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Abstract: This paper studies how Major League Baseball teams should allocate payroll under
fixed budget constraints. Rather than focusing only on the direct correlation between salary
inequality and team performance, the paper links salary structure, team total utility, real pay-
roll, and winning percentage together to analyze the relatively optimal solution. Using MLB
team-year data from 1985 to 2016, the study constructs player-level utility from offensive and
pitching contributions, combines it to the team level, and calculates salary structure with the
Gini coefficient. Then it estimates the team production relationship and compares different
payroll structures among different budget groups using scenario-based analysis. The results
indicate that team total utility is the strongest predictor of winning percentage. Also, the im-
mediate impact of salary inequality becomes weaker compared to the total utility. Indeed, real
payroll is shown to be positively related to performance. These scenario-based findings fur-
ther suggest that no single salary structure is the most optimal: concentrated structures work
rather well in lower budget settings, whilst moderately concentrated structures perform better
in medium and high-budget groups. Overall, the paper focuses on a more practical comparison
of salary allocation strategies under fixed budget constraints.
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1. Introduction

1.1. Research background and problem statement

In professional team sports, payroll is important to teams and clubs, but the size of payroll alone
does not ensure performance. It depends on the allocation of resources among players, which means
teams with similar spending levels may achieve very different results. Studies of Major League Base-
ball and related professional sports have suggested that total payroll and salary distribution share
some correlation with team performance [1–3]. As such, the salary structure is a significant issue for
the examination of team performance. Major League Baseball (MLB) provides a beneficial context
in which to investigate this question, since various teams have vastly inconsistent payroll scale and
internal salary distribution. Some teams have relatively equal salary spread across the roster, while
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others concentrate a large share of salary on a smaller number of star players. Research in MLB has
evaluated directly if wage disparity or salary dispersion is related to team productivity and perfor-
mance [4–7]. The primary question of this paper consequently, is which salary structure performance
is more efficient with a fixed budget. More exactly, the following research questions regarding the
relationship among payroll concentration, team productive strength and winning percentage, and it
will investigate whether the salary structure effect is determined by budgetary level.

1.2. Research objectives and contribution

The research paper has two broad aims. Firstly, it empirically evaluates the relation between team
performance, salary inequality, team total utility, and real payroll at the team-year scale. Second, it
employs these empirical findings to explore differences in salary structures in different budgets. This
paper comes double as a contribution. From a logical perspective, it makes a connection between
the salary system, and winning percentage (as illustrated by team total utility) instead of just holding
payroll inequality as a separate explanatory variable. In practice, it shifts from precise value estima-
tion to scenario-based comparison by comparing the various forms of payroll structures under low-,
medium-, and high-budget conditions. This is an empirical analysis, using team and player data from
the Lahman Baseball Database [8].

2. Literature review and research positioning

2.1. Empirical evidence from existing studies

Evidence regarding pay inequality in MLB and team performance is mixed. Some studies find that
salary dispersion is negatively related to team productivity or performance, suggesting that excessive
inequality may create coordination costs or reduce team cohesion [4, 5, 9]. Other studies suggest that
the relationship can be more complicated, depending on the measurement of salary dispersion, the
role of star players, and the way team performance is modeled [6, 7, 10].

Research on payroll and performance also shows that total spending matters, but it does not fully
explain team success. Studies of MLB payroll have found relationships between payroll and winning,
but the the relationship may vary in different empirical specifications [1–3]. Other studies further
exams the the distribution of salary within teams and their total performance, showing that payroll
allocation can also mater besides the effect of overall payroll level [11, 12].

But in practice, these results are usually affected by many factors, such as model specification,
sample choosing, and variable definition. Specifically, studies vary with respect to how they measure
salary inequality, how they control total payroll, and how they model relationship between salary
allocation and team performance [10, 13, 14]. As a result, it is difficult to draw a simple conclusion
about which is the most optimal salary structure [10].

2.2. Research gap and positioning of this study

This study differs from previous studies in two ways [10]. First, rather than directly exam the effect of
salary inequality on winning percentage, an indicator, total utility, is created. This enables the analysis
to separate players’ contribution to the team from salary distribution.

Second, rather than searching for one optimal level of salary inequality, this paper creates a frame-
work based on different scenario that relates to different real-budget groups. This approach is more
practical to MLB teams, which usually have to allocate payroll under a given budget constraint in-
stead of calculating a specific optimal level of inequality [2,3]. Overall, this paper provides a practical
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insight to front office of each teams by offering a decision-make framework in order to maximize the
team performance as well as improving financial capability. Broader theoretical and empirical discus-
sions of pay dispersion and team performance have also appeared in related literature [15–17].

3. Data sources and variable construction

3.1. Data sources and sample description

This study uses Major League Baseball (MLB) data from 1985 to 2016. This sample region matches
the coverage of the official salary records used in the study and provides sufficient evidence for team-
level analysis across different competitive environments.

The final empirical dataset is constructed at the team-season level. However, several variables are
first built at the player-team-season level and then aggregated to the team level. The main datasets are
drawn from the Lahman Baseball Database, including People, Salaries, Teams, Pitching, and Batting.

The data construction has four steps. First, batting and pitching statistics are used to construct
player-level contribution measures. Second, salary information is used to calculate within-team pay-
roll inequality. Third, team records are used to calculate winning percentage. Fourth, total team pay-
roll is converted into CPI-adjusted real payroll in constant 2016 dollars in order to avoid the effect of
inflation.

Players who appeared for more than one team in the same season are calculated separately at the
player-team-season level so that both contribution and salary are allocated to the correct team.

3.2. Measurement of individual player utility

To connect salary allocation with team performance, this study constructs an individual player utility
measure based on offensive and pitching contribution.

3.2.1. Offensive contribution: Runs Created (RC)

Offensive contribution is measured by Runs Created (RC), defined as:

RC = H + 2B + 2(3B) + 3(HR),

where H denotes hits, 2B doubles, 3B triples, and HR home runs. This measure gives greater weight
to extra-base hits and serves as a simple proxy for offensive production.

3.2.2. Pitching contribution: Runs Saved Above Average (RSAA)

Pitching contribution is measured by Runs Saved Above Average (RSAA). Since pitching data are
recorded in outs, innings pitched, individual ERA, and league-average ERA are calculated as:

IP =
IPouts

3
, ERA =

ER× 9

IP
, lgERA =

∑
ERleague∑
IPleague

× 9.

Here, ER denotes earned runs allowed, and lgERA is calculated separately for each (yearID, lgID)
combination using aggregate league totals. Based on these quantities, RSAA is defined as:

RSAA = (lgERA− ERA)× IP

9
.

A positive RSAA indicates above-average pitching performance, while a negative RSAA indicates
below-average performance. For players with IP = 0, RSAA is set equal to 0.
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3.2.3. Standardization and construction of total player utility

Because RC and RSAA are measured on different scales, both variables are standardized before being
combined. Let zRCi and zRSAAi denote the standardized offensive and pitching contributions of
player i, respectively. Individual utility and team total utility are then defined as:

Ui = zRCi + zRSAAi, TUj =

nj∑
i=1

Ui.

Here, TUj denotes team total utility, and nj is the number of player-team observations for team j in a
given season.

3.3. Measurement of team salary structure

The main variable in this study is salary inequality within teams. It is measured by the Gini coefficient,
which is calculated for each team-year observation using player salary records from the Salaries table,
and the formula is given by:

G =

∑n
i=1

∑n
j=1 |Si − Sj|
2n2S̄

where Si and Sj represent player salaries within the same team-year and S̄ is the corresponding
average salary. A larger Gini coefficient indicates a more concentrated payroll distribution.

Because the Gini coefficient is a relative measure of within-team salary distribution, inflation
adjustment is not applied to its construction. By contrast, total team payroll is also calculated as
a scale variable and converted into CPI-adjusted real payroll in constant 2016 dollars for the later
inflation and budget-group analysis.

3.4. Construction of the team performance variable

Team performance is measured by winning percentage, defined as:

Win% =
W

W + L

where W is the number of wins and L is the number of losses in a given season. Winning per-
centage is used instead of total wins because it provides a standardized measure of team performance
across seasons.

3.5. Construction of the final team-year panel

The final dataset is summurised by the team-year level by merging team total utility, salary Gini co-
efficient, winning percentage, nominal payroll, and CPI-adjusted real payroll by (yearID, teamID).
In this framework, the Gini coefficient represents each team’s salary concentration, while real payroll
indicates the inflation-adjusted scale of team financial resources.

3.6. Descriptive statistics and preliminary feature analysis

Before estimating the team production relationship, the study first summarizes the main variables and
provides valid evidence on salary structure, team utility, and team performance.
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Table 1. Descriptive statistics of the main variables

Statistic Team Total Utility Salary Gini Winning Percentage Real Payroll (M, 2016$)

Mean 0.0141 0.5634 0.5001 55.34
Std. Dev. 11.2868 0.1037 0.0687 52.48
Min -35.1165 0.0000 0.2654 0.145
25th pct. -7.2513 0.5107 0.4506 21.54
Median 0.4947 0.5792 0.5000 40.56
75th pct. 7.4130 0.6328 0.5494 71.87
Max 30.6649 0.8026 0.7160 530.79
Observations 916 916 916 916

Table 1 shows the variation in team total utility, salary inequality, and real payroll across team-
year observations. In particular, CPI-adjusted payroll differs widely across the sample, suggesting that
salary structure should be evaluated together with budget level rather than in isolation.
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Figure 1. Salary dispersion and team utility in MLB (2016). Dashed lines indicate sample medians,
and point size reflects winning percentage.

Figure 1 presents a cross-sectional situation of the 2016 season, showing how teams differed in
salary dispersion, team utility, and winning percentage.
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Figure 2. Pooled relationship between salary dispersion and winning percentage, 1985–2016. The
quadratic fit is shown for descriptive purposes only.

Figure 2 plots the pooled relationship between salary dispersion and winning percentage over
1985–2016. The visual relationship appears weak, which is consistent with the later regression results.

4. Empirical calibration and scenario-based allocation framework

4.1. Research logic and framework

This chapter links the empirical analysis to the paper’s main decision problem: under a fixed payroll
budget, what type of salary structure is more likely to support stronger team performance?

The logic of the study follows four steps. First, real payroll defines the team’s overall resource
constraint. Second, different allocation choices generate different salary structures, which are reflected
in the within-team Gini coefficient. Third, payroll allocation influences roster quality, summarized in
this paper by team total utility. Finally, team total utility and salary structure together shape winning
percentage.

Accordingly, the analytical chain of the paper can be summarized as:

Budget → Salary Structure → Team Utility → Winning Percentage.

This model implies that payroll does not mechanically affect performance. A bigger budget can
enhance outcomes, but only if it is converted to productive team strength. Therefore, the chapter first
estimates the team production relationship, and then uses the results to help establish a scenario-
specific comparative analysis of salary structures among the budget settings.
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4.2. Empirical specification of the team production relationship

The paper examines the relationship between roster productivity, salary structure, and budget scale
with team performance by estimating a team-level production relationship involving winning percent-
age as a function of team total utility, salary inequality, and real payroll.

The baseline specification is:

Winjt = α+ β1TUjt + β2Gjt + εjt,

where Winjt is the winning percentage of team j in season t, TUjt is team total utility, and Gjt is
the team-level salary Gini coefficient.

To allow for a possible nonlinear relationship between salary inequality and performance, the
model is extended as:

Winjt = α+ β1TUjt + β2Gjt + β3G
2
jt + εjt.

Because the linear and squared Gini terms may be highly correlated, the richer specifications use
a centered Gini measure:

Gc
jt = Gjt − Ḡ,

where Ḡ is the sample mean of the Gini coefficient. The quadratic specification then becomes:

Winjt = α+ β1TUjt + β2G
c
jt + β3(G

c
jt)

2 + εjt.

To account for differences in budget scale across teams, real payroll is added:

Winjt = α+ β1TUjt + β2G
c
jt + β3(G

c
jt)

2 + β4Payrolljt + εjt.

Finally, year fixed effects are included to absorb league-wide influences that vary over time:

Winjt = α+ β1TUjt + β2G
c
jt + β3(G

c
jt)

2 + β4Payrolljt + γt + εjt.

Here, Payrolljt denotes CPI-adjusted real payroll in constant 2016 dollars, measured in millions
for interpretability, and γt represents year fixed effects.

4.3. Parameter calibration

The empirical calibration is done in three steps. Model 1 contains team total utility and salary Gini
coefficient. Model 2 includes centered quadratic Gini as a test for possible nonlinearity. Model 3
presents additional real payroll and year fixed effects. All the models are estimated using ordinary
least squares with heteroskedasticity-robust standard errors.

The results shows a clear pattern. Throughout all of the specifications, the team total utility is pos-
itive and especially significant, suggesting that productive roster strength is the most stable predictor
of winning percentage. Unlike the salary Gini coefficient which is not so robust.

Thus, the regression analysis does not provide adequate evidence of an interior optimum for salary
inequality. Such findings imply that, in large part at least, salary structure matters in the extent to
which it’s an effective facilitator of payroll becoming team utility.



Proceedings	of	the	10th	International	Conference	on	Economic	Management	and	Green	Development	
DOI:	10.54254/2754-1169/2026.35060

102

4.4. Scenario-Based allocation framework

Given the regression results, the salary allocation problem is reformulated as a scenario-based com-
parison under a fixed payroll budget. The team is assumed to face the following budget constraint:

n∑
i=1

Si = B,

where Si denotes the salary of player i, and B is total team payroll.
Instead of solving a continuous optimization problem over all individual salaries, the paper adopts

a practical categorical framework. Salary structures are grouped into three broad types:

1. Balanced structure: payroll is distributed relatively evenly across players;
2. Moderately concentrated structure: payroll is focused on several core players while maintaining

roster depth;
3. Highly concentrated structure: a large share of payroll is allocated to a small number of highly

paid players.

To use this framework, team-year observations are grouped by budget level and salary structure.
With the bottom 1% and top 1% of real payroll entries removed, the remaining sample is separated
into low, medium, and high-budget groups based on their CPI-adjusted payroll.

This produces a 3 × 3 scenario table. For each budget–structure combination, the study shows
mean team total utility, mean winning percentage, mean salary Gini coefficient, mean real payroll,
and the number of observations.

Within this standard, team total utility serves as the key intermediate indicator because it captures
how effectively a salary structure converts player’s salary into a quantitative variable, while winning
percentage still represents the final team performance. Since the regression does not identify a reliable
optimum value of salary inequality, this comparison based on scenario provides a more practical way
to evaluate which combination performs best in different salary structures.

5. Empirical results and scenario-based salary structure comparison

5.1. Estimation results of the team production relationship

Table 2 reports the estimation results for the team production relationship under three specifications:
a baseline linear model, a quadratic model with centered Gini terms, and a fuller model including real
payroll and year fixed effects.

Across all three models, team total utility remains positive and highly significant, indicating that
total team productivity is the most influencial determinant of winning percentage in the sample. By
contrast, the direct effect of salary inequality is much weaker. In Model 1, the salary Gini coefficient
is only weakly significant, while in Model 2 and Model 3 both the centered Gini term and its squared
term become statistically insignificant. This suggests that the data do not provide reliable evidence
for a stable nonlinear relationship between salary inequality and team performance.
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Table 2. Regression results for the team production relationship

Variables Model 1 Model 2 Model 3

Intercept 0.488*** 0.501*** 0.486***
Team Total Utility 0.005*** 0.005*** 0.005***

Salary Gini 0.022*
Centered Gini 0.011 0.000

Centered Gini Squared -0.089 -0.089
Real Payroll (2016$ Millions) 0.000**

Year Fixed Effects No No Yes
Observations 916 916 916

R2 0.606 0.606 0.624

Notes: The dependent variable is team winning percentage. All models are estimated using OLS with
HC3 robust standard errors. Model 1 contains team total utility and salary Gini. Model 2 replaces raw
Gini with centered Gini and its squared term. Model 3 also incorporates CPI-adjusted real payroll (in
2016 dollars) and year fixed effects. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Model 3 also shows that real payroll has a positive and statistically significant effect on winning
percentage. However, the coefficient on team total utility remains much more stable and more strongly
significant than the salary structure variables. Overall, the results suggest that payroll affects perfor-
mance through its ability to generate productive team strength primarily rather than through salary
inequality alone.

5.2. Scenario-based results and managerial implications across budget groups

Table 3 reports the scenario-based results under fixed real-budget constraints. Team-year observations
are grouped by budget level and salary structure, and each cell reports the number of observations,
mean team total utility, mean winning percentage, mean salary Gini coefficient, and mean real payroll
in CPI-adjusted 2016 dollars.

Table 3. Scenario-based results under fixed real-budget constraints, 1985–2016

Budget Group Structure Group Obs. Mean TU Mean Win% Mean Gini Mean Real Payroll (M, 2016$)

Low Budget Balanced 178 -0.6791 0.4910 0.4366 18.21
Low Budget Moderate 76 -1.8796 0.4956 0.5756 23.83
Low Budget Concentrated 45 3.1244 0.5134 0.6514 25.65

Medium Budget Balanced 72 -0.4631 0.4997 0.4947 55.03
Medium Budget Moderate 124 0.6376 0.5070 0.5810 54.78
Medium Budget Concentrated 102 -2.7882 0.4857 0.6640 57.29

High Budget Balanced 49 -0.8600 0.4945 0.4985 151.18
High Budget Moderate 98 2.1524 0.5101 0.5817 147.99
High Budget Concentrated 152 0.5944 0.5053 0.6643 143.20

Two main patterns appear. First, the effect of salary structure varies across budget groups. In the
low-budget group, concentrated structures perform best, with the highest mean winning percentage
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and team total utility. In the medium- and high-budget groups, moderately concentrated structures
perform best, while concentrated structures perform especially poor in the medium-budget group.

Second, no single salary structure dominates across all budget settings. This suggests that payroll
design should be evaluated in context of budget level rather than against one universal basis. For man-
agement, the implication is that the most effective salary structure is the one that converts available
payroll into the greatest productive team strength within a given budget environment.

6. Conclusion

The paper analyses how MLB teams can allocate payroll in the situation of a fixed budget constraint.
Instead of making a decision based on a static explanatory variable like salary inequality alone, the
research builds on a theory-based approach connecting budget, salary structure, team total utility, and
winning percentage.

The empirical findings reveal that team total utility is the strongest, most stable predictor of perfor-
mance. On the other hand, the direct nonlinear impact of salary inequality is not measured in accurate
form which is sufficient to verify a sole optimal Gini coefficient. In other words, the payroll structure
should not be judged based solely on a single indicator as a universal benchmark.

The scenario-based comparison provides a more practical conclusion. Under low-budget condi-
tions, concentrated salary structures are associated with the highest average winning percentage, while
under medium- and high-budget conditions, moderately concentrated structures perform best. These
findings suggest that the most effective payroll structure depends on budget level and that front-office
decisions should focus on converting available payroll into productive roster strength rather than just
pursuing equality or concentration in the abstract.

Further research will be committed to grow the sample, to include a deeper analysis of player
contribution, and to investigate effects of trades, injuries and roster adjustment on payroll use further.
Nevertheless, the paper demonstrates that the allocation of salaries is best viewed as a problem of
strategy based on budget, instead of the one-size-fits-all pursuit of optimal inequality.
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