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Although each sport has different characteristics, the main goal of a sports game is to win by scoring at least one
point more than the opponent, not about creating a large score difference. With this in mind, this study analyzes
the optimal pitch type that minimizes the probability of conceding a score rather than minimizing runs in a
baseball game. We represent situations in a baseball game as the Markov Decision Processes (MDP) model by
calculating state transition probability according to pitch type selection based on the data recorded in the US
Major League Baseball between 2021 and 2022. A formulated MDP model is used to run a Monte-Carlo
simulation to identify a pitch type that minimizes the probability of conceding a score and a pitch type that
minimizes total runs until the end of the inning for all states. Simulation results show that there exist differences
between identified pitch types and mismatch increases in states of two outs or no runners on base. We also found
that selecting pitch type to minimize the probability of conceding a score can be useful when starting an inning

in a tied game.
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Figure 1. Example of Simulated Result of the Conceded Score
During One Inning
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Table 1. State Information

State
Index

(‘balls’, ‘strikes’, ‘on_3b’, ‘on_2b’, ‘on_Ib’,
‘outs_when_up’, ‘WorL’)

1 (0, 0, 0, 0, 0, 0, -1)

(0,0,0,0,0,0,0)

(0, 0,0,0,0,0, 1)

2
3
4 0, 0,0,0,0,1, -1)
5 0, 0,0,0,0,1, 0)

864 G,2, 1,1, 1,2, 1)

865 0, 0, 0, 0,0, 3, 0)
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Table 2. Transition Matrix when throwing Four-seam Fastball (FF)

a=FF| s4, =1 Si41 =2 Si41 =3 500 =4
s, =11 0.007545 | 0.000000 | 0.000000 | 0.080590
s, =2 0.009004 | 0.000000 | 0.000000 | 0.000000
s, =3 | 0.000000 | 0.002812 | 0.004419 | 0.000000
s, =4 0.000000 | 0.000000 | 0.000000 | 0.008372
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Table 3. Optimal Pitch Type Selection by Monte-Carlo Simulation

Repeat for s={1,..,864}:
Repeat for a < {FF, SL, SI, CH, CU, FC}:

5, =8 q=a

Q;h(s, a)=0, QTZ,‘(S, a)=0
Repeat 10,000 times:
G,=0,G,=0

m

Repeat until s,= 865:
Sample s,, by p(s,.; | s, a)
G,=max (G, (s a5, 1))
Gm = Gm + 7'777 (Sﬁ a‘t’ St+ 1)

Sp < Sy
Sample a, by 7" (q, | s,)
Q; (s, a)= Q’r,’(s a)+ G,

P
Q:ITL (S’ a’) = Qr/n (S 0’)+ G;n

h

h o Q (s, a)
10000
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@ (s @)= 15555
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Table 4. Example of Pitch Type Selection with Different Objectives

a, a
State oo o7 »
index (Minimize conceded (Minimize probability
score) of conceding a score)
1 FC SL
2 FC FC
638 FF CH
864 SL SL

28l M & FF(Four-seam Fastball)& T4 oF 3}2] 7t o] U o A
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Table 5. Pitch Type Mismatch Probability by Out Counts

Out counts Mismatch probability (%)
0 22.9% (44/192)
1 22.9% (44/192)
2 31.2% (60/192)

Table 6. Pitch Type Mismatch Probability by the Number of

Runners
# of runners Mismatch probability (%)
0 38.9% (28/72)
1 25.9% (56/216)
2 24.5% (53/216)
3 15.3% (11/72)
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Table 7. Monte-Carlo Simulation Result

s, =1 s, =2 s, =3
mean 0.508+0.019 0.455+0.019 0.450+0.018

Random -

ratio 12.87% 11.43% 11.11%

mean 0.2716+0.013 0.2155£0.012 0.2262+0.012
o ratio 6.39% 4.77% 436%

mean 0.3161£0.014 0.2379+0.012 0.2355£0.011
% ratio 5.90% 4.39% 432%
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3 AAZIAE e LS AP Aotk A4 Ags Wl thste] AFstgn 7] Al e F4 FEe AE
95% F A t-7A A (<Table 8>)7 FEH) & -7 (<Table 9>) o171 A8l 37 Ho|e| & vt o2 865719 A, 67) A<
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Table 8. Test of Differences in Expected Conceded Scores between

Two Group H;: X, Xa vs Hp: X, # X
State index t-statistic p-value Reject decision
1 -2.4889 0.00640 Reject H,
2 -4.5306 0.00002 Reject H,
3 -1.121 0.13114 Accept H,

Table 9. Test of Differences in Scoring Probability between
Two Group H,: p:’”: p:’ vs H: p:"?é p:’

State index z-statistic p-value Reject decision
1 2.499 0.012 Reject H,
2 2.226 0.025 Reject H,
3 0.2404 0.8099 Accept H,
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