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II. Study 1: #Ho]X| & HTE T3

MLB A& @449 344 &4

1. o] 23 W7

1.1. ¥ do]EH e A9 EA

‘Big data'gh= 8 AF89] 7142 AA QA Al FROE Y
Aok A= 1990t FHE - Silicon  Graphics Inc.®]  John
Mashey(1999) ¢}, Gartner Inc.?] Laney(2001)2 e glow, SHA o A
FAH o g ZoE AR FToAAE Weiss® Indurkhya(1998), Diebold(2000)
Sol I Ax= 4# A dtkDiebold, 2012). 1990 t] FHHl A FE 20001
ZH7EA] vldolB o i F= Ame] A vl HAHs A
o 5] o]Fo]Ht}. John Mashey(1999)= ®ldlo]E o] thsle] ‘dubtx o=z
AHEE = AZEOZE ARE AAAT Wl AAEa AYTE ¢ gle
A719] dlole'g st o™, Laney(2001)2> @A ®do]g o] Fa3st &4
o7 Wwolsaxal = FHO F(volume) A2l FZ(velocity), AHHE &
B o] thdAd (variety)o] oA W HolEE A3t o] % 2010t
© Hldolg e 54 teto] t8Fe] ARE AFsta st A4
A yolrt AAZE A5 A g (velocity), A& TF9] thRAl (variety), A3
A w A A (veracity), 7FA (value) & HU thFst #do|A ®l oy E
A taial sFAvH(E-g, FallF, G, 2022).

aEy HEhA = Aol Ee tE A= Atuin =54 zol&
Bola u}. o] thste] Andrea, Marco, Michele(2019)-2 = & o] 7}
SHA|, AFFA BEFelA EdEw zegal A &85 = Jid

W oAgol= ofds REd Fiol ¥es AAHsH, HdHcelHe Aot

)
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Adol th3t o]24 55 AAstAt 3k} Dijeks(2014)= 4 H o] € 9]
EAJ o7 volume, velocity, variety, values AAIstH, Hojst A 19
& e AR sy 2 Ay &, vdd Ame dH, g MRS
Zb= Atg e EAS BT S5t AR Bostath

Shah (2019)¢] A7-olA Al Hldoly= Adista HgatH A Y
st dHolH R ofye}l B A I8 EFHY, 5714 F8 54L& A
Bol &% (volume), BEAT <LZ(velocity), TH¥A (variety), A4
(veracity), ABH.9 7}x(value)z} X3tk o7]A4 ‘&% (volume) &
AeEa AFEE AR Y(quantity) S v e, ‘& X(velocity) &
ole7F A AgE s £25 or|gith 43 o= AT 3§
& T AAZ AA 75 oJWE 29 22 HAAIF A5 Eo|
Gt S (variety) > FES FAOoE HolHE AFste dHolH
9] FAS on sl (Patel et al, 2020), ‘A A A (veracity) & A= 9
=2, ol #HEg B3I, PHE F Ve A8 #A" I44S
9w gt} (Rubin & Lukoianova, 2013). 7} (value)'s= E-#alar thoksh
Wk 9o AR AXo R FHEAY g oy 2N &8y
7] faM = AR ol Foul gk HXE W ES AL AEe ¢ ook §F
S 9 ngtth(Zikopoulos & Eaton, 2011). &Al W ulejele] 542 gz}
vtk A o] Azate]E HolA W AR HH ] & F(volume), H R A
% X (velocity), %74 (complexity), 78 24 (Veracity), A (variety), 7

Bo] 7hA|(value) 5ol o3 SAH2 dHA ¢

p

1

ut

1.2. A%, 2¥x Fof wyolye] 54

A S/ 2= Fopidl A% wldoly 4o s Aot Ao st
=9l = gdstA o] Fo]H k. Watanabe, Shapiro, Drayer(2021)= |5/

szz Rope] wdlolg BAS Y vhstel wolstm, v 2E=
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#4943

o

| 73 olFolAok I AAGh FH WEES Y

o} WdolE7} Z 5Vs'Y SAg JEor 2¥= udolEe A

>~
=

dE 22 Adsy va3 2o

I, Axx ol SEM4I &#& A(EXN: &8, a5, e 2022 A T4)
£4 a9 HEAZX HE oA
e Fol FH,
Volume  JEO| FO| XEt
HO|E AlCHZ ®IQ 2= WS SNS HAZE, 280X Al
7t N Y E(eg, M, GPS H|O|H), E Cte
47| 298 2@ RE, d MY FH
Hole §), 771 3= 32 &£k, HH, o8
e oM o oy S2 7 &% FE, AmEx BEAol 4|
Variety o| CrorA o My =
Mg, 22X M 2= 2E HEHQ| AtzTt
HAIIC 2 LD XN2|E0f BEEl= Al
(Ol Al; M==2f At Hotol| 2 wM EfO|Y
2EZ|Y MH2ep HFE M2 0|l AHE| A £E0| IHE HEH
Velocity &2 Atzo| HA[ZH T& It
e 2 M2 £k App, Wearable-device 52 &&% MA|Z
AEZ|A Sk S 42 (Kareem, 2020)
CIX|E Z3MF0|A O|F0fX|= 22X
AHAFS Q| HA|ZH H2AE X' S
THE A=ol TH
Veracity N % 24 Znto| ARX AH|Xt HE 0| F(Fried & Mumcu, 2016)
PSE=IPN| 2t 2x = E|ZUO| 7tA H%(Drayer et al, 2012)
248 g NEE 280 dEMs A2 =8
Value =4 Zdnte ol A 2da &et MA(ZDS 2, 2017)
wolO|gh 7HX]
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o
[-'E

=59 A% HolAt FAL v
A2 A, deAls, ZIASE, 9Ed 7Iwke] BldlolE 4ol §)
o] sy o® e = A A= dldely 43 #H
g HFE AlEdelAd, wolxet 4 Fo] Fa3 AT FAE HFo
AL Ak Hjo] x| Qb FAIE HWlo]=
oo g Aol #Alel wi= Al WAy #EE AmEe
SGERES 83to], 54 A BASES Ho]= Ay o35t
=3t o w  AYHAti(Gelman et al, 2013). Ho]x¢t EA =
Thomas Bayes”} #|¢t3t wlo]= Aol E43 AL, 17639 XS &
ME o] 2L GAZE v e E AT 2Ey e Al = EFtekaL, M
o] A ¢t FA= AAte] &olatA i wg HFsthE 9 wiEdl(eg.,
APAEE =S 9T AEdlelAd, a7t EAEHA B B FA4 A
e %S parameter) HIEF9 EA 9} v|wde] 1
= v, 2y ddAE s Beree] T e
gloj it ofyel st=gloj Al A A Wol A
AL, e SAMTNAE HEEH] Ry HA el At SAE

A 2] (Bayes’s theorem)el] 7]%3F %

r>«

X
2
)
2
rot
»
[
1m

(Bayarri & Berger, 2004). &4 HIE=F9] FAoA &

AE et 22 2HolA s B2 wHE AJF(N)O] thr|ste] 5
4 Abde] A= AUA HE(DE st g gte® xde A
ojt}. o]yt ‘Gt g ES Pr(A)=f/N F2o= R, NEF9

AN FES AR FES rdin. wbd wo] Xk FAA g
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°

o obdl AFAIL Aol 7

(prior distribution)& A4
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file)

Ay
s Y

A 2

, WlelA
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A}, =

ke

(posterior probability) % Al A|
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—_
fite)

o

B

(o] A4, 2018). whet

s At

ol
i
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ok

ol e A}

3N
<1l

of] A
# t}(Kruschke, 2014).
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e

P(B 1 A)P(A)

3}t
ol

<

P(A | BiAR B7E #1582 W, AHZL Aiel A T3

1

=]
=

P(A4,N B)

P(4,| B) =
PB | AD):AF A7 Fo13 S o, Abd Bol A && (- % likelihood)

P(AD):AFA Aie] AHd gHE, P(B):AMD B9

TR

—_
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B
il

A4 o]
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ZAL ALH BT H A A2 AE e Hit Alol oz o] 53}

dof b A2 FHE AREE AFEATE 71Edd AA e AL dAlel o)
Bt JustA weE s g w9 g R A g

I A2 FRE A7 $-E(likelihood)E ©]-&3to] AME 35S A4tst
3

HJO

AollA 7HE 2 ApolE BHAvk(H A E, 2019). Hl=F9 A8 7HE 4
Qo= #5714 (null-hypothesis) ¥t ¥ 7} (alternative-hypothesis)
S AAS, FoFTd UE 1§ SF/FY 2T LF/FY A9Es dA-E
of, AF7HE S 7]zt o Fol]l wel A AR ol=A dr S FAFUHA
(null-hypothesis)e] F(ture) olet= 7H8 of, F =k )
& (p-value) & AlAtstaL, o] &Eo] FoFErRY Fow FHyIMES
717bsta YsbAE S AQEEte] gigrbde] el oz HFer) 1y
TR e] ol obd FEd tiyrbde] Y HES TdeA &
o wEbA NS FAA JPEAHS Ade
ek 7h ol AAHo o k= FAE =t wh, wo] x| Qt & A gt
M AT 7R o] 19 HR] el A By ARy A
A7l H3 AREEE FA5] Akl Y FES AH A
ARekth whebA ARS|IpE At e o A= wlel A ¢t FAZE Wk
T+ FARG Hs HaAd 2aE AAD 7 dvH(Wagenmakers et
al., 2008; Stegmueller, 2013).

M=o FACA ArtE = Ao 2 52 529 529

= bl
B3 Bdd xde wEe sAdsie AFET 1 o9} 2o B4
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Aoz AAstgion, ~Egela £o AAd FTHYSAE ballZ &

A e A5E y=022 HAs Y AFE APt A AFoA =
AR FEEYE FA37] $8] markov chain monte carlo
simulation”| & &83d o, AAdAR=Z dAHL B FLEES WHEo
et called strike A gE9 W37l 2 Egnitt oW gk xpo]lE Ko
=A] vluste] x4 A7|E #FHAA framings AT saRF AT

Sottas ©(2007)¢ HAFoAE AFx  TEHoi  HAAZAC

—_

-

=

testosterone glucuronide/epitestosterone glucuronide(T/E)2e] BA & ¢
3 mlolxet VIR S Z&Ant. T Aol =, AAEES] FAHS 9
s A A= 7] H(WADA; World Anti-Doping Agency:WADA)Z &
H TH1% 25d5=9 T/E ds a3 veAss 73 ARAAE
2 &3t AFE oot e AMAAREE E&ete] vAFEA
T/EH| &S ©A37] gel a8z HAEAHEY JduHgi2EHEZS
SAete], = AR7F =342 wrtdg 3Ae] 53 A3E AR B
Fol MHEERE F&ete] HALAQ T/E ®l&d gk 27 31314
ox AggsHA olFo4d F UA=RE RIS AU A
forensic toxicology +oFollA AMA A H o] & el

o
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analysis)S T35t HolXQt MESA #4L2 dHE HFE 79
Z715 F% A (conditional dependency)?] &% TAES WekA H] =3l
a2 32 (DAG; directed acyclic graph)E &3 Y= &7 19
2 d (probabilistic graphical model)©|t}. HW|o] =] ¢t U EL T EA A=
SA Abd el @A diste] #ee] Sl Aom Al HMes T ood
T7F GEAHORE AR B ZE AR S UBHeE HFdAE 4
th G ATl Hol= HESLA FAS T 2edTY A
Q3 FAAbelol & AAE AAGLA A TAH R, B
(anxiety), A}3] 2 A Q(social support), A7) &5 7 (self efficacy) 59

AeEe] Jelg tehls e 4w, Ygeld/as, A%, BMIE o

(e

AN
Y

A% wg- AEe #AAE Kol v

Baker 5(2020)¢] ATl = Aeld A& 2E(PCM; psychological
continuum model) S E3] 2¥= L2H|Re] EAS A& S]] Y& H
o] A ¢t F4& FE3ATE PCM2 ~¥ = tjUxdE Fofoa ZAnx)
o] Bl=rt YA FAE I WslE=XE ds= b
st Aoz AU A7+ PCMol|l 9 gt A&njx; Alitst #d A
Toll A Beaton 5(2009)¢] A|A]gF PCM ‘Staging algorithm’©

2 BeHT gou, 9B AHAA dAF] REF RS Ay

S = Nae | "I‘—lx_"l“"‘

2

Bayesian latent profile analysis(Bayesian LPA)S &3] =¥ = AnH|A}
& AFHdoez F/staz st AL A& 40 PCM ¢arel &5,
k-means 34, Bayesian LPAE F3aste] 7}7te] A#E v wsld
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Ad 34 =3dAde AFstste] @rbstaat vk 2 el A

WyolHE B§she] Zropy

H ]

Ak HEst AFAQ ME/ W] 2A2E SR Ang wwshe] ~

2 folHEAel glolA zzte] gwdel dstel wojstun Frl. ol

A GAR EdES Fa ~x = HdolH o Hoet 54

Mdshet, 2¥=7) 2t B840 1ad 5S4 ol o
= ool2Ad B4 ANsdh T te AR A4 MLB @l

=
A FREE 22X = HgolHE #8319 k-Dependence Bayesian Network

J o7 wAe Qlut
dgetgith. olF k-DB #HARE Au$EY 7]

= ral =
[ol8 240l oM Zhzbe]l Hto]l oWl Fdie A =it
Study 19| wkA12t @Alol A= MLB Al #¢] A F{F7F AAA o072 o=
dro dIdFHS A=A 248 Al A 2o THA el 27 e

BAA daads FA4ssdd

‘Study Vel &8stz gh= A7 AR FAAA 742 O

2o} 2019-2021\d MLB Al ¥e] &4 < Statcastoll A Al-&3dl= 7132

strike zoneS Hlojd F+ = ‘Ball =+ ‘Called Strike’ HAH S wre &=

TE A7 ARZ FEIAA FHAF
“E7H o] MLB Statcast =Ezglo]3 EoA HolgSokE
3}z ~Eflo]zE FFH FPE 2AHom Aoste]l AT
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Wk oy Edtolart F7HAoY B FAO] o] FolA = BHA A
el ABF JA A% 2y B dATedA s T 23S
kol A5 WA S I oo wet, JHde 2Efte]ld E&
Holuk o = Strike #AS W AAHLFE y=1(FAHLF), 2EFZo]=a
= Hoyr] wiEe] Ball #4& W& y=0FEF)E HF3skA T
Tk AEA g platex #F3E 7l -15~15, plate z 71+ 1-4=2

oX
QL
&
[
m
k)

o]a2E2] AAl(edge)el AT F= FATASH, ©]

preprocessing) dx= EE A& Az thsle] L3}

o o
.
rlo
rN
i)

SPHss Adddy 2 Ao wel Trop AR A
= HAE 8305 T AAR TR AAoA AXoR FF TRt
AAn 2 AASAT. AR5 752 MLBOA Statcast da
el sk= ‘baseball savantDE F3l Fastd o, A5 HA oA = of
o] <ag O-1>3 2o #3149 A5= Ade] 438 243 F449 &
o] FF, £x, 3HdF, T &
B IE, BAbo WE 2Edo|A
of Attt AR Ho v dF ¥HTs 2AE F
H kst t). fastball 179 A5 AFA<E
ATt Aol = ‘2-Seam Fastball’, ‘4-Seam Fastball, ‘Cutter, ‘Sinker’ -
ol xEEom, wWIFAL ‘Changeup’, ‘Curveball’, ‘Eephus’,
‘Forkball’, ‘Knuckle Ball, ‘Knuckle Curveball’, ‘Slider’, ‘Split Finger &
o2 Eetdth B3 T4 S/d8 A g i

e
=

r, &4 ©2 CfAway=0e2  FIdsith " ARE
7}

F

)

Comma-Separated Values(CSV)& 2 o2 A &3to] H#AFF o0
X

AL Software R version 3528 &8st =3k thk3)

D https://baseballsavant.mlb.com/statcast_search
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F AZA7) e gt A9E ATl ASAT B AT
A BEH AT AR G ARAA e <E T-2>9% 2k

jer Name or Team

savant
P illustrator

11/11

Gamefeed Scoreboard Probable Pitchers Search Visuals Statistics Leaderboards HH 4

No Games Scheduled. <>

Statcast Search

An application that lets you search MLE.com's Siatcast database. It includes metrics such as Perceived Velocity (PV), Spin Rate (SR), Exit Velocity (EV), Hit Distance
(DST), Launch Angle (LA) Batied Ball Direction (BED), xBA, xSLG, xwOBA, and Quality of Confact

Some of these queries are very complicated and take time to run. If the page doesn't fully load, refresh the page and try again
Pitch velocities from 2008-16 are via Pitch FX. and adjusted fo roughly out-ot-hand release point. All velocities from 2017 and beyond are Statcast, which

are reported out-a-hand
For the limited subset of batted balls not tracked directly, estimates are Included based on the process described here

For C3V documentation click here.

For a detailed tutorial on using the search click here.

Pitch Type ~ FA Result v Season Type: Regular Season ~
Pitch Result: v Gameday Zones: - Venue: v
Batted Ball Location v Altack Zones: Batted Ball Direction v
Count v Season 2022 Situation; v
Player Type: Pitcher v Cuts Opponent: v
Pitcher Handedness: v Batter Handedness Quality of Contact v
Game Date >= Game Date <= Month -
Team v Home or Away: Runners On v
Position: v IF Alignment OF Alignment: -
Inning: v Batted Ball Type Batters Entér Player Name_
Flags w Pitchers Enter Player Narme.
Metric Range: “

Group By: Player Name v Min # of Total None Min #of Resulls None v

Pitches

Iin PA MNone v Sort By Pitches Sort Order Desc v
[ Change Included Stais Change Total Pitch Parameters ‘ l Clear Search

aE

I1-1, Baseball Savant Zd4 o Al
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E I1-2. Study 18| A+ Xt=

B~ A9
S . 2019-2021'F MLB HTAIE 27| &
B Hmpining ball £ called strike &S B2 &4
pitch type HA/8e AR
Home Eol g ¥% 7&
P_right E - Z/RF =2
B_right Etxb - =/ F =
plate_x EFE 30| BEHYOIEE s I +=EF 2K
plate_z EFE 30| BEYOEE S Ijf +=2F 2[X|
pfx_x ErE 39 88 SHY
pfx_z E1E 39 #5H SHY
=g
2 speed E4E 39 £
spin F7E 39 ¥
sz_height EfXtO) 2 AEZI0|3 E9| &0
score_diff Z/0i¢o] & 7+ = X0
innings 30| F7E= AEL 0l
outs 50| F7&[= ALl OfRIIRE
strikes 50| F7El= AEL strike 72 E
balls 50| F&l= AEQ| ball 7I2E
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2.2. k—-Dependence Bayesian Network Classifier

Holxet HEHA #A42 d¥9d ®assE 1Y 23R
(conditional dependency)®] &2 AAES WA HesS ag=E
(directed acyclic graph, DAG)E %3] Yelds= 54 a3y =
(probabilistic graphical model)®]th(Marcot & Penman, 2019). DAG%
GERTIE & SEHT mA= G| oA HEo}
St etk w2, Wol X ¢k HEA BYPA FE W Xof
AHHAAE 'X(EDH->Y(AI)' Y FHE YHEdy, ol %
PriYIX)2 Abg ot =, wo]xt vEYA 42 FEHTE At

fo
rr
S,
filo
=
%)

=45 FP0rh MLB A% AR/
dRlEo] EAe7] wZel dFdaAte=

[e]
o
(uncertainty) ¥ %4 (complexity) 217t oly 2} <133 Al (causality)oll o
AME G F e 78 =72 4y dth(Ben-Gal, 2008). H

ol x|t HESYA #AL A4 w25 o] 2317 &S EURE 54

27 FOAHES w, EH5EHFEE AT =0 AlHo] whAyst AR
35S A2 =(chain rule)el] <3 AF=3o}

£

o] et ES A7} gFete AL AA T2 s A B
w TAZ FEEY dirdo g oAt MESA Fxe g W
of wg FTHIV FEETY, 2 ASoA = k-dependence Bayesian

classifier(k-DB)E &8 Z=zof7 Aue Ao i WA FE55 2435
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Ag7F o) oo kle] Syl o
&S weEvsE 7MY S WA St (Sahami, 1996). olw, dSW g FxR9
£ (class variable)9te] S B H(mutual information)”}
2 T8 ZA4EY. k-DBO AMFREE of#f o A3 o] YE
A (Duan, & Wang, 2017; Park, & Hwang, 2020). ©&tx] ESHWHFE
o] A& EZyoldte 7Mool EAlS= 7 AREAQl Ho] A gt U ES A

& (i.e., naive bayesian network)¥} H] 1L slo] k-DBWH2 b3t 7 7]

BFWMGEIE fo1H 0w AFete] shte] AvE vhehti 2x ude]
B 2o A3 Aow wrked

n

(C|x)oc]'[ p(x Ic, X o X )

5 % 4 A&y WS E kDB A Age R wdstr] 93
Hartemink(2001)9l 4] #| A] & Information-Preserving Discretisation &
L EFs R ST dargFo 3
stst7] Sl dARE FES A
A

45 Ane &4 3

72 BE dolH Ay %W EAsE HHL Software Re] bnlearn,

A
bnclassify, Rgraphviz ¥l 7] %] & &-8-3} 3t}
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2.3. EX X2

Ea

AN g 24

o

Al

T
T

il

AE e AZAS=(link function)eol] wElA =

3]

2~ El
— 1

]

A

=

%

F =2 logitllog odds)&<7F +&

T
T

1L log odds¥]

=
fi’e)

AA, A

3} 2},

S
=t

= o

2428 ALY AR

i

i

W ok 891459

AAATE log odds MES =

+

g o ® 2 X

212

=

|

A

[e]
= ©

Ak o

—~
10

or

o
el
TO
o)
o

—~
Ile}

(marginal effects analysis)E& 2 A]3}¢],

%

o

stk A ag 87 E

YEY=a 233} v

_33_



ot} o] & AA ofF A7
A balle] EFE YO} strike FAo] o]Fojd AL AAQFo| o)
F7F RS dA H Aoz T Qs Aoy, ol T

Feet AaE xsoh w2 Bbxe] Aol A = ‘3ball-Xstrike' /3
o A balle] FT5 A1} strike FHAo] o]Fo]d A BAHOFo <3

i
=2
k)
o
2
KT
(2
>
o
A
73
S
107}
—+
-
=
o
w -
o
ot
=2

oi‘#‘

Bl stue] BUlS 92 Aoz FE S Q& Flolu B Ao A
= o] 83t 7}A (Xballs—2strikes, 3balls-Xstrikes) sfoll A Z+ &o] 2 &3k

A, MLB & 5A1&(2016-2021 A1 &, 20204 &2 COVID-19=% <13
ANARE vEoE a3l A e AAlste] d8% Wyt SAEU
< W, ® 99 A3 BJY A E 150 st FAs T EA
W4 (A 2, 8] 1)+ Humphreys® Pyun(2017)e] A +2 Farste] 2o
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@St 8 99l Bud AL shtel ARG I TN

win= b, + b, (year;) +b,(AL/NL,) + by (OPS+ ;) + b,(50,) n

win= by + b, (year;) + b,(AL/ NL,) + b;(FIP) +b,(BB)

A AolA Feld g ko], A 7HAE FAs= 374 ()l A

Al ‘OPS+'E S AW

rlr
o,
Lo
o,
)
ofr
)
fllo
W
fuj
=
rlr
>
-0
I
=)
[m
qu
[>

G FQetel, A2, 21, W BANHe] dgsl agHel I ),
o]

d MolMujEE 2~ 24 FIPY'E FAWTE X3hste], A&, 2, ©

o] Frdo]l SAHUS W, Bllo] FElo WA= AT F43%
=4, o A0, @F Sl FHE A 2o JHAE #A

SFE Q8 T4 42 A, B 4L Byl HE

2/gEE WHeRE wPF HYAFE FARAt FAHem

‘Xballs—2strikes’ 7}+E ¢} ‘3balls—Xstrikes' 7}&E| A balle] 75 A

1) OPS+ takes a player's on-base plus slugging percentage and normalizes the number across
the entire league., 100*((OBP/league OBP)+(SLG/league SLG) -1)
2) Fielding Independent Pitching:(13*HR + 3*BB - 2*K)/IP + C, where C is a constant

term that re-centers the league-average FIP to match its average ERA
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3. &7 23

a% 11-2. k-DB FZ =5 Z 2H2021)

1) 2021 Regular Season

20211 MLB A A& dHelHERYH 3% k-DBe 735 2
T <a¥ O-2>¢ 2ok & AFolA T4 wgs 24 FE 3o 4
(quality)S YEtH= W5, A7) 43S el ¥4, 181 &/97%
T, Frek BAle] /- T, B mE A~ =
2 A7 FAE UedlE deRE FREATY <a¥ O-2>9 m2d, §F

-
it
o
1o
j9
me
°
o
5:
rlr
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Q
8
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1, k-DBell A

°©
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=

=

A

N

K
wh
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k!

=
)

score_diff I+ ¢

il

A|m
Tor

<9 m-2>9

‘&gl

0.5140%0.1191
0.5057
0.4943

0.4859*0.1191

of gk Abd s o] 0.1191%!

=1)
0)

p(Home

1llump error)p(ump error)
p(Home

Olump error)p(ump error)

p(ump error|Home = 0)

p(Home
0.1211

p(Home
0.1170

(1) p(ump error|Home = 1)

(2)

X
o
o

ol
R

;OU
23]

W
o

il

e

N

14 TR W)

o
s

ATl =

=

_38_

g 5 0117082 YEET



Fol Al 2

-

er

o

<A M-2>¢ A FR=5

or llump-error)® Zd% 3&

of
—_

/
1

0]
RS

<

I-3>3

-
It

(unconditional)

L= i A= R

T

)
pul

Fa <

°

AA

=
=

o] wel A

AbA g 0119100 3%

LN

=]

i

)
pul

of o

II-3>¢] A Al

-
It

, A /st J9-FE A
2. <

E

oH

L=
T

A 35 p(ump-error|ball-count)
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I1-3. k-DB && &7 LM =5 FH(2021)
conditions Pr(ump_error)
unconditional p(2021_ump _error) 0.1191
p(ump_error|Home) 0.1211
Home/Away
p(ump_error|Away) 0.1170
p(ump_error|Oball-Ostrike count) 0.1501
p(ump_error|3balls-Ostrike count) 0.2160
Ball Counts
p(ump_error|Oball-2strikes count) 0.0445
p(ump_error(3-2 full count) 0.0905
p(ump_errorjHome, 3balls-Ostrike) 0.2187
Home/Away p(ump_error]Away, 3balls-Ostrike) 0.2125
&
Ball Conunts p(ump_error/Home, Oballs-2strike) 0.0453
p(ump_error/Away, Oballs-2strike) 0.0437
p(ump_error/Home, 3balls-Ostrike, fastball=1) 0.2238
Home, 3-0,
fastball
p(ump_error|Home, 3balls-Ostrike, fastball=0) 0.2096
p(ump_error|Home, 3balls-Ostrike, fastball=1,
. . 0.2313
p_right=1, b _right=1)
Left/Right hand
p(ump_error[Home, 3balls-Ostrike, fastball=1,
) ) 0.2137
p_right=0, b_right=0)
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2) 2020 Regular Season

\ Szx"flﬁi hr/d c@i‘f?1
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a8 I1-3. k-DB =334 Z2H2020)

2020d MLB AFAl< HolHZFE 33 k-DB *+x&5 A=

<9 I-3>¢ Zrh 2021d MLB A A< Ho|H=ZFH k-DBE
gt Ao} FAletAl B M EE YERU = balls, strikes HyE A=
dds o] 9laL, plate z, plate x JA Mz AZEH] glow, sig W
2 47 4% 9 34 el E & U2 Hesy B3 354 9
=4S Holx dul FH UM 20214 A AR E score_diffd

T7F HHA R Hojx S Ao yEw oy 2020d ARAE F
TH Fo £EE oudli= effective_speed W= UE W45 I E
A &GS UEhiA Fd dld TEoss AdESYH FAYE B
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#* I1-4. k-DB #& ©E2F ¢ 25 FF(2020)

conditions Pr(ump_error)
unconditional p(2020_ ump_error) 0.1248
ump_error/Home 0.1268
Home/Away plump._ | )
p(ump_error|Away) 0.1227
p(ump_errorjno ball-nostrike count) 0.1573
p(ump_error|3balls-no strike count) 0.1995
Ball Conunts
p(ump_errorjno ball- 2strikes count) 0.0464
p(ump_error|3-2 full count) 0.1027
p(ump_error]Home, 3balls-Ostrike) 0.2025
Home/Away p(ump_error|/Away, 3balls-Ostrike) 0.1964
&
p(ump_error|Home, Oballs-2strike) 0.0473
Ball Conunts
p(ump_error|Away, Oballs-2strike) 0.0456
Home, 3-0, p(ump_error|[Home, 3balls-Ostrike, fastball=1) 0.2068
fastball p(ump_error|Home, 3balls-Ostrike, fastball=0) 0.1944
p(ump_error|[Home, 3balls-Ostrike, fastball=1,
) . 0.2039
p_right=1, b _right=1)
Left/Right hand
p(ump_error|[Home, 3balls-Ostrike, fastball=1,
) i 0.2001
p_right=0, b _right=0)

2020 A tAls Ao A e Fol tidk Abd SELS 1248% % 2021

Al 11.91%9F vlalsto] &3 =7 yebEth o9k 22 Abd FEe &
/A T T 2dE 2A8 dEdME FE Tl 45 12.68%,
A4 Heo] Fae 1221%2 FoA e 34 o 24 g2

4 " FRt &

HolX+= gt & JI{LEE 1Y

plump-error|ball-count)2 Oball-Ostirke 3ol A= <¢F 15%, 3balls-Ostirke
Absto| M= oF 20%, Oball-2strikes 3ol A= <F 4.5%, 3-2 full count
NM+= oF 10%=, ald A3 oA 2021 A3 FASE S4ES UEY

O md /947 2 AeED @ nd 20% BN 94 &
del £47b feld #Ae we FEo] £F A Uehdon o g
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2 FE2 20219 AfAlE Az fAE AakE B

Aol F g Bt A7ALY] TS FTEAL o] AL

FES 2068%, & A WHET AL Fol
4

A4%& 7158tk 20219 AR A A= e X

)

releas: Jm ra
le X

a% 11-4. k-DB 7+Z==hs Z2H2019)
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20199 MLB A 5FAl< HolH2Z8H 33 k-DB +x%

<y M-4>¢F 2ok 9 2021, 2020 A& AR FA}S
of FAE YeE= HMFES AZ AZYY o, dF

% 7} E(outs_when_up), ©]4d (inning), &=} (score_diff

N—

5 Ade
A F7d &
MFEe of
s 871 4%

2 UEhE Wesd /94 T8 Fhe Bae #9 18 5 47

s HElE HFEd dd9o] A F FE Y SEE U
W= effective_speed |98} R Wy 7 dFHog 9
EAA H343 #A 132 = A 5 U sld x5 4

# II-5 kDB &€& #d2F ¢4 =5 FH(2019)
conditions Pr(ump_error)
unconditional p(2019 _ump _error) 0.1489
Home/A p(ump_error[Home) 0.1519
ome/Away

p(ump_error|Away) 0.1457
p(ump_errorjno ball-no strike count) 0.1977
p(ump_error|3balls-no strike count) 0.2163

Ball Conunts :
p(ump_errorjno ball- 2strikes count) 0.0835
p(ump_error(3-2 full count) 0.0926
p(ump_error|Home, 3balls-0 strike) 0.2210
HomeS/LAway p(ump_error|/Away, 3balls-0 strike) 0.2119
p(ump_error/[Home, Oball-2strikes) 0.0852

Ball Conunts
p(ump_error/Away, Oball-2strikes) 0.0815
Home, 3-0, p(ump_error/Home, 3balls-Ostrike, fastball=1) 0.2276
fastball p(ump_error|Home, 3balls-Ostrike, fastball=0) 0.2080
p(ump_error[Home, 3balls-Ostrike, fastball=1,
) i 0.2336
Left/Right hand pright™], b_right™)
p(ump_error|[Home, 3balls-Ostrike, fastball=1, 0.1972
p_right=0, b_right=0) '
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201999 A Al Alde AL

=
W 12.48%, 202141 11.91%¢F vlaLsle] =4 yElW. o9 e AFA
gEo &/94 i AeUr 28E 21 FEAAE £EH F549 4
T 12.68%, 974 "o F4s 1227%=2 YEET = 2021, 202006 A}
5 A Ayl nprA R T Al el dE R WA SFES 944
gdo Frug & "o FroAAN &% = deud & JI*EE 1
#H3 Ao F A FE plump-error|ball-count) S F49] X i3

3= Oball-Ostirke 8ol & 19.77%, 3balls-Ostirke 3ol A=
21.63%, Oball-2strikes 3ol += 8.35%, 3-2 full count 3ol A+=
9.26% =, Sk 2020, 2021 A=A A et Hluske] 3-2 full count
E AL EE & JhRECA B oF WA FEo] =4 dedth
T3 F/AARAR B ORRES A aEd 2R gEddAME
3balls-Ostrikeoll A &8 o] T4 221%, 94 €9 54+ 21.19%E 7]
23l om, & Jl*E7ZF Oball-2strikes® ®vlE HA$ & #©Heo FEFe
854%, ¥4 ®e T+ 8156%E YEwT b AEiA At 2
et Al Fpo Al fFEldt AFeFe F B FFoAA AT g

o A YEhar lov, 20194 =0l E= 1 Apol= v 2l yER

a3l
w3k 2020, 20213 * 8 EA o) A= Oball-2strike countoll A ¢ A Q.
F A G52 4% E 7559 o4 20199 AR AM = 8%HE 7 E

3lo] 1 x}ol7} thA =LA vebukth. 3balls—Ostrike AF3bo Aol A 0 F
HEAl 352 2019~202141 =¥ 2 Ao 7t gl &=, Oball-2strike count®l]

M oF 4%9 Ao AolE Hole ZAde Fo A A¥E Fdavt
U= Flolth oo tigh A =2o= Study 19 =9 % A& HE
of 7l=sAth
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# 1l-6. k-DBE St #E27 ¢d &&E FH(H=AZX)
conditions Pr(ump_error)

unconditional p(2017-2021 world series ump_error) 0.1109
p(ump_errorj[Home) 0.1256

Home/Away
p(ump_error|Away) 0.0956
p(ump_errorino ball-no strike) 0.1462
p(ump_error|3balls-no strike) 0.1487

Ball Conunts
p(ump_errorjno ball-2strikes) 0.0648
p(ump_error(3-2 full count) 0.0656
p(ump_error|Home, 3balls-Ostrike) 0.1687
Home/Away p(ump_error|Away, 3balls-Ostrike) 0.1257

&
Ball Conunts p(ump_error|Home, Oballs-2strike) 0.0745
p(ump_error|Away, Oballs-2strike) 0.0548
Home. 3-0 p(ump_error[Home, 3balls-Ostrike, fastball=1) 0.1771
fastball p(ump_error[Home, 3balls-Ostrike, fastball=0) 0.1249
p(ump_error|[Home, 3balls-Ostrike, fastball=I, 0.1991
p_right=1, b_right=1) ’
Left/Right hand
p(ump_error|[Home, 3balls-Ostrike, fastball=1,
) . 0.1376
p_right=0, b_right=0)

SH AAE ARG 2 2o A HdEAYE AAHLF HA FE
W <E O-6>3 2o 2017-2021 €EA ol
gk AbAEES 11.09% % 2019~2021 A FAIZ =

stol 7bg e e UEhdnh /94 TR WS £3d
=
=

I )
N
2
o
r
o
fo
=

oA 14.62%, ‘Bballs-Ostrike’  14.78%,  ‘Oball-2strikes’  6.48%,
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E 117, EAEI = HFAZE BHLF 4N £HE9 8D
conditions 2017-2021 E=Ag= 2021 AFAE
Pr(umpiring | Away) Pr(umpiring | Away)
incorrect incorrect ]
o Pr(umpiring | Home) o Pr(umpiring | Home)
é incorrect j g‘" Incorrect ]
Home/Away 5 Pr(umpiring) 3 Pr(umpiring)
incorrect :I incorrect ]
1 T T T T T T T T T

005 010 015 020 025
probability

Prob. = ¢(0.0956, 0.1256, 0.1109)

005 010 015 020 025
probability

Prob. = ¢(0.1170, 0.1212, 0.1191)

Pr(umpiring | 3balls-2strikes)

incorrect :l

Pr(umpiring | Oball-2strikes)

incorrect ]

Pr(umpiring | 3balls-Ostrike )

incorrect

T T T T T
005 010 015 020 025

probability

umpiring

Ball counts

Prob. = ¢(0.0656, 0.065, 0.1487)

Pr(umpiring | 3balls-2strikes)
incorrect

Pr(umpiring | Oball-2strikes)

incorrect

Pr(umpiring | 3balls-Ostrike )

umpiring

incorrect |
T T T T T
005 010 015 020 0.25

probability

Prob. = ¢(0.0905, 0.0445, 0.2160)

Pr(umpiring | Away, 3balls-Ostrike)

incorrect

Pr(umpiring | Home, 3balls-Ostrike)

incorrect

Pr(umpiring | 3balls-Ostrike)

+Ball counts
incorrect

T T T I T
005 010 015 020 025

probability

Home/Away

umpiring

Prob. = c(0.1257, 0.1687, 0.1487)

Pr(umpiring | Away, 3balls-Ostrike)

incorrect |

Pr(umpiring | Home, 3balls-Ostrike)

incorrect |

umpiring

Pr(umpiring | 3balls-Ostrike)

incorrect ]

005 010 015 020 025
probability

Prob. = ¢(0.2130, 0.2190, 0.2160)
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3.3. K-DB¢} Logistic Regression 23 ¥
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2 o] 9t (Kaplan & Depaoli, 2012; Gelman, & Shalizi, 2013; van de

Schoot & Depaoli, 2014).

~
fite)

M

23!

Z o] tH(Kirk, 2003).
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E II-8 HE2F et 2XIAE 3[3EM A1
Explanatory variable estimate eXpﬁ z value p-value
(intercept) 0.581 1.788 2.494 0.013
Home(0 or 1) 0.052 1.053 3.171 0.002%*
Innings 0.003 1.003 0.77 0.441
Outs -0.003 0.997 -0.32 0.749
Strikes -0.577 0.562 -45.879 < .001***
Balls 0.173 1.189 18.62 < .001%**
Plate x -0.003 0.997 -0.284 0.776
Plate z 0.019 1.019 2.086 0.037*
Effective Speed -0.019 0.981 -7.863 < .001%***
Fastball(0 or 1) 0.240 1.271 8.332 < .001%**
pitcher right(0 or 1) 0.034 1.034 1.608 0.108
batter_right(0 or 1) 0.178 1.195 9.953 < .001%**
pfx_x -0.004 0.996 -0.317 0.751
pfx_z -0.033 0.967 -1.859 0.063
sz_height -0.616 0.540 -10.328 < .001%**
score_diff -0.002 0.998 -0.652 0.514
spin 0.0003 1.000 2.037 0.042%*
Dependent variable: umpiring_error=1, correct decision=0
Null deviance: 106023 on 145133 degrees of freedom
Residual deviance: 103306 on 145117 degrees of freedom, AIC:103340
Signif. codes: “*** <001 “**<01 “** <05

<E O-8>° AAl" wpep ol F 16709 SHWT T FogE
(p-value)o] 05Xt ZA YeEbd "7 4 F 9 = %
7 Aol A A (positive) FFS WX = W
=1.053, p<.01), Balls(B=.173, exp’=1.189, p<.001), plate_z(B=.019, exp’
=1.019, p<.05), Fastball(B=.240, exp’=1.271, p<.001), batter_right(B
=178, exp’=1.195, p<.001), spin(B=.0003, exp’=1.001, p<.05)% }E}%E
Hh 2 34 0 Fol F4 2l (negative) F&FS M X+= WHEZE Strikes(B

=577, exp’=562, p<.001), effective_speed(3=-.019, exp’=.981, p<.001),
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sttt te 9AR, 49 NS v R A 8 7F A (marginal

S FA%te] 1 A3E A k-DB 24 Aol muEgict old o
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fastball | Predicted | 95% CI

0.22 [0.21, 0.23]
0.22 | [0.21, 0.23]

Predicted probabilities of umpiring

o
B
E:
fastball
3% 11-6. 30| W2 HYF LY =HE
% I1-9. k-DB2} ZX|AE 3|7 FAM Z1 d|lw 1

Pr(ump_error)

conditions
KDB Logit
unconditional p(2021_ump_error) 0.1191
p(ump_error[Home) 0.1211 0.12
Home/Away
p(ump_error|Away) 0.1172 0.12
p(ump_error| no ball-no strike) 0.1501 0.14
ol @ . p(ump_error|3balls-no strike) 0.2160 0.22
all Conun
p(ump_errorjno ball- 2strikes) 0.0445 0.05
p(ump_error|3-2 full count) 0.0905 0.08
Home/Away p(ump_error|[Home, 3balls-Ostrike) 0.2187 0.22
+ Ball count p(ump_error|Away, 3balls-Ostrike) 0.2125 0.21
Home/Away p(ump_error/Home, 3balls-Ostrike, fastball=1) 0.2238 0.22
+ Ball count
+ Fastball p(ump_error/Home, 3balls-Ostrike, fastball=0) 0.2096 0.22
ump error[Home, 3balls-Ostrike, fastball=1,
Home/Away p(ump_ | ! . 02313 0.24
+ Ball count p_right=1, b_right=1)
+ Fastball
+ pitcher, batter p(umpferror\H(.)me, 3balls:05tr1ke, 02137 021
L/R hands fastball=1,p_right=0, b_right=0)
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F 11-10. k-DB2t ZX|AE 3[3 24 ZI d|Ww 2

Pr(ump_error)
conditions
KDB | Logit
uncondition
1 p(ump_error) 0.1191
a
plate x,z p(ump_error|[Home, 3balls-Ostrike, fastball=1, p right=1, 03624, 0.25
+ball_speed b_right=1, plate x=1, plate z=2, ball speed=90(mile)) ' '
. p(ump_error|[Home, 3balls-Ostrike, fastball=1, p right=1,
height of . .
. b right=1, plate x=1, plate z=2, ball speed=90(mile), 0.3539: 0.26
strike-zone .
sz_height=1.7)
p(ump_error/Home, 3balls-Ostrike, fastball=1, p right=1, b right=1,
plate x=1, plate z=2, ball speed=90(mile), sz height=1.7, 0.3592: 0.28
score_diff=0, outs=0)
p(ump_error|Home, 3balls-Ostrike, fastball=1, p right=1, b right=1,
out counts plate x=1, plate z=2, ball speed=90(mile), sz height=1.7, 0.3692: 0.28
score diff=0, outs=1)
p(ump_error/Home, 3balls-Ostrike, fastball=1, p right=1, b right=1,
plate x=1, plate z=2, ball speed=90(mile), sz height=1.7, 0.3472 0.28
score_diff=0, outs=2)
p(ump_error/Home, 3balls-Ostrike, fastball=1, p right=1, b right=1,
plate x=1, plate z=2, ball speed=90(mile), sz height=1.7, outs=2, 0.3102: 0.28
ofi x pfx x=0.5)
- p(ump_error/Home, 3balls-Ostrike, fastball=1, p right=1, b right=1,
plate x=1, plate z=2, ball speed=90(mile), sz height=1.7, outs=2, 0.3243: 0.28
pfx x=0.5)

34.72~36.92%° AF 7T LA FES FAHst ofIEC we thai
g

Aol wyo, 24
28%°] A7HE epych
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Predicted probabilities of umpiring

Prcd1ctcd | % C L= i-
.231 .27, 0. E = = 1
.28 | o
.28 |
.28 |
.28 |
.28 |

Predicted |

a2 11-7. plate_x2t out countsoll 2 HHLF 4y

tor

HE

slo] M2 AAH{F WA &
. plate_x8} o}27tS+E A
A stE 2 28%2 1AGEH oS ST + 3
th o]E g = Y2 AAS 2= plate_xe WH3lo] wE #AA

2 AXMel Mog FEI ol RIIFE upEbA W

Jb to
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fo
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=8
e
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F I-11, &zlzt sdllol MLB E &S2lol ojxl= gek

Model Explanatory variable Parameter estimate t-statistic p-value
(intercept) 0.0002 2.515 <.05*
Seasons -1.075 -2.584 <.05%
(1) League(AL,NL) -2.740 -1.875 .063
Performance(OPS+) 0.834 8.981 <00 *H*
SO 0.046 7413 <.001%**
(intercept) -60.89 -0.080 936
Seasons 0.091 0.240 810
(2) League(AL,NL) 3.983 3.057 <.01**
Performance(FIP) -18.985 -10.986 <.0071%**
BB 0.072 6.185 <.001%**

Dependent variable: The Number of Wins for MLB Team i in Regular Season t
Control variables: Seasons, League(AL/NL), performance[(1)OPS+, (2)FIP]
Multiple R-squared of model(1): 0.6325, Multiple R-squared of model(2): 0.6657
Signif. codes: “*** <001 “**'<01 ‘* <05

oS AA =, Xballs-2strikes’ @t ‘Sballs-Xstrikes 7h&Eo Al 228 3t

AAHOF BEE 7 g9z 53359tk Xballs-2strikes 43l A Ballo]
E2Eg o Striked Aol ol FATY T4l BALFE MWL o

MRS Sstel fe AR o F99 7

I

2) MLB ‘ball/strike’#H 72 AAZH 323
_ﬁ_
Hted slo] A Q. F7F A Al (correct decision) .2 o] Fol ATty A ALS
E)
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U3 s Arstel MLB ® 159 AAA 7HAE As d "9
o) (revenue)ol 71Wste] FAsHArh 1 Avbz obelel <E I-12>9h
2.
E Il-12. MLB & 1529 dH™ J1x F=3
Explanatory variable Parameter estimate t-statistic p-value
(intercept) -8311.812 -1.027 .306
Seasons 4.188 1.045 298
League(AL,NL) -14.324 -1.038 301
Postseason appearance 37.796 1.674 .096
‘Win 2.174 2.731 <.01%**

Dependent variable: Total Revenue($million) for MLB Team i in Season t
Control variables: Seasons, League(AL/NL), Postseason appearance
Multiple R-squared: 0.2289, Adj. R-squared: 0.2077

F-statistic: 10.76 on 4 and 145 DF, p-value: <.001

Signif. codes: “*** <001 “**<01 “*’ <05

AN E FEUFE AZ 8 7 ge] 9, EPW5E 5I5E
ARea, A, U1, EREAE AF f7E BAUNSE EHed
Y A3 AZ, g0, Z2EAE AF FRF BANAS

of SO, BB, Number of Wins considering
SO+BB(applying coefficients) o] #|A|stAt}. <F O-13>0] uwp=wH

2021 Al 7] MLB A#e g 7= Qs 71 2 o555 &+ |

‘Freq. of for



< PHI(philadelphia phillies)® F57F 42 419 7= 10170, &=t
7} e Bl g 3B E YERRTE o
o] 7}A o wkedsld 2021 PHIE= B4

}049

<E O-13>9A4 9oz ¥ A% ‘Estimated economic ripple effects’
s

= AAHLFE 193 SyviEe I 3AEA 23 $2.174 millions
Tl Aol & AHLFE A T A ‘o] ‘E}A}7} 4

Byrach 2o =59 A9 +(positive)d AAA JFEHE 7 =5ta

a, o] A5l -(negative)®] BA4 swEHE 7|Estal ok 1
HY= $-3.14m~$4.62me =2 YyeEyar 9lom 20214 CWS(chicago
white sox)= #HALFE d& Frt E2 A g 5970, EkAE
> EYlo JigeE 3NE tha Apolzt AN 15l i A B
o] P& Wrdste] AAA 5AS F8F A5D 1 A= -0.05% 00
7 A YER T -2yl A & g3 MLB 4147, Pittsburgh Pirates
Ak Sandiego Padres 734, Losangles Angels QEMY 3] o]
(Shohei Ohtani)®] 202241 7]+ A&-o] Z+Z $3.2m, $6m, $5.5mY =
aHEH, MLB §E52 #AH/F= <8 FAZE ofd FHF A4 14

AR £F AAH SUS FAMCE JPHn Yee FEL 5 9

D [(59%.046)-(38+.072)]%2.174=-0.047
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E II-13 B 7o dMA mgsgnt 8
N of Wins for Estimated economic
Freq. of SO Freq. of BB o .

Team . . considering ripple effects

(Xballs-2strikes) (3balls-Xstrikes) .
SO and BB ($million)

PHI 101 35 2.13 4.62
MIL 76 29 1.41 3.06
BOS 87 48 0.55 1.19
CHC 78 43 0.49 1.07
CLE 68 36 0.54 1.17
ATL 62 32 0.55 1.19
LAA 76 42 0.47 1.03
NYM 63 34 0.45 0.98
COL 70 39 0.41 0.90
CIN 86 51 0.28 0.62
KC 58 33 0.29 0.63
NYY 72 44 0.14 0.31
SD 70 44 0.05 0.11
CWS 59 38 -0.02 -0.05
STL 81 55 -0.23 -0.51
MIN 58 39 -0.14 -0.30
OAK 63 45 -0.34 -0.74
ARI 64 46 -0.37 -0.80
TEX 74 55 -0.56 -1.21
TOR 64 48 -0.51 -1.11
MIA 51 40 -0.53 -1.16
WSH 55 43 -0.57 -1.23
BAL 55 44 -0.64 -1.39
PIT 51 43 -0.75 -1.63
SEA 53 46 -0.87 -1.90
TB 53 46 -0.87 -1.90
HOU 70 59 -1.03 -2.23
SF 69 62 -1.29 -2.80
LAD 61 57 -1.30 -2.82
DET 50 52 -1.44 -3.14

Each coefficient of SO and BB for the number of wins is .046, .07
SO(Xballs-2strikes): Frequency of obtained 'strikeout' by umpiring error(strike calls) under
"Xballs-2stirkes' count.
BB(3balls-Xstrikes): Frequency of lost 'Base on Balls' by umpiring error(strike calls)

under '3balls-Xstirkes' count.
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MLB Al #4279 5t Abd g ES 2021 11.91%, 202043
12.48%, 2019\ 14.89% = Al7]|H o2 FH i+ ASdT4SE dA4o A4S
= YES T Williams(2019)2] Aol S A] ‘A bad call ratio® &%
A AAH T HA FELS 20089 FH 2018 7HA A7) 7F Aol whEt
Ax 2051 Y= AR Histdth oo thste] Williams(2019)+=
MLBol A #A ol g =gho] & ow Hzbgo]| wef dAFo 7

EoA = ‘Ball-Strike’ 7}-Eeo] wet w$ F AolE  UERWHH
2019-2021 MLB AitAlZ 7]l A ‘3balls-Ostrike’d w A8 7F 24
FELS o 192A%E B JeE 2% F 74 AA dekstd wbd
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M. Study 2
L ATE $8F TeobT Aw w4 Bk 2d A

1. o] £ W7

1.1, Z 2ok A3 #A 9 B3I}

ZropgolA 2ETola &3 A3 A o
AlZHE ol = FET] o] Folxu dd= &8 2000 o Z=RE77}
Ae ZRopT A7 T A v AsE Axter AL
Ae Zlego]l s HA 7] del, Ao #AdS dFAHo=E
A s ol = FAIZE A weEbA 2000 ol H e wE Ed Sl A
= ZREORT Al AA dte] HFH AR A% =9HuE o
A/AEEA, AL EA =7t FE o] F a1 Y tH(McEvoy, 1993; Russell,
1999; Dworkin, & Staudohar, 2002; Russell, 2004). 224 20003 ] =

WEE AREAVIZe] ekl W @, gae] AnE AA

.

o2 AHgd F d& "dely 7]lwo] RHESEHAM(Jin et al, 2015) X
2ol A AA Aol AAHE AHEFstete]
7] A28

Mills(2017)el @W=2 MLBe|A F7F4A 2" (PITCHf/x) =94
AL 2009 0lt). o] ¥ s 7wl = dely 7Hke]
7| 2~ E(statcast) Al2~glo] 20151 MLBoIA zb2] FA| At A ol
= e AAEe 7Idem FFFAALE, Statcast's o] 7wl o
AH = AR 27 ZRok AW AAS At W rtst
AP &, BA = Ve FAR A A5FH 232 B

out, diAbE] el = AR AAIZE =3 A2 =2 4/71e4 A

.

RS
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7F Ao 7] widoll, ZEoky dAe A JA] Moy’ 7|Hke] A o]
7bs 3l Atk Parsons 5 (2011)¢] A-elA+= PITCHf/x A5 & &-&3}

2

MLBol| A F=roll tigh Ao <1F4 /R4 (racial/ethnic) A5 =7 3
Foll e vHATE As SAXCE HASsAn. AdATANE F
T AR Hd(bias)= vlE ddetar Elol wEld S e T
ANEE, e Adse] 2 FHF dds & ¢ =S F4E5 she
Aoz Uyt A2 oleld Aol did #AAYN FgEo] Ae
AR A dE e AeEY 478 28 dvoE A
Hdd 7 7] wigel, ZEok Al wg Hrhek B d AU AE

H A o9 Q4o S WA HIT ez 2009~2011d MLB A
T AZol A o] Folxl AAS A
A4S W 7IFo] He 2Ega
g = Adom et FAA R
el e A zEgtola Fo] FoE
qE A A= AEfo]a Fo] SFAHE AL A=How A=3FY

RS O ~o

!

th E3E 2-strike 7hEEONA F7F 2Ego]lA £ B a T
TEU9S W, 28y A (called strike out) S A FE5 & g
4
-

ol oF 19%u gadttn nasde. dTAe ofsh 2L

aLsEA T
Kim¥} King(2014)2] dAFolA = MLB A 3o #go] F59 mAd
wel zpolZ HolE=x HEstaxt ARE Ao, matthew effectol
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oA skl A AA e EeAdS AHstaat siln o] Al

1}
ol A =2 3ol AT
_;\:L

F9] HIo] ‘control pitcher'e} o] 1
] A#e] strike #AFE o3t P FHEY o HishA o] Fol A
© Ao® UButh 5, MLBolA Aol w2 T A9 #dd

Chen 5(2016)9] Aol A& 1Sl orAtAA O glojA] EubALe] 9
Fr(gambler’s fallacy)”} oJ9A #&st=x HAFHom HAFs7] 9l
shtbe] AlElZ MLB A¥e] A4S Z8&atdith. A7 ZZofoA
~Egtola &2 AHE 73 StollA FAEHAR, 2Egeola £ A
o Ae Eol uEixE Awe Faeo]l wrdw ‘HA wek(best
judgment)’e] ZQ3}7] witol] Ay FAo ot HAFAHQ FAo] g
st ®oaska Qlvh efd Aol A= PITCHf/xA R & &85t A%
°of AH Aol ~EFHo|ARNE wf, ths #HAFo] E(bal)Z YELE 7t5
dol d =4 vEve=A AFeEsdth 1 A B4R Fo] 2Ege]a

E9 AAE AR, A3 A AA- wet strike HHE WS
ok =
3t Fr7teE 2% MLB AR A A

FEAN 2NN SHFoR

=
=
AAS L 9= 2EFo|aE=S w=zu 9l 28v Hunter(2018)2] <
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1
o A ¥4 (consistency) 2ol H7H7F o] FojAqof il ZFxzeAT
Hunterv= ## AdAFE dFE2 MLBAMHF-= Al AlAI g ~Ego]lA
Eoll A8k A BrbealA skdARE, A7l 5 Alde] MLB

F(rule book)ell Al FFA3sL &= 2Ego]a && Hojd 55 =~
ol2E AATAGE Aol dHH R A FAHG EAV e
74 z3 v}, Hunterol] WhEW Az Z 2o AFES Ao 4o o
] 7Ier stohbd 7 A3 Btk UMY MEE 2Edola 5
AAste] Algte] Fojdvta ®wusta itk Hunters A ¥ d#4&
Frbet= AgE & U 7R ek AAEler, dd AlsEs
ggsto] Y, FAEEY & Fdsk] A Ao dudS F

Sl o

7het A3 ML

Barbee(2020)8] A7-elA= F74€ ol gt A3E oSt H A9
A REe 3] Ad & ol 7HAeY vE FAVINE AEste] B4
AgstAt. FAHSZE 2015~2018 A& MLBol| A o] Fox T+ A5
g83ale], 2AxE IAEA Ay FHAE(random forest), H o] A <t
22X ~E I AEA, olFA A (artificial neural network) #2418 43§53}
of o' o] T3y Fo Uik AHRE oSt ol 7pE A FeA
Hlal AT o] Ao LRk A AEFo|A E& Y F
Aol A golgt dAZE 7]Eol ol AAHAR, ZEgola £ Eo|=

gl slel webd Tl tehts] wEl, gesise] s 6=
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Fube] o) Al =g Y (threshold logic unit) o2 T4 217
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HAlE RS

ol th(#H € 2017; Rosenblatt, 1958).

=0

weights

inputs

activation
functon

net input

0;
activation

@

H{’l."

p2

transfer
function

threshold

(Rosenblatt, 1958)
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o], input layer® 7zt w==(9] 2¥AAE UEZ Td)e g
sttel W Xio] gheol d¥Ee FiEola, ==E ddste AW
= 3P| K (parameter), 5, e To2 dAH= 449 TtEAE
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DNNS A &35 A4 A4S A4 Hiuzxt gt} Rahman(2020)2] <ol
Me= ST 47 235 5371 9@l DNNe 283530, A4 o=
T AFelAE deoly WA AIZkS st A4S st 9130
DNN +x& 7|H oz FHe= 3 217 Y (recurrent neural network,
RNN)=E" F std A7) w22 A7 % (ong short-term memory,

LSTM)7IH & §all "Heids F3dsdvh. 71249 DNN &ag 52 A
=a

tHGreff et al. 2016). Rahman(2020)& <=

PN
T

T8, 7t 7R (AE L, HA), #dy TR, oA 5 F 1074
(e}

ER I
o AL 2E WEE AgRse 24

247 10709 =9 579 2 AL 2y 282 s A7)
o] A% y=1, otherwise(F+ T+ ) y=00.8 AA3} o= Eaf ¢
#H o] RNN-LSTM=S 4 -&3lo] 9eidS s3de W 271245 =
o S3t=A HFsATE Rahmane FHEF A o= sk R 20184

7
FIFA 9= =9 oA A7 A5E T3] 85w DNN Ego] A=



& HolHE # AFs=A #A53 A3} of 633%2] = AF=E 75

sttt Az 2E A ARG 167, 8%, 47 & A= oSgo] o
Al veElg o Baskgih o] 9f e A Ax = Ao A WA=
Edgo] R tE 2d3 o] 3 AUIE BRE Zlo] AABHE A
A+ v ZA ved ¢ des Hede At BRausta v o9
2o A A E BE435Fal, Rahmane A& /A~X % Fofo A DNN9| &
o] g AT A, sFATANAM AATE AT EAE T3 S
Wb oy el ke THES A A "Heds 8 F UdsS

9oy mgel 74y e

H o [} o

©
+

=7 5
Aol He 2959 gl et e 2YFol de AAY Bl
S DNNojg} F3 s, DNN2 oo 24 FolA 22 A48 x5
A7) wWiEol, B B7E BF EAC gl Aud oo shedith

= Aol

1.5, Al§/2x= ZoF 7| A%s, 4839 &8

Valero(2016)9] AollX = Lok 55 o537 fste] AlolH
E= 2 AgE BRI off VEES dY

o] dlelEl wiold VIS & T

ANA = dHoly mold 7Y S oW &g Fo] TRofF FHE H 4
=38 4 dE=x A8 A Lazy learning, 13417

network), 2JAF2 AU (Decision trees), Support vector machines(SVMs)
7S Agste vlu ZASAT Y AFeAE WEKA(waikato

environment for knowledge analysis)E ©3l feature selection AXx}E

Tystel F 6070 W T 157FA 9] dHHsE dAsden, 9
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‘baseball  savant’®} AAH o2 MLBARE #a st
‘baseball-reference’ ¢ H o)A E E3] FH3Auct FAHo=

savantoll A= 20199 MLBol A EFAFe] ~¢
‘called strike’ A 119,15570 ¢} ball &4 24357971 =
AR5

E

54

=], 2

y =

glol

]
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S

gt o] )t} baseball-reference®l] 4]+ ‘Ball/Strike’ &4 S

‘bash script' &
3}

T

(home plate umpire)®] AH =
g ol et

o] % baseball savantollA 3
2ge] Alztslt 59
st e, Hejd> Python
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#* -1, Study 2 EHeidE et Atz 74

B ks
o= umpiring 2019.5 MLB ’8%/\1% B710M
called strike EE= ball TS B2 EH
pitch_type /e AR
pfx_x F1E 39 88 3Y
pfx_z F1E 39 =5H SHY
plate_x EFE 30| S EYOIEE S0 Ijf +=EH 2[X|
plate_z EFE 30| S EYOEE S I +=2H 2[X|
effective speed E3E 39 &£
spin ETE 39| 28
sz_top EbXOf| [}2 AERIO|3 =O| Ach
sz_bot EtXtOl| HE AEZH0|3 E29| Sttt
ojzi release_pos_x FEHQ Fo| £ fA|
release_pos_z FAH Zo| B4 K|
release_pos_y E=0| HFN FE7t S FEFSts fA
release_speed EF7 32 FF6tE AFe &=
pitch_number SN HOiStD Us EHAE Oz F7E 32| Hix
innings 30| F1El= AIEQ] inning
outs 30| F7&[= AELl out 7IRE
strikes 50| FEl= AEE| strike 72 E
balls 50| F&l= AEQ ball 7I2E
b_right EtAt ZtEf, REF F&
p_right 54 IR 25 72
_ 90 _

T
Ay =T



2.2. ‘Ball/Strike’ &4 <¢1F A% A H(AI UMPIRE) 7j%

& A= RNN, CNN 59 Hed daglse] 727F H+=
DNN<& &l MLB Z4714&5% gh5ste] ‘Al UMPIRE'S 70akgiv),
T A A S & optimizer, Y F9 T4, 43} T4, dropout®] EIFF o -

5]

o
5o ARAA AFE 2YAY AF S vad ¥ A4 2P

i

‘Al UMPIRE" AAstsivh. deAs gl 283 Anes FAFES
3] 60:20:209] Hl& 2 ¥ 60%+ training seto® 839 om,
U 2] 40%° A = 20% validation set, 20%+ test set
Aot dAEE HYd Fxdd g FEE Jlestr] ) ofgholo] 9
4 &S FHA3et= ‘RobustScalers 38 A58 WY, dFo] o

A= Fo A3 st ReLUR AASYY. 859 I3 o
+ ‘softmax’, ReLU’, ‘Sigmoid & £23stote] 23S 18ste] o
Bt b =4 dEd 2l
‘rmsprop, ‘adam’, ‘SGD'E EFE &&3lo THF F dFAd o 7
= yEd 2dS dEegln. wrA g, shgo] o] FoA= S
g A 32x3, 64x3, 128+3, 256+3 &< 7]E O dropouts 2 Fel F
THAAN I S Aol 7HE E=A dEhdeE FRE GRlsd o,
HE EfdAe 4 APSs AdE nEer REY dukst
(generalization) AdsS este] EdS AAS AL 2 AFoA G5

3 % DNN By FxE= <% M-2>9 2t

lo
utl
ek
4
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o
e
ofo
ol
ol
2
=
o
(e
i
3,
N
(@)
=
18
>

_91_



E -2 43MHY 55 28l 535 7=
Model Deep Neural Network
Layers 5 Layers(Units: 256, 128, 64, 32, 1)
Activation . .
. ReLU, Sigmoid (last output layer)

functions

Dropout 3 layers(0.5, 0.4, 0.3)
Loss function Binary crossentropy

Optimizer SGD

release_speed, release pos X, release pos z, release pos_y, strikes,
balls, pfx x, pfx z, plate x, plate z, outs when up, inning, sz top,
Input datal) P p._ plate % p - - P & Sz OP
sz _bot, effective speed, release spin rate, pitch number, fastball,
b right, p right
2019 MLB Regular season
Output data . . .
Homeplate umpires’ Ball/Strike call (0=Ball, 1=Strike)

Training set 214310 (60%)
Validation set 71435 (20%)

Test set 71435 (20%)

2.3. Al 8% 4% A4 H7}

20199 MLB AAIE A7|oA+= & 93" e EF2A(home-plate
umpire)°] 109 FH o] 506871l A A 729719 ‘Ball/Strike’ &S
gttt & A= 93 Y Ad T = 8 JHa7E 400070 o] el
It 50 S AASE] ‘Al umpire’] #A S AAS 7|Fo 2 A
Mol AA-Ss Hrbstaar skoh A A9l Axp= v 2

DNNZ &3 7ldd ‘Al UMPIRE'®] Ball/Strike <= A &%7F 90%

) detailed explanation of each variable is described in Table II-1.
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= g, 2 &Eo] 0o 77k ‘Ball, 1o 7}7F-$-% ‘Strike’'E 2] 1] 3
‘Al UMPIRE'= 0.90°]4 == 0.1°]3¢] &8 S 2zt 5345

T
of thair+= wl$ 3 F41S zka ‘Ball/Strike’ A4S F=aF s} vbA,

A& =ol, Al dste] 54 o diste] 019 o= 28 (Al prob.)=
AbEste] dld FE BALLEZ JshAl ghalshar gla o, AA <17te] 2

A A I} (umpiring) 7} Strike(H 7] ¥ 4=:1)2H ABS(AI prob—umpiring), =,
0.1-1¢ thgt AddhAgke 09= 19 77k @S et b2 ATY S

o] 54 Fol tste] 099 FES AF=sdte] Strikedtal AskA gHAls)
e W, AA A7 #H AUt Ball(H S 0)o] 2k ABS(AI
prob-umpiring) 2] z+< 09 - 09 & 097} "l = kHd F oA B2
% ABS(AI prob-umpiring)& 092 #& e 244 19, 89 e 1
of 7I7heaE Al R AA Ade]l #go] SHstA o

= vzt wEkA gE AdEd Blust
ABS(AI prob-umpiring)7} 0.9°]49] @& 2t 559 H%=7F =AY,

£ 090140 e 2t BAES AAAT ARolA A4 o]

o
o
ubad
e
1o
e
ol
=2
>

ABS(AI prob—umpiring)”7} 0.9°¢]49] 3ts Zte F79 HlZ7E ¥4 A
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Fod optimizer, 4

S

ATh whEkA 2 ARl A

al

3

0

N
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X
Ho

]

o

At

3

lol ‘Al UMPIRE'& 71

)

9] #+A43 Optimizere AHA

o

=

D 99

TR
e
4
T

loﬂ
il

9
’

binary crossentropy

3

P
T

4
V

)

23}

adam optimizer<}

beloh AIA)

&s

220
H =

s}
<1

}o]

&l

502 MH

epochs
-3>3

o

7t} training set©l

L3y d

T o, test setoll &=

71 =3

=
=

3256’2l 96.69%
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_1[}1-

AL 91.6% = Fashe o2 eyt Helde 532 HA s
T A s Fol3l
o] ofugl Folzl HeolHERE A2 tolHE & oFdes 2,
o Wksl(generalization) A %5°] £ E9E& 7Est= Zolth(Dahl,
Sainath, & Hinton, 2013). @Wz}A test setoll ¢ Astro] FH=3 HQ
7F Atk test setoll thsiA = ‘SGD’ optimizere] 128+32 Y =S 7
wndo] o= AIEr 90312% %2 M =L 7S V) E3Y. QFA T
o)

o] o= AT = optimizerd W3lo] wel & Ao

Lo

AN

I

o

*4<Ql g3 SGD optimizerol A 7Hd =A uERST whEbA 19
Z9] FA3 Optimizerel W3t thekst %23 = o= AF w7 714 =7
el layer 128+3, ‘SGD’ optimizer =< vl® oz £23%849F &
Fo Bt Faol e F/HH9 PGS APt
E I-3. Optimizer2t Layer T+Aof Cist Mssts A
Layers/Units
Optimizer
3*32 3*64 3*128 3*256
. Tmsprop 93.37% 93.57% 94.36% 95.53%
training set
(max. adam 93.41% 93.66% 94.31% 96.69%
accuracy)
SGD 93.18% 93.23% 93.35% 93.44%
Trmsprop 92.97% 92.93% 92.52% 91.95%
test set adam 93.15% 93.03% 92.60% 91.60%
SGD 92.97% 93.03% 93.12% 93.08%
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2) €4 5 (loss function)®t &4 3t 3= (activation function)
E -4, &4deet &M go st AEets 2o
activation function of output layer
loss function
softmax RelLU sigmoid
mean_squared_error 32.89% 92.59% 92.93%
binary crossentropy 32.89% 67.11% 93.12%
categorical_crossentropy 67.11% 67.11% 67.11%

=4 gt A3 e Wl mE dF Ag
g Z0o] FAL8 128%3, optimizer= ‘SGD’, epochs=502] =%

ol Xt %2 %o

O

Aastr). ¢ mel AT whe} zrol,

‘softmax’® A3 A9 RE FFE 2~EgolaR TE B2
o= et RelU
% ‘mean_squared_error & <A SH

oje]e] &

9259% & AL E H o
2Ego|a =R
B A =

‘binary crossentropy ol 4 93.12% & 7]&

of =3} a1

= nug 9

4=
‘mean_squared_error | A 92.93%,

ek, weA

1

ol

N

2ol A
24 5}

£

gk
o
4y =y

27 ek g

Z2 3asls

=20 M=

< 2] &) o=
=2 g9}

930 BY8 Pl U GIT 2F F A5 AFEA G B

B}t binary crossentropy-sigmoid &3S

A Agsae AP
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3) Dropout

Heldol A T Al (regularization)+= 1} %]

L2l
sk7] f13k WRjolt. &, RS ¢ e

i)
10
_E
_I_4
i)
8
b
(@}
=
—t+
=8
5
“&
rU

3t g &4 o % whEo duksl
Aes Eole A FAESIH, Dropoutd theFdk FAZIH T M &
HHola dy ALEFHE WHolti(Dahl, Sainath, & Hinton, 2013).
Dropout &A% Edo] gFsle &< FAZ F9o 28H& 002
ol AR WE Y EAS ALATIE gEE ForA AHEE A
el o FA T EU layer:s 128x3, A3 4= JH=dA
‘ReLU’, 3 =o|A ‘Sigmoid T+E 833, optimizer= ‘SGD,
=28t 9==  ‘Binary_crossentropy’ &  AF83+9 . Dropoute] §le&
Original E&oA+= 128712 T4 H lyaers 3502 IU&E 8330
1 Dropoute] E&H EAE <19 M-5>9 #o] =& FA43%
t}. Dropout X3 f-5o] W& AFA 5 Edo o= He v Adie

<E M-5>, <219 M-5>¢F #rt}.

!

model 128dr = keras.Sequential ([
lavers.Dense( 129, activation="relu™),
layers. Dropout (5],
lavers,Dense( 128, activation="relu"),
lavers. Dropout (. 4),
layvers,Dense(128, activation="reiu"),

o lavers,Dense(], activation="ciamoid™)

made! 128dr . compi lel

loss = "binarv_crossentropy’.
optimizer = "S60°,
metrics = [‘accuracy’1)

3% I-5. Dropouto] Z&&E =

o2

o 7=

_97_
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E -5, Dropoutdl| et Al&sts 2}
Dropout Accuracy

No dropout (Original) 93.03%
epochs=50

2 dropouts (0.5, 0.4) 93.18%

No dropout (Original) 93.08%
epochs=100

2 dropouts (0.5, 0.4) 93.19%
Layers=128*3
activation functions: ‘ReLU’, ‘Sigmoid (output layer)’, optimizer: ‘SGD’
loss function: ‘binary crossentropy’

<3E M-4>0] AAlE wkel #Zo], dropout layer’} ¥3H A e
original model®] o|&% &%= epochs=50°14 93.03%, epochs=100¢°1 4
93.08%% 71=3t¥ . | dropout layer’} X3 H  EEHAAM=
epochs=50°1 A4 93.18%, epochs=100°4 93.19% & 7|=3}9 . =, test
setell gk JAF AT EEo dF HFE+= epochs=507 100 E-Fof A
dropoute] Z3E REFHAA AF =4 vyt <" M-6>2
epoch=100°] 3t JAFX 5 o HIF EH(Loss)d o5 A=
(accuracy)E YERW Aolt} Lossol WalA = #F=9] original model L
Y Z o= training loss®t validation loss7F A% HEl=2 yel A9
Adxslal Qo =2 dropout-regularized model®l 4]+= training loss
¢} Blalsko] validation loss7h SHAl WElY L Slas &91d & v &2
o] accuracy GA] FH=9] original modelo] 4]+ training accuracy %}
validation  accuracy”’} A9 Q] %) &} a1 Je=  HhH o
dropout-regularized model®l| A& training accuracyX.t} validation
accuracy 7} F38HA =A yElya Qltt o]l d A= dropoute] I
A R A}AgS WAt AEFA T AR gk dF e
S 9ust= dHbsk(generalization) S =ole deo| a3y o=z %

3t ASE HolFE Aot
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Original model(no dropout)

Dropout-regularized model|

—— Training loss —— Training loss
0.6 - === Validationloss | 0.6 \ === Validation loss
051 051
0 0.4 J
8 0.4
0.34 0.3
0.2 0.2
0 20 4b 60 B8O 10‘0 IIJ 2‘0 4‘0 60 80 100
Epochs Epochs
Original model(no dropout)
0.90 0.90
0.85 0.85
go.ao- 0.80 1
g
0.75 - 8254
0.70 0.70 4
—— Training accuracy —— Training accuracy
=== Validation accuracy 65 4 === Validation accuracy
Iﬂ 2‘0 d-ID ﬁb éﬂ 100 é 2:3 4‘0 60 B‘O 1(‘10
Epochs Epochs
% 1I-6. Dropoutdl w2 HE &A1 o & HET
4) ‘Al UMPIRE’ (1 & A5 A=) /i
- - o) = . . - -
M AA A= dETe FAHS HESFe Optimizer, &2, &
43t 3+, Dropoutel] tigh AlF-A< =dS B3 ~x= HHoHE €
88 AFA%T ol glol, ojwl Trsh MeEH 2ol B % A%
S oA Avugith B FelAE A Ans wA AYAT L
AES Faste HERY ‘Al UMPIRE(RIEA S A#)S Aletstaith
B oAgdA AFHoz And AFAse T2 L AR 4RE <E
=]

m-6>3 #Zt}. 57019 Hidden layerel 3719 Dropout<

3}, Dropoute] wWE parameter 7§

_99_
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E llI-6. Al UMPIRE && T+=

Model Deep Neural Network
Layers 5 Layers(Units: 256, 128, 64, 32, 1)
Activation ReLU. Si id (1 layer)
eLU, Sigmoi ast output layer
functions 8 ® Y
Dropout 3 layers(0.5, 0.4, 0.3)
Loss function Binary crossentropy
Optimizer SGD
release_speed, release pos X, release pos z, release pos_y, strikes,
balls, pfx_x, pfx_z, plate x, plate z, outs when up, inning, sz top,
Input datal) P p'_ pate % p - - —P & sz iop
sz_bot, effective speed, release spin rate, pitch number, fastball,
b_right, p right
2019 MLB Regular season
Output data . . .
Homeplate umpires’ Ball/Strike call (0=Ball, 1=Strike)
Training set 214310 (60%)
Validation set 71435 (20%)
Test set 71435 (20%)

o
ot
i
&
o
=
(@)

.
c
o

64, 32¢F o] FJtg Fx=E MHASAT &
Sigmoid(£ 8 %)s &&stsoer, & A5+ Ball/Strike’E T3t ©]
7 E-F(binary classification) wAE TFi 7] wiEo] £238

‘Binary crossentropy & &-&3F1th. L3 optimizere ‘SGD'E #8319

7 3o FARE PR £4F 9%® WS <Y M7 2

* B

1 Detailed explanation of each variable is described in Table II-1.
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Model: “sequential”

Layer (type Output Shape Param #
“gense (Dense) (Nore, 256) s
dropout (Dropout ) (Mone, 256) 0

dense_| (Dense) (None, 128) 3289
dropout _1 (Dropout ) (Nene, 128) 0

dense_2 (Dense) (Mene, 64) 8256
dropout _2 (Dropout ) (Mone, B4) 0

dense_3 (Dense) (None, 32) 2080
dense_4 (Dense) (None, 1) 33

Total params: 48,641
Trainable params: 48,641
Hon-trainable params: 0

Mone
% lI-7. Al UMPIRE 2& FZx 2°9f

=)

2t g AdFA %5 29 Dropout layer’t ETHE O] Q7] uwf o
HA Aoz FAE Training lossE U gk AHAHog F A
Validation loss’} 2tAl  YERSEl. ®3 Accuracy 9 Al Training
accuracy X.t} Validation AccuracyolA =4 YEY dropoute] 913 A5
o] dukstol] matHow zHRetal deS AT test setoll T
sk A8 93.18%, =42 .1598% YEFLTE

2 AFA Ae ‘Al UMPIRE' = 2019 MLBolA] o] Fojx H&
A 3ke] ‘Ball/Called Strike’ %4 A5 &5 &-&3to] 7=t TS test
setS HE&YPS o, oS GV 93%0]d] =2 ATS Kol rh

ol#] & A3+ ‘Al UMPIRE' 7} 10070 9] T = 9370 o4& 20193 2
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Training and validation loss Training and validation accuracy

— Training loss
064 ¥ ==~ Validation loss
0.90 1

0.5 4

Accuracy
o o
o =]
o w

e
~
v

0.3

0.70 -
0.2

—— Training accuracy
—=—- Validation accuracy

6 2‘0 4:0 Gb Bb 160 6 Zb 4b 6‘0 E’O 160
Epochs Epochs
#Hovalvals mogs!
model .evaluate(rob_test, y_test, batch_size=10)

T144/7144 [ ] - 11s Zns/step - loss: 0.1598 - accuracy: 0.9318
[0.15982697904109955, 0.9318121075630188]

g 1I-8. Al UMPIRE &t& Zzt

A Aw #RR AP @ 20199 MLBeA o] Fojd

I
gus
re
-
2
o
2
r o
ok
=
-
<
o
=
o)
rr
2
o
ol
utal
e
ot
ok
1o
e
ol
o
2

- 102 -

Sk

TU



3.2. AIE #&83 A% AA F7}

w AT A RS JdF AT A Ball/Strike’# 4 S AT o,

2 dAe g g et gES AA T Y FES 100

ABS[AI prob.-umpiring(0,1)]V

AT A= 20199 Ball =+ Called Strike# 8-S Fast A3t
)3t A5 Z bash-scriptE® 38 =R, F 938 = T4+ 74 3¢

=]
7F 40007 o]AE 7153 A 50 e AR E test seto® RS
.

o, A% 719l #AL FrheATh o] mF TAH A <E
~7>3}
D Al prob:Al UMPIREZ} 383+ ‘Ball/Strike’ 7% &S 9n| g 1o 7M7&4=

Strikeo] o) 2@ $H41S e WHIE Al prob.o] 09] 7}7h&5% Ballel o
B A B e,
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= -7. AIE 38 A& #d g7t

Rank freq. ratio(%) Rank freq. ratio(%)
1 30 0.61% 26 50 1.21%
2 32 0.64% 27 54 1.22%
3 30 0.74% 28 51 1.22%
4 37 0.89% 29 52 1.23%
5 35 0.82% 30 56 1.26%
6 35 0.83% 31 55 1.31%
7 36 0.88% 32 57 1.31%
8 37 0.91% 33 55 1.34%
9 40 0.97% 34 60 1.34%
10 40 1.0% 35 57 1.38%
11 40 1.0% 36 60 1.38%
12 42 1.0% 37 64 1.42%
13 46 1.0% 38 67 1.44%
14 45 1.04% 39 69 1.48%
15 50 1.06% 40 63 1.52%
16 46 1.06% 41 70 1.61%
17 47 1.08% 42 67 1.65%
18 50 1.12% 43 83 1.78%
19 47 1.12% 44 81 1.95%
20 47 1.14% 45 91 1.99%
21 49 1.15% 46 86 2.0%
22 51 1.20% 47 88 2.15%
23 50 1.20% 48 97 2.40%
24 52 1.20% 49 122 2.74%
25 53 1.21% 50 137 2.80%

- 104 -



<E M-7>8 5049 Alg #A

el
=
BPeol = HFakn AA Awe] B4

flo
rII,
=
it
o
il
2
2o
us
ol
1o
i)
il

(the ratio of the cases with the probability difference >

ratio of. > 0.9% #E7])E 7I=2E AWES Adtste] Bk W&ol
o} sld ®olA ‘freq’t= Al UMPIREZ} o538 g tin]ws 1
0= W= Aol gte 73 F, 2 ghol AuUgs AdS u, 09°18<= 7l
3l o Hes ogujdth F AV Wl 4e F4S zba ‘Ball &
+ Strike’ #AES FAFATANE, AA AA AL YR o] Folx
FAA o] MEE oujdtth, T3 ‘ratio’s | F Al FHe] Ball/Called Strikeoll
ek A B T G NETE AA s = Hles dUdn dE =
A%l o]l 2019 <8¢k Ball/Called Strike ¥4S 5000712 714 3<
o, ‘freq’ ol sl@sle #AF HX=7F 50702, A A#9] ‘ratio of >.9&
1%7F dd. & dolAxs Al S8 A2 Frketes 3A4Ss 1o A
BHo2 AAE7] Y8l ratio of. > 09F VFo2 AR I3
5 29l 3% skl 3% e A ARE AlAEkete] vl 24 skl

g
u

\)

) s #A As A4 2 37 ZF 4

ot <3 M-7>¢ Rank 1-3 A ¥ (top 3)¢ A5} Rank 48-50 A3t
(Bottom 3)¢] A2 S AJZsbdt A= ofefo] <¥ M-9~14>9F
<9 M-9>% ‘ABS(prob—umpiring) #t°] 01Xt 22 g YER &
A S ek Azt3t zxZo|t}h. ‘ABS(prob-umpiring)’©] 0.1%.t} 2z}

A2 Al UMPIRE7} 73 &4s zta d4S F3d3 daek 24
Aol #A ARt Xt Eoll e wepbA <2y M9, 10>
ol A+ Rank top 3 L& bottom 3 LHF 7t el & Zo]E Ho|X
okt T3k ‘ABS(prob-umpiring)’ #t°] 4~62 Wl s|Iet= HH
S AL E=3F Ao gigh g Fals z2hA Xske B4l st

rr

)
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NG FrE] A= top 3 LFolME B3 ~EZe]a BHo] ~E
glola £o AAE dAtL A= FEH=E YEua v Bottom 30
ME g2 Bl 2Egola £ AAA B e ~EdolA ¥
gol EAHIL UFS & F Avh 22y ‘ABS(prob-umpiring)’7F 095
o & #3Es Ze AAS A4 <a¥ I-11, 12>0A4 = top 3 I
¥ Bottom 3 L& XF thA FEIZE AolE KU top 3 Al¥el Wik
‘9<ABS(prob—umpiring)’'®] AlZt3} A s+ Hud FAFoR B
AeE AL gadd 4 vk 2y bottom 3 AFEC WE A3 A=
qH= FHom A¢AZ S Hola ¢}

Ao FAHo] ‘9<ABS(prob—umpiring)’ol E3EATE RS AV}

Fa e 2n RS FARASAE A4 A BAS Roo @

o,
[o
f
o,
it
2
SO
o
o
1o
=)
e
=
re
re
—
2
>,
=
e
ok
=
(!
=
0
]
=
<!
N
S
Do
S
[y
©

AAZ AAZS T o] E5AH3 bias7t 28T 7 dS& Al
th wEbAd 2 A Fo = (9<ABS(prob-umpiring)’ol 3 st AAE
of THS Fi, Y AHES w2 FESt A7) A8l s 7= EA

AL A8ty 1 A= <E M-8, 9>9 ).

- 106 -



plate_z

o

Rank1_ump; abs(prob-umpiring)<0.1

Rank2_ump; abs(prob-umpiring)<0.1

plate_z
plate z

plate_x

1-9. Rank 1-3 Z& X} Z[ABS(prob.—umpiring)<0.1]
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plate_z

Rank48_ump; abs(prob-umpiring)<0.1

«he

Taan % "a .
. N

plate_x

plate z

Rank49_ump; abs(prob-umpiring)<0.1

® hall
- ® calied_sh

“ﬁ 'y

plate z

Lot}

2 11-10. Rank 48-50 & XIZ[ABS(prob.—umpiring)<0.1]

- 108 -

Rank50_ump; abs(prob-umpiring)<0.1

A& sty



plate z

Rank1_ump; .4<abs(prob-umpiring)<.6 Rank2_ump; .4<abs(prob-umpiring)<.6 Rank3_ump; .4<abs(prob-umpiring)<.6

= hall = ball = hall
" called_stfike « " calied_stlike = " called_stfike
. - . L]
..:_.i-:n . q'.ldq.’,‘.h:‘: o ?,.l| . -.' . . F ] .‘,_l"'l'fd"' L :‘ -‘;"-r_
- - ‘-. L] we -|" 'H-_
— o & = e
? A ™ '-r l': ™ ¢ i
g " -E o ol 'E i‘ l'i"
- 4 <" ™ '?i ._;; o ¥ samy
i " "o
R/ ol Sua”s o by, Ty ﬂl"‘.- syt :.v"a;} ':_" g wns " gt ﬁ:i‘
% g LR % haiih TR - LA R N
i o L . s "
T I | | I I I T I T ] I I T I | T I I ] I
45 440 05 00 05 10 15 A5 A0 05 00 05 10 15 45 40 05 00 05 10 15
plate_x plate_x plate_x

g -11. Rank 1-3 & X} Z[0.4<ABS(prob.-umpiring)<0.6]
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plate_z

Rank48_ump; .4<abs(prob-umpiring)<.6 Rank49_ump; .4<abs(prob-umpiring)<.6 Rank50_ump; .4<abs(prob-umpiring)<.6

= ball B pal B hail
o - " called_stiike « - " caled_stike o+ .I " caled_stike
ln..'. . |‘ f . ‘.-.l L L .'.. ’ ..'r. 'b","'.':":l -
Wt R T SRS TR L o WS
ety ‘.. -i.' ] ” 7 -;. . * . [ Y] 7 *‘I-. .' .:
: . = '__I.Y'I.-. q}' ‘IL- ’ i.é wl 'l-.lt
.1' i X + A % o . ® ."'p .
RS . ae | B TR : %
* " # bl T 2 [ .‘u ff‘ . ]
% : - - ] Yoo e d T o ¥
?? " i whet T gt " -’ E 1.. i ..I'-.;:" ‘.- a3 :“E‘.‘:’I . ...r-'li; & .ll
! | | 1 1 1 | | | | ! ] I | | | | | ! | T
A5 A0 05 00 05 10 15 45 40 05 00 05 10 15 A5 40 0H5 00 05 10 15
piate_x plate_x plate_x

a7 1I-12. Rank 48-50 & X} Z[0.4<ABS(prob.-umpiring)<0.6]
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plate_z

Rank1_ump, .9<abs(prob-umpiring)

= hall
- * called_stiike T
L] . 3]
+# M NI
o
]
ﬂ. " - a
" e "
L]
I T T T T T T
45 A0 05 00 05 10 15
plate_x
g 1-13.

Rank2_ump, .9<abs(prob-umpiring)

= hall

ot "t zl
o l i
: a
. &
. . e
R "

45 40 05 00 05 10 15

plate_x

Rank 1-3 E& X}=[0.9<ABS(prob.—umpiring)]
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Rank3_ump, .9<abs(prob-umpiring)
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plate_z

Rank48_ump, .9<abs(prob-umpiring)

= pall
4 * called_stfike
i et
T4
e S -
T . - i :.' w
.h Al
f - :1 ‘r
T T T T T T T
45 40 05 00 05 10 15

plate_x

a2 I-14. Rank 48-50 EHH XFZ[0.9<ABS(prob.—umpiring)]

plate_z

Rank49_ump, .9<abs(prob-umpiring)

= ball
" called_stiike

'
w bt
5 .
- = t.._:&
. e
. o ®
. Y
i
- ".'}r..p'.
. -t e
. T W
-y P T
s W e

T 1 T T T T T
00 05 10 15

plate_x
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E -8, Alet gtoi == E™o| tist 27| atgk 2M(%)
Prob. table of top 3 bottom 3

0.9<abs(Al prob - umpiring) rankl rank2 rank3 | rank48 rank49 = ump50
total n 4914 4992 4067 4654 4448 4061

N. of .9<abs(Al prob - umpiring) 30 32 30 137 122 97
% 0.61 0.64 0.74 2.40 2.74 2.30

Sl Ball 0.77 0.81 0.53 0.80 0.27 0.33
Strike 0.23 0.19 0.47 0.20 0.73 0.67

1~3 0.47 0.56 0.30 0.37 0.40 0.30

o 4~6 0.27 0.19 0.27 0.33 0.33 0.40
e 7~9 0.27 0.25 0.43 0.24 0.26 0.30
<9 0.00 0.00 0.00 0.06 0.01 0.00

0 0.40 0.44 0.40 0.40 0.39 0.29

outs 1 0.17 0.38 0.17 0.31 0.22 0.39

2 043 0.19 0.43 0.29 0.39 0.32

1 0.37 0.31 0.43 0.39 0.50 0.40

2 0.27 0.22 0.33 0.20 0.23 0.23

pitch number 3 0.20 0.22 0.10 0.23 0.10 0.24
4 0.07 0.19 0.07 0.08 0.14 0.08

5 0.00 0.06 0.07 0.06 0.02 0.03

<5 0.10 0.00 0.00 0.04 0.02 0.02

0-0 0.37 0.31 0.43 0.39 0.50 0.40

0-1 0.10 0.13 0.20 0.12 0.12 0.08

0-2 0.00 0.03 0.03 0.04 0.02 0.03

1-0 0.17 0.09 0.13 0.07 0.11 0.14

1-1 0.13 0.16 0.03 0.13 0.05 0.12

Ball'Strike Count 1-2 0.00 0.06 0.03 0.03 0.01 0.05
2-0 0.07 0.03 0.03 0.07 0.04 0.08

2-1 0.03 0.13 0.03 0.04 0.08 0.01

2-2 0.00 0.00 0.07 0.04 0.00 0.03

3-0 0.03 0.06 0.00 0.02 0.03 0.02

3-1 0.00 0.00 0.00 0.03 0.02 0.02

3-2 0.10 0.00 0.00 0.02 0.02 0.00
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E -9, Alet gtoi == E™ol| ofsh 27| atgh 2M(RIE)
Prob. table of top 3 bottom 3
0.9<abs(Al prob - umpiring) rankl rank2 rank3 | rank48 rank49 = rank50
total n 4914 4992 4067 4654 4448 4061
N. of .9<abs(Al prob - umpiring) 30 32 30 137 122 97
% 0.61 0.64 0.74 2.40 2.74 2.30
Sl Ball 23 26 16 109 33 32
Strike 7 6 14 28 89 65
1~3 14 18 9 51 49 29
o 4~6 8 6 8 45 40 39
e 7~9 12 39 37 42
<9 0 0 0 8 1 0
0 12 14 12 55 48 28
outs 1 5 12 5 42 27 38
2 13 6 13 40 47 31
1 11 10 13 54 61 39
2 8 7 10 27 28 22
pitch_number . 0 ! 32 12 23
4 2 6 11 17 8
5 0 2 8
<5 3 0 0 5 2
0-0 11 10 13 54 61 39
0-1 3 4 6 17 15 8
0-2 0 1 1 5 3 3
1-0 5 3 4 10 13 14
1-1 4 5 1 18 6 12
1-2 0 2 1 4 1 5
Ball/Strike Count 2.0 5 1 1 9 5 3
2-1 1 4 1 5 10 1
2-2 0 0 2 5 0 3
3-0 1 2 0 3 4 2
3-1 0 0 0 4 2 2
3-2 0 0 3 2 0
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e <E M-8, 9>+ Rank 1-3(Top 3), 48-50(Bottom 3) Al %<]
‘0.9<ABS(prob—umpiring)’oll | Est= FrLE9 A7 H3S B
olth <& M-8>2 A #A div] g ‘0.9<ABS(prob-umpiring)’®
S UEd HolH, <x M-9>& <A Hel AT v &S HE JH=
UER Aot <& -8, 9>l =&t 53 dA a2 =4
2 Add gee 449 47 A% HE A M =2 vl
= AAstE FEe grd. WA 3 W
Top 30l #Fdte ARES BT Stuike #HFBT Ball #7olA
‘9<ABS(prob-umpiring)’ el d}@slE= FHAHo] =L HE&S A EFE AL
2 eyt b Bottom 39 A& rank 489 A2 oM Al e
S HAATE Rank 499 5004 = 944 Ays3= Hidl2 Ball 3
A BT} Strike TAHAA 9<ABS(prob—umpiring)’o] 3| F 3= AAH o] =
L H]E&E 2= Ao R e Rank 49 A3H-S 0.9<ABS(prob-umpiring)’
of et 12271 #8 F 8970(73%)e] ¥H7g o] Strikeoll A YEFSL S
™, Rank 50 A9 9771 = 6570(67%)°] o] Strikeo| A Y EFSET

7 7] ZWHinning 1~3), 5 %¥H(inning 4~6), &4¥H(inning 7~9) .2 &3
ol el A= Rank 1, 2, 48, 499 A#A=> 47 Zwke] Al9F Rbtfy+=
AAS a3 v Lol =4 yEst ¥hH) Rank 3¥ 4 7] $4HE Rank
502 A7) FHbol A ‘0.9<ABS(prob—umpiring)’oll 31 F 3= TAH L H| S
o] =& Zo=® YeuY. = 68 A% T 482 A7] Xy Alg

= A4S Y v Eo] =2 ASE YESS Y top 3, bottom

L_lz
E

o

3
o 7 FFEleh Apols vER A gkth

g Frb AR Addste g A e 3FE ov|eke
‘pitch_number' ol A= 678 9] Ad EF (@AM AEAs 49
A4 R s A v&o] M =A JErET 53] Rank 49 A
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2 dFedAE B Fol thd Ball/Strike ¥4 FastE H A
A&Ae AR(AT UMPIRE)E 7HEstr] 98] ot ddetae A8t
Atk 2 A L AFtelA AL ‘AT UMPIRE'S] 7%= 5749 24%
ol 37§¢] Dropouts %t F+xE s, 4 S5 A S === 256,

128, 64, 322 =¥ Tl 7MHHEAFSE S0l FHE AT 243
St== RelLU® Sigmoid(Z8Z)2 A Aow, £23%<43= ‘Binary
crossentropy’, optimizer= ‘SGD'E &-&3}3th. Al UMPIRES] test set
o gt dFAgE= 9BI8%E 7IFsHon, o= #y AIPATFE
Hlusle] %2 Ao 33 (Song & Marin, 2021; Huang & Li,
2021; Park et al., 2017; Valero, 2016).

dede HHE des Fod dogEs @ BER/dSsE nds
obyet, Foxl HolHZHEH A2 tolfHE & oS3}
= 23, & dwsk(generalization) 5ol £ Ed S st Aot
(Dahl, Sainath, & Hinton, 2013). o]=3%F -2ty Awksle] toj
= Edo EX%(model complexity)®t 713 HA7ZF Ao E
2017). Schmidhuber(2015)+= Folxl A9 EH3Eo Hls| xdol E3
7 AYAA ZW AwbAE © 7 training setol] 3 A EE= S5
A EA FoIA= test setell g dwkst A5 Astd F Adegs Hil
StATE =, & Aol st ke oA sty Ay <

s

AT

o 7hgel Bed 1ud HANe] FHHoldE o WMEY o

(Ockham’s razor)(Blumer, Ehrenfeucht, Haussler, & Warmuth, 1987)9]
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Abstract

Analysis of the Sports Big Data

Considering Uncertainty

-Development of a “Ball/Strike” Umpiring Evaluation Model

Using Bayesian Estimation and Deep Learning-

Soowoong Hwang

Sport Informatics Lab.

Sport Science of Physical Education
The Graduate School

Seoul National University

This doctoral dissertation consists of two sub-research topics under
the major theme of “Sports Big Data Analysis Considering Uncertainty” In
Study 1 “A Bayesian approach to quantify the uncertainty of MLB umpires' calls”
estimated the probability of MLB umpires' missed Ball-Strike calls using big data
collected from MLB games. In this process, we discussed the advantages and
disadvantages of the k-dependence Bayesian network classifier (k-DB) and the
logistic regression. In Study 2 “Development of the Evaluation Model for MLB
umpires' Call Using Artificial Intelligence”, Al UMPIRE judging Ball/Strike was
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developed through experimental learning under various conditions. As the next step,
a method to evaluate model for MLB umpires' calls was also suggested based on

this Al UMPIRE. The detailed results of each study are summarized as follows.

[Study 1]

Firstly, the analysis using the k-DB showed that the probability of MLB
umpires' missed calls varies significantly depending on the “Ball-Strike” counts. In
the 2019-2021 MLB regular-season, the probability of umpires' missed calls was
about 19 to 21% for the 3balls-Ostrike count, the largest among the ball-strike
counts combinations. On the other hand, in the Oball-2strikes count, the probability
of missed calls was about 4% to 8%, which was very low compared to the
previous condition. Secondly, comparing the probabilities of umpires’ error in the
regular season and the World Series, it was found that the total probability of
umpires' missed calls was lower in the World Series than the regular season, while
the tendency to make decisions in favor of home team pitchers appeared more in
the World Series than the regular season. In addition, there was no difference in the
probability of missed calls between the regular season and the World Series when
the decision leads to strikeout such as Oball-2strikes and 3-2 full count. However, in
the ball counts not immediately leading to strike out, such as 3balls-Ostrike, more
accurate umpiring was performed in the World Series than the regular season. These
results imply that the umpires' ball-strike call is not consistently made under the
established rules from MLB, and uncertainty plays a critical role depending on the
game situation.

Furthermore, the logistic regression was performed using 2021 MLB
regular season data used in the k-DB and showed no apparent difference (less than
1%) from the k-DB results for relatively simple classification problems. On the
other hand, for rather complex problems that require considerations of home/away,
the ball count, the out count, fastball/breaking balls, the pitched location (plate x, z)
and the speed of pitched balls, the two methods showed relatively large differences
(3-11%) in the estimated probability of umpires' missed calls. In particular, while
statistically insignificant variables do not affect the estimated probability in the
logistic regression, they should not be overlooked because in practice such events

could affect the result of sports games although their statistical significancy is not
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captured by the logistic regression due to, e.g., the small number of events or the
correlation among variables in the collected data. As such, the result of comparing
the two approaches in “study 17 suggests that the strength of each method may
differ depending on the form of the problem to be solved.

[Study 2]

Study 2 aims to develop an artificial intelligence umpire (AI UMPIRE)
that performs 'ball-strike' calls through deep neural network learning based on MLB
umpiring data and to establish a system to evaluate umpires’ judgment by using the
developed Al UMPIRE. Many experimental learnings considering various conditions
(layers, activation function, dropout, etc) were conducted to develop an optimal Al
UMPIRE which showed a prediction accuracy of 93.18% for the test set. In this
study, the human umpires’ calls contradicting to that of the AI UMPIRE with
strong confidence (high probability) were analyzed by visualizing them, which would
indicate the bias of each umpire.

Comparing the 'ball-strike' calls of 50 umpires judging more than 4000
pitches in the 2019 MLB regular season with Al UMPIRE, the ratio of the human
umpire's decisions as opposed to the Al UMPIRE with strong confidence (the ratio
of the cases with the probability difference > 0.9) appeared to be in a range of
0.61% to 2.8%. In addition, by classifying the visual patterns of those cases, it was
analyzed in which situation such biased decisions are made. Based on the ratio of
the biased umpiring (the ratio of the cases with the probability difference > 0.9),
the Top 3 and Bottom 3 umpires were selected, and in the top 3 group, the human
umpiring contrary to the AI appeared uncorrelated. On the other hand, in the
bottom 3 group, biased decisions occurred in the specific area of plate x, z (Figures
21 and 22).

Also, it was found that this biased umpiring appeared with the highest rate
in the 0Ball-0Strike count, while in the deterministic situations such as the 3balls or
the 2Strikes, the rate of disagreement between the human umpire and Al was
relatively low. In other words, human umpiring opposed to the decision of the Al
with strong confidence occurred frequently in situations where there are many
follow-up options, such as the first pitch, rather than those where the strikeout
decision cannot be postponed. These results empirically show that the MLB

umpires’ ball/strike decisions are reflecting human bias.
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This study has strength compared to previous studies in that it not only
quantifies the uncertainty of MLB umpires' decisions based on sports big data but
also develops an artificial intelligence model and an evaluation system of the human
umpire that can be practically used in the fields of professional baseball. The Al
UMPIRE suggested in the current study is expected to play a crucial role in
providing a new paradigm for estimating the strike zone, which has only been

regarded as a unique role of the human umpire.

keywords : k-dependence bayesian network classifier, deep neural network,
Al umpire, sports umpiring.
Student Number : 2018-32629
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