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 ZE: b X (Rhinitis )% EeFRid F W ey Ko, LA SAER fethiE, XGRS £ LA AR
L EAANARPFHFIE,ET SMB AT, FEAVHEERRAANER G5 EHEZORA,
A AIREFREREATELE BT X SR B LB A I REFRSEINS L, RAERT T
HEMEFRERS>ER., BAFTRETRBEEFE—EEORTFHE, A AT ERAKRLF T
BREFRRE,AZXRS RABFHERS LA ARG EUEFRIREGOER>EHE SR RAL
RARR G2 AR S o A xTIE R 461 6] F R AR MAT XX BIE N £ F 0, AL o £ AR 2 BEH 74.9%,
B h 86.5% , A E A 92.0% ,F1 4 0.783,AUC 4 0.953, 5 6P WA g0k, K XLAEA LA &
WA A, L EA T H XTIl R4 .
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Computer-Aided Diagnosis of Rhinitis’s Disease Based on Ensemble Learning

YANG Jingdong', MENG Yifei', XUN Rongji', YU Shaoqing?

(1. School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China;
2. Department of Otorhinolaryngology, Head and Neck Surgery, Tongji Hospital of Tongji University, Shanghai 200065, China)

Abstract: Rhinitis is a common chronic inflammation of the upper respiratory tract with a variety of
symptoms and signs. The clinical classification of rhinitis is characterized by different types of instances and
class imbalance, and belongs to multiple output classification. Low recognition rate and poor generalization
performance often occur for minority class instances. Therefore, this article proposes a novel classification
model based on heterogeneous integrated frame, which translates the multi-output classification of rhinitis
to multi-label and multi-class classification, then builds a heterogeneous integrated classifier by ensemble
learning algorithm. The proposed model can automatically adjust the number and depth of integrated forest
learners according to the imbalance ratio of single class label in a subset. As a result, it can effectively
reduce influence of class imbalance and improve classification performance of majority and minority class
concurrently, further to enhance generalization of integrated classifiers. We conduct cross-validation
classification experiments on 461 cases of clinical rhinitis. The outcomes show that the evaluation indicators

of the proposed model, such as sensitivity, specificity, accuracy, F1 and AUC, are 74.9%, 86.5%,

EE&TB :FR A AR #E4 (81973749,8187040043) B B3 [ 5 1+ i 117 TLA: fg e 22 56 #F 318 B B R HE(2019SYOT B B0 A 5 I
Wi R R 5] 525 (18401903600) ¥ B3l H 5 b i Tt ZRHIF i 1 (201740093) % BT A .
I 5 B #: 2020-08-29; 1817 H #1:2020-11-26
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92.0%, 0.783 and 0.953, respectively. In comparison to other baseline methods, it achieves better
evaluation performance and is more suitable for the early clinical diagnosis of rhinitis.
Key words: allergic rhinitis; ensemble learning; base learner; multi-label classification; heterogeneous

structure
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L %% (Rhinitis ) J2& 35 3 47 76 1Y — Fl I R e , ™ F 50 0 58 5 00 I AR R A3 . diegeit, &5k
A 20%~30% By 38 A BOE AR R, 2015 4F 4 BRI i B % 238 342, 2 Ik 5 & (Allergic rhini-
tis, AR) B H A SAC N o TE IR, WA A ] 5 PR R, 320 W AR Ry B ) 5 R R A R S T, ) 40
IRIE AR R R SR AL IS M ERE SR NIRRT RO WM LLIRUE . Rk, AR 91 35112 Wi F
i B %k T 5 0 A RO T R R A R

UEAERVF 22 LA 2% S BOA N F 8 RS WYl B B A 32 B R 2R . Demirjian %12
SR ECE DU 307 S X AR S AR MESR U, Gk B T G 5 Bk AR 11 (TgE) TG 2 21 41 /il (Eosinophil) J& — il
HEY W E R 2RISR Z RS A5 5 RS 2 H W RE 5 LR AR G . R R
T EE ST CART e S A R FH SG I56 R0 0] 33076 X6 5 4% 5 e BB 37 1 4l B2 e S 80, O R BT — b xi i
TR AR, LA U ) TR N T A R

SCHik [ 5]2R H i8t % 4n 2 55 7% (Genetic programming , GP) Xt £ F & 57 AE H 224328, 18 108 R IG St
ik P GPBIRL JF B FREFE I ZRARAE | 73 28 Ml A 38 B0 1 D S A DL it B0y 12 o (B GP BRI 25 i 2
AN ELRT g REE N BB L N T AURS B A2 W R IR B 5 . Liu SEOMR TR H A sl S 8k ik
(AutoHPO ) 7K Ji #i 25 [0 25 7 (DNN ) fifp e = 97 B8040 288 S50 A 1 4685 [) B0, S (48 B2 B 08 T BE MLAR AR (RF)
il AdaBoost Hik . AL 2 FE N H T AR 2 Wik 82, BRI T Br 9 RCR AR A7 A8 J5 ik R IR
TVREAS B AN 3 AT B0 M i O R A v A ] A

FE AR O 25 4 1) 30 L BT I R RE A S W B2 . A A3 S o g ) 2 RCRFEAR , S BLZ B 40 oG
JE ik, AR B I T I AR B 2 b A A B DG VR A B A RO B 0 DL i T 12 R R 12
B iR TR AR S B A ) A R AR AR R R SR IE O R AE e B O vk o SRR T T A B
BLI SR AE AT & Ak RAETY SR IR I D B AR, 5 2ROV AR S B TR AR . RORAE T
VA 45 BB AL R R RN T R AR R CR AN W RO 5 DB i AR 5
LRMEAE R . IRA Ry Bk e & MUREA (150 R R 75, 25 5 2% 18 R A T SR R 5 125 e
Mo AR BB A 2 SR ) 4 % R B AR USRS 2] IR FI M DB S 2R A . 2R
FEWRE o3 I, 451 5% oR G 0 5 A BB RS 23 I 450 5% oR B D DT B R D BOCRREAR B A . i A
— Sl H G| NN T T S DR AR N B A ) B G AE o SR A B AR R A ) T ik v AR 2
ST FE A B AR M fiUE 2% ) boosting J7 5 AdaCost! '), 87 i % 4 bagging 77 ¥ SMOTE ], 1t 4h
TEA BB A G EABCRAAE e R e A B T IR TR AL 4325 R ) o 38 £ KRR B U AR FRAE , I1 BE gAY
Y RAAE T 45 o Ksiazek 5510 FE S 359 7 I 20 B i 12 W b SR T 38t 4% B0 (GA) S B T RRAIE T 3o 0 A 76 2
BARAL, BRI R o 25 B TR AR SOt —Fh 5 0T A A T S AR Z i th . AR
SCEZ TR

(1) $2& Hh— b 55 ot 42 o 28R R | SIS [ GIE 70 B R FEAS 1) 2 80 11 4 28 3 v T /D B RE AR 1 4 26
KR

(2) MLHE B RAEA 3 AT, BT — Pl A7 B2 T H 5 07 1, 38 s e A 1 4 A I A1 28 01 S 1 X 3 2R 1



686 o RE B L Journal of Data Acquisition and Processing Vol. 36, No. 4, 2021

R

(3) 42 —Fh B 3& NS S B AT i, Sh A 1 R AR RE s 00 AL, 58 o e I 2 B0 A0
1 SERRBIER

1.1 EFaMETTHZ XIS E

Easy ensemble (EE)" 602 — Filt X A i 5 A S B 45 70 3005 4 JORAEBOR AR L ST R
i 3 22 BB AL R AR, T8 70 F B U KR AR S 1) 38 T A Hi o I R 50 S X A o AR SR A R S A
Aoy oy RPIE R R T 2200 R R, SR EE T LA (Out-of-bag, OOB)EE 4 sk A ik
OOBEE , ¥ 4 ¥ FEAAE A Il R4 , R Extra-tree (ET) R RIAE Sy 3643 2828, 363 It A 11 25 $5 408 35 5 Ak 4k
BB AN NEEA T . OOBEE Rk AL AN 1178 . OOBEE M Z 80 h fill it 4> % e A
SERIREARS IR 2 G E A (U 00 D BORRE AR 2 A R SR T I AR S O 1k A AR I 26 A LA
DREA N X8 43 2L A S

// Rhinitis training set /

/ Randomly sample
A

Full Estimate OOB-error
/ input & Re-select features

/ Rhinitis testing set
Ensemble Ensemble Ensemble
Model 1 Model n-1 Model n
] se (] e
Vote

Bl 4ER% 2] OOBEE Bk 2
Fig.1 Flow chart of integrated learning model of OOBEE
IT BB N R REA I S, = (2, y) }, M T KR AE 2R ] Bootstrap BEHLR A 12: N £
BEMEAES, TR —ATES, I B S, Bt MABEREA S, MF T ET BEx S, US, 1%
ZHAREEAL,

Nk_Sgn{Zt:ak‘th(x)—ﬁ&} (1)

K ch, () W FDET T8 au, N b (2) BUE L 0,8 FINZREE M SEBR 200 . ET v R AIL 2 24 R 1F
B m, ARV EAEA BT A o m AR FRAE 2 AR B2 (Variable importance, VI)#EH
- > Error,,, — > Error,q,

VI (2)
nTrees
A :oob T ITA B R MILFEA , oob, I ANME TS (Y MILAEA I AR A Ry
N (x) Sgn{i k amhk,j(x’m) - iek (3)
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i F AdaBoost! "X /INFE AR M R AR e DL AR AT B A L DR UE R IS A 4 BT T BB A TE 19 2D i TR R
A%, RF B BAUR FH 45 REAR (14 36.78 %6 1B WAL AME T 4828 138 40 I 2R 8500 , BT 530 1 2 Bl ML 39 485 Je
G SUJE M FNRRAE 2 2450 8 AR AR MU ZR s W AMME 3T OOB . 107 R I ET Sk 4E B FE 43 25 4%,
il B2 B0 43 25 88 7 25 TN AR /INBEAR 43 26 P L AT T A (032 AR RE 1, TR) IR AT R R T S R AR 4 B R 43 A
MIHERA A . B, R SR ET B9EAE I 2 2850 70 JE i Jeor 2 8%
1.2 ETFHEMBIRF SIREHE

LB 5 RE AR 45 A8 R P B (AR) B2 % (RS) | b I3 8 (URD) AU AL (OTH & 8 LA,
S IR ) B AR TINE T 250250 W R REARYR 05 388 RE MR 3L 40 28 19 o 2 00 e 4k
HEA RS 4325, il A REIREE 4 SR 1E 8, 0 /0 4 A 5 $00 & RN B IR R AF 2 B2 o {0 bR ifE RE
B E GRS ST EN N E o AR T —F [ 3 08 AR AR ARF B0k M 4l 4 A AS SP- £l B2, 3
AR RE B MR BE 48 5 2 bR 28 40 200 B AR . B G AN I 18 (Th) 2 D BCEREAR SR N, 5 £
HOERPEABCRE N, B9 H AR .
N,
N,

2 LA R 22 0T O U BH AR A B AN I A Bk O T 1 BB AR A I A . (R ik Rk H RN T 22
A28 B AR SRR G B R RE AR YA R BT AN YA BT K IR R EEAR A B 0, B2
B R TR R 26 BB f;, JE A B o), B — ORI B 6 AR

Ih= (4)

7 min {f]— cﬁ ’Ln}
b,-z%Z —— (5)
ji=1 n n
max {f] - ,Ci}
fﬁ#“:gﬂﬂﬁzlii@%lﬁ%%*izli%&,ﬁ—% NHINEAR G BREA SR 22 0 5 450 5 RAEAY, 20 %K

¢ = 2 QAL AR AE AR BE MR Y ¢, = 25 QSRS - B MR 3T T O, 15 IR A Bl e 24y, S 22 9K o

P2 38 T YRR B O 100 B, — 20 IR 2 45 B2 RE Jy i 2k o T WL AR 3OO i S ik ) e Ty
VRO RSP Al I AL XY R A 2 ) B T A, AR SO 1R B 28 M 5 R SO B 1 AR S RS g Al
JE X AN B B AR HEANAEORR . PR 3 45 Hh T = RN R P 5 DA BE ) AR AR RRAS KO 100, A A AT

Imbalance ratio
1.0

Balanced point New definition sF 0.896
0.8 tor multi-classes 80 ; ;\ / 0.798
.% 2 " E \/ 0.70(2)

o 0.6 ) 8 60 s 0.60:
g Classic % 0.504
T_é' 0.4 \ definition § ;;(3) / 0.406
= b Classic & 0.308
’ definition 4 0.210
ookl AR ]\ 0.112

0 10 20 30 40 50 60 70 80 90 100 20 3340 60 80
Sample division Num of Class 1
K2 AT — 2R By A ISR ) s Y = N e i
Fig.2 Comparison of class imbalance ratio for binary Fig.3 Distribution of class imbalance ratio for three

classes classes
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WAy AR R A Sy R AR B i, 58 = R ARG R BB S I PI 2 25387k . AT LR B (33,33) s AN
4y fir g e AV T8 1) & T A I, A X 7 R B oy, A v 2 PN A B AL R A B T A T AR SOAS B4 A R B
TR T 22 3 S I AN X A R AR 1) BB R

AR B E NS EE A ARF 5k shA M REs S8, Hoh 3 S s (e, d) Ry [, 357
HKAHRE o FIVR P d YT A8 RO o A SGE 1 3 & WA 8 R kA8 2 2K 05 L3 #2800 76 M A%
R RFs B L BEEE R e = [10,300]; d = [1,15]. E 44T ARF RIESH S E
BRFRE . Sy Hral A, B 53 28 45 TR BE XS BE S W B K, d =12 I 43 JEOKG JE Be f , 5 43 208 4% Bl i Xt 43 2%
KBS /N e = [10,50 [k B rp 43 JERG BE B T — A3 W W 48 T, BRI Y e << 60, X 43 28K 2
WK, 227K INRE . 258K ENe=70,d =12, NIt , ARF 5 0] LA S0 N 8 3L 2
TR B 5 I I 3 A Bh A AR AT AR 1 2 R S R B B 0 R A SRR T IR 2

Average precision
300 0.894 8
0.886 8
0.878 8
200 0.870 7
0.8627
0.8547
100
0.846 7
0.8386

0.8306

K4 ARF BEIZHCS R 8l 48 K R A

Fig.4 Dynamic relationship diagram between model parameters and accuracy

ARF B RIR ] RE A S 357 o) &, SR TS5 AU B BLRAE 05 A2 N R 4R | B> B 2 ) B TY DL S5 AR %
SO R —REENIN R X 2B ¢, FE I3 I AR KR e, WIS TRL iy 1 R 37

Y(X)—argmax ZI (X5 L, g(s,0)=y) (6)

Ao AR IR R, L N BENL S B, g N A3 S48 REs sh 25 18 2R ok 250, pR 0T o B 0 4 i 1, 25 o i )
i 0.

L SRR A RDER & 43 28, 4 0 D AR M B R (AR) (B SE R (RS) 1 WP 38 gk s (URT) At L Al
(OTH & BB W, B SF) o BLRFEA ) 2054 4028 ARF BERLAN P 5 7R, 81 AR AR B2 40 4 21
JF B T4 A Fh Ay A B 8RR A M 3R CIR (Calculation of imbalance ratio) {8 i & = 7 K M FE AR T 4 BS
(Balanced sets) 43 4ii , 73 i i A 3 4 20 RF s S RAUE R 43 AR v o BERY B I8 A7 23 % i PN 25 21 5 RF s
FLAMGR 2 | 214 A8 22 086 J2 LAk 2 1k Z R I, ) e > SR A 2R
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/ Raw training set (4 imbalanced labels) /

Split into subsets

| l l l
/ ARset /) RSset / ) URLset / / OTHset /
CIR CIR

BS BS BS BS

RFs-AR RFs-RS!

l OOB-error l

(Predict
L

( Multi-label prediction )
K5 ARF SRR
Fig.5 Flow chart of ARF model

1.3 BRREREHHSHH S LRER

Z A 3 A IR e N — A A A B 0 A R T R R RS T 2 R
bRy L LA P2 R L 425 (Heterogeneous multi-output, HGMO) . 5 RFEEA AL &
A H W AR S R B2 A3 B A B DR, S R AR AR B T HGMO 4328 A 2= Hli ik oy

R4 28 M) Ry f th 25 L & om ( = 2) i 2 b AR i Y, -, Y, A R B AR IR 3ok H AR s B A, (3L
WEH 2 2 B A o 78 o 4k S R B B R AR

By =(y1, = y)
h: Qx = 0y X Dy, X oo X 2y (7)

s ( . (8) « Convert description to numerical data
- Yis s V) * Fill missing data

> I =) A S * Dimension reduction with ICA
AU R Y Y, B R R * Split prediction into two tasks

€0y, 02y |=250 Oy (j=1, -, il
yJE Y, | §,|/ xﬂ] y/(] m)ﬁﬂ]%‘% Task1|Task2
71 T N R AR AT e (B K ARF section ‘ i OOBEE section

FRAR FIGMO S5 A SCHE LT 5 9 1 43 . .
Multi-label Multi-class

R LR ARF-OOBEE - %Il £ FiiF Al & classification classification
2,082 A (RS) (o0 A8 4 ), 78 o M B R

(AR) ™ E B sl R p 2t CH P A8 1) 55 . 64l
BT ARF-OOBEE #RI/R B 18] o %8 A5 3 Ff
HGMO [n] 8 5 1l 4 4 26— 53 26 [0 (Multi-la- -
bel cassification) il 2 4~ 2 2% 5 43 % [l 4 (Multi-

class classification) . 3 # 7] 47 &t e 22 28 25 6 ARF-OOBEE & £ 45 4 4 [&]

Y5y 26 5 Z2 8 5 AR 43 28 A0 BT ol e — Fig.6  Structure block diagram of ARF-OOBEE model

Component model
(OOBEE)

Component model
(ARF)
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ST TR IR £ B PP 2 B T 22 A 23 B B AR A o SR 2 B AL O3 0 I SR AL AR O3 26 48 L B Ry T AR A
AR

6 2203 SCHE IR T S S BENLAR MO 1 ARF . ARF MR 7 50008 48 vh 80— AR i AN - B2, 1 Sl i1y
B BCAR AR BB BN AR AR PN B9 2 0 SR M. 4 1 B A 1 A8 I il A R AR B8, T R 3 A U A P AR
RPN 1 2 3 2 25 TR 5 2 1 AR B 010 1 A A5 A 3 00 AR R B 5 i 2R A0 0 T A B B AR A
ARF S ) 48 18 70 28 04 M B 3 R 4 1, O 308 o 3 25 08 0 1] G 4 AN 33 i R A e, S0 B R
M85 . 64770 3R T OOBEE 870 33k o 1707 15 R AT ET H5 X Adaboost, 5 4= T A
AAE T L AMG I, 585 R A DN GRREAS T 3 SR AR 4 iy > O Ak B 22 73 AT 55 oh B AR AR O 49 Al
(), 38 B 1 T AN 28 A AR AR ) SR T D B A R A A T A S [ AL 4 e T 432 R RE T

2 XWHERSHM

2.1 HiEwaE

SR R E Vi TR) B R 2 B TR O B e I R S R RE AR 461 1), Hrb B 261 61 (5 56.62%) , F ¥ 4F ik
(30.48+19.66) % ;4 1 200 1 ( 17 43.38%) , VI 4F 4 (33.51+19.32) % . FEAR & A LR 4 2 1 45
AT B CHE R AR 55 ) | BR AR [R]85 3 R 5 0 W, ] A0 28 1 5 46 ) R AL &8 45 BL(CT, IgE4§) o BT
iy A KA IR 2 22 B0 DS R AN O — 2 2R SR D 67 PR A S0 B B (R AR 25 R AR R B b AR T B R
JRE T o AR SCR I TR A BB ST 7 vk T B S BR T KT 4022 3 70 A A0 B9 34 1
it T B b 7 SRR R I2 B0 A 5 X TS0 D o 5 K i G ALV S — B AR 4 #37 RE 7Y,
1520 O E 2 J5 #EATHITE

BRIl B N 6 4128 B, A5 4 PR RE AR S, AR 28 2 Bl R 2 B (43 B a4 B B R AR
B3 A . B AR SCR M GRS . 3R DRI 2 40 IR T 5 AR AR 28 00 A1 B S 1 A7 B2 5080 0 g R 8 A
A ARARZE HH A 5 B K, RS VURLVOTH B A7 He 48K, Severity R iR SEFEAR IR £, P IE IR
2 HE /D, Duration 2 AU rf [B] BR U BE AR 2 FF 2 MR T LG 8 ARFEAR £, AF AR Ry 30 1], X
TR ] 6.5 %6, AL 3 BT AE AR A, U BT S RAEA S A AR A S o B R A AR 2 BN T 43 A 433
W 7 8 s B A 1~5 A L B o A ECEE S 461491, 4300 246,330,956 X TR 4 41
T 28 TR0 SR I, B 2405 D7 26 B0 PR RO AT 1~ 3/ bR &, L v BRLUE A0 91 354 1), i A ] 76.79 %6 5 3
TR 110451, 7 0 61 21.91% 5 = UEA—w 61 6 6], o5 s B 1.3% .

x1 BREREDHRAFEHEELRE ®2 BREBSH
Table 1 Distribution of rhinitis labels and its Table 2 Distribution of rhinitis types
class imbalance ratio Severity Duration

e AR RS URI OTH FW o BUE B/ % KW BAE e/ %
Positive 431 34 24 28 Mild 299 64.9  Intermittent 290 63.0
Negative 30 427 437 433 Medium 113 24.5 Persistent 141 30.5

16/ % 7.0 8.0 5.5 6.5 Severe 19 4.1 None 30 6.5

b/'% 93.27 92.33 94.65 93.73 None 30 6.5

T34 TR R IR B R AR R 2 R R A TS 7 0RO LB | B A R AR 2 A Ak
SMOTE J7 2 ADASYN J5 124 ROR AR 2 7 46 AT-KNN J5 75 | J5UAR BR AR -5 B (RAW) LA
X J7 i ARF-OOBEE. 7] LA, J5 b B8 A 7 i BE B AR 0 43 BE Severity, (7 6 55.53% , 5 = 0 AR,
i R 90.98 %6, 156 B T A A 5000 BE AS i (B2 S R 4 . SR ADASYN FT SMOTE J5 i % Types
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1.30%
521%
/\ 1.30%
20.61%
71.58%

M Single label Four labels B Documentary cases

W Double labels M Five labels I Concurrent cases

I Triple labels Combined cases of three syndromes

P 7 S50 A B O3 A B8 B4 I o A
Fig.7 Distribution of prediction output Fig.8 Types of rhinitis among patients

T A 5034 i A Ak B S, 5 AR | Severity 1 Duration #H Fb , AS 34 7 B 2= /D B AL 0.403 5, {H & RS \URI,
OTH A ¥4 B2 JC W] A8 4k, RS AR IR X B 42 /& 1 0.085 8. [Al#F, 5k ] SMOTE J5 i % URI #3
AL S URTS #9485 B2 [ 0, {H RS COTH AN 3487 B2 43 511 3% fin 0.043 7.0.040 1. 2k ] AIIFKNN &
KRR HA B AR B EE (>0.6) o UG AT UL O 00 3 4 Ak 5 i A BE FE 4R E bR 2 b BT B I AL
B, TCTE RN 22 i AR A R AR 8 i Ak . T AR SCOT B ARF-OOBEE # 6 41 A ¥ i 22 45 % 43 2% In) 8 4% 1k
KA Ay 2 2 L 22 4y 2R )L, I AE 2 A G SRR AL vp 43 5 S BRE A 85 A kb B G R O T 2
H 43 2 rh R AR AN 34 £l )
K3 BEERATFEEbXIL

Table 3 Comparison of class imbalance ratio b for different methods

Method AR RS URI OTH Severity Duration Average
RAW 0.932 7 0.923 3 0.946 5 0.937 3 0.676 4 0.708 7 0.854 2
ADASYN(Types) 0.4915 0.964 3 0.905 8 0.862 7 0.033 7 0.1879 0.574 3
SMOTE(Types) 0.3333 0.960 7 0.698 2 09111 0.166 7 0.000 0 0.5117
SMOTE(URI) 0.098 4 0.922 2 0.000 0 0.9359 0.430 2 0.273 8 0.443 4
All-KNN(Types) 0.814 8 0.9136 0.814 8 0.864 2 0.636 7 0.722 2 0.794 4
ARF-OOBEE 0.003 5 0.007 1 0.003 4 0.004 6 0.015 7 0.013 1 0.007 9

2.2 HRALE

B 5% TN AR (1 J G i AREAE B8k 66, HL AT AN [ Sk U5 1 AL BRSO 2 A L SRS ABORR AT [ 4 Ak
B, 2 38 G (] R TP RS A AT R B L R LR R AR 7 TR 3 A A ATk (PCA) P B 4
3BT (KPCA) M S7 BSR40 1 (TC A ) 1260 2R 340 5] 23 B (LD A) 2745

AR SR Y 4 B ERAE B 4 )7 5 FastICA, PCA, KPCA, LDA KX} Ho 43 #, Hirh FastICA J7 244 )5 66
YRR A [ 25 25 2 s PC A JFURRAE B30 B 38 33 48, LD A J7 325 T 4 AiF 50 B 28 10 4, KPCA 7 008 JR
FROERE 2 54 4 . A SCH ] RF S0 X R AR 43 28 AR A1 43 28 5 ROC it 2k 1H B AUC B 37 Ak 4% 530 1k [ 4 2
B, RABM T FR AP RS 5 AUCHH , &K P FastICA J5 SR A, k8 7 0.929, M8 T PCAE
PR RIET T 5.6%.
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AN SR FH 2 18 7R -3k A K6 86 J7 5 (Anderson-darling test) K 56 S R BEAR A, WA 9 iR . & %
FEAS IR M IE 25434, 24 1 3 MK a = 0.05 B, S I S Critical value = 0.746, 1fii 45 £ 1iF 45 31 & (Sta-
tistic) ¥ KT il FAA , PRt 4 S A 15, BDARE AR e N IEZS 434 o i 22 M [ 4k 75 vk PCA R LDA ¥4 &
IEBSAREA . Al W, AR SR ] FastICA B 4T AR REAS R 47 R 4 A B, 3% 0y 36 B 5@ 1 T Ak B AR v
e oy A BEAS  TH B B R AN WS BE R, HOELR A AR IE AT oA R SR A BRI N
GRS T R B G0 AR T R R B4

40 } — Critical value (a=0.05)
o 3 2 s | Critical value (a=0.01)
R4 BMEEFELRIL o 30 o Statistic f featares
Table 4 Comparison of effects of vari- § 20 ° ..'.“.u...%.....'“‘.."..’. %% .°...°,. 0000 000,00
L
ous dimensional reduction ol ¢ ¢ o
methods 0
0 10 20 30 40 50 60
Jik FastiCA PCA KPCA LDA Index
AUC  0.929 0.903 0.921 0.873 9 JEUURBE AR ) Anderson TF 25 431 6 56

Fig.9 Anderson normal distribution test of the original sample

2.3 iEMIEARFINT L SRIG
R PEAN AR BEAS T 45 5, S BRI VA MR LR G A A ELIEE (TP, BREAPE(FN) , R FHPE (FP) fiLE
B CTND o I Pl R 6 P 12 B e U 2 31 2 880 K5 B2 (Precision) , R B3 (Sensitivity ) , #5574 (Spec-
ificity) , G-Mean, F1,ROC i £& i L AUC S5 4F by 1000 PF-Ad 6 b 1287
TP

Precision = W (9)
e TP
Sensitivity = TP L FN (10)
e TN
Specificity = TNLFP (11)
Fl=(1+ %) — Precisi(')n. X Sensiti\fiFy. 9 (12)
B° X Precision + Sensitivity
G-Mean = /Sensitivity X Specificity (13)

AR 6 i Ml T A B A 2] o 2 B AT X B S B A 4 R B AR AR (GCForest) HE S 4 U (GA-
Stacking) . 1t # 2% 45 T+ (AdaCost) | Fifi ML & Ak (RE) 4% 3t B LA CET ) 0 o 6 5 2 7 B (X G-
Boost) , Z 8 BT -

(1) GCForest 38 15 P A BEAL AR AR (RF ) F1 9 J500K v Bl HLAR (ET) 15 Sy JE 03 2 38, T8 i adk Ik )23 v
For RS B S A I AR E S 1003 e KR BE 12,

(2) GA-Stacking %7k 38t 1% S0 W JEAT R AR 0 6 , SR FH T 0038 3, B N8 S5 WE SR 10 0.8, Rl e R ASE
100, 18 200 WK ; HE B2 — L T RF . AdaBoost B 2 7+ (GBDT) ET . X £ i #HL(SVM) il
XGBoostix 6 F 73251, i ] 10F old 43 FI I 2R B4 5 HE 2 58 — 90R FH 2 4 [l 5 (LR) X 55 — 9 1 1t
W5 .

(3) AdaCost 57 M AdaBoost B F 5 1 , 82 i T 50 N Fe 40248 IR S50 1.25,

(4) RF B3k I EE E 150 AP A 4 B, A R SR B e R BRI R 88 oy 1.2, 4y a5 /N o 4 80h 2.

(5) ET B kS 4 & RF

(6) XGBoost B2k H1 2004~ He 2 ) £, 24 2 %2 0.01, s RBRHIREE 12,
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T2, KOBIM T LRI kg A WMIE4R, 7T LUk B ARF-OOBEE 8 1% F11{H 4 78.3% , ¥ T Hifhh 6
Rl vk P A4 T 4R 2 2] GCForest B 3%, FI{HR T+ T 3.2% , ARF-OOBEE 8 3% G-Mean {8 A
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Table 5 Comprehensive evaluation indicator of different classification methods 100%

Method Accuracy F1-Score Precision Sensitivity Specificity G-Mean
ARF-OOBEE  0.920+0.014 0.783+0.061 0.863+0.058 0.749+0.071 0.8654+0.030 0.799-+0.054
GCForest 0.8954+0.016 0.7514+0.063 0.830+0.079 0.72940.063 0.844+0.047 0.773+0.055

GA-Stacking 0.893+0.017 0.7344+0.066 0.834+0.077 0.71940.079 0.881+0.040 0.786+0.06

AdaCost 0.87740.018 0.7434+0.058 0.774+0.067 0.7354+0.068 0.844+0.049 0.782+0.058
Random Forest  0.8984+0.017 0.74240.060 0.8704+0.063 0.705+0.065 0.847+0.045 0.762+0.058
Extra Tree 0.894+0.020 0.755+£0.060 0.840+0.065 0.733+0.064 0.8644+0.037 0.78740.051
XGBoost 0.88940.017 0.72540.056  0.827£0.074 0.70540.054 0.903+0.032 0.789+0.044

F 6L TR IR IR AR AR 6 2 B 400 RE BN A ST A3 AT e bR o BN 3 BT TR BT R AR A A 2
B RFGAE AR (RS URTLOTH T 1] v 5 15 45555 (=90 % ) , 1M1 22 43 25 B R Ji i Severity . Duration 432 ME
BERAR(<290% ) » XS R N AT # ARF B RLE — 43 kit J5 % OOBEE #8LZ Z ] 43 25 . P& B4y
RPN YRR PR 5 Z AR 2 oy R A H, 2220 o 2B R rh P SR o LR £, Ay AL R
4 L, ARF Z203% B R T 22800280 BLAh , AR RS PEAE A 59.3 %0 , b JH:Ath g o 24 750 B
AR A, X R B T AR BURE Al B2 (93.27 %) 3 K, 1 ARF-OOBEE 8 23 [ i 1 J4) i fb 5 & AR
KRB BREAR , F B 0 ARFEARWAT S 5HARTEIS M AR Z 50 F8RE T MR AT, AR 20 b
(B R 2 W R B, SRR R T B EAR R T AR 2485 0 JE i A PEAL HE AR . A S BRI IR

£ 6 ARF-OOBEE &k &4 EMAMIEM 545

Table 6 Evaluation Indicator comparison of ARF-OOBEE for different classes 100%

Classification Accuracy F1-Score Precision Sensitivity Specificity G-Mean
AR 0.96940.008 0.837+0.054 0.911+£0.071  0.793-£0.059 0.5934+0.120  0.685+0.096
RS 0.953+0.025 0.810£0.087 0.938+0.046 0.756--0.097 0.996+0.004  0.866=+0.055
URI 0.97340.008  0.8050.060 0.90840.099 0.778+0.097 0.995+0.006  0.878+0.052
OTH 0.9604+0.012  0.782+£0.084 0.875+0.074 0.735+0.088 0.992+0.004  0.852+0.051
Severity 0.8674+0.011 0.747+£0.039 0.807£0.019 0.730+0.046 0.843+0.012  0.778+£0.033
Duration 0.8004+0.021  0.715+£0.043  0.740+0.042  0.704+0.041 0.773+0.031  0.732+£0.040
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Hh, AT DLSE A PR R A HEBR AT B T AR BRSSO IR S IR 12 R
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