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Abstract Data imbalance is a very common problem that has been comprehensively studied in machine learning
techniques, where the minority class contains very few samples compared with the majority class. The disadvantage
of traditional methods based on minimizing the error lies in: they tend to be biased toward the majority class, so
these models have low prediction accuracy for the minority class and might have high time complexity. To solve the
above problems, a data sampling method based on spatial distribution, Pseudo-negative sampling is proposed.
Pseudo-negative samples refer to samples marked as negative samples (majority class) but with a strong correlation
with positive samples (minority class). The algorithm mainly includes three key steps:1) calculate the spatial center
of the positive samples and figure out the average distance of positive samples to the spatial center; 2) calculate the
distance from each negative sample to the spatial center with similar distance calculation approach and compare it
with the average distance, and then mark the negative sample as pseudo negative sample whose distance is less than
the average distance; 3) delete the pseudo negative samples from the negative samples and add them to the posit-
ive sample set. The advantage of the algorithm is that it does not change the number of original data sets, so it
does not introduce noise samples or cause potential information loss; the accuracy of a few classes can be improved
without decreasing the overall classification accuracy and the time cost is low. Extensive experiments are conduc-
ted on thirteen datasets from multiple aspects, and the results show that the pseudo-negative sampling method has
high prediction accuracy.
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Fig.1  Pseudo-negative sampling method
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6) Distance = (;
7) for 1 =1 to k do;

)D’ =0
2) DT =0
3) D* = 0)
4)C
5) meanDzst =0;
)
)

8)if D; is PositiveSample then;
9) DT = DT U D;;

10) else;
1)D™ =D~ UDy
12) end if;
13) end for;
14) for 5 =1 to |DT| do;
15)C = C + Df;
16) end for;
17)C =C/|D¥|;

11)

)

)

)

)

)

)

18) for j =1 to |D*| do;

19) meanDist = meanDist + dist (D+ C);
20) end for;

21) meanDist = meanDist/ |DT|;
22) for i =1 to |D~| do;

23) Distance; = dist (D;, C);

24)
25) for d =1 to |D~| do;

26) if Dzstanced < meanDist then;
27) D* = D* U Dy;

28) end if;

29) end for;

30) DT = DT U D*;

31) D~ =D~ — D¥

32) return D' =D UD".

end for;
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Table 2  Information of the imbalanced dataset
KR Hlnse  FEAKC RHER L) RHIEIR I GRS/ BED

SPECT 267 44 4 44/0

HI K
SNP 3074 25 16 25/0
Ecoli 336 7 8.6 7/0
Satlmage 6435 36 9.3 0/36
Abalone 4177 8 9.7 6/2
UCL %4  Balance 625 4 117 0/4
SolarFlare 1389 10 19 0/10
Yeast ME2 1484 8 28 8/0
Abalone 19 4177 8 130 6/2
Yeast1289vs7 947 8 306 8/0
KEEL %4 Yeast1458vs7 693 8 221 8/0
Yeast4 1484 8 281 8/0
Yeasth 1484 8 327 8/0

FrE SR E R T =8 m @, iRl £ 53
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B IR #E. XA EHE AL 390 N BN 3787
MNEHK, H 8 MFE.

Balance 4 5 2 F SR AR 0o BE S 56 28 S 1)
N e o 18 Sy S N Gl s S s e
JE MRS A RLEE L Ao R A A RN AT R

SolarFlare #4410 3% T K FHFEBE 120 &
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B2 E 69 MM 1320 M2 HE,
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HEE MR
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ERE S GOt R SR N 3o N1 % 1B
PR, Bda a5t 267 4~ SPECT BG4 () 1
B ARSI JERUR 45 R UG SPECT BIME HIHFIE,
B3] 44 NESERE. 78 267 MREART 45 55
EEHN (D) F1 212 MRERA (Z525).

SNP 2fa I A AN H R AR, &5
TEAEFEER K A, A8 AN 7B NSRRI 4
KHEEE 1000 LA —> SNP, ik SNP #4L
woE YR, BEFER A, SNP [ ABE428, it
FESIRAE VN 2. 18R 183 VD EESER 2891
MNZHEK, 25 ML

KEEL #iE&
AL KEEL 2038 510 4 P B B 50 45,

3.3

3.4
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JRUGE RS — 2 7 R IR LR, 1E Yeast1289vsT
WK JE T VAC EEAR PRI N IEREAR, J& T NUC,
CYT. POX Al ERL fIFRICNAREAR. Yeast1458vs7
J&T VAC KIFEARPRCNIEREA, J& T NUC. ME2.
ME3 il POX fJFrid AHFEA. 7E Yeastd Al Yea-
st5 1, 43514 ME2. ME1 Fric N IEREAS, ¥ HiA
B FEARIIFRICATREAR. ISR 8 MEFIE.
3.5 N iER

ANTA18T B 27 3T 1 R AN AR BRLTE 43 2R 2 11
Sr b, [ IS AE T WAa] 200 VAN AN 1467 43 2 3 1 1
e b i SRS FE DA R B I AN -1l 70 2
A mvERe, BUNAFE SR 2 Bk 5 D RA
AR E N, XD FR R R S B ™ B R
R SRR B 2N T IX — R BN &, B 45 1
AT R 2 B, T Re A B B RS FE, e DA
R OB H 73 RARAE AP 5 45 E e ge. A
AR R PHN Fa bR, g it E AR

I3 RV RE BIVEALS 2 B TIRIE AR, DL 28
FB, 3R 3 s T HIRERERE. TP RN IEH i 21
FIIEREAS NS, TN 227 IE 0 00 21 1) SRe A A4
FN FoR IEFEARTII R FAEA N L, FP Rk
AT A TEREAR IS

® 3 DRIREER

Table 3  The confuse matrix of classification

TRIEFERE TR A IEREA TR AR

IEREA TP FN
FREAR FP TN

DR AN B 4 S ) R PPAR FR AR AT A

# (Accuracy, Acc)- BUBPE (Sensibility, Sen) 4§

7 (Specificity, Spe)s MCC. F-score fl Area un-
der curve (AUC), tHHE AU F:
TN +TP

Ace = TN T FP I FN (11)
TP

- 12

Sen = h T FN (12)
TN

SPe = TN T TP (13)

MCC =
TP xTN — FP x FN
/(TP + FP)(TP+ FN)(TN + FP)(TN + FN)
(14)

precision X recall

F-score =2 x (15)

precision + recal

F-score ZF 5% 8 T AR EEHR, 2WEN
WAEI R, AR AN g AP, R

BUE R G EWERFRN KK, F-score 74 21
K. recall RFA AR, RIRTESRUGFEA W IEFEA
o I JE B IE R TN IEAE AR R R TR S
Sen AH[A]; precision A AER, KR T 45 R H, IE
B TIOIU A AERE A (PR 2

TP

p”'ecision = m (16)
TP

ll=——F—= 17

T = TP EN (17)

AUC #& Receiver operating characteristic
(ROC) £k N, ROC Bl EFH 2R (TP-rate)
R HEZ (FP-rate) 1E B, ROC 7% [ H H)4E
B RO LR RERAE LS E oy AT BRI YERE, i EH
P 28 5 i BH M 22 LA BOR IN) ) ROC o ik 2 3 1
e ie Bf, WA 25 R AUC H, X ERE
R FEAE ) AUC 2V 7 REsfEAF
R E R R —.

4 ZEEMEESH

SR A TSI VE A R, A 13 AN HdE &
HEATSEEG. SeBe 4 FH BE AL AR MR (Random forest,
RF)B340, SVMET#9 3845 M9 (Logistics regres-
sion, LR)F™* FIER M (Decision tree, DT) 4 E
R IEE%. RE J&T Bagging £ 7 258%, HTAE
H T 240K, ZOREHE T H R K.
SVM TE &b BR/INFE AR 1y 24 P2 1) £ I A HURE A A
i, P SVM. 5 28 1) 1 55 R 250 R 2 B80S 1) B
JE , BIRMEAUAN EL hT 34 1) B H AN =2 SR A6 1Y)
FEAZE (Al LR iFEARM A BA 5 S8, tb4h,
LR X &l h /g s AT — @ Bt DT Sk —
Tl 3 T MEZE 10 3 A1 0732, AE VRIS AN 75 AT fr] Sk
() SE 56 HIR A S U 5, TH A e 1
&, E A T e YRR

TR/ SHOESE b, N T R RFETT
EE SRR, SEE S HORE: SVM 1)
U REON 1, ITE T In B R (Radial bas-
is function, RBF), gamma {64 1; LR {f /] saga
YEJusRfids; DT i 2 Jé KRBT RFAER] 73 i &
RF {5 B A BEALE 1 1 1 1 e S VR Ry 2k 43 25 28
A5 50 NPT )P SER, A AR R SRR [ A A
Je REOT RIS B

NRUENZRRCR, AR 5 328 ERAIE IR J7
%, K BARERENL Y B 5, B 4 i E R
WL, TR0 1 ERINAER, EE 5 K. &a
K 5 CSEI VR S5 S -~ B AR 58 BRI &5
RO AES RN 5 K5 P8 IR UELE R, SR iE
84 CPU 15-3230m. #:1FE R4t 8 Windows10,



2556 H 3

S 48 %

TFRIEF N Python. £ KM EL N Pycharm, fff
4B Numpy. Sklearn 1 Imbalancelearn.

UCI FESEHRSE Lo R MRExTtL

LIS W AN R TSR PNS S £
AT TRALEE, SR 5 43 A% I DU FoboAS ] Fr) 43 2 28 % Ak 2
Ja IR BT I 2R 2. S256 B R W A R 40 28
S RS B AU N i T S 56 3 R A )
RIS

15 7 A UCT R 2 AN B S BR4E b4
Rk 4 Prox. HER AT LLEH, SVM 7£ SPECT.
Abalone. SolarFlare. Yeast ME2. Ecoli 1IX 5 ™4}
PEM KL EGEIR IS 5, RF 7€ Abalone 19,
SatImage. Balance fl SNP iX 4 #4410 £ £45
b EBUS AR, B Ecoli R4 Spe 184K, Aba-
lone [1J Sen 8F5 LK Abalone 19 ] AUC 45 LA
b, HeREEYHE SVM 5 RE. FIbMHLEE LR
5 DT, SVM 5 RF BA U173 B8R, X Ui B
SVM 5 RF XATHi 3o 8 BA &k

RF fEH 7 Ui 4 77, I B BEHLAR AR
HH AR AR R S IR IR I B A — e BE ALY, XK
TP SR IR 22 R DT A A R RRCR B A, R
RF IR EMR T DT, SR R A T 11
BTk —. SVM Al A% 7 128 B e s 21
o2 [ EAT R4y, 0 HL SVM RSP i R 5 S R
BH R, 58O R s 1) 2 D A E
R4 SVM AN A8 5 H A1 UK. LR 76
T B £ 25 FE BT FE AR o5 38 e SR SFTHI PR L B, AR
R T AR LR B O AT A, H A TSR AR G R
SO, DR, 25 5 S AN .

HH AR AR 5 70 SR BRI Re s AT LLAIE, SVML &
7] F-7E /NP AR 5 (0 AN i 408 45 B B B AL
B, M RF & ) T 176 KRR A AP 55005 45 BRI
FAE X WIS SVM 5 RF 78 P a4
MR, X0 PNS 59k CL 4 R AR P %
PG WCRFE R T BE P R A, 2B T P R Ak,
e o AR MR RE AR .

KT ES AR

MRYEEE 4.1 TSI EE R, ARV /288 2
XA EAL (SVM) A (LR), FABEATH
AP B A R HA AN RO, SVML AN P-4 4
PEA U LR X AFHRCON UK, i PNS 592
TEIX AN 40 288 DRI R A, A0 4 n] LA BB
PNS SiEN K 2 5000 8515 BA BT 3R T 85UR.

SIS W T BT SRR AR T W 4 R
FELLG, 2R 0 45 5 & MR 2 KA L], Rt

4.1

4.2

* 4 IEEARFEAE KA SVM. LR, DT, RF
MsibES

Table 4  Results of pseudo-negative sampling on
classifiers including SVM, LR, DT and RF
il NHREE Sen Spe Acc MCC F-score AUC
SVM  0.810 0.967 0.911 0.804 0.860 0.967
LR 0.638 0.872 0.789 0.525  0.670  0.868
Balance
DT 0.885 0.950 0.928 0.836  0.889  0.920
RF 0.887 0.956 0.932 0.849 0.899 0.972
SVM  0.826 0.975 0.952 0.806 0.828 0.982
| LR 0.746 0.975 0.941 0.755 0.781  0.962
Ecoli
DT 0.741 0.961 0.932 0.704 0.734  0.865
RF 0.733 0.975 0.938 0.734  0.756  0.963
SVM  0.924 0.917 0.919 0.830 0.892 0.980
LR 0.823 0.827 0.825 0.636 0.772 0.913
SatImage
DT 0.847 0.908 0.886 0.754 0.842 0.877
RF 0.901 0.950 0.933 0.854 0.906 0.984
SVM  0.906 0.994 0.965 0.922 0.945 0.966
LR 0.903 0.978 0.954 0.895 0.928 0.973
Abalone
DT 0.914 0.949 0.937 0.860 0.906 0.932
RF 0.904 0.991 0.962 0.916 0.941 0.981
SVM  0.917 0.976 0.954 0.901 0.936 0.984
LR 0.934 0.962 0.951 0.896 0.934 0.973
SolarFlare
DT 0.922 0.956 0.943 0.880 0.924 0.940
RF 0.942 0.957 0.951 0.897 0.935 0.987
SVM  0.757 0.982 0.946 0.791 0.818 0.976
LR 0.573 0.966 0.902 0.608 0.653  0.947
Yeast_ ME2
DT 0.735 0.946 0.911 0.675 0.724  0.843
RF 0.723 0.976 0.935 0.749 0.782  0.968
SVM  0.969 0.989 0.982 0.962 0.975 0.996
LR 0.971 0.984 0.979 0.956 0971  0.997
Abalone 19
DT 0.976 0.982 0.980 0.957 0.972 0.979
RF 0.977 0.992 0.987 0.972 0.982 0.997
SVM  0.767 0.907 0.862 0.682 0.774 0.941
LR 0.732 0.862 0.816 0.586  0.707  0.909
SPECT
DT 0.627 0.817 0.753 0.440 0.608 0.732
RF 0.674 0.931 0.846 0.637 0.725 0.929
SVM  0.677 0.980 0.850 0.709 0.795 0.966
NP LR 0.692 0.961 0.845 0.693 0.793  0.902
DT 0.892 0.911 0.903 0.803  0.888  0.902
RF 0.900 0.958 0.933 0.864 0.920 0.971
, SN N ey FHIDN
AR SORE EOAR AR A EE A T B RAE A IR BE. 1 2
| > Y7 4 e Ny T 4
185 F PR SRR AR AR 7 VR0 TR A Rt R AT R FE, 15 21

ST JE B LA, SR 5 2 T i 0 LA P X B AR
V2 RO IR AR B AT R AR BRFEAE R, e fl
F1 5 4758 XIS AE X, RAE B o B2 BEAT PRAY, PR 5
ORI T 4. E XS L SR, M AR SCER
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PNS 8955 4 P KA TR AT X b X bR
f45 ROS. RUS. SMOTE £1 ADASYN. 5 84n1% 5
JiR.

2 5 \TLUE H, PNS Bk B BIF AT
g8. F-scores MCC 1 AUC #%i\ A& 1E R R ATF- 187
HOL T TN TR RS, B4 E T EREAR IEfR

MR IER 2, B2 PN A7 70 AR B 1 BE.
TEIX 3 MEfR LA SVM 43 28830, HIATE SPE-
CT. Ecoli. SatImage. Abalone. Balance. Solar-
Flare. Yeast ME2 fl Abalone 19 ##i4 IS
TSR, A SNP HE4E B, W& ADA-
SYN BRI 17 AUF 4R, K2R N EN & R

®5  WHIFEAKEELS ROS, RUS, SMOTE, ADASYN SR J7 i L2
Table 5  Comparison of pseudo-negative sampling with the methods of ROS. RUS. SMOTE. ADASYN
SVM LR
Ko b P AR
PNS ROS RUS SMOTE ADASYN PNS ROS RUS SMOTE ADASYN
Sen 0.767 0.746 0.594 0.381 0.438 0.732 0.685 0.605 0.643 0.604
Spe 0.907 0.856 0.860 0.985 0.970 0.862 0.846 0.828 0.838 0.843
Acc 0.862 0.817 0.760 0.794 0.789 0.816 0.793 0.748 0.768 0.751
SPECT Mcc 0.682 0.590 0.461 0.509 0.531 0.586 0.527 0.432 0.507 0.485
F-score 0.774 0.715 0.585 0.535 0.575 0.707 0.667 0.594 0.622 0.611
AUC 0.941 0.912 0.861 0.857 0.867 0.909 0.889 0.848 0.849 0.824
Sen 0.677 0.842 0.489 0.879 0.879 0.692 0.614 0.605 0.653 0.637
Spe 0.980 0.908 0.869 0.904 0.897 0.961 0.847 0.801 0.852 0.852
Ace 0.850 0.880 0.705 0.893 0.889 0.845 0.747 0.713 0.766 0.760
SNP Mcc 0.709 0.754 0.394 0.782 0.775 0.693 0.479 0.416 0.520 0.505
F-score 0.795 0.857 0.585 0.876 0.871 0.793 0.676 0.643 0.706 0.693
AUC 0.966 0.935 0.761 0.949 0.947 0.902 0.809 0.765 0.839 0.832
Sen 0.826 0.715 0.644 0.720 0.661 0.746 0.644 0.616 0.610 0.573
Spe 0.975 0.962 0.964 0.963 0.956 0.975 0.958 0.954 0.962 0.956
. Acc 0.952 0.925 0.916 0.925 0.908 0.941 0.908 0.902 0.908 0.900
ool Mcc 0.806 0.693 0.633 0.692 0.623 0.755 0.618 0.598 0.612 0.570
F-score 0.828 0.728 0.665 0.727 0.664 0.781 0.655 0.634 0.647 0.616
AUC 0.982 0.958 0.949 0.957 0.951 0.962 0.936 0.923 0.935 0.930
Sen 0.924 0.892 0.847 0.915 0.933 0.823 0.580 0.540 0.595 0.553
Spe 0.917 0.904 0.898 0.907 0.871 0.827 0.763 0.747 0.766 0.757
SatTmage Ace 0.919 0.899 0.879 0.910 0.893 0.825 0.697 0.671 0.704 0.683
Mcc 0.830 0.786 0.741 0.810 0.784 0.636 0.344 0.288 0.361 0.312
F-score 0.892 0.865 0.835 0.880 0.864 0.772 0.580 0.539 0.591 0.557
AUC 0.980 0.960 0.946 0.966 0.953 0.913 0.778 0.756 0.786 0.768
Sen 0.906 0.721 0.651 0.740 0.703 0.903 0.726 0.710 0.735 0.697
Spe 0.994 0.835 0.839 0.830 0.822 0.978 0.805 0.802 0.804 0.804
Ace 0.965 0.797 0.776 0.800 0.783 0.954 0.779 0.769 0.781 0.769
Abalone Mcc 0.922 0.549 0.493 0.559 0.515 0.895 0.518 0.499 0.525 0.489
F-score 0.945 0.701 0.655 0.709 0.676 0.928 0.684 0.669 0.689 0.660
AUC 0.966 0.868 0.840 0.876 0.861 0.973 0.850 0.842 0.850 0.836
Sen 0.810 0.937 0.619 0.517 0.510 0.638 0.605 0.597 0.693 0.518
Spe 0.967 0.775 0.776 0.943 0.940 0.872 0.812 0.778 0.851 0.962
Balance Acc 0.911 0.827 0.705 0.798 0.791 0.789 0.740 0.704 0.795 0.811
Mcc 0.804 0.674 0.385 0.558 0.554 0.525 0.418 0.364 0.549 0.584
F-score 0.860 0.783 0.564 0.624 0.627 0.670 0.608 0.565 0.694 0.646
AUC 0.967 0.902 0.834 0.884 0.826 0.868 0.831 0.833 0.902 0.872
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Table 5 Comparison of pseudo-negative sampling with the methods of ROS. RUS. SMOTE,
ADASYN (continued table)

N . ) SVM LR
Hiditk pRIEEEN
PNS ROS RUS SMOTE ADASYN PNS ROS RUS SMOTE ADASYN

Sen 0.917 0.821 0.528 0.882 0.883 0.934 0.599 0.602 0.866 0.860

Spe 0.976 0.888 0.866 0.979 0.973 0.962 0.853 0.824 0.988 0.985

Acc 0.954 0.862 0.734 0.943 0.940 0.951 0.758 0.734 0.942 0.939

SolarFlare

Mcc 0.901 0.707 0.418 0.878 0.871 0.896 0.470 0.433 0.878 0.870

F-score 0.936 0.815 0.583 0.919 0.915 0.934 0.647 0.620 0.917 0.912

AUC 0.984 0.912 0.802 0.969 0.968 0.973 0.837 0.790 0.970 0.968

Sen 0.757 0.708 0.482 0.721 0.688 0.573 0.548 0.538 0.633 0.575

Spe 0.982 0.965 0.970 0.967 0.966 0.967 0.958 0.959 0.960 0.960

Acc 0.946 0.923 0.889 0.927 0.920 0.902 0.892 0.884 0.906 0.896

Yeast_ ME2

MCC 0.791 0.706 0.545 0.720 0.695 0.608 0.566 0.545 0.634 0.593

F-score 0.818 0.747 0.575 0.759 0.738 0.653 0.618 0.584 0.683 0.643

AUC 0.976 0.955 0.882 0.961 0.955 0.947 0.901 0.891 0.910 0.901

Sen 0.969 0.885 0.315 0.947 0.948 0.971 0.636 0.538 0.725 0.725

Spe 0.989 0.872 0.830 0.877 0.875 0.984 0.863 0.829 0.865 0.867

Acc 0.982 0.877 0.613 0.902 0.902 0.979 0.780 0.698 0.814 0.815

Abalone 19

Mcc 0.962 0.743 0.138 0.803 0.802 0.956 0.516 0.380 0.595 0.598

F-score 0.975 0.839 0.299 0.876 0.875 0.971 0.677 0.539 0.739 0.740

AUC 0.996 0.947 0.715 0.956 0.956 0.997 0.877 0.815 0.891 0.893

FEAY 78 1 /DR, RN RpD> ZHEREA,
AT Sen fH, H25 PNS FHEL, ‘BATM Spe 8
AR, XU EA R HE Spe k4w HAb M e
FRARA.

MfEH LR /25880, PNS HyL7E SPECT.
Ecoli. SNP. SatImage. Abalone. SolarFlare. Aba-
lone_ 19 ##li e EEUAS T fcdif 945 L. £ Balance
Hda 4k BoyJil it SMOTE 1 ADASYN 5745 345
GraE R, I B 9 A R AE O T D8 SR A
eHE, BRI TR AERA R 2 B A7 O SR A S BUE s v
A1 2R LR -~F 4, [FINF LR 70 K& 0 AP £ s
BONBUR. 7F Yeast ME2 g4 FTE4 RS SVM
Ir2K4% SNP Hi 4R 45 R IR K 2L,

FEARFETEAE AR M 73 2K 2, BRI IE %
(B Sen) 114152 250 2 AL, BRI/ BRI 32 3]
B2 RVET Sen W SR 173 28 4% A I/ H2K 19 RE
J3. 1E Sen 545 T, PNS RFEHETE SVM (¥ 6 /4
HAREM LR 0 7 DL LS R AF45 R, XR
B 3B A B0 A B B AR 5 1) 9 a1 e
MM AESE 1, 70 28 IR A AT 8 7 28
HIPPAT $8 AR I I AN B Rl T 00 2 28 7 2K
ROR.

K2 25t 7 4 MEIRAEAE SVM 72 K4 N A
KAETT ) ROC #IZR. Hi ST 41, PNS SRAESHE

1E 4 MRS DA R ROC #hZk, #hig ~m
RSB KT HoM SRARE 732, AERH 7% 7 Ve sk

2 LT, PNS SREESEVEMEL ADASYN, ROS.
SMOTE. RUS &%, %58 B A 5 4 ) M,
N PNS F & T BB EMEAR NG, MIRA L& 1#
T AP B > B e 2 T ) R, S AR S D
BRI R M [E N, FABIE PR R FEAAS Rt A EE
& EAEE T KRR ERE. BhAh, T PNS XA
PR B A A FBURMER SVM 5 LR 42588 I
BRI 45 8, U 7 PNS B RESE BT DLE
T 2405004,

4.3 ST FELLGIBIEXT LS

AATE AP R T 20 B KEEL %4,
AT H A PNS /7745 ROS. RUS. SMOTE #1
ADASYN #HTHEE, PLEGIE PNS SKAE 7 V45 A 3
T AN A B B A R SR T AT T 40
KA 4.2 WHIAE. 2SR INE 6 .

% 6 AJLLE 1, PNS 78 4b 3 & AR 7 45 B ds
i, S B g T 5 Al 4 R SRR T VA
tt, PNS 7E 4 MR 046K 2 50PN R An L BUS 7
B4R fE R#EFE F-score. MCC #1 AUC iX 3 ™
FebrIst, PNS SRAEELE SVM 43258881 LR 702K 8% 1
4 NEIREE B3RS T BRI EE R, DL Yeast1289vsT
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=04 L
—e— KFEJTi% PNS —o— TAEJiik PNS
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- RER RIEZR
(a) Abalone HHEAELE SVM 73 258% N ROC HiZk (b) Abalon_ 19 #HRAESE SVM 432583 T 1 ROC Hfizk
(a) ROC curve of Abalon dataset in SVM (b) ROC curve of Abalon 19 dataset in SVM
1.0 1 1.0 1
0.8 1 0.81
w  0.61 0.6
=]
= 0.4 0.4 1 -
N —&— XFfJiik PNS
—@— R Ik PNS —a— KA¥ 7715 ADASYN
——RFJ% ADASYN —k— A7k ROS
0.2 1 —A— BT ROS 0.21 —— KRk RUS
R RUS 8- R SMOTE
8- RiEJ5 % SMOTE X2k
0.0 1 X%k 0.0
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fRIE IEZ

(c) Balance ##lR4E7E SVM 432538 F 11 ROC ik
(¢) ROC curve of Balance dataset in SVM

K 2
Fig.2

ARG N, £ SVM 732K 8 1 F-scores MCC
A AUC B2 514 0.909. 0.848 1 0.980; 7£ LR %
2528 E I 2 58 07804 0.627 A1 0.902. BT 3
fRFE T, X 7843 U T PNS 7R =y AP AT L
BRI B B AF 45 G PERE. fE%FE Sen {E NIV
AR FRET, PNS SREEHIVEIE SVM 1 3 AN A
LR 1 2 MR L1825 45 0. Ui PNS £ 5
AN P-4l LA 5CHE AR SR BEAR BT R 1 H A0 B R

Ak, B 3 45 H1 T Yeast1289vs7 Al Yeast1458vs7
PN EHRETE SVM 209588 A FEERAE 5 ROC
k. B 3 mra0, AT ELS%k, PNS [ ROC
M2 A KR4~ i, H k2 SMOTE,
ADASYN #1 ROS, f/5 & RUS. HT RUS #F%
KEFEA, 13 70 88 0 HHR AR 22 ST R IR 2 2
M FE R 4E. SMOTE. ADASYN Al ROS J5
TR SRR AR O] REAEE M & B W E, S8 B

(d) Spect M EELE SVM 432525 N1 ROC HiZk
(d) ROC curve of Spect dataset in SVM

4 UCT Bl EAE SVM 42688 R ROC ik
ROC curve of four UCI datasets in SVM

RN PNS. X Ui PNS A S22 Ho S e A 50
Tk RE IR TS (R RAE T3 95

KA 77 AR EIMERERTEL

A SCEIE I 53— MR AR X B B
8], 2R 7 IR T ANFERFE AL UCT $iii 46 F
[E] Y AEXT LE.

RERAE N T 1 i e 4 2 0 A R AR K
B, YIRS BB OK (7] I 7 T 0 Bodh 4k
I, S RFER S A OK R AR R AR, XK I 25
WIZRHT 7 N 18], I HOK B & b AR vT g 3 20t )
FHE. IR, HIX T RORFEN S, RRFE L2
FRNEA, (LI GRI (A 48 K6, (H 2 /D BB AR 2D
I, FRORFEAEAE MR K 2 508, RaFBU™
NG RL, 73 KA TTIER I 122 ST 8, i
FEINGIRARNE.
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Table 6 The comparison of high ratio imbalanced data
. ‘ A SVM LR
it stk AN RS
PNS ROS RUS SMOTE ADASYN PNS ROS RUS SMOTE ADASYN
Sen 0.892 0.752 0.533 0.845 0.843 0.775 0.691 0.558 0.726 0.719
Spe 0.952 0.919 0.833 0.860 0.844 0.850 0.824 0.786 0.815 0.809
Acc 0.925 0.849 0.695 0.853 0.843 0.817 0.768 0.668 0.777 0.771
Yeast1289vs7
Mcc 0.848 0.690 0.392 0.701 0.682 0.627 0.521 0.355 0.542 0.529
F-score 0.909 0.806 0.582 0.827 0.817 0.780 0.712 0.570 0.731 0.723
AUC 0.980 0.935 0.793 0.930 0.926 0.902 0.837 0.793 0.848 0.844
Sen 0.855 0.681 0.356 0.713 0.737 0.590 0.503 0.415 0.570 0.592
Spe 0.934 0.899 0.879 0.877 0.870 0.835 0.843 0.829 0.823 0.820
Acc 0.904 0.820 0.684 0.817 0.821 0.745 0.719 0.660 0.731 0.735
Yeast1458vs7
Mcc 0.794 0.602 0.283 0.599 0.612 0.437 0.369 0.265 0.406 0.421
F-score 0.866 0.730 0.431 0.736 0.748 0.623 0.562 0.445 0.602 0.617
AUC 0.965 0.904 0.720 0.897 0.899 0.822 0.769 0.744 0.792 0.794
Sen 0.770 0.687 0.543 0.733 0.703 0.574 0.572 0.558 0.603 0.566
Spe 0.982 0.969 0.965 0.970 0.966 0.968 0.958 0.955 0.959 0.960
Acc 0.947 0.923 0.892 0.930 0.923 0.904 0.895 0.886 0.902 0.895
Yeastd
Mcc 0.798 0.701 0.571 0.734 0.706 0.613 0.582 0.559 0.611 0.584
F-score 0.824 0.741 0.609 0.770 0.747 0.662 0.634 0.605 0.656 0.635
AUC 0.976 0.954 0.908 0.961 0.957 0.946 0.902 0.881 0.906 0.903
Sen 0.704 0.706 0.596 0.745 0.721 0.622 0.576 0.559 0.590 0.546
Spe 0.995 0.989 0.990 0.991 0.990 0.987 0.987 0.988 0.987 0.988
v Acc 0.980 0.975 0.970 0.979 0.976 0.969 0.966 0.966 0.967 0.967
easth
Mcc 0.770 0.714 0.644 0.759 0.728 0.642 0.605 0.590 0.614 0.588
F-score 0.772 0.720 0.641 0.765 0.734 0.647 0.609 0.587 0.620 0.593
AUC 0.994 0.990 0.986 0.991 0.992 0.988 0.988 0.988 0.988 0.988
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Table 7 Runtime comparison of different sampling

methods

e/ S My RUS  PNS SMOTE ROS ADASYN

SVM  0.39 0.53 0.67 0.66 0.71
LR  0.56 0.69 0.80 0.75 0.81
SPECT
DT  0.26 0.31 0.35 0.32 0.34
RF 1.70 1.77 1.91 1.84 1.98
SVM  1.30 27.92 80.22 92.04 80.74
LR 0.70 1.41 2.16 2.09 2.26
SNP
DT 0.55 1.29 2.51 1.55 2.61
RF 2.32 7.32 13.76 9.45 13.91
SVM  0.31 0.31 0.36 0.34 0.39
LR 0.39 0.43 0.44 0.44 0.44
Ecoli
DT 0.23 0.23 0.23 0.23 0.24
RF 1.54 1.58 1.56 1.56 1.58
SVM 7.59  75.68 189.22  201.02 238.91
LR  3.00 6.60 5.94 5.05 6.64
SatImage
DT 1.02 2.75 4.03 3.47 4.86
RF 4.43 13.48 18.02 16.36 19.92
SVM 3.08 14.78 62.42 64.35 65.56
LR 1.02 3.58 4.74 4.67 4.81
Abalone
DT 0.52 0.74 1.31 1.03 1.37
RF  2.86 4.75 9.61 7.73 9.48
SVM  0.28 0.73 1.32 1.58 1.29
LR 0.25 0.35 0.68 0.38 0.68
Balance
DT 0.22 0.24 0.27 0.24 0.27
RF 1.49 1.67 1.74 1.73 1.76
SVM  0.44 3.46 9.25 12.31 9.30
LR 0.40 2.00 3.17 2.96 3.17
SolarFlare
DT  0.29 0.36 0.46 0.43 0.50
RF 1.61 2.14 2.59 2.57 2.66
SVM  0.44 1.84 2.95 3.189 3.161
LR 044 074 0.86 0.871 0.933
Yeast ME2
DT 0.29 0.36 0.38 0.361 0.436
RF 1.65 2.24 2.45 2.269 2.452
SVM  0.44 6.81 66.16 75.09 66.20
LR 0.46 3.54 7.06 4.71 4.86
Abalone 19
DT 0.39 0.71 1.49 0.86 1.47

RF 1.65 4.45 10.48 5.64 10.18
Bt 4469 19795 511.77  530.30 567.05

LT RERFETTIEAEA FEAR A EAE AN E 4 2848
I SEIZAT I [R], BRIR RGN 5 IR 5 $1 28 LG AIE
P T AT B ) BT D

Hi# 7 v LA H, RUS FE T 82D, ADASYN
H T 2%, 5908 44.692 #2F1 567.057 F5.
PNS. SMO-TE 1 ROS [ H 7358 197.954 5.

511.770 #2F1 530.303 #b. A& b R AE, Frid
ADASYN. S-MOTE 5 ROS fit il i} [8] kb 7E [6] — 4
. AT I SRS A AR B, R D) RAS 1 G e
Fr e 4, 17 it o AN T LU B 38 K IS TE) R AR 2
FE S HE K, IR AT - b 3R P AN P s £ i . RCR R
BRI T S R TF 4, (H 2 A BE 15 30 3 = a4 1
PNS J7 ARG M vl 7 a1 8, 75 ASHE st 8] %,
A IR B v 0 S PR R, 0 IR [R) 18 4 428 ) 7 v 42

5 Z5ERiB

ARSCHR T o 2L A 2 A 22 [ (AN 4
i R T35, By SRR AR AL J5 7 PNS. S22
REIR, PNS SRFET5 V58 i 10 T HoAth W A B Rp
ik AT RS T T AR KRB, 8
A AL EFA RGN 2A, 5EFAR
AR EALRE, AT DU 8 SOR B 7 B IR AR AR,
HA X BRI T O PR R S R
Jiik. BAR, PNS {8 YRR L BLAG B 80 1 B IR S
A TE] O ARAULE , K 15 20 (10 Dy S A I SRORE A mh T
FEIMN BN IEREA . A S5 BRI B A 1 25 18] 70 Al
[ 3 S 16 S0 AT R A, AN 5 B AR R KR B,
FARGRIE N, 8 G 1 RAE I 1L BERAFE LE B Y
PRIXE. VB 45 SR T it G 1 B AR — e R 7 ik
R L BeAh, RIS B R I TR R
P, SRR S IR 8] B 2 /b T o SRAE T k. R
PNS RHFET7 A BEA P B 32 it 7 — Ml 47
IRRIPGYE

RRTAFERAE: 1) FASTIR M AL
5 RBFEZRGEM, M RIIERSER R0
FXME R, A B TR AR HEDE; 2) 8
ZR A Y R B2 0 RIMES; 3) KHEIEN
P KR A e £

References

1 Hou J, Shi X, Chen C, Islam MS, Johnson AF, Kanno T, et al.
Global impacts of chromosomal imbalance on gene expression in
arabidopsis and other taxa. Proceedings of the National
Academy of Sciences, 2018, 115(48): 11321-11330

2 Zhang Y, Qiao S, Ji S, Han N, Liu D, Zhou J. Identification of
DNA-protein binding sites by bootstrap multiple convolutional
neural networks on sequence information. Engineering Applica-
tions of Artificial Intelligence, 2019, 79: 58—66

3 Zhao Z, Peng H, Lan C, Zheng Y, Fang L, Li J. Imbalance
learning for the prediction of N 6-methylation sites in mRNAs.
BMC Genomics, 2018, 19(1): 574

4 Du X, Yao Y, Diao Y, Zhu H, Zhang Y, Li S. Deepss: Explor-
ing splice site motif through convolutional neural network dir-

ectly from dna sequence. IEEE Access, 2018, 6: 32958—32978

5 Maji R K, Khatua S, Ghosh Z. A supervised ensemble approach


https://doi.org/10.1073/pnas.1807796115
https://doi.org/10.1073/pnas.1807796115
https://doi.org/10.1016/j.engappai.2019.01.003
https://doi.org/10.1016/j.engappai.2019.01.003
https://doi.org/10.1016/j.engappai.2019.01.003
https://doi.org/10.1186/s12864-018-4928-y
https://doi.org/10.1109/ACCESS.2018.2848847
https://doi.org/10.1073/pnas.1807796115
https://doi.org/10.1073/pnas.1807796115
https://doi.org/10.1016/j.engappai.2019.01.003
https://doi.org/10.1016/j.engappai.2019.01.003
https://doi.org/10.1016/j.engappai.2019.01.003
https://doi.org/10.1186/s12864-018-4928-y
https://doi.org/10.1109/ACCESS.2018.2848847

2562 =l 3

S 48 %

10

11

12

13

14

15

16

17

18

19

20

21

22

for sensitive microRNA target prediction. IEEE/ACM Transac-
tions on Computational Biology and Bioinformatics, 2020, 17(1):
3746

Zhang X, Lin X, Zhao J, Huang Q, Xu X. Efficiently predicting
hot spots in PPIs by combining random forest and synthetic
minority over-sampling technique. IEEE/ACM Transactions on
Computational Biology and Bioinformatics, 2018, 16(3): 774-781

Luo K, Wang G, Li Q, Tao J. An improved SVM-RFE based on
F-statistic and mPDC for gene selection in cancer classification.
IEEE Access, 2019, T: 147617-147628

Fotouhi S, Asadi S, Kattan M W. A comprehensive data level
analysis for cancer diagnosis on imbalanced data. Journal of Bio-
medical Informatics, 2019, 90: 103089

Soh W W, Yusuf R M. Predicting credit card fraud on a imbal-
anced data. International Journal of Data Science and Advan-
ced Analytics, 2019, 1(1): 12-17

Zhang Hong-Li, Lu Gang. Machine learning algorithms for clas-
sifying the imbalanced protocol flows: Evaluation and comparis-
on. Journal of Software, 2012, 23(6): 1500-1516

(TR, ENI. 23 RATP TP SGR AL 27 2] SA VROl 15 FLRL. 3K
fE244), 2012, 23(6): 1500-1516)

He H, Garcia E A. Learning from imbalanced data. IEEE Trans-
actions on Knowledge and Data Engineering, 2009, 21(9): 1263—
1284

Lin Shu-Yang, Li Cui-Hua, Jiang Yi, Lin Chen, Zou Quan. Un-
der-sampling method research in class-imbalanced data. Journal
of Computer Research Development, 2011, 48(S3): 47-53
(PhEF, R, TLR, ARER, ARRL. P4 5030 1) e SR A 7 1
. HHH RS KR, 2011, 48(S3): 47-53)

Zhang Y Q, Qiao S J, Lu R, Zhao R, Han N, Liu D. How to bal-
ance the bioinformatics data: Pseudo-negative sampling. BMC
Bioinformatics, 2019, 20(25): 1-13

Liu D, Qiao S, Han N, Wu T, Mao R. SOTB: Semi-supervised
oversampling approach based on trigonal barycenter theory.
IEEE Access, 2020, 8: 50180-50189

Jiang Sheng-Yi, Xie Zhao-Qing, Yu Wen. Naive Bayes classifica-
tion algorithm based on cost sensitive for imbalanced data dis-
tribution. Journal of Computer Research Development, 2011,
48(S1): 387-390

(FehEat, W, RE. ETAMBURAFNR T AT 45 50 2>
T, HHEHIR G L JE, 2011, 48(S1): 387-390)

Yu L, Zhou R, Tang L, Chen R. A DBN-based resampling SVM
ensemble learning paradigm for credit classification with imbal-
anced data. Applied Soft Computing, 2018, 69: 192—-202

Castellanos F J, Valero-Mas J J, Calvo-Zaragoza J, Rico-Juan J
R. Oversampling imbalanced data in the string space. Pattern
Recognition Letters, 2018, 103: 32—38

Sun B, Chen H, Wang J, Xie H. Evolutionary under-sampling
based bagging ensemble method for imbalanced data classifica-
tion. Frontiers of Computer Science, 2018, 12(2): 331-350

Chawla N V, Bowyer K W, Hall L O, Kegelmeyer W P.

SMOTE: Synthetic minority over-sampling technique. Journal of
Artificial Intelligence Research, 2002, 16: 321-357

Douzas G, Bacao F. Effective data generation for imbalanced
learning using conditional generative adversarial networks. Ex-
pert Systems with Applications, 2018, 91: 464—471

Wilson D L. Asymptotic properties of nearest neighbor rules us-
ing edited data. IEEE Transactions on Systems, Man, and Cy-
bernetics, 1972, SMC-2(3): 408—421

Laurikkala J. Improving identification of difficult small classes

23

24

25

26

27

28

29

30

31

32

33

34

36

37

38

39

by balancing class distribution. In: Proceedings of the 2001 Con-
ference on Artificial Intelligence in Medicine in Europe. Berlin,
Ger-many: 2001. 63—66

Zhang Z L, Luo X G, Garcia S, Herrera F. Cost-sensitive back-
propagation neural networks with binarization techniques in ad-
dressing multi-class problems and non-competent classifiers. Ap-
plied Soft Computing, 2017, 56: 357367

Liu N, Shen J, Xu M, Gan D, Qi ES, Gao B. Improved cost-
sensitive support vector machine classifier for breast cancer dia-
gnosis. Mathematical Problems in Engineering, 2018, 4: 1-13

Breiman L. Bagging predictors. Machine Learning, 1996, 24(2):
123-140

Schapire R E. The strength of weak learnability. Machine Lea-
rning, 1990, 5(2): 197-227

Friedman J, Hastie T, Tibshirani R. Additive logistic regression:
A statistical view of boosting (with discussion and a rejoinder by
the authors). The Annals of Statistics, 2000, 28(2): 337—407

Elmore K L, Richman M B. Euclidean distance as a similarity
metric for principal component analysis. Monthly Weather Re-
view, 2001, 129(3): 540-549

Park M W, Lee E C. Similarity measurement method between
two songs by using the conditional Euclidean distance. Wseas
Transaction on Information Science and Applications, 2013, 10
(12): 381-388

He H, Bai Y, Garcia E A, Li S. ADASYN: Adaptive synthetic
sampling approach for imbalanced learning. In: Proceedings of
the 2008 International Joint Conference on Neural Networks
(World Congress on Computational Intelligence). Hong Kong,
China: IEEE, 2008. 1322-1328

Fernandez A, del Rio S, Chawla N V, Herrera F. An insight in-
to imbalanced big data classification: Outcomes and challenges.
Complex & Intelligent Systems, 2017, 3(2): 105-120

Alcald-Fdez J, Sanchez L, Garcia S, Deljesus M J, Ventura S,
Garrell J M, et al. KEEL: A software tool to assess evolution-
ary algorithms for data mining problems. Soft Computing, 2009,
13(3): 307-318

Luo Zhen-Zhen, Chen Jing-Ying, Liu Le-Yuan, Zhang Kun.
Conditional random forests for spontaneous smile detection in
unconstrained environment. Acta Automatica Sinica, 2018,
44(4): 696-706

(FBB, B, XRTT, skl 2T 2 REHLAR bR JE 20 TR 55
E ARSI, B B1E~E4R, 2018, 44(4): 696-706)

Breiman L. Random forests. Machine Learning, 2001, 45(1):
5-32

Zhang Xue-Gong. Introduction to statistical learning theory and
support vector machines. Acta Automatica Sinica, 2000, 26(1):
3242

(FRZEL. XT oA B 5 FREN. B33k, 2000,
26(1): 32-42)

Cortes C, Vapnik V. Support-vector networks. Machine Learn-
ing, 1995, 20(3): 273-297

Cox D R. The regression analysis of binary sequences. Journal of
the Royal Statistical Society: Series B (Methodological), 1958,
20(2): 215232

Mao Yi, Chen Wen-Lin, Guo Bao-Long, Chen Yi-Xin. A novel
logistic regression model based on density estimation. Acta
Automatica Sinica, 2014, 40(1): 6272

(B%, BRFadk, 905, BR—0r. J6T-% BE Al vk (a2 4R AR, B
AR, 2014, 40(1): 62-72)

Quinlan J R. Induction of decision trees. Machine Learning,


https://doi.org/10.1109/TCBB.2018.2858252
https://doi.org/10.1109/TCBB.2018.2858252
https://doi.org/10.1109/TCBB.2018.2858252
https://doi.org/10.1109/ACCESS.2019.2946653
https://doi.org/10.1016/j.jbi.2018.12.003
https://doi.org/10.1016/j.jbi.2018.12.003
https://doi.org/10.1016/j.jbi.2018.12.003
https://doi.org/10.3724/SP.J.1001.2012.04074
https://doi.org/10.1109/TKDE.2008.239
https://doi.org/10.1109/TKDE.2008.239
https://doi.org/10.1109/TKDE.2008.239
https://doi.org/10.1109/ACCESS.2020.2980157
https://doi.org/10.1016/j.asoc.2018.04.049
https://doi.org/10.1016/j.patrec.2018.01.003
https://doi.org/10.1016/j.patrec.2018.01.003
https://doi.org/10.1007/s11704-016-5306-z
https://doi.org/10.1613/jair.953
https://doi.org/10.1613/jair.953
https://doi.org/10.1016/j.eswa.2017.09.030
https://doi.org/10.1016/j.eswa.2017.09.030
https://doi.org/10.1109/TSMC.1972.4309137
https://doi.org/10.1109/TSMC.1972.4309137
https://doi.org/10.1109/TSMC.1972.4309137
https://doi.org/10.1016/j.asoc.2017.03.016
https://doi.org/10.1016/j.asoc.2017.03.016
https://doi.org/10.1175/1520-0493(2001)129&lt;0540:EDAASM&gt;2.0.CO;2
https://doi.org/10.1175/1520-0493(2001)129&lt;0540:EDAASM&gt;2.0.CO;2
https://doi.org/10.1175/1520-0493(2001)129&lt;0540:EDAASM&gt;2.0.CO;2
https://doi.org/10.1007/s00500-008-0323-y
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1111/j.2517-6161.1958.tb00292.x
https://doi.org/10.1111/j.2517-6161.1958.tb00292.x
https://doi.org/10.1109/TCBB.2018.2858252
https://doi.org/10.1109/TCBB.2018.2858252
https://doi.org/10.1109/TCBB.2018.2858252
https://doi.org/10.1109/ACCESS.2019.2946653
https://doi.org/10.1016/j.jbi.2018.12.003
https://doi.org/10.1016/j.jbi.2018.12.003
https://doi.org/10.1016/j.jbi.2018.12.003
https://doi.org/10.3724/SP.J.1001.2012.04074
https://doi.org/10.1109/TKDE.2008.239
https://doi.org/10.1109/TKDE.2008.239
https://doi.org/10.1109/TKDE.2008.239
https://doi.org/10.1109/ACCESS.2020.2980157
https://doi.org/10.1016/j.asoc.2018.04.049
https://doi.org/10.1016/j.patrec.2018.01.003
https://doi.org/10.1016/j.patrec.2018.01.003
https://doi.org/10.1007/s11704-016-5306-z
https://doi.org/10.1613/jair.953
https://doi.org/10.1613/jair.953
https://doi.org/10.1016/j.eswa.2017.09.030
https://doi.org/10.1016/j.eswa.2017.09.030
https://doi.org/10.1109/TSMC.1972.4309137
https://doi.org/10.1109/TSMC.1972.4309137
https://doi.org/10.1109/TSMC.1972.4309137
https://doi.org/10.1016/j.asoc.2017.03.016
https://doi.org/10.1016/j.asoc.2017.03.016
https://doi.org/10.1175/1520-0493(2001)129&lt;0540:EDAASM&gt;2.0.CO;2
https://doi.org/10.1175/1520-0493(2001)129&lt;0540:EDAASM&gt;2.0.CO;2
https://doi.org/10.1175/1520-0493(2001)129&lt;0540:EDAASM&gt;2.0.CO;2
https://doi.org/10.1007/s00500-008-0323-y
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1111/j.2517-6161.1958.tb00292.x
https://doi.org/10.1111/j.2517-6161.1958.tb00292.x

10 44 HROKIES: — Ak TREAS

1] PRI SR AN - BT Bl SR 7 ik 2563

1986, 1(1): 81-106

40 Wang Xue-Song, Pan Jie, Cheng Yu-Hu, Cao Ge. Self-adaptive
transfer for decision trees based on similarity metric. Acta Auto-
matica Sinica, 2013, 39(12): 2186—2192
(EF, WA, TRERR, B 5T bl B A & 0 TR SRR B & R iE
. HELEER, 2013, 39(12): 2186-2192)

41  Qiao Shao-Jie, Jin Kun, Han Nan, Tang Chang-Jie, Gesang Duo-
Ji, Gutierrez Louis Alberto. Trajectory prediction algorithm
based on Gaussian mixture model. Journal of Software, 2015,
26( ) 1048~ 1063

*ﬁl%%ﬁﬁﬁxﬁ ﬁiﬁﬁh ﬂﬁ{ﬂlﬁ& BAF AR, 2015, 26(5)
1048-1063)

42 Qiao Shao-Jie, Han Nan, Ding Zhi-Ming, Jin Che-Qing, Sun Wei-
Wei, Shu Hong-Ping. A multiple-motion-pattern trajectory pre-
diction model for uncertain moving objects. Acta Automatica
Sinica, 2018, 44(4): 608618
(TR, hAE, TIEW, S0E, INRAR, 8F4°F. ZRAR TR
AW E PR TR, B3NS4k, 2018, 44(4): 608-618)

43  Qiao Shao-Jie, Guo Jun, Han Nan, Zhang Xiao-Song, Yuan
Chang-An, Tang Chang-Jie. Parallel algorithm for discovering
communities in large-scale complex networks. Chinese Journal of
Computers, 2017, 40(3): 687-700
(TR, FhR, HhA, T, TCE %, R, RIS A 4% 1k
X IEAT R, THEHLEER, 2017, 40(3)‘ 687-700)

kokE RS S LR NS

BB a2, 2016 SEFRDU )1 KA FHL

Mﬁ%’[ﬁj&%ﬁﬁ FEH AT
BRI AEYE B

E-maﬂ. zhangyq@cuit.edu.cn

(ZHANG Yong-Qing Associate

professor at the School of Comput-

er Science, Chengdu University of Information Techno-
logy. He received his Ph.D. degree from the College of
Computer Science, Sichuan University in 2016. His re-
search interest covers artificial intelligence and bioin-
formatics.)

AERE) HUEME B LR LA
Bl L WF F AR BRI ST A LG
). E-mail: 15928652663@163.com
(LU Rong-Zhao Master student at
the School of Computer Science, Ch-
engdu University of Information Te-

chnology. His main research in-
terest is machine learning.)

7?‘/'?\'3 AR B LR R 2R A A
PR, 2009 IR NR 7 42
B T EWFFTTT A P T, 72 5)
xF GBS 3] A SCEEAE

# . E-mail: sjqiao@cuit.edu.cn
(QIAO Shao-Jie Professor at the
School of Software Engineering, Ch-
engdu University of Information Technology. He recei-
ved his Ph.D. degree from Sichuan University in 2009.
His research interest covers trajectory prediction, mov-
ing objects databases, and machine learning. Corres-
ponding author of this paper.)

LA RS PN S i
R 2012 SRR A P B 245 K 1
AL F BRI FETT 1) 9 EE 42 A
j\:l: =] Iﬁ

E-mail: hannan@cuit.edu.cn

(HAN Nan Associate professor at
the School of Management, Cheng-
du University of Information Technology. She received
her Ph.D. degree from Chengdu University of Tradi-
tional Chinese Medicine in 2012. Her research interest
covers data mining and artificial intelligence.)

GUTIERREZ Louis Alberto &)
BTk SRR A R A, B
WEFE T 18 AR T2 3.

E-mail: louisgutierrez2002@gmail.
com

(GUTIERREZ Louis Alberto Pro-
fessor in the Department of Com-

puter Science, Rensselaer Polytechnic Institute. His
main research interest is data mining.)

BREGR RS B LR RS L
Km%lﬁ T W T T AN e SN
KR AL,

E-mail: zhoujl@cuit.edu.cn

(ZHOU Ji-Liu Professor at the
School of Computer Science, Cheng-
; du University of Information Tech-
nology. His research interest covers intelligent comput-
ing and image processing.)


https://doi.org/10.11897/SP.J.1016.2017.00687
https://doi.org/10.11897/SP.J.1016.2017.00687
https://doi.org/10.11897/SP.J.1016.2017.00687
https://doi.org/10.11897/SP.J.1016.2017.00687
https://doi.org/10.11897/SP.J.1016.2017.00687
https://doi.org/10.11897/SP.J.1016.2017.00687
https://doi.org/10.11897/SP.J.1016.2017.00687
https://doi.org/10.11897/SP.J.1016.2017.00687

	1 相关工作
	2 问题描述
	2.1 伪负样本采样方法
	2.2 基于欧氏距离的PNS采样算法
	2.3 算法描述
	2.4 对比采样方法

	3 数据集及算法评价指标
	3.1 数据集
	3.2 UCI数据集
	3.3 真实生物数据
	3.4 KEEL数据集
	3.5 评价指标

	4 实验与性能分析
	4.1 UCI和真实数据集上分类性能对比
	4.2 采样方法分类性能比较
	4.3 高不平衡比例数据对比分析
	4.4 采样方法时间性能对比

	5 结束语

