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Abstract

The classical Poisson, geometric and negative binomial regression models for count
data belong to the family of generalized linear models and are available at the core of
the statistics toolbox in the R system for statistical computing. After reviewing the
conceptual and computational features of these methods, a new implementation of hurdle
and zero-in ated regression models in the functions hurdle() and zeroinfl() from the
package pscl is introduced. It re-uses design and functionality of the basic R functions
just as the underlying conceptual tools extend the classical models. Both hurdle and zero-
in ated model, are able to incorporate over-dispersion and excess zeros | two problems
that typically occur in count data sets in economics and the social sciences | better than
their classical counterparts. Using cross-section data on the demand for medical care, it is
illustrated how the classical as well as the zero-augmented models can be tted, inspected
and tested in practice.
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1. Introduction

Modeling count variables is a common task in economics and the social sciences. The classical
Poisson regression model for count data is often of limited use in these disciplines because
empirical count data sets typically exhibit over-dispersion and/or an excess humber of zeros.
The former issue can be addressed by extending the plain Poisson regression model in various
directions: e.g., using sandwich covariances or estimating an additional dispersion parameter
(in a so-called quasi-Poisson model). Another more formal way is to use a negative bino-
mial (NB) regression. All of these models belong to the family of generalized linear models
(GLMs, see Nelder and Wedderburn 1972; McCullagh and Nelder 1989). However, although
these models typically can capture over-dispersion rather well, they are in many applications
not su cient for modeling excess zeros. Since Mullahy (1986) and Lambert (1992) there is in-
creased interest, both in the econometrics and statistics literature, in zero-augmented models
that address this issue by a second model component capturing zero counts. Hurdle models
(Mullahy 1986) combine a left-truncated count component with a right-censored hurdle com-
ponent. Zero-in ation models (Lambert 1992) take a somewhat di erent approach: they are
mixture models that combine a count component and a point mass at zero. An overview of
count data models in econometrics, including hurdle and zero-in ated models, is provided in
Cameron and Trivedi (1998, 2005).

In R (R Development Core Team 2008), GLMs are provided by the model tting functions
gIm() (Chambers and Hastie 1992) in the stats package and glm.nb() in the MASS package
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(Venables and Ripley 2002) along with associated methods for diagnostics and inference. Here,
we discuss the implementation of hurdle and zero-in ated models in the functions hurdle()
and zeroinfl() in the pscl package (Jackman 2008), available from the Comprehensive R
Archive Network (CRAN) at http://CRAN.R-project.org/package=pscl. The design of
both modeling functions as well as the methods operating on the associated tted model
objects follows that of the base R functionality so that the new software integrates easily into
the computational toolbox for modeling count data in R.

The remainder of this paper is organized as follows: Section 2 discusses both the classical
and zero-augmented count data models and their R implementations. In Section 3, all count
regression models discussed are applied to a microeconomic cross-section data set on the
demand for medical care. The summary in Section 4 concludes the main part of the paper;
further technical details are presented in the appendix.

2. Models and software

In this section, we brie y outline the theory and its implementation in R (R Development
Core Team 2008) for some basic count data regression models as well as their zero-augmented
extensions (see Table 1 for an overview). The classical Poisson, geometric and negative
binomial models are described in a generalized linear model (GLM) framework; they are
implemented in R by the gIm() function (Chambers and Hastie 1992) in the stats package
and the gIm.nb() function in the MASS package (Venables and Ripley 2002). The hurdle
and zero-in ated extensions of these models are provided by the functions hurdle() and
zeroinfl () in package pscl (Jackman 2008). The original implementation of Jackman (2008)
was improved by Kleiber and Zeileis (2008) for pscl to make the tting functions and the tted

Type Distribution | Method | Description
GLM Poisson ML Poisson regression: classical GLM, estimated
by maximum likelihood (ML)
quasi \quasi-Poisson regression™ same mean func-

tion, estimated by quasi-ML (QML) or
equivalently generalized estimating equa-
tions (GEE), inference adjustment via esti-
mated dispersion parameter

adjusted | \adjusted Poisson regression'™ same mean
function, estimated by QML/GEE, inference
adjustment via sandwich covariances

NB ML NB regression: extended GLM, estimated by
ML including additional shape parameter
zero-augmented | Poisson ML zero-in ated Poisson (ZIP), hurdle Poisson
NB ML zero-in ated NB (ZINB), hurdle NB

Table 1. Overview of discussed count regression models. All GLMs use the same log-linear
mean function (log(x) = 2~ 3) but make di erent assumptions about the remaining likelihood.
The zero-augmented models extend the mean function by modifying (typically, increasing)
the likelihood of zero counts.
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model objects more similar to their glm() and glm.nb() counterparts. The most important
features of the new hurdle() and zeroinfl() functions are discussed below while some
technical aspects are deferred to the appendix.

An alternative implementation of zero-in ated count models is available in the currently
orphaned package zicounts (Mwalili 2007). Another extension of zero-in ated Poisson models
is available in package ZIGP (Erhardt 2008) which allows dispersion ] in addition to mean
and zero-in ation level | to depend on regressors. However, the interfaces of both packages
are less standard with fewer (or no) standard methods provided. Therefore, re-using generic
inference tools is more cumbersome and hence these packages are not discussed here.

Two packages that embed zero-in ated models into more general implementations of GLMs
and GAMs (generalized additive models) are gamlss (Stasinopoulos and Rigby 2007) and
VGAM (Yee 2008). The latter also provides hurdle models (under the name zero-altered
models). Both implementations allow speci cation of only one set of regressors.

In addition to zero-augmented models, there are many further extensions to the classical
Poisson model which are not discussed here. Some important model classes include nite
mixture models | implemented in R in package flexmix (Leisch 2004) ] and generalized esti-
mating equations (GEE) ] provided in R by package geepack (Halekoh, H jsgaard, and Yan
2006) | and mixed-e ects models | available in R in packages lme4 and nlme (See Pinheiro
and Bates 2000). Further information about the models and alternative R implementations
can be found in the respective references.

2.1. Generalized linear models

Model frame

The basic count data regression models can be represented and understood using the GLM
framework that emerged in the statistical literature in the early 1970s (Nelder and Wedderburn
1972). In the following, we brie y sketch some important aspects relating to the unifying
conceptual properties and their implementation in R ] for a detailed theoretical account of
GLMs see McCullagh and Nelder (1989).

GLMs describe the dependence of a scalar variable y; ( =1,...,n) on a vector of regressors

xj. The conditional distribution of y;jx;j is a linear exponential family with probability density

function

y A b(N)
¢

where A is the canonical parameter that depends on the regressors via a linear predictor
and ¢ is a dispersion parameter that is often known. The functions b() and ¢() are known
and determine which member of the family is used, e.g., the normal, binomial or Poisson
distribution. Conditional mean and variance of y; are given by E[yijzi] = pi = 8()\i) and
VAR[yi jzi] = ¢ b™()\i). Thus, up to a scale or dispersion parameter ¢, the distribution of y; is
determined by its mean. Its variance is proportional to V(1) = 0%(\(1)), also called variance
function.

fA¢) = exp +cy,9) €

The dependence of the conditional mean E[y; j zij] = pi on the regressors x;j is speci ed via

g(wi) = i B, )
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