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Introduction

»In regression analysis of counts, a lack of simple and efficient
algorithms for posterior computation has made Bayesian
approaches appear unattractive and thus underdeveloped.

»We propose a lognormal and gamma mixed negative binomial
(NB) regression model for counts, and present efficient closed-form
Bayesian inference.

»By placing a gamma distribution prior on the NB dispersion
parameter r, and connecting a lognormal distribution prior with the
logit of the NB probability parameter p, efficient Gibbs sampling and
variational Bayes inference are both developed.

»The closed-form updates are obtained by exploiting conditional
conjugacy via both a compound Poisson representation and a Polya-
Gamma distribution based data augmentation approach.

»The proposed Bayesian inference can be implemented routinely,

while being easily generalizable to more complex settings involving
multivariate dependence structures.

Regression Models for Counts

Poisson and Negative binomial distributions
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Overdispersion: Variance > Mean
Heterogeneity: difference between individuals
Contagion: dependence between the occurrence of events

Poisson regression
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Poisson regression with random effect
y; ~ Pois(\;), N = exp(;r,?ﬁ)é,:

Negative binomial regression
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Lognormal-Poisson regression
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LGNB Regression

Lognormal-gamma-gamma-Poisson regression

Quasi-dispersion
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Inferring r under Compound Poisson
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Inferring /3 using Polya-Gamma

Polya-Gamma distribution X ~ PG(a,¢)
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Data augmentation
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Gibbs sampling
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Lognormal gamma mixed NB regression
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Model and Inference
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Gibbs sampling
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Experiments

Univariate count data analysis

Frenquey
- B 8
J—

VB Lower Bound
TEE)

Probabity Densiy

Count regression

Table 1. The MLEs or posterior means of the lognormal — Table 2. Test of goodness of fit with Pearson residuals.
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Figure 2. The histograms of the quasi-dispersion =
¢ (141/r) =1 based on (a) the 2000 collected Gibbs sam-
ples for NASCAR, (b) the 2000 simulated samples using
the VB Q functions for NASCAR, (c) the 2000 collected
Gibbs samples for MotorTns, and (d) the 2000 simulated

samples using the VB Q functions for MotorIns.

Future work under the lognormal-gamma-NB framework

Multivariate count regression
Log Gaussian process
Mixture modeling, topic modeling



