the also-huge increase in strikeouts that have occurred steadily since the 1920s whereas walks have remained steady, so the more current the pitcher, the higher the score. Finally, Part 1 is biased because, over time, starting pitchers have been recording fewer and fewer decisions, so that Season Score will be more extreme (a pitcher with 30(10) wins and 10(30) losses in 1890 will get 250(–50) points for Part 1; whereas a pitcher with 15(5) wins and 5(15) losses in 2019 will get 125(–25) points.  Poor seasons can earn a pitcher negative points in any of the parts or overall, and including 2006 3146 had done so out of 34,689 pitcher/seasons.  In Bill’s words, 

The highest-scoring season of all time was, of course, Radbourn’s. It scores at 1002. Going 59-12 with a 1.38 ERA. . .that’s a tough season to beat. The worst pitcher’s season of all time was by Frank Bates in 1899, mostly with the Cleveland Spiders. Bates finished 1-18, struck out 13 batters, walked 110, and posted an ERA of 6.90. Negative 216…”The highest pitcher’s score since 1900 was by Ed Walsh in 1908 (40-15, 1.42 ERA, scores at 651)...In the history of baseball there have been 5,487 pitchers who pitched 200 innings in a season. The average score for those pitchers is 152. The average score for a pitcher pitching 100-200 innings is 55 points.


Two years later (2009a), Bill decided that the original version overvalued won-loss records in relation to innings pitched and ERA and overemphasized strikeouts and walks.  The first of these is most certainly true for more recent years, and the second shows that Bill was willing to ignore all that we have learned about the importance of strikeout/walk ratio relative to ERA over the past few decades. In any case, the new version is as follows:

Step 1 – Compute what Bill called a “crude leverage index” that gives value to relievers who pitch far fewer innings and have less of a chance of getting credit for a win than starters:

Innings pitched + (3 X saves)

divided by

Innings pitched

Step 2 – To get number of outs recorded, multiply innings pitched by 3.

Step 3 – To in Bill’s words “make an allowance of unearned runs,” compute

([the result of Step 2 * .425] minus [runs – earned runs]) X the result of Step 1

Bill actually wrote “minus runs minus earned runs” without the brackets I put in, which must be wrong. These three steps as a group the Earned Runs part of the total package.

Step 4 – Decisions: (8 X Wins) minus (5 X Losses)

Step 5 – Strikeouts and walks:

(2 X Strikeouts) minus (3 X Walks)

divided by

15

Step 6 – Saves

And sum what are now four parts to get a Season Score.  In Bill’s words, 

We have done five things:

            1.  Essentially doubled the points awarded for Innings Pitched and ERA,

            2.  Made an allowance for unearned runs as well,

            3.  Reduced by 20% the points awarded for Wins [my note, but not losses,

            4.  Reduced by 80% the points awarded for Strikeouts and Walks,

            5.  Made the points awarded for “Saves” dependent on having a good ERA as well as the saves themselves.

Bill claimed that these revisions did not affect total points a lot except for “guys with sensational strikeout/walk ratios”; as noted above in so doing ignoring what we have learned about its importance in pitcher evaluation and projections relative to ERA.


The revisions did nothing to improve the measure for cross-season comparisons.  But it probably made the formula a better predictor of Cy Young winners, which, as within-season comparisons, are immune to those problems.  Bill thought so, as described in the 2009 post. In his 2010 Gold Mine book (page 10) he noted that the revised method correctly predicted 17 of the previous decade’s (2000-2009) 20 Cy Young award winners.


Sparks and Abrahamson (2005) presented a model based on 1993 through 2002 data, in which wins were three times more important than ERA, more than 4 times more important than strikeouts, and seven times more important than team winning average.  The model predicted the top three vote-getters during those years almost perfectly, but as the model was constructed bottom-up from those years’ data, this does not mean much. Smith, Lipscomb and Simkins (2007) claimed that the James and Sparks/Abrahamson models plus one of their own were all over 80 percent accurate from 1967 through 2006 if you ignored relief pitchers and in the 70’s if you included them. Ockerman and Nabity (2014) tried two models, one based on the Sparks/Abrahamson formulation with the addition of WHIP and the other original. The two were quite divergent, with the first implying that ERA was by far the most important predictor from 2008 through 2013 and the second suggesting that WHIP, wins, and strikeouts mattered the most. The second one was the better predictor of the top three finishers.


Monte Cely (2007) took a different approach, examining the percentage of times that league leaders in a set of specific categories won the award between 1956 (its first year) and 2005.  Here are the findings:

	Category
	% Wins N.L.
	% Wins A.L.
	Category
	% Win N.L.
	% Wins A.L.

	Wins
	63
	64
	ERA
	33
	34

	Team Finish
	59
	61
	Winning Avg.
	28
	34

	Innings
	41
	25
	WHIP X 9
	26
	27

	Strikeouts
	39
	18
	Saves
	11
	  5


What stands out is the impact of team finish, which appears to have been underestimated in all the just-mentioned models.  Finally, Dave Gassko’s (2010a) regression based predictor model included in order of impact wins, number of outs (which he included rather than the equivalent innings pitched), saves (worth one-third of a win), earned runs allowed, loses, strikeouts, and shutouts.  Dave purposely divided Note that it rewards durability (number of outs and losses as a set) over earned runs allowed. In this case, 45% of variance was accounted for with 72% accuracy in predicting the winner.


Fritz and Bukiet (2010) provided a Markovian method for determining the “best” Cy Young candidate, in this case comparing the ability of candidates to keep runners off base and prevent home runs with the average pitcher’s against an average lineup. They did not account for extra bases on doubles and triples in the process due to their unavailability in “traditional” pitcher stats lines (why not use Retrosheet data again??). In this case, the award winner matched their “best pitcher” 52.5 percent of the time and one of their best three 77.5 percent of the time, again between 1988 and 2007. 

Groundball versus Flyball Tendencies


In the previous Pitching Evaluation chapter, I presented evidence that the tendency to give up ground balls versus fly balls is a skill. We also know that, all else being equal, groundball pitchers are significantly more successful than flyball pitchers.  This is because grounders that become hits are way less likely to go for extra bases. Lee Panas (2010), based on 2005 through 2008 data compiled from Retrosheet, came up with mean BAs of .243 and SAs of .268 on groundballs versus .280 and .751 for flies (discounting infield popups). Here is a table presented by Dan Farnsworth for 2013:

	Batted Ball Type
	BA
	SA
	OPS
	ISO
	wOBA

	Grounders
	.232
	.250
	.483
	.018
	.213

	Liners
	.685
	.883
	1.568
	.193
	.681

	Flies
	.213
	.621
	.834
	.403
	.346



In general, groundball pitchers are better at getting outs from grounders and worse at getting outs from flyballs than are flyball pitchers.  According to Matt Swartz (2010b), for groundball pitchers with at least 300 batted balls in play during the 2003 to 2010 interval, the correlation between pitcher groundball rate and pitcher groundball batting average measured relative to their teammates (to guard against bias from fielding and ballpark effects) was –.241; more grounders, fewer hits on them.  Analogously, SA correlated with groundball rate at –.260.  However, more extreme groundball pitchers were worse at flyballs; with a correlation between flyball rates and flyball BA of .319.  The analogous line drive correlation was .033.  Yet, data on the following table complicate matters:

	Ground Ball Rate
	BABIP
	SA on BIP
	Ground Ball Rate
	BABIP
	SA on BIP

	More than 60%
	.0013
	-.0154
	45-50%
	.0040
	.0032

	55-60%
	.0049
	-.0035
	40-45%
	-.0006
	.0022

	50-55%
	.0052
	.0012
	35-40%
	-.0067
	-.0023

	
	
	
	Less than 35%
	-.0132
	-.0006


Again, the measures are relative to teammates.  Although correlations were tiny throughout, note the inverted U-shaped functions for both indices. Extreme pitchers on both ends appear to have been slightly more successful than those in the middle, with extreme flyball pitchers the best at guarding against hits and extreme groundball pitchers supreme at preventing extra bases.


Yet, groundball pitchers are not necessarily getting better results than flyball pitchers when all things are not equal. Matthew Murphy (2015) noted a small year-to-year correlation of -.09 for 2010 through 2014 between groundball rate and Adjusted Earned Run Average. This is partly explained by a substantial tendency for groundball specialists to give up fewer infield popups (correlation of –.45) and, although fewer home runs total, a few more home runs per fly ball (correlation of .17).  Groundball pitchers additionally tend to strike out fewer and walk more than flyball specialists.  As a consequence, groundball pitchers tend to underperform, and fly ball pitchers overperform, relevant to projections based on DIPS indices.  Data Murphy reported also imply that groundball pitchers tend to have less vertical movement on pitches, inducing stronger contact. In summary, giving up grounders rather than flies is good, but flyball pitchers tend to have other skills that can than make up part of the difference.


Brian Cartwright (2012) performed an analysis of the vertical angle of batted balls using HITf/x data from April, May, and June 2009 that might provide an explanation for this discrepancy. In general, the greater the groundball tendency for pitchers, the lower the vertical angle the batted ball.  Comparing the 15 percent most extreme groundball and flyball pitchers with one another, the former gave up 66 percent fewer infield pops (basically turning more into outfield flies) and 61 percent more line drives (as outfield flies become straighter).  The result is balls hit into the outfield becoming harder to field, instantiated in a 38 percent increase in hit rate.  


Dan Lependorf (2013) examined the factors that impact on the chances of pitchers inducing groundballs from batters.  Based on every 2012 pitch, the verdict:

1 – Keep it down.  Batted balls in the bottom third of the plate became grounders almost half the time; those in the middle of the plate, in the high thirty percent range; in the top half, about thirty percent.  Pitches outside the strike zone but below the middle of the plate (including those really low) were the best of all, in the mid fifties.

2 – Pitch type matters.  Here are the percentages for the eight most prevalent pitch types:

	Splitter
	Sinker
	Curve
	Two-Seam Fastball
	Changeup
	Slider
	Cutter
	Four-Seam Fastball

	50.3%
	49.8%
	47.5%
	46.4%
	44.5%
	41.0%
	37.9%
	35.2%


3 – Throw it hard.  Every one of the eight prevalent pitch types were more conducive to grounders the faster they were.

4 – Pitch movement depends on type.  Vertical movement was important for curves and sliders, and horizontal movement for splitters, sinkers, two-seam fastballs, and changeups.  For the least grounder-inducing of the eight, cutters and particularly four-seam fastballs, movement helped little and not at all respectively.


As for playing surfaces, the Hirdt brothers (Siwoff et al., 1988, page 176) examined 46 groundball-tendency pitchers with at least 100 starts between 1982 and 1987 and noticed that their overall winning averages were the same on grass (.513) and artificial turf (.512) fields.  However, when they divided this group into good and poor control subgroups based on walks per 100 batters, it turned out that those in the good control subgroup were relatively more successful on turf (.529 versus .515) whereas the poor control subgroup benefited from grass (.511 versus .484).  Craig Wright (1985c) based on a 1984 sample size of 106, noted that, relatively speaking, moderate groundball pitchers are relatively better on turf than grass compared to flyball pitchers, but that extreme groundball pitchers are way better on grass than turf.  The ERA differences were quite substantial, as high as 1 earned run per game depending on this tendency.

Historical Changes in Pitching


I begin this section with some basic data about changes in pitching indices during the twentieth century compiled by Rob Wood (1999a). His method, by 10-year spans beginning with 1900, hides some important subtleties (the early and late 1960s were much different from one another), but does highlight some important trends. The first table is for the National League, and the second for the American League.  Most indices are averaged across teams per year, and baserunners consists of hits plus walks. 

	Decade
	ERA
	Shutouts
	CG
	K/G
	BB/G
	K/BB
	Baserunners/G

	1900’s
	2.88
	9.4%
	81.0%
	3.42
	2.66
	1.29
	11.3

	1910’s
	2.95
	9.3%
	57.0%
	3.60
	2.82
	1.28
	11.3

	1920’s
	3.96
	5.6%
	50.1%
	2.78
	2.78
	1.00
	12.7

	1930’s
	3.98
	6.3%
	44.3%
	3.31
	2.83
	1.17
	12.6

	1940’s
	3.71
	7.3%
	41.6%
	3.49
	3.40
	1.03
	12.4

	1950’s
	3.98
	6.3%
	32.8%
	4.49
	3.40
	1.32
	12.4

	1960’s
	3.57
	7.9%
	27,2%
	5.75
	2.97
	1.94
	11.6

	1970’s
	3.66
	7.2%
	22.5%
	5.31
	3.32
	1.60
	12.0

	1980’s
	3.62
	5.9%
	13.1%
	5.54
	3.20
	1.73
	11.8

	1990’s
	4.01
	5.7%
	7.3%
	6.28
	3.27
	1.92
	12.2

	1900-1998
	3.63
	7.1%
	38.0%
	4.38
	3.06
	1.42
	12.0


	Decade
	ERA
	Shutouts
	CG
	K/G
	BB/G
	K/BB
	Baserunners/G

	1900’s
	2.84
	9.7%
	80.3%
	3.60
	2.38
	1.51
	10.9

	1910’s
	2.93
	8.9%
	58.4%
	3.79
	3.13
	1.21
	11.5

	1920’s
	4.11
	5.3%
	49.7%
	2.85
	3.28
	0.87
	13.2

	1930’s
	4.58
	4.4%
	45.6%
	3.35
	3.71
	0.91
	13.7

	1940’s
	3.80
	7.2%
	44.4%
	3.63
	3.74
	0.97
	12.7

	1950’s
	3.96
	6.6%
	34.5%
	4.34
	3.77
	1.15
	12.6

	1960’s
	3.59
	7.4%
	23.4%
	5.66
	3.34
	1.70
	11.6

	1970’s
	3.71
	7.2%
	28.1%
	5.22
	3.29
	1.59
	12.0

	1980’s
	4.04
	5.0%
	18.0%
	5.64
	3.24
	1.74
	12.3

	1990’s
	4.44
	5.1%
	8.7%
	5.94
	3.54
	1.68
	12.8

	1900-1998
	3.80
	6.7%
	39.0%
	4.40
	3.35
	1.33
	12.4



Before the institution of the designated hitter in the American League, the leagues mostly reflected one another, with exceptions (such as the A.L. for some reason featuring a substantially higher ERA and fewer shutouts during the 1930s). In the 1980s and 1990s (and almost certainly since), the A.L. has produced noticeably higher ERAs, which is almost certainly a function of the DH.  Complete games went down fairly linearly throughout the century, except for the 1973 adoption of the DH leading to an increase in the A.L. in the 1970s that had mostly dissipated relative to the N.L. by the end of the century.  ERA and shutouts correlated at an almost perfect –.94 (keep in mind that the method erases variation among teams and seasons, so the “true” figure is likely not nearly this high, and a proper analysis would include each team/season as a separate datum point).  Strikeouts rose consistently beginning in the 1920s until the year of the pitcher (1968) resulted in a decrease in the size of the strike zone and lowering of the mound, which delayed further increases which have continued into the 21st century.  The strike zone shrinking may have increased walks a little in the N.L., but any impact across the leagues was probably counteracted by the DH in the A.L. As walks did not vary a lot across the century, strikeouts were chiefly responsible for tendencies in K/BB ratio, and the correlation between K/G and K/BB was .91 (for the same reason as the other correlation, likely a substantial overestimate).  


Here are some additional figures from Russell Carleton (2017), bringing us closer to up-to-date:

	Year
	K/G
	BB/G
	HBP/G
	Year
	K/G
	BB/G
	HBP/G

	1976
	4.83
	3.20
	0.18
	2006
	6.52
	3.26
	0.37

	1986
	5.87
	3.38
	0.19
	2016
	8.03
	3.11
	0.34

	1996
	6.46
	3.55
	0.31
	
	
	
	


Strikeouts have continued to rise, with the big jump between 2006 and 2016 perhaps due to the much-discussed sabermetric-fueled change in hitting philosophy, while walks remain more consistent.  K/G reaching as high as 9.07 in 2020, more than one per inning per team.  It did dip to 8.53 in 2022, likely due to the designated hitter replacing pitcher batting that season, with the rate resuming its upward march in 2023 to 8.74. Incidentally, in Win Shares, Bill James and Jim Henzler noted that the number of catcher putouts by means other than strikeouts, i.e. caught popups, has decreased steadily and markedly over time; from about 180 at the beginning of the twentieth century to about 90 in the middle of that century to about 30 now.  This is a decrement of about 1 per game, a massive change.  I imagine that at least some of the putouts once made on batted balls by catchers now occur by strikeout, but that is sheer speculation.  The big jump in hit-by-pitches between 1986 and 1996, already mentioned in the Strategy chapter, begs for explanation. (See Rob Mains, 2019ab, for more on this issue.)


As with their work on offense described in the Offensive Issues chapter, Petersen, Penner, and Stanley (2011) proposed a method for comparing wins and strikeouts across seasons that they believed corrected for changes across eras, and in the same papers as cited earlier (Petersen, Jung, & Stanley, 2008; Petersen, Jung, Yang, and Stanley, 2011; Petersen, Penner, & Stanley, 2011) that career totals for these indices approximate a power curve, with about 10 times as many players with for example 40 career strikeouts as with 400, and 10 times as many with 4 as with 40. 


Historical changes in pitcher usage patterns are discussed in the Pitching Strategy chapter.

No-Hitters


Pitching a no-hitter is a great feat, so this section is analogous to the Great Feat Odds section of the Offensive Issues chapter. More specifically, attempts to calculate the probability of no-hitters has reflected the efforts to compute the chances for a 56 game hitting streak, in that the issue is more complicated than many analysts have realized, leading them to make the same sort of errors as for the streak.  These include:

1 – Assuming that all stages of a pitcher’s career are created equal, by taking the average number of hits per game during the pitcher’s entire tenure as representing the pitcher’s tendency to give up hits at all times. Clearly, a pitcher is more likely to pitch a no-hitter during his prime years than otherwise.

2 – Assuming that all batters faced are created equal. The chance for a no-hitter lessens as the opposition batters’ ability increases.


The first relevant study of no-hitters of which I am aware, by Neal Moran (1993), centered on the odds of particular pitchers throwing one. His prediction model, guilty of both of these assumptions, was relatively simple:

Step 1 – Ignoring walks (which, as unrealistic as it appears, is fine in this context), one can easily compute the odds that a given pitcher will give up a hit by dividing the number of hits allowed per nine innings by the sum of the 27 batters retired in a generic game and that number of hits per nine innings. The author’s example was Nolan Ryan, for whom the relevant numbers were

6.5 divided by (27 + 6.5) = .194

Step 2 – Subtract the result of Step 1 from 1, resulting in the odds of retiring a batter.  For Ryan, that would be .806.

Step 3 – Assuming that all batters are created equal, the probability of getting 27 straight outs would be the result of Step 2 to the 27th power, .003 for Ryan.

Step 4 - Subtract that figure from 1, giving you the odds of not throwing a no-hitter in a given game (Ryan, .997).

Step 5 – Multiple the result of Step 4 by itself the number of starts the pitcher made; in other words, raise it to the number-of-starts power.  Ryan made 760 starts, so the seemingly-really-high .997 raised to the 760th power is .102; the odds that he would never have pitched a no-hitter.

Step 6 – Subtracting that from 1 means that the odds of Ryan pitching a no-hitter sometime in his career was a very likely .898 percent.


As for the number of no-hitters in a career, Neal multiplied the result of Step 5 by the odds of not throwing a no-hitter raised to the number of starts minus 1, and continued to do so for the given number of no-hitters.  For Ryan, since he threw seven no-no’s, that means

(1 – [.997]760) times (1 – [.997]759) times (1 – [.997]758) times … times (1 – [.997]754) which gives you .454. In other words, it was close to half likely that Ryan would have had seven no-hitters.  Unfortunately, this method is fundamentally wrong, and greatly overestimates those odds. Bob Brown (1996) demonstrated the correct way, based on the binomial probability distribution, which he computed as follows:

Step 1 – Subtract the number of no-hitters from the number of games started; in other words, starts that were not no-hitters (for Ryan, 753).

Step 2 – Take the factorial function of the result of Step 1; in other word, multiply all whole numbers from that result down to 1. For Ryan, that means 753 times 752 times 751…times 2 times 1.

Step 3 – Take the factorial function of the number of no-hitters (for Ryan, 7X6X5X4X3X2X1).

Step 4 – Multiply the results of Step 2 and Step 3.

Step 5 – Take the factorial function of the number of games started (760X759 etc).

Step 6 – Divide the result of Step 5 by that for Step 4.

Step 7 – Take the probability of throwing a no-hitter in a given start (.003) to the power of the number of no-hitters (7).

Step 8 – Take the probability of not throwing a no-hitter in a given start (.997) to the power of the number of starts with hits (753).

Step 9 – Multiply the results of Step 7 and Step 8.

Step 10 – Multiply the results of Step 6 and Step 9.

All this gives you the probability of .01 for Ryan. The mostly likely number of no-no’s for Ryan was two (.27). Keep in mind, however, that Bob was fine with Neal’s method for computing the odds of a single game producing a no-hitter, in so doing making the same two indefensible assumptions (equal career odds and equal opposition ability). Bob Kapla unnecessarily duplicated these computations in the same outlet (Baseball Research Journal) in 2004.


Frohlich (1994) took on this issue in an interesting example of statistical model-testing. He began by proposing a model of the game in which all batters and pitchers are equally talented and all at bats within a game are independent; in other words, a model implying that no-hitters are random events (Earnshaw Cook did the same for both no-hitters and perfect games in his 1966 book). This first model badly under-predicted the number of no-hitters and other low-hit games occurring between 1900 and 1993; so no-hitters are not random. Frohlich then revised the model to allow for various degrees of variance in pitcher ability and, in a third model, pitcher and batter ability; in both cases presuming that variance as random. These models were somewhat more accurate although they still under-predicted; and the more variance in pitcher ability, the more no-hitters they predicted. This latter implication is critical, because both batter and pitcher ability is not randomly distributed. As Bill James noted, what is randomly distributed is baseball ability across the entire population, and major league players are at the extreme positive tail of that distribution. As such, the distribution of ability in major league baseball is positively skewed, with a few really good players at the positive tail and many mediocre players bunched together on the other side of the distribution, at the hazy borderline separating major and minor leaguers. Really good pitchers are particularly likely to throw no-hitters, as demonstrated by McCarthy, Groggel, and Bailor (2010).  They matched each of the 97 pitchers who threw complete game no-nos between 1960 and 2008 with four pitchers from the same league and season who were at the top of the league in games started. Even though the matches were probably among the better pitchers in the league, across the entire sample the no-hit pitchers were better in a broad array of pitching indices, including winning average, ERA, opposition BA, SO/IP, and H/IP.  The point is that a model assuming random talent in the majors does not sufficiently weight their impact on the total number of no-hitters thrown.  


Frohlich (1994) also examined other factors that might increase variation in player ability across time. One is expansion, which allows promotion to a proportion of players previously consigned to the minors, but those events had no discernible impact. Expanded rosters in September would theoretically have the same effect, and it turned out that there have been more September no-hitters than in earlier months. As for other discoveries, the number of no-hitters is, not surprisingly, influenced by the general degree of hitting; an average of 11 per 10,000 games during the 1900-1919 and 1960s low offensive eras but only 3.7 per 10,000 from 1920 to 1939. Finally, between 1900 and 1979, two-thirds of no-hitters were at the pitcher’s home park, a tendency that Frohlich attributes to favorable scoring decisions on questionable fielding plays, but this proportion dropped to just over a random one-half starting in 1980.


Recognizing Frohlich’s earlier work, Sichel, Carl, and Bukiet (2011) modeled both perfect games and no-hitters for the 1876-2009 interval.  As with Frohlich, their first models, the perfect game version based on average OBA across all 134 relevant seasons and the no-hitter version doing the same with batters, badly underperformed.  Their second models, using OBA and BA for each season, did almost as poorly.  However, using pitcher-specific OBA and BA in their third models was successful, as based on 2000 simulations of that interval the model predicted 15.9 perfect games (there were actually 17) and 243 no-hitters (there were 250).

Performance Enhancing Drugs


Back in the chapter on offensive evaluation, I described Tobin’s (2008) attempt to model the impact of steroid use on batter’s performance.  He also took on its impact on pitching, estimating that a ten percent increase in muscle mass would lead to a five percent rise in pitching speed, which is close to five miles an hour for a power pitcher.  Tobin cited some work, including a piece from John Dewan’s ActaSports (www.actasports.com/sow/php?id=101), implying that such a rise would lead to a half run per game improvement in earned run average.  I looked at that piece and, given what little information it has, that seems a fair assessment.  In this chapter’s section on age and experience, I have described the relevant work from Jim Albert (2009) and Bradlow et al. (2008) specifically about Roger Clemens.


As mentioned in the section on age, Addona and Roth’s (2010) work is concerned with average fastball speed.  They contrasted from the main data set those pitchers who were either suspended for PED use starting with 2005 or were mentioned in the Mitchell report; in total, 27 pitchers accused of steroid use and 16 of human growth hormone.  The results of three different methods for guesstimating when pitchers were and were not using resulted in the following conclusions: HGH has either no or a slightly negative impact on fastball pitch speed, but steroids have a positive effect estimated as averaging about one mile per hour that widens as pitchers age, particularly for relievers.

Ruggiero (2010) repeated here the same type of analysis he did for offensive players, concluding that Kevin Brown and Chuck Finley had seasons significantly better than one would expect, which is just as likely a random career year rather than steroid use, and Roger Clemens basically had a second career.

Pitchers as Hitters

Overall, pitchers have never been good hitters, and as the years passed they became worse.  Russell Carleton (2023ac; 1950-2021 most certainly Retrosheet data as estimated off of graphs) demonstrated that league OBA for non-pitchers drifted up and down between a height of about .350 around 1950 and again around 1998 and about .310 in 1968 (the year of the pitcher), and then mostly at about .325 into the early 2020s.  In sharp contrast, pitcher OBA, at about .225 in 1950, was down to below .150 by the early 2010s.  Turning to other metrics, average pitcher BAs were usually between .140 and .160 from the early 1970s through the early 2000s, but by the late 2010s had dipped to .130 or less.  SLGs and OBAs were usually between .180 and .200 in that earlier period but were down to .170 or less in the later. The proportion of their PAs that ended in a strikeout, .35 in 1969, dropped below .30 through most of the 1970s and again in the early 1990s, but started increasing thereafter and was around .40 in the mid 2010s (Rob Mains, 2018f; see Rob's 2021u and 2022h and Eli Ben-Porat, 2017c for additional relevant figures).  Here are the proportions of PA outcomes for pitchers 1999 through 2002 (Dan Fox aka Dan Agonistes, 2004a):
Out = .798 
Single = .120 
Double = .027 
Triple = .002 
Homerun = .008 
Walk = .047 

These calculate to a .157 batting, .212 slugging, and .204 on base averages.  These are the pitch types that pitchers faced when batting in 2021 (Patrick Dubuque, 2021a):
Four-seam fastball 49%

Sinker 19%

Slider 15%

Curveball 8%

Cutter 5%
Changeup 4%
One more comparison, from Eli Ben-Porat (2017b, data probably 2008 to 2016):
	
	DH
	1B
	RF
	3B
	LF
	C
	CF
	2B
	SS
	P

	Exit Velocity
	90.743
	89.619
	88.981
	88.792
	88.355
	87.835
	87.735
	87.475
	87.108
	83.853

	Launch Angle
	12.53
	12.23
	11.36
	12.77
	10.63
	12.49
	10.10
	10.98
	10.38
	0.47

	SwStr%
	10.0
	9.5
	9.7
	9.0
	9.4
	9.4
	9.0
	7.4
	7.7
	14.4

	Bunts/BIP
	0.3
	0.3
	1.0
	0.8
	1.5
	1.2
	2.9
	2.0
	2.6
	21.9



Going further back in time, pitcher hitting relative to non-pitchers as measured by wOBA was between 90 and 100 percent in the1870s, began a linear decline to between 50 and 60 percent starting around 1960 and remaining there afterward except for a bump to 60-70 percent in the late 1980s and early 1990s (David Gassko, 2007).  Dan Fox aka Dan Agonistes (2007q), based on OPS, uncovered comparable figures of about 80 percent in 1900, down to about 70 percent in 1920, 60 percent in 1940, 50 percent in 1990, and about 47 percent in 2006; note the slower descent over time.  National League managers responded rationally by decreasing their PAs, down about linearly over the years from over 450 per season in the early and mid 1970s to about 350 in 2017 (Rob Mains, 2017j).

The relationship between pitcher hitting and pitching is unclear.  In the first of his two examinations of this issue, Shane Tourtellotte (2013b; 1947 [after WWII]  to 1971 [before DH], 467 pitchers who started in at least 60 percent of their appearances and qualified ERA title, 38,690 PA) found pitcher OPS+ uncorrelated with opponent OPS+ and only a weak positive correlation with both the pitcher's own W-L (r = 0.16) and their team's W-L (r = 0.14).   In the second (2013e, 549 games in which pitchers got hits in 2013), Shane compared pitcher performance before and after the first pitcher hit of the game (as pitchers sometimes got more than one hit).  
                        

R/9  ER/9   H/9  BB/9   K/9  K/BB
Game before first hit  2.95  2.74  7.59  2.42  7.29  3.01

Game after first hit   4.09  3.92  8.74  2.51  7.08  2.82
                          

   R/9  ER/9   H/9  BB/9   K/9  K/BB
Inning before first hit  3.39  3.21  8.15  2.55  7.41  2.91

Inning after first hit   4.17  3.97  8.94  2.32  7.06  3.05
Walks and strikeouts appear unaffected by the hit, but hits and runs were obvious worse.  Perhaps the impact in the inning after was due to time on the basepaths tiring the pitchers, as conventional wisdom has it, but that explanation does not work as well for effect on the next game.  My first guess is that the two are unrelated, and the pitcher had the opportunity to get a hit in games in which they were pitching better and so lasting more innings.  In some contrast, perhaps due to controlling for pitcher and batter strength and handedness and pitch count, Eric Seidman and Russell Carleton (2010, probably 2008 and 2009 data almost certainly from Retrosheet) only uncovered a .004 decrease in strikeouts per PA, with most of those K’s lost becoming outs-in-play, and a slight increase in hits going for extra bases rather than singles.   Bond and Poskanzer (2024; 1999 to 2018 data from Retrosheet) uncovered evidence that when pitchers batted and made out, they were slightly more likely to get the next half inning's leadoff hitter out, compared to individual pitcher baseline performance.  This effect decreased with subsequent batters and was gone by the fourth.  It was also greatest with a tied score, also decreases with differences in score and disappearing with a four run margin.  In this case, pitchers were more likely to throw strikes and walked fewer leadoff hitters after making out at the plate.  The total effect added up to 0.018 runs.  There was no impact for previous pitching performance on pitcher batting.  When interviewed on the topic, several MLB pitchers reported that making out at the plate motivated them to pitch more aggressively.

Eric Seidman and Russell Carleton (2010, in this case PITCHf/x data for pitchers with at least 30 PA) revealed that pitchers having to bat resulted in a drop-off of 2.6 percent in fastball usage and 0.11 in fastball velocity, with curveballs, sliders, and changeups all taking up the slack; in other words, pitch variety increased.  Fastball movements decreased by 0.05 inch horizontally and 0.10 inch vertically; changeups lost 0.23 bertical inches.  Having to run the bases had an analogous impact; 1.7 percent of fastballs became other pitch types and an even slighter (.05) decrease in velocity.  In some contrast with batting only, fastball movement after baserunning dropped more horizontally (0.15 inches) than vertically (0.04 inches), with curveballs and changeups losing as much as ¼ inch of movement.  Unfortunately, these last comparisons appear to be against both pitchers who batted and did not get on base and pitchers who did not bat; it would be more informative to have been limited to the first of these groupings.  
Size


First, before going any further, Cliff Blau reminded me to make the point that the following data, particularly in regard to weight, is not at all reliable, although the general points made should be valid.

In 1908 the average pitcher was 5'11” and weighed 180 pounds, in 1946 6'1“ and 187, and in 2006 6'2” and 198 (Steven Goldman, 2007a; Nate Silver, 2005b).  As Nate pointed out, unlike with hitters, there Is little relationship between pitcher size and performance.  For example, Kevin Goldstein (2008) presented the following for 2008 pitchers across most of the season:
Height GS     IP      ERA
5-10   78    503.0   4.51

5-11  162    998.0   4.47

6-0   444   2653.2   4.16

6-1   673   4276.0   4.23

6-2   888   5677.2   4.41

6-3   784   5069.1   4.32

6-4   578   3620.1   4.83

6-5   454   2724.0   4.69

6-6   176   1265.0   3.99

6-7   169   1085.2   3.93

6-8    16    134.1   4.49

6-9    51    319.2   5.41
6-10   43    251.1   4.23
David Gassko (2006k; 1946 to 2005) divided post-World War II pitchers into four groups: tall (6'5” or taller) and heavy (21 or more pounds more than estimated weights given the height/weight statistical association), tall and thin (21 or more pounds less than estimated weights), and short (5'10” or shorter) with the same weight distinctions.  The short and heavy group pitchers had slightly better ERAs, with the thin groups slightly worse.  Walk, homer, and BABIP rates were unaffected.  Between ages 25 and 32; survival rate was highest for heavy and lowest for thin, but he thinks there may have been selection bias involved in this finding as heavy pitchers were a bit better overall. Thin pitchers were more likely to become relievers in their later years.  David (2006L) then computed year-two projections based on year-one performance plus either height or weight, with the following inconsequential results:.
Each inch of height worsened next year's performance by an extra .02 runs; David 
thought a selection bias against shorter pitchers operated here.

Each inch of height improved K rate by .08 per game.

Every 10 pounds improved K rate by .11 per game.

Each inch increases BABIP by .01
Walks and HRs and groundball rate were unrelated with size.


Categorizingfrom 5 foot 11 inches and less to 6 foot 6 inches and more and by one inch increments between these extremes, Eli Ben-Porat (2019c) uncovered little relationship between starting pitcher height and swing strike rate between 2008 and 2015; between 2016 and 2018, SwStr% increased with height up to 6'4” and then decreased above that.  No analogous associations appeared for relievers.  Eli also presented tables of spin rates and SwStr% for various pitch types by height; the results appear to be largely random except that the 5'11” and shorter group had noticeably highest spin rates for four-seamed fastballs, curves, and sliders than the taller categories; see the webpost if interested.  According to Forsythe, Crotin, Greenwood, Bhan, and Karakolis (2017), BMI negatively related with IP 

(–0.420), CG (–0.267), shutouts (–0.144), and positively with saves (0.201).

Jeff Zimmerman looked at minor league development in the context of pitcher height for 2002 through 2012 and had some interesting findings.  First, pitchers drafted in the first round tended to be relatively tall (75.2 inches on average), with height decreasing to 74.4 inches at round 9, and jumping around between 74 and 75 through the rest of the draft.  Here are ERA figures in the low minors by height:

	A-ball ERA for Starting Pitchers, By Height Groups, 2005-2012

	Level
	<=73"
	74″-75″
	>=76″

	Low-A
	3.66
	3.80
	3.94

	A-ball
	3.86
	3.99
	3.97

	High-A
	4.17
	4.28
	4.27


Shorter pitchers had slightly better ERAs in A ball, but, in Jeff's words: “The difference in ERA begins to lessen among the three levels...Once starting pitchers get to Triple-A (4.53 vs 4.50 vs 4.49) and the majors (4.22 vs 4.27 vs 4.21), the differences have all but vanished.”


The following tables are for pitchers ranked in Baseball America's top 100 prospects.





Shorter pitchers tend to get stereotyped into relievers – compare the percent of innings pitched by 6 feet or shorter in MiLB and MLB.  The last column, Baseball America's percentage in top 100, shows how BA tended to overvalue 76-inch and taller pitchers. 

 Finally:
	Disabled List data, by height, 2002-2013

	Height
	Age
	Avg Days
	% of DL Trips
	% DL Trips > 90 days
	% of Pitchers
	RA
	K%-BB%

	<72
	30.3
	61.2
	6.6%
	5.2%
	3.1%
	3.90
	13.3%

	72
	30.0
	61.2
	12.3%
	10.7%
	12.2%
	4.36
	11.4%

	73
	29.4
	65.3
	12.4%
	12.2%
	12.2%
	4.54
	9.5%

	74
	30.3
	65.1
	17.5%
	18.8%
	17.4%
	4.53
	10.5%

	75
	29.4
	68.5
	19.3%
	21.4%
	18.7%
	4.37
	10.8%

	76
	29.7
	64.2
	14.5%
	14.5%
	14.1%
	4.51
	10.9%

	77
	29.9
	61.3
	9.2%
	8.6%
	8.8%
	4.52
	11.3%

	78
	28.9
	73.1
	4.3%
	5.2%
	5.8%
	4.27
	10.8%

	>78
	28.9
	60.8
	3.9%
	3.4%
	4.2%
	4.10
	11.0%

	Overall
	29.7
	64.7
	
	
	
	4.41
	10.9%


Note that pitchers less than 6 feet had the best ERA and K-BB of all the groupings, but when compared to the overall percentage of pitchers in each category they were more susceptible to DL trips.  

Tom Ruane (1998a) posted detailed data on pitcher height and performance for decades from the 1870's through 1900-1997; I have included it as Appendix 1.  The shortest(tallest) category includes those shorter(taller) than what is labelled.  Note that the categories themselves increased by two inches from start to finish, reflecting the increase in player height.
Strikeouts


(The following is based on my 2024a.) First and foremost, strikeout rates have been increasing throughout most of the history of professional baseball.  Figure 1, based on data posted at fangraphs.com, graphs the K trend going back to 1920, when the swing-hard batting strategy brought on by Babe Ruth began to take hold.
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As shown here, strikeout rate has generally been going up since the late 1920s; see also a quick summary of other sources in the Historical Changes section of the Batting Issues chapter plus the figures from Rob Wood (1999a) and Russell Carleton (2017) charted in the Historical Issues section of this chapter.  The drop during the 1970s is also discussed in detail in the Historical Changes section of the Batting Issues chapter.  I want to point out at the outset that strikeouts in and of themselves do not effect run scoring.  Although individually correlated at the team level with runs per game at –0.348 between 2019 and 2023, the correlation becames +0.09 when we control for on-base average, which correlated with runs scored at .882 (Russell Carleton, 2024n).  The problem with the strikeout epidemic is on the aesthetics of baseball; most agree that too many strikeouts make the game boring.

In this section, I will list describe behind this increase, concentrating on 2007 through 2023 as sabermetrics revolutionized batter and pitcher strategy.  Some of these are discussed elsewhere in this book; in these cases, I will mention them and alert the reader to the relevant section.  Along with summarizing past research, I will be presenting analysis based on fangraphs.com seasonal data for pitchers accumulating a minimum of 162 innings between 2018 and 2023 excepting the 2020 COVID season, in which no pitchers reached that level of activity.  These data include individual pitcher-level information gathered by Statcast across 247 pitcher-seasons for the six most prevalent pitch types compiled by Statcast and listed by FanGraphs, each with annual usage rates of at least five percent and as a group comprising more than 95 percent of the total: fastballs (either generic or four-seamed), cutters, sinkers (including those classified separately as two-seamed fastballs in 2018 and 2019), sliders, curves, and changeups.  As not all pitchers used each, sample sizes for each pitch type were generally lower that 247; 240 for fastball, 228 for changeup, 204 for sinker, 200 for slider, 180 for curve, and particularly (110) for cutters.  Additional pitch location and swinging strike rate data come directly from Statcast.

Batter Behavior


Changes in batter behavior parallel to those described in the first part of this two-part series have been contributing to the rise in strikeouts.  Using the accepted abbreviations for the included metrics, the following two figures displaying batter plate discipline measures begins our examination (data from FanGraphs.com; I define these in the Plate Discipline subsection of the Evaluating Specific Skills in the Batting Evaluation chapter).  In this and some of the subsequent diagrams, I use ratios as compared with 2007, because, given the large variation in actual percentages among the included indices, changes over time would otherwise become masked.
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O-Swing% and O-Contact% are the percentage of pitches outside of the RBSZ that, respectively, are swung at and the percentage of swings on which contact occurred.  By multiplying the first of these (swing per pitch) by the second (contact per swing), I was able to add a line showing contact rate per pitch for non-strike pitches.  Z-Swing%, Z-Contact%, and Z-Contact per Pitch% are the counterparts for pitches within the RBSZ.  SwStr% and CStr% are the percentage of swinging and called strikes per pitch.  Finally, Zone% is the percentage of pitches within the RBSZ.  The picture these data draw is clear.  Over the relevant seasons, batters swung more often at pitches both inside (66.0% in 2007 to 68.8% in 2023) and outside (23.7% in 2007 to 31.9% in 2023) of the RBSZ, and contact rate drifted downward starting in 2011 for those outside (68.0% down to 62.3% in 2023) and beginning in 2007 those inside (88.2% down to 85.4% in 2023) the RBSZ.  Overall, as making less contact has canceled out the impact of swinging more often, contact rates per pitch stayed within a couple of percentage points from 20 since 2010 for pitches outside and in the mid- and upper-50's during the entire era for pitches inside of the RBSZ. (let's call them “real balls” and “real strikes” respectively; also see Adam Brodie, 2016, for discussion of 2008-2016 drops in contact rate).


But pitching strategy changed, as pitchers have been placing more and more pitches outside of the RBSZ (real strikes 51.5% in 2007, 41.9% in 2023).  Craig Edwards (2018b), using figures for 2002 through 2018, found the percentage of pitches in the RBSZ to correlate very strongly negatively (–0.90) with K rate using the 17 relevant seasons as the data points.  This method ignores variation in both metrics within seasons, in so doing artificially inflating the correlation, but the implication that more real balls increased strikeouts is certainly valid.  Turning to the 2018-2023 pitcher-level data, as contact rate per pitch and per swing were much higher for real strikes than for real balls, the overall swinging strike rate went up markedly (8.7% in 2007 to 11.2% in 2023).  Perhaps due to more real balls, the called strike rate went down, but at a far slower pace than the swing strike rate went up (17.0% in 2007 down to 16.4% in 2023).  As pitches in the RBSZ have comprised an increasingly lower percentage of total pitches, the outcome has been a lot more swinging strikes, and so a lot more strikeouts.  The swinging strike/strikeout relationship according to Russell Carleton (2017p) correlated at 0.71 for 2002 through 2016.  Similarly, in the 2018-2023 pitcher-level dataset, strikeout rate correlated with O-Contact% at –0.74 and with Z-Contact% at –0.78; in addition, with O-Contact per Pitch% at –0.42 and Z-Contact per Pitch at –0.62.  

Pitch Type


Batters are of course reacting to the pitches they face; let us look next at the progression of average pitch type proportions between 2008 (the first year for which relevant Statcast data is available) and 2023.  Fastball percentages remain the highest throughout, staying steady until a recent drop.  Sinker use has plummeted, with sliders and in particular cutters taking up much of the slack.  Curves fluctuated a bit over the years before a recent downturn, whereas changeups have gone up a fraction of a percent over the interim.  
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What is critical here are swinging strike rates for each pitch type.  Figure 5 data (next page) are directly from Statcast.  Swinging strike rate has increased for every pitch type.  Comparing across them, the slider, one of the two pitches with increased usage, had the highest SwStr%; that with decreased usage, sinkers, had the lowest.   This is consistent with the just-shown increase in slider use and decrease in sinker use across those years.  The other pitch type with markedly increased usage, cutters, also had SwStr% rates well over those for sinkers.  Apparently, pitch type repertoire has shifted in favor of pitches more conducive to whiffs.

Pitch Velocity and Movement


The impact of pitch velocity on strikeout rate appears to be straightforward; faster pitches, more strikeouts.  Figure 6 (next page) displays average velocities for five pitch types from 2007 through 2023 (Statcast data posted on Fangraphs.com).  Every pitch type went up between 2.1 and 4.8 mph over the seventeen years included here (see Jeff Sullivan, 2019, for a parallel analysis, and Russell Carleton, 2022L, for a detailed study of fastball velocity increases between 2008 and 2021 and 2024i for increases for pitchers first reaching 50 IP, 2008-2023).  In the Fangraphs.com seasonal data, higher average pitch velocity was correlated with higher strikeout rate, in order of relationship strength, as follows: fastballs at +0.59, sinkers at +0.54, cutters at +0.43, sliders at +0.32, changeups at +0.28, and cutters at +0.22.   Each pitch type was similarly correlated with contact rate on pitches outside of the rule book strike zone (O-Contact%), and all but curves and changeups with contact rate inside of the zone (Z-Contact%).  
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The impact of pitch velocity in these data is not news.  Mike Silver (2009b) and Craig Edwards (2018b) calculated very high correlations between fastball velocity bins for 2008 and 2002 to 2018 respectively and average strikeout rate, with Craig also doing so for average off-speed pitch velocity in each bin.  This average-per-bin method significantly overestimates the true relationship as it hides all variation across pitchers within each bin, but the general trend is certainly valid.  Eric Seidman (2008a) saw strikeout rates rise steadily from 44.6 percent to 49.3 percent as fastball velocity rose from 92 to 98+ mph during 2007 (see Hashimoto and Nakata, 2022, for analogous findings for eight pitch types).  Ben Clemens (2020a; 2015-2019)  uncovered a median percentage increase of 3.1 in K rate for 23 pitchers who gained at least one mph between seasons in four-seamer velocity.  Matthew Trueblood (2024, batters swinging at at least 300 fastballs in 2023) observed an average of 0.7 mph difference between pitches resulting in swinging strikes versus batted balls.  Russell Carleton (2024i, 2015-2023 Statcast data; see also his 2015v, 2022p, and 2023ac) uncovered a close-to-linear negative relationship between velocity measured in one-mph buckets and contact rate, the latter at about 87 percent at 88 to 88.99 mph and just 72 percent at 100 mph and greater.  Eno Sarris (2022, unknown data year, sample size of 284) noted a correlation of 0.190 between velocity and swinging strike rate.

In contrast, the impact of pitch movement on strikeout rate is weak and tied up with pitch velocity (see the Pitch Characteristics section of the Pitching Issues chapter for more detail).  In the 2018-2023 pitcher-level data set, after reversing the sign for the 64 pitcher-seasons thrown by lefthanders, the highest correlations with K rate are +0.18 for fastball horizontal movement and +0.25 for fastball vertical movement.  Moreover, horizontal and vertical movement were negatively correlated for cutters (–0.50), sliders (–0.40), sinkers (–0.34), and fastballs (–0.13).   This tradeoff was observed as far back as 2007, with Eric Seidman (2008b) noting vertical movement to increase and horizontal movement to decrease as fastball velocity and strikeout rate went up (but see Alex Chamberlain, 2018b, for different findings) and Jonathan Hale (2013) a three-way association among fastball (four- and two-seamers combined) movement, fastball velocity, and swinging strike rate (see Pitch Movement in this chapter for details on all three studies).  The quest for higher pitch spin rates may be involved, as Jonah Pemstein (2015e), with data covering at least 2009 through 2014, discovered that more spin resulted in increased movement but greater decreases in velocity between release point and the plate.


Changeups have been a glaring exception.  In the Statcast/FanGraphs data 2007-2023 data, along with increasing in velocity at a greater rate (4.4 mph) than fastballs (3.5 mph), horizontal and vertical movement both increased; the former from 0.9 inches to 2.8 inches of movement toward left-handed batters and the latter from 3.8 inches above to 2.2 inches above what a pitch with no spin (gyroballs) would move; in other words, more downward motion.  Analogously, and unlike most other pitch types, the two directions were positively correlated with one another (+0.30) in the 2018-2023 pitcher-level data set.  Jonah Pemstein (2015f) again provided a relevant reason for the difference; SwStr% at intermediate spin rates was highest for changeups but lowest for other pitch types.  In addition, Harry Pavlidis (2013), with 2011-2012 data, uncovered other clues when examining the relationship between changeups and fastballs.  To begin, he calculated a positive (0.28) pitcher-level correlation between fastball velocity and swinging strike rate on changeups.  The fastball velocity increase over time implies higher changeup SwSt%.  Pavlidis also noted a negative correlation (–0.45) between the usage ratio of fastballs to changeups.   As fastball usage decreased and changeup usage remained the same over time, the fastball/changeup ratio became smaller; and as SwStr% is higher in changeups than fastballs, more swinging strikes are again implied.  Finally, the difference in vertical movement between changeups and fastballs correlated with swinging strike rates at 0.41.  As vertical movement for fastballs stayed close to constant between 8 to 8½ inches whereas that for changeups increased, the difference would have gotten larger, once again meaning higher swinging strike rates.

Called Strike Zone Locations and Its Implications


We turn next to pitch location. The reason that I have used the specific term “rule book strike zone” (RBSZ) is to distinguish it from the “called strike zone” (CSZ), which is a product of umpire judgment (the terminology comes from Zimmerman, Tang, and Huang, 2019).  The two are most certainly not synonymous. As described in the Umpire chapter, the CSZ was discovered to be a superellipse wider horizontally and shorter in both vertical directions and far smaller than the 527 square inch RBSZ.  Also discussed in that chapter was the increasing accuracy of the CSZ over time.   A CSZ better reflecting the RBSZ would be larger than earlier, which alone probably increased strikeout rates.  Over these years, the CSZ shrunk horizontally but increased substantially vertically, particularly toward the bottom of the CSZ. Strike calls on pitches between 1½ and 2 feet off the ground increased from 29.6 to 43.8 percent from 2009 through 2013 (Jon Roegele, 2013a).  Brian Mills (2014a, 2017) concluded that the bottom part of the strike zone had increased by three inches between 2008 and 2014.  See the Changes over Time in Pitch-Calling Judgments section of the Umpire chapter and my 2024a for details on this topic.


As umpires called more low strikes, pitchers responded by throwing more pitches in that location.  According to Jon Roegele (2014), between 2008 and 2013 pitchers increased their proportion of pitches between 1½ and 2 feet off the ground from 16.9 percent to 18.2 percent.  Batters responded by swinging at those pitches more often, going from 45.6 percent to 48.3 percent. Between 2007 and 2013, average pitch heights went down steadily from 28.92 in 2007 to 27.61 inches in 2013, with the proportion of pitches in that additional three-inch zone increasing from about 22 percent to about 27½ percent.  Batters reacted in turn by raising swing rates on pitches in that zone from about 31 percent to about 34½ percent, but with the odds of making contact 73.3 percent, putting a ball in play 48.9 percent, and getting a hit 26.9 percent lower than for pitches above it.  Compared to 2008, in 2013 there were 974 more called strikeouts and 685 fewer walks on the final pitch of plate appearances when that pitch was located in the parts of the CSZ that changed during that time period.  Brian Mills estimated that the overall improvement in umpire accuracy accounted for between 3.3 and 8.9 percent of the total strikeout rise between 2007 and 2013, with more strike calls on lower pitches responsible for most of this jump.  


The final outcome was an increase in called strikes and strikeouts on pitches toward the bottom and corresponding decrease in called balls and walks, on pitches to this zone.  Using Retrosheet data, Brian Mills noted a relationship between this change and run production per game over this interim.   Along the same lines, here is 2015 PITCHf/x data offered by Russell Carleton (2016i) relevant to pitches horizontally in the strike zone and vertically at different locations within it:

	Zone
	Swing Pct.
	Contact Pct.
	Fair Ball Pct.
	OBP
	SLG

	Highest 2 Inches in Zone
	63.3
	77.9
	39.1
	.320
	.546

	Below the Current Zone
	52.3
	71.2
	52.5
	.310
	.440

	Lowest 2 Inches in Zone
	61.2
	83.5
	57.2
	.331
	.513

	Between 2 and 4 Inches from Bottom of Zone
	68.0
	89.1
	57.5
	.353
	.577


Looking at the bottom three rows in the table, there are more swings, more contact, more fair balls, and greater batter success as pitches rose from below to above the bottom of the strike zone.  


The increase in the low part of the CSZ slowed down in 2015 and reversed a bit the next two years.  At the same time, pitch locations began a partial rebound toward the top.  Further, pitchers began responding to where swinging strike rates were the highest.  Figure 7 displays vertical pitch locations for the entire 2008 through 2023 era; Figure 8 shows swinging strike rates at four-year increments for the same period.   By the end of that time frame, the proportion of high strikes (Zones 1, 2, and 3 in the standard location charts) had rebounded back to its beginning level, but that for high balls (Zones 11 and 12) was still about 3½ percent lower, low strikes (Zones 7, 8, and 9) about 1½ percent higher, and low balls outside (Zone 14) about 3½ percent higher than at the beginning.  Now, juxtapose the locations across the two tables.  Through 2014, low balls both inside (Zone 13) and outside increased; consistently, these had the highest swinging strike percentages.  Afterward, SwStr% for high strikes rose at a faster pace than the others; in response, its usage proportion went up.  In 2017, teams apparently noticed that low balls outside had consistently higher SwStr% than low balls inside; the latter's proportion collapsed by 2.1 percent in one year whereas the former's went up by 1.9 percent between 2015 and 2019.
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Finally, looking back at the metrics displayed on Figure 3, between 2007 and 2023 the percentage of pitches in the RBSZ decreased by a good ten percent whereas the drop in called strike rate went down by only about half of a percentage point.  The juxtaposition between the two implies that called strikes outside of the RBSZ probably went up.  It is likely that the increased attention to pitch framing by catchers and the teams they played for was involved in this rise.  Certainly, at the beginning of this era, the variation in framing skills across catchers was substantial.  Kim and King (2014), looking back to 2008 and 2009, calculated that catchers with framing rates one standard deviation better than average received an overall 7 percent increase in the number of called strikes on pitches outside of the RBSZ and a 10 percent decrease in the number of called balls inside the zone.  Not surprisingly, as Carleton (2016a) pointed out, the better the framing, the more strikeouts.  Again, batters responded.  Arthur (2015c) compared two models predicting swing probability given called strike probabilities for 2014, one including the count and pitch location, and the other adding to those two the identity of the catcher.  The second was a better fit for the data, which implies that batters' decisions concerning whether to swing on borderline pitches were influenced by the framing reputation of the catcher.  As compared to good framers, batters were less willing to swing at borderline pitches against poor framers if they believed that the catchers were less likely to get a strike call.  As the importance of framing skills has become entrenched in our consciousness, front offices are becoming less and less willing to accept a poor framing catcher.  As a consequence, Sullivan (2017) noted that the standard deviation across teams in pitch framing as estimated by Baseball Prospectus dropped from about 21 in 2011 to about 12 in 2016.  This decrease was almost certainly due to the disappearance of poor framers, which means that the tendencies for more called strikes and strikeouts with good framing catchers was becoming more widespread across the major leagues.

Foul Balls

Changes over time in foul ball occurrence have had some impact on strikeout rates.  As described in the Specific Batting Skills section of the Batting Evaluation chapter, there is a small but consequential positive relationship between batter foul ball and strikeout rates.  What is critical here is that fouls have become more prevalent over time.  Between 1993 and 2023, foul ball rates increased approximately linearly with increased pitch velocity, from about 47 percent of batted balls at the 88 to 88.999 mph bin to about 65 percent at 100 mph and faster.  As pitch velocity increased over this time frame, it follows that the foul ball rate did also; the proportion of contacted balls that went foul increased from under 44 percent to close to 51 percent (Russell Carleton, 2024j; see also Travis Sawchuk, 2019a).   Fouls per swing remained steady at close to 40 percent from 2008 through 2022 (Davy Andrews, 2024b), so the increase in swing rate described earlier is also associated with this rise.  According to Devan Fink (2021; hitters with at least 200 swings in 2021), fouls per swing correlated with K rate at 0.17.  Although not a large association, a regression equation including both fouls per swing and swinging strike rate increased variance accounted for in strikeout rate to 79 percent from the 69 percent accounted for by SwStr% alone.  Putting this all together, as pitch velocity increased and batters swung more, the increase in pitch velocity probably increased the likelihood of batted balls becoming foul, and the additional strikes resulted in a few more strikeouts.  As Davy Andrews (2024b) recently noted, “a foul ball has never been closer to a whiff than it is today.”

An Antidote to the Epidemic?


A proposed increase in the length between pitching rubber and home plate has been examined as an antidote to the strikeout epidemic.  Based on Alan Nathan's (n.d.) Trajectory Calculator, Robert Arthur (2019a) made the following predictions for a two-foot increase:
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Given the loss of velocity and the greater distance to cover meaning the calculated increase in pitch flight time to home, David Schoenfield and Jeff Passan (2019) estimated the visual equivalent of a loss of three miles per hour.  This would of course affect different batter's response differently, but they calculated the loss of three mph as resulting in an 26/31/68 increase, which alone would change the face of the game.  The predicted change in pitch break, due again to loss of velocity and greater distance, gives the batter more chance to reach but the ball itself more time to move, with impacts that might well be both pitcher and batter specific.  In order to test the impact, the pitching mound was moved back one foot partway through the 2021 Atlantic League season.  This experiment backfired, with the strikeout, fly ball, and popup rates increasing and line drive rate decreasing, resulting in an eight-point BA drop between before and after the move Speculation was that added pitch movement canceled out any lower pitch velocity (Robert Arthur, 2021q; Ben Lindbergh and Rob Arthur, 2021).  The experiment was not repeated in 2022.

See Russell Carleton (2013b, 2014, 2021i, 2023ac) for lists of proposed explanations for the strikeout epidemic consistent with those described here plus additional data not included here, particularly about decreased contact rate with two strikes and changes in proportions of balls and strikes on the first pitch of a plate appearance.  Robert Arthur (2021g) and Jake Seiner (2021) discussed changes in the weight, “bounciness” (coefficient of restitution), and seam size that have probably influenced pitch speed and movement.
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Appendix 1.  Pitcher's Height and Performance, 1870's through 1999-1997 (Tom Ruane, July 27, 1998)
 1870-1879:

  Hgt      IP     H     R    ER    BB    SO   ERA   H/9  BB/9   K/9

 5' 8"   9619 10866  2970  1441   793  1854  1.35 10.17  0.74  1.73

 5' 9"  11791 13727  3172  1410   925  1671  1.08 10.48  0.71  1.28

 5'10"   3229  3339  1552   680   254   725  1.89  9.30  0.71  2.02

 5'11"   2414  2719  1078   433   213   447  1.61 10.14  0.79  1.67

 6' 0"   3003  3413   338   141   169   179  0.42 10.23  0.51  0.54

(Above ERAs are wrong, also runs and earned runs)
 1880-1889:

  Hgt      IP     H     R    ER    BB    SO   ERA   H/9  BB/9   K/9

 5' 8"  36372 37515 22690 13428  8586 14482  3.32  9.28  2.12  3.58

 5' 9"  16889 16784  9957  5689  3971  6535  3.03  8.94  2.12  3.48

 5'10"  30557 29659 17601 10264  6860 13082  3.02  8.74  2.02  3.85

 5'11"  11337 11441  7459  4514  3140  4858  3.58  9.08  2.49  3.86

 6' 0"  32874 33305 20574 11963  8085 14534  3.28  9.12  2.21  3.98
 1890-1899:
  Hgt     IP     H     R    ER    BB    SO   ERA   H/9  BB/9   K/9

 5' 8"  27425 31385 19091 12704 10092  7519  4.17 10.30  3.31  2.47

 5' 9"  17217 18498 11323  7626  6778  5496  3.99  9.67  3.54  2.87

 5'10"  34573 38026 22949 15429 12653 10346  4.02  9.90  3.29  2.69

 5'11"  21812 24156 14851 10111  8719  6102  4.17  9.97  3.60  2.52

 6' 0"  20592 23012 14076  9201  7548  6417  4.02 10.06  3.30  2.80

 6' 1"  27351 28919 17326 11567 10247  9567  3.81  9.52  3.37  3.15
 1900-1909:
  Hgt      IP     H    R    ER    BB    SO   ERA   H/9  BB/9   K/9

 5' 9"  28950 27667 13362  9349  8079 10550  2.91  8.60  2.51  3.28

 5'10"  31500 30048 14632 10195  9149 11869  2.91  8.59  2.61  3.39

 5'11"  37504 35487 16336 11480 10619 14655  2.75  8.52  2.55  3.52

 6' 0"  35562 34708 16837 11944 10258 13187  3.02  8.78  2.60  3.34

 6' 1"  33386 30146 13536  9413  9099 15683  2.54  8.13  2.45  4.23

 6' 2"  24733 22913 10754  7419  6754 10758  2.70  8.34  2.46  3.91
 1910-1919:

  Hgt      IP     H     R    ER    BB    SO   ERA   H/9  BB/9   K/9

 5' 9"  25567 24116 11089  8479  8433  9917  2.98  8.49  2.97  3.49

 5'10"  26106 25035 11976  8995  8490 10473  3.10  8.63  2.93  3.61

 5'11"  42479 39992 18489 13786 13181 17521  2.92  8.47  2.79  3.71

 6' 0"  53855 51419 24462 18509 18618 21407  3.09  8.59  3.11  3.58

 6' 1"  41918 38447 17498 12979 13376 18549  2.79  8.25  2.87  3.98

 6' 2"  48632 44949 20852 15556 16165 20983  2.88  8.32  2.99  3.88
 1920-1929:

  Hgt      IP    H      R    ER    BB    SO   ERA   H/9  BB/9   K/9

 5'10"  46890 51225 25195 21107 16378 15578  4.05  9.83  3.14  2.99

 5'11"  38502 42317 20926 17523 13447 11680  4.10  9.89  3.14  2.73

 6' 0"  53188 59052 28441 23704 16992 15855  4.01  9.99  2.88  2.68

 6' 1"  40654 45047 22466 18582 14119 12444  4.11  9.97  3.13  2.75

 6' 2"  40700 44041 21357 17626 13396 13745  3.90  9.74  2.96  3.04
 1930-1939:
  Hgt      IP     H     R    ER    BB    SO   ERA   H/9  BB/9   K/9

 5'10"  33187 37069 18630 16051 11580 11688  4.35 10.05  3.14  3.17

 5'11"  36986 41254 21107 18011 13412 12562  4.38 10.04  3.26  3.06

 6' 0"  43765 47993 24353 20869 16160 16569  4.29  9.87  3.32  3.41

 6' 1"  44882 48936 24716 21220 16358 16427  4.26  9.81  3.28  3.29

 6' 2"  34345 37240 18935 16184 12976 13498  4.24  9.76  3.40  3.54

 6' 3"  25738 27527 13715 11687  9361 10939  4.09  9.63  3.27  3.83
 1940-1949:

  Hgt      IP     H     R    ER    BB    SO   ERA   H/9  BB/9   K/9

 5'10"  21932 21682 10491  9039  8752  8447  3.71  8.90  3.59  3.47

 5'11"  25246 25269 12227 10563  9869  9853  3.77  9.01  3.52  3.51

 6' 0"  43725 43331 20841 18038 17614 17507  3.71  8.92  3.63  3.60

 6' 1"  40653 40379 19418 16788 16265 15121  3.72  8.94  3.60  3.35

 6' 2"  50675 50843 24322 21094 19256 20626  3.75  9.03  3.42  3.66

 6' 3"  38846 38846 19260 16594 15996 16207  3.84  9.00  3.71  3.75
 1950-1959:
  Hgt      IP     H     R    ER    BB    SO   ERA   H/9  BB/9   K/9

 5'10"  24180 23786 11604 10268  9134 11696  3.82  8.85  3.40  4.35

 5'11"  23018 22785 11477 10156  9164 11716  3.97  8.91  3.58  4.58

 6' 0"  47750 46957 23459 20735 18708 23023  3.91  8.85  3.53  4.34

 6' 1"  36769 36534 18725 16648 15240 18090  4.07  8.94  3.73  4.43

 6' 2"  42780 42302 21161 18815 17140 20808  3.96  8.90  3.61  4.38

 6' 3"  46647 46405 23624 20914 18870 23530  4.04  8.95  3.64  4.54
 1960-1969:
  Hgt     IP     H     R     ER    BB    SO   ERA   H/9  BB/9   K/9

 5'11"  45563 43546 20738 18306 15472 28482  3.62  8.60  3.06  5.63

 6' 0"  45974 42829 20537 17953 15997 28525  3.51  8.38  3.13  5.58

 6' 1"  51585 48432 23395 20660 18543 32713  3.60  8.45  3.24  5.71

 6' 2"  49965 46984 23022 20238 18072 31030  3.65  8.46  3.26  5.59

 6' 3"  42456 39680 18911 16706 14417 27147  3.54  8.41  3.06  5.75

 6' 4"  50897 47176 22383 19581 17545 34541  3.46  8.34  3.10  6.11
 1970-1979:
  Hgt      IP     H    R     ER    BB    SO   ERA   H/9  BB/9   K/9

 5'11"  31697 30422 14429 12783 12086 18415  3.63  8.64  3.43  5.23

 6' 0"  55675 53563 25577 22649 19902 30484  3.66  8.66  3.22  4.93

 6' 1"  60243 58035 27195 24154 21440 35642  3.61  8.67  3.20  5.32

 6' 2"  59181 56872 27804 24663 23478 35334  3.75  8.65  3.57  5.37

 6' 3"  69211 68124 32232 28540 24971 38420  3.71  8.86  3.25  5.00

 6' 4"  41802 40898 19434 17239 14651 23363  3.71  8.81  3.15  5.03

 6' 5"  37449 36518 17964 15909 14242 22083  3.82  8.78  3.42  5.31
 1980-1989:
  Hgt     IP     H     R    ER    BB    SO   ERA   H/9  BB/9   K/9

 5'11"  22497 21565 10416  9365  8428 14551  3.75  8.63  3.37  5.82

 6' 0"  38775 38280 18593 16721 13678 21420  3.88  8.89  3.17  4.97

 6' 1"  61564 60392 29391 26329 21363 35029  3.85  8.83  3.12  5.12

 6' 2"  63688 62528 30907 27558 23713 38782  3.89  8.84  3.35  5.48

 6' 3"  75498 74425 35715 32124 26734 45638  3.83  8.87  3.19  5.44

 6' 4"  55280 54752 26642 23729 19851 33595  3.86  8.91  3.23  5.47

 6' 5"  47267 46924 23166 20815 17397 29132  3.96  8.93  3.31  5.55
 1990-1997:
  Hgt      IP    H     R     ER    BB    SO   ERA   H/9  BB/9   K/9

 5'11"  17471 17237  8811  7940  6965 12152  4.09  8.88  3.59  6.26

 6' 0"  32375 32832 16518 14962 11881 20489  4.16  9.13  3.30  5.70

 6' 1"  46461 46370 23134 21074 17240 31772  4.08  8.98  3.34  6.15

 6' 2"  54403 55010 28633 26025 21001 36847  4.31  9.10  3.47  6.10

 6' 3"  61679 62867 32480 29489 23530 40963  4.30  9.17  3.43  5.98

 6' 4"  45277 45302 22763 20630 16846 30602  4.10  9.00  3.35  6.08

 6' 5"  41635 41898 21653 19673 16295 29704  4.25  9.06  3.52  6.42

