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In recent years, most studies on predicting
game outcomes face two major issues. The
first is the use of player statistics recorded
after the game has ended to predict the
outcome of that same game. The second
issue is analyzing and predicting based on
the average performance of the team. This
paper proposes a novel approach for
predicting game outcomes by integrating
time series models and graph neural
networks (GNNs). First, player
performance predicted by time series
models is treated as node features, and
edges are constructed based on the players'
positional relationships to form a graph. We
then introduce a graph neural network
architecture for prediction, where the
attention mechanism of GAT is used to
select important nodes in the graph and
compute their representations, while GCN
is employed to perform convolution to
derive feature vectors. Finally, the node
representations are transformed into graph
representations for predicting the final
game outcomes. The prediction accuracy of
the proposed method reaches 76.9%,
demonstrating its effectiveness.
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2 Related Work
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2.1 Basketball Game Outcome Prediction
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2.2 GNNs Methodology Used in Sports
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2.3 Prediction Based on Feature Selection
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NBA Games Outcomes Prediction

a* game o
Player Data [, come

B 1. & sein Az

ANt A RA LT Z BAHR
TAFR] ~ FHCE Pfort F %5 R o

LT R %

3.1 Player Performance Prediction Model
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3.2 Feature Selection
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3.3 Playoff Outcomes Prediction
EWRE-ABEER > Ty R R R4
BooFt o L P NBES | ke
P BT BRI Y RNBLL
¥ # % B (Graph Attention Convolution Neural
Network, GATCN) » - &% & GAT(Velickovié¢
et al., 2017b)fr GCN(Li et al., 2018)=F77 7 .14
BT FFARR] AR 47T

hs 5
R
Vi

’

o

251

rresrtann

] 4. GATON # ﬁ@

A iﬂz—ﬂzﬁ IR S RS 0 £
#-H 1% 5 GATCN $ic3] &0 input » £ % » i iE
GAT: 5= B &g (k) 22 l-hop #8A 2.
B e e £ o GAT i A R ¥p & 82 F end
L ofRARY Gk TR gl ik {
3= B 8Lt e 0 KR8 0 518 GCON #-
SRz RaRBdgirdpd gl Re
RS AT e B A E Y o 2 F 0 i mean
pooling » #-{ #7178 eh & g & & 3\ 3k S AR
R & ESY s s 0 5 d softmax Sifc o AP
3B output » WIZH F Ik f IER] o
3.3.1 Player-to-Player Graph

AR R E m AR RS
FA Pk 4 - #& Player-to-Player Graph i [§]
= N o SN e L %:‘ B ii%éﬁf"i"ﬁ kR iT
B R 2 BB B ke ) -
£ SRR Sk 3 B
S Bt AP LA i gk 2
Bendg e B B fo 3 B i3t o F Ik | N E)
P& v 2 Buzk R A LL%F’ A
ko Ba- EEG=(V.E) G o 4 R
Vi B op & & V=
{p1.D2 DM ER B ¥ n 5 - L3fiG ¢
ok | i 0 FE = {el,ez, v, eph,n €ER A
STREBISRE MenB o d 5 NBA 72 £ &
A#Eﬁ'%ﬁ%EWﬁ%F%ﬁW’*w

Fr e BEgA 8 28R
—ZWEIS”LWF °

Y
=

+ =
ES N

] 5.Player-to-Player graph -+ &, @
TRR 2 e ¢ AR AREL A 47 0§
B Ap ARAE L A '%AU mE A pfrpi= FE"&”?%%
ﬂ P jER e AR FRenzk B2 BFaEg
\—t(l)b’ﬁ o Fpifrp; Ak ek o R4
HRAELA;; 1> %72 A Ffenbd RRA

~F

Y
E &



s 0> FA; =A; > A+ & » Bl(undirected
graph) » & 8L i (node feature ) ®_3%%k R
R el S R S

(1 if (pi,pj)) EEandi #j
feo = {O, others ' (1

3.3.2 Graph Attention Convolution Network
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4 Experiment and Results
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4.2 Evaluation Metrics
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4.3 Player Parameter
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4.4 Compare models
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4.5 Experimental Results
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5 Analysis and Discussion
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5.1 Analysis of Feature Selection
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G TP o F RFAGER S 2 v 3
+ = ¥ % (Chi-Square) -~ Random Forest
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Chen % # (Chen et al., 2021)s%7 7 > ~F7 % &
B BB T e i AR T R o 1Y
HPHE DR E A ko
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windows M 38k 7 0 FHRE S 40T

B8 PN 3 Method Accuracy Precision Recall Fl-score

2 8 Baseline 0.652 0.692 0.692 0.692

2 8 SVM 0.681 0.717 0.730 0.723

2 8 XGBOOST 0.637 0.679 0.692 0.685

2 8 RF 0.582 1.000 0.582 0736

2 8 Chi-square 0.593 0.962 0.593 0.733

3 8 Baseline 0.695 0.769 0.714 0.740

3 8 SVM 0.769 0.811 0.796 0.803

3 8 XGBOOST 0.758 0.811 0.781 0.796

3 8 RF 0.681 0.660 0.760 0.707

3 8 Chi-square 0.692 0.735 0.735 0.735

4 8 Baseline 0.565 1.000 0.565 0.722

4 8 SVM 0.637 0.679 0.692 0.685

4 8 XGBOOST 0.626 0.660 0.686 0.673

4 8 RF 0.582 1.000 0.582 0736

4 8 Chi-square 0.593 0.962 0.593 0.733

# 4. Feature selection 2. 7 % & %

B EAv g d s gi* 8k fERIL T
33 F 17 5 sliding windows eh3-dcps > 4]
L g SRS S v F e Fl-score + th
MR R 2HR A F o 9 4k
f & 4 1o @ XGBoost fv Random Forest - 2
B it 43 oA PR hAIRTRT
LR ETEGRUEBFEY o3 Hb ?: iT
ES ﬁ‘] »H I dFeno m 1 SVM 1% 5 s Bih
SR P Al S~ 7w 5 e Fl-socre 4
Bl E_0.769 ~ 0.796 = 0.803 » E_#775 $rHciE B~
7% 2P Bdrahe @ A AR o @
P 2Hfr A L RE L AR T B
Random Forest :& (74 g Bof8 2 3] 1 o e
HERFRLDIGER FHA 0 Flt @S
RS RG> wEmS M{ﬁmﬂmossz °
GAFHGEDR S ke > B % SVM 4 EJFKK
B 4Fe > @ i % XGBOOST B TB’K{%_ o -
WHELE S ﬁ/v\ﬁ e cie s s dpiT 0 H
¥ TRB, STL, PTS, FG%, BLK, FT%, +/-, 3P%
F QA Flpt U P AL IR R
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{8 A2 4p T - XGBOOST 435 i &
gain X i =15 #ﬁrﬁzﬁ’!’é‘ﬂ A& g Hi3] ehentropy
BIELRG LN AL Pkt &
By 2H%,3H XGBoost iFfciE B> &
xR RR R F e 4pt 2 T > Random
Forest d **& =t 2 = eifit ¢ F] 5 gini index 9
% ke B EHRE 4 4 0 %3k Random Forest
FHGEP A P &Y AR Aol B 2 R
1 * Chi-Square » R { i & * » A 755 B F ik
*#H Mt ivd *"“ﬁ?Tﬁ‘fféﬂ'ﬁ dF e N
PR AR T A Y
Fal ‘f::b DR AR T T AT A 4
wiﬁ*i

o

L il

:\zt \Ei oy

5.2  Analysis of Time Series Model
At E 2 enpF B 0] GRU 4 LSTM g {7 2%
Rt o FEkY > AP A PR R
Bk 5 303 B %8Gk 5 8 T ik (T 50 epochs
19" > optimizer P| H_#¢ * adam(Diederik,
2014) > Loss function 3 MSE = %3  Ffip] &1 3k
A& A ::zkl;lg&g-%ii%] GATCN #-3
ATV FE IR 0 Bk ok 5OTn:
Method Recall

LSTM 0.7033 0.7358 0.7500
GRU 0.7692 0.8113 0.7963

% 5. GRU 4r LSTM »c & 1 fi
KA SkES APy ugEm GRU &% 15
epochs P& » 7§ Hr R ¢ 5 Pl T e
LSTM 1 FT B &% 20 epochs 4 Jcag o fid *

-

F1-score

0.742
0.8037

Accuracy Precision

s @

SVM it (7 $ A B4 3 % 55 % ¢ > GRU &
gtk 2R LSTM - il % B o7

GRU * { #TR 3~ LSTM iy » R e & ¥
it o § B F PR A 2% - GRU i
SR AR W R E AR
HEERE F R 0B P A B0
im}_ﬁupi gt 2T o LSTM #-E 50K v

m,#m;/»\ By > T P :i;;fwu\ iz

C Fgtag A 0 B S ferta P eh L R oo
*hod 3t GRU BB UM F - 31 Been
PERF vt LSTM Hg72 5 2.5% o

5.3  Analysis of GATCN

51 BTN AT 2 GATCN ey o Aot
# Jain & * (Jain & Kaur, 2017)F+ Zhao (Zhao et
al., 2023)% A & D enfcA] o d 3 Jain & A 3

HFSVM s3] i3 * NBA 2015-2016 % F #ichy
BEFHR FP AP RY AR OF T I



RPN PR o F % % % 0 GATCN ehif

FEFET T 0.9302 0 & F % > HFSVM ehi fx
% 0.8826 0 @ L7V o R AT Bl T B 6D

Zhao & A F M e ARKFF Y kg

Brr % 5 0707 o & Z vk F AP enficd) v
Jain # 4 oRCAERES R T 48% 0 A
Zhao % A e A P42 5 22% o F bV 0L

P NBA 25 FERIEixe > A4S g * By
By PECA A 0 R AR ATRE DT R
TR F A | o FRE S e
Bl 7 5% e

Accuracy
1
0.8
0.6
0.4
0.2
0
Our model Jain model Zhao model

B 7.2 BB & 2015-16 ¢ % S 0t R

6 Conclusion and future

ALY o AR - B NBA TR
Gt R R TR 2 o F A58 GRU FFR1E
LA RPEAIR > T 475 XA F T node 2
Do B AR R 0 E SVM 278Kk
EB RS APE A K IARAL B
## # 8 (GATCN) | o AP BT WG
kR % Iﬁ.,ﬁi:jf;—;%'ﬁi FIER > AN 2 30
Ak 2 B eng itk R A A F
EE B FERP L AokaE o

FBRFERT > AT AT D 9 GATCN &
FEE ~ 2w 5 4e Fl-score i ¥] 0.769 ~ 0.796 {r
0.803 > ‘ﬁﬂi’éiﬁ"’ H 5 state-of-the-art < ;& o

= 27
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