
Table 1: Parameterizations of the covariance matrix Σk currently available in mclust for hierarchical clus-
tering (HC) and/or EM for multidimensional data. (‘•’ indicates availability).

identifier Model HC EM Distribution Volume Shape Orientation

E • • (univariate) equal
V • • (univariate) variable
EII λI • • Spherical equal equal NA
VII λk I • • Spherical variable equal NA
EEI λA • Diagonal equal equal coordinate axes
VEI λkA • Diagonal variable equal coordinate axes
EVI λAk • Diagonal equal variable coordinate axes
VVI λkAk • Diagonal variable variable coordinate axes
EEE λDADT • • Ellipsoidal equal equal equal
EEV λDkAD

T
k • Ellipsoidal equal equal variable

VEV λkDkAD
T
k • Ellipsoidal variable equal variable

VVV λkDkAkD
T
k • • Ellipsoidal variable variable variable

classification table:

1 2 3

130 97 45

best BIC values:

EEE,3 EEE,4 VVV,2

-2314.4 -2320.2 -2322.2

Although the method used for printing is different,
faithfulSummary is nearly identical to the object faithfulMclust computed in the previous

section, the difference being that it does not include the "BIC" component giving the table of BIC
values, which comprise the object faithfulBIC computed by mclustBIC:

> faithfulBIC

BIC:

EII VII EEI VEI EVI VVI EEE EEV VEV VVV

1 -4024.7 -4024.7 -3055.8 -3055.8 -3055.8 -3055.8 -2607.6 -2607.6 -2607.6 -2607.6

2 -3453.0 -3458.3 -2354.6 -2350.6 -2352.6 -2346.1 -2325.2 -2329.1 -2325.4 -2322.2

3 -3377.7 -3336.5 -2323.0 -2332.7 -2332.2 -2342.4 -2314.4 -2339.0 -2329.4 -2333.9

4 -3230.2 -3245.7 -2323.7 -2331.8 -2334.8 -2343.1 -2320.2 -2336.8 -2342.5 -2359.2

5 -3149.4 -3128.2 -2337.7 -2348.3 -2355.9 -2374.3 -2337.0 -2356.2 -2366.2 -2385.3

6 -3081.4 -3067.6 -2338.1 -2363.1 -2357.7 -2372.7 -2347.3 -2371.7 -2387.4 -2399.0

7 -2990.3 -2998.5 -2356.5 -2370.1 -2375.9 -2393.1 -2361.2 -2393.0 -2384.2 -2426.5

8 -2978.1 -2991.9 -2371.8 NA -2396.0 NA -2376.9 -2385.8 -2404.9 -2435.0

9 -2899.8 -2921.0 -2388.6 NA -2399.1 NA -2393.7 -2418.3 -2428.4 -2447.3

The missing values correspond to models and numbers of clusters for which parameter values
could not be fit (using the default initialization). For multivariate data, the default initialization
for all models uses the classification from hierarchical clustering based on an unconstrained model.
For univariate data, the default is to classify the data by quantile for initialization.

The summary method for mclustBIC allows specification of the models and numbers of clusters
over which the best model is to be chosen, allowing models other than the maximum BIC model
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