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Statistical Inference for First-Order Generalized Zero-and-One
Inflated Poisson-Lindley Integer-Valued Autoregressive Model
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(School of Mathematics and Statistics , Changchun University of Technology, Changchun 130012, China)

Abstract: Aiming at the modeling problem of overdispersed, zero-and-one inflated integer-valued time
series data with interdependent structures between individuals, we proposed a first-order generalized
integer-valued autoregressive model with zero-and-one inflated Poisson-Lindley innovation. Firstly,
we gave some statistical properties of the model, including expectation, variance, autocovariance, and
transition probability. Secondly, the conditional maximum likelihood estimation method was used to
estimate the unknown parameters of the model. Finally, the model was applied to a set of real data
for fitting, and some evaluation criteria were used to verify the model. The case analysis results show
that the model has a good fitting effect.
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Table 1 Conditional maximum likelihood estimation results of four sets of parameters under different sample sizes
N=100 N =200 N=500 N=1 000
2Ef1lj 2%7;& N N N o]
Bias MSE Bias MSE Bias MSE Bias MSE
B a=0.4 —0.0133 0.0085 —0.006 3 0.005 2 —0.0036 0.0032 —0.0012 0.0026
@ =0.4 —0.0192 0.0127 —0.0115 0.0069 —0.006 3 0.0039 —0.0017 0.0030
¢ =0.4 —0.0054 0.009 6 —0.0013 0.0053 0.001 1 0.003 3 0.000 2 0.0025
0=0.5 0.064 9 0.078 8 0.0256 0.0257 0.0101 0.014 5 0.004 7 0.0111
0=0.4 —0.0700 0.0519 —0.0328 0.0249 —0.0097 0.0089 —0.0054 0.0045
B e=0.3 —0.0113 0.0266 —0.006 6 0.0221 —0.0017 0.0195 —0.0005 0.0188
@ =0.5 —0.016 7 0.0221 —0.0058 0.020 4 —0.0036 0.018 4 —0.0024 0.0181
¢ =0.3 —0.0030 0.0237 —0.0039 0.0212 —0.0007 0.0191 0.0004 0.018 4
0=0.5 0.0621 0.0826 0.0230 0.0355 0.0105 0.024 7 0.0051 0.0209
0=0.4 —0.0755 0.0685 —0.044 5 0.0417 —0.0187 0.0187 —0.004 6 0.0117
F=4 a=0.5 —0.016 7 0.0256 —0.0105 0.0225 —0.0027 0.0194 —0.0026 0.0187
@ =0.5 —0.0518 0.0617 —0.0206 0.024 9 —0.0079 0.0193 —0.0034 0.0190
¢1=0.3 —0.0090 0.0790 —0.0017 0.0699 —0.0010 0.0679 —0.0005 0.0667
0=0.7 0.1396 0.3668 0.057 1 0.130 2 0.0219 0.0769 0.008 9 0.0600
0=0.6 —0.0334 0.0545 —0.0170 0.034 6 —0.0039 0.0273 —0.0006 0.02514
IS a=0.3 —0.0128 0.0660 —0.0054 0.0595 —0.0025 0.056 2 —0.0017 0.0552
@ =0.4 —0.0461 0.0656 —0.0173 0.0353 —0.0054 0.030 4 —0.0036 0.0293
¢ =0.4 —0.0168 0.0391 —0.0091 0.0325 —0.0023 0.0291 —0.0002 0.0287
0=0.7 0.146 9 0.351 2 0.0635 0.156 4 0.0214 0.094 5 0.0114 0.0821
0=0.6 —0.0723 0.102 8 —0.0295 0.056 6 —0.0093 0.043 3 —0.0049 0.0376
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Fig. 2 Q-Q plots of CML estimators under the first set of parameters when sample size N=500




408 oMK A R (B 2R RO %63 %

0.6
: . o 06 - T
| a8 : R & 061 _T_ _g_
05+ ! ! L I
T Y HIEgES e = o5k L1 %
o ,—‘—l | 1 ! |
3 04r I 2 02 ! a L [ T pe——
N _‘l _é_ (Ec —6— ‘é— E_ 04 : - =
T | L 0 «
03+ | | _é_ 0 03 : ! _é_ -g-
[
02 ! _g— -02 020 ‘ﬁ‘
_8_ | | | _04 | 1 | | 0] ‘g 1 1 1
100 200 500 1000 100 200 500 1000 100 200 500 1000
N N N
Q
o 08F |
20 g |
0o6F 1T
! I
=15 2 04 p——
10 - E 021 = | T Ll
I
S SRS . )
0sr E_L gy == L 0
-+ | ! ! 02 ) 1 1 1
100 200 500 1 000 100 200 500 1000
N N

B3 LHEAE N=100.200,500,1000 RHEF—HBSH T CML GitENELE
Fig.3 Box plots of CML estimators under the first set of parameters when sample sizes N=100,200,500,1 000

3 LIS

S0 43 A BCHE R L Kang 2292 25 B AE 2006 4F 6 A 1 H Z 2007 4E 2 A 28 H A, CWRTeXpert
PR BN Bk B, B R 267 AS UL 4, Forb 74 A G REERY 27, 72 Y0 WA R 0,
57 ANClEEAY 21, 35 YO MUMIME R 1. HiAY 136 A~ (i A B AY 50. 93 %0 WLIAE R i A2 7 B9 8 H R 30Kk
Bl kP EpscE. @ B s L= Var(Y) /EQY) TR FENLZ R Y BB B, Wik 1, >1(< Dk
I,=1, WBEALAE Y 40 51 3 B oo B B0 OB B0 ol 8 B mi. A 28 20 800 50 3l 4 0 B JU R B0
3.138 3, ULHIZEE S s i, Hoi#EIS 1 Al %0 ZOIPL-GINAR (1) a2 AT 20 1 52 8 oot . At ml %
EAE I ZOTPL-GINAR(D SR AT G, J5 00 B a A A B A2 18 S H ACF B il PACE BT El 4 s,

14
12t
K 10|
£ st
2 gL
*®
Eog b
2_
O_I I | 1 1
0 50 100 150 200 250 0 2 4 6 8 10 12 14
i/d PURIEERYE/ TN
02
08+
Olj ______________________
:
= L bl
T ” I‘I
NN TN T
0 ' o -0.1+
I ey S - -~ —o----r---ommTmTmaOT T
0 5 10 15 20 0 5 10 15 20 25
HER A SERB L

4 2006-06-01—2007-02-28 Hi[d] , CWPTeXpert EFHIE H THAHMEIEELEER
Fig. 4 Daily download count dataset information of CWpTeXpert program during period of 2006-06-01—2007-02-28



%2 sk ik, S — ) UE—HEF Poisson-Lindley 2 508 H [0l U345 BY 44 45 11 4 Wr 409

ZHUBE (1) 5 /MECR 0,000, e KAE A 14,000, H0750Ch 2,000, ¥I{EH 2. 401, Jr25°8 7. 534, Bt
0k 3.138 3, 0 S 27.72% ., 1 4k 21, 35%. ¥ ZOIPL-GINAR (D B i H T iz 84 . 5
ZOIPL-INAR(1), ZIPL-INAR (1), OIPL-INAR (1), PL-INAR (1), ZINAR (1), NGINAR (1) #I
INARCD) B8 i 47 b A, 3 b8 45 B A 2 5009 o 3t A5 80 1k W CATC) g /48 4k (1) Ul W
ZOIPL-GINAR(D #8450y L B k. 2@l tr 25 2R 9 T3 2. & 2 9 AIC 1 I, {H 7T W,
ZOIPL-GINAR (1) 5 7Y B by A5 78 0145 280 2 B 4

F2 TREEELHISHLE R

Table 2 Comparison of case analysis results by different models

R a ®o @1 ) A P 0 AIC I,
ZOIPL-GINAR(1) 0.2558 0.1972 0.0614 0.6886 0.593 2 1078.609 3.289 7
ZOIPL-INAR(1) 0.1585 0.1736 0.0620 0.638 3 1083.571 2.895 3

ZIPL-INAR(1)  0.156 7 0.137 4 0.689 0 1083.186 2.719 4
OIPL-INAR(D  0.119 4 0.010 0 0.760 0 1088.058  2.340 6
PL-INAR(D 0.117 9 0.755 5 1086.113 2.530 2
ZINAR(D) 0.2428 0.4290 3.134 0 1143.534  2.082 0
NGINAR(D 0.151 4 2.330 9 1082.431 3.3309
INAR(D) 0.163 0 2.013 8 1296.098 1.000 0
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