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In their response to our comment, the authors conclude that while overdis-
persion is possible with Poisson models “there is no such evidence of overdisper-
sion in our data.” We respectfully disagree with this conclusion and present the
following three pieces of evidence for overdispersion in their data. We confine
our discussion to the models for positive statements, though the effect is also
present for their other analyses.

1. Residual Analysis. The authors provide residual plots for the Poisson
and Negative Binomial models and conclude that the “distribution of the
residuals look very similar.” We have recreated these plots using the same
y-axis scale. The plots are not similar when viewed on the same scale.
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If the Poisson model provided an adequate fit to the data we would expect
that the deviance residuals would approximate a standard normal distri-
bution with mean zero and variance one. In particular, approximately
95% of the residuals would be in the range (−1.96, 1.96). In fact, just
under 70% of the residuals are within this range, and there are extreme
outliers. The poor fit could be due to a number of causes including miss-
ing covariates, an improper link function, or overdispersion. Certainly, it
draws into question any conclusions based on that model.

By contrast, almost all deviance residuals for the negative binomial model
do fall in this range, indicating a far better fit.

2. Poisson Model Residual Deviance One common, informal way to de-
tect under- or overdispersion in generalized linear models is to compare
the estimated deviance statistic (i.e., the sum of squared deviance residu-
als), D, to its expected value of n − p. In this case D = 367.67, which is
much greater than n − p = 126 − 9 = 117, which suggests overdispersion
in the data. The statistic D should be distributed approximately as a
χ2 random variable with n − p degrees of freedom; such variables have
variance 2(k − p).

Alternatively, one may consider the sum of squared Pearson residuals. It
is 416.43, also far more than expected under adequate fit.

For more formal tests of overdispersion, see section 7.4 of [1]. For example,
using a score test originally suggested by [2] and appearing in Section 7.4.1
of [1], we obtain a p-value of 0.005 and therefore reject the null hypothesis
of no overdispersion.
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3. Negative Binomial Model Theta Estimate. In their response the
authors state that “the theta is 1.108 which provides no support to the
conclusion that a negative binomial model is necessary.” This is the max-
imum likelihood value of θ, but we do not agree with their assertion.

The variance function of the negative binomial distribution for the param-
eterization used in the glm.nb function from the mass library in R (see
section 7.4 of [3]) is:

V (µ) = µ+ µ2/θ

Note that the variance function of the Poisson distribution is V (µ) = µ. If
a negative binomial model was fit to Poisson data without overdispersion,
we would expect a very large (theoretically infinite) estimate of θ. In this

case the estimate of θ̂ = 1.108 (standard error 0.227) actually suggests
that the data is overdispersed and that the variance is quadratic in the
mean.

We hope that the above three points explain why we believe the data are
overdispersed. We have made our code available
(http://www.cs.uwaterloo.ca/~browndg/KK15comment/Gaming.R). Any con-
clusions drawn from the analysis of this data should be based on models that
account for overdispersion. In particular, the negative binomial models that
we generated for our previous comment do better represent the data, and in
these models, none of the major results of the original paper are statistically
significant.
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