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Abstract: This paper discusses the coherent forecasting in two types of integer-
valued geometric autoregressive time series models of order one, viz.,
Geometric Integer-valued Autoregressive (GINAR(1)) model and New
Geometric Integer-valued Autoregressive (NGINAR(1)) model. GINAR(1)
model uses binomial thinning for the process generation, whereas, NGINAR(1)
uses negative binomial thinning. The k-step ahead conditional probability mass
function and the corresponding probability generating functions are derived. It
is observed that for higher order lags, the conditional mean, variance and the
probability generating functions of these two processes are close to each other,
whereas, for lower order lags, they differ. The coherent forecasting performance
of these models is studied with the help of simulated and real data sets.
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1. Introduction

Integer-valued autoregressive models are extensively used for modeling the time series
of counts that arises in many areas of natural and social sciences. Over dispersion is an
inherent phenomenon of many such count time series data. This fact lead McKenzie (1986)
to propose a geometric integer-valued autoregressive process of order one, viz., GINAR(1).
The process generation in this case uses a binomial thinning mechanism, which was originally
introduced by Steutal and Van Harn (1979). Mckenzie (1986) studied various probabilistic
aspects of GINAR(1) model. Subsequently, after about two decades, Ristic et al. (2009) have
introduced a new geometric integer-valued autoregressive time series model of order one viz.,
NGINAR(1) with negative binomial thinning. These authors have obtained the k-step ahead
probability generating function along with its mean and variance. Yule-Walker, conditional
least squares and conditional maximum likelihood methods were used for the estimation of
parameters of the proposed model. However, no comparisons were made with the GINAR(1)
model in terms of its forecasting ability, which has the similar geometric marginal distribution.

Forecasting is an important issue (see Farrell et al. (2007) and Silva et al. (2009)), not
exploited completely in GINAR(1) and NGINAR(1) models. Conditional mean, the
traditional forecast, need not result as a count in the case of INAR models. However, the
coherent forecasts do not violate this basic requirement. The coherent forecasts are usually
obtained from the k-step ahead conditional distribution. The idea of coherent forecasting for
INAR models was first proposed by Freeland and McCabe (2004). These authors have
considered the coherent forecasting issues related to Poisson integer autoregressive model of
order one proposed by Alosh and Alzaid (1987). Jung and Tremayne (2006) extended the
idea of coherent forecasting to INAR(2) Poisson models and Bu and McCabe (2008) to
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INAR(p) models. Kim and Park (2010) studied the coherent forecasting in binomial
autoregressive model of order p. Maiti et al. (2015) considered the coherent forecasting in
count time series, using Box and Jenkins’s AR(p) model. Recently, Maiti and Biswas (2015)
have extended the coherent forecasting ideas to the over dispersed count time series data with
GINAR(1) model. In their paper, the forecast values and measures have been compared with
the Poisson INAR(1) forecasts. However, the over dispersed time series forecasts should be
compared with forecasts obtained using over dispersed count time series models only. In this
paper, we attempt to provide such a comparison of coherent forecasts using two geometric
INAR(1) models. We also compare several other characteristics of these two integer-valued
geometric time series models.

Count regression and time series models have abundant applications in epidemiology.
Researchers have used various models for the analysis of epidemiological count data.O "zmen
and Famoye (2007) used zero inflated count regression for modeling zoological data using
zero inflated Poisson and generalized Poisson models. Lai (2005) used AR(1), ARMA(1,1)
and ARIMA(0,1,0) for the modeling of Severe Acute Respiratory Syndrome (SARS)
epidemic data from China. Ngatchou-Wandji and Paris (2011) analyzed the annual incidence
data of rhinitis, dermatitis and allergic asthma using zero-inflated count models and estimated
the proportion of excess of zeros in future months. Kashikar et al. (2013) studied INAR model
with structural breaks for analyzing the HLIN1 data from Pune, India. Osisiogu and Nwosu
(2015) considered the prediction of CD4 cell count of HIV/AIDS patients using a non-
stationary Markov chain. In this paper, we dis- cuss two applications of geometric INAR
models to epidemiological data related to measles and dengue from Germany.

The paper is organized as follows. In Section 2, we describe both the GINAR(1) and
NGINAR(1) models and discuss some of their properties which are not reported earlier.
Section 3 deals with the coherent forecasting of these models. A simulation study is reported
in Section 4, which essentially compare these two models on various aspects, including
coherent forecasting. Section 5 deals with the analysis of two real data sets using these models.
Concluding remarks are presented in Section 6.

2. Models with geometric marginals
2.1 Geometric INAR(1) model with binomial thinning

The GINAR (1) process was first proposed by McKenzie (1986),who considered the
binomial thinning to generate the process. The GINAR (1) process {X:} is given by the
equation

Xe=¢  Xe 1+Z,t=21,05¢p<1 1)
where, ‘°” stands for the binomial thinning operator defined by

X
oX=>W
i=1

and W/s are independent and identically distributed (i.i.d.) Bernoulli(¢) random variables. It
is assumed that Xo is a geometric random variable with probability mass function (pmf)

P[Xo=x] = (1 - 6)¢, x>0,0<0<1.
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Here, Z: = U; My, V t, with Ut independent of M;, P[U; = 0] = ¢ = 1-P [U: = 1], and {M:} an
i.i.d. geometric sequence with P[M; = j] = (1-6)# , j > 0. Then, the marginal distribution of
{Xi} is given by

P[Xt=x]=(1—-0)8,x>0,0<<1.

The probability distribution of Z; is

(1-6+¢0),ifz=0
P(Z,=2z)=

(1-6)(1—¢)o%ifz>1
The marginal mean, variance and probability generating function (pgf) of {X:} are E(X:)

= 0/(1-6), V (X)) = 0/(1-0)? and ®X(s) = (1-0)/(1—s6) respectively. The conditional mean
and the variance are

o
EX¢|Xe—) =0X,1 + (1 — ¢)m
and
1
V(Xt|Xt—1) = (15(1 - ¢)Xt—1 + (1 - ¢)9(1 + ¢9) (1 — 9)2

The conditional pmf is given by

P(X; = ylXi—1 =%)
_ {(1 —0)67 22 (1)0* (1 - 0 + () 71 (1 - D7 ifysx ()
1-0)"""A-0){p+ (1 —-)o},if y>x

The k-step ahead conditional pgf of the process can be derived as,

By, x,(5) = E (E (57 Xerrs2ee ) [ X, ) = @5(8)E(( @y (5)¥e4k-11X,)
k-1

= | [ e-coRn o
i=0
But,
CD‘(/’V‘) (s) = oy CD‘(AI;_D(S) and CI)I(A(,))(S) =s
Therefore using (1),

Dz (5) = Ox (5)( Ox (Dw (s))
Hence the k-step ahead conditional pgf becomes,

cDXt+k|Xt(S) = dx(s) < DOy ( QJ‘S‘l/()(S)))_l (q)[(/ll/‘)(s))xf 3)
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But, ®% (s)=1 — ¢* + ¢*s. Therefore,

q)Xt+k|Xt(S) = dX (S) ( CDX(l - @k + @ks))_l (1 — @k + Q)ks)xt (4)

The auto correlation function is given by p, = ¢*, for k > 0. The k-step ahead conditional
pmf is

f y (x) Bx—rq)r(l _ Q))x—r+1
1—99y-xzr ,  ify<x
P(Xe = ylXe1 = %) = ! ( ) oy (i) PY+1(1 — @)Y Iy
L(l —-0)07*(1-0){0+ (1-0)6}, ify>x
(5)
and the k-step ahead conditional mean and variance are respectively,and
E(XeklXt) = ¢*Xe + (1 - ¢) (6)
and
0 _ _ _®2k
Vi) = 04(1 = 09)X, + = (1 - 0K = 0K + 9% V), + 02 (7)
where,
(1 — @) s (1 —0)8(1+ o)
z =19 and CT:=—“_9}2

are the mean and variance od Z:. From the (4), (6) and (7), we observe that, as k — oo the
conditional pgf, mean and variance converge to the marginal pgf, mean and variance
respectively.

2.2 New Geometric INAR(1) model with negative binomial thinning
The NGINAR(1) process {X:} introduced by Ristic et al. (2009) satisfies the equation

Xt=a*Xt_1+Et, t=>1 (8)

where,

a*X=X W;,a € [0,1),
{Wi} is sequence of i.i.d. random variables with

P(Wi=w) = a"/(1 + a)"*%,

€; is independent of Wiand Xz for all I > 1. The distribution of ¢; is,
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Z z

Pl =)= (1--S) M

+ ,z=0,1,2, ...
- A+ p—a@+a)ytt’

The process {X:} is stationary with

P(Xt=x) =@ +p)*™ x=0,1,2, ...,

where g > 0. The unconditional mean, variance and pgf of {X} are E(X;) = 4, V(X)) = u(1 +
n) and @x(S) = 1/(1 + p — sp) respectively. The Conditional pmf is,

au uy ap ay , _

(1 - uTa) T T ety Sx=0
P(X; = ylXi—1 =%) = y (9)

L(Y"‘x)_l_D ifx>1

(p—a)A+a)y+*+1 \ ¥y ’ -

where,
y

D= (1 au ) uY Z<x+r—1> a(1+u))r

B (n—a)y 1+ a)*(1+wr+? x—1 /u(l+a)

r=

For obtaining k-step ahead conditional pgf and pmf, we proceed as follows.
We have Xi+1 = a * X; + €,4;. By repeated substitution

Xik=a*a*..oxXet{a*..ax€+.+o*€pp_qt+€qrt, (10)

which can be written as,
k-1
Xew = a® X, + Z al « €t+k—j.
j=0

(11)

Note that, a®+d', a indicates the operation of negative binomial thinning i times, but a¥ = a
and a® = 1. As €, is independent of Xt for i=1,2,..., the pgf of the two terms in the last
expression can be found by taking the product of pgfs. Thus, the k-step ahead conditional pgf
is,

1—a+a(l—a*1)(1-5) Xe

Pxepilre () = Px(s) ( 1—a+c(x(1—ak)21—s) >

. (1 —a+(a(l1-a*)+ ({1 - a)akpu)(1 - s))
1-a+(a(l—ak))(1-s) '

(12)

From (11), the k-step ahead pmf can be obtained as,
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y k-1
PXiip =yl Xt =x)= ZP(a(") xx=1)P Z a® « Etsk—j =Y =T |,
r=0 j=0
(13)
the probabilities in equation (13) are
o ifr=0
T
P(a(k) * X = I‘) =<1 ™ o1 ol 1 (X ]
(14)
k-1 X _
) (a —1)(a—u+au) ur=r
P Za(l *Eyp—j =Yy I | = % —
i a*l+p—a(l+p) JA+pry—r+t
J=
aku(l—a) ( 1-a ) a(l—ak) rr
ak*tl+p—a(l+p)\1 —ak*1/\ 1 — ak+t ’
1-ak ak(1-a)? a(1-ak)
where, A = (1—ak+1)  Bie = ((1—0{"“)2) and Cy = (1—ak+1)
Using this, the k-step ahead conditional pmf can be obtained as
P(Xeyr = yIXg = %)
k-1
P Za(j)*er_j =y |,ifx=0
j=0
k-1
= P(a® xx =0)P Z aW) s ey j=y
j=0
y k-1
+ZP(0£U‘) *X = r)P Za(j) *€pp—j =y —T |,if x =1
\ r=1 j=0
(15)
The k-step ahead conditional mean and variance are,
1— k
EKerrelXi) = aXe + —— e (16)

and
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ak(1+a)(1- a")X 1 — a?k

V(XerklXe) = 1—a tT T2 062 +
a(l+a+2p.) [1-a?k 1-ak o _ 1-a2k  1-20K+a2k
{ 1-a (1—(12) - 1-a ak I}ME + (1_a2 - (1-a)? )I’lg, (17)

where, u, = (1 —a)u and o = (1 + a)u((1 + W)(1 — &) — «) are the mean and variance of st.
From (12), (16) and (17) we can see that the k-step ahead pgf, mean and variance converge to
the unconditional pgf, mean and variance respectively as k — oo. The auto-correlation
coefficient is pj, = a*, k> 0.

2.3 Comparison of two geometric INAR models

Ristic et al. (2009) have proposed the NGINAR(1) model after twenty three years of
McKenzie’s (1986) proposal of GINAR(1). Risti“c et al. (2009) have discussed the estimation
of parameters and other properties in detail. However, McKenzie (1986) did not give much
emphasis on estimation of the parameters. In a recent paper, Maity and Biswas (2015) studied
the conditional least squares estimation in GINAR(1) model. An obvious question is about
the preference between these two models, when the overdispersion is present in the count
time series data. As per our knowledge, no attempt has been made to compare these two time
series models in terms of their properties and forecasting ability. In this section we attempt
to do this.

From the expressions of k-step ahead mean , variance and pgf of the two models, we see
that they coincide as the lag k = o and for u = 6/(1 — 6) and a = ¢. Thus, it can be seen
that these two models behave almost similarly after few lags for most of the parameter
combinations, except when the parameter values are very small. Figure 1 represents the one-
step ahead pmfs of GINAR(1) and NGINAR(1) models for same parameter combination, i.e.,
K =6/(1—6) and a = ¢. From this figure it can be seen that the conditional pmfs do differ for
initial lags for same parameters. Figure 2 represents the k-step ahead conditional variance
assuming same parameters for GINAR (1) and NGINAR(1). It can be seen that there is
significant difference in the variability of the two processes for initial lags even after keeping
parameter values same. Hence, this difference in the two processes with same marginals
needs to be taken into account while modeling such data.
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Figure 1: Comparison of conditional one step ahead pmf for various combinations of parameters,(a)
¢=01,u=5n=50;(b)p=05pn=5;(c)¢p =05 u=10; (d) ¢ =0.9, u =10 and for X,-; =0.
Red dashed spikes indicate the NGINAR(1) model and Green spikes indicate GINAR(1) model.
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Figure 2: Comparison of k-step ahead conditional variances for various choice of parameters, (a) ¢ =
05 u=5X-—=2;(0b)p=09,u=10,X-=2;(c)p =05 u=5, X,-;=10; (d) ¢ =0.9, u =10,
X:-; = 15. Red dashed line indicates the NGINAR(1) model and Green line indicates GINAR(1)
model.

In order to study these two models, we have simulated 1000 data series, each of size 100,
300, 500 and 1000 from both the models with various combinations of the parameter values.
The estimation results are presented in Table 1. The estimates are obtained using method of
maximum likelihood. The last column of the Table 1 represents the percentage of the time
the true model is selected using AIC criterion. If a series is generated using the NGINAR(1)
model, then the AIC for NGINAR(1) model is expected to be smaller than that of the other
model and vice-versa. From the last two columns of Table 1, it may be concluded that the
correct model is selected majority of the times, except when the parameter values are very
small. As the number of parameters in both models are same, BIC also gives same conclusion
and hence not quoted here.
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Table 1: Two geometric INAR models: Estimation and model selection results

Uiniginal model Sample sme Parameters | Mean estimates | True model selection using ATC 7]
[ o | : | NGINAR GINAR

100 0.1 1 0.001% 1660
0.3 3 3.0231 63.40
0.5 5 1.0616 91.40

300 0.1 1 1.0000
0.3 a 3.0081
0.5 5 1.0646

NGINAR(1)

500 0.1 1
0.3 3
0.5 5

10010 0.1 1
0.3 3
0.5 5 0.

I

100 0.1 0.2 [1]
0.5 0.4
0.8 0.9

300 0.1 0.2
0.5 0.4
0.8 0.9

GINAR(1)

500 0.1 0.2
0.5 0.4
0.8 0.9

1000 0.1 0.2
0.5 0.4
0.8 0.9

Remark 2.1:

Suppose P; and P, denote the k-step transition probabilities of GINAR(1) and NGINAR(1)
processes respectively. Then, the absolute difference between P1 and P2 is given by,

[P1(Xtrk =YXt = X) = P2 (Xeek = Y| Xe = X)|= d(x, .k o, 14)

for all x and y, a = ¢ and 6 = p/(1 + p). Note that d(-) is a bounded function,
which tends to zero as k — . For example, when x and y are zero

#(1 _ (X)(Xk+1

T A+ k) - akth)
but, d(0, 0, 1, o, ) f=0. Similarly, forx=1andy =0

d(0,0,k, a, 1) > 0ask - x

ak+1(1 _ a")(l _ ak+1 —u+ Zuak _ [la2k+1)
pl — ak+1?

implies that d(1, 0, k, &, B) = 0 as k - o but d(1, 0, 1, «, W) f= 0 for k = 1. Along with this
it can be shown that as k — o

d(1,0,k, a,u) =

Pi(Xt+k = yXt=X) = P Xk = y) = (1L +6)’, y>0,
and
Po(Xerk = YXe=X) = P (Xesk =y) = py /(L + )™, y >0,

where these two limiting pmfs are same under the condition 6 = p/(1 + p). From this, it is
clear that the difference in the two conditional probabilities goes to zero as k — oo but it is
not zero for small values of k.
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3. Coherent forecasting

In this section, we consider the coherent forecasting of GINAR(1) and NGINAR(1)
models. The coherent forecasts are obtained using the median or mode of k-step ahead
conditional probability distribution. The forecast accuracy is measured using measures such
as Predictive Root Mean Square Error (PRMSE), Prediction Mean Absolute Error (PMAE)
and Percentage of True Prediction(PTP). If the observed data set {X4, ..., Xn, Xn+1, ..., Xn+m}
partitioned into two sets. The first n observations are used for the estimation of the parameters
of the model and rest m observations called the test set is used for the computation of these
measures. These measures are defined as,

n+m-k
PRMSE(H) = |-—— Z (Kigx — KMo
n+m-—k
PMAE(K) = ———— Z [ Xk — RS

and
n+m-1

1 -
PTP = ——77 Zl I(Xi+re = Xivi) X 100%,

where, I(-) is the indicator function. In PTP, we have used X, = XMé% or XM94¢ or the k-
step ahead conditional mean , after rounding it to the nearest integer.
XMode  gMedian gMean are ghtained from the k-step ahead conditional pmf.

The standard prediction intervals assume the predictive probability distribution to be
symmetric . However, for these models, it is unimodal and positively skewed . Hence, we
find the 100(1-vy)% highest predictive probability interval (HPP) for X,,, as, C, =

(X1, Xy), with C, = {y: p(v|x) = K, } andK,, is the largest number such that,
Xy

P(Xp < Xeyre < XylXe =%) = Z Pr(ylx)z(1-y)
y=XL
where
P(Y[X) = P (Xe+k = y[Xt = X).

Let @, and {i; be the maximum likelihood (ML) estimates of « and p based on a sample
of size t, then the ML estimate of the k-step ahead probability mass function is given by
pe(yIXs; &, fie). Applying the J-method, one can derive the asymptotic distribution of this
probability estimate, see Theorem 2 of Freeland & McCabe (2004). Thus, the 95% confidence
interval for pk(y|Xs; oo, Ho) 1S, px(YIXt; @, ig) = 26, (Y; @¢, i), where, 6"k2(y; &, fi;) is the
estimated asymptotic variance of pu(y|Xt; @;, {iz).

4.  Simulation study

We have carried out three simulation studies. In the first study, we compare the two
models with respect to their general properties and coherent forecasting ability. To achieve
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this, we have simulated 1000 series, each of size 700 from NGINAR(1) process with four
sets of parameter values viz.; (a) a = 0.6,y =2, (b) «a = 0.6, u = 2.5, (¢) a =0.4, u = 1.5 and
(d) « = 0.4, u = 2. The data are then divided into two parts, the first part is used for the
estimation of parame- ters and the second to measure the forecast accuracy. Four hundred
observations are used for parameter estimation and three hundred for computing the forecast
accuracy measures. From Table 2 it can be observed that the values of the performance
measures PRMSE and PMAE for the NGINAR(1) model are relatively lower for most of the
parameter combinations, supporting the fact that if the actual process is NGINAR(1), then it
gives a better fit (less prediction error) than GINAR(1), even though the marginal distribution
of the two processes is the same. It can be also seen that, as k increases, the values of the
measures increases, indicating that the error in forecast increases as lag increases.

In the second simulation study, the performance of the conditional median or mode
forecast is compared with the integer part of the conditional mean forecast.

Table 2: PRMSE and PMAE when the data are from NGINAR(1) model for
k-step ahead forecasts

k CINAR(L) NOINAR(1) CINAR(L) NOINAR{L)

PRMSE PMAE PRMSE PMAE PRMSE PMAE PRMSE PMAE

2.024% 1.3410 1.3085 1.5676

2 2.340% 1.5057 1.5628 1.8851

3 2.4230 1.6533 1.6347 1.9047

L 2.4444 1.6686 2.4309 1.6602 2.0415

2.4501 1.6712 2.4429 16717 2.0630 20818 2.0491 20624

1.7860 1.1738 1.7764 1.1663 22556 1.4015 1.4730
2 1.0158 1.3014 1.9117 1.2086 24298 1.6448 1.6285
3 1.9334 1.3034 1.9324 1.3036 2 4458 1.6695 1.6564
1 1.0366 1.3039 1.0366 1.3040 2 4488 16714 24354 1.6610
1.0375% 1.3043 1.037T 1.3043 2 4485 1.6712 2.4363 1 6606

Here we have used the same set up that of the first simulation study, except for the parameter
values. The results of the study are reported in Table 3 for NGINAR(1) model. The values
reported in Table 3 are the average PTP values over 1000 simulations, computed for each
step. Here, we can see that the median and mode give better performance than the rounded
Minimum Mean Square Error (MMSE) forecast. For the same data, the PTP values of mean,
median and mode obtained using the GINAR(1) are presented in Table 4. In geometric case,
the mode has high PTP value and hence it is preferred. Here, the PTP for mode using
NGINAR(1) model is larger than GINAR(1) model.

In the third simulation study, we have simulated 305 observations from NGI- NAR(1)
model, out of which 300 were used for the estimation and last five for out of sample forecast
comparison. Based on the 300 observations we have computed the 100(1 —y)% HPP intervals
discussed in Section 3. The test data are used to compare the prediction values such as mean,
median and mode. These values are based on 1000 replications and are presented in Table 5
for NGINAR(1) model and in Table 6 for GINAR(1) model. All the values in the table are
the averages over 1000 simulations. One can easily see that, the length of the HPP interval
increases as the k increases. The average of the actual simulated values are re- ported in the
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second column. It may be noted that, the HPP intervals cover the average of the actual
simulated values for all the parameter combinations. As NGINAR(1) model has more spread
compared to GINAR(1), the HPP intervals

Table 3: PTP values in the case of NGINAR(1) model for k-step ahead forecasts when data are from

NGINAR(L)
E PTPR PTP
Mean ledian Mode Mean Median 1
x = 0.6 =15 o = 0.6 =25
1 23.18 30,86 12.66 18.29 30.09 3276
2 21.82 3086 10.22 14.14 19.13 29.34
a 21.23 24.08 3900 13.03 18.59 28.70
i 20.53 23 80 1000 12.79 18.01 25.58
5 20.00 23.08 10.00 12.65 17.45 28.55
=04, u=1F o=04, p=12F
32.07 37.02 11.71 14,84 21.090 31.66
2 20.83 24.07 10.12 13.00 18.57 28.95
3 10.97 24.01 10.04 12.73 17.66 28.61
i 19.63 24.05 10.04 12.56 16.87 25.63
5 10.46 24.05 10.03 12.53 16.68 25.63

Table 4: PTP values in the case of GINAR(1) model for k-step ahead forecasts when data are from

NGINAR(1)
k TP FTP
Mean Tedian Made Mean  Median 1
o = 0.6 =1.5 ax = 0.6 = 4.5
23.62 10.1 12,43 18.05 30.0 32.40
2 22,71 31.2 10.13 14.04 20.08 20,10
3 21.31 24.4. 3997 13.94 19.50 28 58
1 2219 24.12 3999 13.91 19.20 2858
5 22 1€ 24.06 10.00 13.90 19.09 25 58
= .4 =15 o = 0.4 =25
22,41 38,20 11.50 14.03 26.37 31.58
2 21.07 24.37 1006 13.36 19.11 2883
3 30.81 24.06 10.04 13.29 17.00 28.50
1 2071 24.05 10.04 13.26 17.63 2863
5 20.69 24.08 10.03 13.25 17.61 25.63

computed using NGINAR(1) are wider than that using GINAR(1). We employed the same
parameter combination and data for the both the cases. From Tables 5 and 6 it can be seen that
the estimated mean, median and mode using the GI- NAR(1) model are smaller than the
NGINAR(1), indicating that the NGINAR(1) model can accommodate larger counts than the
GINAR(1).

Table 5: HPP intervals (80%) for the NGINAR(1) model for simulated data with average forecasted
values for different sets of parameters when data are from NGINAR(1)
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=0.4, p=1 a=0.4, p=2
E (Xp.Xy)  Xagosk Xp, Xy)  Xopopk  mean  median |
1 [0.04, 2.54) 1.603 0.14, 3.98 2.550 2.493 1745 D793
2 [0, 2.61) 1.575 1.24) 2.526 2.4 1515 0.17
3 [0, 2.68) 1.50% 1.28) 2.442 2.49 1.523 0.01
1 [0, 2.72) 1.500 I 5 2.432 1.580 1.000
[0, 2.74) 1.460 [0, 4.26) 2.510 2.407 1.620 0.000
a=06, =15 a=06, p=2.5
1 [0.10, 2.51) 1.462 1.534 1.086 0.619 2.464 2.410 1.760 0.119
2 [0, 2.71) 1.478 1.522 0.933 0.118 2.430 2.440 1.608 0.388
3 [0, 2.61) 1.456 1.515 1.011 2.453 2.458 1.518 0.097
1 [0, 2.62) 1.508 1.511 2,570 2.469 1.484 0.021
[0, 2.65) 1.547 1.500 1.006 0, 4.243 2.557 2.475 1513 0.008

5. Real dataanalysis
5.1 Dengue data

Consider the weekly data on Dengue cases during the year 2010 to 2015, from Berlin,
available at https://survstat.rki.de . The data consist of 339 observations. From the descriptive
statistics given in Table 7, note that the sample variance is larger than the sample mean, which
leads to an over dispersed situation. Thus, the usual Poisson INAR model is not expected to give
a good fit and hence geometric INAR models are preferred.

The AR(1) structure of the model can be justified from the partial autocorrelation function
(PACF) plot in Figure 3. From Table 8, we see that the AIC for NGINAR(1) model is smaller
than that of GINAR(1), and thus the data support the NGINAR(1) model. The forecast accuracy
measures for NGINAR(1)

Table 6: HPP intervals (80%) for the GINAR(1) model for simulated data with average forecasted
values for different sets of parameters when data are from NGINAR(1)

a=04, p=1.5 a=0.4, p=2.5

E (Xp,Xp) Xooprk mean  median  mode (Xp, Xp)  Xopoge mean  median  mode

1 [0.04, 2.47) 1.480 1473 0797  0.436 [0.15, 4.00) 2846 2436 1383  0.810

2 [0, 2.87) 1.484 1464 0.90% 2500 2416 1418 0.200
[0, 2.63) 1.537 1.452 2578 2410 1468  0.028

1 [0, 2.63 18 1.461 00 2804 2407 1479 0.000
[0, 2.64 18 1.461 00 2483 2407 1479 0.000

a=0.6, u=2.5

1 0.862 0.538 [0.28, 3.64) 2518 2.346 1424 1.050
2 0.7T65 0.159 [0.03, 3.85) 2482 2.281 1.405 0.412
1.976 [0, 3.88) 2621 2.254 1.284 0.121

1 [0, 2.39) 1.472 1.377 0,902 0, 3.86) 2608 2243 1.260 0.023
[O, 2.40) 1.542 1.376 0.905 0000 [0, 3.87) 2688 2238 1.233 0.001

model are better than that of GINAR(1) model. The first 275 observations were used for the
estimation of the parameters and remaining for testing, i.e., to compute the forecast measures. It
can be seen that the NGINAR(1) model performs better than the GINAR(1), in terms of these
measures. The point forecast of the probabilities for the Dengue data using NGINAR(1) model
are given in Ta- ble 9. From this table, it can be observed that the transition probabilities from 0
to 1 are increasing slowly as lag increases and become steady for higher lags and are less than
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0.250. The transition probabilities from O to other values are decreasing for steps 1 to 5, indicating
that, in future, disease will remain under control. These probabilities are obtained for steps 1 to 5
and for values 0 to 5. The probabilities of the values beyond 5 are not given, as they are very small
and are not going to add much information. It can be observed that the median and mode are also
0 for all the steps of the forecast distribution, which indicates that, in future, the number of Dengue
cases will be zero with high probability and one with moderate probability. The probability
estimates reveal that there is nearly 90% chance that the number of cases in next step is less than
or equal to 2. We have obtained the 95% confidence intervals for the probabilities and they are
given in Table 10. It can be concluded from Table 10 that the probability of O case in the next
period lies between 0.517 to 0.656 and probability of 1 case in the next period lies between 0.210
and 0.236 with 95% confidence. From Table 9 we can see that the point estimate of probability
for zero is around half and the probability is decreasing for higher values, implying that the chance
of having value higher than one is quite less. Table 11 gives the HPP intervals (80%) for the
forecast values. These intervals are obtained for all the five-step ahead forecasts. It may be noted
that the median and mode forecasts are better than the mean forecasts.

Time series plot
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Figure 3: Time series, ACF and PACF plots of Dengue data
5.2 Measles data

These data consist of 234 observations on weekly cases of measles form the state
Rhineland-Palatinate of Germany, during the period 2006 to 2010, the data are available from
https://survstat.rki.de. The data appear to be clearly over dispersed from the descriptive
statistics given in Table 12, and therefore the

Table 7: Descriptive statistics of Dengue data
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Minimum Maximum Median Mode Mean Variance
0 G 1 0 1.035 1.3051

Table 8: Predictive analysis of Dengue data

Model Estimated Values AlC E-step PRMSE PMAE PTP PTP

(Median) (Mode)

NGINAR(1) 1.162 2656
TAT.TT1 2 1.184 25.40

p=0.9487 3 1.183 24.19

i 1107 2205

5 1.201 21.67

GINAR(L) $=0.1200, 1.167 2656
T49.5052 2 1187 25.40

=i0.4B67 3 1.184 24.19

1 1.187 2205

5 1.201 21.67

i'.
1 2 5 1 5
pe(00) D586 0526 0515 0514 0513

pe(ll0) 0223 0246 02409 0250 0.250
pe(2(0) 0089 0118 0121 0122 0121
g (3]0) 0.047 0,057

g (4]0} 0.023 0.028

PRS00 .01 0.014

Table 10: Confidence interval (95%) for the forecast probabilities from Dengue data using
NGINAR(1) model

I
1 2 3 i 5
R (0]0) (0.476, 0.576) (0466, 0.565) (D463, 0.564) (0,463, 0.564)
Pri1]0) (0.240 (0249, 0.251)
pk(2]0) (0.104, 0.131 (0,108,
PR{3]0) (0.045, 0.06 0.072
o (4]0} (0.019, 0.036)

pi {50y (0.005, 0.016) (0007, 0.018)

}.020) (0.008,

Table 11: Prediction interval (80%) with actual and forecast values using the mean, median and
mode of the conditional distribution for Dengue data using NGINAR(1) model

E  actual (Xp,Xp) Mean Median  Mode
1 i} [0, 2) 0. 7804 0 0
2 i} [, 3) 09188 0 o
3 1] [0, 3) 09434 0 o
1 1] 0.94%7 0 1]
5 1 [0, 3) 09485 0 o

Poisson INAR(1) model is not a good choice. The AR(2) structure of the data can be concluded
from the PACF plot in Figure 4. The AIC and PRMSE support NGINAR(1) model for these data
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(see Table 13). From Table 13, it can be observed that the forecast accuracy measures are close
to each other. However, the AIC criterion supports the NGINAR(1) model and hence the same
has been used for forecasting. Table 14 gives the point estimates of the probabilities and Table 15
gives the 95%confidence intervals for the forecast probability. From Table 14, we see that the
transition from 1 to 0 have probabilities increasing from 0.579 to 0.685, for steps 1 to 5, whereas,
these probabilities are decreasing for all other states from 1, when lag increases. Here, we can see
that the probability of getting zero as next forecast lies between 0.537 and 0.621, probability of
getting one as next forecast lies between 0.261 and 0.292 with 95% confidence. Similar pattern
appears for other steps as well. It can be seen from Table 15 that there is less chance of having
value more than 1 in future, and the epidemic will be completely under control. HPP intervals
(80%), predicted mean, median and mode are given in Table 16. It can be found that the median
and mode of the k- step ahead probability distribution are very good forecasts. All the actual
counts are within the interval (X., Xu).

Table 12: Descriptive statistics of Measles data

Minimim Maximum Median Mode Mean Variance
0 10 0 0 0.4316 1.2502
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Figure 4: Time series , ACF and PACF plots of Measles data
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Table 13: Predictive analysis of Measles data

Maodel Estimates AIC k-step PRMSE PMAE PTP med PTP mode

(Median) (Mode)

NGINAR(1) a=0.3141

996,68 2

5

i

5

CINAR(1)  3=0.3531 1
333.20 2

5

1

5

k
1 2 3 1 E)
P (0[1) 0.579 0.658 0.678 0.682 0.685

me(ljl)  0.277 0227 0219
pe(2]1)  0.089 0077 0.070 0.068
pplB]1) 0032 0025 0.028 0.021

P ld|1) 0. 0N 0,001

rel5|1) 0. 00 0,008 0.002 0.002

Table 15: Confidence intervals (95%) of the forecast probabilities for Measles data using
NGINAR(1) model

k
1 2 3 1 5

pr(0]1)  (0.537, 0.621)  (0.624, 0.692)  (0.647, 0.708)  (0.653, 0.711)  (0.657, 0.714)
pr(lll)  (0.261,0.292)  (0.216, 0.239)  (0.208, 0.220)  (0.206, 0.227)  (0.205, 0.226)
pe(2]1)  (0.084, 0.115)  (0.065, 0.088)  (0.060, 0.080)  (0.059, 0.078)  (0.050, 0.077)
pe(31)  (0.024,0.039)  (0.019, 0.032)  (0.017, 0.028)  (0.017. 0.027)  (0.016, 0.026)
pr(4l) (0,007, 0.012)  (0.005, 0.011)  (0.005, 0.010)  (0.005, 0.009)  (0.000, 0.003)
pe(5]1)  (0.002, 0.004)  (0.002, 0.004)  (0.001, 0.003)  (0.001, 0.003)  (0.001, 0.003)

Table 16: Prediction interval (80%) with actual and forecast values using the mean, median and the
mode of the conditional distribution for Measles data using NGINAR(1) model

ke actual (X, Xo) Mean Median Mode

1 1 [0, 2) 0.6282 0 0
2 0 [0, 2) 0.5114 0 0
3 0 [0, 2) 0.4747 0 0
4 1 [0, 2) 0.4632 0 0
5 0 [0, 2) 0.4596 0 0

6. Conclusion

From the detailed study of two models and the comparison of the forecast measures, it is
observed that the NGINAR(1) model performs relatively better than the GINAR(1) when the
count time series data are over dispersed. Two epidemiological time series data are analyzed
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and both are found to be better modeled by NGINAR(1). As several characteristics of these
two models are quite different for near lags, there is a need to select the appropriate geometric
INAR model for applications, depending on the data at hand. Criteria such as AIC, PRMSE
etc., will help in choosing one of the geometric INAR models. From the data sets analyzed in
this paper, we found that the coherent forecasts using NGINAR(1) model are better than those
from the GINAR(1) model. It is also revealed that the k-step ahead median and mode are
better than the MMSE forecasts.
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