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Abstract

In this paper, we fit the negative binomial-generalized exponential
(NB-GE) distribution to data exhibiting excess zeros. Thus we em-
ployed the NB-GE and its zero-inflated derivative to three sets of fre-
quency data that have been employed in standard literature on the
subject. Our results are compared with both the Poisson, negative bi-
nomial and corresponding zero-inflated distributions (ZIP and ZINB).
All analyses were carried out using PROC NLMIXED in SAS. Parame-
ter estimates, as well as the expected frequencies under each model and
the corresponding goodness-of-fit statistics are computed.

Our results extend previous results on the analyzes of the chosen
data in this example. Further, results obtained here indicate that some
results in earlier studies on some of the example data sets employed in
this study may be inaccurate. In others however, our results are con-
sistent with previous analyses on the data sets chosen for this article.
While we do not pretend that the results obtained are entirely new,
however, the analyses give opportunities to researchers in the field the
much needed means of implementing these models in SAS without hav-
ing to resort to R or Stata. We must also recognize that because the
probability mass function of the NB-GE has an infinite value range, es-
timated probabilities may therefore not necessarily add up to 1.00 over
the finite range of values of our discrete random variable and conse-
quently, the sum of estimated expected values may not add up to the
observed sample size n.
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1 Introduction

For count data, the Poisson model (1) provides the basic model for analysis.
The Poisson distribution has the probability density function (pdf) given by:

Pr(y, µ) =
e−µµy

y!
, for y = 0, 1, . . . , (1)

with mean and variance given respectively as:

E(Y ) = µ; Var(Y ) = µ. (2)

In this set up, the mean and variance of the Poisson are equal but for real
data, this is not often the case, with the variance often being greater than the
mean. In such situations, the Poisson model fits poorly and for overdispersed
count data where Var(Y ) > E(Y ), alternative distributions having dispersion
parameters such as the negative binomial distribution has been suggested.
The negative binomial distribution (NB) with parameters r and π has the
probability density function:

f(y : r, π) =

(
r + y − 1

y

)
πr(1− π)y; y = 0, 1, . . . , and 0 ≤ π ≤ 1 (3)

with:

E(X) =
r(1− π)

π
, E(X2) =

r(1− π)(1 + r(1− π))

π2

It has been established that for count data exhibiting heavy-tailed distribution,
both the Poisson (P) and the negative binomial (NB) may not be sufficiently
appropriate for modeling such data. In such cases, mixed NB or Poisson
models have been suggested-[7]; [21] and [18]. Recently, however, the nega-
tive binomial-generalized exponential (NB-GE) model has been suggested for
heavily tailed count data (see [2] and [20] amongst several others). We present
in the next section, a brief introduction to these models.

Over-dispersion in count data can also manifest if there are excess zeros in
the data. That is, there are more zeros in the data that would normally be ex-
pected from a Poisson model. Such count data occur naturally in epidemiology,
public health, engineering and many other fields of human endeavor. Failure
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to account for extra zeros may result in biased estimates of parameters and
the consequent incorrect inference. To overcome these extra zeros, the zero-
inflated models (ZIP) and ZINB) have received considerable attention in the
literature e.g. [11], [12], [10], [19] and [5] amongst several others. In this study,
we will be comparing the zero-inflated models (ZIP, ZINB) with their corre-
sponding zero-inflated negative binomial-generalized exponential (ZINB-GE)
model. These models are compared in this study. SAS PROC COUNTREG
can fit zero inflated (ZIP) and (ZINB). However, we would fit these models
with our own SAS NLMIXED programs.

We present these distributions in the following sections.

2 The Negative Binomial-Generalized Expo-

nential Distribution NB-GE

The NB-GE distribution with parameters r, α, β is a mixture of the NB distri-
bution

Y |π ∼ NB(r, π = exp(−λ)), and λ ∼ GE(α, β)

with the resulting unconditional pdf being () given by:

f(y; r, α, β) =

(
r + y − 1

y

) y∑
j=0

(−1)j
(
y

j

)[
Γ(α + 1)Γ(1 + r+j

β
)

Γ(α + r+j
β

+ 1)

]
(4)

for y = 0, 1, . . . , and r, α, β > 0.
Where the generalized exponential distribution has the pdf:

f(x;α, β) = αβ(1− eβx)α−1 e−βx, x > 0, for α, β > 0 (5)

and
α=shape parameter, and β =scale parameter. The mean and variance are
generated from:

E(X) =
1

β
[Ψ(α + 1)−Ψ(1)] (6a)

Var(X) =
1

β2
[Ψ′(α + 1)−Ψ′(1)] (6b)

where:
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Ψ(.) = digamma function, and

Ψ′(.) = derivative of the digamma function Ψ(.)

The means and variances of the NB-GE distribution in (4) are:

E(Y ) = r(δ1 − 1) and Var(Y ) = rδ2(r + 1)− rδ1(1 + rδ1) (7)

where

δ1 =
Γ(α + 1)Γ(1− 1

β
)

Γ(α− 1
β

+ 1)

δ2 =
Γ(α + 1)Γ(1− 2

β
)

Γ(α− 2
β

+ 1)

The corresponding zero-inflated models are briefly discussed in the next
section, viz:

3 Zero-inflated Models

We consider in this section zero-inflated probability models corresponding to
the Poisson, the NB and the negative binomial-generalized exponential distri-
butions discussed in the previous section.

A zero inflated (ZI) model is a two-part process manifested by the structural
zeros part and the process that generates random counts and can be written
in the form:

Pr(Y = y|φ) =

{
φ+ (1− φ) Pr(Y = 0) if yi = 0

(1− φ) Pr(Y = yi)) if yi = 1, 2, · · ·
(8)

where φ is the extra proportion of zeros and Y is the count random variable
with specified parameters.

3.1 The ZIP

Using (8) therefore, the zero inflated Poisson has the form:

Pr(µi, yi) =


φ+ (1− φ)e−µi if yi = 0

(1− φ)
e−µiµyii
yi!

if yi = 1, 2, · · ·
(9)
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such that 0 ≤ φ < 1. Thus the above model incorporates extra zeros than the
original Poisson model in (1) in which (φ = 0). The mean and variance are
respectively:

E(Yi) = µi (1− φ)

Var(Yi) = µi (1− φ)[1 + φµi]
(10)

3.2 Zero-Inflated Negative Binomial Models

The probability density function for a zero-inflated negative binomial distri-
bution (ZINB) is given by:

Pr(Yi = yi) =


φ+ (1− φ)(1 + kµi)

−k−1
, yi = 0

(1− φ)
Γ(yi + k−1)

yi! Γ(k−1)

(k µi)
yi

(1 + kµi)yi+k
−1 yi > 0

(11)

with

E(Yi) = µi (1− φ); and Var(Yi) = µi (1− φ)(1 + kµi + φµi) (12)

where the parameters µi and φ depend on the covariates and k ≥ 0 is a scalar.
Thus we have over-dispersion whenever either φ or k is greater than 0. Thus,
the equation in (11) reduces to NB when φ = 0 and to the ZIP when k = 0.

3.3 ZINB-GE

The zero-inflated distribution function for a random variable having parame-
ters r, α, β and φ, that is, ZINB-GE (r, α, β, φ) has the pmf given by:

Pr(Yi = y) =


φ+ (1− φ)

(
Γ(α + 1)Γ(1 + r

β
)

Γ(α + r
β

+ 1)

)
, if y = 0

(1− φ)

(
r + y − 1

y

) y∑
j=0

(−1)j
(
y

j

)(
Γ(α + 1)Γ(1 + r+j

β
)

Γ(α + r+j
β

+ 1)

)
if y = 1, 2, . . .

(13)

The mean and variance of the ZINB-GE are provided in [1]. We now apply
the Poisson, NB, NB-GE and their corresponding zero inflated models to the
following data sets.

The first data set, displayed in Table 1 gives the number of hospital stays by
United States residents aged 66 and above. The data was originally presented
in [6] but recently analyzed in [1] with zero inflated models.
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4 Estimation

We can obtain the maximum likelihood estimation of the NB-GE by noting
that the Likelihood is given by:

L(r, α, β) =
n∏
i=1

(
r + y − 1

y

) y∑
j=0

(−1)j
(
y

j

)[
Γ(α + 1)Γ(1 + r+j

β
)

Γ(α + r+j
β

+ 1)

]
(14)

The log-likelihood L is given by:

L =
n∑
i=1

log[Γ(r + yi)− Γ(r)− Γ(yi + 1)]

+
n∑
i=1

log

(
y∑
j=0

(−1)j
(
y

j

)[
Γ(α + 1)Γ(1 + r+j

β
)

Γ(α + r+j
β

+ 1)

]) (15)

Thus the MLE are obtained by numerically solving the following partial
differential equations:

∂L
∂r

= 0,
∂L
∂α

= 0, and
∂L
∂β

= 0 (16)

Similarly, [1] provided the log-likelihood for the ZINB-GE and that MLE
are similarly generated numerically by solving the four partial differential equa-
tions:

∂L
∂φ

= 0,
∂L
∂r

= 0,
∂L
∂α

= 0, and
∂L
∂β

= 0. (17)

Maximum-likelihood estimations (we have restricted ourselves to the single
component, yi of the log-likelihood function) in (16) is carried out with PROC
NLMIXED in SAS, which minimizes the function −LL(y,Θ) over the param-
eter space Θ numerically. The integral approximations employed in PROC
NLMIXED is the Adaptive Gaussian Quadrature [16] and several optimiza-
tion algorithms: namely:the quasi-Newton algorithm (QUANEW), the Nelder-
Mead Simplex method(NMSIMP), the Newton-Raphson method with line
search (NEWRAP) and the Conjugate Gradient method (CONGRA) of [17]
and [3]. Convergence is often a major problem here and the choice of starting
values is very crucial. For each of the cases considered here, the above four
optimizing algorithms were applied in turn to ascertain accuracy and consis-
tency. Although the results differ very slightly, on the whole, they all agree very
well. Thus we may note here that each of these give slightly different parameter
estimates. They all give values that are very close. For the MLE in (17), a con-
stant inflation parameter utilizing the logit form: φ = exp(a0)/(1 + exp(a0))
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was implemented. [12] has implemented MLE of the models P, NB, ZIP and
ZINB by similarly employing SAS PROC NLMIXED.

5 Applications to Three Data Sets

We now apply the Poisson, NB, NB-GE and their corresponding zero inflated
models to the following data sets.

5.1 Data Set I

The first data set is the number of automobile liability policies in Switzerland
for private cars taken originally from [9] and recently analyzed in [2]. The
data is presented in Table I with Y representing the number of accidents and
ni the corresponding observed frequencies. We see that the data contains a
substantial number of zeros (about 86.53%) and heavily skewed right.

Table I: Observed and Expected counts under the six models

Distribution ZI Models
Y ni P NB NB-GE ZIP ZINB ZINB-GE
0 103704 102629.55 103723.61 103713.63 103704.00 103723.61 103713.40
1 14075 15921.95 13989.95 14041.66 13928.35 13989.95 14041.85
2 1766 1235.07 1857.08 1799.46 2012.04 1857.08 1799.50
3 255 63.87 245.19 250.87 193.77 245.19 250.87
4 45 2.48 32.29 38.98 14.00 32.29 38.99
5 6 0.08 4.24 6.75 0.81 4.24 6.75
6 2 0.00 0.56 1.29 0.04 0.56 1.29
7 0 0.00 0.07 0.27 0.00 0.07 0.27

Parameter estimates - λ̂ = 0.1551 r̂ = 0.9684 r̂ = 2.4626 φ̂ = −0.1482 φ̂ = 0.00 φ̂ = 0.0000

λ̂ = 0.1551 α̂ = 3.2297 λ̂ = 0.2889 λ̂ = 0.1551 r̂ = 2.4501

β̂ = 31.4097 - r̂ = 0.9684 α̂ = 3.2532

- β̂ = 31.3574
-2LL 110216 109230 109220 109336 109230 109220
AIC 110219 109235 109226 109341 109237 109228
X2 2019.5099 14.0929 2.4415 179.7660 14.0929 2.4412
d.f. 3 4 4 3 3 3

Mean 0.1551 0.1551 0.1551 0.1551 - 0.1551 0.1551
Var 0.1793 0.1551 0.1784 0.1791 - 0.1784 0.1791

The underlying model for this data is the Poisson. However, when the Poisson
model is applied to the data in Table I, the model fits very poorly, with λ̂ =
0.1551 and σ̂2 = 0.1551. However, the observed data has λ = 0.1515 and
σ2 = 0.1793. Clearly, Var(Y ) > E(Y ) in the observed data, which clearly
indicates over-dispersion in the data. Hence, we would need models that will
account for this over-dispersion, and thus the need for considerations of other
models discussed in earlier sections having dispersion parameters. For the
other models employed in this study for instance, the estimated means from
the NB and NB-GE have estimated means that agree with those of the observed
data and estimated variances 0.1784 and 0.1791 respectively. The latter being
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much closer to the observed value of 0.1793. (We may note here that [2] quoted
these values in error as 1.1551 and 1.793 for the observed data respectively).
We observe that the NB-GE fits the data better. It should be noted here,
and as we would observe with the other data sets used in this study that
the sum of the expected values under the NB-GE may not necessary sum
to n, the observed sample size. This is in spite of many of the optimization
algorithms employed (Newton-Raphson, Nelder-Mead Simplex , Quasi-Newton
or conjugate gradient) within PROC NLMIXED in SAS. This is clearly a
convergence problem.

Using the rule proposed in [13], that expected values can be as small as
r/d3/2 (where r is the number of expected values less than 3, and d is the
degrees of freedom under such a model) without violating the χ2 assumption,
we see that the minimum expected values required for the NB-GE model for

example will be
2

43/2
= 0.25 since only two expected values are less than 3

and the d.f=(8 − 3 − 1) = 4. Hence there is no need to collapse cells under
this model and the computed X2 = 2.4415 on 4 d.f. For the NB model, cells
Y=6 and 7 would need to be collapsed as the minimum expected values here

is
2

53/2
= 0.18 giving a computed X2 = 14.0929 on 4 d.f. The corresponding

computed X2 value under the Poisson model is 2019.5099 on 3 d.f. as cells (4,
5, 6, 7) are collapsed.

In the last three columns of Table I are the corresponding zero-inflated
models for the data. Both the ZINB and ZINB-GE have no improvements
on their corresponding NB and NB-GE models since the estimated φ̂ = 0
in both cases. Thus for this data, the zero-inflated models do not provide
better fits. The ZIP however shows an improvement over the Poisson model
with computed X2 = 179.7660 on 3 d.f. but provides a poor fit to the data.
Alternative measures of fit provided by the AIC, -2LL and BIC also indicate
that the NB-GE is a better fit than the NB.

5.2 Data Set II

This data set, displayed in Table IIa, is taken from [1] and gives the number
of hospital stays by United States residents aged 66 and above. The data was
originally presented in [6] but recently re-analyzed in [1] with zero inflated
models. Here, Yi is the number of hospital stays and ni is the frequency in
each category. The sample size here is n = 4406.
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Table IIa: Parameter Estimates and Expected values under the various Models

Expected Values Under the Six Models
Y ni P NB NB-GE ZIP ZINB ZINB-GE
0 3541 3277.26 3544.41 3540.87 3541.00 3544.41 3541.02
1 599 969.94 583.49 601.74 537.69 583.49 600.85
2 176 143.53 177.49 166.44 238.17 177.49 167.80
3 48 14.16 62.25 56.58 70.33 62.25 56.36
4 20 1.05 23.28 21.96 15.58 23.28 21.67
5 12 0.06 9.03 9.39 2.76 9.03 9.24
6 5 0.00 3.59 4.34 0.41 3.59 4.28
7 1 0.00 1.45 2.13 0.05 1.45 2.12
8 4 0.00 0.59 1.10 0.01 0.59 1.11

Parameter estimates λ̂ = 0.2960 r̂ = 2.6957 r̂ = 3.4023 φ̂ = 0.6659 φ̂ = 0.00 φ̂ = 0.1647

λ̂ = 0.2960 α̂ = 0.5625 λ̂ = 0.8859 λ̂ = 0.2960 r̂ = 2.2017

β̂ = 8.6148 na r̂ = 2.6957 α̂ = 1.0345

- β̂ = 7.3548
-2LL 6019 6015 6119 6019 6015
AIC 6023 6021 6123 6025 6023
X2 25.4208 11.0716 1723.9425 25.4208 10.8060
d.f. - 6 5 6 5 4

Mean 0.2960 0.2960 0.2960 0.2950 0.2923
Var 0.5321 0.5629 0.4705 0.5236 0.5243
X2

c 9.9778 3.8334 255.7329 9.9776 3.6906
d.f. 5 4 4 4 3

Results:
We observe from Table IIa that the expected values under both the ZIP and
ZINB are quite different from those presented in [1]. Our results are correct
while those presented by the cited authors are very wrong. Thus while under
the ZIP for instance, λ̂ = 0.8859, their estimate of 0.6659 for φ should have
been φ̂ = 0.6898. Results from both Stata v 14 and PROC COUNTREG
in SAS confirmed these results. The results for the ZING-GE in [1] are very
close to our estimated values. The differences being the results of optimization
techniques employed and starting values. We also observe that the sum of the

expected frequencies,
8∑
j=0

n̂j 6= n do not necessarily sum to the sample size

n in this case n = 4406. In our case, this sum is 4405.5. We used various
optimization techniques (Nelder-Mead, Quasi-Newton, Trureg, etc), and we
always have the same results. It is therefore doubtful if the expected values in
[1] actually sum to 4406 or their last three cell values were merely rounded up
to 7.5 to give a sum equal to 4406. This is not surprising since 0 ≤ Y ≤ 8 in the
data but the range of Y is infinite in the definition of the pmf of the NB-GE.
In this example, we see from the Table IIb that P (y ≤ 8) = 0.99967 and that
P (Y ≤ 18 = 1.00000). Even in the latter case, the sum of expected values is
still 4405.98 (very close to the true 4406). This true situation, I feel should
be addressed when dealing with this type of distribution and the associated
convergence problems.
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Table IIb: Estimated probabilities and expected values under model NB-GE

Y count π̂i

y∑
y=0

π̂i m̂i

y∑
y=0

m̂i

0 3541 0.80365 0.80365 3540.87 3540.87
1 599 0.13657 0.94022 601.74 4142.61
2 176 0.03778 0.97800 166.44 4309.05
3 48 0.01284 0.99084 56.58 4365.63
4 20 0.00498 0.99582 21.96 4387.58
5 12 0.00213 0.99795 9.39 4396.98
6 5 0.00098 0.99894 4.34 4401.31
7 1 0.00048 0.99942 2.13 4403.44
8 4 0.00025 0.99967 1.10 4404.55

Again, the NB-GE fits better than its zero-inflated counterpart. The former
gives an X2 = 11.0716 on 5 d.f. (p-value=0.050) compared to the ZINB-GE
which gives X2 = 10.8060 on 4 d.f. (p-value=0.029). However, if categories
6 & 7 are collapsed (lower panel of Table II), the corresponding computed
X2 are 3.8334 and 3.6906 on 4 and 3 degrees of freedom respectively with
corresponding p-values of 0.4290 and 0.2969 respectively indicating again that
the NB-GE is more parsimonious than the ZINB-GE.

5.3 Data Set III

The data in Table III is the single-vehicle roadway departure fatal crashes that
occurred on 32,672 rural two-lane horizontal curves between 2003 and 2008,
[14]. About 90% of the data experienced no crashes giving rise to excess zeros
for the data.
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Table III: Observed and Expected values under the various Models

Distribution ZI Models
Y ni P NB NB-GE ZIP ZINB ZNB-GE
0 29087 28471.69 29101.55 29097.85 29087.00 29101.55 29097.86
1 2952 3917.99 2859.17 2908.37 2806.25 2859.17 2908.56
2 464 269.58 549.37 498.28 661.35 549.37 498.28
3 108 12.37 122.75 115.96 103.91 122.75 115.96
4 40 0.43 29.35 33.18 12.24 29.35 33.18
5 9 0.01 7.29 11.04 1.15 7.29 11.04
6 5 0.00 1.86 4.13 0.09 1.86 4.13
7 2 0.00 0.48 1.70 0.01 0.48 1.70
8 3 0.00 0.13 0.75 0.00 0.13 0.75
9 1 0.00 0.03 0.36 0.00 0.03 0.36
10 1 0.00 0.01 0.18 0.00 0.01 0.18

Parameter estimates - λ̂ = 0.1376 r̂ = 2.9114 r̂ = 0.9368 φ̂ = 0.8859 φ̂ = 0.00 φ̂ = 0.0000

λ̂ = 0.1376 α̂ = 1.2801 λ̂ = 0.4713 λ̂ = 0.1376 r̂ = 0.9367

β̂ = 8.9989 - r̂ = 2.9114 α̂ = 1.2803

- β̂ = 8.9987
-2LL 28416 27100 27057 27322 27100 27057
AIC 28418 27103 27063 27326 27105 27065
X2 9662.8972 89.6609 13.4793 441.6300 89.6609 13.4793
d.f 3 (4+) 5 (7+) 6(9+) 3 (5+) 4 (7+) 5 (9+)

Mean 0.1376 0.1376 0.1375 0.1376 0.1376 0.1375
Var 0.1376 0.1927 0.1988 0.1835 0.1927 0.1988

Results:
Again, we see here that both the Poisson and NB models did not fit our data
well. On the X2 line in Table III for instance, the (4+) there under the Poisson
model indicates that categories 4 and above have been collapsed to satisfy the
[13] rule for the appropriate application of the χ2 approximation. In this case
for example, the observed frequency becomes 61, while the expected frequency
becomes 0.44, leading to a X2 value of 9662.8972 on 3 degrees of freedom.
Similar results are obtained for other models. We observe that we only need
to collapse only two categories for the NB-GE model, with X2 = 13.4793 on
6 d.f. Our results are not exactly those presented in [20] for both the NB and
NB-GE models, although the parameter estimates seem almost identical. We
have provided our SAS program in the appendix for verification and validation
of our results. The program employs the Newton-Raphson iterative procedure.

The observed mean and variance of the data are respectively, µ = 0.1376
and σ2 = 0.2044. We see that the Poisson model grossly underestimates the
observed variance but the NB and NB-GE models have estimated variances of
0.1927 and 0.1988. Clearly, the NB-GE variance closely matches the observed
variance with estimated mean of 0.1375. For the zero-inflated models ZIP and
ZINB, we have: (where ω = 1/(1 + exp(−φ))).

E(Yi) = µi(1− ω)

for both models but respective variances
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µi(1− ω)[1 + ωµi] and µi(1− ω)[1 + kµi + ωµi]

Thus for the ZIP, the mean equals 0.4713(1−0.7080) = 0.1376 and the variance
is estimated as 0.4713(1−0.7080)(1+0.7080×0.4713) = 0.1835. For the ZINB
and ZINB-GE in this example, φ̂ = 0, hence the means and variances are equal
to the P and NB models respectively. We observe that the variance of the ZIP
has moved to 0.1835 but still fall short of the observed values of 0.2044. Overall,
the NB-GE provides the best parsimonious model for the data in Table III.

6 Conclusions:

Our study here reinforces the superiority of the NB-GE distribution for data
exhibiting excess zeros and heavy tailed. For the cases considered here, it seems
that the ZINB-GE does not necessarily perform better than the NB-GE. How-
ever, the MLE of the NB-GE depends to a large extent on the choice of initial
parameter values and it would be sometimes necessary to double check esti-
mated parameters by employing at least two optimization techniques (Perhaps:
Newton-Raphson and Nelder-Mead Simplex methods-NEWRAP & NMSIMP
in SAS PROC NLMIXED). Our results also produce estimated probabilities
for each category and because the pmf of the NB-GE has an infinite range,
these probabilities may not necessarily sum to 1.00 within the values of ob-
served data and consequently, the sum of estimated expected values may be a
little smaller than the observed sample size (usually, no more than 0.5). We
would strongly recommend the NB-GE as an alternative model to the P, NB
and other similar count models.
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appendix

SAS PROC NLMIXED PROGRAM TO FIT THE NB-GE MODEL

options nodate nonumber ls=85 ps=66;

data accident;

INPUT y count @@;

datalines;

0 29087 1 2952 2 464 3 108 4 40 5 9

6 5 7 2 8 3 9 1 10 1

;

run;

data new;

set accident;

do i=1 to count;

output;

end;

keep y;

run;

title ’NB-GE’;

proc nlmixed data=new tech=newrap lis=2;

/* aa stands for alpha here*/;

parms aa=0.5 beta=8 r=3;

bounds aa >0, beta >0, r>0;

z=lgamma(r+y)-lgamma(y+1)-lgamma(r);

sum=0.0;

do j=0 to y;

u1=(-1)**j;

z1=lgamma(y+1)-lgamma(j+1)-lgamma(y-j+1);

n1=aa+1;

n2=1+((r+j)/beta);

z2=lgamma(n1)+lgamma(n2)-lgamma(aa+n2);

b1=z1+z2;

sum=sum+(u1*exp(b1));

keep sum;

end;

LL=z+log(sum);

model y ~general(LL);

/* replicate count*-alternative formulation*/;

predict aa out=aa1;

predict beta out=bb;

predict r out=cc;

run;

data q1;

set aa1;

aa=pred;

run;

data q2;

set bb;

beta=pred;

run;

data q3;

set cc;

r=pred;

run;

data qq3;
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merge q1 q2 q3;

n=10;

do s=0 to n;

zz=lgamma(r+s)-lgamma(s+1)-lgamma(r);

suma=0.0;

do i=0 to s;

uu1=(-1)**i;

zz1=lgamma(s+1)-lgamma(i+1)-lgamma(s-i+1);

n11=aa+1;

n22=1+((r+i)/beta);

zz2=lgamma(n11)+lgamma(n22)-lgamma(aa+n22);

bb1=zz1+zz2;

suma=suma+(uu1*exp(bb1));

end;

/* Compute estimated probabilities, cumulative as well as the expected */;

/* frequencies */;

LL1=zz+log(suma);

prob=exp(LL1);

fit1=32672*prob;

ss1+fit1;

cum+prob;

output;

end;

stop;

keep s prob cum fit1 ss1 aa beta;

run;

/* Print the estimated probabilities and expected values*/;

proc print data=qq3;

var s prob cum fit1 ss1 ;

run;

data gof;

merge accident qq3;

xx=((count-fit1)**2)/fit1;

sum+xx;

run;

proc print data=gof nobs;

var count fit1 sum;

format sum 10.4;

run;

/* Compute the means and variance of the NB-GE distribution given the estimated parameters*/;

data new1;

merge q1 q2 q3;

a=1/beta;

f=2/beta;

B1=exp(lgamma(aa+1)+lgamma(1-a));

B2=exp(lgamma(aa-a+1));

B3=exp(lgamma(aa+1)+lgamma(1-f));

B4=exp(lgamma(aa-f+1));

d1=B1/B2;

d2=B3/B4;

mean=r*(d1-1);

var=(r* d2*(r+1))-(r*d1*(1+r*d1));

run;

proc print data=new1 (obs=5);

var mean var;

format mean var 10.4;

run;
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