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Abstract

The Zero inflated ordered categorical data with time series structure are often a characteristic of
behavioural research attributed to non-participation decision and zero consumption of substance such as
drugs among the participants. The existing Semi-parametric zero inflated dynamic panel probit model
with selectivity have exhibited biasness and inconsistency in estimators as a result of poor treatment of
initial condition and exclusion of selectivity in the unobserved individual effects respectively. The model
assumed that the cut points are known to address heaping in the data and therefore cannot be used when
the cut points are unknown. In this paper, a Zero inflated dynamic panel ordered probit model have been
developed to address the above challenges. Average partial effects that presents the impacts on the
specific probabilities per unit change in the covariates are also given. Since the solutions are not of closed
form, Bayesian approach was used to estimate the parameters of the model since it allows sampling from
the conditional distributions. Bayesian approach does not need a large sample to ensure the adequacy of
asymptotic approximations and incorporate prior information in estimation. A Monte Carlo study was
carried out to investigate some theoretical properties of the estimators in the models. The study found
that the Zero inflated dynamic panel ordered probit models with independent and correlated error terms
produced consistent estimators. The Zero inflated dynamic panel ordered probit models with independent
and correlated error terms had more accurate estimators than the Dynamic panel ordered probit model.
The Zero inflated dynamic panel ordered probit model with independent error terms fitted the National
Longitudinal Survey of Youth 1997 better than Zero inflated dynamic panel ordered probit model with
correlated error terms and Dynamic panel ordered probit model. The Zero inflated dynamic panel ordered
probit model with correlated error terms fitted the National Longitudinal Survey of Youth 1997 better
than Dynamic panel ordered probit model.

Keywords: Ordered probit (OP) model, zero inflated dynamic panel ordered probit (ZIDPOP) model,
state dependence, unobserved heterogeneity and initial condition problem

1. Introduction
Some categorical datasets are characterized by zero inflation due to non-participation decision
and zero consumption of substances such as drug. For instance, the first zero may be recorded
from a respondent who has inelastic demand for cigarettes while the second zero may be
recorded from a respondent who is currently not smoking due to low income but are likely to
become smoker in case their income is raised. Overlooking the sources of these zeros may
leads to model misspecification and concealing differential effects explanatory variables have
on the two zeros as reported by Gurmu and Dagne (2009) ). Harris and Zhao (2007) [
proposed the Zero Inflated Ordered Probit (ZIOP) model that permit the splitting of the
observed non-users into non-participants and zero consumption potential users. The study
revealed that the use of OP model would confuse the effects of some significant covariates that
have contrasting impacts on the two zeros. The ZIOP Model allowed for the recognition of
covariates that are significant in each source of zero and are key to policy making.
Gurmu and Dagne (2009) [l extended ZIOP model to Bayesian approach and applied the
model in modelling tobacco consumption. Oh et al. (2012) I3 proposed a Bayesian analysis of
sequential ZIOP model and applied it to alcohol consumption in Korea. Their analysis showed
that about 30% of non-drinkers are genuine non-drinkers. A study on the marginal effect of
each covariate showed that certain covariates have effects on the genuine non-drinkers and
potential drinkers in converse directions, which may not be easily revealed by an OP model.
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According to Yong-Woo (2016) ¥, analysing the dynamics of individuals’ health status involves the recognition of true state
dependence in the persistence of the health status. The persistence arise from the tendency of the past health status being a
significant determinant of the current health status. Therefore, the observed heterogeneity, unobserved heterogeneity and true state
dependence should be cautiously structured in order to properly recognize how health in the subsequent period is accounted for by
current health. According to Heckman (1981c) [, the poor treatment of unobserved individual effects gives rise to a conditional
association between past and current experiences, which is referred to as spurious state dependence. To separate these
dependences is significant in policy-making. For instance, if true state dependence is present in health evolution, then short-term
health interventions tend to improve individual health in the long-term. However, if unobserved individual effect is related over
time and not carefully controlled for, then the previous health status may seem to be a determinant of current health, solely
because it is a proxy for such temporally persistent unmeasured variables. In this case, short-term health interventions have no
effect on the longer-term health status.

Contoyannis et al. (2004) [ proposed the Dynamic panel ordered probit (DPOP) model based on Wooldridge (2005) [l approach
for initial observation and used it to study self-assessed health based on British Household Panel Survey for the 1991-1998 period.
Wooldridge (2005) 71 suggested an unobserved individual effects conditional on the initial values and exogenous variables.
Specifying the distribution of unobserved individual effects on these variables can lead to very tractable functional forms and
consistent estimators for dynamic panel data with random effects. They found a substantial positive state dependence and
unobserved individual effects. Including state dependence considerably lowers the impact of observed individual heterogeneity.
Conditioning on the first period health outcomes and within-individual averages of the exogenous variables lowers the impact of
heterogeneities and state dependence. In their model, unobservable individual effect accounts for around 30% of the unexplained
variation in health. Yong-Woo (2016) 1®! also proposed DPOP model based on Rabe-Hesketh and Skrondal (2013) 13 approach
for initial observation and used it to study self-assessed health based on Korea Labour and Income Panel Study for the 2003-2012
period. Their results revealed that the health dynamics in the country are characterized by significant positive state dependence
and 20% unobserved individual effect. The effect of many covariates vanishes when the state dependence and unobserved
individual effects are controlled for. They also found a significant positive association between the initial period health
observation and unobserved latent health. Therefore, this indicated that it is essential to control for self-assessed heath at the
beginning of observations.

The Semi-parametric Zero inflated dynamic panel probit model with selectivity proposed by Christelis and Galdeano (2009) [l
based on Akay (2009) [ approach for initial conditions, non-parametric distribution for unobserved individual effects and known
cut points may results in biased and inconsistent estimates. The constrained model proposed by Akay (2009) ™ and used by
Christelis and Galdeano (2009) B! to model the initial condition was shown by Rabe-Hesketh and Skrondal (2013) ¥ to be
severely biased. It implicitly sets the coefficients of the initial covariates equal to the coefficients for the subsequent periods,
which is at odds with the form of the correct distribution. The main intention is that the conditional distribution of the unobserved
effect, given the covariates at all periods (including the first observation), relies more directly on the initial-period explanatory
variables than on the covariates at the other periods-in some cases it depends only on the initial-period covariates and the first
response variable. The coefficients of the initial-period covariates should therefore not be constrained to be equal to the
coefficients at the other periods. They showed that the bias for the constrained model practically vanishes when the initial period
covariates are included as additional covariate or by using Wooldridge’s original auxiliary model. The model cannot be applied in
data with unknown cut points or without heaping. They ignored the association between the unobserved individual effects that is
used to determine whether the factors affecting the unobserved individual effects in participation decision are the same as the one
affecting the unobserved individual effects at consumption levels. The model could not allow estimation of the inter-unit
correlation coefficients that is used to determine the latent error variance associated with the unobserved heterogeneity. They used
simulated maximum likelihood approach proposed by Lee and Oguzoglu (2007) I and Kano (2008) 1% where the individual’s
effects are integrated out by computing the double integral by simulation. Mulkay (2015) [ pointed that this procedure could be
time-consuming and imprecise even though we use modern simulator like Geweke Hajivassiliou-Keane or Halton simulators,
because we need to compute R cumulative density function with a large value of R in order to obtain sufficient precision in the
log-likelihood function.

This paper proposed Zero inflated dynamic panel ordered probit models with independent error terms (ZIDPOPI) and Zero
inflated dynamic panel ordered probit models with correlated error terms (ZIDPOPC) that incorporates the state dependence,
unobserved heterogeneities based on parametric distribution with selectivity, initial conditions based on Rabe-Hesketh and
Skrondal (2013) [*3 approach and unknown cut points. Since the solutions are not of closed form, Bayesian approach was used to
estimate the parameters of the models since it allows sampling from the conditional distributions.

2. Zero Inflation Dynamic Panel Ordered Probit Model
Suppose yﬁ represents binary specification for either non-participation or participation for i" respondent at time t while y; denote
ordinal discrete response for i respondent at time t where i=1, 2, ..., n and t=0, 1, 2, .., T . The respondents are sampled

independently from the underlying population. The time t =0 denotes the first period. yﬁ is related to a latent variable yﬁ* via
the mapping: yb =0 for yi*<0 and y? =1 for y2*>0 at time t. The latent variables y2* denotes the inclination for
participation (smoking, change, symptoms) and is given in vector form by,

Vi =AY %+ AU 1)
¢ .71 and f, are vectors of unknown coefficients. uS =« +ef is the composite error term. eﬁ is considered to be strictly
exogenous. i; is the time invariant individual-specific fixed effect. To capture the state dependence, yP , is a vector of indicators

for the individual’s status in the previous wave. The asymptotic properties is with respect to a fixed T while N — no.
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Conditional on yﬁ =1, the consumption (number of cigarettes smoked, change, severity of symptoms) levels are denoted by a

discrete variable y§ (y; =0, 1,2, ..., K) attime t that is generated by an Ordered probit (OP) model through a second underlying
latent variable through thresholding. It can also be expressed in vector form as,

Vit =da¥ita+ 2% + BoVi + Ui )
g =Ky +€5 is the composite error term. ef is assumed to be strictly exogenous. ,; is the time invariant individual-specific
fixed effect. To capture state dependence, y; ,is a vector of indicators for the respondent’s status in the previous wave and the
model can be interpreted as a first order Markov process. The asymptotic properties is with respect to a fixed T while N — co.
The latent variable y*and the observed variable y; are connected by

vi=ke na<yi < k=012 .,K 3)
where 7, are cut points of ordinal response. In order to ensure that the cumulative distribution function for yﬁ is appropriately
defined, we expect thatz, ; < 7, Vk. We specify that —o<7; <7y <7 <...<7g4 <7x < Wherez_; =—w,7¢ =0 and
7, =0 for identification purpose and to avoid the handling of boundary parameters.

Assuming that ui(t) is standard Gaussian random variable, the probabilities are given by

P(Yi? =01 Vi, 72%is Vi Kai yik: :1):q)(—¢2yi?—1—ﬁz'vi —721it _Kzi) k=0

P(Yi? =KIdrYi1, 732ies BaVis Ko Yit: =1)=®(Tk ~ Vit — BV — 722 _Kzi)
—‘D(kal—¢2Yi?71—7§Zit - Bovi —Kzi) k=12 .,K-1

P(Yi? =K |d Vi, 72Zis BaVis Kai yiti :1):®(¢2yict)—l+7/ézit + B3V + Ky _TK—l) k=K

P(ve)= 4)

While yﬁ and yp are not individually observable in terms of the zeros, they are observed via the criterion y;, = yikt’ yg . That is, to
observe y;; =0 outcome we expect either that yﬁ =0 (the individual is a nonparticipant) or jointly that yg =0and yitt’ =1 (the
individual is a participant but with zero consumption). To observe a positive Yi; =1, we require jointly that the individual is a
participant yﬁ =1 and that y; >0 (the individual is a participant and with non-zero consumption).
Assuming that uﬁand u{: are standard Gaussian random variables, identically and independently distributed, then the full
probabilities for Yj; is given by
” it):{wyit:mx, z)=P(y§i=0|x)+P<yﬁ=1|x)P(yfi=0|x, Z, yp =1)

Py =kIx 2)=P(yi =11X)P(yi =k[x, z yi =) k=12 ..K
On the other hand, uﬁ and ug could be assumed to be correlated since they correspond to the same individual. Thus, Y is given
by,

(5)

0 if (yﬁ* so) or (yﬁ* >0and yo* SO)
Yo =1k if (W >0and gy <yf <) k=1 2, .. K-1 ©6)

K if (yﬁ* >0and yo* > rK_l)
The corresponding probabilities are given by

(1— @ (¢lyilz—l + 71X + BW; + i )) +
P(yi =0 x,2) =

b ’ [ ’or ’
q)(¢lyit—l + 71X+ LI + i, — B i1 — Vo Zi — PaVi — Ko r_pebeo)
b ’ [ "ot ’
P(y )_ q)(¢1yit—l+7/lxit + B + Ky, T — Vi1 — VaZiv = BaVi — Ko v—pebeo)— )
i) =Py =k Ix,2) = .
’ 1, 0 ’ ’ ’
o (¢lyit—l + 7%+ BIW; + K350 Ty = By Yie — V2Zie — BaVi — K2iv s —Pebeo )

k=1 2, ..,K-1

b ' 1, "ot ’
P(yi =K[X,2) = [®(¢lyit—1 + X+ P+ K, B Vi g + 75 + BaVi + Koi =Tk 14 Pebeo )J

where @©(f, g; p) denotes the cumulative standardized bivariate normal distribution with correlation coefficient p between the
two bivariate random elements.
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Therefore, the chance of a zero observation has been ‘inflated’’ as it is a blend of the probability of ‘‘non-participation’” from the
split probit model and the probability of ‘‘zero consumption’’ from the OP process. This study assumed a balanced panel model
where information about a respondents and required variables are reported at each wave.

Rabe-Hesketh and Skrondal (2013)*! specifies the individual time invariant error term &; and «;, as normally distributed terms

and includes the initial observation yi and yS', initial observation of the covariates x,, and z,,while the time averages of the

T T
. . , -1 -1
time varying covariates Xi =7 E: X, and z =7 E: Z;; such that:

= hPyly +hg +hxi +hyxio + 8 (8)
=hy% +h +hPzi +hPzig + 9)

The individual effects are considered, in every period, to be linear in the strictly exogenous covariates and the initial conditions.
With

K |(yIO' Xiy Xjo ) (hlb%o +hg +h§bx. +h g, 012)
K |(y|o , 7, |0) (hloy|oo* +h§ +h zi + 0z, 0'22)
S |(yib0*, Xi, xio) (O of ) and &,; |(yi°0*, 7, zio) (0 0'2) ho, h?, h2, h?, h9, h?, h9 and h are parameters to be

estimated. ¢;; and J,; are uncorrelated with (y,ﬂ’, Xi, % ,O)and (y?o, Zi, Zio) respectively. The scalars hlband h? indicate the

dependence of the individual effects on the initial conditions.
Substituting equation (8) into equation (1) leads to a final underlying latent variable specification:

YR' = YRy + %+ B+ PV 18+ i +hPxg + 6 e (10)
with e} |(yit':—l’ Xit: Yio» Xi, Wi, Xio, 51i)~ N (0,1)
Substituting equation (9) into equation 2 Ieads to a final underlying latent variable specification:

Yo' = bV s+ 73z + BV + YR + 1 + 0 zi + 0z + 5y +ef (11)
with e |(yit—ll Zy, Yio» zi, Zigs Vi 52i)" (0’1)
The vectors (eﬁ, ei‘{)and (6, Sy )were considered to be uncorrelated with each other, and independently and identically

distributed over time and across individuals. They follows a bivariate normal distribution with mean zero and covariance matrices
below.

2 2 .
5 _ Oeb pebeoaebo_eoj _ [ 1 pebeoJ 5 _ 01 Ps,6,0192
gbheo — - 80
2 1i92i 2
PebeoehTeo Oeo Pebeo 1 Ps,;5,,9192 )

Where o2 = o2 =1for identification purpose. The entries of the covariance matrices are also estimated. All time dummies are

ignored from x and z, to evade the perfect collinearity. The estimates of hlb and h are significant as they reveal the association
between the individual effect and initial observation.

2.1 Bayesian Approach to Zero inflated dynamic ordered probit model
Conditioned on the unobserved individual effects k-, the responses y, (t= 1, 2, ..., T) are considered independent. Then, the

contribution to the likelihood for individual i , conditional on the covariates and the unobserved individual effects, would be the
joint probability given by

) (1—(1) (¢1y§71 + )%, + B +h +hPyE hP i +hX, + 5, )) +
p(y, lothers) = HH [gblyﬁl X+ ﬁl'w. AR+ hf Yo +h2X + X, + 6, ]
~0,Yia V2l — —hYYie —h°zi =Nz =8, —p
q{qﬁlyiﬁ’l + X, + B, + hé’ + hf yo + X +hPx, + 68, J (12)
N R A A A LA TR e I
0o (¢1yiﬁ’1 + %+ W+ R +hPye S hP i +hx + 5, ]
O =P

Ty =B Yia =722y — BV —hg — h1°Yio - hz/0 zi —hz;, -
where @ is the standard normal distribution function.

~g~
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b b

e 0 ; 0

Let "I~N| , T, | and x= Ml s | Let @= {¢1, bys Vs B Var Bos Zicveor Zeeor T, z’} be a vector of
e:i O K;I 0 192 i92i

unknown parameters. The prior distribution of the random effects x is assumed to have a hierarchical structure. Then, the prior

distributions are specified as follows:

p(©)=p(4)p(2)P(1)P(B)P(7) P(B) P (x4 10, Zyss ) P55 10, Ty, ) P(Zs6, ) P(7) P (Zo) (13)

We have adopted a Bayesian hierarchical model approach for estimation and inference in the ZIDPOP models with exogenous
variable selection. Therefore, we have to choose a prior for each parameter in the model. The prior specifications for most of the
parameters are straightforward in the sense that we set them relatively non-informative and conjugate. The main motivation for
employing the non-informative priors is that these priors would not dictate the inference of the parameters involved in the model.
The Metropolis-Hastings algorithm was used due to the inability to sample from the full conditional distributions. The joint
posterior distribution of the parameters conditional on the data was obtained by combining the likelihood function and the
specified prior distributions via Bayes’ theorem, as:

(1_®(¢1y£71 + 1% + BW, + hg + h1inbo + hz'b;i + ha'bxio +0y ))"’
(® Vi %2, W, V OC p HHH (¢1yik:1 + 7%+ BW, +h(? + h1byibo + hz’b)_(i +he:bxio +6y, ]
52|’ p

di\k

i<l t=1 k=0 | D _
— Vi — 722 — BV =g =Ry —h°zi —hz,, —
b ' 1 b by,b by b di (14)
(D[¢1yit—l + 71X +:81W' +hy ""h1 Yio + 1" Xi + X + 65, ]
T =B Y1~ Valy — h10y|o_hmZi -’z =6y, —p
il =1 k50 _q)[@yiﬁ’l + %, + AW, +h§ +h1 yo + X +hx, + 8, ]
T =8 Yia — Vs = BV —hg =y yIOO hlo Zi =Nz, =6y, —p

Where iy is an indicator function such that diy =1if d;y =K and 0 otherwise.
Letd, =4, &,, 71, 7, B, and B,. We assume non-informative normal priors for regression coefficients 6, , with mean ," and
variance Qy thatis, 6, ~ N (Ht*, Qgt) which are selected to make the distribution proper, that is, integrates to 1 but diffuse with

large variances. The prior distributions are given by,

p(G) >y exp{ B(a-a) o, (4 —9{‘)} (15)

Then the full conditional posterior distribution required to implement the MCMC algorithm is given by,

p(@1%,2,w,v,0_,)x |Qg|% exp(—%(ﬁ—a*)/ Q;l(ﬁ—e*)jx

o _(1— d)((blyﬁfl + 7%, + B R +hPYE X+ hx, + 6, )) L
| 13 11 (D{gzﬁlyﬁ_l + 7%, +/31'vv. +hy + hfylo +hXi +hPxy + 5, J (16)
~¢Yia = Vot ~hyo =Nz =z, ~8,,-p
_<I> [¢1y§l + X + ﬁl'w. +hy + hfyf’o +hxi +hPxy + 8y, ] "
no T K T =GV — Vol — -hyS —h°zi —h°z, -5, —p
i l;[g _q{gﬁlyﬁl + 7% +ﬁ1'Wi - hg + h1 vy +hEXi + X + 8y, J
B A R e A LS R AT [ PR Ay

The proposal distribution for each of the variables of interest given above was normal distribution that is symmetrical. The
probability of acceptance is given by,

(i)
- z(x
a(X(') | X(l—l)): min| 1, ( _ 1) (17)
ﬂ(x('*))
Since q(x“)|x("1)):q(x“’1)|x(‘)) for symmetric distribution. Letu ~uniform(0, 1). If u<a then accept the proposal:

cand

X"« x=" else reject the proposal: X" « x|

~g~
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2
O, Ps,.s, 010, L. . .
! Pt 2] is inverse Wishart distributions denoted by

The prior for variance —covariance matrix s =
p51i52i0-10-2 9,

~ W (v, A) with density.

|z =N exp(——tr(AZ )j (18)

A was a positive definite d dimensional matrix and v is a scalar value representing degrees of freedom. In order to get a proper

prior we should setv>d —1. At a multivariate level the prior mean is E(Z) = 1 Using an inverse Wishart prior for the

- - - - - . . - - - 2 /1“ L%}
covariance matrix induces an inverse scale chi-square distribution for each variance o; ~invy”| v—-d +1, Tdal where 4, it’s
+

a diagonal entry of A . The conditional distribution of the correlation coefficient is given by

p(plaf,af)oc(l—pz) 2 exp A’ZZO-l +A110'2 24,0,0, _ (19)
olo} (1 P )

Assuming an IW (v,, D, ) where v, =2 and D, =1, | is an identity matrix, draw 5,5, fromits full conditional

72'(25152 |others):7r(2b.1(,2 |rq): IW (n+v,, Dy +xx;) (20)

We assume non-informative normal priors for individual random effect. The prior for the individual random effect in binary and
2
o Pis,5,01,0 .
' b W21 and py s represent the correlation
Ps,;5,,0102 0,

between x;,and «,; . To specify the Metropolis algorithm we specify the proposal distribution hK(K), from which potential new

ordinal part was :[K1‘j~ Nz(o, 56 ) where X, =[

Ki

values are drawn. If we choose f_ that is in the exponential family as the proposal distribution then the acceptance function takes
a particularly neat form. Let x denote the previous draw from the conditional distribution of x|y and generate a new value, «*,

for the k™ component of x using the proposal distribution. If we denote «* :(/cl, Ky ooy Kigy Ky K

i-17 i i+1r

K ), then we accept
x* as the new value with probability ¢ (x, x*)and otherwise we retain «.Here o, (x, ") is given by

A\ _ foy (<" 1y, others)h, (x)
ai(K, K )—mln{ly K|y(’<| Y, others)h ( )] (21)

Upon choosing h_ = f,, the second term in braces in the above equation simplifies to

n T
ley(K ly, others)hK (x) Hnyl (yan others) ( 1255 )K(ﬂzm) Hny|K(Y.t|K others)

=|1t1 =I*ltl (22)
n T n T
Kly (Kl y’ Others ( ) HH fy\r« (yit | KIOtherS) (K | Zéb ) ( |Z ) HH fyIK (yit | K, Others)
i=1 t=1 i=1 t=1

The only unknown parameter in ®is p , the correlation between eﬁ and eﬁ . The values lies within —1, 1 . Therefore, the choice
for prior distribution for o can be uniform(—l, 1) or a proper distribution based on reparametrization. Let v denote the
hyperbolic arc-tangent transformation of p , that is, vV =atanh ( ,0) and taking hyperbolic tangent transformation of v returns us

back to p = tanh(v).We assume thatv ~ N (v*,avz) :
Full conditional posterior distribution required to implement the MCMC algorithm is given by,

(v-v')
f (v|others) « o, " exp{— >

20,
- dIlk
(L (v 70+ B+ 08+ RS + X+, +, )+
n T
11111 q{qﬁlys1+7;xn+ﬂ;w+hb+mby.o R+ 0 + 3 ] @)
_¢2yi[1)1 VaZy h10y|0_hzmz' h’ 2|1 -P
dltk
q)(¢lyi?1+)/1'Xit+ﬂl'w'+hb+hlbylo+h(bxl +h X +51I’ ]
LN ﬁ T =41~ V2l hloyuo_hmZi_W Zy =0y, =P
i1t k50 ®(¢1y§_1+7{xn+ﬂl’w.+hb+hlyi0+h’bx. +h"x, + 6, J
G =Y~ Vat hloyuo_hzmz' h°zio =6y, —p

~E~
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Finally, in choosing prior distributions for the threshold parameters, r's, caution is needed because of the order restriction on them.
Sampling from the complete conditional distribution for ¢'s results in slow mixing. Instead, we use Cowles' (1996)r! algorithm to
simulate 7's. Let i=1and g,,, =0.05/K . This value of o,,, provides a starting point, and adjustments to o,,, may be vital if

suitable acceptance rates for 7 are not attained. Generate a candidate ¢ for updatingz**: For j=1, .., K—1, sample
g; ~ N(7 ", 0%, ) truncated to the interval (g, 7},}) (take g_, =—o, g, =0 and g, = ). Calculate the acceptance ratio R
given by
[¢1y51+y{xil+ﬂl'wi+h§+hfy X +hPX, + 5, ]_@[@yﬁ1+yl'xn+ﬂl’wi+h§+hf’y X + X+, J
0y — BV -7z - BV -1 —heye — bz —hz, -5, 0, 1~ $Ys— 732 — BV =1y — WY, —h°zi — 0z, -5,
4 [¢1yII L7+ B +hE Ry R X +hPx 46, ]_(D[@yﬁﬁy{xn + AW, +he +hPy2 +hPx; +hPx +6,, J
62|

R=

i=1

S

_¢2Yit—1_72zn_ﬁzVi_hg_hfyio_hzmZi -h’z, -, Ty =B Yia — Vol = BV — g - h10y hmz' h°z; -
lK_—Il CD((z'ij;ll—z'ij’l)/aMH)—CD((g] LT )/O‘MH)
®((9J+1 g')/O'MH)_(D((Till gj)/O'MHMH)

j=

(24)

Set 7 =g with probability R. Otherwise, take 7" = 7. The first term denotes the contribution from the likelihood function.
The second term accounts for the difference in the normalization of the proposal densities on the truncated normal intervals from
which candidate points are drawn. When implementing this algorithm, the acceptance rate for the cut points should be monitored.
If this rate falls too much below 25% or above 50%, o,,, should be lowered or raised, respectively. The parameter were

estimated using Single Component Metropolis-Hastings algorithm.

2.2 Model Selection

The model selection procedure was performed using Deviance Information Criterion (DIC) proposed by Spiegelhalter et al.
(2002)131, 1t is given by DIC = goodness —of — fit + penalty for complexity

DIC =D(6)+ pp (25)
where D(6)=E(D(6)|y)is the posterior mean of the deviance, D(¢), and p, =D(6)-D(0)=E[D(8)|y]-D[E(0]y)]is
the difference in the posterior mean of the deviance and the deviance evaluated at the posterior mean of the parameters. The
model with a smaller DIC should be preferred to models with larger DIC. Models are penalized both by the value of D, which
favours a better fit, but also by the effective number of parameters p, . The advantage of DIC compared to other criteria such as
Akaike Information Criterion is that the DIC is simply obtained from the MCMC samples. DIC is estimated from posterior
samples:

DIC = 2D-D(0) (26)

_ L
Where 6 = —29 and D = %2—2 log p(y]6"). L inthe number of the iterations.

t=1 t=1
2.3 Average Partial Effects
Average partial effects (APESs) are used to indicate the size of associations between ordinal observation and the covariates. The
average partial effects are computed by scaling the coefficient vector. The partial effects are averaged over the population
distribution of heterogeneity and computed using the population averaged parameters y, . In the random effects specifications

4

V1+o°

association with ordered response and vice versa. In the zero inflated dynamic ordered probit model it is possible to compute
APEs for each of the two categories of participation and categories of consumption. We obtain the average partial effects of

covariate @ = (X, %, Z, zit) on various probabilities assuming the regression errors follow the bivariate normal distribution.

these are given by y, = . The sign of the APE has a clear qualitative interpretation, with a positive sign inferring a positive

If w is a binary regressors, the marginal effect of @« on probability, say P, is the difference in the probability evaluated at 1 and
0, conditional on observable values of covariates: P(a), =1)—P(co, =0). For continuous explanatory variables, the marginal
effect is given by the partial derivative of the probability of interest with respect to w;, Wooldridge (2002)1*"1 shows that

computing the partial effect at the observed values of the regressors for each observation and averaging the estimates over the
observations provides a consistent estimate of the APEs.
The average partial effects on the probability of participation was given by;

APE; (ﬂ’a),!yit* = ) = ZZ¢(¢1Y.t 7+ B+ +hP Yl +hy? X') @7)

1=1 t=1
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where (p() is the probability density function of the standard normal distribution and ’Iaa was the coefficient in the inflation part
associated with variable ;.

b ' 1, b, b b by b ’ ’ 0 0 ’
Let Uy gn =@ Viea +71%: +BW +hy Yig +hy +1g Xi +hg"%0 and W = Vi1 +72Zi + BV +hYio + 15 + 1y’ i + 1z

In terms of the zeros category, the effect on the probability of non-participation (zero inflation) was

APE; (4,,, Y5 =0)= - ZZ o (Upgn ) (28)

1=1 t=1

while

1 v vy ~U,gho t Pebeollt,gh U gh — Pebeoln,gho
b* * ) ) , )
APE ( " /ng Yit =1 yl? :0> :ﬁzz @ : Z = (p(ul,qh)/l(u, —-| @ q—ezoq (p(_ul,th)ﬂa)l
1=1 t= ‘\‘l_pebeo \jl_pebeo
(29)
represents the marginal effect on the probability of zero consumption.

The average partial effects on the probability of observing zero inflation was obtained as a sum of the marginal effects in (28) and
(29); that is,

APE; (Y =0) = APE; (yi" =0+ APE; (yi" =1 y7" =0) (30)

Let Upgne =7 =W Uy gy =7qg ~Wand Uy goe =W" -7, . The average partial effects for the remaining choices are:

N Ty =W )+ PopeoU W + ool
APEi (ﬂ'a),v ﬂa),l yi _1 y|t _1): Z ® ( 2 ) ebeo™1,gh _® ebeo™1,gh (P<U1,qh)ﬁ’a)l
n 2 2
i=1 t=1 \/1—,091390 \/1_pebeo (31)
Uy g ++Pebeo (72 =W ) Up gh — PebeoV
Pebeo Pebeo
LI (73 _W)+pebeoul h [ -W +,Debeoul h
APE, (4, . B, Yo =Ly =2)= @ S 1o (Ungn ) A,
|( , , it it ) ;;|: m m ( 1,9 ) (o) (32)
| o Yan ++Pepeo (73 ~W) o7 —W) - Uy gh + Pebeo (72 =W ) o(r,-W) |5
\/1 - pebeo \/1 - pezbeo I
N T —W
APE; (}“w.' By yit =Ly —k :Zz D +p€be0umh -0 = +p:beoquh Cf’(ul,qh)/%,
i=1 t=1 1- pebeo \jl_pebeo 33)

u1,qh + Pebeo (Tk—l -W )

> p(t 1 —-W) B,
\/1_ Pebeo
N T

. " r +p u U gh + Pepeo (7 =W
APEi(ﬂ*w,vﬂ(o,’ yik; =17y§ =K) ZZ ol1- K™ ebeo*'1,gh (/’(Ul,qh)/iw,"' ® 1,gh ebeo( K ) (o(rK —W) ﬂa), (34).

i=1t \'1 pebeo \ll_pezbeo

The asymptotic standard errors of the APE, ; are computed using the Delta method as the square roots of the diagonal elements
of

Var(APE| =V, APE, , Var (©)V,APE/,, (35)

o ulqh++pebeo(7k W (D(T —W)—(D

\/1_ pebeo

3. Results and Discussions

3.1 Data Simulation

This section describe the data generating process that was used to simulate the data. In order to generate the initial values problem,
we operated the scheme for twenty-five periods before data were observed. The number of individuals was (n = 750), the initial

~g~
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period (s = -25) and the number of periods for the current simulation, so that each individual was observed from -25 to 36. We
generated the right hand side variables by drawing values for the covariates, the individual fixed effects and the idiosyncratic
errors for both binary and ordinal models. The initial outcome was assumed to follow a Bernoulli trial with probability 0.5 for
Dynamic panel binary probit model. The initial outcome was assumed to follow a binomial trial with probability 0.5 for Dynamic
panel ordered probit model.

The following parameters were used for simulation. The parameters for binary model were fixed atg =05, 4, =-1.0, §; =-1.0,

o, =1.0. The inter-period correlation was o7 /(0'12 +1) =0.5. The parameters for ordinal model were fixed at ¢, =0.5,y,, =06,

V2 =15, B, =10, The inter-period correlation was 022/(022+1)=0.5. The covariance matrix was given by

05 1 ] The number of replication (R) was 100.

1 05
Z5.6, = (0.5 L jand the correlation matrix was given by X .., =(

Models performance were evaluated using the Root Mean Square Error (RMSE). Let & be the true parameter. Let ék’ be the
estimates of k™ parameter from r" Monte Carlo replication, R be the total number of Monte Carlo replications, and 6, be the
true population value of the k™ parameter from the model. The Monte Carlo mean of estimates of the estimated k™ parameter was

— R .
calculated as follows &« = %20; . To evaluate the accuracy of the estimates, which capture both bias and variability, Root Mean
r=1

— R . 2
Square Error (RMSE) were calculated for each parameter. The RMSE was given by 6« = %Z(Qk’ —6?) . RMSE is always
r=1

positive. A value of zero, though never achieved in practice, would indicate a perfect fit. In practice, a parameter with a lower
value of RMSE is more accurate than one with a higher value.

3.2 Results for Bayesian Inference in Simulated Data

The MCMC simulation was run for 40,000 iterations. The first 10,000 samples were discarded as the burn-in period. The thinning
interval was six. The acceptance rates were maintained between 20% and 30% except for the cut points. The acceptance rates
were maintained between 25% and 50% for the cut points as proposed by Cowles (1996) B,

Table 1: The results based on n=750 and T=10 for DPOP, ZIDPOPI and ZIDPOPC models

Models DPOP ZIDPOPI ZIDPOPC

Par True Est SD Est SD Est SD
h -0.638 0.088 -0.712 0.100
s 0.5 0.496 0.060 0.517 0.062
Yu -1.0 -1.005 0.039 -1.062 0.040
B -1.0 -0.732 0.093 -0.754 0.100
hlb 1.278 0.104 1.329 0.110
hgm 0.048 0.168 0.031 0.166
hgi 0.291 0.055 0.299 0.054
o 1.0 0.922 0.032 0.938 0.033
ho -1.181 0.070 -0.586 0.098 -0.742 0.088
, 0.5 0.196 0.025 0.498 0.042 0.498 0.040
o 0.4 0.171 0.017 0.434 0.029 0.403 0.028
Iy 1.0 0.403 0.018 1.078 0.037 1.055 0.036
b, 0.7 -0.534 0.083 0.610 0.099 0.420 0.101
h 0.652 0.050 1.030 0.071 0.973 0.069
ot -0.001 0.135 0.052 0.168 -0.028 0.166
hy o -0.035 0.141 0.176 0.176 0.170 0.162
hiy -0.077 0.044 -0.177 0.052 -0.133 0.051
3y -0.252 0.045 -0.414 0.058 -0.393 0.054
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0y 1.0 0.860 0.029 0.904 0.032 0.924 0.033

Peteo 0.5 0.431 0.067

Ps. s, 0.5 0.413 0.041 0.435 0.040

7, 2.6 1.156 0.026 2.816 0.083 2.731 0.082

7, 4.2 2.141 0.043 4514 0.109 4.429 0.109
DIC 171465 8658.465 8633.924

The Table 1 indicate the parameters, true values, estimates, standard errors and DIC values. There is a moderate correlation
between the error terms in ZIDPOPC model of 0.431 implying that the factors affecting the participation decision are the same as
the one affecting the consumption levels. There is a moderate correlation between the unobserved individual effects in ZIDPOPC
model of 0.435 implying that the factors affecting the unobserved individual effects in participation decision are the same as the
one affecting the unobserved individual effects at consumption levels. The variance of the individual effects in participation
decision was 0.938. This indicated that 46.80% of the latent error variance is associated with unobserved individual effects, as
evaluated by the intra unit correlation coefficient in participation decision. The variance of the individual effects for the decision
on consumption levels was 0.924. This indicated that 46.06% of the latent error variance is attributable to unobserved individual
effects, as evaluated by the intra-unit correlation coefficient at consumption levels. The Deviance Information Criteria (DIC) was
given as a measure of goodness-of-fit. The model with the smallest DIC was considered to provide a better fit than the rest. The
ZIDPOPC model clearly fitted the better than ZIDPOPI and DPOP models. The ZIDPOPI model clearly fitted the better than the
DPOP model.

3.3 Assessing the Accuracy of the Estimators in the Models
The accuracy of the three models was compared using RMSE.

Table 2: Comparison of DPOP, ZIDPOPI and ZIDPOPC when n=750 and T=10 based on RMSE from the simulated data.

Models DPOP ZIDPOPI ZIDPOPC

Par True Ests RMSE Ests RMSE Ests RMSE
3 0.5 0.496 0.035 0.517 0.057
T -1.0 -1.005 0.036 -1.062 0.073
B, -1.0 -0.732 0.307 -0.754 0.073
0 1.0 0.922 0.078 0.938 0.063
é 05 0.196 0.305 0.498 0.059 0.498 0.042
o 0.4 0171 0.206 0.434 0.053 0.403 0.020
o 1.0 0.403 0.805 1.078 0.085 1.055 0.065
By 0.7 -0.534 0.298 0.610 0.187 0.420 0.303
0, 1.0 0.860 0.140 0.904 0.096 0.924 0.078
DPebeo 05 0.431 0.073
P56 05 0.413 0.088 0.435 0.067
7, 2.6 1.156 1.444 2.816 0.223 2.731 0.148
T, 4.2 2141 2.059 4514 0.336 4.429 0.254

Although the ZIDPOPI and ZIDPOPC models have more parameters than DPOP model, for the comparison purpose, comments
were restricted to shared parameters, that is, ¢,, Y21, V22: B2: 02, T1 and t,. The majority of MSE for the ZIDPOPI and ZIDPOPC
models were lower than the DPOP model. The individual RMSE of all of the parameters (6 out of 7 compared), were lower in the
ZIDPOPI and ZIDPOPC models than the DPOP model. This indicated that the ZIDPOPI and ZIDPOPC estimates were more
accurate than DPOP estimates.

3.4 Assessing the Consistency of the Estimators in the Models
The Table 3 and Table 4 gives the results from the models when n=350 and T=10 and n=750 and T=10 respectively.

Table 3: The results based on n=350 and T=10 for DPOP, ZIDPOPI and ZIDPOPC models

Models

DPOP

ZIDPOPI

ZIDPOPC

Par

True

Ests

SD

Ests

SD

Ests

SD

o

0.5

0.482

0.001

0.532

0.089
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Vi -1.0 -1.053 0.059 -1.056 0.058
A -1.0 -0.757 0.144 -0.779 0.145
0y 1.0 0.933 0.048 0.943 0.049
#, 05 0.201 0.034 0.511 0.061 0.540 0.060
n 0.4 0.172 0.025 0.406 0.041 0.404 0.041
I 1.0 0.419 0.026 1.061 0.056 1.078 0.055
b 0.7 -0.490 0.124 0.594 0.152 0.447 0.150
0y 1.0 0.861 0.043 0.916 0.047 0.926 0.048

Petieo 0.5 0.430 0.095

Ps, s, 05 0.415 0.061 0.433 0.058
7, 2.6 1.130 0.037 2.718 0.125 2.787 0.129
) 4.2 2.120 0.062 4.453 0.169 4511 0.175

Table 4: The results based on n=750 and T=10 for DPOP, ZIDPOPI and ZIDPOPC models

Models DPOP ZIDPOPI ZIDPOPC
Par True Ests SD Ests SD Ests SD
) 05 0.496 0.060 0517 0.062
u -1.0 -1.005 0.039 -1.062 0.040
B, -1.0 -0.732 0.093 -0.754 0.100
0 1.0 0.922 0.032 0.938 0.033
[ 05 0.196 0.025 0.498 0.042 0.498 0.040
o 0.4 0.171 0.017 0.434 0.029 0.403 0.028
o 1.0 0.403 0.018 1.078 0.037 1.055 0.036
By 0.7 -0.534 0.083 0.610 0.099 0.420 0.101
o) 1.0 0.860 0.029 0.904 0.032 0.924 0.033
DPebeo 05 0.431 0.067
Ps,s, 05 0.413 0.041 0.435 0.040
7, 2.6 1.156 0.026 2.816 0.083 2.731 0.082
) 4.2 2141 0.043 4514 0.109 4.429 0.109

The study compares estimates in Table 3 when n=350 and T=10 and Table 4 when n=750 and T=10. The results from these two
tables indicated that as n increases from 350 to 750, the estimates tend to the true values. For instance, the true value of ¢; was
0.5, when n=350, ¢, was 0.532 for ZIDPOPC model and when n=750, ¢, was 0.517. This showed that as n was increased, the
estimates tend to the true value. This indicated that ZIDPOPC model’s estimators were consistent.

3.5 Application of the Models to Real Life Data

The main dataset used in this thesis was the National Longitudinal Survey of Youth 1997 (NLSY97). We eliminated the
respondents with missing data for both responses and covariates. We constructed smoking intensities from three questions from
the NLSY97. The zero consumption was created from two questions: “Have you ever smoked a cigarette? ” and “During the last
30 days, how many days did you smoke a cigarette?” individuals who continuously answered “No” to the first question have
perfectly inelastic demand for cigarettes, and for these individuals zero demands for cigarettes are optimal choices. Individuals
who answer “None” to the second question belong to one of these two categories: those whose optimal choice of zero
consumption are defined by corner solutions and infrequent smokers. A positive consumption was created from the question
“When you smoked during the last 30 days, how many cigarettes did you usually smoke each day?” Let y;. be a measures of
tobacco consumptions, by an individual i at time t. y;.is number of sticks of cigarettes smoked on days that individuali smokes,
including zero consumption. For example, in the drinking sample, i =1,2,...,2500and t =0,1,2,...,8. Describing the
frequency distribution of the crude y,; measurements does not actually aid in condensing the smoking intensities for empirical
analysis as some respondents reported to have smoked 99 sticks of cigarette on the days they smoked. Transforming the crude

~11~


http://www.mathsjournal.com/

International Journal of Statistics and Applied Mathematics http://www.mathsjournal.com

number of cigarettes smoked to 0-3 ordinal one-unit interval is popular in smoking literature. Thus, the study constructed four
ordinal outcomes (0-3) of smoking intensities from their respective observed quantitiesy;;.

This can be summarized as follows;

0 if indvidual i is not a current smoker or has never smoked
1 if individual i smokes weeKly or less

2 if indivudual i smokes daily and smokes < 20 sticks

3 if indivudual i smokes daily and smokes > 20 sticks

Vit =

The ordinal values y;; = 0, 1, 2, 3, stands for zero, low, moderate and high levels of smoking intensities.

3.6 Results for Bayesian Inference in Smoking Data
The MCMC simulation was run for 21,000 iterations. The first 3,000 samples were discarded as the burn-in period. The thinning
interval was equal to four. The convergences were analyzed using trace and density plots. The acceptance rates were maintained
between 20% and 30%. The acceptance rates were maintained between 25% and 50% for the cut points as proposed by Cowles
(1996) B1.

Table 5: The results for n=2500 and T=8 for DPOP, ZIDPOPI and ZIDPOPC models in Smoking Data.

MODELS DPOP ZIDPOPI ZIDPOPC
Param Ests SD Ests SD Ests SD
3 1.417 0.061 1.475 0.074
Age 0.002 0.037 -0.005 0.037
Edu 0.090 0.047 0.092 0.050
Gender 0.083 0.070 0.099 0.071
Race -0.313 0.098 -0.306 0.095
h 1.533 0.083 1.533 0.076
o 0.986 0.019 0.987 0.019
, 0.547 0.016 0.399 0.020 0.411 0.021
Age 0.071 0.015 0.085 0.024 0.089 0.023
Edu 0.032 0.014 0.012 0.016 0.013 0.016
Gender 0.186 0.050 0.262 0.071 0.257 0.066
h’ 0.932 0.034 0.708 0.039 0.706 0.039
oy 1.023 0.019 0.976 0.019 0.975 0.018
Pebeo 0.116 0.080
P55, 0.468 0.021 0.470 0.022
7, 1.347 0.020 1.958 0.054 1.958 0.051
7, 2.455 0.028 3.195 0.063 3.192 0.059
DIC 39812.15 23040.9 23075.09

Table 5 shows estimates standard errors and DIC values for the three models. The variance of individual effects for participation
was 0.986. This indicated that 49.30% of the latent error variance is associated to individual effect, as evaluated by the intra-unit
correlation coefficient in smoking decision. The variance of individual effects for consumption levels was 0.976. This indicated
that 48.79% of the latent error variance is associated to unobserved individual effect, as evaluated by the intra-unit correlation
coefficient at consumption levels. There was a weak correlation coefficient of 0.116 between the error terms. This implied that the
variables affecting the participation are different from the one affecting consumption levels. There was a moderate correlation
coefficient of 0.468 between the individual effects. This implied that the variables affecting the individual effects at participation
were the same as the one affecting individual effects at consumption levels.

The DIC was given as a measure of goodness-of-fit. The model with the smallest DIC was considered to fit the data better than
the rest. The ZIDPOPI model clearly fitted the data better than the ZIDPOPC and DPOP model. This is attributed to the very
weak correlation between the error terms in ZIDPOPC model. The ZIDPOPC model clearly fitted the data better than the DPOP
model.

Table 6: Average Partial Effects for variables in Correlated Zero Inflated Dynamic Panel Ordered Probit Model (ZIDPOPC) for Real data

Param Ests Std error t value P value
) =0 0.353 0.026 13.465 0.000
yh=1 0.342 0.025 13.465 0.000
Age yﬁ =0 0.001 0.000 26.737 0.000
yﬁ =1 -0.001 0.000 -26.737 0.000
Edu yi =0 -0.012 0.001 -20.079 0.000
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yh=1 0.013 0.001 20.079 0.000

Gender yh=0 0.019 0.001 14.014 0.000
yh=1 0.019 0.001 14.014 0.000

Race yh=0 -0.055 0.005 -10.503 0.000
yh=1 -0.061 0.006 -10.503 0.000

é, ¥ =0 -0.031 0.001 -47.156 0.000
yy=1 0.031 0.001 47.156 0.000

yr=2 0.039 0.001 47.156 0.000

yr=3 0.016 0.000 47.156 0.000

Age Y =0 -0.007 0.000 -42.983 0.000
yr=1 0.000 0.000 -42.983 0.000

vy =2 0.011 0.000 42.983 0.000

yr=3 0.017 0.000 42.983 0.000

Edu ¥ =0 -0.006 0.000 -62.240 0.000
yr=1 0.011 0.000 62.240 0.000

yr=2 0.004 0.000 62.240 0.000

yy=3 0.004 0.000 62.240 0.000

Gender Y =0 0.008 0.001 11.055 0.000
yy=1 0419 0.028 15.139 0.000

yr=2 0.196 0.013 15.139 0.000

yir =3 0.022 0.001 15.139 0.000

) ye=0 -0.031 0.006 -5.489 0.000
Age ¥ =0 -0.007 0.000 -47.156 0.000
Edu ye=0 0.006 0.000 42.983 0.000
Gender vy =0 -0.011 0.000 -62.240 0.000

Table 6 shows the estimated average partial effects, t values, p values and 95% confidence intervals. All the covariates are
statistically significant at 1%. The covariates with positive sign implying a positive association with the participation and
consumption at all levels and vice versa. The average partial effects for the state dependence in nonparticipation decision and
participation decision were 0.353 and 0.342 respectively. This indicated that as one move from the previous year to the next, the
probability of non-smoking and smoking would increase by 35.3% and 34.2% respectively. The average partial effects for the age
in non-participation decision and participation decision were 0.001 and -0.001 respectively. This indicated that single-unit rise in
age will provide a 0.1% increase in the chance of non-smoking for an otherwise “average” individual while one-unit increase in
age will produce a —0.1% decrease in the probability of smoking for an otherwise “average” individual. The average partial effects
for the state dependence, at various consumption levels, that is, zero, low, moderate and high consumption levels were -0.055,
0.031, 0.039 and 0.016, respectively. This indicated that as one move from the previous year to the next, the probability of various
consumption levels, that is, zero, low, moderate and high would change by —5.5%, 3.1%, 3.9% and 1.6% respectively. The
average partial effects for the age, at various consumption levels, that is, zero, low, moderate and high consumption levels were -
0.007, 0.000, 0.011 and 0.017, respectively. This indicated that one-unit increase in age will produce —0.7%, 0.0%,1.1% and 1.7%
change in various consumption levels, that is, zero, low, moderate and high consumption levels respectively. The average partial
effects for the state dependence, age, education and gender, at various zero consumption level were -0.031, -0.007, 0.006 and -
0.011, respectively. This indicated that as one change from female to male, the probability of various consumption levels, that is,
zero, low, moderate and high would change by —3.1%, —0.7%, 0.6% and —1.1% respectively.

4. Conclusion

The aim of this study was to develop ZIDPOP model with both correlated and uncorrelated error terms and compared them with
DPOP model. The Deviance information criteria from the simulation studies showed that ZIDPOPC model provided a better than
ZIDPOPI and ZIDPOPC models while ZIDPOPI model provided a better than DPOP model. ZIDPOPI and ZIDPOPC models had
a smaller RMSE compared to DPOP model. This showed that ZIDPOPC and ZIDPOPI models’ estimates were more accurate
than DPOP model’s estimates. The estimates of the ZIDPOPI and ZIDPOPC models tended to the true parameter values as n —
oo. This indicated that ZIDPOPI and ZIDPOPC models estimators were consistent. The study also concluded that the state
dependence should not be ignored since both participation decision and consumption levels were characterized by substantial
positive state dependence. The presence of state dependence means that short-term policy interventions designed to reduce
participation and consumption levels may have longer-term implications. The study found positive associations between the initial
period participation decision and consumption levels observations and unobserved latent participation decision and consumption
levels. Therefore, this indicated that it is crucial to control for participation decision and consumption levels at the initial period.
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