
Model choice by information based criterion

Assuming that model is true, regularity conditions of the loglikelihood and
asymptotic normality of the MLE, [2] proved that B can be asymptotically
approximated by the number of free parameters in the model. This leads to
the well-established expression,

AIC = −2L(X̂, Σ; Θ̃[K]) + 2ν

as discussed where ν = 2K − 1. When ν is large relative to the sample size
q there is a small-sample version of AIC called AICc,

AICc = −2L(X̂, Σ; Θ̃[K]) + 2ν +
2ν(ν + 1)

q − ν − 1

which should be used unless q/ν > about 40 for the model with the largest
value of ν (see [11]). These easily computable information criteria are also
an extension of Fisher’s loglikelihood theory [3]. It is worth mentioning
that without assuming that the model is true [12] derived an asymptotically
unbiased estimator of expected log-likelihood. His method, which requires
quite large sample sizes to reliably estimate the bias adjustment term (details
in [7]), leads in many cases to a correction approximatively equal to ν giving
further credence to use AIC and AICc in practice.

But since AIC and AICc rely on the usual asymptotic theory of the MLE
and that the regularity conditions do not hold when comparing two con-
strated mixture models they are not a correct way of comparing models in
the case of mixture (see [13], [1]). However due to its simplicity and its com-
pelling concept AIC have been widely used in mixture model applications
and seems to yield relatively good performances in simulation studies (see
for instance [4]).

By means of a Monte-Carlo approach Wolfe [15] obtained an approxima-
tion of the null distribution of the loglikelihood ratio test (LRT) when testing
two contrasted hypotheses on the number of components in a Gaussian mix-
ture. Bozdogan [5] proposed to use this approximation leading to a modified
AIC criterion, namely AIC3 defined by

AIC3 = −2L(X̂, Σ; Θ̃[K]) + 3ν

More recently Bozdogan [6] proposed an informational complexity criterion,
called ICOMP, for choosing parsimonious models which requires to compute
the Fisher information matrix of the model which can make its computa-
tion tedious (Cutler and Windham [9] suggested to approximate the Fisher
information matrix with its empirical mean to derive ICOMP). It is worth
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mentioning that Windham and Cutler [14] have also introduced another cri-
terion, called MIR, which is based on the smallest eigenvalue of the ratio of
Fisher information matrices (MIR can be computed from the EM convergence
rate).

Another widely used criterion in both frequentist and bayesian mixture
context was originally proposed by Schwarz [10], the bayesian information
criterion defined as

BIC = −2L(X̂, Σ; Θ) + ν log(q)

which is based on an approximation of the Bayes factor. Note that BIC
can also be derived as a non-Bayesian result and that like AIC the BIC
approximation is only valid when standard regularity conditions regarding
the loglikelihood are verified. Burnham and Anderson [8] give more detail
on the deep foundations of both BIC and AIC.

Finally, whatever the information criterion used to select the best model
the individual criterion values are not generally interpretable. It is imperative
to rescale its values. For example, the Akaike information criterion, AIC, can
be rescaled as follows:

∆K = AICK − AICK∗

where K∗ is the value of K which gives the minimal value of AIC for the
Kmax different AICK values. ∆K is easy to interpret as the information loss
experienced if we are using a model with K components rather than the
best model with K∗ components for inference. Hence the ∆K ’s allow a quick
stength-of-evidence comparison and ranking candidate models. In particular
one can compute the useful “weights of evidence” wK given by,

wK =
exp(−∆K/2)

Kmax∑
j=1

exp(−∆j/2)

which can be interpreted as the probabilty that model K is in fact the best
model for the data.
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