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Introduction

1. Introduction

@ Objective 1: To survey recent developments in count data panel
models

@ Objective 2: Evaluate the advances made against background of main
features of count data

@ Objective 3: Highlight the areas where significant gaps exist and
review the most promising approaches
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Background (1)

Panel data are repeated measures on individuals (i) over time (t):
data are (yir, xit) fori=1,...,Nand t =1,..., T, and yj; are
nonnegative integer-valued outcomes.

Conditional on xj;, the y;; are likely to be serially correlated for a
given i, partly because of state dependence and partly because of
cserial correlation in shocks.

Hence each additional year of data is not independent of previous
years.

Cross-sectional dependence between observations is also to be
expected given emphasis on stratified clustered sampling designs.
(1) Pervasive unobserved heterogeneity, (2) a typically high
proportion of zeros, (3) inherent discreteness and heteroskedasticity
generate complications that are hard to handle simultaneously
Finally, the researcher’s interest often goes beyond the conditional
mean.

How well does available software (Stata) handle these issues?
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Introduction Basic linear panel models

2. Basic linear panel models review
@ Pooled model (or population-averaged)
Vie = & + X, B+ ujr. (1)
@ Two-way effects model allows intercept to vary over i and t
Yie = & + 7 + X B+ €ir. (2)
@ Individual-specific effects model
Yit = & + X B+ €it, (3)

where a; may be fixed effect or random effect.

@ Mixed model or random coefficients model allows slopes to vary over i
Yie = & + Xie B; + €ir. (4)
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Introduction Fixed versus random effects model

3. Fixed effects versus random effects model
o Individual-specific effects model:
Vie = X B+ (a; + €ir).

o Fixed effects (FE):

» w; is a random variable possibly correlated with x;;

> so regressor X;; may be endogenous (wrt to «; but not ;)
e.g. education is correlated with time-invariant ability

» pooled OLS, pooled GLS, RE are inconsistent for §

» within (FE) and first difference estimators are consistent.

e Random effects (RE) or population-averaged (PA):

> a; is purely random (usually iid (0,02)) unrelated to x;;
> SO regressor Xj; is exogenous
» appropraite FE and RE estimators are consistent for 8

@ Fundamental divide: microeconometricians FE versus others RE.
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NECGEETERE N I Overview

4. Some features of nonlinear panel models

@ In contrast to linear models, solutions for nonlinear models tend to
lack generality and are model-specific.

@ Standard count models include: Poisson and negative binomial
@ General approaches are similar to those for the linear case

» Pooled estimation or population-averaged
» Random effects
> Fixed effects

o Complications

» Random effects often not tractable so need numerical integration

> Fixed effects models in short panels are generally not estimable due to
the incidental parameters problem.

» Count models involve discreteness, nonlinearity and intrinsic
heteroskedasticity.
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NECGEETERE N I Overview

Some Standard Cross-section Count Models

f(y) f(y) = PrlY =y] Mean; Variance
1 Poisson e #uY/y! #(x); p(x) = exp(x'B)
NB1 As in NB2 below with a~! replaced by a7 1p  u(x); (1 +a) u(x)
1
T 0{71 “71 - y
3 NB2 F(a(*l)l"(—;}—/i-)l) (orl +y>rx (y:x*l) u(x) 5 (14 apu(x)) p(x)
£(0) if y=0,
4 Hurdle 1: 2(8) h(y) iy > 1. Prly > 0|x]Ey~o[yly >0,
A(0) + (1 —A(0))A(0) if y=0,
s oo {OSen® Bsr e
(1 (x)+A.(0)p? (x))
6 FMM Y7, mfi(y[6) 2 TP 7t (%);

Z2 7l (%) + pf ()]
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NECGEETERE N I Overview

@ A pooled or population-averaged (PA) model may be used.

» This is same model as in cross-section case, with adjustment for
correlation over time for a given individual.

@ A fully parametric model may be specified, with separable
heterogeneity and conditional density
f(yielai, xie) = f(yie. atj + x5 B,y), t=1,....T;,i=1...N, (5
or nonseparable heterogeneity
f(yielai, xit) = f(yie, i + X B y), t=1,...T;i=1,..,N, (6)

where < denotes additional model parameters such as variance
parameters and «; is an individual effect.

@ A semiparametric conditional mean (usually exponential mean) model
may be specified, with additive effects

E[)’it’lxi’ Xit] =+ g("?tﬂ) (7)
or multiplicative effects
Elyit|ai, xit] = a; x g(X:-t,B). (8)
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NECGEETERE N I Overview

5. Evolution of Panel Models (1)

@ Focus on panel methods most commonly used by
microeconometricians. The underlying asymptotic theory assumes
short panels (T small, N large): data on many individual units and
few time periods.

@ The key paper in the modern treatment of panel analysis for counts is
Hausman et al. (1984).

@ The developments since 1984 can be summarized in generational
terms as follows.
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Nonlinear panel models

Overview

Evolution of Panel Models (2)

’ ‘ G-1 models G-2 models G-3 models
Period 1974-1990 1991-2000 Post-2000
Function Mainly parametric | Flexible parametric Parametric / SP
CS models Poisson, Negbin Hurdles, finite Quantile reg;

mixtures, ZIP Selection models
Panel models Poisson, Negbin Poisson, Negbin, EM EM; QR;
Unobs. hetero. | Multiplicative Separable or nonsep. Flexible; non-sep
Modeling «; Mainly RE or PA RE, PA and RE/PA/FE/
fixed effects Correlated RE; DV
Variance est. Robust Robust Robust or CI-Rob
wrt overdispersion | wrt OD wrt OD/SC

Dynamics
Endogeneity
Estimators

Lagged x's
Largely ignored
Mainly MLE

Exponential feedback
Allowed in RE models
MLE; GEE; NLIV;

Linear or exponential
Allowed in RE and FE
MLE; GEE; NLGMM;
QR; QRIV
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NECGEETERE N I Overview

6. Remarks on the evolution of count panel models (2)

@ FE panel data counterparts of several popular cross-section models
like hurdles, FMM, and ZIP are undeveloped.

@ When several complications occur simultaneously (e.g. nonseprable
individual-specific effects and endogenous regressors) they are most
conveniently analyzed in a RE or PA or moment-based models.

o Fully parametric methods for simultaneously handling endogeneity
plus something else (e.g. nonseparable UH) are largely absent, and
moment-based methods are a dominant alternative.

@ Overdispersion-robust and cluster-robust estimation of variances is
now feasible and very common.
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WTIEETRENERESHNEIIEN  Pooled or population-averaged estimators

7. Nonlinear: Pooled or population-averaged estimators

@ Extend pooled OLS to the nonlinear case

» Give the usual cross-section command for conditional mean models or
conditional density models but then get cluster-robust standard errors
> Poisson example:
poisson y x, vce(cluster id)

or
xtgee y x, fam(poisson) link(log) corr(ind) vce(cluster

id)
@ Extend pooled feasible GLS to the nonlinear case

» Estimate with an assumed correlation structure over time
» Equicorrelated probit example:
xtpoisson y x, pa vce(boot)

or
xtgee y x, fam(poisson) link(log) corr(exch) vce(cluster

id)
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Nonlinear panel estimators Random effects estimators

Nonlinear random effects estimators

e Assume individual-specific effect «; has specified distribution g(a;|%).

@ Then the unconditional density for the i*" observation is
f(y,'t, ceny y,'T|X,'1, o XiT, ﬁ, ’y, 11)
T
= /[]_Lzl f(y;tlx,-t,uc,-,ﬂ,v)] g(ailn)du;.

@ Analytical solution:

» For Poisson with gamma random effect
» For negative binomial with gamma effect
» Use xtpoisson, re and xtnbreg, re

@ No analytical solution:

» For other models.

> Instead use numerical integration (only univariate integration is
required).

» Assume normally distributed random effects.

» Use re option for xtlogit, xtprobit

» Use normal option for xtpoisson and xtnbreg
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Nonlinear panel estimators Random slopes estimators

9. Finite Mixture or Latent Class model

@ Suppose the sample is generated from the following dgp:

(}/it’Xitv 2 77:1 i ylt|xlt1 )+ TCCfC(.yI|XIt|0C) (10)
Jj=

where Zj 1 =1, 1 >0 (j=1,.., C). For identifiability, use labelling
restriction 711 > o > ... > TiC, aIways satisfied by rearrangement,
postestimation.

@ This specification accommodates discrete nonseparable heterogeneity
between latent classes.

@ Long history in statistics; see McLachlan and Basford (1988). Earlier
treatments emphasized univariate formulations; (Lindsey, 1995)
emphasized identification and complexity. Special cases: Heckman
and Singer (1984)

e Probability distribution f(y;|®;C) that maximizes £(7r,©,Cly) is
called the semiparametric maximum likelihood estimator
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Nonlinear panel estimators Random slopes estimators

o f(yi|0;) can itself be a flexiblefunctional form that accommodates
within-class heterogeneity

@ C can be chosen using the hypothesis testing approach or model
comparison approach

@ Determining the number of components is a nonstandard inference
problem as testing at boundary of parameter space.

> Simple approach is to use BIC or CAIC.
» Or do appropriate bootstrap for the likelihood ratio test.

@ Can be implemented using Stata's fmm command such as

fmm y $xlistl, vce(robust) components(3) mixtureof (poisson)
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e s e
10. Quantile regression

@ The g quantile regression estimator B, minimizes over

N
Q(ﬁq) = 2 q|yit ,tﬁ |+ Z |_y/t ;tﬁq|' 0<qg<:

ity >xi, B ity <x} ﬁ

» Example: median regression with g = 0.5.

@ Continuation transform: For count y adapt standard methods for
continuous y by:
» Replace count y by continuous variable z = y + u where
u ~ Uniform[0, 1].: "jittering step"
» Then reconvert predicted z-quantile to y-quantile using ceiling

function.
» Machado and Santos Silva (JASA, 2005).
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Nonlinear panel estimators Random slopes estimators

Adapting to the exponential mean

@ Conventional count models based on exponential conditional mean,
exp(x’'pB), rather than x'B.

o Qq(y|x) and Q4(z|x) denote the g quantiles of the conditional
distributions of y and z, respectively. To allow for exponentiation,
Qq(z|x) is specified to be

Qq(z|x) = g +exp(x'B,).

@ The additional term g appears because Qq(z|x) bounded from below
by g, due to jittering.

o Log transformation is applied so that In(z — q) is modelled, with the
adjustment if z—qg < 0

@ Transformation justified by the property that quantiles are equivariant
to monotonic transformation
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Nonlinear panel estimators Random slopes estimators

Implementation

@ Post-estimation transformation of the z-quantiles back to y-quantiles
uses the ceiling function, with

Qq(y|x) = [Qq(z]x) — 1]

where the symbol [r] in the right-hand side denotes the smallest
integer greater than or equal to r.

@ To reduce the effect jittering the model is estimated multiple times
using independent draws from U/(0, 1) distribution, and estimated
coefficients and confidence interval endpoints are averaged. Hence
the estimates of the quantiles of y counts are based on
Qu(yx) = [Qy(z]x) — 1] = [q + exp(x’Bq) — 1], where B denotes
the average over the jittered replications.

@ Variance estimation usually based on computationally intensive
bootstrap
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Nonlinear panel estimators Random slopes estimators

@ QCR method of Machado and Santos Silva can be implemented using
Stata add-on command qcount, due to Miranda (2006). The
command syntax is:

qcount depvar [indepvars| [if] [in], quantile(number) |, repetition(# )

where quantile (number) specifies the quantile to be estimated and
repetition (#) specifies the number of jittered samples to be used to
calculate the parameters of the model, the default value being 1000.

@ Panel models can be estimated treating the data as repeated cross
sections, as in PA approach.

@ Main attraction is the ability to study differences in marginal effects
at different quantiles.

@ The post-estimation command gcount_mfx computes marginal
effects for the model, evaluated at the means of the regressors.
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NCIIMEETRELEIRCETEIE  Random slopes estimators

QCR Example - Winkelmann, JHE 2006

@ Using an unbalanced sample (1995-1999) from GSOEP, Winkelmann
analyzes the differential impact of healthcare reform on distribution of
doctor visits across quantiles.

R. Winkelmann / Journal of Health Economics 25 (2006) 131-145

Table 4
Relative frequencies of estimated y,-quantiles for treatment group before and after reform
0 1 2 3 4 5 6 7 8
Before reform
0,(025]x)  67.54 2150  10.70 026 0 0 0 0 0
Q)‘(0.50|x) 0.89 57.85 19.77 7.12 438 5.03 438 0.55 0.02
Q)‘(0‘?5|X) 0.89 36.23 21.62 10.81 8.96 5.07 2.05 2.00 239
Q_“(0‘90|X) 0.17 14.30 23.04 14.45 9.50 6.05 6.95 4.13 3.96
After reform
0,(025)x) 7277 1895 8.26 002 0 0 0 0 0
0,(0.50]x) 3.62 5939  19.29 488 580 494 204 005 0
0,(0.75]x) 3.62 41.07 18.32 11.79 7.50 262 2.26 252 3.28
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NCIIMEETRELEIRCETEIE  Random slopes estimators

QR and panel data: pros and cons

@ Excess zeros can make identification of lower quantiles difficult.

@ Can QR accommodate fixed and random effects?

@ Interpretation of fixed effects in QR context is somewhat tenuous; see
Koenker (2004).

@ QR has been extended to accommodate censoring, endogenous
regressors; see Chernozhukov et al (2009)

@ QR has also been extended to handle lagged dependent variable.
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NCIIMEETRELEIRCETEIE  Random slopes estimators

11. Nonlinear random slopes estimators

@ Can extend to random slopes by adding an assumption about the
distribution of slopes.

> Nonlinear generalization of xtmixed
» Then higher-dimensional numerical integral.
» Use adaptive Gaussian quadrature

@ Stata commands are:

» xtmelogit for binary data
> xtmepoisson for counts

o Stata add-on that is very rich:

> gllamm (generalized linear and latent mixed models); can be quite
slow!
» Developed by Sophia Rabe-Hesketh and Anders Skrondal.
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N\TIIMEETER NSO EILIEIl  Fixed effects estimators

12. Nonlinear fixed effects estimators

In general not possible in short panels.

Incidental parameters problem:

v

N fixed effects a; plus K regressors means (N + K) parameters
But (N + K) — o0 as N — oo

Need to eliminate a; by some sort of differencing, or concentrated
likelihood argument

possible for Poisson, negative binomial

v

v

v

@ Stata commands

> xtpoisson, fe (better to use xtpgml as robust se's)
> xtnbreg, fe

o Fixed effects extensions to hurdle, finite mixture, zero-inflated models
currently not available.
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N\TIIMEETER NSO EILIEIl  Fixed effects estimators

Incidental parameters in Poisson regression

@ Derivation of fixed effects estimator for the Poisson panel

@ Poisson MLE simultaneously estimates § and a1, ..., ay. The
log-likelihood is

InL(B.a) = In D—L [T, {exp(—airi) (widie) /y,-t!}}
= ). [—06; Yo A g ) i+ Y yielnAir =Y Inyf

where Ajx = exp(x,B).

e FOC with respect to «; yields &; = Y, yir/ Y1 Air (a sufficient
statistic for «;)

@ Substituting this yields the concentrated likelihood function.

e Dropping terms not involving S,

In Leonc(B) o< 3, 1, [yielnAie = yiehn (X, 46 )|+ (12)
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N\TIIMEETER NSO EILIEIl  Fixed effects estimators

Interpretation

@ Here is no incidental parameters problem.

o Consistent estimates of B for fixed T and N — oo can be obtained by
maximization of In Leonc(B)

e FOC with respect to B yields first-order conditions

) [}/itxit — Vit [Zs /\isxis} / [Zs Ais“ =0,

that can be re-expressed as

T (ym i—y) =0, (13)

i=1t=1
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Nonlinear panel estimators Fixed effects estimators

FE Poisson: pros and cons

@ Time-invariant regressors will be eliminated also by the
transformation. Some marginal effects not identified.

@ May substitute individual specific dummy variables, though this raises
some computational issues.

@ Poisson and linear panel model special in that simultaneous
estimation of B and « provides consistent estimates of B in short
panels, so there is no incidental parameters problem.

@ The above assumes strict exogeneity of regressors.

@ We can handle endogenous regressors under weak exogeneity
assumption. A moment condition estimator can be defined using the

FOC (13).
@ This FE approach does not extend to several empiricaly important
models: hurdle, fmm, and zip.
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N\TIIMEETER NSO EILIEIl  Fixed effects estimators

Ad hoc methods for handling fixed effects

@ Are we making too much of the fixed effects and the associated
incidental paramnetr problem?

@ The dummy variables solution; Allison (2009); Greene (2004).
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13. Stata Commands

@ Nonlinear panel estimators

Estimator
Pooled
Quantile

FMM
GEE (PA)

RE

Random slopes

FE

Count data

poisson; nbreg

qcount q(%), rep(@#)

fmm components(#) mixtureof (poisson)
fmm components(#) mixtureof (nbreg)
xtgee,family(poisson)
xtgee,family(nbinomial)

xtpoisson, re

xtnbreg, fe

xtmepoisson

xtpoisson, fe

xtnbreg, fe

@ FMM is not part of official Stata but is in the public domain and can
be added

Pravin K. Trivedi
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Computation with Stata Commands Data example

Panel counts: data example

@ Data from Rand health insurance experiment.

> y is number of doctor visits.

.OuseOmusl8data.dta,Oclear
.0Odescribedimdutlcoinsindiseasedfemalefagen]famichildoidoyear

storagedOdisplaydonodvalue
variableOnameO00typendOformatoooooolabeloooooovariablenlabel

mdu 0floatno%9.0g numberofacedtodfactimdivisits
lcoins 0floatd0n%9.0g Tog(coinsurance+1)

ndisease 0floatnn%9.0g countOofOchronicidiseasesiillba
female 0floatdon%9.0g female

age 0floatdi%9.0g agelthatOyear

Tfam 0floatnn%9.0g TogOofofamilyOsize

child 0floatdn%9.0g child

id 0floatdn%9.0g person0id,0leadingddigitlisOsit
year 0float00%9.0g studyOyear
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Computation with Stata Commands Data example

Dependent variable mdu is very overdispersed: V[y] = 4.502 ~ 7 x y.

.OsummarizeOmdullcoinsOndiseasedlfemalelaged]famiochildoidiyear

pgooovariable

00000000bsOOO0000OMeanl000Std.O0Dev.0000000Min00000000OMax

0o0000oooomdu
Tcoins
ndisease
female

age

000002018600002.86069600004.5047650000000000000000000077
000002018600002.38358800002.041713000000000000004.564348
00000201860000011.244500006.74164700000000000000000058.6
00000201860000.51694240000.49972520000000000000000000001
0000020186000025.71844000016.767590000000000000064.27515

gooooooolfam
child

id

year

000002018600001.2484040000.5390681000000000000002.639057
000po201860000.40141680000.49019720000000000000000000001
00000201860000357971.20000180885.60000012502400000632167
000op2018600002.42004400001.2172370000000000100000000005
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Computation with Stata Commands Data example

Panel is unbalanced. Most are in for 3 years or 5 years.

.Oxtdescribe

id: 125024, 125025,0..., 632167 n0=00000005908
year: 1,02,0...,05 TO=00000000005
Delta(year)0= 1l0Ounit
Span(year)00= 50periods
(id*yearduniquelyndidentifiesieachiobservation)

Distribution0of0T_i:000min0000005%0000025%000000050%000000075%0000095%00000max
0000010000000200000003000000000300000000050000000500000005
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Computation with Stata Commands Data example

For mdu both within and between variation are important.

.0*0PanelOdsummarydofidependentivariable

.OxtsumOmdu

variable |DDDDDDMeanDDDStd.DDev.DDDDDDDMinDDDDDDDDMax |DDDDObservations
mduoooOOOoverall 02.8606960004.5047650000000000000000000077 |00000ONO=00020186
Joooooooobetween 03.7859710000000000000063.33333 (00000n0=00005908
0o0000000within 02.57588100034.47264000040.0607 |0TObar0o=03.41672

Only time-varying regressors are age, 1fam and child
And these have mainly between variation.

This will make within or fixed estimator very imprecise.
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Likelihood-based Panel Count Estimators

14. Panel Poisson

o Consider four panel Poisson estimators

» Pooled Poisson with cluster-robust errors
> Population-averaged Poisson (GEE)
> Poisson random effects (gamma and normal)
> Poisson fixed effects
o Can additionally apply most of these to negative binomial.

@ And can extend FE to dynamic panel Poisson where y;;_1 is a
regressor.
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Likelihood-based Panel Count Estimators

MLE Estimation

Model Moment spec. Estimating equations
Pooled E[yitlxit] = €exp <X:tﬁ) ZIN 1 ZZ— 1 Xit (YIt V,t) =0
Poisson where J1;, = exp(X, x\.B)
PA Pis = Cor[(y,t eXp( :t:B) (y/s — EX[
N T yi+n/T

RE Elyela;, Xitl] Yim1 Xop—1 Xit (Yit Hit ;1’, T ,7/ T
Poisson = a; exp (Xitﬁ) Hi=T" Zt exp( :tﬁ) 17 = var(u;)
FE Pois  Ely[a;, xit) = a;exp (X,B)  LiLq Loy xit (yIt V,ty ) =
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Likelihood-based Panel Count Estimators Pooled Poisson

15. Panel Poisson method 1: pooled Poisson

@ Specify
Yit|xit, B ~ Poisson[exp(x},B)]
@ Pooled Poisson of yj: on intercept and x;; gives consistent .

» But get cluster-robust standard errors where cluster on the individual.
» These control for both overdispersion and correlation over t for given i.
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Likelihood-based Panel Count Estimators Pooled Poisson

Pooled Poisson with cluster-robust standard errors

.0*0PooTledOPoissondestimatoriwithiclusterirobustistandardierrors
.Opoissonimdunlcoinsindiseasenfemaledaged]famichild,Ovce(clusterodid)

Iterationd0:000]ogO0pseudolikelihoodi= 062580.248
Iterationnl:000TogOpseudolikelihoodl= 062579.401
Iteration0d2:000]ogO0pseudolikelihoodi= 062579.401

Poissonlregressioni0000000000000000000000000000000Numbertofiobsi0i= 0000020186
00000000000000000000000000000000000000000000000000Waldochi2(6)0000= 0000476.93
00000000000000000000000000000000000000000000000000Prob0>0chi200000= 00000.0000
LogOpseudolikelihoodi= 062579.40100000000000000000PseudolR20000000= 00000.0609

0000000000000000000000000000000000(Std.0Err.0adjusteddifor 59080cTustersdiniid)

000000000000000RObUST
000000000mdu |000000Coef.000Std.DErr.0000002z0000P>|z|00000[95%0Conf.0Interval]l

gooooolcoins |000.0808023000.0080013000010.100000.00000000.09648460000.0651199
J000Ondisease |000.0339334000.0026024000013.040000.00000000.028832800000.039034
pooooofemale |000.1717862000.0342551000005.010000.00000000.10464730000.2389251
0000o0ooopage |000.0040585000.0016891000002.400000.016000000.0007480000.0073691
oooooooolfam |000.1481981000.0323434000004.580000.0000000000.211590000.0848062
goooooochild |000.1030453000.0506901000002.030000.04200000.00369440000.2023961
0000000_cons |0000.748789000.0785738000009.530000.00000000.59478720000.9027907

By comparison, the default (non cluster-robust) s.e.’s are 1/4 as large.
= The default (non cluster-robust) t-statistics are 4 times as large!!
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Population-averaged Poisson (PA or GEE)
16. Panel Poisson method 2: population-averaged
@ Assume that for the it observation moments are like for GLM Poisson
Elyie|xit] = exp(xftﬂ)
Vyielxie] = ¢ x exp(xiB).
@ Stack the conditional means for the it individual:

eXP("?lﬁ)

Elyi|Xi] = m;(B) = :

exp(xf.Tﬁ)
where y; = [yj1, ... ¥it) and X; = [xj1, ..., x;7]".

@ Stack the conditional variances for the it" individual.

» With no correlation
VIyilXi] = ¢H;(B) = ¢ x Diaglexp(x}; B)].
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(AN REE N EE TR RO =CEIIEM  Population-averaged Poisson (PA or GEE)

@ Assume a pattern R(p) for autocorrelation over t for given i so
Vil Xi] = ¢H:(B)'*R(p)H;(B)!2

@ This is called a working matrix.
» Example: R(p) = I if there is no correlation
» Example: R(p) = R(p) has diagonal entries 1 and off diagonal entries

o if there is equicorrelation.
» Example: R(p) = R where diagonal entries 1 and off-diagonals

unrestricted (< 1).
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L) Esnizien
17. Stata’'s GEE command

@ The GLM estimator solves: YV, a";')lgﬂ)H,-(ﬁ)_l(y,- —m;(6)) =0.
o Generalized estimating equations (GEE) estimator or

population-averaged estimator (PA) of Liang and Zeger (1986) solves

y amaf-;%,—wy,- —m;(B)) = 0

where 0); equals Q); in with R(a) replaced by R(&) where plim& = a.

@ Cluster-robust estimate of the variance matrix of the GEE estimator is

ViBoeel = (D'07'D) B (X, Dp0; M, ,0, 7Dy ) (D’ﬁ*lo)_l,

~

where D, = om, (B /8[3|ﬁ D = [Dy,....D¢]’, Gy = y; — m(B),
and now €3, = H, (B)"/2R(p)H, (B)'/>.
» The asymptotic theory requires that G — oo.
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Likelihood-based Panel Count Estimators BNE[BVYN=STIEHN)]

Population-averaged Poisson with unstructured correlation

GEEOpopulationiaveragedimodel0000000000000000000Numbertofiobsn000n0= 000020186

GrouplOandOtimelvars: idOyear NumberdofigroupsdOO= 000005908
Link: Tog ObsOperdgroup:0mind= 000000001
Family: Poisson avgO= 0000003.4
Correlation: unstructured max0O= 000000005

waldochi2(6)0000000= 000508.61
Scalelparameter: goooooool Prob0>0chi200000000= 0.0000

0000000000000000000000000000000000000(Std.0Err.Dadjustediforoclusteringfonnid)

0000000000000SemiOrobust
000000000mdu |000000Coef.000Std.DErr.000000z0000P>|z|00000[95%0Conf.0Interval]l

000o00lcoins |000.0804454000.0077782000010.340000.00000000.09569040000.0652004
oooondisease |000.0346067000.0024238000014.280000.00000000.02985610000.0393573
oooooofemale |000.1585075000.0334407000004.740000.00000000.09296490000.2240502
0oooooo00age |000.0030901000.0015356000002.010000.04400000.00008030000.0060999
oooooooolfam |000.1406549000.0293672000004.790000.00000000.19821350000.0830962
goooooochild |000.101367700000.04301000002.360000.01800000.01706960000.1856658
0000000_cons |000.7764626000.0717221000010.830000.00000000.63588970000.9170354

Generally s.e.’s are within 10% of pooled Poisson cluster-robust s.e.’s.
The default (non cluster-robust) t-statistics are 3.5 — 4 times larger,
No control for overdispersion.
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Likelihood-based Panel Count Estimators BNE[BVYN=STIEHN)]

The correlations Cor[yit, yis|x;] for PA (unstructured) are not equal.
But they are not declining as fast as AR(1).

.Omatrix0Tistoe(R)

symmetricie(R)[5,5]
00000000000clo00000000Cc2000000000c3000000000c4000000000c¢5
rl Doooooool

r2 .5314329700000000001

r3 .4081749500.5854779500000000001

r4 .3235732600.3532171600.5432175200000000001

r5 .3415228800.2980355500.4376758300.6194875100000000001
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Likelihood-based Panel Count Estimators BNEIETNENle[o]) NEA{ iS55

18. Panel Poisson method 3: random effects

@ Poisson random effects model is
Yit|Xit, B, aj ~ Poiss|a;exp(x}yB)] ~ Poiss[exp(Ina; + x;B)]

where «; is unobserved but is not correlated with x;;.

o RE estimator 1: Assume a; is Gammall, 7| distributed

> closed-form solution exists (negative binomial)
> Elyie|xit, B] = exp(x;B)
o RE estimator 2: Assume Ina; is N[0, 0] distributed

> closed-form solution does not exist (one-dimensional integral)
> can extend to slope coefficients (higher-dimensional integral)
> Elyjt|xie, B] = exp(x/,B) aside from translation of intercept.
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Likelihood-based Panel Count Estimators

Poisson random effects

Poisson random effects (gamma) with panel bootstrap se's

RandombeffectsOPoissonlregression000000000000000Numbertofiobs000000=

Grouplvariable: id

Randomieffectsiu_il~ GammaOd0000000000000000000000bsOperaogroup:imini=
000000000000000000000000000000000000000000000000000000000000000avg0=
000000000000000000000000000000000000000000000000000000000000000max0=

000000000000000000000000000000000000000000000000waldochi2(6)0000000=

LogOTikelihoodOO= 043240.556

Numberdofigroupsiii=

000020186
0oooo5908

0oooooool
oopooo3.4
oooooooos

000529.10

Prob0>0chi200000000=00000.0000

00000000000000000000000000000000000(RepTicationsibasedion 59080cTustersdiniid)

goooooooomdu

000ObservediOOBootstrapll00000000000000000000000Normalobased
0oo000Coef.000Std.0Err.00000020000P>|2|00000[95%0Conf.0Intervall

nooooolcoins |000.0878258000.0086097000010.200000.00000000.10470040000.0709511
0000ndisease |000.0387629000.0026904000014.410000.00000000.03348990000.0440359
nooooofemale |000.1667192000.0379216000004.400000.00000000.09239420000.2410442
0oooooooDage |000.0019159000.0016242000001.180000.23800000.00126750000.0050994
nooooooolfam |000.1351786000.0308529000004.380000.00000000.19564920000.0747079
0000000child |000.1082678000.0495487000002.190000.02900000.01115410000.2053816
0oooooo_cons |000.7574177000.0754536000010.040000.00000000.609531400000.905304
0000/Tnalpha 0.0251256000.02702970000000000000000000000.02785160000.0781029
oooooooalpha 01.025444000.02771750000000000000000000000.972532600001.081234

LikeTihoodOratiodtestoofialpha=0: chibar2(01)0= 03.9e+040Prob>=chibar20= 0.000
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Likelihood-based Panel Count Estimators BNEIETNENle[o]) NEA{ iS55

19. Poisson fixed effects with panel bootstrap se's

.OxtpoissonimdullcoinsOndiseasedfemaledagen]famichild,0fedvce(boot,0reps(100)0seed(10
(runningOxtpoissondonlestimationisample)

Bootstraplreplicationso(100)

}—01 —}—~02 }—103 }—04 —}—05
.................................................. o0oooso
.................................................. 000100

conditionalofixedieffectsiPoissoniregressiondiiOONumberfofiobsn00000= 000017791
GroupOvariable: id Numbertdofigroupsini= 000004977

0000000000000000000000000000000000000000000000000bsOperdgroup:0mind= 000000002
000000000000000000000000000000000000000000000000000000000000000avgl= 0000003.6
000000000000000000000000000000000000000000000000000000000000000max0= 000000005

000000000000000000000000000000000000000000000000waldichi2(3)0000000= 000004.64
LogOlikelihoodno= 024173.211 Prob0>0chi200000000=00000.2002

00000000000000000000000000000000000(Replicationsibasedion 49770clustersdinoid)

000ObservediOOBootstrapl000000000000000000000000Normalobased
0oooooooomdu |000000Coef.000Std.OErr.0000002z0000P>]|z|00000[95%0Conf.0Intervall

oooooooobage |000.0112009000.0095077000001.180000.23900000.02983560000.0074339
pooopooolfam |000.0877134000.1125783000000.780000.436000000.1329360000.3083627
0oooooochild |000.1059867000.0738452000001.440000.15100000.03874720000.2507206

The default (non cluster-robust) t-statistics are 2 times'larger.
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Likelihood-based Panel Count Estimators BNEIETNENle[o]) NEA{ iS55

@ Strength of fixed effects versus random effects

> Allows «; to be correlated with x;;.

» So consistent estimates if regressors are correlated with the error
provided regressors are correlated only with the time-invariant
component of the error

> An alternative to IV to get causal estimates.

@ Limitations:

» Coefficients of time-invariant regressors are not identified
> For identified regressors standard errors can be much larger
» Marginal effect in a nonlinear model depend on «;

ME; = 9E[yie] /xi¢,j = a; exp(x;B) B;

and «; is unknown.
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Likelihood-based Panel Count Estimators BNEIETNENle[o]) NEA{ iS55

Panel Poisson: estimator comparison

@ Compare following estimators

» pooled Poisson with cluster-robust s.e.’s

» pooled population averaged Poisson with unstructured correlations and
cluster-robust s.e.’s

» random effects Poisson with gamma random effect and cluster-robust
s.e.'s

» random effects Poisson with normal random effect and default s.e.’s

» fixed effects Poisson and cluster-robust s.e.’s

o Find that

» similar results for all RE models
> note that these data are not good to illustrate FE as regressors have
little within variation.
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Likelihood-based Panel Count Estimators BNEIETNENle[o]) NEA{ iS55

20. Comparison of different Poisson estimators with
cluster-robust s.e.’s

pgooovariable |00POOLEDDOOODPOPAVEDDOORE_GAMMADOORE_NOR~LOOOOFIXED

#1
00oooolcoins [0000.0808 0000.0804 0000.0878 0000.1145
0000.0080 0000.0078 0000.0086 0000.0073
nooondisease [0000.0339 0000.0346 0000.0388 0000.0409
0000.0026 0000.0024 0000.0027  0000.0023
nooooofemale |[0000.1718 0000.1585 0000.1667  0000.2084
0000.0343  0000.0334  0000.0379  0000.0305
oooooooboage [0000.0041 0000.0031 0000.0019  0000.0027  0000.0112
0000.0017  0000.0015 0000.0016 0000.0012  0000.0095
oooooooolfam [0000.1482  0000.1407  0000.1352  0000.1443  0000.0877
0000.0323  0000.0294 0000.0309 0000.0265 0000.1126
00oooodchild [0000.1030 0000.1014  0000.1083  0000.0737  0000.1060
0000.0507  0000.0430 0000.0495 0000.0345 0000.0738
oopoood_cons |0000.7488 0000.7765 0000.7574  0000.2873
0000.0786 0000.0717  0000.0755 0000.0642

Tnalpha
goooooo_cons 0000.0251
0000.0270
Tnsig2u
goooooo_cons 0oo0.0550

0000.0255

Statistics

PR T )
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Likelihood-based Panel Count Estimators Moment based estimation of FE count panels

@ Predetrmined means regressor correlated with current and past
shoocks but not future shocks: E[ujx;s] = 0 for s > t, but # 0 for
S<t.

@ Two specifications are considered:

Yie = exp(XiB)viwie
Yie = exP(X§t,[3)Vi+Wit

@ A quasi-differencing transformation is used to eliminate the fixed
effect.
@ Then a moment condition is constructed for estimation.

@ Depending upon which specification is used different moment
conditions obtain.

@ Chamberlain and Wooldridge derive quasi-differencing transformations

that are shown in the table below.
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Likelihood-based Panel Count Estimators Moment based estimation of FE count panels

21. Exponential Mean and Multiplicative Heterogeneity

@ Relies on a number of ways of eliminating the fixed effects

@ Error may enter additively or multiplicatively

o Estimating equations are orthogonality conditions after
quasi-differencing which eliminates the fixed effect

Model

Strict exog.
Predetermined
regressors

GMM

GMM /endog

Moment spec.
Elxituie+;] =0, j >0
E[x,-tu,-t_s] 7& 0, s Z 1

Chamberlain
Wooldridge

Wooldridge

Estimating equations

Air—1 _
}/it/l\tiit — Yie—1 |x} 1)} =0
Yit Yit—1 —1
— — X; =0
Aie  Ajr—1 o ﬁ
Yit Yit—1 =2
Yie | Yieml -2y | _ g
Aie i1 X ) w
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(RUE LR PR NEEN NI I =S BV Computational Strategies for GMM

@ Use an interactive version of an estimation command (e.g. gmm);
enter the function directly on the command line or dialog box by
using a substitutable expression.

@ Use a function evaluator program which gives more flexibility in
defining your objective function; usually more complicated to use but
may be needed for more complicated problems.

@ Hint: In Stata a good place to start is the nl (nonlinear least squares)
command. Then go on to gmm.

@ Most of the examples here involve substitutable expressions.
Examples of function evaluator programs are in MUS and especially in
Stata manuals.

o Example: YN "1 x; ()/it - Vit;;i) =0,

i
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ARElicationg
22. Applications using balanced panel MEPS data
@ For illustrating panel methods the RAND data set has limitations

.OsumidofficevisiTOofficevisieduclagedincomedtotchr

ponovariable |00000000bsO0000000Mean0000Std.0Dev.0000000Min00000000Max

Dofjofficevis |000007888800001.38737200003.3281480000000000000000000094
0TOofficevis |000007888800001.48808400003.3345590000000000000000000058
0opgoooboeduc |0000078888000012.3277600003.2648690000000000000000000017
popooO0oD0Dage |000007888800004.56212900001.742034000000001.8000000008.5
gopoodincome |0000078888000027.60833000028.948550000063.6310000264.674

oopgoodtotchr |00000788880000.788104700001.0813150000000000000000000007
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BB
MEPS Data

@ Quarterly data for 2005-06

.Oxtdes
dupersid: 30002019, 30004010,0..., 38505016 n0=00000009861
timeindex: 1,02,0...,08 TO=00000000008

Delta(timeindex)0= lOunit
Span(timeindex)00= 80periods
(dupersid*timeindexduniquelydidentifiesleachOobservation)

Distribution0of0T_i:000min0000005%0000025%000000050%000000075%0000095%00000max
0000080000000800000008000000000800000000080000000800000008

00000Freq.00Percentd000Cum. |O0Pattern

0000098610000100.0000100.00 11111111

0000098610000100.00 XXXXXXXX

Pravin K. Trivedi Indiana University. - E Panel counts April 29, 2010 52 /77



Appileeiiens
Fixed Effects GMM in Stata 11

.Oprogramigmm_po1i2

ool.
no2.

pjoooversionodll
ponosyntaxovarlistoif,0at(name)omyrhs(varlist)o///

>0000mylhs(varlist)omyidvar(varlist)

0o3.
oo4.
0o5.
006.
no7.
nos.
0o9.
0lo.
0l1.
012.
013.
014.
01s5.
016.

ooooquietlyn{

poootempvarimuOmubariybar

pgooogenOdoublel 'mu'0=000"7f"

pooolocalojo=01

ponoforeachOvaroofivarlistdo myrhs'o{
ponoooOreplaced mu'0=0 mu'0+0 var'* at'[1, j']0 if'
goooooolocalojo=0"j'o+01

goooooo}

goooreplaced mu'O=0exp( mu')

pjonoegendodoubleld ‘mubar'O=0mean( mu')0 if',0by( myidvar')
pjonoegenidoublen ybar'o=0mean( mylhs')0 if',0by( myidvar')
poooreplaced varlist'o=0"mylhs'000 mu'* ybar'/ mubar'o if'
oooo}

Oend
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Aplieaiene
Implementing fixed effects GMM in Stata 11

.ogmmogmm_poi2,0myThs(officevis)omyrhs(insprviagedincomedototchr)ooo///
>00myidvar(dupersid)Onequations(1l)Oparameters(insprviagedincomedtotchr)non///
>00instruments(insprviagedincomeltotchr,0noconstant)lonestep

Step 1

IterationnO:000GMMOcriterioniQ(b)d= 0.00140916
Iteration0l:000GMMOcriterioniQ(b)0= 01.487e007
Iteration02:000GMMOcriterioniQ(b)0= 01.583e014
Iteration03:000GMMOcriterioniQ(b)0= 01.843e028

GMMOestimation
Numberfoflparametersi= 004

NumberfofOmoments0000= 004
InitialOweightOmatrix: Unadjustedl00000000000000000000Numbertofiobsin= 0078888

000000000000000RObuUST
popooocoef.000Std. DErr.000000z0000P>|z|00000[95%0Conf.0Interval]

0o00oo0/insprv | 000.0080549000.5460749000000.010000.988000001.07834200001.062232
0ooooooo/age |000.5125841000013.1682000000.040000.9690000026.32178000025.29662
0o00oo0/income |0000.001128000.0013911000000.810000.41700000.00159840000.0038545
noooo/totchr |000.2211125000.3354182000000.660000.51000000.43629510000.8785201

Instrumentsiforiequation 1: insprviagedincomentotchr

.OestimatesOstorelPFEGMM
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Likelihood-based Panel Count Estimators RBWAVsJl[{eENiT

Standard fixed effects panel Poisson

.0*0UsualOpanellPoissoniFE
.Oxtpoissondofficevisiinsprviagedincomedtotchr,ife
note:019000groups(1520000bs)0droppedibecausefofialllzeroloutcomes

Iteration00:0001og0likelihoodl= 084468.435
Iteration0l:000Tog0likelihoodO= 0084154.68
Iteration02:0001og0likelihoodl= 084154.647
Iteration03:00071og0likelihoodl= 084154.647

conditionalifixedieffectsiPoissoniregressioniilONumberiofiobs0i00000= 000063688
Grouplvariable: dupersid Numberoofigroupsino= 000007961

0000000000000000000000000000000000000000000000000bsOperadgroup:imind= 000000008
00o0oo0o00oo0000000000000000000000000000000000000000000000000000@vg0= 0000008.0
000000000000000000000000000000000000000000000000000000000000000max0= 000000008

000000000000000000000000000000000000000000000000waldochi2(4)0000000= 000618.20
LogOlikeTlihoodil= 084154.647 Prob0>0chi200000000=00000.0000

oodofficevis |000000Coef.000Std.0Err.00000020000P>|z|00000[95%0Conf.0Interval]

0000009nsprv |000.00805490000.027985000000.290000.77300000.06290460000.0467947
nooooooofage |000.5125841000.0629145000008.150000.00000000.63589430000.3892739
000000income |0000.0011280000.000258000004.370000.00000000.00062240000.0016336
gooooototchr |000.2211125000.0091051000024.280000.00000000.20326690000.2389582

.OestimatesOstorelPFE
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Appileeiiens
Standard FE Poisson with robust SE (with xtpgml add-on)

.0*0AddDonOxtpgmlOgivesipanelirobustise's
.Oxtpgmloofficevislinsprviagenincomedtotchr,0feni (dupersid)
note:019000groupsi(1520000bs)0droppedibecauseiofiallizeroloutcomes

Iterationn0:000]ognlikelihoodn= 084468.435
Iterationnl:on0lognlikelihoodn= 0084154.68
Iteration02:0007og0likelihoodO= 084154.647
Iteration03:0007Tog0likelihoodO= 184154.647

conditionalofixedieffectsOiPoissoniregressioniooiNumberdofiobsnoonno= 000063688
Grouplvariable: dupersid Numberoofigroupsiii= 000007961

0000000000000000000000000000000000000000000000000bsOperogroup:imind= 000000008
000000000000000000000000000000000000000000000000000000000000000avgd= 0000008.0
000000000000000000000000000000000000000000000000000000000000000max0= 000000008

000000000000000000000000000000000000000000000000waldichi2(4)0000000= 000618.20

LogOlikelihoodnO= 084154.647

Prob0>0chi200000000=00000.0000

Dofofficevis

0o0oonoCoef.000Std.DErr.000000z0000P>|2z|00000[95%0Conf.0Interval]

gooooginsprv
0ooooogonage
0000007ncome
pooonototchr

000.00805490000.027985000000.290000.77300000.06290460000.0467947
000.5125841000.0629145000008.150000.00000000.63589430000.3892739
0000.0011280000.000258000004.370000.00000000.00062240000.0016336
000.2211125000.0091051000024.280000.00000000.20326690000.2389582

calculatingORobustioStandardOErrors. ..

Dooofficevis

000000Coef.000Std. DErr.000000z0000P>|2z|00000[95%0Conf.0Interval]

officevis

0oooooinsprv
000ooooonage
0ooonoincome
nooooototchr

000.0080549000.0715881000000.110000.91000000.14836510000.1322552
000.5125841000.1804831000002.840000.00500000.86632450000.1588438
0000.001128000.0007661000001.470000.14100000.00037340000.0026295
000.2211125000.0250814000008.820000.00000000.17195390000.2702712
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DynETIiE pE| R meskls
23. Panel dynamic

@ Individual effects model allows for time series persistence via
unobserved heterogeneity («;)

» e.g. High a; means high doctor visits each period
o Alternative time series persistence is via true state dependence (y;—1)

» e.g. Many doctor visits last period lead to many this period.

@ Linear model:
Vit = & + 0Yir—1+ Xz B+ Uit

@ Poisson model with exponnetial feedback: One possibility (designed
to confront the zero problem) is

Mg = Qi1 = @, exp(py,-ft,l + X:'tﬂ)v

yiﬁjtfl = min(c, Yi,t—l)-
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DynETIiE pE| R meskls
Panel dynamic: GMM estimation of FE model

@ In fixed effects case Poisson FE estimator is now inconsistent.

@ Instead assume weak exogeneity
E [Vielyie—1, -, yi1, Xie,. Xi1] = €idig—1.
@ And use an alternative quasi-difference
E[(yir — (Nie—1/Aie)Yie—1) |yie—1, - yin, Xie,... xi1] = 0.

@ So MM or GMM based on

Ajr—
E [Zit ()’it - )z—.l}/it—1>] =0
it

where e.g. zjy = (yjr—1,X;t) in just-identified case.

e Windmeijer (2008) has recent discussion.
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Pravin K. Trivedi

(RIS R P WEEN N I S EVCISIl  Dynamic panel count models

Example of dynamic moment-based JI GMM

Ignore individual specific effects

.0gmmo (officevisiniexp({xb:L.officevisiinsprvieduciagelincomeitotchr}+{b0})),000///

>00instruments(L.officevislinsprvieduciagedincomedtotchr)ionestepivce(clusteridupersid)

Step 1

Iteration00:000GMMOcriteriondQ(b)0i=
IterationOdl:000GMMOcriterionnQ(b)o=
Iteration02:000GMMOcriteriondQ(b)0=
IterationO3:000GMMIcriterionnQ(b)o=
Iteration04:000GMMOcriterion0Q(b)o=
IterationOd5:000GMMOcriterionnQ(b)o=
Iteration06:000GMMOcriterionnQ(b)o=

GMMOestimation

NumbernofOipara
NumberoofUmome

metersO= 007
nts0000= 007

04.9539327
04.7296297
01.4832673
0.01045573
06.508e006
03.032e012
07.264e025

InitialOweightOmatrix: Unadjusted0D0000000000000000000NumberdofiobsOo= 0069027

0000000000000000000000000000(Std.0Err.0adjustedifor 98610clustersiinidupersid)

000000000000000Robust
0ono00Coef.000Std.0Err.000000Z0000P>|2z|00000[95%0Conf.0Interval]

/xb_L_offi~s
00/xb_insprv
oooo/xb_educ
oooon/xb_age
00/xb_income
00/xb_totchr
000000000/b0

Indiana University.

0opon.064072000
000.2152153000
000.0404143000
000.1221278000
000.0003585000
000.3027348000
0001.447292000

.0041069000015.
.0331676000006.
.0065808000006.
.0134542000009.
.0004981000000.
.0141805000021.
.0952543000015.

600000.
490000.
140000.
080000.
720000.
350000.
190000.

Panel counts

00000000.05602280000.0721213
00000000.15020790000.2802227
00000000.02751620000.0533124
00000000.09575810000.1484976
47200000.00133470000.0006178
00000000.274941500000.330528
000000001 63398700001.260597
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DynETIiE pE| R meskls
Example of dynamic moment-based Ol GMM

.0gmm0 (officevisonoexp({xb:L.officevisOinsprvieduciagedincomedtotchr}+{b0})),000///
>00instruments(L.officevisieduciagenincomeitotchrifemalelwhitelhispanicimarriediemployed)n/
>00onestepivce(clusterddupersid)

Step 1

Iteration0d0:000GMMOcriterioniQ(b)0= 04.9696148
Iterationdl:000GMMOcriterionnQ(b) 0= 03.7545442
IterationO2:000GMMIcriterionoQ(b)o= 0.86353039

Iteration03:000GMMOcriterionoQ(b)i= 0.25844389
IterationOd4:000GMMIcriterionnQ(b)o= 0.07248002
Iteration05:000GMMOcriterionoQ(b)i= 0.07235453
Iteration06:000GMMIcriterionnQ(b)o= 0.07235443

GMMOestimation

NumberoofOparametersi= 007

Numberpofimomentsoood= 011

InitialOweightOmatrix: Unadjustedi00000000000000000000Numberiofiobsin= 0069027

0000000000000000000000000000(Std.0Err.0adjustedifor 9861l0clustersiinidupersid)

000000000000000Robust
nopooocoef.no0std.0Err.000000z0000P>|z|00000[95%0Conf.0Intervall

/xb_L_offi~s |000.0631186000.0042901000014.710000.00000000.054710100000.071527
00/xb_insprv |000.0468067000.1154105000000.410000.68500000.179393700000.273007
0000/xb_educ |000.0422612000.0074362000005.680000.00000000.02768660000.0568359
0oooo/xb_age |000.1208516000.0136986000008.820000.00000000.09400280000.1477003
00/xb_income |000.0004412000.0007107000000.620000.53500000.00095180000.0018341
00/xb_totchr |000.2988192000.0144326000020.700000.00000000.27053180000.3271066
goooooooo/b0 |0001.361726000.0972536000014.000000.0000000001.5523400001.171113
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24. Poisson Extensions

o A different ML approach to dynamic specification

Yie P(/\,’t), I:].,,N,t:].,,T

—Ajr A Vit
e it A
f()’i,tMit) T,It
Aie = Vil = Eyielyie—1, Xie, i) = g(¥i,e—1, Xie, &)

@ Initial conditions problem in dynamic model. In a short panel bias
induced by neglect of dependence on initial condition.

@ The lagged dependent variable on the right hand side a source of bias
because the lagged dependent variable and individual-specific effect
are correlated.

e Wooldridge's method (2005) integrates out the individual-specific
random effect after conditioning on the initial value and covariates.

Random effect model used to accommodate the initial conditions.
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Alternative specifications

Elyie|xit, yie—1, &i] = h(yie, Xit, &;)
where «; is the individual-specific effect.

o 1st alternative: Autoregressive dependence through the exponential
mean.

E[Yit|xit,)/it71, ‘Xi] = exp(py,-t,l + Xétﬁ + “i)

o If the «; are uncorrelated with the regressors, and further if
parametric assumptions are to be avoided, then this model can be
estimated using either the nonlinear least squares or pooled Poisson
MLE. In either case it is desirable to use the robust variance formula.

o Limitation: Potentially explosive if large values of y;; are realized.
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Initial conditions

@ Dynamic panel model requires additional assumptions about the
relationship between the initial observations ("initial conditions") yo
and the «;.

o Effect of initial value on the future events is important in a short
panel. The initial-value effect might be a part of individual-specific
effect

@ Wooldridge's method requires a specification of the conditional
distribution of a; given yg and z;, with the latter entering separably.

@ Under the assumption that the initial conditions are nonrandom, the
standard random effects conditional maximum likelihood approach
identifies the parameters of interest.

@ For a class of nonlinear dynamic panel models, including the Poisson
model, Wooldridge (2005) analyzes this model which conditions the
joint distribution on the initial conditions.
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Conditionally correlated RE (1)

@ Where parametric FE models are not feasible, the conditionally
correlated random (CCR) effects model (Mundlak (1978) and
Chamberlain (1984)) provides a compromise between FE and RE
models.

@ Standard RE panel model assumes that a; and x;; are uncorrelated.
Making «; a function of x;1, ..., x;7 allows for possible correlation:

N = Z:-A—Fé‘,'

e Mundlak's (more parsimonious) method allows the individual-specific
effect to be determined by time averages of covariates, denoted z;;
Chamberlain's method suggests a richer model with a weighted sum
of the covariates for the random effect.
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Conditionally correlated RE (2)

@ We can further allow for initial condition effect by including yg thus:
& =yo +ZA +¢

where yq is a vector of initial conditions, z;=Xx; denotes the
time-average of the exogenous variables and €; may be interpreted as
unobserved heterogeneity.

@ The formulation essentially introduces no additional problems though
the averages change when new data are added. Estimation and
inference in the pooled Poisson or NLS model can proceed as before.

@ Formulation can also be used when no dynamics are present in the

model. In this case g; can be integrated out using a distributional
assumption about f(¢).
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Dynamic GMM without initial condition

@ Here individual specific effect is captured by the initial condition

.Ogmmo (officevisonoexp({xb:L.officevislinsprvieduciagelincomentotchr}+{b0})),000///

Pravin K. Trivedi

>00instruments(L.officevisiinsprvieduciagedincomeltotchr)ionestepivce(clusteridupersid)

Step 1

Iteration00:000GMMOcriterionoQ(b)0i= 04.9539327
IterationO0l:000GMMOcriterionnQ(b)0= 04.7296297
Iteration02:000GMMOcriterionoQ(b)0= 01.4832673
IterationO3:000GMMOcriterionoQ(b)0o= 0.01045573
Iteration04:000GMMOcriterioniQ(b)0i= 06.508e006
Iteration05:000GMMOcriterioniQ(b)0= 03.032e012
Iteration06:000GMMOcriterion0Q(b)i= 07.264e025

GMMOestimation

Numbernofipara
NumberoofOmome

metersO= 007
nts0000= 007

InitialoweightOmatrix: Unadjustedd00000000000000000000Numberdofiobsin= 0069027

0000000000000000000000000000(Std.0Err.0adjustedifor 9861l0clustersiinidupersid)

000000000000000RObUSt
gooooocoef.o00std.0Err.00000020000P>|z|00000[95%0Conf.0Interval]

/xb_L_offi~s |0000.064072000.0041069000015.600000.00000000.05602280000.0721213
00/xb_insprv |000.2152153000.0331676000006.490000.00000000.15020790000.2802227
0000/xb_educ |000.0404143000.0065808000006.140000.00000000.02751620000.0533124
00000/xb_age |000.1221278000.0134542000009.080000.00000000.09575810000.1484976
00/xb_income |000.0003585000.0004981000000.720000.47200000.00133470000.0006178
00/xb_totchr |000.3027348000.0141805000021.350000.00000000.274941500000.330528

Indiana University.
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Overidentified dynamic GMM with initial condition

.0gmm0 (officevisioDexp({xb:L.officevisOinsprvieduciagedincomedtotchr}+{b0})),000///
>00instruments(L.officevisieduciagedincomedtotchriofemalelwhitelhispanicimarriediemp’
>00onestepOvce(clusternodupersid)

Step 1

Iteration00:000GMMOcriteriondQ(b)i= 04.9696148
Iterationdl:000GMMOcriteriondQ(b)0= 03.7545442
IterationOd2:000GMMOcriteriondQ(b)0= 0.86353039
IterationOd3:000GMMOcriterioniQ(b)0= 0.25844389
Iteration04:000GMMOcriteriondQ(b)0= 0.07248002
Iteration0d5:000GMMOcriteriondQ(b)0= 0.07235453
Iterationd6:000GMMOcriteriondQ(b)0= 0.07235443

GMMOestimation

NumberDofOparametersi= 007

NumberfofOmomentsOiO0o= 011

InitialoweightOmatrix: Unadjusted000000000000000000000Numberdofiobsin= 0069027

0000000000000000000000000000(Std.DErr.0adjustedifor 98610clustersiinidupersid)

000000000000000RObUST
popooocoef.000Std. DErr.000000z0000P>|z|00000[95%0Conf.0Interval]

/Xb_L_offi~s [000.0631186000.0042901000014.710000.00000000.054710100000.071527
00/xb_insprv |000.0468067000.1154105000000.410000.68500000.179393700000.273007
gooo0/xb_educ |[000.0422612000.0074362000005.680000.00000000.02768660000.0568359
0onoo/xb_age |000.1208516000.0136986000008.820000.00000000.09400280000.1477003

0o0/xb_income DDD.0004412DDD 0007107DDDDDO GZDDDO 53500000.00095180000-0018341
nlinl b o b RR1Q2 011 A 2708210000 _2WW71NAA
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Likelihood-based Panel Count Estimators

Correlated RE and Initial Conditions

Dynamic Just ldentified GMM with Initial Conditions

.0Ogmm0(officevisiiiexp({xb:L.officevisiTOofficevisiinsprvieduciagelincomeltotchr}+{k
>00instruments(L.officevisiTOofficevisiinsprvieduclagelincomeltotchr)ionestepivce(c’

FinalOGMMOcriteriondQ(b) 0= 06.30e026

GMMOestimati

on

NumberpofOparametersi= 008
NumberfdofOmomentsi000= 008
InitialOweightOmatrix: Unadjusted0d00000000000000000000Numberdofiobsin= 0069027

0000000000000000000000000000(Std.0Err.0adjustedifor 9861l0clustersiinidupersid)

000000000000000RObuUSt
popgooocoef.000Std. DErr.000000z0000P>|2z|00000[95%0Conf.0Interval]

/Xb_L_offi~s
/Xb_TOoffi~s
00/xb_insprv
0o000/xb_educ
0oooo/xb_age
00/xb_income
00/xb_totchr
goooooooo/b0o

ooo

ooo.
ooo.
ooo.
ooo.
.1303702000.
ooo.
ooo.

0495929000.
0311947000.
2153361000.
0382539000.

0003019000.

0044248000011,
0043446000007,
0351702000006.
0056386000006.
0095834000013,
0004701000000,
28477980000.010334000027.
0001.484486000.0605323000024.

210000.
180000.
120000.
780000.
600000.
640000.
560000.
520000.

00000000.04092040000.
00000000.02267940000.
00000000.14640380000.
00000000.02720240000.
000000000.1115870000.
52100000.00122320000.
00000000.26452560000.

0582654
0397099
2842684
0493054
1491534
0006194
3050341

000000001.60312700001.365845

InstrumentsOforiequation 1: L.officevisOTOofficevisiinsprvieduciagedincomentotchri_c
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Dynamic Over Identified GMM with Initial Condition

.0gmm0 (officevisiniexp({xb:L.officevisOTOofficevisOinsprvieduciagedincomentotchr}+{k
>00instruments(L.officevisiTOofficevisieduciagenincomeltotchrifemalenwhitenhispanicl
>00onesteplvce(clusternodupersid)inolog

FinaloGMMOcriterioniQ(b)0= 0.0685762

GMMOestimation

Numberfofparametersi= 008

NumberfdofOmomentsiOOo= 012

InitialOweightOmatrix: Unadjusted000000000000000000000Numberdofiobsin= 0069027

0000000000000000000000000000(Std.0Err.0adjustedifor 9861l0cTlustersiinidupersid)

000000000000000RObust
nDopgooocCoef.000Std. DErr.000000z0000P>|z|00000[95%0Conf.0Interval]

/xb_L_offi~s |000.0490201000.0046062000010.640000.000000000.0399920000.0580481
/xb_TOoffi~s |[000.0305356000.0044538000006.860000.00000000.02180630000.0392648
00/xb_insprv |000.0565968000.1135886000000.500000.61800000.16603280000.2792264
0000/xb_educ |000.0402952000.0059253000006.800000.00000000.02868190000.0519085
0oooo/xb_age |000.1299791000.0098075000013.250000.00000000.11075670000.1492014
00/xb_income |000.00043680000.000703000000.620000.53400000.00094110000.0018148
0o/xb_totchr |000.2805608000.0101571000027.620000.00000000.26065320000.3004684
0oooooooo/b0 | 0001.408679000.0607941000023.170000.000000001.52783300001.289525

InstrumentsOforiequation 1: L.officevisOTOofficevisieduciagelincomeltotchriofemalelwt
marriediemployedi_cons
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Alternative to EFM: LFM

@ An alternative to the (potentially explosive) EF is the linear
feedback model

Elyie|xit, yie—1, 7] = p”yir—1 + exp(x:p + «;)

@ Limitation: Discontinuities avoided but model falls outside the
standard exponential class of models.

@ MLE not feasible, but QML/NLS/GMM is feasible.
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25. Linear feedback model

Aie = pyi—1 +exp(Xy By + + Xbie By + Y1 Yio + 2y, + W)
= pyi-1+ exp(Wi) exP(xllirﬁ1+ + x,2itﬂ2 + YYio + zh’z + Wi)

@ MLE not feasible because the functional form is no longer belongs in
the exponential family.

@ GMM which uses differencing transformations will eliminate initial
values and correlated heterogeneity.

@ NLS method for estimation can identify the conditional mean
function under certain conditions.

. 1 5
min —— it — Aj
(any T &ie — A
@ To allow for a RE type extension should use a robust estimator of the
covariance matrix.
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Likelihood-based Panel Count Estimators

Example: EFM vs LFM

.0*0LinearOFeedbackOModelOwithOInitialoConditionOControl
.0gmmO(officevisooo{rho}*L.officevisnnoexp({xb:0T0officevisiinsprvieduciagelincoment
>00instruments(L.officevisiTOofficevisiinsprvieduciagelincomedtotchr)ionestepivce(c’

FinalOGMMOcriteriondQ(b)0= 07.35e023

GMMOestimati

on

Numberfofiparametersi= 008
NumberfofOmoments0o0O0= 008
InitialOweightOmatrix: Unadjusted0d00000000000000000000Numberdofiobsio= 0069027

Correlated RE and Initial Conditions

0000000000000000000000000000(CStd.0Err.0adjustedifor 98610clustersiinidupersid)

000000000000000RObuUST
popooocoef.000Std. DErr.000000z0000P>|z|00000[95%0Conf.0Interval]

popoooooo/rho
/Xb_TOoffi~s
00/xb_insprv
0o000/xb_educ
0oooo/xb_age
00/xb_income
00/xb_totchr
00000o0o0o0o/bo

ooo

noo

ooo.
ooo.
ooo.
ooo.
ooo.
.3270725000.

.5366234000.

0672159000.
1509578000.
0375916000.
1234875000.
0002804000.

0248079000021,
0038061000017,
0408185000003,
0062318000006.
0119579000010.
0006164000000.
0154421000021,
0002.1870850000.096687000022.

630000.
660000.
700000.
030000.
330000.
450000.
180000.
620000.

00000000,
00000000,
00000000,
00000000,
0000oooo.
64900000,
0ooopooo.

488000800000.585246

05975610000.
07095510000,
02537740000,
10005040000.
00148850000,
29680660000.

0746758
2309606
0498058
1469245
0009277
3573383

000000002.37658800001.997582

Instrumentsiforiequation 1: L.officevisOTOofficevisiinsprvieduciagedincomentotchri_c
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More on LFM vs. EFM

Sensitivity to omitted yg and z varies between LFM and EFM

@ Monte Carlo analysis suggests omission leads to biases especially in
the coefficient of lagged variable.

@ EFM is preferred on predictive performance when the proportion of
zeros is high.

@ LFM does better when the mean of y is high and proportion of zeros
small.

@ NLS turns out to be a robust estimator for the LFM. Should be
considered as a serious alternative for count panel models under
certain conditions.
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Concluding Remarks

@ Much progress in estimating panel count models, especially in dealing
with endogeneity and nonseprable heterogeneity.

@ Great progress in variance estimation.
@ RE models pose fewer problems.

e For FE models moment-based/IV methods seem more tractable for
handling endogeneity and dynamics. Stata's new suite of GMM
commands are very helpful in this regard.

@ Because FE models do not currently handle important cases, and
have other limitations, CCR panel model with initial conditions, is an
attractive alternative, at least for balanced panels.
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