A Causality-Inspired
Adjusted Plus-Minus 7
Model for Player
Evaluation in Team
Sports

AZX EEd/HARY =27| M4



Of/=~ =% oto|C|of



off El AL RO M= 7lQl
X =H0| {2427}

R =23t

=gy S22 el ECh 8 Hak= 7Helo] of EehH M
=0|ct

Hy 2Z=ol Herg Mo

aH
il =&, 2/3%E, 87| 420 M2t 22 M CIEHES

0.




Adjusted Plus-Minus(APM)O|2t 231217}
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Player Value (Counterfactual Estimand)

Ay :=E[Y; do(ay =1,ap = 0,u =t,;)] — E|Y; do(a; = 0,a5 = 1,u = t;)]
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Confounding, Backdoor Adjustment,

Positivity
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e(w,ag,ap) =EY | W =w, Ay =

ay, A@ =ap, U = tg]

Backdoor Identification
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Algorithm 1 2<F

CAPM Pipeline @ 2fel Hlo|E 210 Ex 1= et& (factor
model)
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Data Model Confounder Player Value
Collection Building Estimation Output
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Poisson Factorization® £ Line-up?| %!
NEEP]

Line-up Factor Model Dol X gt
Qu ~ GammaK(-), Q) ~ GammaK(-)
a; ¢ ~ Poisson(6; - q,,) if sy = u;
a; ¢ ~ Poisson(6y - q,,) if sy = v;
a;y =0 otherwise
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Substitute Confounder
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Mean-field Variational Family
h(6,q) = | [ RO | Vil vir) >
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Posterior Geometric Expectations

A exp{ W (~5h )
O, = P T(th)}, Quk =
exp{¥(A\5})}

A

Vi

A

T

0|99 HS

rr

Scalable Posterior

Exact posterior A[40]| 0{E 7| o 20i
variational inference= A}l

K M El

5-fold cross-validation, @7} X| #: held-
out log-likelihood

Posterior Predictive Check

p-value?} 0.50]| 71782 1 — R Xgf:
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Outcome Model
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MLE Objective

(B,9) = argmax » _logp(y; | @i, Gu;, Gus B,7)
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M3=109Q 7|0, £ S sfM: AL = M Ms/ME X JEUS 5 Gaussian response + Ridge
Be . APMO]| i S =7} &, regularization. APM I}t0| T2}

elof| A&7 | +2 =



Reconstructed Cause

dig = Elai | 2] = ) ziuk Ok
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Outcome Model with
Reconstructed Causes
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uE 2o}
XXIE2 reconstructed causes HFO|

direct substitute confounder=LC} X} ¢ &t
ElCtn A



2d HolE0M= s 43

Synthetic Setup (Soccer-like) Confounding Regimes

gz o & o o_TP o_y
El = 20 Zero 0.1 0.1 0.01
M5 ~500 Low 0.2 0.2 0.2
Ao % 380 Mediu 0.2 0.2 0.5

m
2ieled 37| NH

High 0.1 0.1 0.5
Bl top player 1H
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AlZ20|M 512 1003 Figure 1/ Figure 4 H|A|X]: ConfoundingO| H&+&

CAPMO| APMEL} C| & SR TIC} It X[ H:
Spearman(rank_GT, rank_inf) % MSE(B_GT,
B_inf). Zf 2 100%2| A|Z2]|0| 2] median, YCHE=

quartiles.

Outcome generation: Appendix C, Eq. 33
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Table 1 — H|O|E{ 4l 29F oY

=1 = &2 M= LI WY UK =

EPL 20 380 2014 FIFA ranking 2| Spearman rank
-16 correlation

Serie A 20 380 2014
' LI 2: 0% MAE

La Liga 20 380 2014 Held-out Z7| M4-x} MAE (unshifted /
-16 shifted)

Bundesliga 18 306 2014
i Hl0|Eq Xtol

NBA 30 ~1300/ 2014 £ M ine-upfh AR (2] HE H2}) 53

NES -18

substitution segment T2 O M2

=4t M4 £: M =417~515 | FIFA rating: 9,000+
reviewers, 18,000+ players 7|4t
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Figure 2 — #Z LX| Table 2 — Unshifted Table 3 — Shifted

CAPMO| 2/3 soccer MAE MAE

datasetsOl|l A FIFA ranking@} 227l datasets = 18/2201| A 227l datasets = 17/220i| A

o & %S (41leagues x 3 CAPM 2%| EPL 2014: CAPM %] EPL 2014:

seasons =12 datasets) 1.36—1.31 | Serie A 2014: 1.501—1.460 | Serie A 2016:
1.26—1.21 La Liga 2015: 1.459—1.392 La Liga 2016:
1.27—1.21 | NBA East 2017: 1.447—1.334 | NBA West

2.373—2.361 2015: 2.283—2.269
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