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Ensemble Learning Method for Imbalanced Data Based on Sample Weight Updating
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Abstract The problem of imbalanced data is prevalent in various applications of big data and machine learning, like
medical diagnosis and abnormal detection. Researchers have proposed or used a number of methods for imbalanced
learning,including data sampling(e. g. SMOTE) and ensemble learning (e. g. EasyEnsemble) methods. The oversamp-
ling methods in data sampling may have problems such as over-fitting or low classification accuracy of boundary sam-
ples,while the under-sampling methods may lead to under-fitting. The Rotation SMOTE algorithm was proposed in this
paper incorporating the basic idea of SMOTE, Bagging, Boosting and other algorithms,and SMOTE was used to indi-
rectly increase the weight of minority samples based on the prediction result of the base classifier in the Boosting
process. According to the basic idea of Focal Loss,this paper proposed FocalBoost algorithm that directly optimizes the
sample weight updating strategy of AdaBoost based on the prediction results of the base classifier. Based on the experi-
ment with multiple evaluation metrics on 11 unbalanced data sets in different application fields, Rotation SMOTE can
obtain the highest recall score on all datasets compared with other imbalanced data learning algorithms Cincluding
SMOTEBoost and EasyEnsemble) ,and achieves the best or the second best G-means and F1Score on most datasets.,
while FocalBoost achieves better performance on 9 of these unbalanced datasets compared to the original AdaBoost.
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Given:Set S of examples { (x;.,y;) "+ (X, V) } » X, € X, with minori-

ty(positive) class y"€Y,|Y|=2.

1. Get new training dataset S'(X',Y') by creating N synthetic exam-
ples from minority class using the ADASYN algorithm if S is imba-
lanced.

2. Do for i=1---1

2. 1. Prepare the rotation matrix R} based on S'.

Split F(the feature set) into K subsets:F; ;(j=1--K)
For j=1---K
Apply PCA on X\’_J»(a random subset from X;; based on X" to
obtain the coefficients in a matrix C; ;
Arrange the C; ;(for =j=1:++K) in a rotation matrix R;
construct R by rearranging the columns of so as to match the
order of features in F.

2. 2. Build a boostSMOTE classifier by X' X Y'~=[0,1] using (X'R’,

Y') as the training set

L
3. Output the final hypothesis: H(x) =arg max > h (x'R’.y")
Jey il

D S5, M ADASYN 5k d2 ul i o B8 A 1958 B AC
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MK AFE, N TH-ANRIEREATE X, PR B

ZTREAR, Z 5l bootstraping BEML RS 2] X7, , #XF H

HEAT PCA K IXFE Y 2 SRR AL T 46 19 PCA &5 3 3847 5 0 HF
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Given:Set S of examples {(x;,y,) s+ (X »ym) ) »X; € X, with minori-

ty(positive) class y' €Y, |Y|=2.

1. Initialize the distribution D; over the new examples S, such that
D, (D =1/m.

2. Get temporary training dataset S, and distribution D, by creating
N synthetic examples from minority class using the ADASYN algo-
rithm if S is imbalanced.

3. Do for t=1,T
3. 1. Train a weak learner on S, using distribution D,’.

3. 2. Get back a weak hypothesis h,: XX Y—>[0,1] and predict S to
get the false negative (FN) instances and the true positive
(TP) instances.

3. 3. Calculate the pseudo-loss (for S and D,) :

&= 2 DDA —h(x,y)+h(x.y)
Gy, #y
3. 4. Calculate the weight update parameters 3, = lgf‘sy w, = %
(1—h(x,y:y7Zy) +h(x,y)) and then update D,: D1 (1) =
D) |,
Z, P

3. 5. Creating N synthetic examples from FN or TP using the ADA-
SYN algorithm and get temporary training dataset S, and

their weights D{ ;.

T
4. Output the final hypothesis: H(x) =arg max 2 h,(x,y)log L
yEY =1

B
DE G, 0 T Rotation #4175 3 B AR S (e 4 J5 75
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Table 1 Basic information of imbalanced dataset
W %ﬁ? HAEE /}3&51: %iﬁ(é& T—TF@THQ@
% Z KA AR AR H (HHE D BB

spambase 57 4601 1813 2788 1.5
ionosphere 34 351 126 225 1.8
pima 8 768 268 500 1.9
breastcancer 10 699 241 458 1.9
biodeg 41 1055 356 699 2.0
phoneme 5 5404 1586 3818 2.4
vehicle 18 846 199 647 3.3
page-blocks 10 5473 560 4913 8.8
satimage 36 6435 626 5809 9.3
fengji 6 11766 197 11269 22.7
mammography 6 11183 260 10923 42.0

5.2 MEEIFEMHFIZE

X T AP R B 2 2D N0 — R R A R Y DT A
Tk BAREAGE R, I, AR SCRBUT 4 FAS [ Y 48 b1k
X AR Y ) B8 AT P A L 045 Precision, Recall, F-measure I
G-mean, XEEFEAREE SLANTT

TP
TP+FP

TP
TP+FN
(1+B7) « Precision * Recall
B ? « PrecisiontRecall
Hodr, 3 AT Precision Ml Recall X2 M1 2 50 (B 1
H A F1Score) ,

Precision=

Recall=

F-Measure =

rp TN
mean — - e T
G-mean \/TP FNXTN P ~TPR +« TNR

TE AR 2 53 26 N0 4B v L B A 6 S Ay B Al BB 3t 41 T A
B AR AR AR U R, U TE S R I R B AT A RS TT R
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F2—F£ 5T TAXEE  Rotation SMOTE F HAlh
ZA G RITE 1L DB RIS R AL Recall, Preci-
sion,G-mean fl F1Score. [A] I 38 45 T BT 43 K046 48 /9 F 35 v
fig . X TR IHE AR, S 2 AR IR 2 ABURE AR L AR S SR
R .

# 2 Recall PEREXT EE

Table 2 Performance comparison of Recall

Random

DataSet Rfmdom Forest_ SMOTE ] Easy ‘boo:%t‘ ] I?omt’i(‘)rf
Forest SMOTE Boost  Ensemble SMOTE SMOTE
vehicle 0. 8845 0.9650 0.8189 0.9697 0.8747 0.9750
phoneme 0.7863 0.8594 0.6374 0.8222 0.7004 0.8808
satimage 0. 4460 0.5691 0.4258 0.8868 0.6172 0.9297
page-blocks 0. 7964 0.8625 0.7107 0.8786 0.7125 0.9768
fengji 0.3541 0.5433 0.3379 0.8631 0.6415 0.9216
pima 0.5521 0.6155 0.6570 0.7611 0.6823 0.7840
spambase 0.8925 0.9013 0.8787 0.9062 0.8946 0.9305
biodeg 0.6875 0.7525 0.7613 0.8735 0.7749 0.8791
mammography 0.5077 0.7346 0.4385 0.8538 0.6077 0.8885
ionosphere 0. 8590 0.8359 0.8128 0.7673 0.8365 0.8994
breastcancer 0. 9255 0.9422 0.9092  0.9338 0.9505 0.9835
FHE 0.6992 0.7801 0.6717 0.8651 0.7539 0.9135
2 3 Precision HEREXT b
Table 3 Performance comparison of Precision
DataSet Random };2?::)31 SMOTE Easy boost  Rotation
Forest SMOTE Boost  Ensemble SMOTE SMOTE
vehicle 0.9360 0. 9396 0.8593 0.5153 0.8506 0.7704
phoneme 0. 8626 0.8219 0.6611 0.5978 0.6294 0.5263
satimage 0.7286 0.6071 0.4057  0.3436  0.4533  0.3056
page-blocks 0. 8667 0.7957 0.7889 0.7035 0.7984 0.5663
fengji 0.6744 0.4237 0.6443 0.3272 0.4506 0.2742
pima 0.7014 0.6384 0.6542 0.6164 0.6459 0.5779
spambase 0.9322 0.9235 0.9051 0.8850 0.8766 0.8233
biodeg 0. 8260 0.8190 0.7003  0.6663 0.7057 0.6633
mammography 0. 8779 0.5801 0.7653 0.1692 0.5810 0.1488
ionosphere 0. 9366 0.9226 0.9026 0.9732 0.8793 0.9289
breastcancer 0. 9522 0.9433 0.9362  0.9408 0.9461 0.9332
P34 (8 0. 8450 0.7650  0.7475 0.6126 0.7106 0.5926

24 G-mean TEREXT

Table 4 Performance comparison of G-mean

Random )
DataSet Random Forest SMOTE Easy boost  Rotation
Forest . . Boost  Ensemble SMOTE SMOTE
SMOTE
vehicle 0.9303 0.9719 0.8830 0.8214 0.9105 0.9386
phoneme 0.8631 0. 8901 0.7416  0.7955 0.7577  0.7666
satimage 0.6370 0.7253 0.5566 0.8432 0.7375 0.8383
page-blocks  0.8784 0.9125 0.8194 0.9068 0.8238 0.9362
fengji 0.5825 0.7049 0.5405 0.8407 0.7431 0.8475
pima 0.6912 0.6976 0.7234 0.7515 0.7351 0.7341
spambase 0.9237 0.9247 0.9081 0.9125 0.9029 0.8933
biodeg 0.7931 0. 8268 0.7900 0.8149 0.7960 0.8133
mammography 0.7104 0.8506 0.6573 0.8762 0.7647 0.8827
ionosphere  0.9084 0.8920 0.8732 0.8616 0.8815 0.9276
breastcancer 0. 9485 0.9539 0.9355  0.9499 0.9592 0.9720
1 0.8061 0. 8500 0.7662 0.8522 0.8193 0.8682

# 5 FlScore MERERT 1L

Table 5 Performance comparison of F1Score

Random

. Random SMOTE Easy boost  Rotation
DataSet Forest_
Forest . . Boost  Ensemble SMOTE SMOTE
SMOTE
vehicle 0.9070 0. 9505 0.8345 0.6673 0.8588 0.8571
phoneme 0.8224 0. 8398 0.6483 0.6920 0.6587 0.6580
satimage 0.5357 0.5815 0.4137 0.4923 0.5098  0.4575
page-blocks  0.8104 0.8148 0.7182 0.7558 0.7248 0.7038
fengji 0.4340 0.4202 0.3539  0.4134 0.4454 0.3774
pima 0.6148 0.6198 0.6492 0.6800 0.6605 0.6639
spambase 0.9113 0.9114 0.8912 0.8943 0.8840 0.8712
biodeg 0. 7440 0.7808 0.7237 0.7510 0.7307 0.7505
mammography 0.6412 0. 6457 0.5515 0.2823 0.5469  0.2546
ionosphere  0.8918 0. 8720 0.8467 0.8416 0.8538 0.9107
breastcancer 0. 9363 0.9405 0.9195 0.9357 0.9463 0.9569
A 0.7499  0.7615 0.6864 0.6732 0.7109 0.6783
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