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H i, % Bayesian fT4E 40588 (Bayesian 73R8 HIATAE 7 IE48) AU 2, AT DLRR X SEAf 78K
Hoor AR A EUEYERES B YRR L. X T B EUB MO, 41 Chow A1 Liu ) RIS 73 825,
Friedman F Geiger [l ff] TAN (tree augmented naive Bayes) 43282, Domingos fl Pazzani [ 7E 0-1 45
IR RHANER Bayesian 702888 404k, Campos %5 B X} TAN 20 2R 8K #i Y €, Cheng A1 Greiner 6]
TR T 5 Z5 M9 ) Bayesian 48502888, Acid 25 7 i@ T 0 R K ILEE I Bayesian B4 4y
8% Yager 8 A2 Bayesian 43 K25 HIINBUT15, Webb &5 O] f R EE— K #i 511 (aggregating one-
dependence estimators) 4328 %%, Wang 25 1011 ] Markov W 4%/ 2528 MIZ) W Bayesian 7735/, Flores
2 D21 ({24 &K Bayesian 43 28%%, Daniel 1 Aryeh 3] & F M2 Bayesian 432848 16 BREEA 2> BT 55
EHURME (B IESE M B L) Bayesian fiTAE 2> AT AL O R 0 B8 LM, WS WA
Ap g B EER) (FMER Bayesian 70284855) « Clique (AN fEAR & 2 B 2 - M I AF 4R ) B gk (o
FhEKR Bayesian 735885 ) . MBS M (TAN 73 2K8855) . A ] M5 4514 (Bayesian W45 73 R485%) . LA
WE%S5H) (Markov P28 788858 ) « TR — WO by (23R — RS 17 S8 8858 ) M8 4 (64
Bayesian WX 2% F115¢ 4% Markov W?@ﬁ‘%%ﬁ%) ﬁ%?ﬁm%ﬁﬁ‘@, AT 3 ) 0 e AN R 4 2R 7R
FeFZELL BT, 20 240K, John 1 Langley M fii FH 22 #1[] Gaussian PREUFI Gaussian #% R %L
(BAGINFEZE) it BYEL 5% RS | WFANER Bayesian 70 K4% (N7 20 gt 2]), 21
SE T T AL T 7O IE S B M Bayesian AT4R 285 1R, Pérez %5 115161 #£ John Al Langley [
T AT L, XIPFVNSE Bayesian 4 X BHET T BT . He %5 17 1 Luis 519 4 BACHR Gaussian
PR Gaussian R THE % AN Bayesian 5 584 Bayesian 733585, DL EA IR 2
Wr A TE M T T IR, Xiang 55 19 BFFL T 25T Gaussian 1% 0800l 1@ PRI 2% FE (1) J& PR IAL
FMZ Bayesian 472888, Wang %5 20~22 S I LT Gaussian BA%L. Gaussian #% B EA! Gaussian Copula
SREALTHE R B, HEh G RUERA AR T 5 8 AL 45 s DRI B V7. Bayesian 4% 70588 (R 2
IR EERIH#2)). Wang 25 [ il Dong 25 23] XFiELL R M58 4 Bayesian 43 288% (AN B 28 45 1
2 BT THRER. BRI (AT EEUL, HHEMTHE R E) Bayesian #7473 KA 5T R ERUE
PAANITIH: — R R, S— A RE IS ML TT. BLLE M Bayesian T4/ KA M 451 5 B HK
J& T BT I 2B Eﬁfiﬁgfﬁl‘[‘ﬁﬁ, H A7 = 2R Gaussian PRE. Gaussian 2 R U Copula Bf
HORMGTH B IR B, BATSA A SA R, FEAE B BN 55 SRR e @Y E it 7k, B
SRIXLL Bayesian AT 50 KA ARE B TIE P51 JUHAZ /N EFFH) 145028, (H N34 Bayesian
AT RS S E 1 R

X BIAS Bayesian 74270 IS8 (00 70 32 BLAE R 78 B BUB PEIG S 50, 200 Martinez Al Sucar 241 Palacios-
Alonso %5 2] Arriaga 55 (201 Fll Wang %5 27) #8 % T 244N K Bayesian 732588 (5 A H 127 Bayesian
A 47 2R4%), LA K Alkhateeb 45 281 Yu 2% 1291 Kafai %% 1301 fl Wang %5 31 [{)2)145 Bayesian W 4% 7025 5%
R . J7VRAIN I 7T, S TS 8 M 304 Bayesian fiTA2 43 284%, Wang %5 132331 JLT Gaussian B
A Gaussian #% BREUS THE 110 2% L 8 A Bayesian 73 288%, H5 3 H /N 8] e 21 5
(532, WB T BRI, (BB AN R Bayesian 73 S48 [RIFE 20 5 J@ 14 26 A B ST M B (B s, X845 93
KB B M N IIRBENE BEARE TR 4. MKHE Bayesian 74250588 & 1 AR AL IG5 B A RS 22,
JEPERT IR 3 MBS S, BT Bl RAL B RS B . BT B AOBUE BN B 5 HAKRE B,
IMh 2 Bayesian 732825 H @ 11 A e N SR AL HOE 2., T 25000 43 8 1) 4 FUERA ME. X —
gERFIFEE A T 3074 Bayesian f72E 702888, WLE A ANER Bayesian 732885 4 BB FIRE H gE 2k
FRALIBAE B, TZhA 584 Bayesian 732Kt (& M ] SRR ITA 1 3 MRHUE 2.

AL FEE DTN T
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(1) LA A E Bayesian 43 354% . #5784 Bayesian 7} KA MZNA Bayesian 2% 38 2555 Ay 5k
Bl 2Ra%, o BIXT AT R L B e ROV A I R AR R A R [R5 1) 3h 4 Bayesian fi74E
oy RAs, FHE AL RRE S T AEEP I BIZS Bayesian fiTAE 33548 (AR HIBhZS Bayesian 7
R IREY), AL AN Bayesian T4 70 KRR R 480, ik — DIR AW 5507 Bayesian fi74E 702K
BT [ LA

(2) ¥ HT B XTI S BUEFE 2 JC Gaussian A% 505U T8 TR S BE G 35 1 | I ashidt 702
HERR bR AE L PSR E M IR (0) R RBHE B S PSS, Al TES T/ e EF 5
(ZF a7 5) (1B A &S 1 57 52 4% Bayesian SERL7F K4

(3) e HA B R S 22 W 2R 5F Il AN B SN (] F0 R, 20 BT 2 R R T
P o FHERA IR LU RT3 S 00 oy RUERPE (2 3 AN 7 VAT SE56 5 0B, BB Bh 4 58
Bayesian 732848 Al SEME G AIE.

2 TI7S Bayesian iT4 53 K EFHIMIRL

B4 Bayesian 4% (Bayesian 137 Bayesian 70 a3 2E4), IR 545 i Bayesian MB1Z5
Bayesian 7328 1€ X, 55 @304 Bayesian 74550 AR R REEH).

2.1 Bayesian %%

Bayesian %% (Bayesian network) &k fiHAE & (AR ALER) Z B MK R B EIRBAL, K
il () BB E L5 Markov W28 (FiIA TG HCIOC &) FIEER] (R TR G IKIICR) %5, Bayesian M
L (AR FISH GREMEZRECR B PR R, © B AR DI Re & ik G (Bl
), RS BEEMEE (B D) THHE RIS, Bayesian 432848 . Bayesian fiTZE 70248, 3h&
Bayesian 77 K& MIZI7 Bayesian fiT4E 7R A5 02 Bayesian M %% (505 (A1 X8I Bayesian M
%) WMERMER. H 20, 2,,..., Z, RIRERE, 21,20, ..., 20 R EANIME, G IR Bayesian 25, 1

p(Zl,Zz, .- '7ZTL) = p(Zl)p(22|Zl) o 'p(2n|2172’2, .. '7Z'fl—1)
n

n
= HP(Z¢|21722, e Zim1) = HP(Zz|7Ti,G),

i=1 i=1
;E\:EP T %@E% Zz ?j_‘: Bayesian Méﬁ G EPQ%){J:% Hl E‘J@EE, Hl Q {Zl,ZQ,...,Zifl}, i—/lé/ﬁ\i Hl
W, Z: 5 {21, Za, ..., Zi1} — 11; A5 1 /& Heckerman 25 H ) — 52 224 3N SR K &R 10
Bayesian M%% 34 . H, SEX, SES, PE, IQ 1 CP 7 Hl R/~ A & . Mhal. o . QB
N EA TS s
T 1 ) Bayesian W%, 6 MEE A MR BT 1Z Bayesian W3 T 00T 197 -

p(H, SEX, SES, PE, 1Q, CP)

= p(H)p(SEX|H)p(SES|H, SEX)p(PE|H, SEX, SES)p(IQ|H, SEX, SES, PE)p(CP|H, SEX, SES, PE, 1Q)

— p(H)p(SEX)p(SES[H)p(PE|SEX, SES)p(IQ[H, PE)p(CP|SES, PE, 1Q).

BB S R MR AR B I IR BOE K, 25T Bayesian 125 (FIIC S HE R 7 i U 5 AT
PRIL T, AT SR R DA 25 A8 BRI 45 B T SO At ) S B ) AL A P RE. Bayesiam 9125 0] LUK EL
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>

Bl 1 WEEHANSKERR Bayesian M4 (1B E XK [34])

Figure 1 Bayesian network on the influencing factors for students into universities (modified from [34])

"y

2 Bayesian 7 ¥FEAIEEH
Figure 2 Structure of BC

TR — R T ) B PR E S BB AR Z A IR (BHCOUPER Bayesian M4%),
i 25 R T AL B SR AT BUL G MR I — RO I 7 R R 3, RERoR (8 B s oL, B
RIMARR (—MRRIRERE) SR (RN AR &) Z R MGT R R (BFON Bayesian
PIZEIp RS, HAZ Lo R 2 LR THER, X T3075 Bayesian 2502 itk

2.2 Bayesian 57 Bayesian D EBHEN 5FKRERK

S X, .., X, M C FoRAEN B IERIZE, 21, ... 20, ¢ R BARHIBUE, D REH N M
B 7 4.

EM1 FRIEET R p(clza, ..., xn) AT I 73RN Bayesian 472845 (Bayesian clas-
sifier, BC).

BC AJLARRA

argmax {p(c|z1,...,zn)}, (1)

c(x,..., Tp

Forb p(+) FRMEE, max FRX A ATRER ¢ WURCRI p(clay, . .., zn), arg MR BAT BB c.
&3 Bayesian MZEHIS, Bayesian 4R es S RIMNE 2 B,

S X[, .., X [T) (1 << n) F1C[,...,CT) Rl E 7o @A & (FFR N JE ) At
[ Fp 5 R 5 (FRR ), (L], .., 2 [T) B c[l], ..., c[T] REARIIEUE; D1],..., D[T] /& &1t
BHURSEFS, D[1) ¢ D[2] C --- € D[T], N[1],..., N[T] J&X} A 5] BEEOE S il A8, aha&
Bayesian 777588 /& Bayesian 70 R8s IR T R (ARSI 2T S50 ¢ A%, RIET3CHR [35), &
ATRAA Z M S, A4 T E XL
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D @ - @ @) @ -
] ) &)

3 #I7S Bayesian 5324
Figure 3 Structure of DBC

Timing synchronous Bayesian Dynamic Bayesian classiﬁers|
derivative classifiers | [

Timing asynchronous Bayesian

Do Dynamic full Bayesian Dynamic naive Bayesian |- --| Dynamic Bayesian network i derivative classifiers

Do classifiers classifiers classifiers | e SIS R ‘

e N [ Dislocation corresponding

T T M RS ' classifiers

Class timing extended Attribute timing ... | Hybrid timing extended 1
classifiers extended classifiers classifiers

4 DBDC HIFFRZLH
Figure 4 Architecture of DBDC

EX2 EFE 3 4 (H G[t] £R) B0 K8 NZ Bayesian 472848 (dynamic Bayesian
classifier, DBC).

WAl Bayesian MZ8BRIQAIE] 3 T2 & HIARMEMOIMESCR (BE Clt—1], C[t] 5 C[1],...,C[t -
2, Xq[1], .oy X 1], X[t — 1,0, X[t — 1] ZIH ST, —IU\H@J

pct]le[l], ... e[t = 1], z1[1], ..., xn[l], .. 21t], - . ., 2n[t], G[E]) = p (c[t]|eft — 1], 21[t], - . ., znlt]) -

DBC mLLFR AN

arg max {p (c[t]|c[t — 1], z1[t], ..., xnlt])}- (2)

clt](c[t—1],z1[t],....xn[t])

2.3 BN Bayesian T4 5 KB R LM

H DBC ATt — R A A0 2848, A SO IX L850 RIS RN ENZS Bayesian 7450248 (dynamic
Bayesian derivative classifier, DBDC), DBDC H{& Z 2L W1 4 B,

K 4 AR REMES T HEA B ESARE BN Bayesian 745 R8s, X452k
AT T M DU R 1] e 51 s 402K

RIEMEZR AL, 7T LA 3
plelt], clt = 1], a1[t], ..., zn[t])

pleft — 1], a1 [t], . ~-7~’0n[tD

Hrt o /215 Oft] ERIIE, p(ct]|c[t—1]) IR, f()i%?)%'r HREH f(aa[t],. .., za[t]|clt]) M
A BT A 153 — R AT 807 Bayesian 745702888, A SCHIX L/ 2R 2855 A DBC EI'JEHEH]LTMME

p(clt]|e[t — 1], 21[t], ..., za[t]) =

= ap(c[t]|cft =) f(zalt], ..., znlt]lc]t]),
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X[ . x[] > ] [ . x> l+q]
x[2] .. x[2] > 2] x[2] x,[2] - 2+4]

x[t=1] ... x,[t=11 - t-1] xlt=11 .. x,[t-1]1 — ft-1+4]
xll . x,[t] - ] xlt]l . x,[t] - dt+q]

(@) (b)

5 EFELSHMEFIERLIR KR

Figure 5 Corresponding relationship of (a) timing synchronization and (b) timing asynchronous

orI8Es (SALEIT B] fUERIN [A) A ) 2540 R A2 AR A ), Forh B ARER IR 3 Fhp 248 /2 3 58 4 Bayesian
3R AE BIAHNER Bayesian 7R AIZIZS Bayesian W45 70285, DBC MR FATA 70288 (R AERTE]
FRE TR] Ry 2 T ) G5 R R AR AR AR S 4R 0T DBC AR FRAITAE 73 28 e kAT I 5 (g™ Jee 1 459 281 i1 7028
A, QARSI PP R 732888 . R VR FR A 73 SR8 IR & I P RO e 73 8 3 4. B A X
TR KA (TRIRRAEALNS N7y SR8 ) RAIRTERT AT ¢ (¢ > 1) Mrasfoxt B Eal F, @57 DBC
AR, PRI FPAT A2 70 R8s, AREE AL N Ar KRR 2 [t], ..., walt], cft — 1) YENHN, R c[t] #4750
ST, 110 q BRSNS RN 2R MR CL 21 (8], . . ., wa[t], c[t] MENFIAST e[t 4 ¢ BEAT 20 28T, B 5 [H]
A2 S R R 0T B¢ R W1 5 .

3 T 5EE Bayesian R

A 5E 4 Bayesian 4K 3R —Fh DBC HUAER 7 505088, SKFh 4 K 3R T 4K 5] (e
W F 9103 5 22 B T T T A 0 80, T EL 05 743 1P /N[ P 510 S04 S 28 2 £
K15 BAH R S KA

3.1 ZTISTL Bayesian D EBRHEXMERRER

EMXN3 FREAKE 6(a) 45t (H Grlt] Fon) M08 NEIE 564 Bayesian 702588 (dynamic full
Bayesian classifier, DFBC).
DFBC A LLRIR N

arg max {p(clt]lclt = 1)) f(zalt],- .. an[t]lc[t], GF[t])} - (3)
clt](elt—1)z1[t].....xn [t])

£ DFBC W, BIEA ARt . B S A S 3 kIS B. S KaE B h 538
BHEZAE PR IREENE R, BARMEEGEE, B 6(b) I X1[t], Xa[t], ..., X,[t],C[t — 1] N O]
PRAUE B IE B B S HARIUE B B AR R V 450 10 B S G R, Rk
(1) EE 5 R ) 5 KI5 B thE MRS MR ) Vv /BT 3 MG B, ARt R A mT
ZRIER, B 6(b) Hl Xq[t], Xalt], ..., Xp_1[t] BN C[t] FEAEELRE T LR85 5 P RK S 2.
BNAKN R Bayesian 70 8% o B JE 1 RN IR AL ISR — M E S, Bk, FHX T34 % Bayesian 73
K% DFBC NiZEA B -250MEm 4. N DFBC 15 XFRF R R 50, E0ES:E M DFBC 1)

W02 Jo 1 2 R 2 B A T
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L)

. @

—————————— » Transitive dependent information
— — —» Directinduced dependent information
ffffff Indirectinduced dependent information

6 DFBC HZ#)
Figure 6 Structure of DFBC. (a) Whole structure; (b) local structure

3.2 RBHUFHHKAEEMIT

TESL/NEF R 5 248, DA R N 561 — MR RBE SR RIS, H— a0k

RS EPE L NG, AT 34584 Bayesian 772588 53T £ J0 Gaussian 1% pR B JE VE 244 B¢
ﬁ%ﬁ)ﬁﬁﬁﬁ‘*ﬁ%ﬁ%%ﬁﬁ 1Nk, N2 TG Gaussian 1% R ESE B ] 5 (100500 £ 1 M 2 50000 PR AT 4
SRS HLE N R R 2 N BT EIEE D M EAX AR SEUE RN £ i R — R
W

N n .
o(x1 - xy|D) = Npl ;]‘{K< P ) (4)
Hep N REIRE D il SR, =

LT K(ms) LR ECE IR m T (R R T
AR 23 N KA S T BB R A B R, K () R X, BB o1,
RTHSH (WANEEII), 20 (1 <i<n, 1<m < N) o5 X, FEHARSE D 5 m ety
S
B K() 9 Gaussian FAL (H2 AT LU FLABRY B8 B, 0895 AR AL = AR BOR S 50K o

Hek), AT LIS 3|
K, (xz xzm) o 1 ex _((Ei - xim)z
N ) Ve P 2|

J p(elt]lelt = 1], DY) AT f(zr[t], ... @alt]le[t], D) o ple[tllelt = 1]) B f(aaltl,..., zalt]lelt]) B
filivt, A4

peltllelt — 1], DIt]) = p(c[t], c[t — 1], D[t]) _ ~ N(c[t], c[t — 1])/N(c[t— 1)) _ N(c[t], e[t — 1))

I,
Ncft—1]) ~
Forf N(t), N(c[t —1]) A1 N(c[t], c[t —1]) 735l D[t] TR 8] Fr 5 s Bl KEcE, Clt — 1) = cft — 1]
(B UECEA C[t) = cft] H C[t — 1] = e[t — 1] KIEECE.

(27‘[)”/2N Z&gna Hexp [ %[v])] , (5)

"Ul

Flaalt], . xalt]lelt), Dlt]) =
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Hort o, WRAREZ, N(clt]) 5 DIt 1 C[t] = c[t] KITEHEE, signa(cfv]) = { NI
DFBC A LA EARKIR A
argmax  {plcltllelt — 1) f(@1[f),.... zalt]lclt], DIt Grlt)}
c[t](clt—1],z1[t].....zn[t])
_ . (clt). cft — 1) oo [l = wife))
Tl [ m{@mn/w( [N (clt — 1])p n;“g“a H p[ 27 ”
(6)

3.3 EFFEHt D REMMEITE

XTI 8] P VAR R DT, e —NBIHE To, To WHE ATKIER (8 PSRN T, KRR S %
P AT A 2, BREERR 7S EE R 2. H accuracy(DFBC, p, D[T), Tp) #7x DFBC B 2RUERZR
Hrbp=(p1,....pn) RFESEIE, cprediction[t] A Dt—1] BEATINZR, FEUAE 21[1], ..., 2alt], c[t—
1) X cft] B3 RIMEE R, cornelt] 2 IERIZER, B4

T

Z lgnb cpredlctlon[t] Ctrue[t]); (7)
=Ty

accuracy (DFBC, p, D[T], Tp) = ToT o1 +1
0

e signb(Cprediction[t], Corue[t]) = {11 prediction 117 furee
DIT] o (R TE 2 6] FL AT PP R, R B SR PR A 16 2 B0 0 4326 58 1 26 M B PV A
PrdE (S VEZ VP ARAE). XTI 8] 5 S8 70 SR A8 AR AT LU ST — R B 70 RAER LD O brofe, A

SCE H PN 38 10 23 SRR PR VP A R v A2 0 S /N B 8] 7 2 R B
3.4 FESHMK

TEXS I 0] 2 B AT 20 T, T 48 Tl 0 B 2 248 5 B 3 4030 I SR A A A A LR DI i
PR (Dl KERSLIGHT 1TI0UE), KUk, Be8% R T ARUT (1% 22 7 B 2 11 7 48 B 1%
Bohnnr g, BT X — BASRE SN A7 5] DEFBC FIFESHECEN. @ st Rz, S 5060
DFBC 43 ZRAEf M S2 00 1% O X302 X ] (0, 1], 7E (0,1] H, P S0/ (Gaussian pREUHT AR BE),
Iy R G AR AU A TR RO, (B2 A AR 22, B FIE S HN R K (Gaussian BT LR), 4
REBHEIRRWEREE 2 TR, o] WP 2800 A8k B 425200 43 2848 5 B0 AL S FE 2, DRt 75 550t
st T AL, B E PRSI EN (B D) SRIUCEE S A ECE, 58 O B SR
RN 7 418 30 AR FIOM P P SE %, DRI IE & /NN [R] P A B A 1 23 28, an B2 K [P 41, R O #
TR S AR R B P &R A T (SR dB) AT SEPE R ANE 1Y, SRS SEPR IS O Fa KRB AT Y (12l
TR GFAE), BAZR R S BN G F H = {p', 0% ... pt} fTEAR— PR SHINIUESE S, H
pl (1<i<n,1<j<L)FRBYE X[t KITESE p 5§ DBUE, FIHES P S 500 E W
Tz #7 )

L 2—N5 n M T ERIE, FAXT 0280wl 1, 850 i S 400 B W IS H I ] 2 4% 5 2
O(nT?).

3.5 DFBC HI&ER

i i A B, WEAT RO NBME TR SR E M EARIKE oty Y, B p* (1< u<
U) ZHILCE R B)E58 4 Bayesian 702K 4 ] DFBC,, R, IEFIX LISy, I 7 880 P aas
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Bk 1. @rrEs i EN S

WA R SEGEE DT IS EIRLRIE o AP SEOESE S H
W RS E M

T pr=argmax,_, - . _, cqg {accuracy(DFBC, p, D[T],To)} //ﬁﬁﬁ?ﬂﬁﬁq@%?ﬁ
WG 2 50 R P S 048 R4 smoothing parameter[] = p*, search[] = 0;
fort=Tto1l
if accuracy (DFBC, smoothing_parameter[], D[T],t) < 1 then
RAF T* = t;
exit for
end if
end for

BIE—ANEE S N (R4, B 7 0 px FNGE S N IR, 77 = 17
for t =T’ to 1 //3%&/Z IR
TR PR S 3 T
if —SFBRARII A i 4 e AR 745 K then
T HR AR &5 A B i 45 5501 B A% SEDBTC B P18 2 20" i smoothing_parameter[] 1
PSS R search(], FI A5 L um 5 T B E N BT 45 A sign=0;
for i=1ton
if search[i] = 0 then //J&1E X; HIFIESHL p; WHBTINMNKE
forj=Lto1l
if accuracy (DFBC, (..., pg, ...), D[T),t) = 1 then //¥ & smoothing_parameter[i] = pg
search[i] = 1, PR SN = smoothing_parameter|[], sign = 1, mark = 0;
for u =t to 1 //RINIGFIE T+
if accuracy (DFBC, smoothing_parameter[], D[T],t) < 1 then
TRAF T* = ¢, QUE— DGR N, 38 T+ B p] FENGE R, mark=1;
exit for
end if
end for
if mark=0 then
B BET B I A U TS R
end if
end if
end for
end if
end for
if sign=0 then
B TS RO T4 A
end if
end if

end for

564 Bayesian 577 25%% (dynamic full Bayesian ensemble classifier, DFBEC), DFBEC {42 s45 ¥t
K7 Fos.
DFBEC ] LA IR J9:

1 & N(c[t], [t — 1])
arg max {UZ ( [ 3

c[t](e[t—1],x1[t],...,zn[t])

u=1
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Classifier averaging

B 7 DFBEC MM
Figure 7 Ensemble structure of DFBEC

L - (wilt] — ai[v])”
.;ﬁgna(c[v]) il;[lexp [— ) (p“)2 ] } , (8)

%

Horp pu & pv IEE « MR U R—N5 n B T EXME, HXT Gaussian M5, DFBEC 4
KIBH IR R B AL O(nT).

4 W5

3 kB E A P2 B E (gross domestic product, GDP), J& M &S — =k A LI K2, 28 =/~
[F LG A 5 =R K Ee ., Mo R A . M1 [FEEIG KA M2 [FLLIG K3 | i & A7k R
KA S IUOT R A A B I 3 L At 2o ] 5 7 43 B e A R) LU G 2 | eVl 2 i B SR
PR L Jm BRH Ak c e ki, A E R0 A B8 R SVBA B R L #E DR
BIE] L L AT SO 58 B8 ] LU B K26 L I ISP AR S H 2 At A B B K 22 F0 GDP [\ EL IS K
AT NMebr, K GDP WK E R AT 4 T (import and export, IAE), J& M /&3 ol
R ROTICRMFE MM 6 NMERR, 282 TAE KR ZE T NEYT A, KIE (unemployment rate,
UR), J@ 2 & 10 Rl 2 . MR DL b Tl A b ) S B R SR AR DL B Tl A b 1S B g K 2
S5 9 MERR, KT UR BH N A L FH MM TEEL (producer price index, PPI), J& /& T e
[F EEHE K L TP AR 7= 2 M gE AN A 1 BRI R B A7 i b N BR324 B T B4R 4055 20 MB AR, 282 PPI
R N A RRIE RN AR (consumer price index, CPI), &M PR BN EBILa 5. AU
AR AN NI S AR S 15 DMabr, 252 CPT 2 & AEHT i, TolkA #5840 (industrial production
index, IPI), J& 1 2 o3 InE [F] EE 3G Tl FH L vH ol S B AR A S8 A Tl S V8 ol S AR b e 4%
11 ANMERR, 2502 TPT /2 B NEPT o [l B P # % (fixed asset investment, FAT), J& P2 [ Z W BUkN
FAHGK AR E R ECCH B KEMp 7 # 5 R KRS 26 MEhR, 252 FAL 5858 21t
AR R NPT T BT (inflation rate, IR), JE 2= B RIZRANCRLE 9 MR, 52
IR J2& 15 AT /G BUSIN (tax revenue, TR), J& 12 KB A LG KR L AR AL HHR AL E] L
HYACFAHE Y VRS [R] BE R AR 14 AMEFF, 2802 TR R R R GO S, 22 R i e
AT R (I ARG ) R R AR AR OS2 XFIX 9 MEFRET (B HULE R 9 NRATE (RIFR
N, B E AT SR R BT e bR (TRIRR A B, B i sem R 2 AR S8l 20 BT
SR E R | 23 R HEN R EL BN T 1 S BCR A 7 FEAERVE RS2 3 AN J7 I HEAT 9256 5 70 #r,
FH T S50 1R ek 8] Fp 51 a5 T Wind B PE A0 B X G vt R e, FEAE Lk 1 s,
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Table 1 Time series data sets

Data set Size Classes Attributes
GDP 29 2 17
IAE 37 2 6
UR 31 2 9
PPI 35 2 20
CPI 45 2 15
IPI 47 2 11
FAI 118 2 26
IR 60 2 9
TR 166 2 14

@3)p"=1

P — )
((21)p5:0A036><(19)p5=()1)86><(19),37:04066>Ql9)pm=0.042X19)p|2:0,07%19)p13:0.4IZXI‘))IDM:OAOZDC(Zl)p5:0.022>
@@ @:O.@ @9),713:0,059 ((17)p9=0.036 )
((17),)13:0.09)61s>p3=0A064X18),,14:0‘063 (18)/,,5:()‘17)((17),,1:0.132X(17)p8=01)3>
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Figure 8 Smoothing parameter configuration tree of GDP

(22)p,=0.016 (22)p5=0.01

4.1 FEBHEERIRE

P GDP EFESUE, B T) = 15 (HE WG EESEBME) A1 H = {0.002k} (1 < k < 500) (3
ZHHHUELS), 15921 S BUR IR B AT HER 70 KRB Im FHE R p* = 1 (G- FIESHHE 1) M
T* = 23 (Ty > 23 B, accuracy (DFBC, p*, D[T), Tp) = 1; Ty = 23 B}, accuracy(DFBC, p*, D[T], Tp) < 1),
B T =23 M p* = 1 FFN—DGEE BRI, RIS RE D91 S 4050 B AR S A1, R 5% 1
EESLHF I S B E MK 8 PR

FEFES B B, BRIRSE miAh, &4 A EER IR EA7 G A 2 SR A e SRR — A1
ZHUA, WSS SR 545 R R — SO B — AP S HO B &, 1 i — P S0 e
13 E]—/> DFBC. i -V S8 EM, B35/ e FER 17, B RN FHER PS80 E
BN

(1,1,1,1,0.036,1,0.016,1,0.088,1,1,1,0.09,1,1,1,1),
(0.132,1,1,1,0.036,1,0.016,1,1,1,1,1,0.052,1,1, 1, 1),
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Figure 9 Structure of DFBC for GDP

(1,1,1,1,0.036,1,0.016,0.03,1,1,1,1,0.052,1,1,1,1)
(1,1,1,1,0.022,1,1,0.01,0.036,1,1,1,1,1,1,1,1).

BT 4 AN SEECE BT3RS 4 > DFBC (£ 718 2 500 B H b Btk 47 (0 7 2 50
B EEE, S B/ DFBC ), it 7331113 2] GDP ) DFBEC. 4 A] LLSCSE S/ BIE
[FIFR ], WifE GDP K- S8 E M L 19 /E R0 RBEH M Im FHE, 158 13 eS8 E
&, PAACEAIT B 13 4 DFBC.

M55 C[2016] #HAT 43 25 F Y DFBC M 9 B, iR E 9 W2 & AR & (8] 20
SRR, AT LA

p(c[2016]|c[1998], . . ., c[2015], 1[1998], .. ., 217[1998], . . ., 21[2016], . . . , 17[2016], G [2016])

= p(c[2016]|¢[2015], 1 [2016], . . . , 217[2016])

 p(c[2016], c[2015], 21 [2016], . . ., z17[2016])
~ p(c[2015], 21[2016], . . ., 217[2016])

= ap(c[2016]|¢[2015)) f (21 [2016], . . ., 217[2016]|c[2016)).

BAKE 9 gt AT C[2016] #EAT 2 KM E) DFBC B # KA

arg max {p(c[2016]|c[2015]) f(21[2016], .. ., 217][2016]|c[2016], GF[t])} -
¢[2016](c[2015],21[2016],...,217[2016])

4.2 HEEFHMELE

i 8 I3 KRBT 7 FRUERAVE LB S50 5 204, AT T2 25BN (conditional random fields,
CRF) 73 2Kds, 7E3CHR [32]) (fEH Gaussian BRI 118 VSRR S5 ) FISCHR [33] CRA Gaussian 1%
SR TR M 2 PRS0 ) ot BOPIA B A AR 2 Bayesian 402648 (29 GDNB Al KDNB), T
ZHBENAALHE DFBC #2242 5402588 (IC N RDFBC, BENL 4 20 A DFBC, JE#HTIREAER), 78
DFBC H 733K Gaussian PRAEAI Gaussian Copula PREUGTFE M2 BCA 2 BN 702888 (il
N GDFB #l KDFB), i#id 70 a8 £ A5 21 1) DFBSC (O E A A [l 55 /NI D ) 73 28 48 HEA T B AL
) MR 7r 24515 218 DFBEC (M B AT R /N BUEL TS LR 73 2R 45 BEAT 7 127), Horp T BOMEAR
YORIUS 13 AN TA] S (BN TE] ), SEER 45 R a1 2~10 iR,

M 2~10 AEREKIN, 784028 WERatE 77 DFBEC A AW W HL#%. DFBEC 5 CRF [HHE:
fE CRF 1, 520K RS, XS SEE0E B EK; 54 CRF & E 5 sk o
R HAEMEAANTIREE, ] DFBEC AME{EIXLER @, DFBEC 5 GDNB 1 KDNB fLLH: R
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Table 2 Classification results of GDP fluctuation turning point

Classifier To=17 Tp=18 To=19 Tp=20 To=21 Tp=22 Tp=23 Tp=24 To=25 Tp=26 Tp=27 Tp=28 Tp=29 Ave.
CRF 69.23 75.00 72.72 70.00 66.66 75.00 85.71 83.33 100.00 100.00 100.00 100.00 100.00 84.43
GDNB 69.23 66.66 63.63 70.00 77.77 75.00 71.42 83.33 80.00 100.00 100.00 100.00 100.00 81.31
KDNB 76.92 83.33 81.81 90.00 88.88 87.50 100.00 100.00 100.00 100.00 100.00 100.00 100.00 92.96
RDFBC 69.23 75.00 72.72 70.00 66.66 62.50 57.14 50.00 40.00 50.00 33.33 50.00 100.00 61.27
GDFB  46.15 50.50 45.45 50.50 55.55 62.50 57.14 66.66 40.00 50.00 66.66 50.00 0.00 49.35
KDFB 69.23 66.66 72.72 70.00 66.66 62.50 57.14 50.00 60.00 75.00 66.66 100.00 100.00 70.51
DFBSC 92.30 91.66 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 98.22
DFBEC 92.30 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 99.41

#* 3 IAE K mpEER

Table 3 Classification results of IAE fluctuation turning point

Classifier To=25 Tp=26 To=27 Tp=28 Tp=29 Tp=30 To=31 Tp=32 To=33 Tp=34 To=35 Tp=36 To=37 Ave.
CRF 61.53 58.33 63.63 70.00 66.66 62.50 71.42 83.33 80.00 75.00 66.66 50.00 100.00 69.93
GDNB  53.84 50.00 54.54 60.00 55.55 50.00 42.85 50.00 40.00 50.00 66.66 50.00 100.00 55.65
KDNB 69.23 66.66 72.72 70.00 66.66 62.50 57.14 66.66 80.00 75.00 100.00 100.00 100.00 75.89
RDFBC 61.53 58.33 63.63 70.00 66.66 62.50 57.14 66.66 80.00 75.00 66.66 100.00 100.00 71.39
GDFB 3845 33.33 36.36 40.40 44.44 50.00 57.14 66.66 60.00 50.00 33.33 50.00 0.00 43.09
KDFB 53.84 58.33 54.54 50.00 55.55 50.00 42.85 33.33 40.00 50.00 33.33 50.00 0.00 43.98
DFBSC 76.92 83.33 72.72 80.00 77.77 75.00 85.71 83.33 80.00 100.00 100.00 100.00 100.00 85.75
DFBEC 76.92 83.33 81.81 80.00 88.88 87.50 85.71 100.00 100.00 100.00 100.00 100.00 100.00 91.09

* 4 UR EREMRTEER

Table 4 Classification results of UR fluctuation turning point

Classifier To=19 To=20 Tp=21 Tp=22 To=23 Tp=24 To=25 Tp=26 Tp=27 Tp=28 Tp=29 To=30 Tp=31 Ave.
CRF 61.53 58.33 63.63 60.00 55.55 50.00 57.14 50.00 60.00 50.00 33.33 00.00 0.00 46.12
GDNB  46.15 41.66 45.45 50.00 44.44 50.00 42.85 50.00 40.00 50.00 66.66 50.00 100.00 52.09
KDNB 61.53 66.66 63.63 60.00 55.55 62.50 71.42 66.66 60.00 75.00 100.00 100.00 100.00 72.53
RDFBC 61.53 66.66 72.72 70.00 66.66 62.50 57.14 66.66 60.00 50.00 33.33 0.00 0.00 51.32
GDFB 3846 41.66 36.36 40.00 33.33 37.50 42.85 33.33 40.00 25.00 33.33 50.00 100.00 42.45
KDFB 61.53 58.33 63.63 60.00 66.66 75.00 71.42 66.66 60.00 75.00 66.66 50.00 100.00 67.30
DFBSC 76.92 75.00 72.72 70.00 66.66 75.00 71.42 83.33 80.00 75.00 100.00 100.00 100.00 80.47
DFBEC 92.30 91.66 90.90 90.00 88.88 87.50 100.00 100.00 100.00 100.00 100.00 100.00 100.00 95.48

P Bayesian fi742 70288 R oM R AERIE B EE S, GDNB A1 KDNB A 1)@ 4 R fig 25t
—FRAE B (RIS HOBUE ), 11 DFBEC i) J8 YR A1 e % A R L A FR AL 3OS BAE N 3 A
& #if5 E.. DFBEC 5 RDFBC [JLLE: RDFBC A& XF Vi S 2 bE LA 1 7= 42 10 40 28 28 T b A7 1 4
F, IXEE 3 R 2 1A 7 RUERA M 22 UK, T 22 FMI8 RDFBC [ A] $EM:, DFBEC AFAEIX — [ .
DFBEC 5 GDFB Al KDFB HIEt#: —J7TH, GDFB Al KDFB 5T S 806 B ()it BE L&, <>
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Table 5 Classification results of PPI fluctuation turning point

Classifier Tp=23 Tp=24 Tp=25 To=26 Tp=27 Tp=28 Tp=29 Tp=30 Tp=31 Tp=32 Tp=33 Tp=34 Tp=35 Ave.
CRF 53.84 58.33 63.63 60.00 55.55 62.50 57.14 66.66 80.00 100.00 100.00 100.00 100.00 73.67
GDNB  46.15 41.66 45.45 40.00 33.33 37.50 28.57 33.33 40.00 50.00 66.66 100.00 100.00 50.97
KDNB 61.53 66.66 63.63 70.00 77.77 75.00 71.42 66.66 80.00 100.00 100.00 100.00 100.00 79.43
RDFBC 69.23 75.00 72.72 70.00 77.77 75.00 85.71 83.33 80.00 75.00 66.66 50.00 0.00 67.72
GDFB 3846 33.33 36.36 40.00 33.33 37.50 42.85 50.00 40.00 50.00 66.66 100.00 100.00 51.42
KDFB 53.84 50.00 54.54 50.00 44.44 37.50 42,85 50.00 60.00 50.00 33.33 50.00 100.00 52.80
DFBSC 76.92 75.00 72.72 80.00 77.77 85.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 89.80
DFBEC 84.61 83.33 90.90 90.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 96.06

& 6 CPI KihEfim o EER
Table 6 Classification results of CPI fluctuation turning point

Classifier To=33 To=34 To=35 To=36 To=37 To=38 To=39 To=40 To=41 Ty=42 To=43 To=44 To=45 Ave.
CRF 61.53 58.33 63.63 60.00 55.55 62.50 57.14 66.66 80.00 100.00 100.00 100.00 100.00 74.26
GDNB 38.46 33.33 36.36 40.00 33.33 37.50 42.85 50.00 60.00 75.00 100.00 100.00 100.00 57.45
KDNB 53.84 5833 63.63 70.00 66.66 75.00 71.42 83.33 100.00 100.00 100.00 100.00 100.00 80.17
RDFBC 69.23 66.66 63.63 70.00 77.77 75.00 85.71 83.33 80.00 75.00 100.00 100.00 100.00 80.48
GDFB 46.15 50.00 54.54 60.00 55.55 50.00 42.85 50.00 60.00 75.00 100.00 100.00 100.00 64.93
KDFB 46.15 50.00 45.45 50.00 44.44 50.00 42.85 33.33 40.00 50.00 33.33 0.00 0.00 37.35
DFBSC 76.92 75.00 72.72 80.00 77.77 87.50 100.00 100.00 100.00 100.00 100.00 100.00 100.00 89.99
DFBEC 76.92 83.33 81.81 90.00 88.88 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 93.92

® 7 IPLEEEMT RO EER
Table 7 Classification results of IPI fluctuation turning point

Classifier To=35 To=36 To=37 To=38 To=39 To=40 To=41 To=42 To=43 To=44 To=45 To=46 To=47 Ave.
CRF 38.46 41.66 45.45 40.00 44.44 50.00 42.85 33.33 20.00 25.00 0.00 0.00 0.00 29.32
GNBC 53.84 50.00 4545 50.00 44.44 37.50 2857 33.33 40.00 50.00 33.33 50.00 0.00 39.73
KNBC 53.83 58.33 54.54 60.00 66.66 75.00 57.14 50.00 60.00 50.00 66.66 50.00 100.00 61.70
RDFBC 46.15 41.66 45.45 50.00 44.44 50.00 57.14 66.66 60.00 50.00 66.66 100.00 100.00 59.85
GDFB 30.76 33.33 36.35 30.00 33.33 37.50 42.85 33.33 40.00 25.00 33.33 50.00 0.00 32.75
KDFB 46.15 50.00 54.54 60.00 66.66 50.00 42.85 33.33 20.00 0.00 0.00 0.00 0.00 32.58
DFBSC 53.84 5833 54.54 60.00 66.66 75.00 57.14 50.00 60.00 75.00 66.66 100.00 100.00 67.47
DFBEC 69.23 66.66 63.63 70.00 66.66 62.50 71.42 83.33 100.00 100.00 100.00 100.00 100.00 81.03

FEAIC /> 2R AR HVZ AL IR BE; 53— 71, GDFB M KDFB 3 if5 Z2 W77 22 M RE I TH5, /N 18] 75 51 B 26 2
I BATE 2>, TovE AT SEMAL T P 7 2 A e (3 4ERE. DFBEC 5 DFBSC HLLAL: DFBSC it
AT IR 7 AR T, R AR 1) 70 284%, (BAESEBr R ARXERL S, 0 HA:—> DFBC th#ifi €L H
FIANE; DFBEC A Tk #% 1) 73 Feas 3 AT 14, alflix ey a2

RER.
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Table 8 Classification results of FAI fluctuation turning point

Classifier Top=106 To=107 To=108 Tp=109 Tp=110 To=111 To=112 Tp=113 To=114 To=115 To=116 To=117 Tp=118 Ave.
CRF  61.53 5833 63.63 70.00 77.77 75.00 71.42 66.66 80.00 100.00 100.00 100.00 100.00 78.80
GNBC 3846 41.66 45.45 50.00 44.44 37.50 42.85 50.00 60.00 75.00 66.66 50.00 0.00 46.31
KNBC 69.23 66.66 63.63 70.00 77.77 87.50 85.71 83.33 80.00 75.00 66.66 100.00 100.00 78.88
RDFBC 53.84 58.33 54.54 50.00 55.55 6250 71.42 66.66 60.00 75.00 66.66 50.00 100.00 63.42
GDFB 53.84 50.00 45.45 40.00 44.44 50.00 57.14 50.00 40.00 25.00 0.00 0.00 0.00 35.07
KDFB 61.53 58.33 54.54 50.00 44.44 50.00 57.14 66.66 60.00 75.00 100.00 100.00 100.00 67.51
DFBSC 69.23 66.66 7272 80.00 77.77 87.50 85.71 83.33 80.00 100.00 100.00 100.00 100.00 84.84
DFBEC 76.92 83.33 81.81 80.00 77.77 75.00 85.71 100.00 100.00 100.00 100.00 100.00 100.00 89.27

#F 9 IR MohiEITmm2ss

Table 9 Classification results of IR fluctuation turning point

Classifier Tp=48 To=49 Tp=50 Tp=51 To=52 Tp=>53 To=54 Tp=>55 Tp=56 To=57 Tp=58 Tp=59 Tp=60 Ave.
CRF 53.84 58.33 63.63 60.00 55.55 62.50 57.14 50.00 60.00 50.00 66.66 100.00 100.00 64.43
GNBC 46.15 41.66 4545 40.00 44.44 50.00 42.85 50.00 40.00 25.00 0.00 0.00 0.00 32.73
KNBC 69.23 66.66 63.63 60.00 66.66 75.00 85.71 100.00 100.00 100.00 100.00 100.00 100.00 83.61
RDFBC 69.23 66.66 63.63 60.00 55.55 50.00 42.85 33.33 20.00 25.00 33.33 0.00 0.00 39.97
GDFB 53.83 50.00 45.45 50.00 55.55 62.50 57.14 50.00 60.00 50.00 66.66 50.00 100.00 57.78
KDFB 61.53 58.33 54.54 50.00 44.44 37.50 42.85 50.00 40.00 50.00 66.66 100.00 100.00 58.14
DFBSC 69.23 75.00 72.72 70.00 77.77 87.50 100.00 100.00 100.00 100.00 100.00 100.00 100.00 88.63
DFBEC 84.61 83.33 90.90 90.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 96.06

® 10 TR EHEFEMRSEER

Table 10 Classification results of TR fluctuation turning point

Classifier To=154 Tp=155 Tp=156 To=157 Tp=158 Tp=159 Tp=160 Tp=161 Tp=162 Tp=163 Tp=164 Tp=165 Tp=166 Ave.

CRF  46.15 41.66 45.45 50.00 55.55 6250 71.42 83.33 80.00 75.00 66.66 50.00 100.00 63.67
GNBC 46.15 41.66 36.35 40.00 33.33 37.50 42.85 33.33 20.00 25.00 33.33 0.00 0.00 29.96
KNBC 69.23 66.66 72.72 70.00 66.66 75.00 85.71 83.33 100.00 100.00 100.00 100.00 100.00 83.79
RDFBC 61.53 58.33 63.63 70.00 66.66 6250 57.14 50.00 80.00 75.00 66.66 100.00 100.00 70.11
GDFB 46.15 50.00 45.45 50.00 55.55 50.00 42.85 33.33 20.00 25.00 0.00 0.00 0.00 32.18
KDFB 61.53 58.33 54.54 50.00 44.44 37.50 4285 50.00 60.00 75.00 100.00 100.00 100.00 64.17
DFBSC 76.92 75.00 81.81 80.00 88.88 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 92.51
DFBEC 92.30 91.66 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 98.77

4.3 FRSHTUXN D LXERIENTE

P SHREH Caussian BEIZEITEAR, B, P S 800 AR 0K 520 73 K28 5 50 0 & 72
A GDP, IAE, UR, PPI, CPI A IPI 6 /N [P A1 HR4E, 1o 4» AL 9, 17, 11, 15, 25 A1 27, H
s1,...,89,510,...,s18,519,..., 27,528 ¥~ 0.001,...,0.009,0.01,...,0.09,0,1,...,0.9,1, 7 H M4
SRR (AP SEIRPEUE, A4 T RE — S AP CFES 8 imm Ll
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Figure 10 Influence of smoothing parameter changes on classification accuracy. Influence of (a) synchronous and (b)
asynchronous changes

BRI ME, B IPIE S 8 R E —A, A0 T S 8055 2 sh)) W5, 347 S0t 4y
YR PE 2 SR 5 73 47, 6 AN [) F7 51 5008 4 (10 T S HCR A 4 FEHERR PRI s ma ] 10 P,
NEFAATGABC B X S ECR AR, X 6 A R S5 E 58 S EO aa B B AL 1, SRk
(11-F- 1 S B BAR SR U AR UGEEX pr, p1, pa, p13, ps A ps.

ME 10 AT PUE R, Joik & R 2 7Pk, 6 /NI A) 20 s 4 1P i S 80R Ax
DFBC )53 R UER ME AR BRI 78 [R5 A0 D7 T, e Ko FAER M 22 AR I 14.28%, 38.09%,
19.05%, 19.05%, 38.09% 1 19.05% (FHIME R 24.60%); £ SR TTTH , B k7> MRl I 25 AR V=
23.79%, 28.57%, 19.05%, 19.05%, 28.57% A1 19.05% (“FHMEZ 23.01%), K, TFEX-Fi S Et i
b, FiA, —S IS DFBC 43 8B A L, 10 5 — 8 T 1 S 800 238 (b 205 S,
1E 6 NI FE AR S, X DFBC 175 FSAERR I A7 5200 1) S 8080840 7l =2 11, 5, 7, 13, 10 F1 7.

5 LHELFH—PHIE

FEZNZS Bayesian 70 RASHIEEAE ) 22 BIARR P RTA 0 2885« I FRAT AR 20 SRAS AN 00 N AT A2
orRAs 3 NI T304 Bayesian AT2E0RE A RMELE, JR4i & AW A-HE 2 H0E R 2 T
Gaussian 1% PR I 73508 70 SSHERPEARUE . 11 S AU B AN RAS e F 5P 5 0 TiE &1/
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751 (20 (87 51) FI307 564 Bayesian SEA 0258, A 5E4 Bayesian 70525 AE 5 A AU
E/ N ] 7 51 000 £ R ) P SRR 720 2845 B R 270 Gaussian A% U T8 PG %55 B2 AT
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Dynamic full Bayesian ensemble classifiers for small time series
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Abstract Improving the reliability of small time series classifiers with continuous attributes is an important
and challenging task. The information contained in small time series is not sufficient and a temporal dependency
exists between data records, which makes it very difficult to optimize the fitting degree between the classifier and
the data, and many mature techniques of non-time series data classifiers are not practical. We use a dynamic
full Bayesian classifier to increase the amount of information provided by the attribute to the class, and realize
the fusion of temporal and nonsequential information. By combining the conditional joint density estimation
of attributes based on the multivariate Gaussian kernel function with a diagonal smoothing parameter matrix,
the interval division of smoothing parameter values, the timing progressive classification accuracy criterion, the
construction of the smoothing parameter configuration tree, classifier selection and averaging, etc, a dynamic full
Bayesian ensemble classifier was established for small time series. Experiments were performed using small time
series in macroeconomic analysis. The results show that the optimized dynamic full Bayesian ensemble classifiers

have very good classification accuracy.

Keywords dynamic full Bayesian classifiers, multivariate Gaussian kernel function, smoothing parameter, clas-
sification accuracy, classifier selection and averaging
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