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Xgboost algorithm optimization based on gradient distribution harmonized strategy

LI Hao, ZHU Yan'
(School of Information Science and Technology, Southwest Jiaotong University, Chengdu Sichuan 611756, China)

Abstract: In order to solve the problem of low detection rate of minority class by ensemble learning model eXtreme
gradient boosting (Xgboost) in the binary classification problem, an improved Xghoost algorithm based on gradient
distribution harmonized strategy called Loss Contribution Gradient Harmonized Algorithm (LCGHA )-Xghoost was proposed.
Firstly, Loss Contribution (LC) was defined to simulate the losses of the samples in Xghoost algorithm. Secondly, by
defining Loss Contribution Density (LCD) , the difficulty of samples being correctly classified in Xgboost algorithm was
measured. Finally, a gradient distribution harmonized algorithm called LCGHA was proposed to dynamically adjust the one
order gradient distribution of samples according to the LCD. In the algorithm, the losses of hard samples (mainly in minority
class) were indirectly increased, and the losses of easy samples (mainly in majority class) were indirectly reduced, making
Xgboost algorithm tend to learn the hard samples. The experimental results show that compared with three ensemble learning
algorithms Xghoost, GBDT (Gradient Boosting Decision Tree) and Random_Forest, LCGHA-Xghoost has the recall
increased by 5. 4%—16. 7%, and Area Under the Curve (AUC) improved by 0. 94%-7. 41% on multiple UCI datasets, and
the Recall increased by 44.4%-383.3%, and AUC improved by 5.8%-35.6% on WebSpam-UK2007 and DC2010
datasets. LCGHA-Xgboost can effectively improve the classification and detection ability for minority class, and reduce the
classification error rate of minority class.
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Fig. 1 Flowchart of LCGHA-Xgboost algorithm
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Tab. 1 Data distribution of UCI datasets
5 FIEITE S FEARL FRERL  APA LR
01 Ecoli 336 8 6. 636
02 Glass 214 10 3.196
03 Yeast 1484 8 8.104
04 Climate 540 20 10. 730
05 Leaf 340 15 5.538
06 lonosphere 351 34 1. 786

WA SCER PEBE THREACTE 2 R P %45 K Y WebSpam-
UK2007"" 1 DC2010" " fF Ry A ¥ 19 5 50 048 4 . WebSpam-
UK2007 2 ph 5735 160 UG Bk ke BE RIS PEAS B AT R Web 1
W41 (AIRWEB) T 2007 4F Y 4 19 28 JF Bk 4 O 2R L -
https : //chato. cl/webspam/datasets/uk2007/) , = % i T 2008 4F
B o RS T M R PR . DC2010 H 4k 4E 2 Hh f 28 R B2 B
(the Hungarian Academy of Sciences) T 2010 S U5 B 28 JF %k
W AE (T 2k ™ kR . https://dms. sztaki. hu/en/download/web-
spam-resources) , 7 % FHl T 2010 4F ECML/PKDD & BL Bk 1. 5E .

Ft WebSpam-UK2007 5454 8 2855 {5 S84 25 R UL e AR R b
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Tab. 2 Data distribution of Web spam datasets

P pIGE S FEARCRE, FRIERCRE AP L3R
07 WebSpam-UK2007 5798 75 17. 059
08 DC2010 1412 96 25. 148
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SR DRANSY-A7 43 S T8, AL A UERf R RSB R e bR 2 A
M. ASCIA T AUC(Area Under the Curve ) R IG R PEA
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Tab. 3 Confusion matrix
e T 50
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AUC 72 # 52 & #: 1B ¥ 1 il & (Receiver Operating
Characteristic curve, ROC) TR TH AL, BUEE 0 F] 1 Z 0] . 15
1% (Precision) . 3 [0 (Recall) . F1{H A AUC ZE35 b3t
wmr.

Precision = TP/ (TP + FP) (14)
TP
TP+ FN 1
Recall TP + FN (15)
2 X Precision X Recall
K= = (16)
Precision + Recall
rank; — NP(NP + 1)/2
AUC — i € PositiveClass (17)
NP x NN
Forr: NP FRIR IERFEA (DB BB NV R AR (2
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LCGHA-Xghoost 512 5 4 i 4 Ay i A 1 1 B o 20 S fb A 70}
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Tab. 4 Classification performance comparison of different algorithms on different datasets
. Ecoli Glass Yeast Climate
Fk Recall F1 AUC Recall F1 AUC Recall F1 AUC Recall F1 AUC
Random_Forest 0.8000 0.8889 0.9000 1.0000 0.9714 0.9907 0.7778 0.7706 0.8740 0.7500 0.7742 0.8659
GBDT 0.8667 0.9286 0.9333 0.9412 0.9697 0.9706 0.7778 0.8000 0.8786 0.7500 0.7742 0.8659
Xgboost 0.9333 0.9655 0.9667 0.9412 0.9697 0.9706 0.7593 0.7810 0.8682 0.7500 0.7500 0.8628
LCGHA-Xgboost  0.9333 0.9655 0.9667 1.0000 1.0000 1.0000 0.8333 0.7627 0.8949 0.8125 0.8966 0.9062
N Leaf Tonosphere WebSpam-UK2007 DC2010
Fk Recall F1 AUC Recall F1 AUC Recall F1 AUC Recall Fl1 AUC
Random_Forest 0.6667 0.8000 0.7847 0.8810 0.9136 0.9271 0.1593 0.2609 0.5777 0.4444 0.5161 0.7168
GBDT 0.6667 0.8000 0.8333 0.8810 0.9136 0.9271 0.3894 0.3777 0.6739 0.5000 0.4286 0.7336
Xgboost 0.6111 0.6667 0.7847 0.8810 0.9250 0.9338 0.3274 0.4181 0.6564 0.5000 0.6207 0.7478
LCGHA-Xghoost  0.6667 0.7273 0.8177 0.9286 0.9398 0.9510 0.7699 0.3042 0.7836 0.7222 0.2737 0.7911
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DC2010 454 I, LCGHA-Xgboost 73 257 i, H AUC1H
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