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Abstract This study proposes a new method for predicting the wage grades of soccer players using big data
and artificial intelligence. Predicting the salaries of soccer players is a crucial task that involves accurately
assessing players' performance and potential, and reflecting this in their salaries to enhance the economic
efficiency of the soccer industry. This research analyzes player ability data provided by FIFA 22 and employs
various big data and artificial intelligence techniques to predict players' salary grades. Key methodologies used
include decision trees, artificial neural networks, random forests, and boosting, which were utilized to
compare the accuracy of the salary prediction models. The results show that the random forest and boosting
methods exhibited the highest prediction accuracy. This study demonstrates the process and utility of using big
data and artificial intelligence technologies to predict soccer players' salary grades, offering a new perspective
on the soccer industry.

Key Words : Big Data, Artificial Intelligence, Soccer Players, wage Grades, FIFA 22, Prediction Models

This research was supported by the MSIT(Ministry of Science and ICT), Korea, under the Graduate School of Metaverse
Convergence support program(lITP-2023-RS-2022-00156318) supervised by the [ITP(Institute for Information & Communications
Technology Planning & Evaluation)

*Corresponding Author : Jin—-Hwa, Kim(jinhwakim@sogang.ac.kr)

Received July 19, 2024 Revised August 8, 2024

Accepted August 20, 2024 Published August 28, 2024



20 MQIgEIT K22H H8s

1. M2

A ARSIl olelst AFASE WAL oA
3 1S FYAI1L 159 IS ol 2L
¥ IS ek Tt A EololA o] 71459
£840] YFHL G 7het], AR AQOIAE Hy

olEo} AR5 Hgo] FEHAA tekka ek %
ok EHQ 279 4AL HdolE g} AA 5 T
8 7154 FUS |, A40) A Brhe
Y W A4, 4A0] A7) 2 |20 0|27, o]
1“:01 U 289 - ek 531, 57 el
50) g% L Fag A AN, ol 44
94 519% ARE FATA Tl ol A 7
o] Wgshe o] 2 oJu)E Ak 74459 o
o] 150] 1N Ao UYHES T AL, FF
A1) AAH B ol Ho] 7ol Ao 4%
s}

2 Q7oA W5t 22 Al A ABTHe A 5
%) Yol8g sgrog, Mol eje A8 7 HS |8
slo] 274149 ABEFE IS PHES AU
o} A450) A4 5L AYshl TS A8k
o] GlolE H4:0] AREFE AZsHe dl gdolA TS
$8% A 289 4 Atk AT BEE D] 9
o Theat 22 A AT B2 ATk A, it
229 A% 52| HolHE BAste], AR5 oo
24Tk £, o ol Yol L A3 /1Y
of Fosto] A4 ABEFE oJSohe, 1 ANE 5
o 27450 9% 24 B NS ATkt g
o}, AU, o] A7 B3l Holele} AR A F7 4
9 U 28 s et 1 7HE Al g

B ATE 27 AR 2 AAEE Az, o
gol ot 1B A %so] ol 40 A% oo 289
% qleAo] that o]} ol §) oluhatet. 0|24
27 49le] B4 Folt ol £80] @ R0 7]
datet. A%, B @79 BEE HdolHet JEA 5
8L 59 F7440 AR 5L NS5, 1 Aue

59 27 A1) ST A TRHE STk 2
olc}. A7 WA= (Fig 1)} o] 452 Mysct H

F

A, 529 doleg SFRL0R B ¥AE At
%, A% "aw dolss FAG/AEROR TR

o FE54) i 10709 Hlo]g) A HE The, Ho]

B9k AR A% 1S ol 83to] of=-E Sste] Aol
dhat vl 9 LA, olgfst AT HdolHet 9B

A%50] &7 AN B 5 98-S Hol At
2 Zole}.

Step 1:
Selection of variables through regression analysis

A

Step 2:
Implementation of various big data and artificial
intelligence models

A

Step 3:
Comparison of the accuracy of wage grade
predictions from the implemented models

A

Step 4:
Derivation and interpretation of results

Fig. 1. Research process
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Table 1. Summary table of Previous Research

Index Title Author
KBO Professional Baseball Game
1 s Noh
Prediction
2 Predicting the OPS of KBO Batters Han, Jung, Kim
3 Soccer match betting gnglysm based Chung
on score prediction
4 Prediction Model for Winning Rate of Noh
the Motorboat Racing °
Determinants of Sport Participants’
® Injury Using Decision Tree Analysis Myung, Park
Exploring the Determinants of Winner
6 and Defeat of the Women's Water Lee, Park, Jo
Polo World Championship
Machine Learning Models for
7 Predicting Swimming Competition Yang
Results
Predictive Model on Substitution for
8 Starting Pitcher in Korean Professional Cho
Baseball
9 Redefining Positions for the Modern Kim
Basketball with Machine Learning
10 Prediction of Winning Horses in Horse | Choe, Hwang,
Races Hwang, Song
Handball match Results Visualization
" and Prediction Comparisons Using Kim
Machine Learning
12 The Final Ranking Prediction of the Kim. L
Korean Professional Basketball League »Lee
Comparison of Prediction Performance
of Machine Learning Classification .
13 Model Using 2022 FIBA Mens Lee, Ni
Basketball Asian Cup Match Results
14 Prediction anq Evaluatpn of Keirin Kim, Lee, Jeon
Competition Rankings
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3.5 KNN(K-Nearest Neighbors)
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Table 3. Regression analysis of variables on

wage_eur
3lfEN
value_eur p-value { 0.000
overall p-value € 0.001
age p-value € 0.002
potential p-value { 0.003
passing p-value = 0.001238

attacking crossing p-value = 0.001239
p-value = 0.001240
p-value = 0.001241

p-value = 0.001242
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Table 5: One-way ANOVA by Method

Source SS df MS F P
Between Groups 0.347 5 0.069 | 70.982 | 0.000
Within Groups 0.053 54 | 0.001

e 4 Total 0399 | 59
Learning& Al ¥Jsl1l €&l A7E A} Random
Forest2} Boosting 217+ @ 70%2] B+t L& 71
Table 4. Prediction Accuracy Results by Method
KNN Random Forest Boosting Decision Tree Decision Tree(Ctree) Deep Learning
Dataset1 0.659 0.696 0.682 0.652 0.657 0.352
Dataset2 0.677 0.698 0.698 0.658 0.661 0.493
Dataset3 0.663 0.695 0.692 0.659 0.656 0.498
Dataset4 0.665 0.693 0.695 0.655 0.656 0.582
Datasetb 0.666 0.690 0.686 0.656 0.661 0.467
Dataset6 0.668 0.697 0.698 0.662 0.664 0.442
Dataset7 0.674 0.699 0.698 0.661 0.662 0.563
Dataset8 0.677 0.708 0.708 0.665 0.663 0.470
Dataset9 0.662 0.694 0.694 0.647 0.649 0.526
Dataset10 0.672 0.696 0.699 0.661 0.661 0.364
Average 0.668 0.696 0.695 0.657 0.659 0.475
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LA BAEA(ANOVAYE Bl 24 719 k9] o
o AL Aol AT 43 IF 7F HE5/d(Sum of
Squares = 0.347, df = 5, Mean Square = 0.069)%} 15&
Y #H5A(Sum of Squares = 0.053, df = 54, Mean
Square = 0.001)& B8 F gk 70.982=2 UEHStO
ol= BAFCE v Fon|gt A3Hp < 0.001) L. °]
A= 719 23] BAIF o Z fou|st A5 AHo)7t Sl
= AARIE AF 0 E oj- 7ol {25k Zpo] 7} QL
EA] goti7] fIsta] Tukey R0l oJsf AFHSS 4
AloF3AT}, Table 62 2 ¥ Deep Learning 71" Deep
Learninge A3t 71 Alo]of] {-2fgt Zpo]7h k.
Deep Learning= A|Q3t 7HES A2 FARRE 52 E
ojn}, AH R Fou|5HA] At oL, Deep_Learning
< e 7IHE Hlsh o] B2 AS=E Hof, A5
o] iAoz HojAZ & 4= qlt}. ol= 95% A7k
A= gelxglon, HedY A== B+ 04757
2, AZH7RE 0.42175E 0.52977HA & et o
£ 7]HE(KNN, Random Forest, Boosting, Decision
Tree, Decision Tree_C)9] Ht FEL+E 0.657°14
0.696 Atol2, 059 95% Al=| 77+ thF 0.649°1A41
0.708 Afe]| 2 FAFSHA UrEkEtTh Hed= AlQRt b
RS2 A2 AR 452 Holn, SAZ o= R-9v|
gk 2pol= itk

Table 6: Post-hoc Test Results by Method

Group A Group B

Deep Learning 0.475
Decision Tree 0.657
Decision Tree Ctree 0.659
KNN 0.668
Boosting 0.695
Random Forest 0.696
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& A= FIFA 22 Hlo[8E B85t sS40 o
Bou= A&st7| Ysh et W ol E AEAls 7]
WS 28510 11 452 Bkl tlold #4 A3t
A0 A7HA], S|, Hol, AAE 59 s
o] A AIZe] 583 IT-Z i3, og 7 Fol
A Random Forest®} Boosting 71®H°] 7} w2 A%
(70%)= EATY.

2 A= Hdeld % I5AE Ve o8t S
A 4F oS L9 7Hs/de HoFo=m, #dl o
= AT I 71 A8 s de A
Attt 531, 71E AollA THRA] St ordet 7
el vla 242 FF ARSI dlol" A7 3 &
2 AE9 V&S AT Aol Bet, S Aese] A
5 A7 7oA o] A+ 2IE 3 ¥ ol 7]
g oS a2 Ao s AAge 2wl Holy
= grie =i At £t A Aol 7hssit
ol2fdt AF YL T A A Aol 715t
i, Aot e 2] A= SAA7IH, A S 4
o] AR E efole 23S 7HAE ACR ARt

2 A= 2 7 AEE 7L o SAIR, A

2

Zhol A &317]9] F Pt dlolEollie A2
Tglst7]0 ARt 4 qdok. T3, AUAA 52 5t
2= 3ol 719, BHagto] wAsto] FH oS A
St oozl o & AJZHETt Deep Learning B& 34
= 918h At} =Rk 5 F7HQ 7T $3kel A
& 2 Zlo] stk EAE, A2 ARY 574
JoA 2B AreS Y9 5 oR 55k 2
HY FJo] A8 59 BHES w0, 59 2
o 9T = = At FF Aol e vt HeE A
Zgotal o] stojruetulEE AUstA 243t 9
& A2 TAVI= = g7-sfoF € Aolth &3,
o] daE|EE 2 PIE 7S H8deEA B
49 FHS Sdishelal ¢S Eske A /st
£ o] F23Itt
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