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Fusing Matrix Factorization and Cost-Sensitive Microbial Data Augmentation Algo-

rithm

WANG Xi, WEN Liuying, MIN Fan
(School of Computer Science, Southwest Petroleum University, Chengdu 610500, China)

Abstract: Microorganisms have a direct impact on human health, and the analysis of relevant data is
helpful for disease diagnosis. However, the collected data suffers from two problems: class imbalance and
high sparseness. Existing oversampling methods can alleviate the class imbalance of data to a certain
extent, but it is difficult to cope with the high sparsity of microbial data. This paper proposes a data
augmentation algorithm that fuses matrix factorization and cost-sensitive, which consists of three
techniques. First, the original matrix is decomposed into a sample subspace and a feature subspace.
Second, the positive vectors of the sample subspace and their neighbor vectors are used to generate
synthetic vectors. Finally, the synthetic vectors are filtered according to their distance from all negative
vectors. The proposed algorithm is compared with five oversampling algorithms on 8 microbial datasets
The results show that the proposed algorithm can enhance the diversity of positive samples and identify
more positive samples with lower classification cost.
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J7 8 R E TR I TV 2 ket 51, 4 1 Borderline-SMOTE™ Safe-Level- SMOTE' | V-synth "/ Fl
KMeansSMOTE" "7/ 45 05 % . 3 #6 J7 ¥E 7 — 8 R B b M ok 1 5500 A5 1) B, R T, 308 B AT 4 9T R
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i 3B B 2H A, 43 0l R 3 i ECHE B RS S DR o A R R A B B, K 6 BOHE E R )i R
FEAS 23 [ FUVRRAE 25 (8] o 0 B 43 il 1 R B8 B T 0908 Baud i) & 4 J@ METE 0 T BEAS 23 1], ORI T
B TR B L A5 5 SR AR AE — R B AR T AT o AR B RS B B, X R AR 23 [ o Y OE 1)
HEAT I SRR R B 0E 1] A Y 5 A4S T 408 ) g, 8 R L TP R T ) S L SR ) e R DA A ) A A — A
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(1) $& 157 — Pl il 58 B 2 A A A A SRR ) B0 47 4 5300k, B 0% 1 Kb JHEO P-4 1) B[] o 2 i 1
A W ESCHI B)  E

(2) FEBHR Y AR LA TAHY B 7 A5 5 34 15 1 25030 P9 3 2k B0 A

(3) TEAS R (Sl A:  H5 i 46 v i) S 30 235 SR R T 42 1 9 MIFCDA B33k AT LLTE B 8000 3 22 () TE AR AS
A5 o3 2 55 0 1Y B AU BRI

1 HxIE

1.1 JEFES
S 43 it (Singular value decomposition, SVID) 5 [ 40 il 19— > T840 3, 18 T 4b 3%
L6 ORI R0 B o B A BRI AR T R, A R SVD R AR W BOUE SR AT o A B SRR AR B R Yy O (B aE
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RSCHEFR S, B U AR R S LR B R T S, MRIEH + SPEERE )

S e, BEATHHE N LB . 2N L TS
Swew, =B X Spear, T 7 X Speur, +(1—B—7) XS, (5)

KA 2 S 0, T a BRI R, B Ay AT O A1 0.5 22 [A] 1) B HL = S”+ & o
B0 A B0 37 T35 34 ) e 1 %5 1) 908, 40 e W i A
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o 0 0 B AP ELIE REAS Y B 7 5 R D | s +s
AR BRI A I RS AR T o s
1545 A O T B AR B RN P . X TR AR AR L BIA T B RO R

AR o BABAREY N ERA 1S X o X L, D Fig.1 Data augmentation process
IEFEA ) K
2.3 HBEIIEEAR

TR BB AT AR AS 25 B R R A 28 o BT R 1 e A A ) SRR AE T 4 (8] A 3 T A5 B Y IR AR AR
B g 2 T A 22 YRS ME LLIE W 4028 0 O 1 B AR G2 1) R 3 1 A4 52 0, 48 1 X 1S S Y 1)
k. B RIHA RGNS, BIITA 7 5 EE R H ., SR 5 X BE B HEAT HE Y R R B R K
o XA G U BRI N IE . BER AR

Hyo = >,

=1
KPS ST Es A &, 6 S T ) R 8 B R R R BB T B AR B Y R
ENEA S
2.4 MFCDA &%
L LHR T MFCDA ST o 56 VA7 200k, S A F 2 BEBLIRAE i 0 AN B o 55 2~8 47 4R B 43

fiff 2k B, S RN F A A6 B (0 AT AR 3fe T 45 1 6 B 4 A DR AR R B D o 5 9~ 16 17 #EAT B B
B B TATEERR S T ) R B e K o X A U B IR St B LS . 5 18416 SR F AH
BN 345 B R RE D' 5 1947 3R M4 34 5 1 B L FE D'

®ik1 MFCDAFX

ARG EARE D, 2 o, IEWES AR K o, & B b, IEREA SR L.

YRR BIEED .

@ Initialize S, F, MAE,,..., MAE ... H, a, [;/*#]1H1k*/

@ S, F<updateMatrix (S, F, a, A, £); /*3(3) , 720 (4)*/

@ MAE (e < computeError( D, S, F); /*3(2)*/

@ While(MAE,,,... > MAE,,..)do

© MAE (e < MAE (yrens

© S, F<updateMatrix (S, F, a, A, £); /*30(3) , 3 (4)*/

@D MAE ey < computeError( D, S, F);/*3(2)*/

® end while

@ while(a<<1.5 X r X /)do

@ for (i = 1to /) do

Suew.— S| (6)

B}

7
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@ S, < generateVector(S,); /¥ (5)*/

@ H,.,, < computeDistance(S,., );/*3(6)*/
® H< HUH,,,_ ;

a<a+1;

® end for

® end while

@ S' < selectVector( H);

D' < computeMatrix (S', F); /*3 (1)*/
return D'

3 XWE5HER

A PEAS MECDA J7 80 A 2Pk . ¥ MFCDA 5 ROS . SMOTE .Borderline-SMOTE1 ., Border-
line-SMOTE2 il ADASYN F.Fh B 3E 76 302888 T W R R b 17 He . S 45 SRR, MFCDA
s IE AR 3 2 W IEREAS 15 B IR 4 2510

3.1 ZLHEHIEE 1 AEEHEVEESE
TE 8 A Gk A4 W B B 4 L b A7 52 56, DL Ik Table 1 Imbalanced microbial datasets
MFCDA 53 i A 20tk o B 4ok B mAML W siiefe $RGE80 DB 2806 RV6 e MBisE/ %
3 (http://39.100.246.211: 8050/Dataset) . i il D001289 142 162 1170 7.22 94
1y 8 E i A HARE B L 1. D001327 153 462 1170  2.53 94
3.2 WHEHE D002318 140 116 1170  10.09 94
R T Sl
A, VLU B T S O vk 0 R R i '
e D003920 148 90 1180  13.11 94
o . e D007674 136 59 1170  19.83 93
(DROS 2 —FHBEOLE B MEZDBOMR (00100 136 62 1170 1887 93

1975 o BB R 2 RO B AR TR AT
PR T AN P R 4

(2)SMOTE 53 19 B A AR 2 X A BORE A JE A7 20 A, I 78 D BOREAS 19 SRl B N T8 0B i FEAS
B BE ML B A F T A8 D BORE AR 1 2R A — RAE S BT B IE AR A

(3)ADASYN AR 5 2 BB B A (14 43 A1 [ 3 07 b 2B OB AR A AN AT DL /D By T 5 s 25080 20 A AS
ST I B0 A > O 22, T EL AT DK e SR 30 B 3 N Ml AR B ME L 2 2] I REAR I

(4)Borderline-SMOTE $ /D BEEAEA 53Oy 325, Bl e & e I R 7 o AU &8 T8 B i RE A A7 3k
FKH . Borderline-SMOTE 1 Bfi L 126 45 6 [ FE A BF T 19 IEAE AL BT £ A . Borderline-SMOTEZ 145 £
$5 3T S T AT AT R A SR AR OB AR AR, JF R 5 JE T IR T AR AR AR 1 2001
3.3 EMiER

TE 53 25 0] 3 A TR VA A0 B R P AL 23 Bk i MEBE . 7R R A JE B b, TE A T 9 1E A AR
Bk TP, B 00 04 T REAS B TN, $000 S 1E i SRR AR FP B0 Sy 671 9 TEAE AR FNG il i 51X
4TGHE AR, BEWE 15 2 Accuracy \PrecisionRecall #l TNR f{H , 522 X0 54

ACCUraCy — ]
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N &
PreCISlon_W
TP
Recall—iTP_’_ N
TN
IR Fr

1 B3R A AT RIS B F o0 80, A 0k

Fﬂz(l +,82)>< Precision X Recall

(3% X Precision )+ Recall
A B A P8 45 Precision Fl Recall it A % 8 B4
CostE 4 45 R AN R A0
Cost=1t X FN+ FP

(8)

(9)

(10)

(11)

(12)

H T A0 A 0 AT B AN ST AT AE O R B B AR oAb AR 1 LT L 43 28 45 BB BT A B 1A A T
REAS B HENE IS B & Accuracy , X &R A Y . Precision 78 78 BT 4 T Sk 16 451 B9 A6 AR w3500 1 4 /)
b o Recall R 76 BT A S8 bR 1F B 9 A 4 b 35000 1E 6 9 b 26 . TNR RIR 78 B A 55 B Ry 541 04 B A<
Hh I TE A B FE AR, F ok Precision Fil Recall B9 ITACE-2, 24 g = 11, 1Al Precision I Recall [A] 4 # %
{5 J2 72 G0 Wy B 46 v, IR U] BB REAS BE O i, Recal | AU HE W 5 T Precision, X g = 2, i {1 F, 73
. Cost HARITRE 245 By BN, BB A EZ PN F8 45 . A SR M Precision, Recall , F, #il Cost

X 4R bR R TG S 9 0 e RE

3.4 BHIZE £2 RMNEFRE
LA NMEHETFIEELE2, KAWL E Table 2 Cost factor setting
UL 2% 3o AR S0 K BUHE 42 45 BB 7 3 14 B 451 4 R I EAEITE S T EAEITE S T
S AR AN AR D001289 10 D003863 10
D001327 5 D003920 20
3.5 LWHEREHW
D002318 20 D007674 30
A HA =1 25 SR b il S -+ 3
AT L R TR] s SR A B39 1 S 0 2 SR D I D002446 25 D008107 30
T il S 06 ) 25 R
3.5.1 FREERBHEFNHES>FA R3 LTESH
1 BUAS qZ@ﬁj It jg 2.53.20.17 F119.83 1y 1k &= Table 3 Experimental parameters
Y8R 45 D001327 . D002446 1 DO07674, Xt J5i 4 E2 SR
¥ 4 F Al H ROS. SMOTE. Borderline- AT £ 10
SMOTEI . Borderline-SMOTE2 . ADASYN I & IR a 0.0001
EMEZ50A 0.005

MFCDA 3471 R B 5 599 18 B0 P8 48 F t-SNE

FR LI AT 1L, 23 B AP 2~4 T 7

B 2 7R T D001327 JF bR H P 04 437 1 DL R A A Rl ok SR A ik 5 B B 3t il . NI el DU
H,D001327 FF 1 IE FEAS B/ T SOREAS i FH ROS $7 18 I8 17 20 b &2 1RSI, B0 19 40 A 3% & AR A8 4k,
ZREMERAR . i SMOTE . Borderline-SMOTEL1 . Borderline-SMOTE2 il ADASYN J 9 1 )5,

TEJF AR AR ME AT 2R R TR REAS , — E R B3N T IEAE AR B Z AR  HIE AR R B

DATJFEY W5 IEREA 1 73 A0 BoA — E ML (BT e 5 TRE AR X 0

i Fi MFC-
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Fig.2 Data distribution diagrams for D001327 using different oversampling methods
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Fig.3 Data distribution diagrams for D002446 using different oversampling methods
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Fig.4 Data distribution diagrams for DO07674 using different oversampling methods
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AR —E R, 5 EREAR R B HE S AR AR MELLIX 4 o T MFCDA Jrik 95,
W RKEE TIEFEARMZ RN, 7] LUR I 5 fUFEAR X 43T

MG G EE 25 0T LR MEFCDA 538 /1 REA LA B i 28 1) 23 25, O LI %5 40080 4 R 7 i
EU 38, I FRE AR 22 8] 9 X 43 BE 4R R o X R MFCDA & & F B A 0 A He i 508 48
3.5.2 FREERMF FEWGRIEHRRE

B 10l =RAW E=MFCDA
et 7l R AR ) ak SR RE O ik i 0 BSHE A e B 4n ] S EIROS EISMOTE
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X otk
3.5.3 FREERMFF FIRAF L

{di 1 T decision tree .random forest fl GBDT =4~/ 2 4%
BUEARN R 34 Bk A Atk . EMR B 4y 2R3 T A R b
B FUIZR i B AR BB 5 7E 5L T ROS .SMOTE . Border-
line-SMOTEL ., Borderline-SMOTE2, ADASYN #1 MFCDA
D5k B AR BN SR BRI RE HEAT AR . BN EIR T 10 YD 5T B, LAV B ATL P X 45
T

& 6~8 43 5l 45 th T AN Ta) 7 s e 4 A B 4R B 348 A . 181 6 JB IR T 7E decision tree 43 2 8% N
PS8 25 3 o fE Recall PP 8 45 T, MFCDA 16 i A 80408 52 vh 3908 T H A SR R i o 16 FL i
fa b5 N MFCDA 78 8 M4 v 1) 7 A B0Hls 4 L0 T Atk SRABE T i, #E DO0BL07 B4 4 T HE44 58—
TE Cost WM 8 F5 T , MFCDA 7 6 D% 48 B AL T HA 7575 . MFCDA 1E Precision PP 48 b5 T~ 2 AR
X #E % ANAE D002446 Kdi 4 R R bf .

[# 7 & 7R T 7E random forest 23 2548 F A 528 45 5, 7E Recall JF, il Cost PEHT #5845 F , MFCDA 7E Bt
A B R T H A SRt R ABE DT IE . MECDA 5 Precision PE# 45 45 T 26 BLA X 45 2% .

201

D001327  D002446  D007674
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Fig.5 Data sparsity augmented by different

oversampling methods
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Fig.6 Comparison of different indicators under decision tree classifier



I Mk F A SRR AR AR B S ROR YR Lk

409
60 70 700
< 50 60 50 600
T a0 ® 50 R 40 500
g 30 = 40 = 30 1 400
3 g 30 i 5 S 300
£20 & 20 200
10 10 10 100
0@«%@ & 0‘@“%@’ S 0@«%@» O O@Wwwf&«
S ,\b \'»\ % Qé\b@%\ \'»\ % ,\b S5 @'p S NS
QQQQQQQQ QQQQ QQQ QQQQ QQQ QQQQQQQQ
Dataset Dataset Dataset Dataset
(a) Precision (b) Recall (c) F, (d) Cost
SRAW =mROS =SMOTE m=mBorderline-SMOTE1 =Borderline-SMOTE2 =mADASYN =MFCDA
¥ 7 4 random forest 43 2548 T MK W] 8 b5 b 55
Fig.7 Comparison of different indicators under random forest classifier
100 70 700
.50 20 60 600
X 80
240 X g(o) 50 500
= < ® i
€30 = 5o S 40 g 400
& 5 S 40 ' 30 © 300
E ~ 30 20 200
10 %8 10 100
0 0 0
") N ") > Q ") > Q NI
Q‘@ ,{p »P‘b%b 6\9 \'\:@ (g> bP‘b%“’ DA Q‘@ ,{p bP‘b%“’ oS \'\3’9 ,{; b?b%b DA
S XN Sk QQ XN RO S Q X
QQQQ QQQ QQQQQQQQ QQQQ QQQ QQQQ QQQ
Dataset Dataset Dataset Dataset
(a) Precision (b) Recall (c) F, (d) Cost

=RAW =ROS =SMOTE m=mBorderline-SMOTE1 =Borderline-SMOTE2 =mADASYN =MFCDA
K18 7E GBDT 732648 T BYAR [l HE 45 LU 4K

Fig.8 Comparison of different indicators under GBDT classifier
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Ul W] TR B o) o R S0 45 A T Bl R B PE R T2 MFCDA 43 2 PR BB 4R T Y

(2) MF+Data filtering 5B i) 432250 R A T ME + Cost factor e , 31X & H F MF + Data filtering 5
BB A% B NG A Y R o DB e R SR i B O BURE AR

(3) MFCDA #BUHAS 1 fe b 19 RO, It D7 T ARG T B4 20 i i )RR A 25 () B A7 9 18, P AT 0



410 R EB L Journal of Data Acquisition and Processing Vol. 38, No. 2, 2023

4 HEXR
Table 4 Ablation experiment

Bds 4k Y B/ Yo Precision Recall F, Cost
Non 94 0.50 0.30 0.32 529

Cost factor+ Data filtering 92 0.16 0.40 0.20 528

D001327 MF +Cost factor 46 0.27 0.57 0.46 505
MF + Data filtering 46 0.31 0.52 0.46 490
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