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ABSTRACT:  

 Sports announcers and casual baseball fans often like to talk about the importance 
of veteran players and how their accumulated experience can bring positive influence to 
the team. Using a panel dataset on baseball players during 1996-2010, this paper explores 
the existence of veteran spillover effect and whether veteran players can indirectly 
improve the performance of his fellow teammates. Previous studies have largely ignored 
the possibility of any spillover effect among players in baseball due to their lack of 
interaction on the field.   
 The regression analysis reveals that there is a small but statistically significant 
spillover effect from veterans. After controlling for individual player effects as well as 
variation in team, year and position, the average experience of teammates is found to 
have a positive effect on the hitter’s weighted on-base average. 
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I. INTRODUCTION 

 Beginning with the efforts by Bill James, sabermetricians have long been trying to 

understand the game of baseball through objective analysis. This includes accurately measuring a 

player’s performance and his contribution to team success. However, baseball is a team sport, 

and as such, it is possible that the performance of one player is affected by other players on the 

team.    

Every Major League Baseball season, there is a different mix of players on each team: 

many are young players who, regardless of their talent level, are either inexperienced or getting 

their first taste of the majors, but some are veteran players who have been in the game for a long 

time.  

This raises a question: what effect do veteran players have on player performance? Sports 

announcers and fans talk incessantly about how the veterans serve as a “clubhouse leader” and 

how their accumulated experience and knowledge will have positive effects on team success. 

Even though the exact details of how veterans help his team is anecdotal and ambiguous in most 

cases, general managers, coaches, players, and media organizations frequently cite this veteran 

spillover effect as a key reason for signing veteran players and credit them for improvement in 

team performance.  

The focus of this paper is on the veteran hitters and their indirect impact on the 

performance of hitters who are on the same team. This is not to ignore the possibility that veteran 

pitchers might demonstrate a similar effect. However, measuring hitter performance is simpler 

than measuring pitcher performance. This is due to the fact that, while hitters create runs by 

themselves, pitchers do not necessarily prevent runs by themselves as they are helped by his 

fielders. 
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Aside from their direct contribution on the field, it is possible that veterans provide 

certain external benefits to their fellow teammates. This can be done in at least two ways. First, 

veterans can provide leadership alongside the manager, which enhances team dynamics and 

helps players prepare for the mental part of the game. Second, they can also serve as mentors for 

players, teaching them how they could improve upon specific aspects of the game. This could be 

especially important for younger players who are relatively inexperienced. In both cases, veteran 

presence could indirectly help his teammates improve on the field.  

 

II. LITERATURE REVIEW 

With wide availability of player salary and performance related data, economists have 

been interested in using professional sports such as Major League Baseball as a “laboratory” 

where labor market phenomenon and theory can be readily tested (Kahn, 2000, p. 75). Yet, the 

existence of veteran spillover effect is a topic that has been overlooked thus far. Given all the 

talk within the industry about the importance of veteran presence, it is surprising that previous 

work on the impact of veterans on performance of his teammates is virtually nonexistent. Most 

literature dealing with the veteran effect has been informal.  

One difficulty in conducting this type of study could stem from the fact that there is no 

obvious control group available at hand. If veteran players can indirectly assist his teammates, 

then in order to find out how significant this assistance might be, one would ideally have to find 

multiple teams including at least a few veterans as well as teams consisting of no veterans. Most 

major league teams carry players whom one might consider to be the veteran types, and it is 

almost impossible to find enough number of teams consisting of just nonveterans. Another 

method would be to examine how a veteran player might affect the team that he was traded from 



 

5!
!

and the team he was traded to. However, this would be even more difficult in terms of isolating 

his effect. First, one would have to control for the effect of other traded players, as veteran 

players are not the only players who gets traded. Similarly, during a single season players are 

often promoted to the majors or sent down to the minors as teams make numerous roster 

adjustments. Thus, one would also have to control for the effect of these roster decisions. 

Obtaining data on the transactions of traded players and team roster moves would present an 

additional challenge as well. 

Aside from these difficulties, another explanation for the lack of previous studies on this 

topic is the perceived notion that spillover effect in general is nonexistent, especially in baseball. 

Much of the research that attempt to evaluate various aspects of player performance in team 

sports have either been conducted under the assumption that spillovers do not exist in baseball or 

ignored the possibility of such effect by not controlling for it. Kendall (2002), for example, found 

that better performing basketball players have a positive impact on his teammates That is, when a 

talented player is added, there is a significant amount of spillover effect that raises the team’s 

offensive productivity. Yet, Kendall dismisses the possibility that same kind of spillover effect 

exists for baseball, stating that players tend to interact more with each other in basketball than in 

baseball. Gould & Winter (2009), in their study on the interactions between pitchers and batters 

also offer a similar view that performance spillovers cannot exist: “The game of baseball 

presents an ideal case where the performance of each player is easily measured in a uniform way, 

and in complete isolation from the performance of his teammates” (Gould & Winter, p. 191). 

However, Papps (2008) finds conflicting results. The study was based on a dataset 

spanning from 1953 to 2003 and used Earned Run Average (ERA) and batting average (BA) as 

performance indicators for pitchers and batters respectively. After controlling for team effects, 
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ballpark effects, manager effects, and individual player effects, the regression analysis revealed 

that teammate statistics contributed significantly to individual performance: “Pitchers post lower 

ERAs if other pitchers on their team played well in the same season or in the previous season; 

batters achieve higher averages if their batting colleagues perform well in the current season” 

(Papps, p. 18). 

It should be noted that Papps distinguishes between two different types of performance 

spillovers. While the effect of teammate performance in the current season is termed “transitory,” 

the effect of teammate performance in the previous season is described as “indicative of learning” 

(p. 18). One minor caveat is that it is not clear from this study how the latter measure—lagged 

teammate performance variable—was derived. Because of trades, it is not uncommon for a 

player to play for more than one team within a single season. Suppose that several of Manny 

Ramirez’s teammates had played for two different teams in the previous season. There is no 

clear-cut answer on how their split statistics should be included in Manny’s lagged teammate 

performance. Similar problem arises if Manny played for two different teams in the previous 

season, as he did with the Boston Red Sox and LA Dodgers in 2008. Then, Manny in theory has 

two different lagged teammate performance variables, one for each team. Which one is more 

relevant? Should the lagged variable from the more recent team be given a higher weight? 

Although this is a technicality, and there is likely more than one way to resolve it, the lack of any 

explanation describing the method of deriving this lagged variable places a limit on how much of 

its effect can be actually interpreted as “indicative of learning” (p. 18).  

 Furthermore, while Papps controls for team effects in his regression analysis, he does not 

control for year effects. As will be discussed in the following sections in more detail, omitting 

year dummy variables may have increased the likelihood of obtaining positive coefficients and 



 

7!
!

significant p-values for the teammate performance variable by retaining more variation in the 

data. Papps does not make this point explicit. Despite these minor issues, this study demonstrates 

that spillover effects may exist, and it needs to be controlled for if it does. 

Although no formal studies looks at the existence of veteran effect, there has been 

relatively extensive research on the effect of managers on team and individual performance. 

Using the data for 67 managers who managed MLB teams from 1945 to 1965, Singell (1993) 

found that better managerial quality significantly increases the chances of winning and improves 

productivity of the players. Singell estimated managerial quality by using managers’ playing and 

managing experience in either major or minor leagues measured by the number of years. Both 

variables were found to contribute significantly in increasing the winning percentage, although 

playing experience was relatively more important than managing experience. In addition, Singell 

found that players perform better when playing under a more experienced manager. Since an 

experienced manager increases the probability of his team winning, it would make intuitive sense 

that his players would perform better on an individual level as well. However, this is slightly 

misleading because Singell only focused on offensive aspect of the team performance under the 

assumption that batting performance contributes more to team wins relative to pitching 

performance. Kahn (1993) conducted a similar study by using managing experience and 

manager’s winning percentage from past teams to measure managerial quality. His findings 

essentially reinforce Singell’s conclusions. In addition to team performance as a whole, he 

showed that an increase in manager quality also improves the performance of individual pitchers 

and batters. Moreover, he found that the manager’s winning percentage from his past teams was 

relatively more significant compared to managing experience. These studies highlight the 

relevance of managers on player performance.  
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III. DATA AND BACKGROUND 

When I initially set out to investigate the effect of veteran players on performance, the 

specific aspect of performance I wanted to focus on were aggregate statistics such as team 

winning percentage, runs scored, and runs allowed. This was consistent with the approach taken 

by Singell (1993) and Kahn (1993) when looking at the role of managers on team performance. 

However, it quickly became evident that using such aggregate measures in my model as a 

dependent variable would lead to an endogeneity bias, since veterans directly affect team 

performance. In other words, regardless of whether veteran effect exists, the direct contribution 

of veteran players would be already included in winning percentage, runs scored, and runs 

allowed. Moreover, their contributions could not be separated from these aggregate measures 

without knowing exactly how much they contributed. Thus, if any of the independent variables 

(i.e. major league experience of veterans) were related to the veteran contribution, which is likely, 

then it would be correlated with the dependent variable, leading to endogeneity. The same kind 

of problem does not occur when studying the role of managers on team performance, since 

managers themselves do not play on the field.  

Looking at team offensive numbers separately, such as team batting average, would allow 

one to separate the potential contribution by veterans. For example, by excluding the hits and at 

bats of veterans, one could easily derive a team batting average for just nonveterans. However, 

the problem with this method is that it makes it difficult to control for the potential performance 

spillovers, which may come from several other players on the team who may or may not be 

veterans.  

For these reasons, I decided not to use any team performance numbers as my dependent 

variable. Instead, I used an individual performance statistic called weighted on-base average. 
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This is similar to the approach taken by Papps and it is the one that allowed me to control for, 

among others, the performance spillover effect by using the teammate weighted on-base average. 

More on weighted on-base average, teammate weighted on-base average, and how they were 

derived will be discussed later.  

The data used in this paper comes from two sources, both of which were freely available 

online. The first is from BaseballProspectus.com, where I gathered the relevant individual player 

data from 1996 to 2010. In addition to player name (PLAYER), age (AGE), league (LG), and 

season (YEAR), this dataset contains basic player statistics such as the number of plate 

appearances (PA), walks (BB), intentional walks (IBB), hit-by-pitch (HBP), bases reached on 

error (ROE), singles (1B), doubles (2B), triples (3B), home runs (HR), and etc.  

The second dataset is from Baseball-Reference.com, which includes the year of debut 

(FROM) of all players from 1996 to 2010. This dataset was merged into the first dataset.  

The merged dataset gave me a total of 10,119 observations (player seasons) without 

pitchers, of which there were 1919 unique players. Due to a disproportionate number of players 

with very few plate appearances skewing the distribution, only players with 100 or more plate 

appearances were taken into account in the regression analysis. It was decided that any less plate 

appearances than that would be too small of a sample size to provide any meaningful measure of 

performance. This left 6741 observations in the dataset, or 1330 unique players. However, some 

observations without the lagged performance statistic (LAGGED_OBA) in a particular season (i.e. 

year of debut) were also excluded. Thus, a bulk of my regression analysis was effectively based 

on 5934 observations, or 1185 unique players. The summary statistics shown in the data 

appendix is based on this sample.  
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From the variables available from the merged dataset, I was able to generate one of my 

dependent variables called weighted on-base average (OBA) for individual players, which was 

first developed by sabermetrician Tom Tango based on historic run values of different offensive 

events. It was calculated by using the following formula: 

!"# = 

(0.72×!"# + 0.75×!"# + 0.90×1! + 0.92×!"# + 1.24×2! + 1.56×3! + 1.95×!")
!" ! 

The objective of a hitter is to get on base, and in terms of measuring that specific skill, this 

statistic is superior to other offensive statistics like batting average or on-base percentage. Unlike 

batting average, which is the percentage of total hits over total at bats, OBA recognizes that 

getting hits is not the only way for a player to reach base; in addition to hits, it takes into account 

the number of HBP, ROE, and NIB—non-intentional walks, which is calculated by subtracting 

IBB from BB. While on-base percentage improves upon batting average by including HBP and 

BB, it is still flawed because it lumps together different types of hits (1B, 2B, 3B, and HR) and 

treats them as equals, even though it is clear that a HR is more valuable than a 3B, a 3B more 

valuable than a 2B, and so on. In contrast, OBA acknowledges that not all hits are the same by 

assigning different weights to 1B, 2B, 3B, and HR. It should be noted that plate appearances (PA) 

in this formula excludes the number of intentional walks and sacrifice hits that are normally part 

of plate appearances. Evident by the events on the numerator, a hitter is not given credit for 

being intentionally walked or getting sacrifice hits, so the number of those events must be 

subtracted from plate appearances to avoid penalizing the hitter twice. The rational for not 

counting intentional walks in the numerator is that they tend to be issued when giving a free pass 

to the hitter is least costly for the pitcher (i.e. with bases empty, first base open, or the possibility 

of facing a weaker hitter in the lineup than the current hitter), which by itself does not generate 
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much run value. If the hitter is truly threatening offensively, like with Barry Bonds, his 

contribution would be adequately recognized in his number of 1B, 2B, 3B, and HR. The number 

of sacrifice hits is not included in the numerator either, because a bulk of it consists of bunts, and 

the choice to bunt highly depends on the decision of manager or coach, not the individual player 

himself. While not perfect, OBA is the most comprehensive statistic available for evaluating a 

player’s hitting ability. An average hitter will have an OBA around 0.340, whereas a good hitter 

will be above 0.400 and a bad hitter below 0.300. 

  Since there is no formal definition of a “veteran,” I use two different measures to assess 

the extent of veteran spillover effect. Each of these measures relates to the ways in which veteran 

players can help their teammates improve. The first is simply the number of veterans on each 

team (TM_VET4, TM_VET8, TM_VET12). The idea is that since veterans are supposed to 

provide indirect benefits to his teammates, having more of them could only help more. To find 

out the number of veterans, however, we must first determine who would count as a veteran. 

While there is no straight answer to this question, looking at players who are often referred to as 

“veterans” by general managers, players, as well as the media, it becomes clear that veteran 

status depends more on the extent of his experience rather than the level of his performance. 

Thus, dummy variables were created to distinguish among groups of players with different years 

of experience. Here, experience (EXP) is defined as the total number of years in the major league, 

which was obtained by subtracting the player’s year of debut (FROM) from the year of the 

player’s current season (YEAR). One of the dummy variables generated to classify experienced 

players is VET4, where “1” represents players with greater than 4 years of experience, and “0” 

represents players with 4 or less years of experience. VET8 was generated in a similar fashion, 

where “1” represents players with greater than 8 years of experience, and “0” represents players 
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with 8 or less years of experience. For VET12, “1” represents players with more than 12 years of 

experience, and “0” represents players with 12 or less years of experience. Based on these 

dummy variables, TM_VET4, TM_VET8, and TM_VET12 were generated. That is, TM_VETn 

represents the total number of players categorized as VETn. Since there is no official amount of 

experience that all veterans must have, the purpose of creating three different ways of counting 

the veterans was to see whether varying the amount of experience needed to qualify as a veteran 

would produce different results for the teammates who play with him. It should be noted that 

TM_VETn represents the “weighted” number of veterans to account for the likely possibility that 

a player was traded during a season and played for more than one team. If this is the case, he is 

counted as a percentage of his total plate appearances for each team. For example, if Jason 

Giambi played for Oakland A’s and Colorado Rockies in the same season, and had exactly 100 

PAs for each team, he would be counted as 0.5 on each team. Other veterans who only played for 

one team in a season are counted as 1 on each team. 

The second measure of veteran spillover effect is TMMATE_EXP, which refers to the 

average major league experience of all players on the team excluding the player being observed. 

Rather than the sheer number of veteran players, it could be that veterans who were exposed to 

the major league scene for a longer period of time are able to help other players more. Hitting 

environment is tougher in the majors than in other leagues, which means that relatively 

inexperienced players may learn something from them. Furthermore, perhaps more experienced, 

more mature players serve as leaders in the clubhouse, which can improve team dynamics and 

promote unity. The psychological benefit from having these leaders on the team could boost a 

player’s performance. In general, then, playing with a more experienced team would be 
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beneficial for a player. In this case, veterans would be exhibiting their positive spillover effect 

through the amount of experience they possess. 

 Several other independent variables were generated to account for the player’s 

performance. LAGGED_OBA, the lagged version of OBA, is the weighted on-base average of the 

player in the previous season. This variable was added since previous performance could 

potentially play a significant role in current performance. The major league experience of 

individual players was also controlled for using EXP. This is the flipside of TMMATE_EXP that 

would illustrate how much OBA is influenced by the player’s own experience as opposed to his 

teammate’s experience.  

Besides the potential veteran spillover effect, another phenomenon that might be 

influencing player productivity in team sports is the performance spillover effect. For example, a 

player could see an increase in his performance because his teammates are performing well.  

TMMATE_OBA was used to control for the possibility of performance spillover effect. As 

observed by Papps, a batter’s performance may improve as his fellow batters perform better in 

the current season. In my regression analysis, I control for this effect by using average teammate 

on-base average. This is different from the veteran spillover effect, since it depends on the 

player’s performance, not necessarily his qualities as a veteran, which is an important distinction.  

Ideally, manager effect would also have to be controlled for—using some combination of 

playing experience, managing experience, and winning percentage of previous season—when 

dealing with the performance of individual players. However, I had difficulty finding data on 

managers dating back to 1996. Although my regressions do not control for manager effect, they 

do use team dummies, which could potentially make up for the lack of manager control variables.  

 



 

14!
!

IV. DESCRIPTIVE STATISTICS 

 Before moving on to regression analysis, several bar graphs were generated to observe 

any general patterns or features in the dataset. In all of the graphs, the mean of OBA of different 

player subgroups was used as the dependent variable.  

 First, mean OBA of all players was graphed over different categories of TMMATE_EXP, 

which serves as one of the measures for the veteran effect. We can see that OBA increases as 

TMMATE_EXP is higher (figure 1). While the sheer amount of increase is not dramatic, there is 

nevertheless a noticeable trend. This implies that players who played with more experienced 

teammates had a higher OBA.  

  Instead of TMMATE_EXP, we can also use TM_VETn as the independent variable to see 

whether the number of veterans on a team can affect OBA. When veteran players are defined as 

players with 4 or more years of experience (TM_VET4), having more veterans on the team seems 

to improve the performance of hitters (figure 2). It should be noted that, while there is a visible 

increase, the pattern is not as smooth as seen in the previous figure using TMMATE_EXP. 

Defining veterans as players with 8 or more years of experience (TM_VET8) shows a similar 

pattern (figure 3). On the other hand, there was no noticeable trend when using TM_VET12 to 

define veterans (figure 4).  

 We can also examine the possibility that TM_VETn has a different effect on OBA of 

relatively inexperienced players compared to that of experienced players. This can be done by 

breaking up the players as VETn (players who are classified as “1”) and NON-VETn (players 

who are classified as “0”), and seeing if mean OBA of these two groups are influenced 

differently by changes in TM_VETn. Using TM_VET4, there is a positive trend with veterans, but 

not with nonveterans (figure 5), whereas using TM_VET8, there is a positive trend with both 



 

15!
!

veterans and nonveterans (figure 6). Using TM_VET12 does not seem to show much of an 

observable pattern for either group (figure 7). Overall, using TM_VETn as a measure of veteran 

effect produces inconsistent results as to how it might influence OBA.  

 To check whether OBA varied significantly in certain years, mean OBA was graphed over 

the years 1996 to 2010 (figure 8). Year 1999 and 2000 seems to have a higher OBA than other 

years. Excluding those two years, however, no particular year stands out, as OBA seems to vary 

randomly across different years without any pattern.  

Looking at the graph of mean OBA across all MLB teams reveals some teams that stand 

out offensively during the period of 1996-2010 (figure 9). Boston Red Sox, New York Yankees, 

and Colorado Rockies seem to be among the very top, whereas Detroit Tigers, Kansas City 

Royals, Minnesota Twins, Pittsburg Pirates, San Diego Padres, Tampa Bay Rays, and 

Washington Nationals are among the bottom. Team dummies are used in my regressions to 

control for these differences among teams.  

 The graph of mean OBA across different positions shows some differences that we would 

expect to see (figure 10). First basemen and designated hitters possess the highest OBA, which 

makes sense as they tend to be sluggers who can hit for average and power. On the other hand, 

catchers and shortstops have the lowest OBA, whose defensive abilities are more valued rather 

than their contribution to offense. Pinch hitters, who could be any player left on the bench, also 

have a low OBA. 
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V. DATA ANALYSIS 

 In order to see if any of the preliminary answers that we have seen graphically holds, 

different variations of OLS regressions are examined. All five sets of regression equations use 

OBA, which represent the individual player’s weighted on-base average, as the dependent 

variable. Individual player controls, such as experience (EXP) and weighted on-base percentage 

from the previous season (LAGGED_OBA) are included as independent variables. Different 

measure and combination of veteran effect is also added as an independent variable in each 

regression equation. The two measures of veteran effect used are the number of veterans on each 

team (TM_VETn) and average experience of one’s teammates excluding oneself 

(TMMATE_EXP). In addition, dummy variables are added along the way to control for variation 

in year, team, or position.  

 

A. Basic Model 

 The first set of regression equations examines whether the average experience of one’s 

teammates (TMMATE_EXP) can affect his hitting performance (OBA). Accordingly, OBA is 

used as a dependent variable and TMMATE_EXP as an independent variable. Additional 

independent variables included are player’s weighted on-base average from the previous season 

(LAGGED_OBA), player’s experience in the majors (EXP), and EXP2, all of which are used to 

control for the individual player’s own influence on OBA.  

The regression results are shown in table 1. We see that without any controls added 

(column 1, table 1), TMMATE_EXP has a p-value significant at the 99% level and has a positive 

coefficient. But this is also true with LAGGED_OBA and EXP added (column 2-3, table 1), as 

well as with controls for variation in year and team that were added (column 4, table 1). As seen 
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in column 5 (table 1), however, adding the squared version of the variable EXP turns out to be 

more effective in capturing the influence of player experience on OBA. The linear term (EXP) 

has a positive coefficient, whereas the squared term (EXP2) has a negative coefficient, with both 

variables having p-values significant at the 99% level. This result remains consistent even after 

controlling for variations in year and team (column 6, table 1), which initially suggests that 

having more EXP can help increase OBA, but only up to a certain point. 

But before making any final conclusions about the effect of EXP, it is necessary to test 

for the potential interaction between EXP and TMMATE_EXP. This explores the possibility that 

the effect of TMMATE_EXP on OBA varies for players with different amount of EXP. For 

example, playing with teammates who are more experienced may have a larger positive 

influence on relatively inexperienced players as opposed to experienced players. If such 

phenomenon exists, it would be indicated by a negative coefficient on the interaction term. 

The results for the first set of regressions with the interaction variable (INT_EXP) added 

are presented in table 2. Surprisingly, none of the interaction terms return significant p-values 

using independent variables TMMATE_EXP and EXP (column 1, table 2) and adding 

LAGGED_OBA (column 3, table 2), with p-values ≥ 0.318. Additional controls for year and team 

variation yield essentially the same result (columns 2 & 4, table 2). It should be noted that EXP 

or TMMATE_EXP returns insignificant p-values in certain cases, which is to be expected when 

the interaction of the two terms is added. The coefficients on EXP and TMMATE_EXP in this 

context would represent conditional effects that only come into play when either EXP or 

TMMATE_EXP is equal to zero. Since this is never the case, they are ultimately meaningless. 

With the squared version of EXP (EXP2) added, there are two potential interaction 

variables in play: one with EXP and TMMATE_EXP and another with EXP2 and TMMATE_EXP, 
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given by INT_EXP and INT_EXP2 However, both interaction terms comes back insignificant 

again, even with year and team dummies added (columns 5-6, table 2). Like in the previous case, 

it is not a surprise to see insignificant p-values from EXP/EXP2 and TMMATE_EXP since 

interaction terms are present. 

Despite various attempts to find evidence for the possible interaction between player 

experience and average experience of teammates, all interaction variables have p-values that are 

simply too large to be considered significant, with the smallest p-value at 0.318. Thus, the 

potential presence of an interaction between EXP and TMMATE_EXP will not be explored 

further from here on. 

From these results, we can derive the basic model that uses TMMATE_EXP as the 

measure of veteran effect, with added controls for year and team variation as well as the 

individual player’s contribution. It is given by the following equation: 

 Equation 1 

!"# = !!! + !!!""#!$_!"# + !!!"##$%_!"# + !!!"# + !!!"#! + !!!"#$

+ !!!"#$ + !! 

In general, there is a positive relationship between individual performance and the 

average experience of players on the team. Moreover, LAGGED_OBA has the largest effect on 

OBA, followed by TMMATE_EXP and EXP/EXP2. The positive coefficient on EXP and negative 

coefficient on EXP2 indicate that the positive impact of EXP on OBA peaks at a certain point. 

According to the basic model (column 6, table 1), this occurs when EXP equals 11.39 years. The 

basic model also predicts that 1 year change in TMMATE_EXP will change OBA by 

approximately 0.0015. Based on this result, we can also say that 1% change in TMMATE_EXP 

will result in 0.0284% change in OBA. Moreover, if standard deviation of TMMATE_EXP 
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changes by 1, we can expect OBA to change by 0.0018, which accounts for 0.0407% of the 

standard deviation of OBA.  

 

B. Number of Veterans 

 Instead of average experience of players on the team, we can also question whether the 

number of veterans on a team (TM_VETn) could affect the hitting performance. If TM_VETn 

ultimately turns out to be significant and positive, it would mean that the performance of a hitter 

is positively affected by the number of veterans that are on his team. The second set of regression 

equations investigates this possibility, which is analogous to the first set of regressions. This 

model substitutes TM_VETn for TMMATE_EXP: 

 Equation 2 

!"# = !!! + !!!"_!"#$ + !!!"##$%_!"# + !!!"# + !!!"#! + !!!"#$ + !!!"#$

+ !! 

The results are shown in table 3 in the case where veterans are defined as players with 4 

or more years of experience in the majors, which is equivalent to using TM_VET4. Prior to 

controlling for team variation, it seems as if increasing TM_VET4 has a positive impact on OBA, 

albeit small. First, when OBA is regressed against TM_VET4 only (column 1, table 3), TM_VET4 

has a p-value significant at the 99% level. When LAGGED_OBA and EXP are added sequentially, 

TM_VET4 is significant at the 99% level and 95% level respectively (columns 2-3, table 3).  

Lastly, with the year dummy variables added, it is significant at the 90% level with a p-value of 

0.051 (column 4, table 3). The coefficients are positive in all four cases. Using the results 

presented in column 4, we can say that 1 standard deviation change in TM_VET4 will change 

OBA by 0.001, which represents about 0.0228% of the standard deviation of OBA. 
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Once team dummy variables come into play, however, TM_VET4 is no longer significant 

in any regression. With just team dummy variables added, TM_VET4 has a p-value of 0.362 

(column 5, table 3). With team and year dummy variables, TM_VET4 has a p-value of 0.559 

(column 6, table 3). Similar results are found with a regression that includes EXP2 in addition to 

LAGGED_OBA and EXP, which presents a more accurate picture of how EXP behaves in 

relation to OBA. Without controlling for year and team variation, TM_VET4 is significant at the 

90% level with a p-value of 0.069. In contrast, controlling for differences in year, team, or both 

returns insignificant p-values ≥ 0.118 (columns 7-10, table 3). Using TM_VET8 and TM_VET12 

in place of TM_VET4 yielded similar results as TM_VET4. For example, TM_VET8 is found to 

be insignificant after controlling for year and team variation (columns 6 & 10, table 4). On the 

other hand, TM_VET12 never has a significant effect on OBA, except when no controls are added 

(column 1, table 5).  

The possibility of interaction between TM_VETn and EXP was explored in a similar 

approach that I used to test the potential interaction between TMMATE_EXP and EXP in the 

previous section. Instead of going through the exact same process, it is enough to state that none 

of the interaction terms were significant, and I could not find any evidence suggesting that 

interaction exists between the player’s experience and the number of veterans on the team. 

Therefore, I decided not to include an interaction between TM_VETn and EXP in my regressions.  

Some of the results from the second set of regressions shown in table 3 are consistent 

with the first set of regressions using TMMATE_EXP as a measure of veteran effect. For example, 

LAGGED_OBA is found to have the largest effect on OBA, followed by EXP/EXP2. In addition, 

once adding EXP2, the coefficient is positive on the linear term and negative on the squared term.  
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However, unlike TMMATE_EXP, the effect of TM_VETn is insignificant in general after 

controlling for variation in team, year, or both. This implies that the number of veterans on a 

team does not play an important role in influencing the performance of a hitter on the same team.  

 

C. Second Model: Including Number of Veterans 

 When TM_VETn is used as the only measure of veteran performance, it is not found to be 

significant, particularly after controlling for team and year effects. Another possibility that we 

can explore, however, is using TM_VETn simultaneously with TMMATE_EXP in the same 

model. Thus, the third set of regressions examines whether average experience of teammates and 

the number of veterans on a team can affect individual hitting performance. This can be done by 

adding TM_VETn to the first set of regressions presented in table 1.  

 Equation 3 

!"# = !!! + !!!""#!$_!"# + !!!"_!"#$ + !!!"##$%_!"# + !!!"# + !!!"#!

+ !!!"#$ + !!!"#$ + !! 

 The results are presented on table 4 for the case where veterans are defined as players 

with 4 or more years of experience. Various regression equations consistently show that while 

playing with more experienced players is beneficial, having simply having more veterans on the 

team has a slight negative effect on individual hitting performance. With no individual player 

controls added, TM_VET4 is not significant while TMMATE_EXP is significant at the 99% level 

(column 1, table 6). But once controlling for LAGGED_OBA and TMMATE_EXP successively, 

TMMATE_EXP is significant at the 99% level whereas TM_VET4 is significant at least at the 90% 

level, with p-values ≤ 0.07 (columns 2-3, table 6). These results are unchanged even when we 

control for year and team variation (column 4, table 6). Adding EXP2 in the equation to properly 
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capture the effect of EXP produces even stronger results (column 5-6, table 6). TMMATE_EXP 

and TM_VET4 are both significant at the 99% level with p-values ≤ 0.006. When controlling for 

year and team variation, TMMATE_EXP is still significant at the 99% level, and TM_VET4 is 

significant at the 95% level with a p-value of 0.029. Using TM_VET8 and TM_VET12 yielded 

similar results as TM_VET4 (tables 7-8). One small exception was TM_VET8, which was 

insignificant after adding year and team dummies (column 6, table 7). 

Interestingly, the coefficient is positive on TMMATE_EXP while it is negative on 

TM_VETn, suggesting that having more veteran players on the team could actually be 

disadvantageous for individual hitters on the same team. At best, TM_VETn does not matter at all 

as it is found to be insignificant. Using the results in column 6 (table 6), 1% increase in 

TM_VET4 will decrease OBA by 0.0214%, whereas 1% increase in TMMATE_EXP will increase 

OBA by 0.0461%. We can also say that an increase of 1 standard deviation of TM_VET4 will 

decrease OBA by 0.0016, and an increase of 1 standard deviation of TMMATE_EXP will increase 

OBA by 0.0029. Each of these numbers represents 0.0228% of standard deviation of TM_VET4 

and 0.0662% of standard deviation of TMMATE_EXP, respectively. 

 

D. Third Model: Including Position Dummies 

 The fourth set of regressions examines the role of positional differences by adding in 

dummy variables for each player position. This, however, did not reduce the importance of 

TMMATE_EXP. The full model including position dummies is given by the following: 

 Equation 4 

!"# = !!! + !!!""#!$_!"# + !!!"_!"#$ + !!!"##$%_!"# + !!!"# + !!!"#!

+ !!!"#$ + !!!"#$ + !!!"#$%$"& + !! 
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First, position dummies were added to four different versions of the basic model (table 9): 

the basic model without controls for year and team variation, basic model with year dummies 

only, basic model with team dummies only, and the basic model that controls for both year and 

team variation. In all four cases, adding the position dummies still finds TMMATE_EXP 

significant at the 99% level with a p-value ≤ 0.001 and has a positive coefficient. According to 

the coefficients presented in column 4 (table 9), 1% increase in TMMATE_EXP will increase 

OBA by 0.0367%. 

Similarly, position dummies were added to four different versions of the second model 

(tables 10-12), which takes into consideration the effect of TM_VETn with TMMATE_EXP 

present. Using TM_VET4 to define veterans (table 10), in all four cases, TMMATE_EXP is 

significant at the 99% level and TM_VET4 is significant at least at the 95% level with p-values ≤ 

0.022. According to the coefficients shown in column 4 (table 10), 1% increase in 

TMMATE_EXP will increase OBA by 0.0549%, whereas 1% change in TM_VET4 will decrease 

OBA by 0.0219%. 

 Using TM_VET8 or TM_VET12 in place of TM_VET4 generates very similar results. One 

notable difference is that TM_VET8 is once again found to be insignificant after controlling for 

the team variation with a p-value ≥ 0.207 (columns 3-4, table 11). However, this is not 

necessarily a new result, as we have seen previously (Equation 2) that the number of veterans 

may not have a significant effect on OBA. Moreover, TMMATE_EXP in this case still has a 

positive coefficient and a significant p-value at the 99% level (columns 1-4, table 11).  
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E. Veteran Effect with Teammate Performance Effect 

 The fifth set of regressions considers the role of teammate performance spillover effect 

(TMMATE_OBA), where hitting performance benefits from an increase in his teammates hitting 

performance. Papps found that such effect is in play using batting average as the primary 

measure of a hitter’s ability. First, we test whether TMMATE_OBA has a significant effect on 

OBA after controlling for just the individual player variables, such as LAGGED_OBA and 

EXP/EXP2. Second, we check whether veteran spillover effect, such as TMMATE_EXP and 

TM_VETn, is significant after controlling for TMMATE_OBA as well as the individual player 

variables. The last step is necessary to see whether veteran spillover effect is a separate 

phenomenon from the performance spillover effect, given the slight difference in their definition. 

 It should be noted that all regressions have been controlled for variation in either team, 

year, team and position, or year and position (tables 13-16). However, year and team differences 

are not controlled for at the same time, because it will necessarily turn the coefficient on 

TMMATE_OBA negative, making TMMATE_OBA have a negative relationship with OBA. This 

is mainly caused by how the variable TMMATE_OBA is calculated: by taking an average of OBA 

of individual player’s teammates. Therefore, on each team in a single season, a player with the 

lowest OBA will have the highest TMMATE_OBA whereas a player with the highest OBA will 

have the lowest TMMATE_OBA, which inevitably creates a negative relationship between 

TMMATE_OBA and OBA. This phenomenon is eliminated when we control for year effect and 

team effect separately, as more variation in data will remain; the association between players 

with the highest OBA and the lowest OBA as described above does not have to hold. In fact, the 

study done by Papps only controls for team effects.  
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 These regressions show somewhat mixed results on the effect of TMMATE_OBA but are 

mostly consistent with findings by Papps. Controlling for LAGGED_OBA and EXP, we see that 

TMMATE_OBA is positive and significant at the 99% level, signifying that there may be some 

performance spillover effects for hitters (columns 1-4, table 13). Adding EXP2 produces the 

same results (columns 5-8, table 13). However, controlling for the veteran effect yields slightly 

different results, depending on which dummies are added. For example, when TMMATE_EXP 

and only team dummies are added, TMMATE_OBA is no longer significant (column 9, table 13). 

This result is the same when TM_VETn is added to the equation as well, with p-values ≥ 0.143 

(column 1, tables 14-16). These results could imply that once we control for the veteran effect, 

teammate performance effect is no longer significant. Once year dummies or position dummies 

are added, however, TMMATE_OBA returns significant p-values ≤ 0.009 (columns 10-12, tables 

13 & columns 2-4, tables 14-16). These varied results, combined with the fact that we cannot 

control for year and team variation at the same time, make it difficult to interpret the precise 

impact of TMMATE_OBA.  

Meanwhile, TMMATE_EXP remains positive and significant at least at the 95% level 

with p-values ≤ 0.143, regardless of which dummies are used. In addition, TM_VETn is negative 

and significant at least at the 90% level with p-values ≤ 0.057 (tables 13-16). The only exception 

is TM_VET8, which is significant depending on which particular dummies are added (columns 1-

4, table 15). 

 

VI. CONCLUSION 

 The idea of veteran spillover effect is that one player’s experience can help improve 

another player’s performance when they play for the same team. The regression results suggest 
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that veteran spillover effect—as measured by the average experience of a player’s teammates—

clearly exists. After controlling for individual player’s contribution to performance as well as 

variation in year, team, and position, we see that the average experience of player’s teammates 

excluding the player himself has a positive impact on his hitting performance. To be sure, the 

magnitude of this impact is very small; however, it is statistically significant. Surprisingly, the 

veteran spillover effect does not necessarily favor inexperienced players, as evidenced by the 

insignificance of interaction variables. Thus, playing with experienced players does not benefit 

inexperienced players any more than experienced players. Moreover, having more veterans on a 

team tends to decrease the performance of a hitter on the same team. Even when varying the 

amount of experience required to be classified as a veteran, the best case scenario suggests that 

the number of veterans on each team does not make a significant contribution to individual 

hitting performance. This suggests that while teams are better off buying and trading players to 

increase the amount of experience on the team, they will not gain advantage from having a 

superfluous number of experienced players; instead, they might even see a reduction in 

performance. This veteran spillover effect is found to be significant even after controlling for the 

possibility of a performance spillover effect. Therefore, a hitter necessarily benefits from his 

teammates’ experience, not simply from the performance of his teammates.  
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IX. DATA APPENDIX 
 
Variable name: player 
Data source: [1] 
Missing observations: 0/5934 
Variable description: String variable—player name  
Variable values and coding: Full name of player (ex: Chad Billingsley) 
 
 
Variable name: tm 
Data source: [1] 
Missing observations: 0/5934 
Variable description: String variable—represents team abbreviation 
Variable values and coding: 3 letter abbreviation for an MLB Team (ex: “KCN” for Kansas City 
Royals) 
 
 
Variable name: year 
Data source: [1] 
Missing observations: 0/5934 
Variable description: Numerical variable—represents current season 
Variable values and coding: Player’s current season (ex: 2008) 
 
 
Variable name: from 
Data source: [2] 
Missing observations: 0/5934 
Variable description: Numerical variable—represents the year of debut 
Variable values and coding: Player’s year of debut (ex: 2003) 
 
 
 
Variable name: oba 
Data source: [1] 
Missing observations: 0/5934 
Variable description: weighted on-base average of player in the current season 
Descriptive statistics: 
 
 Mean: 0.34 
 Median: 0.34 
 Standard deviation: 0.04 
 Minimum: 0.18 
 Maximum: 0.55 
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Histogram: 
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Boxplot: 
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Variable name: lagged_oba 
Data source: [1] 
Missing observations: 0/5934 
Variable description: weighted on-base average of player in the previous season 
Descriptive statistics: 
 
 Mean: 0.34 
 Median: 0.34 
 Standard deviation: 0.06 
 Minimum: 0 
 Maximum: 1.01 
 
Histogram:  
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Boxplot: 
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Variable name: exp 
Data source: [1] 
Missing observations: 0/5934 
Variable description: year(s) of experience in the major league  
Descriptive statistics: 
 
 Mean: 7.52 
 Median: 7 
 Standard deviation: 4.2 
 Minimum: 2 
 Maximum: 25 
 
 
Variable name: pa 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of plate appearances  
Descriptive statistics: 
 
 Mean: 385.24 
 Median: 369 
 Standard deviation: 189.27 
 Minimum: 100 
 Maximum: 773 
 
 
Variable name: singles 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of singles 
Descriptive statistics: 
 
 Mean: 61.99 
 Median: 58 
 Standard deviation: 34.12 
 Minimum: 3 
 Maximum: 225 
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Variable name: doubles 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of doubles 
Descriptive statistics: 
 
 Mean: 18.93 
 Median: 17 
 Standard deviation: 11.47 
 Minimum: 0  
 Maximum: 59 
 
 
Variable name: triples  
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of triples 
Descriptive statistics: 
 
 Mean: 1.95 
 Median: 1 
 Standard deviation: 2.29 
 Minimum: 0 
 Maximum: 23 
 
 
Variable name: hr 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of home runs 
Descriptive statistics: 
 
 Mean: 11.34 
 Median: 8 
 Standard deviation: 10.44 
 Minimum: 0 
 Maximum: 73 
 
 
 
 
 
 
 
 
 



 

36!
!

Variable name: bb 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of walks 
Descriptive statistics: 
 
 Mean: 35.22 
 Median: 29 
 Standard deviation: 24.64 
 Minimum: 1 
 Maximum: 232 
 
 
Variable name: ibb 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of intentional walks 
Descriptive statistics: 
 
 Mean: 2.84 
 Median: 1 
 Standard deviation: 4.42 
 Minimum: 0 
 Maximum: 120 
 
 
Variable name: nib 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of nonintentional walks 
Descriptive statistics: 
 
 Mean: 32.38 
 Median: 27 
 Standard deviation: 22.21 
 Minimum: 1 
 Maximum: 142 
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Variable name: so 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of strikeouts 
Descriptive statistics: 
 
 Mean: 63.14 
 Median: 57 
 Standard deviation: 34.9 
 Minimum: 3 
 Maximum: 223 
 
 
Variable name: hbp 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of hit-by-pitch 
Descriptive statistics: 
 
 Mean: 3.62 
 Median: 3 
 Standard deviation: 3.8 
 Minimum: 0 
 Maximum: 34 
 
 
Variable name: roe 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of bases reached on error 
Descriptive statistics: 
 
 Mean: 3.91 
 Median: 3 
 Standard deviation: 2.86 
 Minimum: 0 
 Maximum: 21 
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Variable name: tm_vet4 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of veterans (players with more than 4 years of exp) on each team 
Descriptive statistics: 
 
 Mean: 11.67 
 Median: 11.58 
 Standard deviation: 2.68 
 Minimum: 4 
 Maximum: 20.06 
 
 
Variable name: tm_vet8 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of veterans (players with more than 8 years of exp) on each team 
Descriptive statistics: 
 
 Mean: 5.85 
 Median: 5.73 
 Standard deviation: 2.62 
 Minimum: 0 
 Maximum: 15 
 
 
Variable name: tm_vet12 
Data source: [1] 
Missing observations: 0/5934 
Variable description: number of veterans (players with more than 12 years of exp) on each team 
Descriptive statistics: 
 
 Mean: 2.17 
 Median: 2 
 Standard deviation: 1.55 
 Minimum: 0 
 Maximum: 7 
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Variable name: tmmate_exp 
Data source: [1] 
Missing observations: 0/5934 
Variable description: average experience on each team excluding the player being observed 
Descriptive statistics: 
 
 Mean: 6.31 
 Median: 6.25 
 Standard deviation: 1.18 
 Minimum: 2.67 
 Maximum: 10.67 
 
 
Variable name: tmmate_oba 
Data source: [1] 
Missing observations: 0/5934 
Variable description: weighted on-base average of the player’s teammates (player’s stats 
excluded) 
Descriptive statistics: 
 
 Mean: 0.34 
 Median: 0.34 
 Standard deviation: 0.01 
 Minimum: 0.29 
 Maximum: 0.39 
 
 
 
Variable name: int_exp 
Data source: [1] 
Missing observations: 0/5934 
Variable description: Interaction variable—between the player’s experience and the average 
experience of his teammates 
Descriptive statistics: 
 
 Mean: 48.2 
 Median: 41.68 
 Standard deviation: 29.9 
 Minimum: 6.18 
 Maximum: 208.33 
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Variable name: vet4 
Data source: [1] 
Missing observations: 0/5934 
Variable description: Dummy variable—for a player with more than 4 years of experience 
Variable values and coding: 
 
 0: player has 4 years or less experience in the majors 
 1: player has more than 4 years of experience in the majors 
 
Frequency distributions: 
 
       vet4 |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |      1,722       29.02       29.02 
          1 |      4,212       70.98      100.00 
------------+----------------------------------- 
      Total |      5,934      100.00 
 
 
 
Variable name: vet8 
Data source: [1] 
Missing observations: 0/5934 
Variable description: Dummy variable—for a player with more than 8 years of experience 
Variable values and coding: 
 
 0: player has 8 years or less experience in the majors 
 1: player has more than 8 years of experience in the majors 
 
Frequency distributions: 
 
       vet8 |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |      3,763       63.41       63.41 
          1 |      2,171       36.59      100.00 
------------+----------------------------------- 
      Total |      5,934      100.00 
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Variable name: vet12 
Data source: [1] 
Missing observations: 0/5934 
Variable description: Dummy variable—for a player with more than 12 years of experience 
Variable values and coding: 
 
 0: player has 12 years or less experience in the majors 
 1: player has more than 12 years of experience in the majors 
 
Frequency distributions: 
 
      vet12 |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |      5,114       86.18       86.18 
          1 |        820       13.82      100.00 
------------+----------------------------------- 
      Total |      5,934      100.00 
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X. TABLES

Table 1
(1) (2) (3) (4) (5) (6)

VARIABLES oba oba oba oba oba oba

lagged_oba 0.304*** 0.300*** 0.290*** 0.298*** 0.288***
(0) (0) (0) (0) (0)

exp 0.000318** 0.000322*** 0.00159*** 0.00156***
(0.0108) (0.00988) (0.000528) (0.000566)

exp_2 -7.00e-05*** -6.85e-05***
(0.00397) (0.00442)

tmmate_exp 0.00368*** 0.00268*** 0.00250*** 0.00156*** 0.00245*** 0.00152***
(0) (2.02e-10) (5.08e-09) (0.00233) (9.94e-09) (0.00302)

Constant 0.324*** 0.225*** 0.225*** 0.232*** 0.222*** 0.228***
(0) (0) (0) (0) (0) (0)

Observations 6,741 5,934 5,934 5,934 5,934 5,934
Adjusted R-squared 0.011 0.172 0.173 0.203 0.174 0.204
Year Effect No No No Yes No Yes
Team Effect No No No Yes No Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 2
(1) (2) (3) (4) (5) (6)

VARIABLES oba oba oba oba oba oba

lagged_oba 0.300*** 0.290*** 0.298*** 0.288***
(0) (0) (0) (0)

exp 0.000603 0.00107 -0.000355 9.65e-05 0.00143 0.00435*
(0.375) (0.114) (0.604) (0.888) (0.577) (0.0872)

exp_2 -0.000118 -0.000259*
(0.409) (0.0675)

tmmate_exp 0.00234*** 0.00197** 0.00174** 0.00131 0.00171 0.00262*
(0.00561) (0.0269) (0.0447) (0.153) (0.265) (0.0926)

int_exp 8.73e-05 6.03e-06 0.000105 3.51e-05 4.01e-05 -0.000425
(0.402) (0.954) (0.318) (0.739) (0.919) (0.277)

int_exp_2 6.57e-06 2.90e-05
(0.762) (0.178)

Constant 0.324*** 0.328*** 0.230*** 0.233*** 0.226*** 0.221***
(0) (0) (0) (0) (0) (0)

Observations 6,741 6,741 5,934 5,934 5,934 5,934
Adjusted R-squared 0.023 0.063 0.173 0.203 0.174 0.204
Year Effect No Yes No Yes No Yes
Team Effect No Yes No Yes No Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 3
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

VARIABLES oba oba oba oba oba oba oba oba oba oba

lagged_oba 0.306*** 0.302*** 0.300*** 0.292*** 0.290*** 0.300*** 0.299*** 0.290*** 0.289***
(0) (0) (0) (0) (0) (0) (0) (0) (0)

exp 0.000379*** 0.000381*** 0.000328** 0.000329*** 0.00165*** 0.00165*** 0.00160*** 0.00160***
(0.00270) (0.00236) (0.0102) (0.00936) (0.000405) (0.000355) (0.000547) (0.000490)

exp_2 -6.95e-05***-6.95e-05***-6.98e-05***-6.98e-05***
(0.00468) (0.00433) (0.00426) (0.00397)

tm_vet4 0.00115*** 0.000554*** 0.000426** 0.000376* 0.000195 0.000126 0.000353* 0.000304 0.000124 5.58e-05
(2.77e-09) (0.00319) (0.0266) (0.0511) (0.362) (0.559) (0.0686) (0.118) (0.565) (0.797)

Constant 0.334*** 0.235*** 0.235*** 0.236*** 0.238*** 0.239*** 0.232*** 0.233*** 0.235*** 0.236***
(0) (0) (0) (0) (0) (0) (0) (0) (0) (0)

Observations 6,741 5,934 5,934 5,934 5,934 5,934 5,934 5,934 5,934 5,934
Adjusted R-squared 0.005 0.168 0.169 0.184 0.186 0.201 0.170 0.185 0.187 0.202
Year Effect No No No Yes No Yes No Yes No Yes
Team Effect No No No No Yes Yes No No Yes Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 4
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

VARIABLES oba oba oba oba oba oba oba oba oba oba

lagged_oba 0.304*** 0.301*** 0.300*** 0.292*** 0.290*** 0.299*** 0.298*** 0.290*** 0.289***
(0) (0) (0) (0) (0) (0) (0) (0) (0)

exp 0.000292** 0.000309** 0.000279** 0.000294** 0.00160*** 0.00161*** 0.00154*** 0.00155***
(0.0248) (0.0167) (0.0311) (0.0220) (0.000526) (0.000443) (0.000767) (0.000656)

exp_2 -7.19e-05***-7.15e-05***-6.97e-05***-6.93e-05***
(0.00314) (0.00309) (0.00407) (0.00400)

tm_vet8 0.00143*** 0.000860*** 0.000716*** 0.000609*** 0.000525** 0.000365 0.000691***0.000584***0.000502** 0.000342
(0) (5.94e-06) (0.000355) (0.00233) (0.0276) (0.126) (0.000567) (0.00353) (0.0352) (0.153)

Constant 0.339*** 0.237*** 0.237*** 0.237*** 0.238*** 0.239*** 0.233*** 0.234*** 0.235*** 0.235***
(0) (0) (0) (0) (0) (0) (0) (0) (0) (0)

Observations 6,741 5,934 5,934 5,934 5,934 5,934 5,934 5,934 5,934 5,934
Adjusted R-squared 0.008 0.170 0.170 0.185 0.187 0.202 0.171 0.186 0.188 0.203
Year Effect No No No Yes No Yes No Yes No Yes
Team Effect No No No No Yes Yes No No Yes Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 5
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

VARIABLES oba oba oba oba oba oba oba oba oba oba

lagged_oba 0.307*** 0.302*** 0.301*** 0.292*** 0.290*** 0.300*** 0.299*** 0.290*** 0.289***
(0) (0) (0) (0) (0) (0) (0) (0) (0)

exp 0.000423*** 0.000404*** 0.000379*** 0.000363*** 0.00181*** 0.00179*** 0.00162*** 0.00161***
(0.00100) (0.00153) (0.00317) (0.00438) (7.69e-05) (8.15e-05) (0.000375) (0.000395)

exp_2 -7.72e-05***-7.71e-05***-6.92e-05***-6.91e-05***
(0.00159) (0.00148) (0.00448) (0.00426)

tm_vet12 0.000937*** 0.000477 0.000173 0.000297 -0.000480 -0.000337 0.000267 0.000394 -0.000384 -0.000236
(0.00461) (0.136) (0.604) (0.372) (0.204) (0.375) (0.424) (0.237) (0.312) (0.536)

Constant 0.346*** 0.240*** 0.239*** 0.239*** 0.241*** 0.241*** 0.235*** 0.235*** 0.237*** 0.237***
(0) (0) (0) (0) (0) (0) (0) (0) (0) (0)

Observations 6,741 5,934 5,934 5,934 5,934 5,934 5,934 5,934 5,934 5,934
Adjusted R-squared 0.001 0.167 0.168 0.184 0.186 0.202 0.170 0.185 0.187 0.202
Year Effect No No No Yes No Yes No Yes No Yes
Team Effect No No No No Yes Yes No No Yes Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 6
(1) (2) (3) (4) (5) (6)

VARIABLES oba oba oba oba oba oba

lagged_oba 0.304*** 0.300*** 0.290*** 0.298*** 0.288***
(0) (0) (0) (0) (0)

exp 0.000361*** 0.000361*** 0.00182*** 0.00173***
(0.00419) (0.00435) (9.34e-05) (0.000169)

exp_2 -7.99e-05*** -7.50e-05***
(0.00114) (0.00197)

tmmate_exp 0.00358*** 0.00344*** 0.00340*** 0.00235*** 0.00353*** 0.00247***
(9.05e-10) (2.64e-09) (3.99e-09) (0.000477) (1.06e-09) (0.000241)

tm_vet4 6.74e-05 -0.000493* -0.000602** -0.000510* -0.000726*** -0.000619**
(0.796) (0.0547) (0.0203) (0.0703) (0.00561) (0.0293)

Constant 0.324*** 0.226*** 0.226*** 0.233*** 0.223*** 0.229***
(0) (0) (0) (0) (0) (0)

Observations 6,741 5,934 5,934 5,934 5,934 5,934
Adjusted R-squared 0.010 0.173 0.174 0.203 0.175 0.204
Year Effect No No No Yes No Yes
Team Effect No No No Yes No Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 7
(1) (2) (3) (4) (5) (6)

VARIABLES oba oba oba oba oba oba

lagged_oba 0.304*** 0.300*** 0.290*** 0.298*** 0.288***
(0) (0) (0) (0) (0)

exp 0.000406*** 0.000373*** 0.00169*** 0.00162***
(0.00208) (0.00451) (0.000236) (0.000359)

exp_2 -7.09e-05*** -6.91e-05***
(0.00353) (0.00407)

tmmate_exp 0.00332*** 0.00335*** 0.00374*** 0.00233*** 0.00372*** 0.00233***
(9.13e-06) (4.10e-06) (4.08e-07) (0.00353) (4.56e-07) (0.00360)

tm_vet8 0.000196 -0.000370 -0.000713** -0.000467 -0.000730** -0.000489
(0.563) (0.258) (0.0390) (0.209) (0.0344) (0.189)

Constant 0.326*** 0.223*** 0.221*** 0.229*** 0.217*** 0.225***
(0) (0) (0) (0) (0) (0)

Observations 6,741 5,934 5,934 5,934 5,934 5,934
Adjusted R-squared 0.011 0.172 0.174 0.203 0.175 0.204
Year Effect No No No Yes No Yes
Team Effect No No No Yes No Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 8
(1) (2) (3) (4) (5) (6)

VARIABLES oba oba oba oba oba oba

lagged_oba 0.304*** 0.298*** 0.289*** 0.297*** 0.288***
(0) (0) (0) (0) (0)

exp 0.000450*** 0.000410*** 0.00142*** 0.00146***
(0.000440) (0.00131) (0.00193) (0.00127)

exp_2 -5.42e-05** -5.87e-05**
(0.0273) (0.0156)

tmmate_exp 0.00533*** 0.00417*** 0.00423*** 0.00282*** 0.00406*** 0.00266***
(0) (0) (0) (9.41e-06) (0) (3.19e-05)

tm_vet12 -0.00185*** -0.00167*** -0.00202*** -0.00157*** -0.00187*** -0.00141***
(4.11e-05) (0.000121) (5.57e-06) (0.000842) (3.36e-05) (0.00287)

Constant 0.318*** 0.220*** 0.218*** 0.226*** 0.216*** 0.223***
(0) (0) (0) (0) (0) (0)

Observations 6,741 5,934 5,934 5,934 5,934 5,934
Adjusted R-squared 0.013 0.174 0.176 0.204 0.176 0.205
Year Effect No No No Yes No Yes
Team Effect No No No Yes No Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 9
(1) (2) (3) (4)

VARIABLES oba oba oba oba

lagged_oba 0.245*** 0.243*** 0.233*** 0.231***
(0) (0) (0) (0)

exp 0.00189*** 0.00189*** 0.00191*** 0.00190***
(1.78e-05) (1.48e-05) (1.35e-05) (1.18e-05)

exp_2 -9.60e-05*** -9.59e-05*** -9.77e-05*** -9.76e-05***
(4.32e-05) (3.76e-05) (2.83e-05) (2.44e-05)

tmmate_exp 0.00293*** 0.00280*** 0.00220*** 0.00196***
(0) (0) (6.73e-06) (6.24e-05)

Constant 0.254*** 0.255*** 0.258*** 0.260***
(0) (0) (0) (0)

Observations 5,934 5,934 5,934 5,934
Adjusted R-squared 0.239 0.254 0.259 0.274
Year Effect No Yes No Yes
Team Effect No No Yes Yes
Position Effect Yes Yes Yes Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 10
(1) (2) (3) (4)

VARIABLES oba oba oba oba

lagged_oba 0.245*** 0.243*** 0.233*** 0.231***
(0) (0) (0) (0)

exp 0.00214*** 0.00215*** 0.00208*** 0.00207***
(1.65e-06) (1.27e-06) (2.93e-06) (2.48e-06)

exp_2 -0.000107***-0.000107*** -0.000105*** -0.000104***
(6.43e-06) (5.30e-06) (8.83e-06) (7.50e-06)

tmmate_exp 0.00412*** 0.00402*** 0.00314*** 0.00294***
(0) (0) (8.69e-07) (4.95e-06)

tm_vet4 -0.000795***-0.000820*** -0.000619** -0.000634**
(0.00159) (0.00116) (0.0217) (0.0193)

Constant 0.254*** 0.256*** 0.259*** 0.261***
(0) (0) (0) (0)

Observations 5,934 5,934 5,934 5,934
Adjusted R-squared 0.240 0.255 0.259 0.275
Year Effect No Yes No Yes
Team Effect No No Yes Yes
Position Effect Yes Yes Yes Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 11
(1) (2) (3) (4)

VARIABLES oba oba oba oba

lagged_oba 0.245*** 0.243*** 0.233*** 0.231***
(0) (0) (0) (0)

exp 0.00199*** 0.00202*** 0.00194*** 0.00196***
(6.89e-06) (4.25e-06) (1.04e-05) (7.11e-06)

exp_2 -9.68e-05*** -9.71e-05*** -9.80e-05*** -9.81e-05***
(3.72e-05) (3.01e-05) (2.69e-05) (2.21e-05)

tmmate_exp 0.00416*** 0.00432*** 0.00264*** 0.00270***
(4.27e-09) (1.50e-09) (0.000463) (0.000400)

tm_vet8 -0.000705** -0.000868*** -0.000274 -0.000448
(0.0333) (0.00919) (0.438) (0.207)

Constant 0.249*** 0.250*** 0.256*** 0.257***
(0) (0) (0) (0)

Observations 5,934 5,934 5,934 5,934
Adjusted R-squared 0.240 0.255 0.259 0.274
Year Effect No Yes No Yes
Team Effect No No Yes Yes
Position Effect Yes Yes Yes Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 12
(1) (2) (3) (4)

VARIABLES oba oba oba oba

lagged_oba 0.244*** 0.242*** 0.232*** 0.231***
(0) (0) (0) (0)

exp 0.00173*** 0.00176*** 0.00178*** 0.00180***
(9.10e-05) (5.88e-05) (4.82e-05) (3.37e-05)

exp_2 -8.04e-05*** -8.34e-05*** -8.52e-05*** -8.78e-05***
(0.000710) (0.000401) (0.000291) (0.000167)

tmmate_exp 0.00449*** 0.00405*** 0.00362*** 0.00307***
(0) (0) (2.43e-09) (4.83e-07)

tm_vet12 -0.00181*** -0.00144*** -0.00178*** -0.00138***
(2.90e-05) (0.000871) (7.96e-05) (0.00228)

Constant 0.248*** 0.250*** 0.253*** 0.255***
(0) (0) (0) (0)

Observations 5,934 5,934 5,934 5,934
Adjusted R-squared 0.241 0.255 0.261 0.275
Year Effect No Yes No Yes
Team Effect No No Yes Yes
Position Effect Yes Yes Yes Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 13
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

VARIABLES oba oba oba oba oba oba oba oba oba oba oba oba

lagged_oba 0.293*** 0.300*** 0.237*** 0.245*** 0.291*** 0.298*** 0.234*** 0.242*** 0.290*** 0.297*** 0.233*** 0.241***
(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)

exp 0.000331*** 0.000378*** 0.000140 0.000202* 0.00159*** 0.00164*** 0.00188*** 0.00190*** 0.00154*** 0.00153*** 0.00184*** 0.00178***
(0.00870) (0.00206) (0.254) (0.0908) (0.000518) (0.000310) (1.72e-05) (1.31e-05) (0.000735) (0.000779) (2.68e-05) (4.18e-05)

exp_2 -6.94e-05*** -6.96e-05*** -9.67e-05***-9.41e-05***-6.78e-05***-6.73e-05***-9.54e-05***-9.21e-05***
(0.00426) (0.00396) (3.39e-05) (5.14e-05) (0.00518) (0.00528) (4.31e-05) (7.17e-05)

tmmate_exp 0.00157*** 0.00183*** 0.00167*** 0.00190***
(0.00278) (5.88e-05) (0.000912) (1.31e-05)

tmmate_oba 0.0965** 0.173*** 0.202*** 0.286*** 0.0924** 0.168*** 0.197*** 0.281*** 0.0615 0.114*** 0.165*** 0.226***
(0.0146) (2.22e-06) (1.13e-07) (0) (0.0194) (4.16e-06) (2.15e-07) (0) (0.132) (0.00334) (2.69e-05) (1.77e-09)

Constant 0.208*** 0.181*** 0.208*** 0.180*** 0.205*** 0.179*** 0.204*** 0.176*** 0.207*** 0.187*** 0.206*** 0.185***
(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)

Observations 5,934 5,934 5,934 5,934 5,934 5,934 5,934 5,934 5,934 5,934 5,934 5,934
Adjusted R-squared 0.187 0.187 0.258 0.254 0.188 0.188 0.260 0.256 0.189 0.190 0.261 0.259
Year Effect No Yes No Yes No Yes No Yes No Yes No Yes
Team Effect Yes No Yes No Yes No Yes No Yes No Yes No
Position Effect No No Yes Yes No No Yes Yes No No Yes Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 14
(1) (2) (3) (4)

VARIABLES oba oba oba oba

lagged_oba 0.290*** 0.297*** 0.233*** 0.241***
(0) (0) (0) (0)

exp 0.00171*** 0.00173*** 0.00198*** 0.00199***
(0.000233) (0.000176) (8.10e-06) (7.12e-06)

exp_2 -7.43e-05*** -7.61e-05*** -0.000101*** -0.000101***
(0.00237) (0.00180) (1.70e-05) (1.70e-05)

tmmate_exp 0.00249*** 0.00284*** 0.00248*** 0.00290***
(0.000300) (4.05e-06) (0.000172) (9.38e-07)

tm_vet4 -0.000584** -0.000646** -0.000514* -0.000635**
(0.0391) (0.0149) (0.0575) (0.0124)

tmmate_oba 0.0533 0.102*** 0.157*** 0.213***
(0.194) (0.00944) (6.47e-05) (1.62e-08)

Constant 0.210*** 0.192*** 0.209*** 0.189***
(0) (0) (0) (0)

Observations 5,934 5,934 5,934 5,934
Adjusted R-squared 0.189 0.190 0.261 0.259
Year Effect No Yes No Yes
Team Effect Yes No Yes No
Position Effect No No Yes Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 15
(1) (2) (3) (4)

VARIABLES oba oba oba oba

lagged_oba 0.290*** 0.297*** 0.233*** 0.241***
(0) (0) (0) (0)

exp 0.00158*** 0.00165*** 0.00186*** 0.00188***
(0.000583) (0.000317) (2.29e-05) (1.79e-05)

exp_2 -6.82e-05*** -6.86e-05*** -9.56e-05*** -9.31e-05***
(0.00496) (0.00444) (4.16e-05) (6.01e-05)

tmmate_exp 0.00205** 0.00323*** 0.00199*** 0.00303***
(0.0108) (3.53e-05) (0.00952) (4.88e-05)

tm_vet8 -0.000291 -0.000772** -0.000198 -0.000625*
(0.431) (0.0274) (0.574) (0.0621)

tmmate_oba 0.0598 0.103*** 0.164*** 0.217***
(0.143) (0.00835) (3.13e-05) (9.70e-09)

Constant 0.205*** 0.186*** 0.205*** 0.184***
(0) (0) (0) (0)

Observations 5,934 5,934 5,934 5,934
Adjusted R-squared 0.189 0.190 0.261 0.259
Year Effect No Yes No Yes
Team Effect Yes No Yes No
Position Effect No No Yes Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 16
(1) (2) (3) (4)

VARIABLES oba oba oba oba

lagged_oba 0.289*** 0.296*** 0.233*** 0.240***
(0) (0) (0) (0)

exp 0.00144*** 0.00142*** 0.00175*** 0.00170***
(0.00168) (0.00183) (6.74e-05) (0.000100)

exp_2 -5.63e-05** -5.66e-05** -8.55e-05*** -8.36e-05***
(0.0211) (0.0204) (0.000276) (0.000372)

tmmate_exp 0.00307*** 0.00304*** 0.00292*** 0.00284***
(4.39e-06) (1.07e-06) (4.89e-06) (2.00e-06)

tm_vet12 -0.00175*** -0.00131*** -0.00146*** -0.00101**
(0.000287) (0.00442) (0.00149) (0.0215)

tmmate_oba 0.0316 0.0942** 0.139*** 0.210***
(0.447) (0.0168) (0.000492) (3.50e-08)

Constant 0.211*** 0.189*** 0.210*** 0.186***
(0) (0) (0) (0)

Observations 5,934 5,934 5,934 5,934
Adjusted R-squared 0.191 0.191 0.262 0.259
Year Effect No Yes No Yes
Team Effect Yes No Yes No
Position Effect No No Yes Yes
pval in parentheses
*** p<0.01, ** p<0.05, * p<0.1



 

58!
!

XI. FIGURES 
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Figure 3 
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Figure 5 
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Figure 7 
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Figure 9 
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