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Abstract: We considered the modeling problem of complex integer-valued time series data. Firstly, we
proposed a class of first-order mixed integer-valued negative binomial autoregressive models, proved
the strict stationary and ergodicity of the model, and discussed the probabilistic and statistical
properties of the model such as transition probability, expectation, variance, etc. Secondly, we
studied the maximum likelihood estimation problem of the model, obtained the asymptotic normality
of the estimator, and conducted empirical analysis on the basis of numerical simulations. The
empirical analysis results show that the model performs well in fitting the drug offense count data.
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Fig. 1 Sample path and ACF plots of model I and model [
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Table 1 Estimation results of model I and model [

T=100 T=300 T=500
T E 2
Bias SD SE Bias SD SE Bias SD SE
1 a;=0.9 —0.0296 0.1681 0.178 4 —0.0095 0.0875 0.0859 —0.0041 0.0639 0.0646
a;=0.3 —0.0226 0.0903 0.0977 —0.0051 0.0535 0.0511 —0.0024 0.0388 0.039 2
m=3.0 0.187 5 0.8824 0.940 5 0.087 6 0.484 9 0.476 4 0.0256 0.3508 0.356 8
pn=1.0 0.110 8 0.476 8 0.446 4 0.036 8 0.2545 0.2397 0.026 7 0.1862 0.1836
»p=0.5 —0.0053 0.1151 0.1187 —0.0040 0.0705 0.0675 —0.0027 0.0521 0.0528
I a;=0.8 0.007 7 0.0867 0.08514 0.0039 0.0413 0.0419 0.0017 0.0322 0.0320
a, =0.2 0.0037 0.0700 0.068 5 0.0014 0.0373 0.0360 0.0011 0.0277 0.027 6
p»p=0.7 —0.0195 0.1108 0.109 6 —0.0039 0.0574 0.056 5 —0.0038 0.0433 0.0436
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Fig.2 QQ plots of maximum likelihood estimation results for model I
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Fig.3 QQ plots of maximum likelihood estimation results for model I
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Table 2 Comparison of fitting results of different models

LY Al TH 25 3 PR 2 AIC {f

NGINAR(1) n=2.76 0. 480 629. 704
a=0.43 0.071

P-MNBINAR(1) a,=0.33 0.073 617.572
a,=0.87 0.253
m=1.13 0.223
22 =3.80 0. 800
»=0.80 0.086

NB-MNBINAR(D), v=1 a=0.51 0.111 634.136
a,=1.29 0. 350
»=0.63 0.227

NB-MNBINAR(D), v=2 a,=0.44 0.081 617. 846
a,=1.12 0.343
p=0.74 0.202

NB-MNBINAR(1), v=3 a,=0.38 0.059 613.067
a, =0.99 0.299
»=0.80 0.162

NB-MNBINAR(1) , v=4 a,=0.33 0. 045 612.122
a,=0.88 0. 244
»=0.82 0.133

NB-MNBINAR(D), v=5 a,=0.28 0.036 612.708
a,=0.79 0.196
»=0.82 0.116
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