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Abstract: An algorithm based on under-sampling unbalanced data classification is a stochastic data optimization al-
gorithm. However, in traditional Chinese medicine (TCM)), it is difficult to best reflect the distribution of original clinic-
al data to solve the problem of feature redundancy in data. Therefore, in this paper, the PRFS-FPUSAB algorithm is pro-
posed. In the algorithm, an improved sampling method is proposed based on under-sampling. The original data distribu-
tion is reflected as much as possible; then, the classification is improved by combining integrated learning, prediction
risk, and feature selection. The experimental results on meridian resistance data collected from TCM show that the al-
gorithm improves the area under the curve, and the selected characteristics are also in accordance with TCM theory.
Keywords: Chinese medicine clinical; imbalance data classification; initial data distribution; feature selection
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SR, T TN DX 1Y i s 91 AN 3 1 2R AR v
(prediction risk based feature selection for FPUSAB,
PRFS-FPUSAB) KAk BEAN S 14 73S [ U IE 2 4
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1R R 4 S

153 T RETFAN & AT S AR AR 73 2515
LR i, RN IR REA I/ NG B = 2831
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AN K AR DAAERS AR A A fe 48 A, 1141 AT g
B R, I B0 e i AR L AR U, pilan, —
MEAEE R B 10% /D EEEREAR, H 90% N
BOOMEAS . — R0 43 2807 Bt e e i s /D4
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SRR
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Table 1 Confusion matrix

2 TRk SitEZES
SCBRA B TP FN
SEPREZEE FP TN

% 1 Pl DBCEFR O IEME s B, 2505 K
Syt sE B, 5 1 AT 55 2 1700 IR SE R IR
DR MBS CR ., TN 5 TP 23R4k G
BIE 2R 2R HE . FP RoR L br gl
BERMBR D 2 EE R, FN RoRSLbrh £
BOERMPAR MBS, RIER 1 A,
AHICE AT

RIPE (Sensitivity): INFRE FHPERR (TPR), H
[F]% (Recall), 2678 T A IEZREEA g (E B 43 2 AL
A HCA, AT P R A X IE SEREAS (R 43 28 BE T, T
=k (1), Bp

TP
TP +FN M
5B (Specificity): JRFRELFIPER, 5 H
PERAXT, B RN T AR PP E i 7 SR
A HLA, AT R i X A7 SRR AR (1) 4 25 B8 T, T
= (2), B

Sensitivity =

e TN
Specificity = TNTFP 2)
SEHHERf B (balanced accuracy):
1 TP TN
Bace = E(TP+TN+TN+FP) ®)
FHPETN{E PPV (positive predictive value):
PPV = —F )
TP +FP
R 7500 {6 NPV (negative predictive value):
NPV = — N (5)
TN + FP
BB EIH 0 20 IER 2R Correction:
Correction = TP+ TN (6)
TP+TN +FP+FN

PLEJUAN I SEAB R BARTE— € B 1 REAS LK
P b B AR B P RE, B AE T — M 43 2 [ R
TEN MR EA MR, A TR AmE, A1
MBETT 3 BT G5 | AT — o A B PE BRIP4
P 2 E TAERHE I 2 53 #7 (receiver operating
characteristic, ROC)", ROC 48 2 N2 2 — 4
i ROC HHZE, “F1i LA false positive rate(FPR)



850 - HOE R

&
Y

S ¢

LERVE S

Sk ARBR, DA true positive rate(TPR) A ARAR . XiF
THRAHEAR, 7T DS T HAEMAFEA Y TPR 1
FPR PEREAR AT 4k ri . DAXFh 7=, 2585 LA
W3 ROC P18 1 Ao PR3 o3 S8 A% 1
H LIRS 14 A, 3 0o 26 i e 24 F] LA 3]
—Ag8id (0, 0), (1, 1) RYRTZR, LR 24 1Y
ROC k. BIA ROC J&, fif i Al 0250 ik i ok
Aen] A 2R i X (area under the curve, AUC)fE
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PRI —A~, TR 38 B R A I, B A0 1y
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]
(b) —IRIRFEJG IREAR S A3

B 1 SiEmGHHETRN
Fig.1 Furthest patient sampling method
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3.1 Asymmetric Bagging &%

A A% 4 (Training data set S,), T4
PIFRFIEER Fs

WL AR,

D) s ny Pk 3, M R st 2k b ™ E A B
FEXHR IR BB A T AT

2) ¥4 Training data set 73~ i A5 HE T3S
ATCIE S T 48 ;o

3) ARG ERFAE A UER, 7 LR I/ VAL

FORi=1toM

O S HBENLIER & A5 Ck A A 1A%
i) FHES -5 IR B NI 2R 4R S

@ H SVM B2 S, I XA TFAER foeo

FORj=1to F

@ i1 SVM 3 KA RE N F4E S, 135
B Nyo

End for
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FEE A RFFE " SR L, ot 000 XU Bk ot ke
A2 3 v I i R A 349 485 SCHR 5 s 4 S AR T e 0 1) 1)
@1, PRFS(prediction risk based feature selection) J&
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N IHAEELE (Training data set S,), JE¥h
FEEREL (number of circles M), T RIRHIEERL F .

MWL AR,

1) B i oAb 38, I B k2 bl A ™ o i AR
FERTER A A R A T 5

2) ¥4 Training data set 534 A i H B0 468
FICHR I EE T4ES 7, IR 81t =3 4E Count,,
F1 Count, .

3) T TCIE AR 1S 8 o e S X T
SRR — MBS X BB

4) FRAEFE B4 S E N 51 A U 1S - 1
Ho I THET

5) ARAEIE AL U, 7 AR YIS/ VB

6) FIr M 215 KT Count, %Count,,, KT
M2 - o

FORi=1toM
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@ IS HBEHLIEI kA5 Ck A AR
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End for
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® H SVM Jikil%: s, it A XA~ FED
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SrRIREL,

7k PRFS-FPUSAB H.i%: 1, i TAE— A REA
eI —AN I H e ORI AE A B0, DRI 4
RO g MU AT BR A, SR UMLK bagnumber fx 22 AN
REMER NSRS Ratio (2 ECEE A/ DB B
Z),

4 BFESRFEHTALE

S R I R SR 4R 1Y) 28 45 H BHL(E 2, 3t
3053 flREAS o AR SO as B b ) J T 2R 2% L BH 2K
W, B S e A4+ R RS B R AR
W45 28 AMERE

FERAER 3 053 BilFEA T, AN [ 28 550 B 95 B 0
BT BUARTR], Qs 2. 7E MR ™ HH S 1 B O
XA B BRI ), FRATT R X T 5 W
fe BRI R SEAEREAR 534 51, Horp i S s
439 {51, Wi HEE KL 95 il X T MR AR 25 25
Pk 2 214 BIREA, HEHR T 26 25 HL A IR AR
| AR JEAE | IVARAE 3 VAL, Rl RO R AT 5
B, FRATTNT B 42 AR AR R BIVE T — 229 5F, 4
TRIAIE R 28 nl A, H v R A I IR 2 28
206 15, o S REEHIR TR 25 25 95 Ak 2 008 4, 7 BT
(RS2, A5 40 Fp I I 1 AT S f B X &, Ay I8
98 L B BTG 25 2B X Pl . PR | MR 1SS 24
RPIREEVTE IS, BATWAISE TAESERESS
A BE I R P B BRI T 2

x2 XRAAKEERER
Table 2 The dataset for the experiment
PRSI N FHEEL S DR AT
RIZES:ES 2 28 534
BEIRTSZEE 2 28

95/435 4.57
2214 206/2 008 9.74

O A F I i PRI FT LA R B B 5 I At
JREASCHE A RS A B I 7 A RIS, 7 B RIS 4
P A R NG i B N, T I PR 7
HRAEFE BN SEE DR . TERE XA B R I
RS T A 25 UL 5 T R v (i R Al it
TR A, T MR 1 28 28500 A R A K0 i
A R A, T PR R R AR A B S T A Bk
A AR EE R A, ARG BB IR X
ANMEAS, A VA G4 R R 155 4 DX 005 31X il
VAR R | MR 5 28 Al PG B Y2 I8 . JRATTHY
PSS T AR SRR 45 FP = A4 ek R X 94 B g
TIEAT 732k

5 LR G AT

N T BT RETERE, SR 2 Rk 3 AT S8 oy
Mo TEARGERYAr R0 b, R A URIER de-
cision tree(J48) . Naive Bayes, SVM, Bagging; 7 £
A AR 2R b, AR A 1 S 4R 1)
ML (unbalanced SVM, unSVM) ., J& T A 1Y 372
¥ Bagging(Bagging based on unbalanced SVM,
unBagging) . Asymmetric Bagging 5.7, {fi i 1A
7 #J7i%[A PRFS-FPUSAB FEiHTHE . BT
ST 10-fold 32 UHGHIE Z3FAl AUC LI KAHIEY
PERE, o T HEBRBENLIE, A E R 10 ), Hrp
decision tree(J48). Naive Bayes . Bagging {#if JAVA
15 P Weka"HIJCHY 432445 SVM., unSVM, un-
Bagging . Asymmetric Bagging ¥ JAVA &5 1
I LibSVM"™Y, DGR FHIAE T JAVA I = 928, 18
RGPy 1T R A PERE Bagging . Asym-
metric Bagging . PRFS-FPUSAB. SVM {ii FAH [F] 1
ZHACE . RS HAL DT R SEUE A S
O E S8 FEUEIK PRFS-FPUSAB Sk AE T
f&im AUC . Bace DAl i FRAE e PR Y FRAIE 2 A 4F
A BESAASCHE .t T PRFS-FPUSAB vk X%
LS BGE A FTBR I, A T L3 FE Bagging . unBag-
ging. AB., PRFS-FPUSAB Sk 48 5% & o0 1.
OYREURNE 3. 4 iR, £ health 275 W g5
P | sleep P BEAR AR 45 S P0 o
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Table 3 Sub -health disease imbalance data classification results %
I AUC Sensitivity Specificity Bacc ppv npv Correction
J48 50.4 7.4 95.9 51.7 25.1 83.0 80.1
Naive Bayes 66.3 29.5 83.1 56.3 27.5 84.5 74.2
SVM 50.0 10.0 94.0 52.0 15.0 90.7 82.0
unSVM 52.0 12.0 92.0 52.0 15.2 92.0 83.0
Bagging 54.7 11.6 85.9 48.8 15.1 81.8 72.7
unBagging 55.0 10.0 86.0 48.0 15.3 82.4 73.1
AB 66.7 73.7 51.7 62.7 25.0 90.0 55.7
PRFS-FPUSAB 75.8 78.9 64.0 71.5 30.0 92.8 61.3
&4 HEIRKEREELXERADEHIRERRB D LER
Table 4 Sleep disorders disease disequilibrium data disease classification results %
ik AUC Sensitivity Specificity Bacc ppv npv Correction
J48 52.8 14.1 94.5 50 10 90.7 823
Naive Bayes 69.2 18 95.7 56.85 22.5 90.6 86.3
SVM 50 15 92 50 20 90.7 81
unSVM 51 16 93 54.5 21 90.2 83
Bagging 55.6 6.8 95 50 13.3 90 86
unBagging 56.1 7.1 94.5 50.8 13.5 89.6 85.4
AB 65.6 60.9 58.8 59.85 14.3 93 68.4
PRFS-FPUSAB 76.1 74.9 69.1 72 232 97.2 70.5

MK 3. 3K 4 R DUR B SN 4y 28580k 148,
Naive Bayes. SVM XJ T AN S 54l i) 43 S5 R ¢
225 XTI T, AB. PRFS-FPUSAB X T R4
Pt 3 F 4T 5 unSVM I A A RN GE R SVM 11
P4 HE, unBagging fH%3 F Bagging HZIR/NIY M
T 1:6E; Bagging FE YRR 2

FEFEES AR AUC, Bace [fi 7, PRES-FPUSAB
BT HABS P . 7E decision tree(J48). Naive
Bayes, SVM , Bagging iX JLI~ /7 H, Naive Bayes
X T ARG o A — D R RCR . BR
Naive Bayes £ AUC Jy T Al AB Lk MHZEA K, H
JE1F Bace J7 T BH . Asymmetric Bagging B0 T
Naive Bayes, Nfl4 Naive Bayes £ AUC J7 [ Fll
AB BIEMZEA K, FEF TR s g, 3
TR T —4%, g2 e hr B RS EE P
BLIERE T A1/ B R AR AS e — R /D4
KA BUH I ZREE, SRI5 284 SVM i 4TI %5,
T B HYNGRE T — MR, fT DL RO 5 25—
S [A) AT LA H RS R ST M5, FPUSAB
BRI T AB BN, IR AR X 2k

PIRCR I B — AT AFERE e ? ISR 4 2
T, AB iR ST PRFS-FPUSAB H. k7
YRS SR

M 2 AT LA Y, Bl S B A3, AUC,
Bacc B a3, T Bagging . unBagging &
P REALRCRAE, BT LA B S RO 0 1 o th B 4
TRk ; 1 AB ISR 22 L PRFS-FPUSAB 1Y
WORE X M N KT 3, AB PRI E L PRFS-
FPUSAB X, i}t PRFS-FPUSAB & & Z 4k T
AB. 4 NN 3 i, PRFS-FPUSAB . AB % f i it
PRFS-FPUSAB .7 AUC £5°4 0.80, Bacc Z°4 0.73;
AB ¥ AUC 258 0.67, Bace 24 0.64.

M 3 AT LUE Y, X6 T R IR 26 285 m AN 1)
B /228 AUC ., Bace 4% 9Bl 25 £ R R 5 1y
MAE RS TR BEPLYE Bagging ., un-
Bagging BIRGMERYA8 4L ; MXT T AB. PRFS-
FPUSAB 4 N /NT 5 i}, AB fEEE — MR 7 078
fk, PRFS-FPUSAB fF-7E & — MR g K 24
N KF 50}, AB, PRFS-FPUSAB #/fFEE—A NIl
R HE, DT I R R DL SR B CR Ok, PRFS-
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FPUSAB Z4F AB. 4 N i 5 i, PRFS-FPUSAB.
AB R A . TESAMUE 7T, PRFS-FPUSAB &
% AUC 8290 0.85, Bace J 404 0.80; AB AUC
B2 0.75, Bace fAZ 0 0.72,

0.90 —* - Asymmetric Bagging (AB)
0.85 | —4PRFS-FPUSAB
—p— Bagging
0.80 unBagging
0.75 9
Q
20.709; L — = —%—
0.65 T *
0.60 /)»
—»
0.55 //
0.50 p> : : /
1 2 3 4
N
(a) AUC szt i
0.75
0.72

0.69
0.66

B e

., 0-63 — — =%
£ 0.60 —% - Asymmetric Bagging (AB)
M 0.57 —4-PRFS-FPUSAB

—— Bagging

0.54 unBagging
0.51 >
0481 -
0.45 : :
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Fig. 2 Sub-health classification results
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Table 5 The mean value of acupoints after feature selection
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Table 6 Sleep emotional disease feature selection analysis
results
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