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Integrating XGBoost and SHAP Model for Football Player Value Prediction and Characteristic
Analysis
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3 Institute of Information Engineering,Chinese Academy of Sciences,Beijing 100093, China
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Abstract With the increasing globalization of football,the global player transfer market is becoming more and more prosperous.
However,as the most important factor affecting player transfer transaction,the player’s transfer value lacks in-depth model and
application research. In this paper,the FIFA’s official player database is taken as the research object. Firstly,on the premise of
distinguishing different player positions,Box-Cox transformation, F-Score feature selection, etc. are used to perform feature pro-
cessing on the original data set. Secondly. the player value prediction model is constructed by XGBoost.and compared with the
main machine learning algorithms such as random forest, AdaBoost, GBDT and SVR for 10-fold cross validation experiments. Ex-
perimental results prove that the XGBoost model has a performance advantage over the existing models on the indicators of R*,
MAE and RMSE. Finally,on the basis of constructing the value prediction model, this paper integrates the SHAP framework to
analyze the important factors affecting the players’ value score in different positions,and provides decision support for some sce-
narios,such as player’s value score evaluation,comparative analysis,and training strategy formulation,etc.

Keywords Machine learning,Player’s value prediction, Training strategy, XGBoost algorithm,SHAP value
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Table 2 Feature F-Score importance value
R 4R TR F-Score {&

potential bl 8373.844 95056
reputation & IR 40 4 10488. 88648674
skill &R R 2604.92335244
pass R ik A fE 4135.52727797
dribble IR A E 3665.604 81040
volleys ZRHENE 2107. 32852398
curve (S8 ki 2192.39452395
acceleration m ik A AR 440. 491244 96
sprint_speed bR ik A 474.42230689
reactions BOBL i H 1 8114.49303720
shot_power ST AERAE 2425.76464698
jumping 3 K 205. 92801788
stamina & i ik A fE 1270. 80900625
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BEAE B 3k 5L 7R R I PR id Bk B 4 T IR R AR M B FE
EE kRS A4 AR BB T %S TR S
B, IR Bk Ry A H O 3 S B R IR AR S . B TS
BR O RA R E BT TR IR TR TTBR T8 7 5 SR B 1) 4 B g
SEREA B PE(E 5 A 7 B R 5L R B R BB B A R X
S 1 S oK At A7 35K 515 DK o R O AT X 4. B ARAE
TE P N Ak 3BT A5 3 0 B A 4 B RE AR SR Ol 16 032, RFAE BB
40,

4.2 EXiEMIER

ARSI E RE(R®) P 48 3 12 25 (MAE) (B 77 AR
25 (RMSE) V5 A 4 1 15 R SCR 3T 8 45 . IH 52 2043 )
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S
Hoy AREARTLIAE, 3 I BE 0 AREARRL,

TRE B e P8 i A 4 R S R A [l A G Rk A AR
TR L) R? BB AE L0, 1 )22 [, e 5 2R B0(E MK,
B RRBF , MAE 5 RMSE fij 12 455 20 9 0 {8 5 2052 {2
[) 9 22 5, P 38 ELA A [A) B9 &2 4K, {5 RMSE 6 X i3 22 °F 7 itk
AT RN T7 R TR R R 22 Z I 2 BE L AH Lk MAE,
RMSE M {E 3 K, 8N HEEM RN T HIRE, MAE 5
RMSE B1E /)N , 2 WAL 70 15000 8 HE B
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F I e B84 4R E AT B0 T Ak B R R AE TR 225 8 B
A TP RRAE B b 8 i AR 0] 43 S 25 A I AR A At
7. XGBoost £ S8 B #7115, I %0 0 38 412 B 40 4 47 101
T, FR A 53 3 DT 4 48 A T A B R %) 2% B, T 204788 2 B0 A .
XGBoost B3 M E B B EAT n_estimators GETEAL#% B8R |
learning_rate(*¢ 3 ) mazx_depth W 1 T KIEJE) Lobjec-
tive (CH 2% BREL 00 25 ) | subsam ple CRFRE A T SR BE (4 LE 45D
reg_alpha(L1 IEW IR (AL ED \reg _lambda (L2 1E W I [ AL
T, i PRI R 7 S g il o > 4k, 3145 1 deefd i 2 800
G N :n_estimators =500, learning _rate=0. 1, objective =
reg:gammasmax_depth =5, subsample=1,reg_alpha=20,
reg_lambda=1,

iz 10 9738 LI IR J5 ¥ 1F — 25 W A5 A i 2 5008 R S 1Y
R AT ITAR L 45 5 W, XGBoost %12 Y 1k E 35 BLAR 4, AH
NS PE M AR R AE g 3 A, KA SO R B XG-
Boost B3k 5 3c#k[21 1R 3k [22] 0 R JH Y GBDT 83k X
FE 1) AL AT 5k DL K 3 R ML AR 2 ) 5395 W Random Forest
Fl Adaboost 5§ 9 it B vk HE 4T X L 4 BT X LG B SR H B
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RECP a5 25 TR R 22 3 A PERE IR AR AE 10 18X
iR AT N AR IR 4 Y, KB RNEE
SR E W 5 BT,

3 ZEXIAE T XGBoost 58 ) BUI PP 4 4 br 2
Table 3 Prediction and evaluation indicators of XGBoost algorithm

with cross validation

i 48 AR R? MAE RMSE

10 47 &8 X5 IE K % — 0.979 25.579 85.037
10 7 &% X Bk Kk # = 0.976 25. 141 68.927
10 1 & X B K %K = 0.983 24.239 65.733
10 47 &8 X5 E K # 19 0.977 26.587 78. 861
10 X XBiE A H R 0.974 28.019 94. 204
10 47 28 X3 3E K 2 o 0.957 28.243 127.474
10 47 & X B K # & 0.979 24,037 71.267
10 47 38 X% 3E & FoN 0.981 24.585 79. 601
10 47 28 X 3 iE K # A 0.944 28.911 127.074
10 47 &8 X5 IE K %+ 0.978 28. 443 96.799
EoRES 0.973 26.378 89.498

F4 BT AE bR L ZE R

Table 4 Comparison of algorithm prediction and evaluation indicators

" R? MAE RMSE

XGBoost 0.973 26.378 89.498

Decision Tree Regression 0.907 48.629 168. 229
Extra Tree Regression 0.876 56.469 188.521
Random Forest 0.958 30.663 111.631
Bagging 0.942 33.385 122.463

Adaboost 0.502 331.625 352.759
GBDTH 0.963 40.478 96. 547

Linear Regression 0.595 195. 465 353.272
Support Vector Regression(SVR)wﬂ 0.192 158. 236 499. 368
K-Nearest Neighbors(KNN) 0.832 77.289 227.132

x5 KWEHEEMSHNE

Table 5 Important hyperparameter configuration for each algorithm
XGBoost n_estimators=>500,learning_rate=0.1,max_depth=>5
Decision Tree criterion="mse’ smin_samples_split=2
Extra Tree criterion= ‘mse’

Random Forest n_estimators=100

Bagging n_estimators=30

Adaboost n_estimators=>50
GBDT n_estimators=>50
SVM kernel=‘rbf’

Iy MR A v Y B 25 R AT 0L AR SCAT % T A9 XGBoost 2
PEA BB 3 WHE B T bR R* . MAE . RMSE H)H
E43 51 0. 973,26, 378.89. 498, 7 10 Rl HL#% 2% >) 52 1 iy 4f
b2 SR A B B SR LA SR AR e, 52 A
R 28 0F 93 v ) Bk AT X e, SCRk (21 )b is B GBDT 539%
R EER B WA A R AR RO B A R® Ry 0,55, KEHE
ST Y W ) BR B3 B A A (B I ACER B RFAE T A5 21 1 R 51
B BUMAE AL R* Ry 0. 84 M HLZ R, AR SCAYRRAE T2 )y ik
BB R A A RE R B, 5 LA 25 ) Sk
RAIAH H  XGBoost 7£ 3 WIF M 48 b5 L (1 e B[R #: B i, Bl
HLAR A . Bagging 51k (B A [ U3 X F 048 45 th B A A 45 1
IA R B . 5 XGBoost 119 25 i EE L, 11 £& 4 191 9 A0 52 ¢ 1) &
BB R® {HHE . 7E4548% MAE I, XGBoost % 1 19 {8
i, R 26. 378, FEALER AR A 30. 663, Lk 819 55 57 35 ) £ #1L M
Adaboost BRI B 22, 5 XGBoost B 2 M K., X T 48 Fr

RMSE ,XGBoost [RIFEHA b 19 S PR F£ 2, Bk GBDT Hik 5
HE R sh, KA R LR IZT bR 1 RIS XGBoost
R ONITE =Y IR

25 ik . XGBoost 7€ 3 T PE 4 45 A5 b (9 3 B AR AR A
T At T A L TR Ak SR A AR, MY DAAR G M Bk B BLR
HEESHEMZEER . BROME RS S0 2 E %
U — A e Al Lt o6 R 3 4 U 5 1Y XGBoost, GB-
DT Tt AL A PR3 2k T30 1) 288 SR 8 4. XGBoost 35 i —
By %% ) R FF AR AL F AR SR IR B8 T E 2 A X AR BN E B
FEINAT I TSk s AR A &2 2 B DA ks LA LA R
UF R TR . WFST 45 5 3 W0 L 78 AT R AF 1 420 B Ak B 1 3
fill L A B B A T A SRR A DL G b T BR 5L A9 B A

5 KERHMBMRE AR ST

5.1 EERBMHEEEME b

B 4 45 T i SHAP #8570 2 i i Bk 51 5 iF SHAP 4§
WAL B AR 43 E SRR AE 3 BT L ST ER B, T LU L R AL 2R AR
BRTEBAEE LAY RIS XGBoost B B 22 8/, Jo Hi A
188 MAE I .XGBoost A 26. 952, BEHLFE M N 30. 663, 1 F
HAnSE Y, s WA Bk R T E M E, JF 5 SHAP
value #EAT HLEE A3 #7 . 25 SR an 5k 6 Jir gl .
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Fig. 4 Summary of SHAP feature analysis

AR 4 e 5 SR TTLUE B, 3 BT IR X F AR AE Y
HEFHF AWM ES . 256 4057 T LIS I, reactions (L
fiE 711D . potential (¥ J1) . CF (Bk 5 7E P81 B BE 1) . CB
(ERBIAE 5 A & A8 71 fH) . ball_control (4% il Bk 68 71 fH) .
LR_MBR BUAEZE 47 v 5 o B B8 1 (B J2& 5% W 3k B B 4 11 G
A&, reactions(JZ I g J1 1B Fl potential (3% J1) 7€ 3 Fp & %
HEAT B HE e ERHEAE AT B L. BR T T  reactions ()2 B
fie ) SR Bk L TEFE Y b iy BR B AR JL il , 5% i 4 O 1) 1% 2
BREC A A7 A8 A DL R B4 1 BR AL 23 B BE 5 6 TF Bl S8 . OB
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THRERRAWE N . potential ( J1) X T 5Kk 5t & th B A5
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%0 SEPRFE AR . CFCER b3 76 WP 48 O & ik 1) . CB
(BB ETH )G DA ERE ) . LR_M Bk R 72 22 A h 35 1z

BRENEDMEZERE WKW TR LI AR B
ST B9 BE T 68 B i 5 5 R

2 6  XGBoost,Random Forest, SHAP %5 it R AF 8 5 & % Lt
Table 6 Feature importance comparison of XGBoost,Random Forest and SHAP algorithms
XGB Feature Importance RF Feature Importance SHAP Feature Importance
*4 feature value feature value feature value
1 reactions( KK it 7 f8) 0.451 reactions (KR fit 7 1) 0.457 potential (# #) 0.655
2 potential (i #7) 0.129 potential (& #7) 0. 268 reactions( L BL # #7 f8) 0.522
3 CF(3k 2 (0 B & 7 ) 0.076 CF(3k A P8 LB 7 i) 0.082 age( i) 0.166
4 ball_control (4 #| 3% # /7 &) 0.075 LR MOk REZAFHEERNME)  0.044 CFOGR R P HALE A 1) 0.123
5 CBO3k f & W J5 T AL  ) 0.056 CBOIk i £ % J5 LA E 47 15D 0.036 CB(3k £ W 5 T AL B # 7 ) 0.077
6 reputation( & [F 41 4 ) 0.042 CAMCE R W B E 8 4 1) 0.025 ball_control (# % 3k 8 # 14) 0.062
7 LR_MC3k B 2 £ 4 0 3 0 & # 1 18) 0.038 ball_control (i% # 3k # 4 &) 0.022 defend (I = & 7 14) 0.051
8 defend ([ =F # 47 18) 0.021 age(4F#) 0.015 LR MK RELEAEFFHMLE I E) 0.036
9 age(4£#) 0.020 ST(zk R &% (L F 4 ) 0. 005 short_pass(4 1% & J1 {5) 0.027
10 composure( s 3 % i # 47 14) 0.018 LR Wk R e 22 A b L E B8 7 15) 0.003 STk R 72 % % & 4 ) 1) 0.026

5.2 FARMCEMKRFNEMERSH

FERRTEG A BAR B B X 23 A (R 7 B R 3R A R A
AR RE S8 X 78 4% A0z A BT R SE A O 1 1] R L 26
TUMR U0 3 BR B TG TE B ST S h g R G T AT
MBI B LR PUE R HE BRI WL 2 o 20 7 S [a) o2 1 3K 5%
B B R BE 0 (B0 T 1 B A0 B 52 0 RE 618 O S [R] K 5 4 B A T
it B % B BT U 2 SR s A ) 5 4R B — RE Y ST . MR A B

M0 AR B, X R ] 6 ER B A B AT T, S R ML AR
M GBDT Fl SVM 535 78 o a8 7 80, 7 389 40 % iR 22 3 7 AR
W2 3 LR AR L PR X HS2uR . S IR 1R AR X L 4
=k 8 iy,

£ T TTIE R U E B IE S

Table 7 Specific features of goalkeeper position players

% & 4R 1 U # & A X TERA
i M5 5 80 R L P L R B B O R B AT dving 65,3407 60,0342 MHAK(EAE  HAE
R " N . X handling 63.0721 52.5301 74 45 2k CHe 7 1) #f A
BBk B 4 o 3t B A7 B BR G5 HAYER B IX
oA 3K DY SRS P TR A7 R 5L JLARBR B X kicking 61.7876 56.6055 [T FF 2k (o A 1D HEA
TV, B R 0 JE L ELRRRAE SR 7 TS reflexes  66.3196  66.8602 SES-84¢ TECP R
S 3 22 4 4 T A G M By B L e B A AE (9 F-Score B speed 37.7595  112.8965 T4 2 (o A ) HfH A
. . R . . position 63.2866  71.7033 1T (o B R (R A D B A
B B AT AR AR 2 B, 9T 38 T XGBoost B3k 43 9 8 57 Bk 5t &
F8 NI E R T T B A o L 2 2R
Table 8 Comparison of prediction and evaluation indicators of different location algorithm models
hE XGBoost Random Forest GBDT SVM
. R? MAE RMSE R? MAE RMSE R? MAE RMSE R? MAE RMSE
T4 0.971 18. 047 84.382 0.933 29. 045 122.633 0.938 29.219 118.101 0.013 129.963 495.123
E 0.965 24. 609 78.233 0. 943 29.663  104.453 0.951 35.381 95.313 0.193 123.178  403.597
¥+ 37 0.966 33.435 87.656 0.942 45. 964 143. 321 0. 954 51.604 126.726 0.176 175.283 541.601
# % 0.964 38.089  107.392  0.943 50.043  159.726 0.943 55.208 152,431 0.125 204.319 224,007
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Fig. 5 Summary of SHAP feature analysis of players in different positions
9 RNIFALE IR GURAE SHAP 20 1
Table 9 Feature SHAP importance comparison of players in different positions
#* [TH A E EMHEE AL E HHEME
4 feature value feature value feature value feature value
1 reflexesC [T KB fiE 4/ ) 0.622 potential (7 77) 0.601 potential (7 77 ) 0. 638 || ball_control(#% #| K & /1) 0.625
2 potential (i 77 ) 0.514 defend (% =F & 71 8) 0.579 || ball_control(4% | 2 & /7 1) 0.623 potential (3 #7) 0. 605
3 diving([TH#FhF e 4 ) 0.445 age(4E #4) 0.147 age(4F ) 0.271 age(4E ) 0.231
4 age(4#) 0.149 reactions( &R & 7 1) 0.016 reactions( KR & 77 18) 0.141 reactions( ;R £ 77 i) 0.155
5  hangling(JTH# 43K 4 5)  0.109 dribbleC# 2 # 77 15) 0.088 short_pass(H 5 fig 1 ) 0.048 shoot(4f T 71 15) 0. 106
6  position([TH AL E &4 # E) 0.103 || standing_tackle(# 2k 8 /1 ) 0. 059 cross(f W 88 71 ) 0.036 || positioning(fL & & # 4 )  0.062
7 reactions( X BL f 7 16) 0.071 physical ( & ) 0.058 || positioning(fi & & # 4 )  0.034 dribble(# 2 fit 77 15) 0. 046
8 kicking(IT# FF 3k # 4 4)  0.022 || ball_control(# #| 5k # 1 ) 0.042 dribble(# 3k & 41 1) 0.031 pass(f 3 & 77 ) 0.029
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Table 10 Players’ ability changes and valuations in different positions
G HEE/ . ; aHmuE/,  HHEWA/
4 a T _ _
T feature F 52 {H feature T | {& e P
Wb R& 1450 shoot (4 ITHE 77 ) : 74 shoot (4 T8 77 f) .79 1511. 64 +61. 64
L B8
LA AR 3550 composure \o 3 F i (# 4 1) :73 composure 5 3F F i (4 8 .78 3608.78 +58.78
bR N RE 3000 reactions( 5B i /7 8) :81 reactions( 5 K7 ¢ 7 18) : 86 3052. 64 +52. 64
o PE 1450 ball_control (4 #| 2k # 71 1) : 82 ball_control (3 #| 2k # 4 &) : 87 1753. 66 +303. 66
L M i 14 3200 standing_tackle( #f 2k # # {£) : 83 standing_tackle (#7 3k # 77 {H) : 88 3217.83 +17.83
" e & F # 4 5000 reactions( I i 77 1) .83 reactions( % i #7 ) : 88 5026. 27 +26.27
M B4 4 2200 position( 7 # i & & 8 /7 ) .76 position( |74 ¢ & & 4 7 15) .81 2275.29 +75.29
W E
£ 1100 handling ([T ¥ 42 2k 4 /7 () : 71 handling 74 42 3k (g 7 4 .76 1123.39 +23.39
P ER B L B 5.3, 1 A N A A T, o 2R O A4 BT X I 2R S ) o A5 S PR g SR v
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OO 1T i 3t 467 6 % DA B X 1 o i AL A AR AR S S BIAR T X T
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