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Fantasy Baseball team owners can remove the bias from their team selection by opti-
mizing a team based off of the previous years statistics. This can help team owners choose
or bid on players that are undervalued so that they can save money to bid on more valuable
players. A genetic algorithm was written to maximize the points scored by a roster with a
salary cap constraint. This algorithm was compared to MATLABs ga function. The roster
was then optimized to provide the best team lineup based on the next weeks schedule.
The optimizers performed similarly and produced relatively consistent results after several
iterations of optimization. The implemented genetic algorithm performed the computation
much faster. A pareto front was also made showing the trade-off between points scored
per game and salary, but unless the pareto front can provide better results, it is not as
useful for judging these trade-offs. Genetic algorithms that use this method of selecting
players will help Fantasy Baseball team owners select the roster and weekly lineup that
will maximize their points.

I. Introduction

Tom Van Riper of Forbes magazine reported in 2012 that fantasy sports is an industry that brings in
$1.1 billion in revenue each year. He also reported that the industry averaged a 12% growth annually

between the years of 2007 to 2012.1 In such a popular industry fantasy team owners are constantly looking
for an advantage to make their team better. An optimized salary cap league fantasy baseball team could
be calculated using statistics from previous weeks and months that would give a fantasy team owner the
advantage he or she is looking for.

Although there are different types of fantasy baseball leagues, each with their own set of rules and reg-
ulations, the developed optimization process will focus on a salary cap based league.234 Salary cap leagues
allow each team owner to spend an allotted amount of money to buy players. Each team owner can buy the
same players or different players depending on how they choose to spend their allotted money. This style of
league allows for many different combinations of players. There exists some combination of players that can
be bought with a given amount of money that will lead to the most points earned under a given points system.

Depending on the rules and regulations of different fantasy leagues, roster sizes can vary between 14 and 25
players consisting of pitchers, catchers, infielders, outfielders, and designated hitters. Given the number of
draftable players is well over 400 the total number of possible player combinations is well over 1025. Due to
the large number of possible combinations a brute force method of calculating an optimal team that meets
the criteria set forth by the rules and regulations is unreasonable. For this reason an optimization routine
was developed that considered the salary of each player, the average number of points scored by each player
and the total salary each fantasy team is allowed to spend. This optimization routine returned to the user
a roster that maximized the average number of points scored by the fantasy team while keeping the team
under the required salary cap. A secondary routine then took the optimized fantasy baseball team and found
the best combination of player to be used as starters for the upcoming week based on their schedule and the
strength of each individual player’s opponent.
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II. Methods

A. Description of Objective Function

The objective function in this optimization problem is derived from the fantasy baseball rules established
by MLB.com.5 The objective function calculates the total number of points per game (PPG) scored by an
individual player based on that player’s statistics from a particular day. There are two types of statistics
that can score points: pitching statistics and offensive statistics. Pitchers who are recorded as the winning
pitchers score three points. The rest of the statistical categories with their accompanying point values can
be found in Table 1 and Table 2.

Table 1: Pitching statistical categories with their allotted point values.

(a) Points from Strike Outs

SOs Points

0-5 0

6-7 1

8-9 2

10-12 3

13-15 5

16-19 7

20+ 10

(b) Points from Earned Runs

Earned Runs

Allowed Points

0 7

1 5

2 3

3 2

4 1

5+ 0

(c) Points from Hits + Walks

Hits + Walks

Allowed Points

0 20

1 16

2 12

3-4 8

5-7 4

8-10 2

11-12 1

13+ 0

Table 2: Offensive statistical catagories and their allotted point values.

Offensive Stat Points

Single 1

Double 2

Triple 3

Home Run 4

Run 1

RBI 1

Walk 1

Stolen Base 2

Caught Stealing -1

Statistics were obtained from MLB.com as well as suggested fantasy league salaries. The salaries were
based on a 24 man roster with a $250 million salary cap.67 Using the point values shown above for different
statistical accomplishments and the stats from last year’s baseball season, an objective function was written
that calculated an average PPG score for each player. For example, the number of doubles a player hit from
last year was divided by the number of games he played in and then multiplied by two (because he scores
two points for each double). This process was completed for each stat and then summed over all the players
stats to come up with an average PPG. Once an average PPG for each player was calculated the objective
function could be written as seen in equation 1 subjected to the constraint shown in equation 2. Using these
values a team could be optimized to maximize the total points scored for a team consisting of a given number
of players as explained by the rules of the user’s fantasy league.

2 of 8



Maximize

f(x) =
10∑
i=1

PPGi (1)

subject to
TotalSalary ≤ SalaryCap (2)

While this is the basic objective function, steps have been taken to ensure a more accurate model. For exam-
ple, if you look at a pitchers statistics the best pitchers will score around 18 points per game they pitch in. A
starting pitcher pitches in about one out of every 5 or 6 games played by a team so each pitcher’s PPG aver-
age needs to be divided to reflect an accurate number of points a pitcher would earn over a given time period.

Using the model described above a fantasy baseball roster could be optimized. After a roster has been
optimized and a team obtained it is important that the fantasy team owner select the best starters for a
given week. Steps were taken to look at each players opponent. If a given offensive player is playing against
a better than average pitcher, his statistics will drop and he will be less effective. If a given offensive player
is playing against a worse than average pitcher, his statistics will be better and he will be more effective.
The same is true for a pitcher when facing a better than or worse than average offensive team. Studies have
shown that a player’s OBP (on-base percentage) varies less than other statistical measurements of offensive
performance.8 Because fantasy baseball values multiple base hits more than a players ability to get on base,
a player’s OPS (on-base percentage plus slugging percentage), which releates the on-base percentage and
the ability of a player to get multiple base hits, can be used to predict how well a batter will fair against a
certain pitcher. Vince Gennaro, a writer for MLBlogs Network, an official affiliate of MLB, showed batters
hit better against pitchers with a worse OPSa (average OPS that only considers the at-bats in which that
pitcher is involved) than against pitchers with a better OPSa. For example, if batter George Springer is
estimated to score 3.54 PPG but is playing a very difficult schedule during a given week the lineup opti-
mization might instead choose to put Avisail Garcia, who has a 2.96 PPG estimate but an easier schedule,
in the starting lineup because he has a greater probability of scoring higher than his average PPG. This re-
quired extraction of all of the schedules for the year and a calculation of the the strength of the pitching staffs

By considering the OPSa of the pitchers that a batter is to face during a given week and by looking at
the number of games a given player is to play in a given week a weekly score can be calculated which is
adjusted to account for the level of pitching each player will face. In the same token, by considering the OPS
of the batters that each pitcher and the number of games each pitcher will pitch in a weekly score can be
calculated for each pitcher. By evaluating these adjusted weekly scores the best starting lineup can be found
which give the fantasy owner the best chance of winning during a given week. Introducing these updates
into the model has ensured a more accurate model.

B. Methods of Optimization

Non-gradient based methods are used for the this scenario because the data is discrete. This paper analyzes
the results of using a written genetic algorithm(GA) against MATLABs ga. The optimizers will be able to
optimize a roster of any size and any combination of the type of players. For this paper the optimizers will
be initialized with the parameters and roster positions in Table 3.

The reproduction method for the implemented GA will be to randomly choose where in the roster to
splice between two parents. The offspring will be mutated by changing the player in any given position,
based on the probability parameter, to a different random player that plays that position. The selection
method will be a two round tournament where any teams that win once stay in the new pool. The salaries
are scaled down because many statistics are on the order of 1 to 10 so the salaries are computed in mil-
lions of dollars instead of on the order of 1e7. All salaries in the results and discussion section are in $ millions.
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Table 3: Initialization of parameters and roster positions to be used for comparing the performance of MATLAB’s
”ga” against the implemented GA.

Parameter Value

Population Size 100

Convergence 1e-6

Penalty 10 PPG

Salary Cap $250 million

Mutation Probability 5%

Index Position

1 Catcher

2 1st Baseman

3 2nd Baseman

4 3rd Baseman

5 Short Stop

6 - 10 Outfielder

11 1st or 3rd Baseman

12 2nd Baseman or Short Stop

13 - 14 Utility

15 Relief Pitcher

16 - 24 Starting Pitcher

This paper will also do a study of a multi-objective approach with MATLAB’s ”gamultiobj” function where
the objectives are to maximize points and to minimize salary. This would allow the user to choose the trade
offs depending on how much money they have left for trading.

III. Results and Discussion

A. Single Objective Optimization

The implemented GA outperformed MATLAB’s ”ga” in convergence time but the results were similar. It
can be seen in Table 4 how MATLAB’s ”ga” performed against the implemented GA. It took six times as
long for MATLAB’s ”ga” to converge to a team that scored less points. One reason that the Implemented
GA was faster is because the objective function was built into the optimizer whereas MATLAB’s ”ga”
needed to call the objective function. The convergence of both optimizers is shown in Figures 1a and 1b.
MATLAB’s optimizer converged in about the same number of generations, but it did not kick out until
about 55 generations later. This is another reason why MATLAB’s ”ga” took more time to run.

Table 4: Comparison of the convergence performance of MATLAB’s ”ga” and the implemented GA.

Algorithm Time(s) Generations Estimated PPG Total Salary

GA Implementation 8.65 41 76.45 249

MATLAB’s ”ga” 57.83 89 75.53 250

4 of 8



Generation

0 10 20 30 40 50 60 70 80 90 100

N
e
g
a
ti
v
e
 T

o
ta

l 
P

P
G

-80

-75

-70

-65

-60

-55

-50

-45

-40

-35
MATLAB's "ga" Function

Best fitness

Mean fitness

(a) Convergence plot of MATLAB’s ”ga”. No-
tice that the optimizer converged similarly
to the implemented GA but that it did not
kick out until about 55 generations later.
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(b) Conergence plot of the implemented GA.
This genetic algorithm kicked out after
having 3 generations of the same value for
the best PPG.

Figure 1: Plots showing the best team PPG score at each iteration of the genetic algorithm.

Figures 2a and 2b show both algorithm’s results after being run 20 times. The implemented GA had
several rosters that averaged over 78 points while MATLAB’s optimizer did not have any rosters above 76.5
points. This is interesting considering MATLAB’s ”ga” kicked out far later than the implemented GA. Table
5 summarizes the results of the two spread plots. The mean PPG was very similar and MATLAB’s ”ga” has
a smaller spread. More iterations might give us more information on their consistency. Both optimizers were
also run 4 times each to see if they were selecting the same players out of the 24 positions. The implemented
GA chose the same player more than once for 15 positions and MATLAB’s ”ga” chose the same player
more than once for 16 positions. This shows that the optimal solutions are not random, but there is some
consistency as to which players will be chosen to reach the optimal PPG.
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(a) Optimal results of MATLAB’s ”ga” opti-
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(b) Optimal results of the implemented GA
optimizer after 20 iterations.

Figure 2: Plots showing the spread of the results from the different genetic algorithms used to optimize the fantasy
baseball team.

Table 5: Comparison of the spread of the optimal results MATLAB’s ”ga” and the implemented GA after 20
iterations.

Algorithm Best PPG Mean PPG Worst PPG

GA Implementation 78.29 75.36 71.00

MATLAB’s ”ga” 76.47 75.14 73.74
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Table 6 shows an example of how one team was optimized by the genetic algorithm. Each player’s name,
position, salary, and average points per game is shown in the table. As can be seen this team is predicted
to score 76.19 PPG and would cost a salary of $250 million.

Table 6: Final roster after a genetic algorithm was implemented to find an optimized fantasy baseball team.

NAME POSITION SALARY PPG

MATT WIETERS C 3 3.3846

JUSTIN MORNEAU 1B 1 3.1407

NOLAN ARENADO 2B 13 3.2522

NEIL WALKER 3B 7 3.1678

ERICK AYBAR SS 4 2.6346

GEORGE SPRINGER OF 18 3.5384

JAYSON WERTH OF 5 3.4082

GIANCARLO STANTON OF 41 4.1310

JORGE SOLER OF 4 3.7083

COREY DICKERSON OF 23 3.3206

BEN ZOBRIST 2B 4 3.0136

CARLOS SANTANA 1B 4 3.2894

AVISAIL GARCIA OF 1 2.9565

RUSNEY CASTILLO OF 1 3.7532

KEN GILES RP 1 3.2694

MASAHIRO TANAKA SP 12 2.6583

JOHNNY CUETO SP 22 3.2941

JAKE ARRIETA SP 13 2.9511

DOUG FISTER SP 4 2.4866

COREY KLUBER SP 25 2.5981

SHELBY MILLER SP 1 3.3721

MIKE FIERS SP 4 2.5000

CLAYTON KERSHAW SP 37 4.0556

DEREK HOLLAND SP 2 2.3023

After finding an optimal fantasy baseball roster steps were taken to find the best starting lineup on any
given week. The team’s schedule of each player on the roster as well as the OPS of the pitchers or batters
each player would face were considered in this process. As described above, a predicted weekly total was
calculated and based on these adjusted weekly totals a starting lineup was chosen. The algorithm that chose
the starting lineup needed to be given a start date, an end date, as well as the make up of positions that
constituted the starting lineup according to the fantasy owner’s league rules. Using the fantsay roster given
in Table 6, a starting lineup was found using this routine which needed to consist of a catcher, a first, second
and third baseman, three outfielders, a pitcher, and a utility player which could be any player on the roster
who wasn’t a pitcher. Table 7 shows the players, their positions, salaries, PPG, and predicted weekly score
which would be in the starting lineup for the week starting April 12,2015 to April 18, 2015.
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Table 7: Final roster after a genetic algorithm was implemented to find an optimized fantasy baseball team.

NAME POSITION SALARY PPG WEEKLY SCORE

MATT WIETERS C 3 3.3846 26.571

NOLAN ARENADO 2B 13 3.2522 28.423

NEIL WALKER 3B 7 3.1678 22.288

JAYSON WERTH OF 5 3.4082 19.629

GIANCARLO STANTON OF 41 4.1310 28.754

JORGE SOLER OF 4 3.7083 24.063

CARLOS SANTANA 1B 4 3.2894 23.327

AVISAIL GARCIA OF 1 2.9565 22.886

RUSNEY CASTILLO OF 1 3.7532 29.892

CLAYTON KERSHAW SP 37 4.0556 21.569

B. Multi-Objective Optimization

The pareto front in Figure 3 was expected to be useful for saving a substantial amount of money by sacrificing
a few points. However, the front does not get very close to the optimal values. Notice that at $250 million
the team is only scoring about 72 points. In Table 5 for single-objective optimization the optimizers averaged
at least 75 points with a salarycap of $250 million. The optimizer options were changed to try to get a more
accurate front, but it always kicked out too early. The pareto front may be good for gaining a general trend,
but it would be more accurate to find the different optimums by changing the salarycap in single-objective
optimization.
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Figure 3: Pareto front of the salary versus PPG using MATLAB’s ”gamultiobj” function.

IV. Conclusion

Genetic algorithms are useful for maximizing the points of a roster based off of past years stats. Whether
a user writes their own or implements MATLAB’s ”ga” the results will be similar, but an implemented GA
will provide the results faster. The roster results after several iterations of running were relatively consistent
which is evidence of selection of the most desirable players based on their salary and estimated points. Multi-
objective optimization was not as useful as expected because the front only came within about 4 points of
the optimal values found in single-objective optimization. In order to truly make a good judgement for the
trade-offs, the front would need to at least hit the averages found in Table 5. It might be useful to implement
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a multi-objective optimizer that can produce more accurate results. In the future it would also be useful to
compare the performance of genetic algorithms against another non-gradient optimization method such as
particle swarm optimization.

It was found that there is enough time once the Fantasy Baseball websites are open to extract the
statistics and to optimize a roster by the time the season starts. It is recommended that future work be done
to create a more accurate model. Future models could take into consideration each day’s starting pitchers
as well as individual pitcher vs. batter match up. This would require a method to update the schedules and
statistics daily. One of the main struggles during this research was to find data that was easily imported
into the written algorithms. If statistics were more readily available in a given format much of the future
models could on building a more robust model.
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