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Abstract
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models suitable for count data. The estimator uses conditional moment
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sistent variants are considered. The implementation of optimal GMM based
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1. Introduction

This article is concerned with the estimation and inference for a latent class or

…nite mixture model for count data, using a moment-based estimator. A …nite

mixture density for the random variable y is de…ned by

f(yjµ) =
CX

j=1

¼jfj(yjµj); (1.1)

an additive mixture of C distinct latent classes, or subpopulations, with unknown

mixing proportions ¼1; ¢ ¢ ¢; ¼C ; where
PC
j=1 ¼j = 1; ¼j > 0 (j = 1; ¢ ¢ ¢; C):

We refer to fj(yjµj) as the jth component density with unknown parameters

µj: Let µ denote all unknown parameters including ¼j; j = 1; :::; C ¡ 1, with

¼C = 1 ¡ PC¡1
j=1 ¼j:

Finite mixture models have been used both in univariate and regression con-

texts. They have wide appeal and applicability. Normal mixtures in particular

have been widely used, with maximum likelihood estimation (MLE) frequently

being the preferred method of estimation. McLachlan and Basford (1988), Tit-

terington, Makow, and Smith (1985) and Lindsay (1995) have provided excellent

surveys of the literature and demonstrated the wide applicability of the model.

Heckman, Robb, and Walker (1990), Gritz (1993), Wedel, DeSarbo, Bult, and

Ramaswamy (1993), Deb and Trivedi (1997), Geweke and Keane (1997), Mor-

duch and Stern (1997), and Wang, Cockburn, and Puterman (1998) are recent

regression-based microeconometric applications in various contexts.

A parametric …nite mixture model has an attractive interpretation. It is useful

in the analysis of data that are believed come from a …nite number of distinct,

but latent, subpopulations. The …nite mixture approach easily accommodates

the case in which individuals may be characterized as belonging to a speci…c

“type” or latent class, even in the presence of unobserved heterogeneity within a

category. An example is Deb and Trivedi (1997) who use a …nite mixture count

model with negative binomial components to analyze the demand for medical

care by the elderly in the United States. They postulate “healthy” and “ill”
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groups as their latent classes and use MLE. In general, the focus of estimation

and inference in such models is on (a) the number of (latent) subpopulations,

denoted C; (b) the sampling fractions of the subpopulations, denoted ¼1; ¢ ¢ ¢; ¼C ;

and (c) the moments of the subpopulations. Given C parametrically speci…ed

component densities, maximum likelihood is the commonly used estimator for

a …nite mixture model. However, maximum likelihood estimation of the …nite

mixture model is complex despite the computational and conceptual advances of

recent years (Lindsay, 1995). More importantly, parameter estimates are quite

sensitive to misspeci…cation of the component densities.

Key features of the …nite mixture model may also be represented by condi-

tional moment restrictions. Estimation based on these restrictions, rather than

the full parameterization of the distribution, may yield more robust results. Given

this motivation, we consider a generalized method of moments (GMM ) approach

as an alternative to maximum likelihood estimation. This approach generalizes

a number of moment-based estimation procedures for …nite mixtures that have

been proposed in the literature. Our particular implementation is in the spirit of

Newey (1990, 1993). It may also be interpreted as a generalization of the nonlinear

instrumental variable approach, or the estimating equations approach (Cameron

and Trivedi, 1998). The e¢ciency of a moment-based method for count regres-

sions based on a single component has been considered by Dean (1991). The use

of the method of moments to estimate a mixture model is also not new. However,

the focus in such treatments has been on univariate rather than regression mod-

els. Examples of applications can be found in McLachlan and Basford (1988). An

important di¤erence between …nite mixtures based on (nonlinear) regression mod-

els and univariate mixtures is that the presence of covariates introduces valuable

identifying information. In other words, under some speci…c estimation proce-

dure such as GMM, a nonidenti…ed mixture model without covariates may be

identi…able once covariates are introduced into the model.

In the traditional, fully parametric treatment the random sample is assumed

to be a mixture from C latent subpopulations. When considering moment-based
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estimation, the idea of C subpopulations is retained. However, estimation is

based on a small number of moments of the speci…ed distribution, rather than

on maximum likelihood using the full parametric distribution. Thus the only

di¤erence between the two approaches is that maximum likelihood uses addi-

tional moment “information”. The potential for e¢ciency gains from using the

information about higher moments must be o¤set against the consequences of

misspeci…cation of the likelihood.

Our application is to count data models. Because in the usual speci…cation

of this model, the conditional variance is a function of the conditional mean,

these models are typically heteroskedastic. Hence weighted GMM estimator is

asymptotically most e¢cient, with the weights being functions of both data and

(usually) unknown parameters. Several approaches for estimating the weights are

available, some of which only yield a consistent estimator. The optimal choice

of weights yields an e¢cient estimator. However, some studies suggest that in

…nite samples the optimal estimator may be less desirable than a computationally

simpler consistent estimator. For example, Altonji and Segal (1996), report a case

in which GMM estimators using an identity (or otherwise constant) weighting

matrix perform better in …nite samples than those using the optimal weighting

matrix. Smith (1997) provides several additional references that also document

the poor performance of the e¢cient GMM estimator and related statistics. These

analyses motivate our investigation of similar possibilities for the …nite mixture

count models.

Another motivation for investigating GMM estimation in the context of count

data models is that observed counts frequently display considerable overdispersion

in the form of both excess zeros and long right tails. Such distributional features

are likely to be inadequately captured by estimators only on lower order moment

restrictions only. A comparison between maximum likelihood and GMM may

provide further insights into the role of higher moments.

Section 2 of the paper sets out the notation and summarizes the general ap-

proach we adopt in our own analysis. Section 3 considers the moment restrictions
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of some standard count data models. Section 4 specializes the implementation

of the general GMM approach to the estimation of the …nite mixture model.

Speci…cally we consider identi…cation of parameters through moment restrictions

in several standard count models. Section 5 compares maximum likelihood and

GMM using the results of a small Monte Carlo experiment. Section 6 applies

the moment-based estimator to a subsample from Deb and Trivedi (1997) and

compares the results with maximum likelihood estimates. Section 7 concludes.

2. General Theory of Conditional Moment Estimation

This section, following Newey (1993), outlines the conditional moment estima-

tion approach. Suppose our interest lies in estimation based on a vector of the

conditional moment restrictions or moment conditions

E[½(zi; µ)jxi] = 0; i = 1; ¢ ¢ ¢ ; n; (2.1)

where ½ (z; µ) is a s £ 1 column vector of residual function continuous and dif-

ferentiable in µ; zi = (yi;x0i)
0 ; xi is a k £ 1 column vector of random variables

that can be regarded as regressors; and µ is a q £ 1 column vector of parameters

to be estimated. The number of moment restrictions, s; initially will be taken as

given, although this is an important practical issue. We consider the standard

cross-section case in which yi (i = 1; :::; n) are independent, conditionally on xi:

Let ¢(x) be an r £ s matrix of functions, with r ¸ q, then we have

E [¢(xi)½(zi;µ)] = 0; i = 1; ¢ ¢ ¢ ; n: (2.2)

Because there are now r ¸ q moment conditions, µ can in principle be estimated

by GMM based on (2.2). Under regularity conditions some choices of ¢(x) will

yield consistent estimates µ:

To obtain the optimal GMM estimator, we minimize its asymptotic variance,

given (2.1). That is, we choose ¢(x) equal to the q £ s matrix

¢¤(xi) = E

·
@½(z;µ)

@µ

¯̄
¯̄xi

¸ ©
E

£
½(z;µ)½(z;µ)0jxi

¤ª¡1
:1 (2.3)

1Note that premultiplication of ¢¤(xi) by a s £ s nonsingular matrix of constants will also
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That is, the optimal GMM estimator bµ is the solution to

nX

i=1

½¤(zi;µ) = 0;

where

½¤(zi;µ) = E

·
@½(z; µ)

@µ

¯̄
¯̄xi

¸ ©
E

£
½(z; µ)½(z; µ)0jxi

¤ª¡1
½(zi; µ)

(2.4)

= D (xi; µ) (xi;µ)¡1 ½ (zi;µ) (2.5)

where  (xi;µ) = E
h
½ (z;µ)½ (z;µ)0 jxi

i
; and D (xi;µ)0 = E [@½ (z;µ) =@µjxi] :

If (2.1) holds at µ0 and regularity conditions are satis…ed, then asymptotically

p
n(bµ ¡ µ0)

d! N[0;A¡1BA¡1]; (2.6)

where

A = lim
n!1

1

n
E

"
nX

i=1

@½¤(zi; µ
0)

@µ0

#
; (2.7)

B = lim
n!1

1

n
E

"
nX

i=1

½¤(zi;µ
0)½¤(zi;µ

0)0
#

: (2.8)

Two important issues in the practical implementation of GMM are the number

of moment conditions employed in estimation, and the estimation of  (xi;µ) :

Jointly they determine both the identi…ability of the parameters and the relative

e¢ciency of the estimator.

3. Moment Restrictions of Some Standard Count Models

Consider a …nite mixture model for count data based on a ‡exible speci…cation

of the negative binomial density. This speci…cation nests mixtures of several

standard count data models such as the Poisson and the geometric.

yield an optimal estimator.
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Speci…cally, assume that the components in a C-point …nite mixture for the

random variable yi de…ned by (1.1) densities

fj (yi) =
¡

³
yi + Ãji

´

¡
³
Ãji

´
¡ (yi + 1)

Ã
Ãji

¸ji + Ãji

!Ãji Ã
¸ji

¸ji + Ãji

!yi
; (3.1)

in which j = 1; 2; ¢ ¢ ¢; C are the latent classes, ¸ji = exp
³
x0i¯j

´
and Ãji = ¸kji=®j :

xi, i = 1; 2; ¢ ¢ ¢; n; are independent observations of the explanatory variables; ®j ¸
0; j = 1; 2; ¢ ¢ ¢; C; are overdispersion parameters and k is a prespeci…ed constant.2

We call this model the …nite mixture negative binomial with C components, or

the FMNB-C model.

Three variants of the FMNB-C model are of particular interest. If k = 0; the

subpopulation density is negative binomial 2, or NB2, whose variance function is

quadratic in the mean. If k = 1; the subpopulation density is negative binomial

1, or NB1, whose variance function is linear in the mean. The former case yields

a mixture of negative binomial 2, denoted as FMNB2-C model; the latter yields

a mixture of negative binomial 1, denoted as FMNB1-C model. If ®j = 0; the jth

component in the mixture model is the Poisson, and the resulting mixture model

is denoted as FMP-C model. Finally, if ® = 1; then the component density is the

geometric. Thus by selecting C; ®j; and k; the speci…ed model can generate most

of the standard parametric count regression models.

The conditional mean, variance and the third moment of the FMNB-C model

are given by

E (yijxi) = ¹̧
i =

CX

j=1

¼j¸ji; (3.2)

V (yijxi) =
CX

j=1

¼j¸
2
ji

h
1 + ®j¸

¡k
ji

i
+ ¹̧

i ¡ ¹̧2
i ; (3.3)

E
h¡

yi ¡ ¹̧
i
¢3 jxi

i
=

CX

j=1

¼j
h
¸ji + 3®j¸

2¡k
ji + 2®2j¸

3¡k
ji

2Throughout this paper, the analysis is conditional on C:
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+3
¡
¸ji ¡ ¹̧¢ ³

¸ji + ®j¸
2¡k
ji

´
+

¡
¸ji ¡ ¹̧

i
¢3i

: (3.4)

We restrict attention to these three moments because they are su¢cient for deal-

ing with the cases considered in the reminder of this paper.

Given (3.1), the model can be estimated by maximum likelihood. In this

article we consider estimation using the moment restrictions (3.2) - (3.4). The

vector ½ (zi; µ) is de…ned as

½ (zi;µ) =

0
B@

½1 (zi;µ)
½2 (zi;µ)
½3 (zi;µ)

1
CA

=

0
BBBBBBBBB@

yi ¡ ¹̧
i

¡
yi ¡ ¹̧

i
¢2 ¡ PC

j=1 ¼j¸
2
ji

h
1 + ®j¸

¡k
ji

i
¡ ¹̧

i + ¹̧2
i

¡
yi ¡ ¹̧

i
¢3 ¡ PC

j=1 ¼j
h
¸ji + 3®j¸

2¡k
ji + 2®2j¸

3¡k
ji

+3
¡
¸ji ¡ ¹̧¢ ³

¸ji + ®j¸
2¡k
ji

´
+

¡
¸ji ¡ ¹̧

i
¢3i

1
CCCCCCCCCA

(3.5)

with (¼1; ¢ ¢ ¢; ¼C¡1; ®1; ¢ ¢ ¢; ®C ; ¯1; ¢ ¢ ¢;¯C) denoting parameters to be estimated.

Based on the moments in (3.5) we calculate D (x) = E[@½ (z;µ) =@µjx] and

 (x) = E
h
½ (z;µ)½ (z; µ)0 jx

i
. If the number of moment conditions is at least

equal to the number of unknown parameters, and if the moment conditions in

(3.5) are independent, then under regularity conditions speci…ed in Newey (1993),

all parameters can be estimated.

4. Identi…cation of the Finite Mixture Model

One potentially important issue regarding identi…cation concerns the role of la-

belling in evaluating parameter estimates of …nite mixture models. Consider

estimates of a two-component …nite mixture model that yields estimates of two

subpopulation means, denoted b̧
1i and b̧

2i; i = 1; :::; n: The GMM method im-

plicitly maximizes an objective function whose value is invariant with respect to

labelling. This also applies to ML estimation. However, in a …nite mixture model
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this property does not hold, i.e., in a two-component model one can switch sub-

scripts 1 and 2 for all parameters and obtain the same objective function value

(log likelihood in the ML case). This means that one needs a normalization rule

for assigning the estimated values to one or the other subpopulation. In our

simulation experiments and empirical example, we have chosen to normalize us-

ing the values of the …tted conditional mean. Given a pair of b̧’s, the smaller

value is always assigned to subpopulation 1 and the larger to subpopulation 2.

An alternative normalization rule could be based on ¼j ; j = 1; 2; e.g., assign to

subpopulation 1 if ¼1 < ¼2: Note that the two normalization rules will not neces-

sarily be consistent with each other. However, if the true component means are

su¢ciently far apart from each other, one would expect the two normalization

rules to be consistent with each other.

A second issue regarding identi…cation under moment restrictions is the suf-

…ciency of the number of such restrictions. In what follows we discuss how to

check model identi…cation in the case of …nite mixtures for a class of models for

count data. Throughout we assume an exponential mean function for compo-

nents. However, because the moment conditions for the …nite mixture model are

highly nonlinear, identi…cation cannot always be veri…ed in a straight-forward

manner.

We consider a de…nition of identi…cation based on conditional moments. As-

sume ¼ (z) is a s £ 1 dimension functional vector of a t £ 1 dimensional random

variables z, composed of the dependent variable y and the k £ 1 dimensional

independent variables x: Specify the conditional moment restrictions as

E [¼ (z) jx] = g (z; µ) ; (4.1)

where µ is a q £ 1 column vector of parameters to be estimated.

De…nition 4.1. Assume the true value of the parameters are µ0: Then model

(4.1) is identi…ed if g
³
z;µ0

´
= g

³
z; eµ

´
) eµ = µ0: The model based on (4.1) is

not identi…ed if there exists eµ 6= µ0 such that g
³
z;µ0

´
= g

³
z;eµ

´
holds for all

the admissible values of z:
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The de…nition states that µ is identi…ed only if the moment restrictions (4.1)

can be uniquely satis…ed by a single value of µ. Unfortunately, general conditions

about identi…cation are not easy to verify directly, see Gallant (1977), although

in special cases, and taking into consideration assumed functional forms, we can

establish identi…cation by inspection.3 In the remainder of this section we examine

the identi…ability of several …nite mixtures under moment restrictions.

Case 1: Univariate two-component Poisson mixture based on the …rst

two moments

A univariate (without covariates) two-component Poisson mixture has three

unknown scalar-valued parameters, ¼; ¸1;and ¸2: Note the absence of subscripts

on ¸1and ¸2: It is easy to see that this model is not identi…able by restrictions on

the …rst two moments of the mixture. In that case the moment restrictions are

¹̧ = ¼¸1 + (1 ¡ ¼)¸2;

¾2 = ¼¸21 + (1 ¡ ¼)¸22 + ¹̧ ¡ ¹̧2:

Given ¹̧ and ¾2; the moment equations cannot yield unique estimates of the

three parameters. However, adding a third moment restriction will establish

identi…cation because this will provide an additional equation without introducing

an additional parameter.

It is shown below that the introduction of covariates in the model changes this

result. However, if all slope terms in ¸ji are zero then the model is equivalent

to one with no covariates and the results of Case 1 apply. Moreover, given the

3To demonstrate the generality of this de…nition, we reconsider an example from Gallant
(1977, p.79). Solving for the reduced form, the model can be expressed in the form of conditional
moments as

E (y1jx) = E [exp (e1)] ¢ exp (¡a0) ¢ exp (¡a3x) (4.2)

E (y2jx) = ¡b0 ¡ b1E [exp (e1)] ¢ exp (¡a0) ¢ exp (¡a3x)¡ b3x: (4.3)

According to De…nition 1, equation (4.2) is always identi…ed. Moreover when a3 6= 0 equation
(4.3) is identi…ed. However, when a3 = 0; equation (4.3) is not identi…ed.
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exponential speci…cation of the conditional mean, if each covariate enters the

conditional mean with the same coe¢cient across components the ¸ji will be

linearly dependent across j and the results of Case 1 will apply. Therefore, in

what follows we assume that not all of the slope terms in ¸ji are 0 and that the

¸ji’s are not linearly dependent.

Case 2: A mixture model based on the …rst moment

We now consider a regression model with covariates. Given only the …rst

moment restriction, identi…cation of the ¼ and intercept terms in the model is

not possible. To see this, reconsider the …rst order conditional moment

E (yijxi) = ¹̧
i =

CX

j=1

¼j¸ji: (4.4)

Consider the partition of ¯j =
³
¯j0; ~̄

0
j

´0
corresponding to the partition of xi =

(1; ~x0i)
0 into the constant and variables. Let bj0 = exp

³
¯j0

´
; j = 1; 2; ¢ ¢ ¢; J: Then

we have

¸ji = exp
³
x0i¯j

´
= exp

³
¯j0 + ~x0i~̄ j

´
= bj0 exp

³
~x0i~̄ j

´
:

So

E (yijxi) = ¹̧
i =

CX

j=1

¼jbj0 exp
³
~x0i~̄ j

´
:

Thus we can always …nd di¤erent combinations of ¼j and bj0 such that the product

¼jbj0 is constant. Hence the model cannot be identi…ed.

Case 3: C-component Poisson mixture based on the …rst two moments

For Poisson-distributed components the two conditional moment conditions

(3.2), (3.3) are

E (yijxi) = ¹̧
i =

CX

j=1

¼j¸ji; (4.5)

V (yijxi) =
CX

j=1

¼j¸
2
ji + ¹̧

i ¡ ¹̧2
i : (4.6)
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If the model is not identi…ed, there must exist eµ 6= µ such that g (z; µ) = g
³
z;eµ

´

holds. Then if g (z; µ) = g
³
z;eµ

´
holds, we must have

¼jbj = ~¼j~bj

¼jb
2
j = ~¼j~b

2
j

It is easy to see that from above that bj = ~bj and ¼j = ~¼j: It implies that if

g (z; µ) = g
³
z;eµ

´
; we must have ~µ = µ. Thus the Poisson mixture model is

identi…ed.

Case 4: C-component NB2 mixture based on the …rst two moments

If k = 0; the two moments (3.2), (3.3) become

E (yijxi) = ¹̧
i =

CX

j=1

¼j¸ji; (4.7)

V (yijxi) =
CX

j=1

¼j¸
2
ji (1 + ®j) + ¹̧

i ¡ ¹̧2
i : (4.8)

From case 2 and the fact that ®j does not appear in (4.7), we can …nd ~µ 6= µ such

that ¹̧
i

³
eµ
´

= ¹̧
i (µ) ; in which µ is the vector of all the parameters including ®j .

In (4.8)
2
4
CX

j=1

¼j¸
2
ji (1 + ®j) + ¹̧

i ¡ ¹̧2
i

3
5

µ

=

2
4
CX

j=1

¼j¸
2
ji (1 + ®j) + ¹̧

i ¡ ¹̧2
i

3
5
eµ

;

if and only if,
2
4
CX

j=1

¼j¸
2
ji (1 + ®j)

3
5

µ

=

2
4
CX

j=1

¼j¸
2
ji (1 + ®j)

3
5
eµ

:

But using arguments analogous to those in case 2, it is possible to …nd ~®j 6= ®j

such that

¼jb
2
j0 (1 + ®j) = ~¼j~b

2
j0 (1 + ~®j) :

Thus there exists a eµ 6= µ such that g (z;µ) = g
³
z;eµ

´
holds for the NB2 moment-

based model, which means it is not identi…ed.
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Case 5: C-component NB1 mixture based on the …rst two moments

For k = 1; the two conditional moment conditions (3.2), (3.3) become

E (yijxi) = ¹̧
i =

CX

j=1

¼j¸ji; (4.9)

V (yijxi) =
CX

j=1

¼j
³
¸2ji + ®j¸ji

´
+ ¹̧

i ¡ ¹̧2
i : (4.10)

If the model is not identi…ed, there must exist eµ 6= µ such that g (z; µ) = g
³
z;eµ

´

holds. Then if g (z; µ) = g
³
z;eµ

´
holds, we must have

¼jbj = ~¼j~bj

¼jb
2
j = ~¼j~b

2
j

¼jbj®j = ~¼j~bj ~®j

It is easy to see that from above that bj = ~bj; ¼j = ~¼j ; and ®j = ~®j : It implies

that if g (z; µ) = g
³
z;eµ

´
; we must have ~µ = µ for NB1 model. Thus NB1 model

is identi…ed.4

Case 6: C-component NB2 mixture based on the …rst three moments

Case 3 showed that in a NB2 moment-based mixture model, the …rst two

moment conditions are not su¢cient to identify the parameters. However, the

model can be identi…ed by adding the third moment (3.4). Suppose it is not, there

must exist di¤erent set of parameters that give identical conditional moments.

Thus we have

¼jbj = ~¼j~bj (4.11)

¼j (1 + ®j) b2j = ~¼j (1 + ~®j)~b2j (4.12)

¼j (1 + ®j) (1 + 2®j) b3j = ~¼j (1 + 2~®j) (1 + 2~®j)~b3j (4.13)

4While we have theoretically demonstrated that the NB1 mixture model is identi…ed with
two moment restrictions, we were generally unable to estimate such models, suggesting that
identi…cation in this case may be fragile.
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Substituting (4.11) into (4.12) and (4.12) into (4.13), we have

(1 + ®j) bj = (1 + ~®j)~bj (4.14)

(1 + 2®j) bj = (1 + 2~®j)~bj (4.15)

Subtracting (4.14) from (4.15) we have

®jbj = ~®j~bj: (4.16)

From (4.16) and (4.14), we have bj = ~bj and ®j = ~®j: And it is easy to get

¼j = ~¼j : Thus the model is identi…ed by adding and using the third conditional

moment.

5. Implementing GMM

Assuming an interior solution to the problem, and using 0 (xi) ; a positive de…-

nite “working variance” matrix free of parameters, the solution to the …rst order

conditions
nX

i=1

D (xi;µ)00 (xi)
¡1 ½ (zi;µ) = 0

is equivalent to minimizing the quadratic form

nX

i=1

½ (zi; µ)00 (xi)
¡1 ½ (zi;µ) ;

which is the approach we take. Hence this estimator may be interpreted as a

minimum distance estimator.

The convergence point µ̂ is the GMM estimator. The covariance matrix of

this estimator is

V = E
h
D0¡1

0 D
i¡1

E
h
D0¡1

0 ¡1
0 D

i
E

h
D0¡1

0 D
i¡1

; (5.1)

where the true variance matrix,  (x) = E
h
½ (zi; µ)½ (zi;µ)0 jx

i
; di¤ers in general

from the working variance matrix 0(x):
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If 0= ; we obtain the e¢cient GMM estimator. Its covariance matrix

becomes

V = E
h
D0¡1

0 D
i¡1

:

To implement the GMM estimator, the weighting matrix 0 needs to be esti-

mated. The estimation procedure must ensure positive de…niteness of 0:

Consider the case in which two moment restrictions are used. To estimate the

weighting matrix

0i ´ 0 (xi) =

"
!11 !12
!21 !22

#

i

two approaches have been considered.5 Because the [!jk]i are combinations of

the …rst, second, third and fourth order conditional moments of the dependent

variable yi; each of these moments can be speci…ed as a polynomial in the ¸ji:

The maximum order of the terms in the polynomial will be 2 for !11;i; 3 for !12;i,

or 4 for !22;i: For example, if C = 2; an estimate of !11;i can be obtained using

the …tted regression of

h
yi ¡ ¹̧

i(^̄)
i2

= b0 + b1 ^̧1i + b2 ^̧2i + b21 ^̧
2
1i + b22 ^̧

2
2i + b23 ^̧1i ^̧2i + "i (5.2)

Unfortunately, this method is not guaranteed to yield a positive de…nite bi for

every i, i = 1; ¢ ¢ ¢; n: Further, in samples involving some large counts, the method

was found to be computationally unstable.6

The second method simply uses an unconditional constant estimator for 0i; i =

1; ¢¢¢; n: The centered second, third and fourth moments of yi are used as estimates

of !11; !12 and !22 respectively. This method has computational simplicity and

guarantees positive de…niteness of b0i: A limitation is that the method does not

exploit the assumed structure of the model and is not e¢cient.

5A third possible method which was not tried involves estimation of  by nonparametric
regression as suggested by Newey (1990).

6We considered a number of variations on this approach to induce greater computational sta-
bility including using the logarithm of the dependent variable in the regressions, using trimmed
regressions and combinations of them.
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6. Simulation Experiments

To evaluate the relative performance of the two variants of the GMM estimator

and to compare GMM performance with the that of the ML estimator, computer

simulations were carried out using a two-component …nite mixture of Poisson

with the conditional mean and variance

E [yj¸1; ¸2] = ¼¸1 + (1 ¡ ¼)¸2
V [yj¸1; ¸2] = ¼¸1 + (1 ¡ ¼)¸2 ¡ 2¼(1 ¡ ¼)¸1¸2:

The data were generated using the speci…cations

¸1i = exp [¯10 + ¯11xi]
¸2i = exp [¯20 + ¯21xi] ; i = 1; ¢ ¢ ¢; n:

in which xi were generated as a random draw from the Uniform[0; 1] distribution.

Table 1 reports the results of the simulation experiments. Panels A and B report

results of the two variants of the GMM estimator while panel C reports results

of the ML estimator. Five sets of parameters (¯10; ¯11; ¯20; ¯21; ¼) were used,

shown in Table 1 in the rows marked “True”. These values have been chosen

to ensure that the two components have di¤erent means, as shown in the table

in the rows marked “Mean-1” and “Mean-2”. The overall mean is reported in

the rows marked “W-Mean”. In experiments 4 and 5, ¯10 = ¯20 to examine the

e¤ects of only slopes being di¤erent in the two components.

We have normalized the parameters on the basis of the magnitudes of the …tted

means. The rows marked “Renormalized” report the number of cases in which the

ordering of the parameters had to be changed to achieve normalization. As the

results in panels A, B and C show, this was not a serious issue in the simulations,

largely due to our choice of parameters.

One GMM estimation procedure used a …xed, unconditional working estimate

of i. This choice is an analog of the “equally weighted minimum distance es-

timator” of Altonji and Segal (1996). The estimates were obtained by iterating

the estimating equations to convergence. Results for this set of simulations are

reported in Panel A of Table 1. Computationally this procedure was found to
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be stable and robust. Very few problems of convergence were encountered; the

number of instances of non-convergence is reported in the row marked “Non-

convergence”. The values of the means and standard deviations of the estimated

parameters, estimated component means and associated standard deviations con-

…rm the theoretical expectation that this variant of the GMM estimator is unbi-

ased.

We also ran simulations with a conditional estimate of i obtained using 5.2.

Unfortunately, this was found to be computationally unstable, making it di¢cult

to generate a full set of 500 valid replications. The most persistent problem

was the occurrence of non-positive de…nite bi. The results strongly suggested

that the optimal GMM was generally severely biased. This bias persisted even

when samples larger than 500 observations were used. The severity of these

problems was considerably reduced by estimating trimmed regressions for 5.2.

Trimming was implemented by deleting observations corresponding to the largest

5% of residuals (in absolute value) from a …rst round regression before a second

round regression was estimated. Second round coe¢cient estimates were used to

calculate …tted values for all observations.

Results of the simulations for the GMM estimator using a conditional estimate

of i with trimming are reported in Panel B of Table 1. Even with trimming,

the number of instances of non-convergence is noticeably higher than for the

unconditional variant. The means of the estimated parameters show that biases

in the parameter estimates are generally larger than those obtained using the

unconditional variant. Consequently, …tted means also show greater bias. The

standard deviations of the ¯ parameters are two to …ve times larger than the

corresponding standard deviations from the unconditional variant suggesting that

there remains considerable instability in the optimal GMM.7 These results are

reminiscent of Altonji and Segal (1996).

We also estimated the two-component Possion mixture by maximum likeli-

hood, the results of which are reported in Panel C of Table 1. The means of the

7The standard deviations of the estimates of ¼ are surprisingly similar.
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parameter estimates are very close to the true values. The standard deviations

of ¼ are less than half the size of the corresponding standard deviations obtained

using GMM (Panels A and B). The standard deviations of the ¯ parameters are

also generally somewhat smaller than those of the unconditional variant of GMM

(Panel A). Given the nature of the comparison, these results should not be sur-

prising.

We conclude from this exercise that the optimal GMM approach to the es-

timation of the …nite mixture count model is problematic and likely to be more

so in the presence of signi…cant overdispersion. Consequently, we use the un-

conditional working estimate of i to estimate a number of moment-based …nite

mixture models in our empirical application. However, the unconditional variant

performs quite well, even if compared to the ML estimator.

7. Application

7.1. Background and Data

The data used in our illustrative application are a subset of those used in Deb

and Trivedi (1997), henceforth DT, where they are fully described. The data are

obtained from the National Medical Expenditure Survey (NMES, 1987) which was

conducted in 1987 and 1988 to provide a comprehensive picture of how Americans

use and pay for health services. In addition to health care data, NMES provides

information on health status, employment, sociodemographic characteristics, and

economic status. In this paper we consider a subsample of 4,406 individuals ages

66 and over, all of whom are covered by Medicare, a public insurance program

that o¤ers substantial protection against the cost of health services. Table 2 gives

the data de…nitions and sample means and standard deviations.

DT established the relevance and usefulness of the …nite mixture model for the

analysis of the elderly sample. Their results supported the notion that health care

users in the population could be classi…ed into two latent classes, the “healthy”

and the “ill”, that correspond to the “high” and the “low” user-classes for health

services. In the present context we shall focus on the comparison of ML and
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GMM estimators to a greater extent than on the interpretation of the results. DT

reported and compared a wider range of mixture models. Model selection criteria

led them to select a two-component mixture of negative binomials (FMNB) as

their preferred model. In selecting this model goodness-of-…t and speci…cation

tests were applied to the model, keeping unchanged the conditional mean part of

the model. This selected model forms the basis of our comparison between ML

and GMM estimators.

We work with two response variables with somewhat di¤erent data properties.

The …rst is the number of o¢ce visits to a physician (OFP) and the second is the

number of hospital stays (HOSP) during the survey year. The variable OFP has

a relatively small proportion of zeros; only 15% of the survey respondents had no

doctor visits. By contrast, over 80% of the respondents had no hospitalization.

However, OFP shows very considerable overdispersion. Many respondents had

over 25 visits. The sample average is 5.6. By contrast HOSP has a low mean of

0.30, and standard deviation of 0.75. Note that these data have features, most

notably overdispersion, that are absent in the Monte Carlo experiments.

7.2. Results

Tables 3, 4 and 5 show ML and GMM estimates for OFP and HOSP, using the

FMP-2, FMNB1-2 and FMNB2-2 speci…cations, respectively. The GMM estimates

in table 3 are based on two moment restrictions and results in tables 4 and 5 on

three moment restrictions. Although, as shown in section 4, the two-component

mixture of NB1 is identi…ed by the …rst two moment restrictions, we were gen-

erally unable to estimate such models. Sometimes we were unable to achieve

convergence, and at other times parameter estimates and/or standard errors had

“incredible” magnitudes upon convergence. However, satisfactory results for the

FMNB1-2 were obtained using GMM under three moment conditions. These have

been reported.

There is a substantial di¤erence between ML and GMM estimates which is

re‡ected in the values of the log-likelihood evaluated at ML and GMM estimates,
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shown the last row of Tables 3, 4 and 5. The di¤erence is due to the e¤ects of

misspeci…cation of the model as well as those due to di¤erences in the estimators.

Hence, it is worth keeping in mind the empirical results of DT that suggest that a

mixture based on the negative binomial is likely to be more satisfactory for both

HOSP and OFP than the FMP-2 because both variables show overdispersion.

Moreover, the FMNB1-2 model provides a superior …t to the data, especially

for OFP. Therefore, it seems appropriate as a …rst approximation to treat the

di¤erences in the results based on the FMNB1-2 speci…cations as re‡ecting the

e¤ects of the estimation procedure, subject to the quali…cation that the model

selection procedures may induce pretest bias. The di¤erences in the remaining

results probably re‡ect the e¤ects of misspeci…cation and estimating procedures.

In the case of OFP, the two sets of results based on the FMP-2 speci…cation

di¤er in several respects. The sampling fractions, the intercept terms and the co-

e¢cients of the insurance variables (PRIVINS and MEDICAID) are signi…cantly

di¤erent. The estimated mean usage for the two subpopulations is also substan-

tially di¤erent - MLE gives about 12 visits on average for high users compared with

17 estimated by GMM. Because the variance speci…cation of the FMP-2 model is

rejected by the data, these di¤erences re‡ect the joint e¤ects of misspeci…cation

and estimation methods.

Next compare these results with those for OFP in Table 4 based on the su-

perior FMNB1-2 speci…cation. The corresponding numbers for average visits of

high users are now 8 and 10, which is a smaller absolute di¤erence, but other

di¤erences between GMM and ML persist. For example, there is a large di¤erence

in the estimated overdispersion parameters ®1 and ®2; ML estimates of overdis-

persion are larger, which probably re‡ects the e¤ects of high counts that impact

much less on the GMM estimates. Finally, the estimated mean usage estimates

for the low-use category di¤ers by a factor larger then 2. The results based on

the FMNB2-2 speci…cation continue to show di¤erences in regard to important

coe¢cients. The standard errors on the GMM estimates are also larger, in many

cases by a factor as large as 3 or 4.
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Next consider the results for the HOSP variable, which displays an excess-

zeros feature. The point estimates obtained by GMM and the summary measures

like group means are substantially smaller than those obtained by maximum likeli-

hood. Despite the relatively smaller role of overdispersion in this case, substantial

di¤erences between ML and GMM estimates of the coe¢cients persist. Especially

notable are the di¤erences in estimated sampling fraction ¼. The goodness-of-…t

tests in DT suggested strongly that the FMNB1-2 was a good speci…cation for

both response variables, yet we observe signi…cant di¤erences between ML and

GMM estimators based on this density. Once again, the GMM standard errors

for coe¢cients are often 3 to 4 times as large as those of the maximum likelihood

estimator, which indicates that higher moments restrictions (implicitly) employed

under MLE, but not under GMM, have considerable leverage.

The observed di¤erences between point estimates given by ML and GMM

re‡ect the joint e¤ects of model misspec…cation and the estimation procedures.

However, under correct speci…cation of the likelihood, GMM is consistent, and the

only di¤erence between the two estimators comes from the higher moments. If the

latter have a substantial impact on the estimates, one would see large di¤erences

in point estimates. Thus, large estimated di¤erences may not necessarily indicate

that the ML estimates are based on a misspeci…ed data generating process.

8. Conclusion

We have developed, implemented and demonstrated the feasibility of a GMM

procedure for a …nite mixture model for counts in the presence of overdisper-

sion. In our application the point estimates of a number of key parameters are

substantially di¤erent than those obtained by ML, although in our Monte Carlo

experiments, GMM appears to be unbiased. This highlights the sensitivity of pa-

rameter estimates to estimation methods in applications in which the true d.g.p.

is unknown and the usefulness of alternative methods of estimation that are not

fully parametric. Our experience should be of interest to other researchers who

wish to consider moment-based estimation of other …nite mixture models derived
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from non-Gaussian exponential family distributions.

We found it unexpectedly di¢cult to devise computationally stable and robust

algorithms for the optimal GMM case. In the main this is because only one of

our estimators for i could guarantee positive de…niteness. Violations of positive

de…niteness were more frequent with highly overdispersed data but they also oc-

curred with data that only showed modest overdispersion. Because overdispersion

is very common in practice, these results highlight an important practical issue in

implementing optimal GMM. Although extensive Monte Carlo results are not yet

available, indications are that optimal GMM for …nite mixtures may be biased

even in samples as large as 1,000-4,000. By contrast, an unconditional estimator

for i worked very well in the Monte Carlo experiments. Of course, this variant

of GMM is not e¢cient. Overall, the results are not encouraging for use of the

GMM estimator in preference to the MLE. In this respect they are reminiscent of

those of Heckman et al. (1990) who investigated a moment-based estimator for

mixtures of exponentials.
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Table 1: Simulation experiments

Panel A: Parameters estimated by GMM with unconditional weighting matrix

Parameter d.g.p. 1 d.g.p. 2 d.g.p. 3 d.g.p. 4 d.g.p. 5

¯10 True -1 -2 -2 0 0

Mean -1.067 -1.994 -2.042 0.001 -0.037

SD 0.391 0.430 0.486 0.24 0.541

¯11 True 1 1 1 1 1

Mean 1.041 0.992 1.018 1.008 1.029

SD 0.292 0.158 0.375 0.224 0.633

¯20 True 0 0 0 0 0

Mean -0.051 -0.035 -0.044 -0.059 -0.066

SD 0.388 0.284 0.542 0.339 0.588

¯21 True 2 2 2 2 2

Mean 2.059 2.036 2.039 2.066 2.051

SD 0.516 0.365 0.669 0.466 0.744

¼ True 0.7 0.7 0.8 0.3 0.7

Mean 0.693 0.699 0.797 0.303 0.677

SD 0.093 0.062 0.055 0.125 0.116

Mean-1 Mean 0.632 0.251 0.242 1.758 1.716

SD 0.176 0.105 0.091 0.311 0.191

Mean-2 Mean 3.206 3.192 3.208 3.167 3.156

SD 0.426 0.345 0.448 0.224 0.410

W-Mean Mean 1.404 1.126 0.828 2.750 2.162

SD 0.089 0.089 0.079 0.103 0.088

Renormalized 0 0 0 1 4

Non-convergence 0 0 2 1 1

Notes:

All dgp’s are two-component Poisson densities. “True” denotes true values of parameters.

“Mean” denotes estimated value of the mean of the estimated coe¢cent from samples with

n = 500; number of replications = 500: “SD” refers to estimated standard deviation. “Mean-

1” refers to the mean of the …rst component, “Mean-2” to the mean of the second component

of the distribution. “W-Mean” refers to the weighted mean of the two components.

Component densities are identi…ed by normalizing post-estimation using the condition that the

component with the smaller mean was the …rst component. “Renormalized” is the number of

times normalization implied switching the parameters of the …rst and second components.

“Non-convergence” is the number of times the algorithm failed to converge, either because ¼
became 0 or 1, or because the values of some other parameters exploded.
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Table 1: Simulation experiments

Panel B: Parameters estimated by GMM with conditional weighting matrix

Parameter d.g.p. 1 d.g.p. 2 d.g.p. 3 d.g.p. 4 d.g.p. 5

¯10 True -1 -2 -2 0 0

Mean -1.042 -1.971 -1.939 -0.139 -0.158

SD 0.887 0.962 0.593 0.518 1.525

¯11 True 1 1 1 1 1

Mean 0.925 0.939 0.865 1.062 1.153

SD 0.993 1.055 0.850 1.004 1.731

¯20 True 0 0 0 0 0

Mean -0.149 -0.121 -0.123 -0.084 -0.155

SD 0.678 1.053 0.907 0.270 0.966

¯21 True 2 2 2 2 2

Mean 2.148 2.136 2.127 2.069 2.121

SD 0.906 1.193 1.101 0.366 1.187

¼ True 0.7 0.7 0.8 0.3 0.7

Mean 0.700 0.718 0.817 0.280 0.663

SD 0.089 0.092 0.064 0.145 0.147

Mean-1 Mean 0.628 0.70 0.258 1.667 1.711

SD 0.184 0.131 0.103 0.467 0.253

Mean-2 Mean 3.142 3.218 3.310 3.088 3.053

SD 0.752 0.742 2.131 0.206 0.579

W-Mean Mean 1.349 1.064 0.767 2.725 2.122

SD 0.144 0.174 0.145 0.113 0.108

Renormalized 0 1 0 6 15

Non-convergence 4 2 7 9 5

Notes:

See notes to Table 1, panel A.
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Table 1: Simulation experiments

Panel C: Parameters estimated by MLE

Parameter d.g.p. 1 d.g.p. 2 d.g.p. 3 d.g.p. 4 d.g.p. 5

¯10 True -1 -2 -2 0 0

Mean -1.001 -2.038 -2.022 -0.043 0.022

SD 0.236 0.432 0.365 0.448 0.222

¯11 True 1 1 1 1 1

Mean 0.967 0.998 0.992 0.954 0.915

SD 0.348 0.597 0.516 0.685 0.352

¯20 True 0 0 0 0 0

Mean -0.019 -0.014 -0.014 -0.007 -0.053

SD 0.178 0.167 0.205 0.159 0.323

¯21 True 2 2 2 2 2

Mean 2.014 2.008 2.006 2.016 2.046

SD 0.228 0.214 0.265 0.220 0.401

¼ True 0.7 0.7 0.8 0.3 0.7

Mean 0.693 0.695 0.796 0.315 0.663

SD 0.041 0.032 0.028 0.137 0.136

Mean-1 Mean 0.626 0.230 0.231 1.688 1.695

SD 0.067 0.039 0.034 0.381 0.212

Mean-2 Mean 3.178 3.178 3.182 3.217 3.164

SD 0.243 0.212 0.264 0.240 0.439

W-Mean Mean 1.404 1.126 0.828 2.749 2.162

SD 0.086 0.086 0.077 0.102 0.088

Renormalized 0 0 0 2 1

Non-convergence 0 0 0 1 0

Notes:

See notes to Table 1, panel A.
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Table 2: Variable de…nitions and summary statistics

Variable De…nition Mean S.D.
OFP Number of physician o¢ce visits 5.77 (15.5) 6.76
HOSP Number of hospital stays 0.30 (80.4) 0.75
EXCLHLTH Equals 1 if self perceived health is excellent 0.08 0.27
POORHLTH Equals 1 if self perceived health is poor 0.13 0.33
NUMCHRON Number of chronic conditions (cancer, heart attack, 1.54 1.35

gall bladder problems, emphysema, arthritis,
diabetes, other heart disease)

ADLDIFF Equals 1 if the person has a condition that 0.20 0.40
limits activities of daily living

NOREAST Equals 1 if the person lives in northeastern U.S. 0.19 0.39
MIDWEST Equals 1 if the person lives in the midwestern U.S. 0.26 0.44
WEST Equals 1 if the person lives in the western U.S. 0.18 0.39
AGE age in years (divided by 10) 7.40 0.63
BLACK Equals 1 if the person is African American 0.12 0.32
MALE Equals 1 if the person is male 0.40 0.49
MARRIED Equals 1 if the person is married 0.55 0.50
SCHOOL Number of years of education 10.3 3.74
FAMINC family income in $10,000 2.53 2.92
EMPLOYED Equals 1 if the person is employed 0.10 0.30
PRIVINS Equals 1 if the person is covered by 0.78 0.42

private health insurance
MEDICAID Equals 1 if the person is covered by Medicaid 0.09 0.29

Numbers in parentheses are the frequency of zero counts.
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Table 3: Parameter estimates of FMP-2 models

OFP HOSP
ML GMM ML GMM

Variable low use high use low use high use low use high use low use high use
EXCLHLTH -0.393 -0.483 -0.323 -0.942 -0.510 -0.945 -0.495 -0.928

(0.08) (0.08) (0.09) (0.29) (0.36) (0.37) (0.59) (0.35)
POORHLTH 0.150 0.209 0.241 0.412 0.621 0.327 1.167 0.366

(0.10) (0.08) (0.05) (0.11) (0.118) (0.15) (0.23) (0.21)
NUMCHRON 0.251 0.118 0.163 0.018 0.324 0.220 0.106 0.322

(0.02) (0.02) (0.02) (0.03) (0.03) (0.04) (0.05) (0.05)
ADLDIFF -0.029 0.077 0.083 0.611 0.466 0.038 1.218 0.047

(0.08) (0.08) (0.07) (0.12) (0.112) (0.14) (0.29) (0.24)
NOREAST 0.08 0.08 0.058 -0.137 0.071 -0.087 -0.631 0.185

(0.07) (0.07) (0.05) (0.12) (0.13) (0.17) (0.52) (0.18)
MIDWEST 0.09 0.004 -0.021 -0.103 0.061 0.224 0.192 -0.016

(0.06) (0.07) (0.04) (0.14) (0.123) (0.14) (0.19) (0.19)
WEST 0.150 0.162 0.112 0.0007 0.057 0.149 0.273 -0.312

(0.06) (0.07) (0.05) (0.10) (0.142) (0.16) (0.26) (0.21)
AGE 0.029 -0.054 -0.050 -0.370 0.155 0.128¤ -0.07 0.170

(0.04) (0.05) (0.04) (0.08) (0.04) (0.13) (0.15) (0.10)
BLACK -0.07 0.025 -0.109 -0..123 0.135 0.046 -0.783 0.419

(0.06) (0.08) (0.06) (0.12) (0.16) (0.17) (0.39) (0.18)
MALE -0.17 -0.031 -0.085 0.291 0.186 0.174 -0.882 0.465

(0.11) (0.06) (0.05) (0.09) (0.11) (0.138) (0.49) (0.22)
MARRIED 0.07 -0.071 -0.006 0.328 -0.004 -0.039 0.766 -0.263

(0.05) (0.05) (0.05) (0.10) (0.11) (0.13) (0.33) (0.21)
SCHOOL 0.030 0.022 0.018 0.140 0.010 0.000 -0.152 0.100

(0.008) (0.008) (0.01) (0.02) (0.01) (0.01) (0.05) (0.04)
FAMINC -3e-3 -3e-3 0.004 -0.177 0.010 -0.003 0.065 -0.007

(0.01) (0.004) (0.01) (0.04) (0.01) (0.02) (0.01) (0.03)
EMPLOYED -0.028 0.105 -0.071 0.298 0.097 0.005 -0.289 0.164

(0.08) (0.11) (0.07) (0.18) (0.18) (0.02) (0.41) (0.19)
PRIVINS 0.556 0.317 0.271 0.723 0.160 0.177 1.110 -0.128

(0.08) (0.06) (0.07) (0.17) (0.12) (0.178) (0.43) (0.20)
MEDICAID 0.393 0.169 0.307 0.522 0.292 -0.049 -0.304 0.698

(0.10) (0.07) (0.08) (0.17) (0.15) (0.24) (0.39) (0.24)
CONSTANT -.408 2.178 1.202 3.287 -4.199 -1.24 -1.742 -4.239

(0.38) (0.381) (0.26) (0.78) (0.65) (1.16) (1.21) (0.98)
¼1 0.716 0.957 0.914 0.405

(0.02) (0.06) (0.02) (0.14)
Mean usage 2.96 12.24 4.71 17.14 0.174 1.599 0.21 0.30
- lnL 13359 15187 2839 3003

Note: For GMM, -lnL indicates the value of the log likelihood function in the correponding

fully-parametric model evaluated at the GMM parameter estimates.
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Table 4: Parameter estimates of FMNB1-2 models

OFP HOSP
ML GMM ML GMM

Variable low use high use low use high use low use high use low use high use
EXCLHLTH -0.246 -0.769 -0.096 -0.420 -0.445 -3.263 -0.646 -0.737

(0.06) (0.57) (0.39) (0.12) (0.20) (6.20) (0.89) (0.26)
POORHLTH 0.241 0.058 0.144 0.263 0.540 0.540 1.302 0.460

(0.07) (0.89) (0.25) (0.07) (0.10) (0.31) (0.31) (0.11)
NUMCHRON 0.198 0.139 0.213 0.159 0.272 0.0.351 0.117 0.280

(0.01) (0.11) (0.06) (0.02) (0.03) (0.11) (0.06) (0.03)
ADLDIFF 0.008 0.578 -0.057 0.105 0.315 0.847 1.397 -0.002

(0.04) (0.39) (0.24) (0.06) (0.09) (0.33) (0.36) (0.12)
NOREAST 0.078 0.206 -0.068 0.144 0.166 -4.973 -0.944 0.188

(0.05) (0.43) (0.43) (0.08) (0.11) (2.25) (1.14) (0.14)
MIDWEST 0.015 0.089 0.165 -0.076 0.041 0.514 0.269 -0.063

(0.04) (0.33) (0.28) (0.08) (0.10) (0.39) (0.25) (0.16)
WEST 0.089 0.235 0.174 0.117 0.031 0.375 0.292 -0.127

(0.05) (0.44) (0.14) (0.06) (0.11) (0.30) (0.32) (0.15)
AGE 0.027 -0.573 -0.048 -0.019 0.128 0.394 -0.144 0.146

(0.02) (0.02) (0.09) (0.03) (0.06) (0.16) (0.21) (0.08)
BLACK -0.071 -1.157 -0.305 0.025 0.216 -2.608 -0.932 0.198

(0.06) (1.10) (0.41) (0.08) (0.13) (1.90) (0.54) (0.14)
MALE -0.122 0.063 -0.175 -0.081 0.218 -0.044 -1.121 0.467

(0.04) (0.28) (0.14) (0.05) (0.08) (0.30) (0.54) (0.14)
MARRIED 0.042 -0.441 0.079 -0.054 -0.019 -0.187 0.793 -0.181

(0.04) (0.38) (0.21) (0.05) (0.09) (0.29) (0.39) (0.14)
SCHOOL 0.015 0.149 -0.007 0.034 0.008 0.022 -0.166 0.050

(0.004) (0.05) (0.06) (0.01) (0.01) (0.05) (0.05) (0.02)
FAMINC -3e-3 -0.001 0.017 -0.007 0.002 0.011 0.073 -0.007

(0.005) (0.01) (0.025) (0.01) (0.01) (0.04) (0.01) (0.02)
EMPLOYED -0.065 0.390 -0.092 -0.007 0.182 -2.315 -0.410 0.085

(0.06) (0.51) (0.29) (0.14) (0.14) (1.73) (0.51) (0.14)
PRIVINS 0.249 2.887 0.209 0.379 0.129 -0.048 1.371 0.048

(0.05) (1.84) (0.40) (0.10) (0.10) (0.40) (0.51) (0.13)
MEDICAID 0.344 -2.444 0.356 0.396 0.321 -3.972 0.026 0.393

(0.06) (0.99) (0.35) (0.08) (0.13) (1.87) (0.44) (0.18)
CONSTANT 0.783 1.707 0.560 1.538 -3.350 -3.935 -1.900 -3.313

(0.18) (0.632) (1.11) (0.54) (0.47) (1.51) (1.84) (0.71)
® 3.448 18.81 0.329 1.706 0.408 0.440 0.743 0.164

(0.19) (0.58) (6.59) (0.70) (0.08) (0.26) (0.30) (0.14)
¼1 0.911 0.572 0.945 0.422

(0.02) (0.25) (0.02) (0.07)
Mean usage 5.55 8.17 2.08 10.42 0.26 0.99 0.14 0.39
- lnL 12073 12525 2839 2856

Note: For GMM, -lnL indicates the value of the log likelihood function in the correponding

fully-parametric model evaluated at the GMM parameter estimates.
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Table 5: Parameter estimates of FMNB2-2 models

OFP HOSP
ML GMM ML GMM

Variable low use high use low use high use low use high use low use high use
EXCLHLTH -0.376 -0.365 -0.362 -0.478 -0.183 -0.872 -0.695 -0.541

(0.07) (0.30) (0.12) (0.11) (0.98) (0.43) (0.31) (0.55)
POORHLTH 0.275 0.503 0.173 0.391 0.947 0.333 0.365 1.106

(0.06) (0.21) (0.09) (0.16) (0.45) (0.17) (0.17) (0.20)
NUMCHRON 0.232 -0.059 0.257 0.028 0.359 0.268 0.294 0.228

(0.02) (0.08) (0.03) (0.03) (0.07) (0.04) (0.04) (0.06)
ADLDIFF 0.060 0.266 -0.068 0.446 0.667 0.281 0.188 0.681

(0.05) (0.15) (0.10) (0.17) (0.28) (0.13) (0.16) (0.20)
NOREAST 0.103 0.143 0.139 0.018 0.235 -0.121 0.327 -0.907

(0.05) (0.26) (0.09) (0.17) (0.28) (0.17) (0.20) (0.37)
MIDWEST 0.040 -0.204 0.037 -0.122 -0.234 0.222 0.056 0.031

(0.05) (0.22) (0.09) (0.16) (0.45) (0.15) (0.21) (0.23)
WEST 0.121 0.234 0.179 -0.038 -0.439 0.264 0.083 -0.377

(0.05) (0.18) (0.09) (0.15) (0.75) (0.16) (0.20) (0.26)
AGE 0.010 -0.418 -0.004 -0.112 0.108 0.179 0.174 -0.241

(0.03) (0.09) (0.05) (0.09) (0.13) (0.07) (0.11) (0.13)
BLACK 0.072 -5.833 -0.039 -0.057 0.357 0.026 -0.059 0.476

(0.07) (0.86) (0.10) (0.16) (0.51) (0.24) (0.20) (0.22)
MALE -0.103 0.312 -0.269 0.175 0.320 0.203 -0.530 0.994

(0.04) (0.19) (0.08) (0.10) (0.41) (0.14) (0.33) (0.36)
MARRIED 0.024 -0.526 -0.102 0.135 0.078 -0.068 -0.179 0.372

(0.04) (0.17) (0.06) (0.10) (0.26) (0.12) (0.21) (0.25)
SCHOOL 0.021 0.058 -0.015 0.101 0.054 -0.014 -0.006 0.051

(0.007) (0.04) (0.01) (0.02) (0.08) (0.02) (0.02) (0.03)
FAMINC -0.001 -0.017 0.018 -0.063 0.023 -0.007 0.021 -0.012

(0.006) (0.03) (0.006) (0.02) (0.03) (0.02) (0.02) (0.04)
EMPLOYED -0.079 0.462 -0.097 0.285 0.146 0.011 0.179 0.269

(0.06) (0.26) (0.16) (0.23) (0.64) (0.24) (0.28) (0.25)
PRIVINS 0.140 6.217 0.298 0.365 0.032 0.222 -0.025 0.826

(0.06) (0.20) (0.09) (0.15) (0.35) (0.18) (0.19) (0.27)
MEDICAID 0.253 -2.379 0.366 0.226 0.584 -0.075 0.333 0.142

(0.07) (2.56) (0.12) (0.26) (0.26) (0.24) (0.22) (0.48)
CONSTANT (0.811 -1.132 1.127 1.182 -4.579 -3.019 -3.215 -1.987

0.22) (0.23) (0.40) (0.65) (0.56) (0.58) (0.90) (1.01)
® 0.685 0.455 0.473 0.715 0.006 1.843 0.431 0.013

(0.03) (0.15) (0.20) (0.41) (0.53) (0.77) (0.27) (0.19)
¼1 0.90 0.650 0.418 0.710

(0.02) (0.12) (0.20) (0.14)
Mean usage 5.44 9.36 4.98 6.90 0.18 0.38 0.24 0.35
- lnL 12124 12231 2832 2923

Note: For GMM, -lnL indicates the value of the log likelihood function in the correponding

fully-parametric model evaluated at the GMM parameter estimates.
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