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An Over-Sampling Algorithm for Maximum Entropy Optimization Based on Boot-
strap Method

LEI Tiangang, CHEN Gang
(School of Science, Dalian Maritime University, Dalian 116026, China)

Abstract: With the advent of the data era, the classification of unbalanced data is receiving more and more
attention. In the classification of unbalanced data, classification results are often incorrect due to an
imbalance in the ratio of minority class samples to majority class ones. Therefore, we propose an
oversampling algorithm based on the Bootstrap method under the maximum entropy principle. Firstly, the
probability distribution of the data sample is obtaited through self-help method and optimized using the
principle of maximum entropy. Secondly, a probability enhancement algorithm based on minority class
sample distribution is proposed based on different abilities of minority classes to generate new minority
classes. The algorithm allows the randomness of the data to be fully represented and ensures that the
probability density of the minority class remains consistent before and after the data set is balanced, thus
improving the effectiveness of the classification algorithm. Finally, experiments are conducted by selecting
eight data sets from the UCI and KEEL databases, whose results show that the proposed algorithm is more
effective than other algorithms.

Key words: unbalanced data; Bootstrap method; principle of maximum entropy; probability enhancement;

classification
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(23) while 4l JEF 5 do
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(27) end for
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FE S, BB 8 41Ok F UCT A KEEL
B i AT R L R 1 TR . X
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Table 1 Basic information of unbalanced datasets

T PN S E R o PR T IR
(IR) L 4 A5 ] , 350 BE A F T 4 17 10 1 V7 Wine_1_vs_2 130 13 120
i o BT R R Ay S, BT DX R R 4L Data_banknote 1372 4 1.25
it AT T e e, T AT B S 2 ) Y 4L Ecoli_cp_vs_im 220 7 1.86
o AT R IR A R Pima 768 8 1.87
_ ZHCRHAR (15) Yeastl 1484 8 2.46

DB R AR KR Glass_2_vs_7 105 9 2.72

3.2 FHIEtR New _thyroid 180 5 5.00
PLAE 2 e — A T 2 43 35 il B L vpr 48 yeast-0-5-6-7-9_vs_4 528 8 9.35

PARIC W IE R B o 45 5 — A th 2 80k
TR A 0 A0 B A A 0 a0 A A T 20 R I AE 55 A0 R O B REAR R — A AR A . BRUE
DR N IE Z R T, N — A TAE S 2R g D nT LAAR TS 4 BT RE AU 2R P4 TP R FP LR
B TNCRBBA PR FN G SR B A 45 5302 15 69, 92 PR EL W2 1B 09, I8 A B8 oy B E o Rl , 24
T 235 5 0 S B 2 O G D O B . ) A 2R

®2 REBEERE
GO B TE B D04 T o R T 4% 8 O Table2 Confusion matrix
T 5% B A Ay G B DU R A BB o ol T o A
(Ace) A filg B — 4 A o B A% AF T4 K4 4 5 ) 2 1) 95 HEH g P
Fro L, R AUC . Acc.Sen.Spe . Pre fll | {f 3 % & e TP FN

%
0 R VE R BEAT PR AR B AT I R 2 A IR A HE MR 2ROk FP TN
B B E AN

TP FP
N TN
AUC— TP Fl\; TN + FP (16)
TP+ TN
Acc= 17
T TP+ TN+ FP+ TN an
TN
Spe (18)

~ TN+ FP
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Sen—— 10 (19)
ST P L EN
p 1P (20)
re ———————
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2+Sen-Pre
F, =22 e (21)
Pre + Sen

3.3 fEEE

JIT O 1 2 2 SR AR SR Y A, D B A X A AR E AT LA . ARSI BRI T U SR AN o e 8
VE R Sz o rf (4 25 28 0 4 RS A 3RS, 43 )2 ID3 B8 CART 83 VM C4.5 8 1,
HoAf CART S83E M0 - 25 mUA A 500k B R e W A il i) — PR A 20507k . CART Bk —F b 14
R EE AR YRR AR 43 R A FREAS A5 A i 09 AR AR TS S B A4 3, R CART ik
Az 8114 R SRR 2 45 A TR T T SO o DR SR DR R ) S e A R R B 1 AR X i L T AN R B AT 1
PEBE , B LAFE 256 FP R I T CART S A0 BN S Bk AR 56 .
3.4 ZXWHER

e BAR AN DL T 3 T U1 S BT F 7 Y 20 2R AR AR N R KR MR A0 A P (YIX ) W ESEBE AL, SR 7E
S NS N e R [ R R I R s ol TR B9 1= R - S N YNl Y T SR
R o3 R TR 3 R R I B BU SRR AEAR SL G i B SRR T 1k 8 2 A ST A B R AT T R R AR T
T RAE ) OCHEAE TR AEAEA R L, T AR IO R FEFEA MBS 2 0B . R 3RIN DB ALE
BRI 15 T HE 2R A0 AR R p (classllz, ), Hob class1 AR 3R DR &, BEASBUHE 45 14 /D Bk
FEAR

x3 DBEBERLSHMEE
Table 3 Minority class probability distribution probability value

LGRS R AE
Wine 1 vs 2 0.751 0.784 0.718 0.612 0.720 0.738 0.678
Data_banknote 0.579 0.561 0.563 0.547 0.561 0.550 0.549
Ecoli_cp_vs_im 0.503 0.373 0.612 0.526 0.595 0.634 0.580
Pima 0.535 0.526 0.538 0.458 0.571 0.618 0.432
Yeastl 0.388 0.435 0.417 0.436 0.411 0.405 0.419
Glass_2 _vs_7 0.483 0.545 0.636 0.617 0.642 0.696 0.603
New _thyroid 0.582 0.485 0.508 0.491 0.523 0.537 0.412
yeast-0-5-6-7-9 _vs 4 0.317 0.333 0.338 0.313 0.283 0.270 0.289

3.5 BEiERR

g 7 2D VAL B R B PR RE B AR SCER I BB B R 5 A S A3 7E (ADASYN, SMOTE, Bor-
derline]1-SMOTE, Borderline2-SMOTE fl ORIGINAL) 7 AUC ,Acc.Sen . Spe . Pre #1 F {8 - 48 45
HEAT PO, 5 B SR VA Y 2, AN SO b BT U5 R B Y Bk A 208 i python AURS S ELAY . TE LA A
ADASYN, SMOTE. Borderline-SMOTE . Borderline2-SMOTE iX 4 Fl' 5 & #B fff H T python fJ
imbalaned-learn 0.8.1 i A A9 BRINZ 80, ORIGINAL 55 9% 8 15 J5 4f A S Ay B0 b AS A2, B 4% 6 35 S 1 504
BEAT A BT WM R R T 45 AR R IE M 8 A LA L .
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Fig.1 Evaluation index curves of probabilistic enhancement algorithms

AUC & —Ff 5 HI 09 73 JERE R VE 168 b, T A5 B0 S8R B fE . AUC IIREVE I 03 1 2
], A K ROR A KA M PERE MR Gr o 6 FP B 1L 9 AUC XF HL N 38 4 T 7R |, 36 Data 1~Data 8 43 Bl % hif
B P Data_banknote , Ecoli_cp_vs_im, yeast-0-5-6-7-9_vs_4. Glass_2_vs_7., New _thyroid , Pima, Wine _
1_vs_2 Yeastl, i3 4 X5 W52 50 8048 9 AUC PN 48 b5 IEW] 187 Bk 7E 2 S B0 4R B A ok o
SR S5 B AR B, RSB 7E Data 4 Data 5l Data 6 5085 4 F 9 AUC {H 4351 ) 0.945.0.973 #1 0.762.
HBARA SR R 5 SMOTE 55325 19 35 W UBOM 7], = 0 35 A0 LU, A SCHE 2 T SMOTE S ik . X
P WA SCH 1 B A8 A AU AR i 2 AR MR R L AE S M HO R SRR A b A

R4 BETRRWUSLEVRPWAUCHERER

Table 4 AUC comparision results based on decision tree classifier

(= RGS Data 1 Data 2 Data 3 Data 4 Data 5 Data 6 Data 7 Data 8
ADASYN 0.978 0.953 0.871 0.936 0.941 0.741 0.890 0.754
Borderlinel 0.986 0.972 0.901 0.926 0.947 0.735 0.926 0.767
Borderline2 0.985 0.954 0.856 0.945 0.905 0.730 0.868 0.727
ORIGINAL 0.984 0.960 0.680 0.906 0.919 0.681 0.909 0.631

SMOTE 0.985 0.973 0.904 0.938 0.970 0.761 0.928 0.759
AL 0.985 0.923 0.896 0.945 0.973 0.762 0.900 0.760

Acc 8 BRI 73 45 1 JE UL 26 0 — Fh 2 5 05 52X, B R OR 0 AR AE T A REAS TR OE B 2 R L AE
A3, Ace 8 BR8P AR AN [R) 830k A8 Al P BHE 4 R IR R R, 6 FhBLEE Y Ace X 4N R 5 T
Ro MRS TR LIE A SCR LA K 28080 2 B 1 Acc 8 A5 #B L Ho A B % &, Rl 2 #E Data 2 Al
Data 7 b, AR SCH LAY Ace $8 4743 9135 2 T 0.983 1 0.979, 1 = F Hofth 7 ik o [l A, 78 Hofb 38k p
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Table 5 Acc comparision results based on decision tree classifier

Bk Data 1 Data 2 Data 3 Data 4 Data 5 Data 6 Data 7 Data 8
ADASYN 0.983 0.955 0.885 0.947 0.951 0.749 0.950 0.755
Borderlinel 0.984 0.965 0.914 0.934 0.973 0.720 0.966 0.745
Borderline2 0.985 0.941 0.863 0.948 0.927 0.716 0.895 0.736
ORIGINAL 0.984 0.964 0.877 0.933 0.956 0.697 0.915 0.689

SMOTE 0.986 0.965 0.909 0.948 0.960 0.758 0.972 0.762
AR 0.989 0.983 0.927 0.948 0.973 0.769 0.979 0.772

SMOTE 83578 K ZH080R 4 iR T 8419 Ace H6 45

Sen 48 b5 A2 43 S 4% 1E 6 TN Ay 1F 28 09 RE AR K 7 S BR R IE S I RE A B L . 3R 6 LhAR T ORI R
FERE AR SCHEAE SN BE B by AR BUREE R I . IR al DL M A SCRIE e R 2 8080 %
) Sen 35 AR #F HL H A 5 B2 L 4 B2 7 Data 1. Data 2 fl Data 7 |, A SCE B Send5 52 s3] T
0.991.0.986 F1 0.988 , iz & T~ HoAth 5 12 o 3X 2 WA SCH 1 78 b BRSP4 25040 43 26 1) | 2 A AR 4 1) &%
S RBAE T A b U A RO AR AR

F6 ETRREMDLBAISen LRER

Table 6 Sen comparision results based on decision tree classifier

Bk Data 1 Data 2 Data 3 Data 4 Data 5 Data 6 Data 7 Data 8
ADASYN 0.987 0.950 0.879 0.934 0.947 0.740 0.959 0.722
Borderlinel 0.986 0.951 0.904 0.895 0.967 0.700 0.946 0.710
Borderline2 0.988 0.931 0.870 0.936 0.893 0.702 0.875 0.716
ORIGINAL 0.988 0.964 0.918 0.945 0.980 0.786 0.907 0.773

SMOTE 0.987 0.966 0.872 0.946 0.953 0.746 0.905 0.715
AL 0.991 0.986 0.937 0.948 0.973 0.762 0.988 0.762

Spe 8 bR J2: 4 43 IS5 76 TN 674 A B 0 o 6 25 BB S 00 A A v e I A S O PR AS B B . T
G T 3 F U SR o AR R BIEAE 8 B 48 L1 Spe FEAR LR G5B . WRPATLLE A XHE
BAE R Z OB DARIUS T 5 i 19 25 L il /& 7€ Data 1 # Data 2 |, H: Spe #4543 5l 5 8] T 0.987
F110.980, 3 /85 T Hifth 5 v o 33 6 WA A SC A vk A Ak B A S 4 B0 dE 43 2 Il B ELA St o v g o RIS, AT
PR BAEA R B 4 B AR A 5 R AT . Bl 40, 78 Data 3 fll Data 8 |, SMOTE 75 i R BLIR 4, 1
£ Data 6 I, ADASYN J7 i 3R B A o 3 8 W AE 52 B o7 FH v, 7 8 A 4l EL AR B50A0 4 00 p m E BR 5 3 1Y
B Ab BT %

Pre 48 b5 /2 45 5325 &5 75 BU B 1E 8 53 28 AR AR B0 SORE AR B L il . 3 8 R TR TR 4 2K
A B AN T B 3 A Y0 M A 2R TR LR A . IR T AT LU, AR SRR A R A BHe 4 1Y Pre
g g F A BSHE Ab 3E J5  , 2R WR SCH T A 43 28 AR TR0 O T B T s i A . BRI AR SCARL R
1t Data 1. Data 2.Data 3.Data 6 1l Data 8 L #J Pre {43 ] & 0.987.0.982.0.952.0.806 11 0.836, ¥ & T
HABCHE AL B 4 o I AE Data 4 \Data 5 fil Data 7 b, A% SCH 3 89 Pre {843 %1 0.958 .0.979 1 0.975 , W
fiXF Borderlinel /7% o £ BT IR | 56 P S0 3 25 25 1 52 50 45 S 3¢ B, A SO0 vk A 100000 of o 38y 1hT L
A e B AR B, AT DU R0 B8 55 43 S 25 A% 1000 o 1
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Table 7 Spe comparision results based on decision tree classifier

Bk Data 1 Data 2 Data 3 Data 4 Data 5 Data 6 Data 7 Data 8
ADASYN 0.979 0.958 0.891 0.959 0.955 0.758 0.943 0.785
Borderlinel 0.982 0.979 0.925 0.975 0.980 0.740 0.986 0.780
Borderline2 0.980 0.951 0.855 0.959 0.960 0.730 0.914 0.757
ORIGINAL 0.979 0.963 0.490 0.900 0.833 0.529 0.933 0.480

SMOTE 0.984 0.966 0.946 0.946 0.967 0.770 0.971 0.810
AR 0.987 0.980 0.917 0.950 0.973 0.776 0.971 0.782

£8 ETRRMIEBHIPrelt AR

Table 8 Pre comparision results based on decision tree classifier

Bk Data 1 Data 2 Data 3 Data 4 Data 5 Data 6 Data 7 Data 8
ADASYN 0.983 0.962 0.893 0.968 0.957 0.767 0.953 0.766
Borderlinel 0.986 0.980 0.928 0.975 0.981 0.740 0.988 0.782
Borderline2 0.984 0.952 0.858 0.960 0.957 0.729 0.936 0.759
ORIGINAL 0.983 0.980 0.945 0.968 0.970 0.758 0.951 0.785

SMOTE 0.984 0.967 0.943 0.956 0.971 0.769 0.975 0.796
AL 0.987 0.982 0.952 0.958 0.979 0.806 0.975 0.836

FEZAG R R BRI, S8 T RS mEM AR R, RIRER T ZMLR
FER R PO LA A5 R A T S MR B AR SCIR I B E S M B £ L F . NEH
A LLE AR SCRIE LT AR T B4 BRI 6 JL P B LA g s . FR B2 7E Data 1. Data 2 F1
Data 7 50884 b, A SCE 09 F 853 %125 0.989.0.983 F10.980, B i i T HiAth I7 vk . X A S L AE
SR A A AR oy e PERE . AR IR FT L B, ADASYN Ml Borderline2 J7 2 78 L i 4 4 I
FIARAE, L F EBAK . X 0] RE S P 3 26 5 I A8 A A BORE AR B 3k B RO T D SO R AR, R B0
Go P AR SCH LA R 2B LRI 0, B B0 5 2k fg .
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Table 9 F,-value comparision results based on decision tree classifier

Bk Data 1 Data 2 Data 3 Data 4 Data 5 Data 6 Data 7 Data 8
ADASYN 0.985 0.953 0.885 0.947 0.950 0.752 0.951 0.741
Borderlinel 0.986 0.964 0.913 0.928 0.973 0.717 0.964 0.736
Borderline2 0.986 0.940 0.863 0.945 0.923 0.713 0.899 0.731
ORIGINAL 0.986 0.970 0.930 0.951 0.974 0.771 0.917 0.778

SMOTE 0.986 0.965 0.904 0.948 0.960 0.756 0.972 0.750
AR 0.989 0.983 0.936 0.948 0.974 0.776 0.980 0.780

FKI0G T T AN 0B VE A& M PR 36 br L9 3R M R B, 045 AUC . Acc.Sen . Spe . Pre fl F|, H
L ADASYN B3 7 BT A3 PR $8 b AR BEAT AR, Bl R B F 2% . Borderlinel 537 AUC . Acc. Spe #ll
Pre #6545 F AR M 2 bR A SCIR 3 DUAI 3R i O B e 2 9 5315 . Borderline2 B AXUFE AUC Hil Ace #8 b5 I 3K
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JHE HLA M B > . ORIGINAL B35 AE Sen # F14E AR B3R (HAE oAb b5 BRI 2E. SMOTEHR
516 AUC  Ace Ml Spe 85 BRI, B2 7 HAb 16 b b 3RS . A SCREAE BT A IF M 8 AR LR 3As 1
T 22 B R R, R B i o RVAROR UL, AR SCR A 23 AT 55 T R B S5, HAT s 1) I HH A £

R10 RERBILRER

Table 10 Wining time comparision results

Bk AUC Acc Sen Spe Pre F, Total
ADASYN 0 0 0 0 0 0 0
Borderlinel 2 1 0 3 3 0 9
Borderline2 1 1 0 0 0 0 2
ORIGINAL 0 0 3 0 0 2 5
SMOTE 3 1 0 2 0 0 6
A SO 3 8 5 3 5 7 31

3.6 EEMBERE

FE B BRI R B BE A KON, D0 B A ) R 4% BE SR O (), HE Wk % A A1 Ak itk 47 4%
BT, B0 1 2 A R v 1 )R] A2 24 B2 R O (), 325 4R 1 000 YR 14 B I) 42 2% B O (1), B J& 8 2B BRI R AR
B HL B (R 52 24 S O (sn ), s AR FRZE BT RE A B, BB B0k R R B2 2 B2 ) O (0 +sn+ 1),

F s 3R A BT RE A B, o 3R B I B0 /0 B RE AR B, W SMOTE 3395 B B R 52 2% B2 O (s ),
SMOTE-Borderlinel 5 % # i} [8] &2 2% 2 5 O (2 + kx + 1), SMOTE-Borderline2 % 3% 19 i [i] 52 %% Ji 4
O(x+kr+1)c ADASYNFEERIS IR O (ke + se+ 1), AR ITBEL .

25 LRTIR B IA) B 2% B e R I S AR SCHR o SR AR L /N JE SMOTE-Borderline & 91, 87 5
V5 AR I ) A 2% B AR R (R AR R 3 10 mPO SRR I AR R IR BOK B, A IF 1) 52 2% B ok T M g 2
FHREMI .

4 HRIE

N T RPN I FEAN A B IR, WSS DL I TV 2 S T AR A PAL BT . — X SR T R Y
e A e L A 4 R e 0 S - A R R AT R O TR D RO B 9 A T R R SR —
Fift 3 T [ Bl T R RO BT B M RS SR Bk o BT R A R B R 5 R AR R T T R AR Y
GMM-EM 553 A HERET T, X I s B8 20 A1 B2 AT BR ], a8 AR 17 8030 00 B3040 20 A 0 255K 5 JLk B ik 5
Al T TUAR] R AIE B4 5805 AR P BT B2 v 20 PR RE L S i (B 0 SR BT VR B SO AL, Ay 2k
HEBRAE) TR E R AR R 2 A —T7 T, B A AR 2R T Bootstrap TTiE T HEAR A BT K&
SN Y I 18] 5 A BE 5 55— T T R R AT 2 R B LTS AR o T DL K B R LA T 1 R AR
(8] 52 2% B2 K BEAL 7 ¥ 5 JLART R AR AR 45 45 3 SR E AT BIF I, Xt 2 4 Jim i AR SRR 5T (9 07 1]
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