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Abstract 

The sport of baseball has been around for a long time, however an issue that has 

remained consistent is what has been deemed the appropriate amount to pay players. Research in 

the past has looked at wins above replacement and career statistics for regression analysis models 

to predict player salary and even look at overvalued and undervalued players. Where this 

research expands upon what has been done is to try and predict player salary through three main 

salary systems (pre-arbitration, arbitration, and post-arbitration) by looking at offensive statistics. 

By using data from the Lahman package in R to create regression models for these three salary 

systems, as players progress through these systems and increase in years of experience, it is seen 

that more on-field statistics will be taken into account when considering their pay. 

Key Terms: baseball, player salary, regression models, salary systems 
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Introduction 

 The sport of baseball has been around for over 100 years, but baseball analytics is 

relatively new compared to the long history of the game. For most of time only a couple key 

numbers such as batting average and earned run average were looked at to determine a player’s 

value. Now there is a lot more being taken into account. Now analytical measures such as 

weighted runs created plus, weighted on-base average, batting average for balls in play, etc., are 

used in conjunction with the simple statistics of the old days including homeruns and runs batted 

in. 

The book (and later film) “Moneyball” (Baumer & Zimbalist, 2014) introduced baseball 

analytics to a wider audience by detailing how Billy Beane looked for ways to maximize his 

team’s performance without spending as much money as richer teams. Today analysts and 

researchers use statistics to answer many problems related to baseball player performance, player 

or team evaluations, and the topic of this paper, player salaries. A big problem comes from 

determining the appropriate salary to pay a player. The analysts try to approach this issue by 

quantifying all contributions of individual players into certain metrics that can more easily 

evaluate a players overall performance. Most of these metrics do not stand on their own, but 

together can tell the full story of a player’s performance. These metrics also known as 

“sabermetrics” make it easier for general managers (GMs) and other front office officials to 

make decisions on player salaries. It also makes the coaches lives easier for situational game use, 

making the lineup, pitching against certain teams, etc. 

However, do these metrics correlate to player salary? If these analysts have the numbers 

that equate to player performance in a general sense, then the debate of pay should be over, 

right? That is unfortunately, not the case. Baseball is much more complicated than just these 
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metrics that say how a player performs. Sabermetrics like Wins Above Replacement or “WAR” 

are not values that players can actively try to do better in, rather they can try to hit more for 

average or hit for more power, the component aspects of WAR. This is what can sometimes be 

misunderstood within sabermetrics, as even though they can tell a story they are not metrics that 

players can directly change. 

 Major League Baseball has multiple salary systems that a player and team may be 

negotiating within. Often, which system is used may be related to how many years a player has 

been in Major League Baseball. These salary systems include arbitration, pre-arbitration, free 

agency, Super 2, and international signings. Starting with arbitration, this is a system of 

negotiations that is typically for players between 3 and 6 years of MLB experience. A player and 

team will both propose a salary, and if they can’t agree on common ground, an independent 

arbitrator will choose the player or team’s salary (Faurot & McAllister, 1992). Players who do 

not meet that 3 year requirement are subject to the terms of their rookie contract if it has not 

expired or are subject to any amount that their team wants to give them that it above the league 

minimum of $507,500 as of 2016 (Hattery, 2017). Additionally, players and teams may choose 

to forego these two processes by negotiating a long-term deal. For players whom are between 

2.160 and 3 years of experience and would not quite qualify for arbitration there exists a Super 2 

process for those such players that are in the top 20% in the MLB in terms of performance. This 

would allow them to make more money since pre-arbitration salaries would otherwise bind them 

(Edwards, 2016). The last system to be discussed will be international signings, which can differ 

depending on where the player is being signed from and how old they are. Certain international 

signings, even with 0 MLB experience can have the potential of making more money than 

players that have played in the MLB for 6-plus years. 
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Figure 1: MLB Salary Distribution over the past 30 years 

 

Figure 1 shows a histogram of player salaries in the MLB over the past 30 years. This 

shows at the core how many players are making around the league minimum and how few make 

exorbitant amounts of money. 

This is where modeling the salaries is important for trying to solve this problem. 

Modeling the salaries is the exact reason WAR will not be used, even though many people may 

still use WAR in their model (discusses further in the literature review). Instead a slew of batting 
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statistics and data from the past 30 seasons will be used in its place. Some factors that may 

influence how much players are being paid include the year they played, how many years of 

experience they have, how old they are, and the position they play. These are all non-statistical 

measures that can affect player salary. Additionally, statistics from the previous season may also 

influence a player’s salary. These may include the amount of games played (G), the plate 

appearances (PA) or number of times the player came to the plate, the runs (R) scored by a 

player, the players hits (H), how many doubles (2B) they hit, how many triples (3B) they hit, 

how many homeruns they hit (HR), the amount of runs batted in (RBI) they have, the number of 

stolen bases (SB) or times caught stealing (CS), how many times they have been walked (BB), 

their strikeouts (SO or K), intentional walks (IBB), times hit by pitch (HBP), their sacrifice hits 

(SH) and sacrifice fly outs (SF), the times they grounded into a double play (GIDP), their batting 

average (AVG), on-base percentage (OBP), isolated power (ISO), batting average for batted 

balls in play (BABIP), walks per plate appearance (BB/PA), strikeouts per plate appearance 

(K/PA), and walks per strikeout (BB/K). 

The purpose of this research is to see what attributes a player has whether is has to do 

with his contributions off or on the field that defines how much they will be paid.  

Literature Review 

 A lot of salary predictions only focuses on free agents since they are eligible for the most 

money, and have the highest risk factor when it comes to teams spending money on players for 

long-term contracts. For these free agents, teams often look at $/WAR, which is looking to 

estimate the value of a player per WAR they have accumulated. The trends that were found 

included that of $/WAR having gone up significantly in the last 20 years or so, and when looking 

at $WAR on a position basis that outfielders, designated hitters and first basemen “are overpaid 
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on a dollars per WAR basis” (Swartz, Methodology and Calculations of Dollars per WAR, 

2014).  

However, what is wins above replacement to begin with, and why is it being used in 

direct relation to pay for free agents? It is used as an estimate to “summarize a player’s total 

contributions to their team in one statistic” (FanGraphs, 2016).  “WAR is all-inclusive and 

provides a useful reference point for comparing players” and is used to create a value that is 

based on wins (FanGraphs, 2016). “WAR works best as an approximation. A 6 WAR player 

might be worth between 5.0 and 7.0 WAR, but it is pretty safe to say they are at least an All-Star 

level player and potentially an MVP (Most Valuable Player)” (FanGraphs, 2016).  

This gives a great explanation for why not to use WAR in a regression model for 

predicting salary as it is what it said to be: an estimation. It would also not be useful as when 

calculating WAR, a lot of statistics that are already in the model are being used and would then 

conflate with one another. Even though this metric is used very widely and is great for player 

comparison, as a tool to predict salary it would not fair very well. This “black box” metric has 

the downside of being a scaling tool, which means that players that are close in WAR have no 

real significant difference, but when looking at players with a WAR difference greater than 2 is 

starts to make a difference. However, 2 in WAR is quite extreme as for some instances it is the 

difference as portrayed above between an All-Star and an MVP and on the brink HoF (Hall of 

Fame) player. 

Another metric that has been thrown in the discussion as related to WAR in openWAR. 

This metric is based on public information, which allows some of the uncertainty to be addressed 

and is based in the conservation of runs model. It is fully transparent and reproducible, and 

completely open-source. The issues are that the data quality is not perfect as a result of it being 
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open-source, and what was found was that the calculations they were getting were not too far off 

nonetheless. However, what was seen was that with a couple tweaks to certain inputs that win 

probability could be looked at instead using this openWAR system. This is definitely interesting 

but as can be seen with all variations of WAR and all the manipulations that go with it, that it is 

still very speculative and never get rid of all the underlying issues that were brought up in the 

first place (Baumer, Jensen, & Matthews, 2014). 

This is why models have been constructed using various theories and ways of thinking to 

try and predict salaries, performance, WAR, etc. A recent study looked at player data from 2010, 

2011 and 2012, while also using player career statistics. They created yearly and career models 

for both position players and pitchers. This research done in 2015 by Rhonda Magel and Michael 

Hoffman concluded that the “career production statistics were the most useful for both pitchers 

and position players since these statistics are known in advance of signing a player to a contract” 

(Hoffman & Magel, 2015). Using career statistics is another way of going about predicting 

salary, however when working on a year by year basis for salaries they would not be so good at 

doing that on their own. For year-by-year salary predictions, compounding career stats could also 

work, but that would be an entirely different research project on its own (Magel & Hoffman, 

2015). 

 Modeling WAR or using it on its own may not work in practicality, however fangraphs 

has shown multiple different ways that they can model these salaries specifically when looking at 

arbitration. Whether they were using WAR or not, they split everything up into using traditional 

and non-traditional statistics, looking at both hitters and pitchers. They used the stats to explain 

the raise players got, so that their final model could use that information to create a more 
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explanatory model: Salary = Arbitration Raise + Previous Yr Salary. This is what the graph of 

predicted vs. actual looks like for this model: 

 

Figure 2: Actual vs. Predicted Arbitration Salary (Chamberlain & Dolinar, Modeling Salary 

Arbitration: Stat Components, 2015) 

 

 This model has an 𝑅! of 0.9348, which says it explains 93.48% of the variability in the 

data. This is a great model and does a good job at predicting salaries for arbitration players, 

however, as discussed there is more than just arbitration. Through some work done by author 

Sean Barnes in 2016, models were built to predict and assess the value of Major League Baseball 
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free agents (Barnes & Bjarnadóttir, 2016). By creating market and performance models 

overvalued or undervalued players such as Ryan Howard and Chris Sale respectively, could be 

determined as such based on their performance and value in the market. This modeling could 

also be used to identify future talent and their worth. The study also revealed some information 

about the tactics used in creating the model, in which was found that backward elimination 

produced the highest 𝑅! value. In the end there needs to be a model or models that can look at all 

players in all career stages and be able to predict their salary pretty well. The commonalities that 

these models have that will be used are a backwards elimination process on a multiple linear 

regression model, using log salary as the explanatory variable. Log of the salary is being used as 

to normalize for the skewedness seen in the salaries (see Figure 1). 

Methods & Data Collection 

 The method for collecting this data was to take pre-existing baseball information through 

the Lahman package in R, which had collected extensive baseball information from 1871 

through 2015. This study used data from four different tables (batting, fielding, salary, and 

master). Since the tables contain different types of information compiled in different ways, 

decisions had to be made about how best to combine the relevant information into a single data 

frame. 

 For the purposes of this study, the decision was made to only look at hitter’s information 

and how a variety of characteristics and statistics for each player related to their salaries. The 

purpose of cleaning and manipulating the data was to make sure that each player in a single 

season would have one singular observation, or one row in the data frame. This is necessary to 

ensure that the model properly uses all the information from a player to predict their salary for 

that season. 
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 The Batting table contained most of the batting statistics that were used in the model. 

However, this table included one observation for each team that a player played on in a season 

(instead of only a single observation for a season). To ensure that every player only had one 

observation per season, each player’s statistics were added together across multiple teams to 

create a single overall observation for that season. Using the player ID as the base information 

for merging data frames, the tables were combined: first the salary and batting tables, and then 

the master table. The information then had to be refined to only use the player information and 

batting statistics that would be used in the models, so some variables were eliminated from the 

table. The Lahman package in R only contains counting statistics, so rate statistics (like batting 

average and on base percentage) were calculated and added to the data frame. The Master table 

contains biographical information about players. The player’s birth year from this table was used 

to calculate a player’s age in each season. Determining the position that a player played involved 

using the Fielding table. 

The Fielding table contains a separate observation for each position that a player played 

in a season. The decision was made to create a position variable that chooses the position the 

player most frequently played that season. It was soon realized that certain players were not 

being listed as designated hitters, so any player that had more than twice as many games played 

as games that showed up in the Fielding table were assigned as a DH. A check of several of the 

players that received this label indicated that it seemed to be working as intended. After one 

position was chosen per player each season, the pitchers were then eliminated from the table. All 

outfielders were also combined, so positions labeled “LF,” “CF,” or “RF,” representing left field, 

center field, and right field, would then just be labeled “OF,” standing for outfield. This 
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information was then merged with the larger table created beforehand to combine the fielding 

data with the batting and biographical data. 

One of the most crucial components of the data cleaning had to do with what year’s 

statistics the players’ salaries were being associated with. The statistics are associated with the 

salary of the current year. However, a player’s statistics in one year may influence their salary 

for the next season (not the current one). Thus a variable was created called lead salary that 

included the following season’s salary. This was also done with a player’s age and years of 

experience, as those values for the following season would be more likely related to salary. Thus, 

any player’s final season would not be used in any of the regression models since they wouldn’t 

have a future salary to predict. 

The last few steps of cleaning the data including that which violated the minimum major 

league salary and thus were likely errors in the data, and eliminating players with plate 

appearance fewer than 162 (equivalent to the amount of games in a MLB season). This was done 

to make sure all the players included had some major contributions to the team and were an 

MLB player for a good portion of the season. Another last step was creating arbitration classes 

for all the players based on their years of experience, as arbitration was the one of the biggest 

variables outside of the player’s statistics that is connected to player salary (pre-arbitration under 

3 years of experience, arbitration between 3 and 6 years of experience, and post arbitration after 

6 years of experience). Since pre-arbitration salaries are typically close to the major league 

minimum salary, players that made over $2.6 million were re-classified as being post-arbitration. 

This number was arbitrarily chosen by looking at the data and choosing a cutoff that would re-

classify many international signees (who were not part of the pre-arbitration system). 
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Once data from the four tables were combined into one data frame, the last step of data 

collection and cleaning involved determining necessary data transformations. As shown 

previously, salaries are highly right skewed, so any salary value was converted to the log scale. 

At this point, scatterplots were created for each potential explanatory variable against log of 

salary. Many of these variables had a linear relationship with log salary, but for a few that didn’t 

(like batting average and games), quadratic terms were added to the data frame. 

Data Analysis 

Intro 

Several models were created using a backward elimination process through multiple 

linear regression in which the variable with the highest p-value was eliminated every time until 

only variables with a p-value of .05 or lower were left in the model. This method results in 

models that only include variables deemed to have a relationship with a player’s salary. The 

method also allows for a comparison of coefficients between models that may indicate situations 

where certain variables are more important in one situation that another.	Log of the salary was 

used as the response in order to normalize the data and better predict salaries using linear 

regression. 

Baseline Model 

The first step was looking at a baseline model, which does not include any statistics 

related to on-field performance. This is done for the purpose of looking at information that 

players do not have control over to see how much it influences their predicted salary. To 

understand each of the components of the models, the calculation “100 × (𝑒"!"#$$%!%#&'" - 1)” for 

each finds the percent change in salary associated with a one unit change in the predictor variable 
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(Note: This interpretation cannot be used if the variable is included in an interaction or has a 

quadratic component). The baseline model can be written as:  

 

𝐿𝑜𝑔 𝑠𝑎𝑙 !"#!!"# = 8.873+ 0.056 𝑦𝑒𝑎𝑟𝑠 +  0.136 experience +  0.261 𝑎𝑔𝑒 −

0.005 𝑎𝑔𝑒!   

𝐿𝑜𝑔 𝑠𝑎𝑙 !"# = 8.492+ 0.058 𝑦𝑒𝑎𝑟𝑠 +  0.659 experience +  0.206 𝑎𝑔𝑒 −

0.005 𝑎𝑔𝑒!   

𝐿𝑜𝑔 𝑠𝑎𝑙 !"#$!!"# = 13.179+ 0.083 𝑦𝑒𝑎𝑟𝑠 +  0.176 experience +  0.158 𝑎𝑔𝑒 −

0.005 𝑎𝑔𝑒!   

 

The significant interpretation to look at with the baseline is in regards to the arbitration 

and post-arbitration. When looking at the baseline model it is all relative to arbitration, so pre-

arbitration and post-arbitration are percent changes (increases/decreases) against someone in 

arbitration. The factors to look at for arbitration and post-arbitration are the years of experience 

and the intercept for the models respectively. For every year of experience for someone in 

arbitration there is a 93% increase in predicted salary when all other variables are held constant, 

and there is a 52,913,459% increase in predicted salary for someone in post-arbitration versus 

arbitration when all other variables are held constant. This is relevant as these players have little 

experience and would make sense that with less experience comes less baseball statistics to boost 

their salary. Years of experience are needed for the arbitration process, but not as much so for the 

post-arbitration process (also known as free agency), which is based off player performance. 

This would indicate that a huge amount of a player’s salary can be due to things other than their 
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on-field performance. Thus, it makes sense to create separate models for each of the arbitration 

levels to compare players within each of those settings. 

Salary Systems and Models 

 Using the same method from the base model, we can look at the coefficients of all the 

other models used to characterize players at different points in their careers regarding their 

predicted salary. 

Pre-Arbitration 

This model was used to compare salary predictions for players that have not yet reached 

arbitration. Typically, these players are paid near the league minimum, and it isn’t thought that 

they can affect their salary much with their on-field performance unless they perform well 

enough that their team offers them a long-term contract extension. The model can be written out 

as such:  

 

𝐿𝑜𝑔(𝑠𝑎𝑙𝑎𝑟𝑦) = 19.607+ 0.055 𝑦𝑒𝑎𝑟𝑠 + 0.090 𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 − 0.488 𝑎𝑔𝑒 + 0.010 𝑎𝑔𝑒!

+  0.004 ℎ𝑖𝑡𝑠 −  0.005 𝑑𝑜𝑢𝑏𝑙𝑒𝑠 +  0.006 𝑅𝐵𝐼𝑠 +  0.005 𝑤𝑎𝑙𝑘𝑠

− 0.002 𝑠𝑡𝑟𝑖𝑘𝑒𝑜𝑢𝑡𝑠 −  0.009 𝐺𝐼𝐷𝑃 − 11.286 𝐴𝑉𝐺 + 18.864(𝐴𝑉𝐺!) 

 

As we did with the baseline model, we can convert the coefficients above to calculate a 

percentage change in predicted salary associated with a one-unit change in each predictor 

variable (if the other variables are held constant). For example, the predicted salary of a player in 

pre-arbitration will increase by 1% for each additional RBI the player records the previous 

season if all other variables are held constant. The other variables, do not really impact the model 

very significantly as the coefficients are relatively small. However, the AVG and 𝐴𝑉𝐺! terms 
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lead to negative adjustments to the predicted salary for most reasonable batting averages, but this 

is solely when all other variables are held constant. This negative adjustment may not hold true 

once other variables are taken into account. 

Arbitration 

 The arbitration model in terms of the variables used is quite similar to the pre-arbitration 

model with a couple of additions:  

 

𝐿𝑜𝑔(𝑠𝑎𝑙𝑎𝑟𝑦) = 8.374+ 0.056 𝑦𝑒𝑎𝑟𝑠 + 1.475 𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 − 0.094 𝑦𝑒𝑎𝑟𝑠!

− 0.010 𝑔𝑎𝑚𝑒𝑠 + 0.005 𝑃𝐴𝑠 + 0.004 𝑟𝑢𝑛𝑠 −  0.005 ℎ𝑖𝑡𝑠

−  0.007 𝑑𝑜𝑢𝑏𝑙𝑒𝑠 +  0.007 𝑅𝐵𝐼𝑠 − 0.002 𝑠𝑡𝑟𝑖𝑘𝑒𝑜𝑢𝑡𝑠 + 0.015(𝐼𝐵𝐵𝑠)

−  0.015 𝑆𝐻𝑠 − 7.250 𝐴𝑉𝐺 + 20.530(𝐴𝑉𝐺!) 

 

The years of experience variable stands out as one that is important for a model of players 

in arbitration. To look at this variable means to take both years of experience and its squared 

term into account for players who qualify for arbitration (players with 3-5 years of experience). 

By looking at the coefficients and seeing their percent change for predicted salary, the only 

variables that hold some weight were those that involved years of experience and those that 

involve batting average. This makes sense as once players have reached arbitration, their salary 

is supposed to increasingly get closer to their “true market value” as they gain years of 

experience. 

Post-Arbitration (Free Agency) 

 Lastly provided is the model for post-arbitration or free agent players: 1 

																																																								
1	For	coefficient(POS)	see	Figure	4	on	page	19	
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𝐿𝑜𝑔(𝑠𝑎𝑙𝑎𝑟𝑦) = 11.560+ 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑃𝑂𝑆 + 0.075 𝑦𝑒𝑎𝑟𝑠 + 0.144 𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒

+ 0.154 𝑎𝑔𝑒 − 0.003 𝑦𝑒𝑎𝑟𝑠! − 0.003 𝑎𝑔𝑒! − 0.012 𝑔𝑎𝑚𝑒𝑠

+ 0.007 𝑃𝐴𝑠 + 0.003 𝑟𝑢𝑛𝑠 −  0.006 ℎ𝑖𝑡𝑠 −  0.006 𝑑𝑜𝑢𝑏𝑙𝑒𝑠

− 0.020 𝑡𝑟𝑖𝑝𝑙𝑒𝑠 − 0.008 𝐻𝑅𝑠 +  0.004 𝑅𝐵𝐼𝑠 + 0.003 𝑆𝐵𝑠

+ 0.007 𝑤𝑎𝑙𝑘𝑠 + 0.007 𝑠𝑡𝑟𝑖𝑘𝑒𝑜𝑢𝑡𝑠 + 0.007 𝐼𝐵𝐵𝑠 −  0.030 𝑆𝐻𝑠

+ 0.006 𝐺𝐼𝐷𝑃𝑠 − 12.971 𝐴𝑉𝐺 + 4.657 𝑂𝐵𝑃 + 2.498 𝐼𝑆𝑂

− 3.805 𝑆𝑂𝑃𝑒𝑟 + 0.001 𝑆𝐻! − 0.00003(𝑔𝑎𝑚𝑒𝑠!)+ 22.805(𝐴𝑉𝐺!) 

 

This easily is the longest model as players who have reached free agency or post 

arbitration status have free reign and can take advantage of an open market to sign a contract 

with any team that will pay them what they think they are worth. The variables that stand out for 

this model are on base percentage and ISO. Many of the variables in this model are measured as 

rates, so it doesn’t make sense to discuss a one unit change in variable like OBP that may only 

range between 0.250 and 0.450 from the worst to best players in the league.	It probably makes 

more sense to discuss a 0.010 change in both due to the range of possible values. You also need 

to adjust the coefficients before you do the 100*(exp(x)-1) transformation. When these changes 

are made to OBP and ISO then the percent change to predicted salary for each statistic 

respectively would be a 5% increase or a 3% increase when all other variables are held as 

constant (this for a 0.01 increase instead of a 1 unit increase). When looking at these rate 

statistics with a change of 0.01 the change seems small and insignificant, however in the scheme 

of baseball if the worst player has a 0.250 OBP and the best player has a 0.450 then this 

difference ends up holding weight.	

	



MODELING SALARIES OF MAJOR LEAGUE BASEBALL PLAYERS  18	

Model Comparisons  

The table below shows the considered predictor variables for each of the three models. 

Each number in the table is the estimated coefficient for that model. If a cell is blacked out, that 

term was not deemed statistically significant for that model. This table allows one to compare the 

relationships between predictors and log salary across the three models: 

 

		 Pre-Arb	 Arb	 Post-Arb	
Intercept	 19.607	 8.374	 11.560	
yearcen	 0.055	 0.056	 0.075	

lead_yrsexp	 0.090	 1.475	 0.144	
lead_Age	 -0.488	 		 0.154	
factor(POS)	 		 		 multiple	
leadyrs.sq	 		 -0.094	 -0.003	
leadage.sq	 0.010	 		 -0.003	

G	 		 -0.010	 -0.012	
PA	 		 0.005	 0.007	
R	 		 0.004	 0.003	
H	 0.004	 -0.005	 -0.006	
X2B	 -0.005	 -0.007	 -0.006	
X3B	 		 		 -0.020	
HR	 		 		 -0.008	
RBI	 0.006	 0.007	 0.004	
SB	 		 		 0.003	

nonIBB	 0.005	 		 -0.007	
SO	 -0.002	 -0.002	 0.007	
IBB	 		 0.015	 0.007	
SH	 		 -0.015	 -0.030	
GIDP	 -0.009	 		 0.006	
AVG	 -11.286	 -7.250	 -12.971	
OBP	 		 		 4.657	
ISO	 		 		 2.498	

SOPer	 		 		 -3.805	
SH.sq	 		 		 0.001	
G.sq	 		 		 -0.00003	

AVG.sq	 18.864	 20.530	 22.805	
 



MODELING SALARIES OF MAJOR LEAGUE BASEBALL PLAYERS  19	

	
factor(POS)	

2B	 -0.151	
3B	 -0.037	
C	 0.014	
DH	 -0.108	
OF	 0.036	
SS	 0.066	

 
 Figure 4: Position Coefficients 

 
 

Also included are the residual of standard error, R, 𝑅! values, and graphics of predicted 

log salary vs. actual log salary of major league baseball players in the table below: 

		 Residual	Standard	Error	 R	 𝑅!	
Baseline	 0.826	 0.5933	 0.5927	
Pre-Arb	 0.3207	 0.7373	 0.7336	
Arb	 0.6035	 0.6749	 0.6733	
Post-Arb	 0.603	 0.7252	 0.7235	

 

 

Figure 3: Actual Log of Player Salary vs. Predicted Log of Player Salary 
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The 𝑅! values in the table above allow one to see how much of the variation in the 

response (log salary) is explained by the explanatory variables in that model. The differences 

between the 𝑅! values when compared to the baseline model are surprisingly not too different. 

The baseline is able to explain almost 60% of the variability, while the other three models are 

able to explain 67%-73% of the variability. This isn’t a fair comparison because these models are 

explaining 2/3 to 3/4 of the remaining variation once arbitration level has already been accounted 

for (whereas the baseline model explained a lot of the initial variability of all salaries just by 

sorting players into one of these three categories). 

When looking at the coefficients for the models, there were some that were not included 

in any of them: HBP, 𝐻𝐵𝑃!, BABIP, SF, and CS. These were the variables that were deemed 

insignificant by all models when looking at each individual arbitration status, but were included 

at the beginning as they were thought to be ones that may hold some weight. In the end it was 

found that they in fact did not have a statistically significant bearing on log of salary. 

When looking at predicted salary, it can be seen that the yearID variable indicates that 

salaries are increasing faster for free agent players than others, and that years of experience 

matter the most for arbitration players (since it is built into that baseball salary system). Also 

instead of looking at variables that never showed up in the models, it is also fruitful to look at 

ones that showed up in all of them. One of the few that came up as significant in all three models 

happened to be RBIs or runs batted in. Using modern statistical thinking, RBIs can be seen as a 

product of opportunities a player gets and not necessarily talent. This could suggest that general 

managers may still not be able to ignore RBIs completely or that something may be missing from 

the model that would account for the effect. 
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Conclusion & Future Research 

 Taken together, the previous models show that different variables are related to player 

salary at different stages in their careers. When players transition from pre-arbitration to 

arbitration to free agency, gaining more MLB experience leads a greater number of their on-field 

statistics being taken into account in consideration of the player’s salary. 

 However, there are some legitimate limitations with the study, and with the data that was 

collected. Contract length was a piece of information that was not accessible for the analysis, 

which could help with predicting salary if the player’s contract information for each year was 

provided. It would also help to know which salary system (pre-arbitration, arbitration, or free 

agency) that a player fell into for a season. Arbitration statuses for the dataset were estimated as 

that information was also not provided. This was roughly based off of their years of experience, 

but salary information was also used to spot cases where years of experience by itself wasn’t 

enough (like for some international signees). However, this process was inexact and would be 

greatly improved with more information available. The analysis focused almost solely on a 

player’s batting performance with their fielding position being the only fielding information 

included. Data related to how well player’s performed in the field would provide additional 

useful information. If these other aspects were included in the modeling process, it may have 

improved the accuracy of salary predictions that could be made. 

 Further research could involve applying models similar to these for pitchers. Since 

pitchers don’t have as clearly defined positions as hitters, pitchers could be split into starters and 

relievers, or even with relievers split into different bullpen roles. Creating models for salaries in 

Major League Baseball players can be done in multiple different ways. As explained hitting 

could have been more in depth, if given more time or more variables as only the Lahman dataset 
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was used. Information also could have been pulled from Baseball References or Fangraphs to 

supplement the information. 

These models are a start to the process of assessing how players are paid. A team that is 

considering a multi-million dollar investment in a player may use a model like this along with 

information from scouts and some of the other elements discussed above. These numbers are not 

the whole story but part of the story in how baseball players are paid. 
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