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XGBoost for Imbalanced Data Based on Cost-sensitive Activation Function

LI Jing-tai and WANG Xiao-dan

Air and Missile Defense College. Air Force Engincering University. Xi’an 710051, China
Abstract For binary classification with category imbalance,a cost-sensitive activation function XGBoost algorithm (CSAF-XG-
Boost) is proposed to promote the ability of recognizing minority samples. When XGBoost algorithm constructs decision trees.un-
balanced data will affect split point selection,which lead to misclassification of minority. By constructing cost-sensitive activation
function (CSAF), samples in different estimation are under different gradient variations, which approach the problem that the
gradient variation of misclassified minority sample is too small to make samples be recognized correctly in iterations. The experi-
ments analyze the relation of imbalanced rate (IR) to parameters,and compare performance with SMOTE-XGBoost, ADASYN-
XGBoost,Focal loss-XGBoost and Weight-XGBoost on UCI datasets. As for recall rate of minority, CSAF-XGBoost surpasses the
best methods 6. 75% in average and 15 % in maximum with Fl-score and AUC score in the same level. The results prove CSAF-
XGBoost has better performance in recognizing minority class samples and wider applicability.

Keywords Cost-sensitive, Logistic regression,Data imbalanced classification, XGBoost, Activation function
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5.3 RAEEZEMDEBRITLE

i Jl SMOTE-XGBoost & 3212 ADASYN-XGBoost
2] Weighted-XGBoost™ % | Focal-XGBoost™" %2 D) K&
A% 3C AR A BEURR S G PREIGX 5 R T TR AR R 2E R L D B 3

T 1 SRR LR R ARG R
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AL U 4 R SR B AT SR Ok B UCT B 4 Table 1  Statistical characteristics of datasets
SR BRI 1 B, — —
: o X \ . WK BE FTH RA : ‘ — :
T AT B B 2 R DL S0 (A Bk R AR BRI Y iy ;‘E W mE wa EFE SR E#E SRR
BB 2 BT nEuE HERE
- X . . " . s wilt 6 57.64 4839 4339 74 4265 500 187 313
R R MR BURROR FEUR SO DHE 0 e a1 e s m e a1
FEARP BN TEM P8 bR B/ B R & . M b Weighted-XG- yeast3 8  7.87 1484 1038 117 921 446 46 400
Boost 553, DB HEA MY & 2848 & T 0.05~0. 20, F, {HF ccoil 8 3.12 336 235 57 178 101 20 81
F2 ST E S
Table 2 Hyper parameters of algorithms
ok 4 - HEREE ; -
wilt glassl yeast3 ecolil
‘learning_rate’ ;0. 434, ‘learning_rate”:0.5, ‘learning_rate’:0.5, ‘learning_rate’:0.5,
‘max_depth” .5, ‘max_depth” .7, ‘max_depth” .7, ‘max_depth” .9,
XGBoost(origin) ‘min_child_weight”:1. 275. ‘min_child_weight”:1.578. ‘min_child_weight”:7. 438. ‘min_child_weight”:3. 346.

Weight-XGBoost
Focal-XGBoost
Csaf-XGBoost

‘gamma’ ;0. 169,
‘n_estimators” : 40
imbalance_alpha=60
gamma=2

alpha=32,beta=7

‘gamma’ ;0. 1.
‘n_estimators” ;42
imbalance_alpha=5
gamma=2

alpha=3,beta=2

‘gamma’ ;0. 1.
‘n_estimators” ;13
imbalance_alpha=38. 1
gamma=2

alpha=5,beta=3

‘gamma’ ;0. 449,
‘n_estimators” ;35
imbalance_alpha=3. 4
gamma=3

alpha=3,beta=1. 2

SMOTE-XGBoost

SMOTE:
random_state=1,
k_neighbors=20
XGBoost:

‘gamma’:1.0,
‘learning_rate’ :0.5.
‘max_depth” :4.0,
‘min_child_weight’:2.79,

‘n_estimators” ;39

SMOTE:
random_state=1,
k_neighbors=5
XGBoost:

‘gamma’ ;0. 1,
‘learning_rate’:0.5,
‘max_depth” ;6
‘min_child_weight’ ;0. 1,

‘n_estimators” ;33

SMOTE:

random_state=1,
k_neighbors=10

XGBoost:

‘gamma’ 0.1,
‘learning_rate’:0.5,
‘max_depth” .7,
“min_child_weight”:2. 55, ‘n_

estimators” ;45

SMOTE:

random_state=1,
k_neighbors=10

XGBoost:

‘gamma’ 0.1,
‘learning_rate’:0.5,
‘max_depth”: 8, “min_ child _
weight” ;1. 77.

‘n_estimators” ;35

ADASYN-XGBoost

ADASYN:
random_state=1,
n_neighbors=20

XGBoost :

‘gamma’:0.19.
‘learning_rate’:0.47,
‘max_depth’:4,
‘min_child_weight”:0. 58,
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random_state=1,
n_neighbors=5

XGBoost :

‘gamma’ ;0. 1.
‘learning_rate’ :0.5,
‘max_depth”:6,
‘min_child_weight”:0. 1.

‘n_estimators’ ;27
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random_state=1,
n_neighbors=10

XGBoost :

‘gamma’ ;0. 14.
“learning_rate” :0. 32,
‘max_depth”:6,
‘min_child_weight”:2.32,‘n_

estimators’ : 34

ADASYN:
random_state=1,
n_neighbors=10

XGBoost :

‘gamma’ ;0. 1.
‘learning_rate’ :0.5,
‘max_depth” .6,
‘min_child_weight”:0.47,

n_estimators’ :43
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