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(Table 1) Summary of Studies on ML in Basketball

# Data set Aim

Albert st al. (2022) statistics about 17,000 players

Data of a single person’s single-season  To improve the accuracy of the predictions,
for predicting NBA All-Stars

Type of ML models

SVC, KNN, Decision tree, Gaussian
process, Random forest, AdaBoost,
Multilayer perceptron

To verify the hypothesis that the highest level

Data for every single NBA game in the

Chen et al. (2021) 2018-2019 season

Geng et al. (2020) Advanced statistics data from 1984 to

Horvat and Job (2019) NBA seasons 2009-2017

Box-score data for all NBA and

Mandi¢ et al. (2019) Euroleague games in the period 2000-

Data per game for player attributes from

Hsuetal. (2018) 2011 to 2018 season

of European basketball is becoming
quantitatively and qualitatively more similar to
the NBA

To predict the results of the entire NBA
2018 playoffs using one trained model

To predict the outcome of NBA games
Naive ML algorithm

To predict team rankings instead of
classifying their rankings based on regression
melhod

ELM, MARS, XGBoost, SGB and
KNN

Genetic programming algorithm

Naive ML algorithm

To propose a hybrid data-mining-based
scheme for predicting the final score of an
2017 NBA game

Statistical analysis

Support vector machine, Polynomial
regression, Random forest

To present modeling approach for one-

Lam (2018) NBA seasons 2013—-2014

match-ahead forecasting in two team sports

Bayesian regression

featured with winning probability calculation

Bianchi etal. (2017)

Women's basketballmatches during the

Leichtet al. (2017) 2004—2016 Olympic Games

To investigate developed a HSVMDT model
for analyzing the game’s outcomes in the
NBA

Pai et al. (2017) NBA seasons 2008-2010

Data from 14 basic technical features

Cly) CRelk ey from 2007 to 2015 season

Data from 82 games of 2015—2016 NBA  To describe new roles of players during the
regular season game

To examine the relationship between team
performance indicators and match outcome
during the women'’s basketball tournament

To predict the outcome of NBA matches

Neural networks (self-organizing
maps, fuzzy clustering)

Binary logistic regression,
conditional interference
classification tree

Support vector machine, Decision
tree

Maximum entropy model, k-means
clustering, Naive Bayes, Logistic
regression, BP neural networks,
Random forest

To compare its parformance to the common

Kempe et al. (2015)

Player’s positional data during matches dynamical controlled network approach to

Neural networks

analyze team sport position data

Lopez and Matthews Predictions(data) for NCAA basketball
(2015) tournaments

Zimmermann

ot al. (2013) NCAAB seasons 2008-2013

Data from 21 participants that

Schmidt(2012) performed 20 free-throw trials

ST A7 AR 52 Hdl wlolA 3t HES
3 zdo) 7Hkgk HAl#Y #4(Joseph et al.,
2006; Rahman et al., 2018)°l &+ A7} 3P 5
%131, Prasetio and Harlili (2016)& 9= Zg]v] o]
2] 71 (English Premier League, EPL)2] A|& o]
BE 2A2E 37 4 RdE 435t 47
A= oS3

MLB A&

Decision Tree 59 ¥¢1E|EFS T3l 9=
(Soto, 2016) oFT2] Al#| <}
o 2 d5S F A4
il A 37 s
nhold P’il%
(Leung et al., 2014).

I8l s 2= 430 B-Ed A7) v
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To analyze the accuracy of traditional
methods vs cutting-edge predictive
algorithms

To explore the use of ML techniques for
making NCAAB match outcome prediction

To analyze the movement patterns of free-
throw shooters at different skill levels

Logistic regression, Log-loss
function

Random forest, Naive Bayes,
Multilayer perceptron neural

Neural networks

kgl WAl o2 FaE 9o Lai et al. (2018)
BT A5 4T A5S A3 AF

|EQZ /|l =8 2HFOEH A S4o]
dZ2He Foled EAHQ JTFL I A
2 FAsg

22. ST0M milefd HE AT

2 59 gokdt 2227} QAN E3] NBAE
AAA 74 Bo] AARE = 222
B2 WA s 4719 A3
Al 3K Chen et al., 2019).
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(Figure 1) Procedure of the Proposed Research Method
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(Table 2) Summary of studies on ML in basketball

Year Season
Team Team Name
w Wins
L Losses
WIL% Win %
Rk Rank
Lev_Rk Level Of Rank
PSI/G Points Per Game
PA/G Opponent Points Per Game
SRS Simple Rating System
GP Games Played
MP Minutes Played
FGM Field Goals Made
FGA Field Goals Attempted
FG% Field Goal %
3PM 3 Point Field Goals Made
3PA 3 Point Field Goals Attempted
3P% 3 Point Field Goals %
3P%_Mean League Average Of 3P %
3P_OverMean Above 3P%_Mean

2 Point Field Goals Made

22?: 2 Point Field Goals
2P% Attempted
eFG% 2 Point Field Goals %

Effective Field Goals %
eFG OverMean League Average Of eFG %
- Above eFG%_Mean

FTM
ETA Free Throws Made
Free Throws Attempted

eFG%_Mean

0,

gll;g Freg Throw %
DRB Offensive Rebounds
TRB Defensive Rebounds
AST Total Rebounds
Tov Assists
TOVY% Turnovers
STL Turnover %
BLK Steals

PE Blocks

Playoffs Personal Fouls

Advance To Playoffs

A tlolEE 2l fiAtolEoA FE3HA
ot 3 dlolE Y] AR 52 NBA AH# 2~
<=9 (Conference Standings)®} 771 FA| (Per
Game Stats)2] H|o]E& R s|FstaL, 3
olg 9] Al #HLS e WS TEnh

) s doly ZEF
(https://www.basketball-reference.com/)

2) Blol% 7t B LAY 53
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(Figure 4) Comparison of 3-point Success rate ,
by Ranking Group
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B AT NBAS Fdlolen Awel 9Ly yae gg <Table 353 2k
2= HEES gQlsta, 53] 3P 9 TOVS;
HHy £A48 Ao 7 ndd Ay Hlo &
#HHE A2 FHoR RAY Aok vl (Table 3) Result of t-test
gt} oleid Hol EBFEILE SIge] 1
Variabl Levene test t-test
%/31 O] 9}11:]' anavies Statistic P-value Statistic P-value
nd ALo] okA] ZF W 7F A AIE A eFG% 0712 0.399 12.306 2007e-32
sla, Zdo)lex A& oy € o 7t 3p% 0.0002 0988 8027 2.887e-15
A Q] F8 SAd i HTe zFol7t A TOV 1604 0.206 7612 6420e-14
=A ATt 22 <Figure 6> X8 TOV% 1019 0313 6.089 1.635e-09
HE] AAAAE HoF= S EYo|t)
WA EA2] AA SRS’ TG FCHE W g om 112 vt 234 g HB
A =
7_} #2077, 042, 0372 %ﬂt‘ﬂ@d FUOlY =g oz zyow WR Aol2 AW 9
= AT AR 7 BT W WAS ZE g ojge) 474 2 SR B Y(Levene
o 1) 3 E3 = § N3 ) 2~ o
Ao g2 Yehgt) Hkdoef ‘PA/G & ‘TOV’ HE test) S AT, FOFR(p<005)914 BE
1 o 37 =
T D031 0242 S ARMWAR BIR g} zag wasar 44 A% 5L

BAHOR folg Ao et
B et 0w ol B oA Eed 3Pt Tovel 3l

. A Bdolex A& vE (Y 1 Fl
BT — o2 woln gloms wua ANE i) £

-+ Bl il < o
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o 025
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& ] 2 Aol 2T FEATE S0l
A& oo tigh AUl = B8t AAl &
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g 9 w9 ARE o ANT Wl
W — - E . Lev Rk(AE® 9 +2)E 4, <, 3+ 370 {
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AES =8 F JATh

(Table 4) Result of ANOVA

) Levene test ANOVA
Variables :
Statistic P-value F P-value
eFG% 1.704 0.183 125.98 0.000
3P% 0.569 0.566 64.47 0.000
OV 1.968 0.140 4796 0.000
TOV% 1.466 0231 29.60 0.000
43 HA2d HE Zu ¥ M5 FIt
24 243 A% 9 dole AEE 2l
H2 9637000 327 ZHog FAHEHH, 7|4
=3 A1&(2021-2022)°) sk ®©E FA

olE] 30L& H|I2E M EGB.12%)E At 4
Zof| g3ttt S3ll= o2 NBA Al&o] 218
Fo|BE F3H HolHY YA VFEoE +#4
of metA Eeolx &S 7S

H2E A ES] Apo]z27h vwz] 23, Bell &
H A BAE = FAHe(Overfitting) WAIE
151 Fd AES} A% AEES Yol s-fold
AAFtA 58 wAPF At Hi wd
/35S <Table 5>} 2t

(Table 5) Result of Cross-validation
Models precision_macro | recall_macro f1_macro
Logistic Regression 088 0.88 0.88
Random Forests 088 0.88 0.88
AdaBoost 088 0.87 0.87
XGBoost 083 083 0.83

4712 B o] w5 A A S (Precision)
9} A& (Recall) MAE FHH F 7[R AES
E5 urgs fl mlaRe] BE z]ﬁcﬂz\i 2R
g 3)7)ek A4 _‘?_EﬂiE L2
TS Uelth 2d 3t
EAYATE A2 80% o]

£ HQth oly3t sk AFE EEH o]
29 A HolHE AY dolHE st} 4%
A= <Table 6> 23, RE Ralo A wxpx
T ARET 52 AFS HYon= F4 A
o FAE A FohEE FelstATh

B|2E tlo|Ele] &4 AFA 7P 7T
Ao ® Uehd diY ZH2E 2o &5 3

= <Figure 7>3 Zt}.

E

?

2 (Confusion matrix)<

(Table 6) Result of Analyzing test set

Models precision_macro | recall macro f1_macro
Logistic Regression 09 09 09
Random Forests 093 0.93 093
AdaBoost 09 09 09
XGBoost 083 0.84 0.83
=14
- 12
0
- 10
]
0
x -8
v
=
E
-6

0 1
Predicted label

(Figure 7) Confusion Matrix of RF
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Eg 7|¥ke] XGboost®] A T8 %(Feature
importance) S =31, 1 AIE <Table 7>
<Figure 8>°llA] &1}t

HAEzHog BALS o]

=

O d

‘eFG_OverMean 1, ‘3P’, ‘eFG_OverMean 0’,
‘eFG%’, 3P%’, ‘TOV’ & t2] A7) 583
E4o2 AYHASS FAY + ok

ME=E T

(Table 7) Summary of Feature Importance

No. Random Forest XGboost
1 SRS 0.344 SRS 0.255
2 PA/G 0.070 Lev_PST O 0.044
3 | eFeOver | 055 3p 0.040
Mean_1
eFG_Over eFG_Over
4 Mean_0 0.051 Mean_0 0.038
5 FG% 0.036 FT 0.034
6 2P% 0.034 PA/G 0.034
7 eFG% 0.030 FTA 0.033
8 STL 0.025 2P% 0.031
9 3P% 0.024 FG% 0.031

10 TOV 0.023 2PA 0.029
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Abstract

Prediction of Key Variables Affecting NBA
Playoffs Advancement: Focusing on 3 Points and
Turnover Features

Sehwan An* * Youngmin Kim**

This study acquires NBA statistical information for a total of 32 years from 1990 to 2022 using web
crawling, observes variables of interest through exploratory data analysis, and generates related derived
variables. Unused variables were removed through a purification process on the input data, and correlation
analysis, t-test, and ANOVA were performed on the remaining variables. For the variable of interest, the
difference in the mean between the groups that advanced to the playoffs and did not advance to the
playoffs was tested, and then to compensate for this, the average difference between the three groups
(higher/middle/lower) based on ranking was reconfirmed. Of the input data, only this year's season data
was used as a test set, and 5-fold cross-validation was performed by dividing the training set and the
validation set for model training. The overfitting problem was solved by comparing the cross-validation
result and the final analysis result using the test set to confirm that there was no difference in the
performance matrix. Because the quality level of the raw data is high and the statistical assumptions are
satisfied, most of the models showed good results despite the small data set. This study not only predicts
NBA game results or classifies whether or not to advance to the playoffs using machine learning, but also
examines whether the variables of interest are included in the major variables with high importance by
understanding the importance of input attribute. Through the visualization of SHAP value, it was possible
to overcome the limitation that could not be interpreted only with the result of feature importance, and
to compensate for the lack of consistency in the importance calculation in the process of entering/removing
variables. It was found that a number of variables related to three points and errors classified as subjects
of interest in this study were included in the major variables affecting advancing to the playoffs in the
NBA. Although this study is similar in that it includes topics such as match results, playoffs, and
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championship predictions, which have been dealt with in the existing sports data analysis field, and
comparatively analyzed several machine learning models for analysis, there is a difference in that the
interest features are set in advance and statistically verified, so that it is compared with the machine
learning analysis result. Also, it was differentiated from existing studies by presenting explanatory
visualization results using SHAP, one of the XAI models.
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