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Abstract

This paper extends the Bayesian nonparametric prediction framework proposed by Bisaglia and
Canale (2016) from the INAR model to the generalized p-order integer-valued autoregressive model
based on the negative binomial thinning operator (NGINAR(p)). This extension utilizes the negative
binomial thinning operator to describe the high-order dependency structure and overdispersion char-
acteristics, and employs a rounded Gaussian mixture prior for nonparametric modeling of the innova-
tion term distribution, thereby flexibly capturing complex distributional forms such as multimodality
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and skewness commonly found in count data. To address the structural complexity of high-order
models, a data augmentation-based Gibbs sampling algorithm is constructed to jointly infer the pos-
terior distribution of the autoregressive coefficients and the innovation term distribution, and di-
rectly obtain the h-step ahead predictive distribution of integer values. Simulation studies and em-
pirical analysis of monthly total cloud cover data from a certain region in China demonstrate that
this method exhibits excellent prediction accuracy and stability under different sample sizes, auto-
regressive coefficient settings, and innovation term distribution assumptions, and shows significant
adaptability and effectiveness in handling high-order complex count time series.
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AR A AN AR T AR 5. AT 2. RIBE SIS 29U, 0% 14 e i By 1)
RAREL, G0 H FEACIBSE SO A% e B 0 (9 B R X sl I U ) B 5 X R HA AR fbE . B
VBT BCE I AR AL, A 1544 G 1003 SR AR [ 57 21 ASE 280 7 T 0 2 P TR N AR AR PR 3, AN AT P4
ORI ARRE RO, ISR A Bt 5 B I B B MR UL . R, R O R R T T
BT 779, A EE R R S R HAME .

R — kbR, AR T NN . Steutel A1 Van Harn [1]32 (0 — IR BR80T, 98Ul
I 1) 7 31 AR B 5 T #et 3 mt . Al-Osh AT Alzaid [2]55 McKenzie [3]78 Al F AR 2T — Wi
T BB [ B INARQ)BEY, BRIIEAE S8 AR BT 45 by F% bl 28 30 40tek, TH61 1 S BME I 1)
IR M. MG, PPRETFRE T KGR Du il Li [4152 T @M INAR(p) B8 [ EEIS HESY
Al-Osh 1 Alzaid [S]WF 70 T HEUAR B FIgHAY, ZLFE THEEAR. 55—/, Ferland Z5[6]452H
INGARCH #8784 J HfG 4l Jie T8Ik o 26 PR IE AN T Z AT A A, A3 RO 4 7 T 508 1 i 2 i
PERB AR M Fokianos 5[ 71— TR AR AR AU ME L R R A T VAS B R AY, ST T X B
R IEAC R, AR T R R VG . SR, TE 40 WeiR [B]17EH L2 iR 1), R LRBRM R T
ZAUE E RS EAOAERE,  H G fa] R IE AL R0 HT T % 4340 (1 1), AT v AR AR R R OBk AR

BEEWF FHIRN, ARG T RSB S 71) INAR AR 7E X o 5 8 M5 &2 2 S A 1 e S B0
—EMEIRRR . ARRIX AL, Ristic [9]FFH 7T 5“0 H 1 1) NGINAR(D) B, %51
(ARE 2 ALAE T, RVF— AN SEAMEEE T — A2 A “JER7 . MIRARTEG T i FE 5 B i A= i
Mlilo 76 BEJEA -, Nastic [10]258% KA B 2 5 CGINAR(PAY, k858 7 6 52 4 w5 45 44 11 21 i
BE 77 R NGINAR AR S50 AN, (5 LG8 00 i) s A AT 8 30 0 T S B0 o (o 47 — T
JURI A3 A5, MSEBrdE RO 0. R EURAS ST NG R0 0GR, FCRRE 5 & B AT
e 777 2 R K

RRBEX — R PR, 4 VU BT AE S 8071 51N NGINAR BRI 2 %A AR I3 T ik R ik,
ASCHs Bisaglia F1 Canale [L114 H A9 DU 37 9E 2 20000 ARE B2 A — B A58 B 4 i 2 5 147 — TR B S 1))
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X p WY EEHUE | ALY (NGINAR(P)) . X —4RJERAA T NGINAR HE RS @ T £ — TR i 20 o B g
5 m BRI B S5 R 3, L% Canale £ Dunson [12]472 H 4 A i B & 2a 365 6135 I/ A it 47 AR 25
R RIG T, IR TS S BB RIR . 8 g i T HR G R0 Gibbs SRAEHL, SBLA
1A R E S QT I A B S IR W, I BB R B h B AT A, R s 52 A B TR
7B (RS R T AR 1 — b sife EL B0 ™ b b S N 38 Vs

RIJGER AT 5 2 TVEGHE IR B e, G NGINAR(p)IL A2 A& B Wi & N\ s iR &
Jeltrs B8 3 WA VIMHITRE S B 4 T BUE A A A IR AR I 5 5 AR T SRbRih
H 6] 7 1 B 34T SR s 2R 6 TR e T R A S R .

2. REGE
2.1. NGINAR(p)#&E

NGINAR(p)# M & NGINARQ) I Z Wit [ 4 R, F T @A B G 1 i 18] 2 508 o i R ) 2 X

p
Y, = Zai Y, +& (D)
i1

Hodr,  “x” IR TS BT (Negative Binomial Thinning)% 1, %8 712 SUKIT JLIRI 204, W TAT
BB R Y RIS M o, [01) ., F o +Y, = YW, Horp (W} S 7 A 1 T TR LA B
j=1

HBIMERNY (14 a;) -

ZE TR A B AR AL, I — PR R BT RS A S RS TS A, AT A ORI
fH. RS, o e[01),(i=12,p) BEIHRE, P& FEIOS AFMEREEE: o AIEUCEEE
QUF, 7 E A B 5 SIS . 548 NGINAR) A, A AT 6 AES iR, 0¥
FORRAE S BR B R AR IE B, ) SUARA A S U A SR A 2 A 5, INTT B SR T b o 2
TR AR SR T BB - AR BT 00 B S IR T AFAEAR R X 5 BN s AR
IUATRE “A73E7 , EATREF=HEZA “JER7, HEANMEF AR EREE IR LR A o X —SEFEHLH],
A Z Wi IR I I, AT Y GRS [ B 4 B SO P R HICRRE R B R 1 R s W . AR SR
1 NGINAR (p) A5 84 38 5 5 G35 0020 A e o S50 B %, M se bl 2206 . TR Sin S 5= 20
I, IXFPEE R RIGTE. ik, AN HrAESH057, 154 Bisaglia 1 Canale [9]1)5mE, KA
N TR A SR G 5 A AT RS AL [13] [14].

JUETEZE N ORI AT eV R UK A S, H B T W IIAE T 27y 5 5 I B 5 G137 T2
Al HEE A AT @ B A R FIA[15] [16]. X T NGINAR(p)BEAL, H AL 45k 7] Rk N

min(yt,Yi_)

Pr(Yt:yt|y‘*1’a’ p): Z PI’(Bt=S|y171,Ol)'p(yI—S) 2

s=0

H B ~NB(r=y,,, p=11+a), Pr(B =s|y, o) &nrET A _IMERE T HAMEREBRE, p(y, -9)
NBHTIHERTH MABON y, — s Z6AF T IR R R L

GEREARIF A y = (yy, -, y; ) » BEBHNS 0 c[0,1) $0=(a,p), HIAMERESE, pi
BIHI &, MM R S R AL, TEAKT p AT B AR B RIS T, 7% RId i 12 B A 1 D7 v 2 a8 MR Fy
FAFREZ . BT RS G5, T DUIE— 5 bl W H5c4fs ) ABh AR sk O A
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T_min(Y. Y1)

L@ly)=[T > Pr(B.=sly..a) p(¥-s) @)

t=2 s=0

H QU AT p . B I EEESEO R E AR ], HIEAIF AR, IS BN 7 A 3 LA
Prik. Jyut, ARSCHE DUM-HrHE SR T SR A G S8R 0000 70 AT 0 AR h 2B EEAT N, HACE RIS

Pr(Ye,=ily) :IPr(YT+h =jly.0)dz(0]y) )
2.2. BIFMAYIES HEE

BT NGINARQ) AL GIET I &, 1 73 A @A 10, A SCHE % [ Canale 5 Dunson [12]42 H ) #Ek T &
i A (Rounded Mixture of Gaussians, RMG) /772, 1% /721t Dirichlet it 7% & VR & (DPM) X8 AR it
ITHESLE AT, e AL B AR NS 0 A, PR X (AT S B ik, TG IE HY R 5 R B8
TIURE R R B R A, e B R s S S AT

BRI S, ST je N, BEHTAIM R 2R E0E SUN:

p(i)=Pr(a=1)=g(H)[i]=["f(s")de 5)

Horr, VRIS £ (&) BRI EE LA B i A g (1) omont AT B B (R0 IX 1) \) o e
Befl . N T RS AA, (&) RAAESEE IR A B R

f(¢":P)=[g(c" u.0°)dP(u.0%), P~DP(n,R) (6)

Hep i ¢(-;u,02) FoRYMEN p s TTEN o T R A IRE I P IR CAKRE S5 n FIIE 5015 P,
BB R . 92 Dirichlet S22, K Sethuraman [17]#2 Hi 1) stick-breaking #Ji%, %#4i& v DPM
AL TR A UK

iid

P=3d, 6P
1=1

Hr, =V, i =V [J(L-V,), B4V, ~Beta(Ln) o XA IR AR ALK B KT
LLGT I, AR — LAy 1 9 TE AR A {r, ) I T AT A B4 LA f MR LR

FAMR A X RN 25 6, =(ﬂ|,6|2) M Normal-Gamma %73 4ii By HHSZ AL,y S s (R 3948
I AW ENE, A SCEE LI Normal-Gamma & 73 4, Bl

OTZ i.i--d'Ga(a,b), 4 iILd.N([LtO,KO'IZ)

Hr, Ga(ab) RS a, RESHCHD 1 Gamma 53, x A%l ¥IME 5 75 2 55 R 10 LBl R 5L
RLE uy =Y AT Z k=52, B a=b=05. ERELETREMG, BT&EANEHr R>N,
F g & e R WU ABEUE, WL r(e7)= ] Ha <& <ay, b, {a) | FRKIMIAABREN =0,
a;=j(j=12,). AR(G)AR(6)7LHEIE M TR o8 O 0 5N T 583 0 A %A ML 2 it
T RGBT A AR Sy, B BA BN RR S RIF G0 — 80, &6 8 M s
3. DIMHErREHEE

7E3ET Dirichlet id 2 & HiiR-A#7 (DPM) % NGINAR(L) R o (1 5 g AT @R IAEZE F,  H T 037
oA p H AT REKIE, RGBS EAN T2 L E R o R IIX — v, A SCR BT 5
SR Gibbs SRFE I, 1% 7% T Canale T Dunson [12]42 H (0 iH 58 ms . GEIT 5] N JBAEAR B AL e 3
HAREE, FRAEFA G R0 oA P ARNT IR b, SRS DU 2405 QR 050 A0 (M B i St BT . AT
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KA AR EFELL T AN DI

(1) 5D IR (4 4R R A p o)

a. [aAr & B AR

SRR IR At A S k =1, p o 8 SRR By o B DT SRy, P OR B AR N ¢ RN R
P IR EL T Ristic 55, HAAMER A A:

1
Bk | Ve ~ NB[yt—k’ p :1+akJ

y +J -1 1 Y-k a i
() o

YEWIIME y, PP R BEAL U 1) B B, = (B, By, ) » BB By (K& 5 B 5341 15 QT 10 53 A
p(e) MR, HAFMFREMEN:

: P Ve + I _]}( oy \ij
P B = l B E R — 1a1 oC . - °
(Bo=i[veo Vewr= Yopr p) [[1( N

b. WA & HIERL
S E WA y, MR B, & BTN e =y, - ZBtk, FEMELEF L | hRFHEER R s, JF

Ry

| —|

o]

VR
<

|

M-
[
s

N

LA XA a8, <& <a,,

(2) TH B p
a. AR & S, [
M@ I RSN A 7 BeARIR S, HER TSR

P(St =1 |gt*)oc;rl '¢(8:;/1|10-I2)
Sorb, R NR AR, (e, 07) RE MR EA SRR, R0

AR e T, WIMEE TZIR A B I .
b. stick-breaking 43X . 5 ¥

V, ~ Be(1+n,,ry+ > nr)

r>+1

Forf, R AN A B LR
¢. EHRAHEE (4,00):

N (ﬁ|,12|5|2) |nvGam(a+%+1,b+6|j

y
+
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JH & RE | EBRFEARNE.

(3) EHZS%: Metropolis-Hastings 5

7E NGINAR() AL, HIFASHAN R o =(ay, . a, ). 4ERERBSWMFI Y, G4 a, M
FTARFMER AN 7(aly, B, p)xx,(a)xL(a]y, B, p)

mep(* 2 ]

A 1+ o, 1+,

Hort, 7(eq ) MARES, KFIIZ4E Metropolis-Hastings (MH) [17] [181RAEEATHR . BRI T
PNk =1,---, p KKIAT
a. AR : AL E A 0 (R RS 2 A A
o ~ N(algm),of)

b. tHEIEZ AR

r=min{lHtP(Bt'k|y“k’a;)'”(a:)}
HtP(Bt,k |yt—kvak)'77<0!k)

C. BERMELE: HHNERZ, WA o MFEA o HMREIEAT —RE.
4. MERUSERIH

M TR SR RIS AU SL G PP NGINAR(p) B FE 2 A0 B 10 o 9 R 30, X p=21, Rl
K NGINAR() MR FEAT B AL, . S256 B 5 1000 Yoy #2356, FEACE 2 5 % & v 50, 100 1
250, [FIRF 51N 200 R FAGEAR DA BRAIIAE I . B8 A: o, =02, «,=03; #A B: o =04,
a,=03; HMC: =06, a,=02. BMELIEFEAEH FHHE LSS T E S 1000 K. X145
ANEHEAE, AT 17,000 JOEACRFE, H AT 2000 (RAE T (burn-in) DU CRBEUS SR PR o0 A, IR IR
J& 15,000 JOEAREE R T IR 80 0. NFa s se DU i E S 805 30 AN R BT SO (& Rk, AL
VT DU )7 150 55 A«

i ARAAE[19]: A=3;

ii. 1 43 4i[20]: k=8,p=05;

iii. —Wi4rAE[21]: k=12,p=0.7;

iv. CMP 434i[22]: A=25v=4,

NARTH VAR T 23 A B HERF I, ASCRFH Z PRI TR RS, B4 MR E S PR B R i k9S4, B
K KL #it% f1 Bhattacharyya REFIFh A7 22 57 8. kK154 (Quadratic Score) /& — ™ K38 24 3 73 Mt
W, H Brier [23]% Ykt T RER TR FOIAIE, & Brier 5078 22015 T . % T B
BAEMETN, 3 P, N h B IATET TR TR R, Y, SRR, N A AT

S(ﬁh'yT+h)=2f)h(yt+h)_Zf)h(j)z -1
i

Horp, SRANRE §IES I SAG P, BE BT AT RERUE . Oy T i A e B R i, XY
W BE LN B ) e /IME S iR EZ 18], JFAE AL AN — € fZ20h [X 220, DARA R THSELE T T
I3 A 1) E R R 49 . Gneiting 1 Raftery [24] RGTHIA T 7 A% & V7 40 MU R B HESE, iEEA T
TRAS I S VP R E R R SR DR A R R DR
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PSRN R, AR 52 R B 7 il Bhattacharyya £ %081 Kullback-Leibler #5 R, X w7
VR N 40 A 22 e R [25] [26]. Hershey AT Olsen [27]8 Bl 1% 77 12 80 FH T w8 i Ve & A 24 £
B9 FATS T, TS KL SO BC RE. 1 P b AR 35w T4y B 00 43 A 5 0S40 A7 2 (]
Mz, R ARWT:

B 3. -Iog( (1) (1) KL=$%<”'°9(%J

Forft, py () FRMSEI TR R R AL B()) BB (R . M, | R B
BHTA T A BRI, HFESLIERE LI A+20 (ZENRIK, LA 3 T4 A R 52234 16 A 2
X 5.

Table 1. Quadratic score of h step-ahead predictive distribution
F 1. h SEETNS B RE

n a p(¢) h=1 h=2 h=3 h=4

Pois ~0.9134 ~0.8976 ~0.9052 -0.9128

a,=0.2 NB ~0.8873 ~0.8829 -0.8914 ~0.8865

a, =03 Bin -0.9278 -0.9258 ~0.9258 ~0.9269

CMP -0.8475 ~0.8655 ~0.8352 ~0.8425

Pois -0.9215 ~0.9332 ~0.9287 ~0.9410

a,=0.4 NB ~0.8642 -0.8715 ~0.8698 -0.8733

%0 a, =03 Bin -0.9275 -0.9258 ~0.9258 ~0.9269
CMP ~0.8205 ~0.8344 -0.8351 -0.8282

Pois -0.9421 ~0.9513 ~0.9495 ~0.9582

2 =06 NB ~0.9025 -0.9156 ~0.9230 ~0.9189

a, =02 Bin ~0.9593 ~0.9411 ~0.9652 ~0.9674

CMP -0.9222 ~0.9356 -0.9328 -0.9245

Pois -0.9192 ~0.9085 ~0.8953 ~0.9037

a,=0.2 NB -0.8821 ~0.8905 -0.8783 ~0.8841

a, =03 Bin ~0.9245 -0.9277 ~0.9207 ~0.9236

CMP -0.8795 -0.8765 ~0.8744 -0.8622

Pois ~0.9258 ~0.9384 ~0.9176 ~0.9269

a,=0.4 NB ~0.8573 ~0.8625 ~0.8528 ~0.8592

100 a, =03 Bin -0.9333 ~0.9257 ~0.9342 ~0.9352
CMP -0.9142 -0.8778 -0.9201 -0.9111

Pois ~0.9458 ~0.9581 -0.9521 ~0.9596

2, =06 NB ~0.8984 ~0.9096 -0.9135 ~0.9108

a, =02 Bin -0.9543 ~0.9642 ~0.9624 ~0.9675

CMP -0.9124 -0.9175 -0.9225 ~0.9344
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Pois -0.9235 -0.9315 -0.9091 -0.9183

o, =0.2 NB -0.8786 —0.8892 -0.8828 -0.8789
a,=03 Bin —0.8977 —0.8978 —0.8933 —0.9032
CMP —0.8642 —0.8534 ~0.8564 —0.8563

Pois -0.9193 -0.9314 ~0.9092 -0.9248

o, =04 NB -0.8545 -0.8482 -0.8423 -0.8507
250 a,=03 Bin -0.9212 -0.9233 -0.9242 —0.9345
CMP -0.8475 -0.8635 ~0.8679 -0.8842

Pois -0.9482 -0.9557 -0.9519 ~0.9605

a,=06 NB -0.8942 -0.9097 -0.9118 ~0.9086
a,=0.2 Bin —0.9544 -0.9845 —0.9524 —0.9563
CMP -0.8852 -0.8997 -0.9075 -0.9012

# 1 BR T NGINARQBEREANFSHBLE T 1 2 4 BRATINGN Ik EGosF. ERENH, %5
RAEARFIREA S A [E E EE R F G A T BRI RAFRI TN RE ST, kA5 7 40 {H % ik
P BRI A 0, TR BN HHER MR R . BEETIEK h N 1 38N E 4, SR
52, AR, 2R IR LR A I A R O B R e

% 2 R T ARRGIEm A T KL #0% 5 Bhattacharyya Z2EHIM 45 R . BT =, BEEREARK
B, KL #UES BC 2R TR, RPBMESMIE L RA RIFHHE—SE. SEH TR S5
AN I A (Bin)B, KL B BC REEF LS HOEE T & m T HAb . #ilan, ERER C HFEA
o 250 I, W4T R KL B0 Eik 2.08, BC REM 1.02, 1M EIAAIM A6 T KL BN
0.60, BC £#4 0.19. X—ZE Rt 5 AR “RESH FEA K. IR 2/ T HIMHE,
T AR SC TR AR A — DM B B 25 1 LAAT 2 A, ) A el il o 2 B S0 7 I 2 IR
TERE, Mg T 250 5 50 A L Z BAEE A TEPP R, SERALA WA, RIA KL #UE A&, BC
RECF B X4ER T MBI HELL () — AL S U eSS0 R R RIS S S Mok s, H
1% IR BT 5 AT 52 B TR 2 1) B HICRFALE o

Table 2. Estimated KL divergence and Bhattacharyya coefficient
2. KLHES BC fAIHER

n=>50 n=100 n =250
B p(e)

KL BC KL BC KL BC

Pois 0.06 0.02 0.10 0.02 0.12 0.03

o, =02 NB 0.18 0.05 0.12 0.03 0.06 0.02
a, =03 Bin 0.22 0.07 0.15 031 0.14 0.22
CMP 0.12 0.04 0.08 0.01 0.07 0.01

Pois 0.29 0.09 0.21 0.08 0.19 0.05

a,=0.4 NB 0.20 0.06 0.14 0.04 0.08 0.02
@, =03 Bin 1.26 0.78 1.18 0.54 0.87 0.42
CMP 0.19 0.13 0.15 0.12 0.10 0.10
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Pois 0.27 0.10 0.59 0.20 0.60 0.19
a,=0.6 NB 0.35 0.18 0.30 0.14 0.06 0.02
a,=02 Bin 2.32 1.11 2.22 1.08 2.08 1.02
CMP 1.09 0.41 0.93 0.35 0.83 0.31

5. KBS

T IS A R AT DU A E S BOE SR 1 NGINAR(p) B AL TR E RS, @txt 2018 45 1 A&
2022 4 12 A AN A R 2 2R N B TR R i 2 SRR T H B XS R
HAE A= SR 60 NMNMELAE K. I EHEEECN 2.95, RIHA 2 RIS BHUFE. K 1 H5k 17 H
EansBiErE T E. FAIE. ACF EIFI PACF E. M ACF EIF1 PACF BRI LLE Y, HdEA71E B
HARE M, Mt 07 5 Bl 5 7 5 B 7 Bl el DLE 3 B e R ot . 300 v] M <R 300
(http://data.cma.cn/) 3£ 15 .

Monthly Total Cloud Cover Time Series (2018-2022) Histogram of Total Cloud Cover
3 4 e
o & 4 oy
o A ©
3 o] s |
O T 7 o
= - S
e g 4 o
T T T T T T T T T T T T T 1
0 10 20 30 40 50 60 90 100 110 120 130 140 150
Time (Month) Total Cloud Cover
Autocorrelation Function (ACF) Partial Autocorrelation Function (PACF)
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=] o]
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Figure 1. Time series plot, histogram, ACF and PACF of monthly total cloud cover data
E 1l BERZERENNFE. BESE. ACFES PACF

K 1R 7P At a5 B 3 AHSS(ACF) B 5 ik H AHOC(PACF) . AL ACF 5 PACF EIWTLLE
H R E 2 AN 5 I EAAAE R 2 0 A O E, RIS A ) 5 271 1 5 1 BT rh m W 21 2 A s 5 2
. HSIARISEIT M NGINAR(p) AL,  BE 58 AR A A LS S Bn H BR8] 3 21 25090

Pl 2 JROR T 5 A i IO 2R S5 2 R B0 S IR Pr(Y = jly), BARIETFl#E MCMC FEA 2.5 434
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Figure 2. h-step-ahead predictive PMFs and 95% credible bands
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Figure 3. Posterior probabilities for less than 125 cases along with their 95% con-
fidence intervals

E 3. >F 125 R R H 95%A[{E(X(8)

DOI: 10.12677/aam.2026.155247 520 N H it e


https://doi.org/10.12677/aam.2026.155247

Lk, R

6. FISRE

ARSCHR T — LT DT E S HUE S (1 NGINAR ()RR TN 752 . 12 ki & N m ik &
W50 MBS TGS &, SEHL 1O BRI R P o RS IR . R R A A S R s A RS
AT RO . 8 DU SrHERT 7 T, A 12 TR G 5R N Gibbs RAESLIE, KBl T H [BIH R ACS G1H 70
TR BB R R AT, JF ELRSAS B EE R h b 1A A B o A7 .

HUERAUE ORI, ZINEEAFRM AR, B RHRBEAHI G OE TR RIS
JESREENE - 72 7 B = BRI SUE A v, BB R BT 17 50 B0 a0y 1 AH SR 45 R R e B2 P AR ALE
A 22 3 1] 1l T v e B ek 00 8 PO A

LR LR, ZIRE N AR (B P A P g T — R B R GEE . R S BRI i
o, AR B AT U S OR A 5 U EAT R AN AT 5. R ERWE FC Rl AR 5
b s R DU AR S RO 2 2 u B BUE R F P 5B AU MCMC SRS R s 5
M DR BEBREA TR e A A S R R N R

E&mH
I TR F S 30 9 4:(6003000310) -

SE K

[1] Steutel, F.W. and van Harn, K. (1979) Discrete Analogues of Self-Decomposability and Stability. The Annals of Proba-
bility, 7, 893-899.

[2] AIl-Osh, M.A. and Alzaid, A.A. (1987) First-Order Integer-Valued Autoregressive (INAR(1)) Process. Journal of Time
Series Analysis, 8, 261-275. https://doi.org/10.1111/j.1467-9892.1987.th00438.x

[3] Mckenzie, E. (1988) Some ARMA Models for Dependent Sequences of Poisson Counts. Advances in Applied Probability,
20, 822-835. https://doi.org/10.2307/1427362

[4] Du, J.G. and Li, Y. (1991) The Integer-Valued Autoregressive (INAR(p)) Model. Journal of Time Series Analysis, 12,
129-142. https://doi.org/10.1111/j.1467-9892.1991.tb00073.x

[5] Al-Osh, M. and Alzaid, A.A. (1988) Integer-Valued Moving Average (INMA) Process. Statistical Papers, 29, 281-300.
https://doi.org/10.1007/bf02924535

[6] Ferland, R., Latour, A. and Oraichi, D. (2006) Integer-Valued GARCH Process. Journal of Time Series Analysis, 27,
923-942. https://doi.org/10.1111/j.1467-9892.2006.00496.x

[7]1 Fokianos, K., Rahbek, A. and Tjgstheim, D. (2009) Poisson Autoregression. Journal of the American Statistical Associ-
ation, 104, 1430-1439. https://doi.org/10.1198/jasa.2009.tm08270

[8] WeiR, C.H. (2018) An Introduction to Discrete-Valued Time Series. Wiley. https://doi.org/10.1002/9781119097013

[9] Risti¢, M.M., Bakouch, H.S. and Nasti¢, A.S. (2009) A New Geometric First-Order Integer-Valued Autoregressive
(NGINAR(1)) Process. Journal of Statistical Planning and Inference, 139, 2218-2226.
https://doi.org/10.1016/j.jspi.2008.10.007

[10] Nasti¢, A.S., Risti¢, M.M. and Bakouch, H.S. (2012) A Combined Geometric INAR(p) Model Based on Negative Bino-
mial Thinning. Mathematical and Computer Modelling, 55, 1665-1672. https://doi.org/10.1016/j.mcm.2011.10.080

[11] Bisaglia, L. and Canale, A. (2016) Bayesian Nonparametric Forecasting for INAR Models. Computational Statistics &
Data Analysis, 100, 70-78. https://doi.org/10.1016/j.csda.2014.12.011

[12] Canale, A. and Dunson, D.B. (2011) Bayesian Kernel Mixtures for Counts. Journal of the American Statistical Associa-
tion, 106, 1528-1539. https://doi.org/10.1198/jasa.2011.tm10552

[13] Lo, AY. (1984) On a Class of Bayesian Nonparametric Estimates: I. Density Estimates. The Annals of Statistics, 12,
351-357. https://doi.org/10.1214/a0s/1176346412

[14] Escobar, M.D. and West, M. (1995) Bayesian Density Estimation and Inference Using Mixtures. Journal of the American
Statistical Association, 90, 577-588. https://doi.org/10.1080/01621459.1995.10476550

[15] Johnson, N.L., Kemp, A.W. and Kotz, S. (2005) Univariate Discrete Distributions. Wiley.
https://doi.org/10.1002/0471715816

DOI: 10.12677/aam.2026.155247 521 N H it e


https://doi.org/10.12677/aam.2026.155247
https://doi.org/10.1111/j.1467-9892.1987.tb00438.x
https://doi.org/10.2307/1427362
https://doi.org/10.1111/j.1467-9892.1991.tb00073.x
https://doi.org/10.1007/bf02924535
https://doi.org/10.1111/j.1467-9892.2006.00496.x
https://doi.org/10.1198/jasa.2009.tm08270
https://doi.org/10.1002/9781119097013
https://doi.org/10.1016/j.jspi.2008.10.007
https://doi.org/10.1016/j.mcm.2011.10.080
https://doi.org/10.1016/j.csda.2014.12.011
https://doi.org/10.1198/jasa.2011.tm10552
https://doi.org/10.1214/aos/1176346412
https://doi.org/10.1080/01621459.1995.10476550
https://doi.org/10.1002/0471715816

Lk, R

[16]

[17]
[18]

[19]
[20]
[21]
[22]
[23]
[24]

[25]
[26]
[27]

Fokianos, K. and Kedem, B. (2004) Partial Likelihood Inference for Time Series Following Generalized Linear Models.
Journal of Time Series Analysis, 25, 173-197. https://doi.org/10.1046/j.0143-9782.2003.00344.x

Sethuraman, J. (1994) A Constructive Definition of Dirichlet Priors. Statistica Sinica, 4, 639-650.

Metropolis, N., Rosenbluth, A.W., Rosenbluth, M.N., Teller, A.H. and Teller, E. (1953) Equation of State Calculations
by Fast Computing Machines. The Journal of Chemical Physics, 21, 1087-1092. https://doi.org/10.1063/1.1699114

Hastings, W.K. (1970) Monte Carlo Sampling Methods Using Markov Chains and Their Applications. Biometrika, 57,
97-109.

Poisson, S.D. (1837) Recherches sur la probabilité des jugements en matiére criminelle et en matiere civile: Précédées
des régles générales du calcul des probabilités. Bachelier.

Greenwood, M. and Yule, G.U. (1920) An Inquiry into the Nature of Frequency Distributions Representative of Multiple
Happenings with Particular Reference to the Occurrence of Multiple Attacks of Disease or of Repeated Accidents. Jour-
nal of the Royal Statistical Society, 83, 255-279. https://doi.org/10.2307/2341080

Bernoulli, J. and Sheynin, O. (2005) On the Law of Large Numbers. NG Verlag.

Brier, G.W. (1950) Verification of Forecasts Expressed in Terms of Probability. Monthly Weather Review, 78, 1-3.
https://doi.org/10.1175/1520-0493(1950)078<0001:vofeit>2.0.co;2

Gneiting, T. and Raftery, A.E. (2007) Strictly Proper Scoring Rules, Prediction, and Estimation. Journal of the American
Statistical Association, 102, 359-378. https://doi.org/10.1198/016214506000001437

Binder, K. and Heermann, D.W. (1992) Monte Carlo Simulation in Statistical Physics. Springer.
Kroese, D.P., Taimre, T. and Botev, Z.1. (2013) Handbook of Monte Carlo Methods. Wiley.

Hershey, J.R. and Olsen, P.A. (2007) Approximating the Kullback Leibler Divergence between Gaussian Mixture Mod-
els. 2007 IEEE International Conference on Acoustics, Speech and Signal Processing, Honolulu, 15-20 April 2007, 317-
320. https://doi.org/10.1109/icassp.2007.366913

DOI: 10.12677/aam.2026.155247 522 N H it e


https://doi.org/10.12677/aam.2026.155247
https://doi.org/10.1046/j.0143-9782.2003.00344.x
https://doi.org/10.1063/1.1699114
https://doi.org/10.2307/2341080
https://doi.org/10.1175/1520-0493(1950)078%3c0001:vofeit%3e2.0.co;2
https://doi.org/10.1198/016214506000001437
https://doi.org/10.1109/icassp.2007.366913

	基于NGINAR(p)模型的贝叶斯非参数预测
	摘  要
	关键词
	Bayesian Nonparametric Forecasting for NGINAR(p) Models
	Abstract
	Keywords
	1. 引言
	2. 模型设定
	2.1. NGINAR(p)模型
	2.2. 创新项的非参数建模

	3. 贝叶斯采样算法
	4. 数值模拟与结果分析
	5. 实例分析
	6. 结论与展望
	基金项目
	参考文献

