












































































Equal Prior Prob,abilli,es Training Prior Probabilties
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Figure 18: MclustDA with one component per training class. The plots show one standard de­
viation of the Gaussians used to fit each class of the training data, as well as the discriminant
curve (hatched line) where the two groups have equal posterior density. Filled symbols represent
misclassied training [odd-numbered] and test [even-numbered] observations. Left: Assumes equal
prior probabilties. Right: Assumes training prior probabilties.

> train <- mclustDAtrain(data = lansing[odd,-3J, labels = lansing[odd,3J)
EEV EEE

7 4

> summary(train)
$hickory:
$hickory$model:
[1J "EEV, 7"

$hickory$classification:
[lJ 1 1 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 2 2 3 2 2 2 2 1 1 3 3 3 3 3 3 3 3 3 3 3

[38J 3 3 3 3 2 2 3 2 2 2 2 1 1 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 2 3 2 3 2 2 1 1
[75J 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 2 2 3 2 3 2 2 1 3 3 3 3 3 3 3 3 3 3 3 3 3 3

[112J 3 3 2 2 3 2 3 2 2 3 2 1 1 6 2 2 2 2 4 2 2 4 6 6 1 1 5 6 6 6 4 4 4 2 2 1 1
[149J 1 2 2 2 2 4 2 2 4 6 6 1 1 5 5 6 6 4 4 4 3 3 1 6 1 2 2 2 2 4 2 4 4 6 6 6 1
[186J 5 5 6 6 4 4 4 2 1 1 6 1 2 2 2 2 4 2 4 6 6 6 1 1 5 5 6 6 4 4 4 3 1 1 6 1 2
[223J 2 2 2 4 2 4 6 6 6 1 1 5 5 6 6 4 4 4 4 5 5 5 5 5 7 7 7 7 7 7 7 7 7 7 7 5 5

5 5 5 4 5 4 5 5 5 5 7 5 7 7 7 7 7 775 5 555 545 5 5 555 7
7 7 7 7 7 5 5 5 5 5 5 6 5 5 5 5 5 777 7 7 7 7 777 5 5 7 5 5 5 5 555
5 5 5 7 777 777 7 5 5 5 554



$maple:
$maple$model:
[lJ "EEE,4"

$maple$classification:
[lJ 1 1 1 2 1 1 1 1 1 1 1 2 2 2 2 2 2 3 2 2 2 4 2 4 1 1 1 2 1 1 1 1 1 1 1 2 2

[38J 2 2 2 2 3 2 2 2 4 1 4 1 1 1 2 2 1 1 1 1 1 1 2 2 2 2 2 3 3 2 2 2 4 1 4 1 1
[75J 2 2 1 1 1 1 1 1 1 2 2 2 2 2 3 3 3 2 2 2 1 4 1 1 2 2 1 1 1 1 1 1 1 2 2 2 2

[112J 2 3 3 3 2 2 4 1 4 1 1 4 4 4 4 4 4 2 3 3 3 3 3 3 3 4 4 4 4 4 4 4 4 1 1 4 4
[149J 4 4 4 2 3 3 3 3 3 3 3 3 4 4 4 4 4 4 4 4 1 1 4 4 4 4 4 2 3 3 3 3 3 3 3 3 4
[186J 4 4 4 4 4 4 4 1 1 4 4 4 4 4 2 3 3 3 3 3 3 3 3 4 4 4 4 4 4 4 4 1 4 4 4 4 4
[223J 4 2 3 3 3 3 3 3 3 3 4 4 4 4 4 4 4 4 4 3 3 4 3 3 3 4 3 3 4 3 3 1 3 3 3

In this case mclustDAtrain chooses the 7-class EEV model for the hickory training class and
the 4-class EEE model (the same model chosen by mclustDA) for the maple training class.

The density of the test data under the training models can be obtained using mclustDAtest,
while the classification and posterior probabilities of the test data can be recovered from the
summary function for mclustDAtest:

> testTrain (- mclustDAtest(models = train, data = lansing[odd,-3J)

> names(summary(testTrain))
[1J "classification" "z"

> compClass(summary(testTrain)$classification, lansing[odd,3J)$error
[1J 0.2249589

> testTest (- mclustDAtest(models = train, data lansing[even,-3J)

> compClass(summary(testTest)$classification, lansing[even,3J)$error
[1] 0.2450658

The error rates are about and for the training [odd-numbered] and test [even-
numbered] data, respectively, in this case about the same as mclustDA which restricts the
class of models. Figure 19 shows the 7-group EEV model for the hickory training class, as
well as the discriminant curve and the misclassified (training and data points.



Model for Odd-Numbered Hickories Discriminant Curve and Misclassified Data
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Figure 19: mclustDAtrain models and discriminant curve for the Lansing Woods data. Left: the
hickory training [odd-numbered] class with its 7-group EEV model. Right: discriminant curve with
training and test errors (filled symbols).



11 One Dimensional Data

The MCLUST functions for clustering, density estimation and discriminant analysis can
applied to one-dimensional as well as multidimensional data. Analysis is somewhat simplified
since there are only two possible models - equal variance (denoted or varying variance

11.1 Clustering

As an example, we use simulated data consisting of two clusters with variance 1 centered at
-9 and 9, respectively, and one cluster with variance 4 centered at 0:

> set.seed(999)
> x (- c(rnorm(300, -9), rnorm(400, 0, sd = 2), rnorm(300, 9))

Cluster analysis for one-dimensional data can be carried out as for two and higher di­
mensions, except that there is a special plotting function mclust1Dplot:

> par(mfrow = c(2,2))

> xBIC (- EMclust(x)
> plot(xBIC)

E V
"1" "2"

> xModel (- summary(xBIC,x)

> do.call(lmclust1Dplot", c(list(data x), xModel))

mclust1Dplot: make a plot selection (0 to exit):

1: classification
2: uncertainty
3: density
4: all
Selection:

Figure 20 shows the BIC, classification, uncertainty, and dellS11:y for this simulated example.

11.2 Discriminant Analysis
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Figure 20: Model-based clustering of one-dimensional data. Clockwise from upper left: BIC,
classification, uncertainty, and density from EMclust applied to the simulated one-dimensional
example. In the classification plot, all of the data is displayed at the bottom, with the separated
classes shown different levels above.

We use the following simulated data as a test set:

> set.seed(O)
> y <- c(rnorm(100, -9), rnorm(100, 0, sd = 2), rnorm(100, 9»
> yClass <- c(rep(1,100),rep(2,100),rep(1,100»



> round(cvlEMtrain(x,labels=xClass) ,3)
E V

0.4 0.057
> round(bicEMtrain(x,labels=xClass) ,3)

E V
-6785.284 -7046.888

varying variance model V is chosen by cross-validation, while the equal-variance model
is chosen by BIC. The training and test errors for the data with these models are as follows.
Equal variance:

> xEmstep <- mstep(modelName "E", data = x, z = unmap(xClass))

> xEz <- do.call("estep", c(list(data = x), xEmstep))$z
> compClass(map(xEz),xClass)$error ## training error
[1J 0.4

> yEz <- do.call("estep", c(list(data = y), xEmstep))$z
> compClass(map(yEz),yClass)$error ## testing error
[1] 0.3333333

Varying variance:

> xVmstep <- mstep(modelName = "V", data x, z = unmap(xClass))

xClass)

> xVz <- do. call ("estep", c (list (data = x), xVmstep)) $z
> compClass(map(xVz),xClass)$error ## training error
[1J 0.057

> yVz <- do.call("estep", c(list(data = y), xVmstep))$z
> compClass(map(yVz),yClass)$error ## testing error
[1] O. 04333333

For discriminant analysis via MclustDA (Section 10.2):

> xtrain <- mclustDAtrain(x, labels
E E
2 1

> xTest <- summary(mclustDAtest(x,xtrain))
> compClass(xTest$classification,xClass)$error ## tr;a1I11ng

o
error

## error



11.3 I mc1ust" option for S-PLUS density function

MCLUST includes an augmented version the S-PLUS function density for computing
a one-dimensional set. A method been added, with

to specify method = "mclust" to have the density computed via model-based ClUlstl~rIJ]g.

instead of the default kerIJel estimate.

> xdens.default <- density(x, n = 100)
> xdens.mclust <- density(x, n = 100, method = "mclust")

The resulting densities for the simulated data used in the previous two sections are dis­
played in Figure 21. A simulation study showed that mixtures of normals with equal
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12 Extensions

12.1 Large Data Sets

EMelust includes a provision for using a subsample of the data in the hierarchical clustering
before applying to the full data set. This strategy is often adequate for large

data although it may miss small groups. Iterative methods for handling such cases are
discussed in section 10.3 of [11]. The following example uses a random sample of size 100 in
the initial hierarchical clustering phase of EMelust applied to the iris data:

> n (- nrow(irisMatrix)
> n

[1J 150
> S (- sample(l:n, size = 100)
> irisBIC (- EMelust(irisMatrix, subset S)

For very large data sets, the discrimination capability of MCLUST can be used for clas­
sification. First, cluster analysis with the methodolgy of EMclust can be performed on a
subset of the data. Then the remaining data points can then be classified (in reasonable
sized blocks) using one of the discriminant analysis techniques described in section 10.

12.2 High Dimensional Data

Models in which the orientation is allowed to vary between clusters (EEV, VEV, EVV, VVV),
have O(d2 ) parameters per cluster, where d is the dimension of the data. For this reason,
MCLUST may not work well or may otherwise be inefficient for these models when applied
to high-dimensional data. It may still be possible to analyze such data with MCLUST by
restriction to models with fewer parameters (e.g. spherical or diagonal models), or else by
applying a dimension-reduction technique such as principal components.

Some of the more parsimonious models (e.g. spherical, diagonal, or fixed covariance)
can be applied to datasets in which the number of observations is smaller than the data
dimension.

13 Function Summary

13.1 Hierarchical Clustering

he sequences
helass



13.2

em
me

estep
mstep

mvn

13.3

edens
dens

13.4

Parameterized Gaussian JV1ixture JVIodels

algorithm (starting with Lr"Heu

EM algorithm (starting with M-step).
E-step of the algorithm.
M-step of the algorithm.
One-component fit.

Density Computation for Parameterized Gaussian JV1ixtures

Component density (without mixing proportions).
Mixture density.

Model-based Clustering / Density Estimation

EMelust
Melust

density

BIC computation; clusters and models through summary.
Combines EMclust and its summary (fewer options).
S-PLUS one-dimensional density function with method = "mclust" option.

13.5 Discriminant Analysis

Class Densities as Mixture Components

evlEMtrain Training via leave-one-out crossvalidation.
bieEMtrain Training via BIC.

estep E-step of the EM algorithm.
mstep M-step of the EM algorithm.

Parameterized Gaussian Mixture for Class Densities (MclustDA)

mclustDAtrain MclustDA training.
mclustDAtest MclustDA density; classification via summary.

melustDA Combines mclustDAtrain and melustDAtest (fewer options).

13.6 Support for J\lodeling and Classification

.Melust
melustOptions

map
unmap

bie
sim

vector of default values.
set MCLUST options.
Convert conditional probabilities to a classification.
Vonv!en a to indicator val·Ialmes.



13.7 Plotting Functions

13.7.1 One-Dimensional Data

mclust lDplot Classification, UHCel" LiilllLy, density and!or classification errors.

13.7.2 Two-Dimensional Data

mclust2Dplot Classification, uncertainty, and!or classification errors.

surfacePlot Contour, image, or perspective plot of either density or uncertainty.

13.7.3 More than Two Dimensions

Classification, uncertainty, and!or classification errors.

coordProj
randProj
spinProj

coordinate projections
random projections
random projection followed by reflection or rotation

13.7.4 Other Plotting Functions

clPairs pairs plot showing classifications

uncerPlot relative uncertainty of misclassified observations

plot .Mclust plots associated with Mclust results

plot .mclustDA plots associated with mclustDA results
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