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Abstract

There are different ways to do cluster analysis of categorical data in the
literature and the choice among them is strongly related to the aim of the
researcher, if we do not take into account time and economical constraints.

Main approaches for clustering are usually distinguished into model-based
and distance-based methods: the former assume that objects belonging to
the same class are similar in the sense that their observed values come from
the same probability distribution, whose parameters are unknown and need
to be estimated; the latter evaluate distances among objects by a defined
dissimilarity measure and, basing on it, allocate units to the closest group.

In clustering, one may be interested in the classification of similar objects
into groups, and one may be interested in finding observations that come
from the same true homogeneous distribution.

But do both of these aims lead to the same clustering? And how good
are clustering methods designed to fulfil one of these aims in terms of the
other?

In order to answer, two approaches, namely a latent class model (mixture
of multinomial distributions) and a partition around medoids one, are eval-
uated and compared by Adjusted Rand Index, Average Silhouette Width
and Pearson-Gamma indexes in a fairly wide simulation study. Simulation
outcomes are plotted in bi-dimensional graphs via Multidimensional Scal-
ing; size of points is proportional to the number of points that overlap and

different colours are used according to the cluster membership.
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Chapter 1

Introduction

1.1 Cluster Analysis

A cluster can be defined as a group of the same or similar elements
gathered or occurring closely together. How to find and/or how to identify
homogenous groups in a multivariate context is the aim of Cluster Analysis.
Indeed, Kaufman and Rousseeuw ([44]) defined Cluster Analysis as the art
of finding groups in data.

There are different ways to do cluster analysis of categorical data in the
literature and the choice among them is strongly related to the aim of the
researcher, if we do not take into account time and economical constraints.

Main approaches for clustering are usually distinguished into model-based
and distance-based methods: the former assume that objects belonging to
the same class are similar in the sense that their observed values come from
the same probability distribution, whose parameters are unknown and need
to be estimated; the latter evaluate distances among objects by a defined

dissimilarity measure and, basing on it, allocate units to the closest group.

1.1.1 Model-based clustering: Latent Class Analysis

As evoked by its name, a model-based clustering approach postulates the
existence of a true statistical model for the population under study. In this
direction a very well known method is the Latent Class Analysis (LCA):
it assumes that data is generated by a mixture of underlying probability
distributions. Each cluster is represented by a single component of the

mixture (i.e. latent class), thus it is described by a probability distribution
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whose parameters and size are unknown quantities to be estimated. More
precisely, when focusing on categorical variables only, the underlying model
is a mixture of multinomial distributions.

By way of illustration, consider a case-control study in which the re-
lationship between exposure to a potential risk-factor and occurrence of a
disease is investigated. In particular the exposure is evaluated by several,
say p, empirical measures Xi,...,X,; each test X; will classify some true
risk factor positives as negative (false negative) and/or some true risk fac-
tor negatives as positive (false positive). In this field, the goodness of the
classification is usually quantified in terms of sensitivity and specificity: the
former is the proportion of truly exposed individuals who are correctly clas-
sified as exposed, the latter is the proportion of truly not exposed individuals
who are correctly classified as not exposed. Sensitivity and specificity may
be different across the measures and may also vary between the study groups
(i.e. cases and controls). While sensitivity and specificity refer to the prob-
ability of a positive or negative test given true exposure status, predicted
values reflect the probability of true exposure status conditional on test re-
sults [25]. In this example, predicted values are the main interest; in other
words, given the observed test results, the aim is to assign individuals to the
true exposure status.

Latent Class Analysis can be used to estimate the latent distribution
of true exposure in the study groups; the basic idea would be to conceive
both study groups as comprising an unknown mixture of truly exposed and
truly unexposed individuals. The observed association between the mea-
sures X1,...,X, would be assumed to be solely due to their dependence
on the unknown true exposure status; what is expected is that after an
appropriate decomposition of the mixture, local independence among the
observed variables in each mixture component is found.

An exhaustive description of the Latent Class Analysis method is given
in Chapter 2.

1.1.2 Distance-based clustering: Partition Around Medoids

Distance-based methods are probably the most intuitive approach to
clustering: the idea is to form groups so that objects in the same group are
similar to each other, whereas objects in different groups are as dissimilar

as possible. Of course there are many methods that try to achieve this aim.
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The approach that is briefly presented here (but that will be fully described
in the following) is Partition Around Medoids (PAM).

Partition Around Medoids (developed by Kaufman and Rousseeuw, 1990
[44]) is based on the search for k representative objects among the units of
the data set. As their name suggests, these objects should be somehow
representative of the structure of the data; they are called medoids. After
finding a set of k representative objects, units are assigned to the nearest
medoid, outlining k clusters. Crucial is the choice of proximity measure to
be used: it defines how two units can be considered similar.

By way of illustration, consider a marketing research study where a sam-
ple of customers of a certain product have been asked to answer to a ques-
tionnaire about their satisfaction and their personal habits, with multiple
choice items. The aim is to identify group of customers with similar moti-
vations.

Given the responses to the questionnaire, Partition Around Medoids can
be used to identify homogenous groups of customers according to specific
features (e.g. geographic differences, personality differences, demographic
differences, use of product differences, psychographic differences, gender dif-
ferences etc.) thus improving the market knowledge and allowing for a
targeted advertising campaign.

An exhaustive description of the Partition Around Medoids procedure is

given in Chapter 3.

1.2 Motivation

In clustering, one may be interested in the classification of similar objects
into groups, and one may be interested in finding observations that come
from the same true homogeneous distribution.

But do both of these aims lead to the same clustering? And how good
are clustering methods designed to fulfil one of these aims in terms of the
other?

Researchers do not often think to these questions, thus the choice be-
tween the two approaches is sometimes not very well justified.

In order to answer, two approaches, namely a latent class model (mix-
ture of multinomial distributions) and a partition around medoids one,

are evaluated and compared in a fairly wide simulation study. The study
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would serve as a basis to understand similarities and differences in terms
of classification of the two approaches and to detect, if any, different roles

played by data features.

1.3 The study

Simulations consisted in generating several data sets from different pa-
rameterizations (according to specific data features), then the two clustering
methods were applied and finally the obtained classifications were compared.

For each parameterization 2000 different data sets were generated with
the LatentGold® software and the true classification of units was recorded.
To do so, we fixed the parameter values according to a simulation scheme
and, by telling LatentGold® the number of variables, the number of cate-
gories and the number of latent classes, we generated the 2000 data set for
each parameterization. A full list of the parameter values we adopted is in
the Appendix .

Then we performed the clustering according to a model-based approach
with the same commercial software and with an open-source software (using
an EM algorithm, implemented as a function 1cmixed in the R-package fpc),
with the aim of comparing results, precision and time with LatentGold®; we
also performed the clustering according to a distance-based method using
pam function, contained in the R-package cluster (dissimilarity measure =
manhattan).

LatentGold®, developed by Vermunt ([73]), is currently the leader soft-
ware for Latent Class Analysis. To find the Maximum Likelihood (ML)
estimates for the model parameters, LatentGold® uses both the EM and
the Newton-Raphson algorithm. In practice, the estimation process starts
with a number of EM iterations. When close enough to the final solution,
the program switches to Newton-Raphson. According to Vermunt ([75]),
“this is a way to exploit the advantages of both algorithms; that is, the
stability of EM even when it is far away from the optimum and the speed
of Newton-Raphson when it is close to the optimum”.

The algorithm developed for PAM consists of two phases: a BUILD phase
(where an initial clustering is obtained by successive selection of representa-
tive points until & objects have been found) and a SWAP phase (where it is

attempted to improve a set of representative objects and also to improve the
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clustering yielded by this set). Since all the potential swaps are considered,
the results of the algorithm do not depend on the order of the objects in the
input file (unless there are some ties among the distances between objects).

Once all the models have run, in order to compare the obtained classifi-
cations we use three indexes: the Adjust Rand Index, the Average Silhouette
Width and the Pearson Gamma.

The Adjusted Rand Index (ARI) is a measure of the similarity between
two data clusterings. In this context, the ARI is used to compare the classi-
fications yielded by a model-based and a distance-based clustering approach
with what is recorded as ‘true’ cluster membership.

The Average Silhouette Width index (ASW) is a measure of tradeoff be-
tween similarity of observations in the same cluster and dissimilarity of ob-
servations in different clusters. In the definition of ASW, the dissimilarities
of observations from other observations of the same cluster are compared
with dissimilarities from observations of the nearest other cluster, which
emphasises separation between the cluster and their neighbouring clusters
(“gaps” between clusters).

The Pearson Gamma (PG) index is the Pearson correlation p(d,m)
between the vector d of pairwise dissimilarities and the binary vector m that
is 0 for every pair of observations in the same cluster and 1 for every pair of
observations in different clusters. PG emphasises a good approximation of
the dissimilarity structure by the clustering in the sense that observations
in different clusters should strongly be correlated with large dissimilarity.

Latent Class Clustering is by definition aimed to recover the ‘true’ clas-
sification, since it is a model-based clustering method. Therefore, we expect
it to perform better than PAM in terms of Adjusted Rand Index. Whereas,
since PAM has a distance-based approach, we expect it to perform bet-
ter than LatentGold® in terms of Average Silhouette Width and Pearson
Gamma values.

A full description of the three indexes is in Chapter 4.

1.4 Previous Results

An important result in comparing different approaches to the clustering

of categorical data was previously obtained by Celeux and Govaert in 1991

([14]).
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In their ‘Discrete Data and Latent Class Model’ they showed that a
well-known clustering criterion for discrete data, the information criterion,
is closely related to the Classification Maximum Likelihood (CML) criterion
for the latent class model.

In particular, in the CML method the mixing proportions and the pa-
rameter vector are estimated so that a likelihood function is maximized. The
authors showed that, by using a standard Lagrangian manipulation, the pa-
rameter vector of the k" mixture component can be viewed as a “center”
of cluster k. Using this expression, the maximization of the CML criterion
is equivalent to the maximization of the classical information criterion.

Focusing on binary data, they considered a clustering criterion where the
information to be minimized was the Manhattan distance between an object
and its cluster representation (which is similar to the idea behind PAM
algorithm). They showed that this criterion is directly related to a Bernoulli
mixture (i.e. the latent class model for binary data): maximizing the CML
criterion leads to minimizing the information criterion, even though there
are some degenerating configurations. For example when the size of any of
the clusters tends to zero.

In an application with empirical data, they compared the results of the
CML with those obtained with the EM algorithm: CML estimates show
an important bias for the mixing proportions, i.e. the information crite-
rion tends to provide equal-sized clusters. As pointed out by Bryant and
Williamson ([11]), the more rare a component is, the more CML’s bias tends
to be serious. Nevertheless the difference between Bernoulli probability es-
timates with both methods is not so marked.

For further references see [14].



Chapter 2

Latent Class Clustering

The subject of clustering is concerned with the investigation of the re-
lationships within a set of ‘objects’ in order to establish whether or not the
data can validly be summarized and better interpreted by a small number
of classes (or clusters) of similar objects.

In this section we focus on a model-based approach, presenting the La-
tent Class Clustering (LCC) method.

2.1 The method

A milestone in the literature of the latent class models with categorical
variables is one of the papers Goodman published in 1974 ([27]), which
presents a relatively simple method for calculating the maximum likelihood
estimate of the frequencies in the p-way contingency table expected under
the model (where p indicates the number of manifest polytomous variables),
and for determining whether the parameters in the estimated model are
identifiable.

He firstly considered a p-way contingency table which cross-classifies a
sample of n individuals with respect to p manifest polytomous variables.
The observed relationships - if any - among the p variables can be somehow
explained by a K-class latent structure if there is some latent polytomous
variable K, so that each of the n individuals is in only one of the K classes
with respect to this variable, and within the k' latent class the manifest
variables are mutually independent.

The model is described by equation 2.1:
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K
f@) =" pef(z, ap), (2.1)
k=1

with Zle pr = 1, i.e. the mixing proportions sum to 1. The probability
mass function f(z, ax) describes a multinomial distribution with parameters

» '
ap=(al, l=1,....,m;, j=1,...,p):

p M
it
f@a) = T[], (2.2)
j=11=1
with S ad' = 1. The generic polytomous variable j (j = 1,...,p) consists
1=1%

of m; categories, and m = Z§:1 m; indicates the total number of levels.

Example

To illustrate the method, Goodman analyzed data contained in Table 2.1,
a 2% contingency table presented earlier by Stouffer and Toby [64], which
cross-classified 216 respondents with respect to whether they tend towards
universalistic values (+) or particularistic values (-) when confronted by each
of four different situations of role conflict.
Table 2.1: Observed cross-classification of 216 respondents with respect to whether

they tend toward universalistic (4) or particularistic (-) values in four
situations of role conflict (4, B, C, D).

Observed Observed
A B C D frequency A B C D frequency
+ + + + 42 N 1
+ + o+ - 23 -+ o+ - 4
+ + -+ 6 N 1
+ + - - 25 -+ - - 6
+ -+ + 6 - -+ o+ 2
+ - + - 24 - -+ - 9
+ - -+ 7 - - -+ 2
+ - - - 38 - - - - 20

The idea is to determine whether a latent structure can explain the
observed relationships among the four binary variables and hence allows for

a meaningful clustering of the data.
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Let mapeq denote the probability that an individual will be at level (a,b,c,d)
with respect to the joint variable (A,B,C,D) (a=1,...,ma;b=1,...,mp;
c=1,...,me d=1,...,mp). Suppose that there is a latent polytomous
variable K consisting of K classes, that can explain the relationships among

the manifest variables (A, B, C, D). This means that mg.q can be expressed

as follows:
K
Tabed = D Tabedk; (2.3)
k=1
where
Tabedk = TkTakTbkTckTdk (2.4)

denotes the probability of an individual will be at level (a,b,c,d, k) with
respect to the joint variable (A, B,C, D, K). The 7 is the probability that
an individual will be at level k with respect to variable K; moreover, 7, is
the conditional probability that an individual will be at level a with respect
to variable A, given that he is at level k& with respect to variable K, and
finally 7y, mer and mg denote similar conditional probabilities. Formula
(2.3) avers that the individuals can be classified into K mutually exclusive
and exhaustive latent classes, and the product of the single probabilities in
(2.4) is the result of the hypothesis of local independence within each latent

class.

From these premises it is straightforward to see that:

K mA mp mgc mp
Zﬂkzl; Z?Takzl; Z?Tbkzl; Zﬂckzl; Zﬂ'dkzl; (2.5)
k=1 a=1 b=1 c=1 d=1

T = Z Tabedk (2.6)

a,b,c,d

ThTak = D Tabedk- (2.7)
b,c,d

Formulas similar to (2.7) can be obtained for the other variables, i.e. 7

multiplied by mp, 7o and wgg.

Furthermore, from the law of total probability we have that the condi-
tional probability 7y 4pcq that an individual is in latent class k, given that
he was at level (a,b,c,d) with respect to the joint variable (A, B,C, D) is
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equal to:
Tabedk

Tabed

Th|abed = (2.8)

Using expression (2.8), 7 and mma, in (2.6) and (2.7) respectively, can be

rewritten as

Tk = Z Tabcd T k|abed ) (29)
a,b,c,d

Zb,c,d TabedT k|abed
T '

Tak = (2.10)

Formulas similar to (2.10) can be obtained for the other variables mp, mek

and Tdk-

2.1.1 Description of the Algorithm

In order to estimate the parameters of equation (2.1) from the observed
data, Goodman sketched a simple algorithm. Using the notation of the

example, equation (2.1) becomes:

K
fl@) = Y mflea) =
k=1

K ma mp mg mp
= > m (H(m)% [T rer)™ T (o)™ H(de)xd> L(2.11)
k=1

a=1 b=1 c=1 d=1

Let papeq indicate the observed proportion of individuals at level (a, b, ¢, d)
and let 7 denote the vector of parameters (7, Tak, Tk, Teks Tax) 10 the la-
tent class model; finally let 7 denote the corresponding maximum likelihood
estimate of the vector. To calculate 7, the algorithm is organized in the

following steps:
1. Start with an initial trial value for 7,

7(0) = {7x(0), Tar(0), Tk (0), 7er (0), ar (0) };

2. Substitute the components of 7(0) into the corresponding terms on

the right-hand side of formula (2.4) to obtain a trial value for Tapeqr ;
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3. Use (2.3) to obtain a trial value for 744, replacing the terms on the
right-hand side of (2.3) by the corresponding trial values found at the

previous step;

4. Obtain a trial value for 7y|qpcq by calculating 7|gpeq = ?b;dd’“;
aoc

5. Similarly, obtain a new trial value for 7; by calculating:

g = § Pabed Tk|abed;
a,b,c,d

6. By using the following expressions obtain new trial values for 7.k, Tpk, Tek,

and 7Tg:

R Zbcd pabcdﬁ-k|abcd

Tak — - )
Tk

" Zacd pabcdﬁ'k |abed

Tok = - 5
Tk

X > abd PabedTk|abed

Tek = ~ )
Tk

~ Zabc pabcdﬁ'kmbcd .

Tde = ~ )
Tk

7. Repeat the procedure from step 2 to obtain the next trial value for 7.

In this iterative procedure a latent class is deleted if the corresponding es-
timate tends to zero. The procedure converges to a solution to the system
of equations and to a corresponding likelihood. By trying various initial
trial values for 7 it is possible to compare the solutions obtained by the

corresponding likelihood values.

2.1.2 Example results

Picture 3.1 is a two-dimensional Multi Dimensional Scaling (MDS) rep-
resentation of the example considered. Size of points is proportional to the
number of units which overlap.

By applying the model described in the previous section to the data in
Table 2.1, we concluded that the underlying latent structure that better

accounts for the association between the manifest variables is described by
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Attitude towards situations of role conflict

.

o

Figure 2.1: Multi Dimensional Scaling of Stouffer and Toby (1951) dataset, in-
cluded in Goodman ([27])

two latent classes. This finding arises from comparing the values of some
goodness-of-fit test performed on different models (i.e. models with different
number of latent classes and/or with some parameter restrictions).

Table 2.2 contains the parameter estimates, for a model with a two-class
latent structure.

From Table 2.2 it is clear that, with respect to the joint manifest variable
(A, B,C, D), the modal levels are (+,+,+,+) and (+,-,-,-) for latent class
1 and 2, respectively. Furthermore, the second latent class is modal, since
7o is much larger than 71. Thus, most individuals (i.e. those in cluster
2) tend to be ‘intrinsically’ particularistic, except for situation A, whereas
individuals in cluster 1 tend to be ‘intrinsically’ universalistic.

Latent Class Analysis yields a probabilistic clustering approach. Al-
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Table 2.2: Estimated parameters in the latent structure applied to Table 2.1

Class

Latent @, 7y,  #h &5 #h
1 0279 0993 0.940 0.927 0.769
2 0721 0.714 0.330 0.354 0.132

Table 2.3: Classification of units from Goodman’s dataset according to Latent Class

Clustering
A B C D n; Clust A B C D n; Clust
+ + + + 42 1 -+ 4+ 4+ 1 2
+ 4+ + - 23 1 - 4+ + - 4 2
+ + - + 6 1 -+ - 4+ 1 2
+ + - - 25 2 - 4+ - - 6 2
+ - 4+ + 6 2 - - 4+ + 2 2
+ - + - 24 2 - -+ -9 2
+ - - 4+ 7 2 - - -+ 2 2
+ - - - 38 2 - - - - 20 2

though each object is assumed to belong to one class, it is taken into ac-
count that there is uncertainty about a unit’s class membership. For each
individual his posterior class-membership probabilities are computed from
the estimated model parameters and his observed score ([51]); units are thus
assigned to the class with the highest posterior probability. Classification of
units is in Table 2.3.

In Figure 2.2, which is analogue to Figure 3.1, we used different colours to
distinguish cluster membership. Clusters look well separated and of different

size.

2.2 Identifiability

So far we have presented how to estimate the set of parameters 7 of a
Latent Class Model, but we have not considered whether vector 7 is uniquely
determined. If it is so, we say it is identifiable; if 7 is identifiable within
some neighbourhood of 7 then it is locally identifiable. In his paper (][27]),
Goodman gave a useful sufficient condition for local identifiability.

In a latent class model, the number of parameters to estimate is equal
to:
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LatentGold clustering
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Figure 2.2: Data from Stouffer and Toby (1951) according to Latent Class Cluster-
ing
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P
= ij—(p—l) K -1
j=1

This set of parameters can be called ‘basic set’.
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The distributions resulting from the model lie in a space of dimension

H§:1 m; — 1, since all the joint probabilities sum to 1. When

P p
Hmj—1< ij—(p—l) K-1
j=1

Hmj< ij—(p—l) K, (2.12)
j=1

the number of parameters in the basic set exceeds the corresponding number
of joint probabilities, hence the parameters will not be identifiable.

If condition (2.12) is not verified, i.e. the number of parameters in the
basic set does not exceed the corresponding number of joint probabilities,
for each joint probability the derivative with respect to the parameters in

the basic set has to be calculated. A matrix consisting of H?:l m; — 1 rows

and (Z?Zl mj — (p— 1)) K — 1 columns is obtained. By extension of a
standard result about Jacobian, the parameters in the model will be locally
identifiable if the rank of the matrix is equal to the number of columns, i.e.
to the number of parameters in the basic set.

Notice that this condition only refers to local identifiability. A stronger
and easier result is proposed by Allman et al. ([3]) and it is outlined in the

following section.

2.2.1 Background

The study of identifiability asks whether one may, in principle, recover
the parameters of the distribution of some observed variables. Although
identification problem is not a problem of statistical inference in a strict
sense, non-identifiable parameters cannot be consistently estimated, thus
identifiability becomes a prerequisite of parametric statistical inference [3].

The classical definition of identifiability requires that for any two dif-
ferent values m # 7’ in the parameter space, the corresponding probability
distributions are different. In many cases, this map will not be strictly in-
jective. In the Latent Class Analysis for instance, the latent classes can be
freely relabelled without changing the distribution of the observations (i.e.

“label swapping”). In the following we will refer to generic identifiability,
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which means that the set of points for which identifiability does not hold
has measure zero. In other words, when the parameters of a latent class
model are generically identifiable any observed data set has probability one

of being drawn from a distribution with identifiable parameters.

2.2.2 Parameter identifiability of finite mixtures of finite mea-

sure products

The work of Allman et al. shows that it is possible to derive some
identifiability results for latent class models, by extending a fundamental
algebraic result of Kruskal ([46]) on 3-ways tables.

To do so, they observed that p categorical variables can be clumped into
3 agglomerate variables, so that Kruskal’s result can be applied. Here the

Theorem follows:

Theorem 2.2.2.1. Consider the latent class model with K latent classes
and p categorical variables xj, (j =1,...,p), with number of categories m;.
Suppose there ezists a tripartition of the set S = {1,...,p} into three disjoint

nonempty subsets S1, Sa, S3, such that if v, =[] m; then

JESh

min(K, v1) + min(K, v2) + min(K, v3) > 2K + 2. (2.13)
Then model parameters are generically identifiable, up to label swapping.

Let consider the special case of finite mixture of p Bernoulli products
with K components. In order to obtain the strongest identifiability result,
they chose a tripartition that maximized the left-hand side of inequality
2.13. This yielded the following Corollary.

Corollary 2.2.2.2. Parameters of the finite mizture of p different Bernoulli
products with K components are generically identifiable, up to label swap-
ping, provided

p = 2[logy K| +1,

where [z] is the smallest integer at least as large as x.

For the more general model with nominal variables with same number of
categories m; = m > 2, the lower bound on the number of variates needed

in order to generically identify the parameters, up to label swapping, is

p > 2[log,, K|+ 1.
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Despite its simple appearance, condition (2.13) is not easy to verify in an
exact automatic procedure. So far, the only way to do this is to consider all
the possible tripartition of the set of variables. Nevertheless, with reasonable
large numbers the procedure is timing acceptable.

Table 2.4 contains a summary of identifiable/nonidentifiable models for
some specific situations, according to condition 2.13.

The first column contains the number of latent classes considered (from
2 to 5), whereas the second one contains the lower bound at the right-hand
side of inequality (2.13), i.e. 2K+2, with K number of latent classes.

Only a selection of cases are in Table 2.4. In particular we include
some ‘border-line’ situations: for each number of latent classes, we show
the smallest number of categories for each variable needed in order to have
identifiability of parameters, for a given number of manifest variables.

By way of illustration, consider the case of a model with 3 latent classes
and 4 manifest variables. If at least one of the variables has more than two
categories then the parameters are generically identifiable. Instead, if the
considered variables are all binary there are no sufficient conditions to claim
identifiability.
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Table 2.4: General Identifiability - Summary

No. of Lower | No. of No. of R,
latent classes | bound | items | categories Identifiability
2 6 3 any Identifiable
3 2,23 Non-Identifiable
2,3,3 Identifiable
3 8 4 2,222 Non-Identifiable
2,2,2,3 Identifiable
2,3,4 Non-Identifiable
3 2,44 Identifiable
10 3,3,4 Identifiable
4 4 2,2,2,3 Non-Identifiable
2,2,3,3 Identifiable
5 2,2,2,22 Identifiable
3,44 Non-Identifiable
3 4,44 Identifiable
3,4,5 Identifiable
2,5,5 Identifiable
2,244 Identifiable
5 12 4 2,3,3,4 Identifiable
2,2,2,2.3 | Non-Identifiable
5 2,2,2,2.4 Identifiable
2,2,2.3,3 Identifiable
6 2,2,2,2,2.2 Identifiable




Chapter 3

Partitioning Around
Medoids

Clustering a set of n objects into k£ groups is usually motivated by the
aim of identifying internally homogeneous groups, which allow a summary
of the information.

Main approaches for clustering are usually distinguished into model-based
and distance-based methods (but there are more): the former assume that
objects belonging to the same class are similar in the sense that their ob-
served values come from the same probability distribution, whose parameters
are unknown and need to be estimated; the latter evaluate distances among
objects by a defined dissimilarity measure and, basing on it, allocate units
to the closest group. In other words, they aim to partition the observations
in such a way that objects within the same group are similar to each other,
whereas objects in different groups are as dissimilar as possible.

Hence, a partition of a set of objects is considered “good” if objects of the
same cluster are close or related to each other, whereas objects of different

clusters are far apart or very different.

3.1 The method

In this section we focus on the distance-based approach, presenting a
particular algorithm: the partitioning around medoids (PAM, developed by
L. Kaufman and P. J. Rousseeuw, [45]).

The idea of the partition around medoids approach is to find &k repre-
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sentative objects, which should represent special features or aspects of the
data. Specifically, they are those units for which the average dissimilarity
to all the objects of the same cluster is minimal. Each of them is called
the medoid® of the cluster. After finding the set of medoids, each object
of the data set is assigned to the nearest medoid. Note that it is similar to
the k-means algorithm, but here the centers are members of the data set
and not the cluster means. The aim is usually to uncover a structure that
is already present in the data, but sometimes it is used to impose a new
structure.

In the following we indicate a set of n observation with X
X ={z1,29,...,2,}

and the dissimilarity between objects z; and z; with d(z, 7).

3.1.1 Dissimilarity definition

Since PAM is a distance-based approach to clustering, the choice of the
dissimilarity measure is quite a central aspect to consider, because it is
supposed to reflect what is taken as ‘similar’.

A popular distance measure between two objects x; and z; on p variables

is the Fuclidean one:

dg(i, ) = \/(xil —z1)" + (2 = @j2)” + . (wip — 25p)°

= | > (@ —z)*.

=1

(3.1)

It corresponds to the true geometrical distance between the points of coor-
dinates (xj1, Zi2, ..., Tip) and (zj1, 52, ..., Zjp)-

According to its formula (3.1), the Euclidean distance tends to give the
variables with larger summand more weight because of the squares: it means
that two observations are treated as less similar if there is a very large
dissimilarity on one variable and small dissimilarities on the others than if
there is about the same (a little bit larger) dissimilarity on all variables.

Another well-known metric is the Manhattan (or city block or Ly) dis-

'In the cluster analysis literature they are sometimes called centrotypes.
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tance, defined by:

da(i,7) = |@in — zj1| + |22 — zjo| + . 4 zip — 2

P (3.2)
= |z -zl

=1

The use of the Manhattan distance is advised in those situations where,
for example, a difference of 1 in the first variable and of 3 in the second
variable is treated as a difference of 2 in both the first and the second ones.

Since we are in the context of categorical variables and we do not have
any prior knowledge about the variables it makes sense to choose the Man-
hattan distance as a measure of dissimilarity, so that what matters is the
number of disagreements.

Generally, different values of a nominal variable should not carry nu-
merical information, unless there are interpretative reasons that can justify
it. Therefore, when dealing with categorical variables it would be better
to replace them with binary indicator variables for all their values. Let m;
denote the number of categories of variable j; technically only m; — 1 bi-
nary variables would be needed to represent all information, but in terms
of dissimilarity definition, leaving one of the categories out would lead to

asymmetric treatment of the categories ([41]).

3.2 Description of the Algorithm

In the original version of the PAM algorithm, developed by Kaufman and
Rousseeuw (1987), the sum of the dissimilarities of objects to their closest
representative object was minimized (rather than the average dissimilarity).

The algorithm developed for PAM consists of two phases:

1. a BUILD phase, where an initial clustering is obtained by successive

selection of representative points until £ objects have been found;

2. a SWAP phase, where it is attempted to improve a set of representa-

tive objects and also to improve the clustering yielded by this set.

The algorithm is completely deterministic: the first object to be selected is

the one for which the sum of dissimilarities to all other objects is as small
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as possible. Following this heuristic principle, at each step another object
is selected, according to the highest decrease in an objective function. In

order to find this object, the following steps are carried out:
1. It considers an object ¢ which has not yet been selected.

2. It considers a non selected object j and calculates the dissimilarity
with all the previously selected objects; it then indicates with D; the
dissimilarity with the most similar one and with d(j,7) its dissimilarity

with object 4. It finally computes the difference between D; — d(j, 7).

3. If this difference is positive, object j will contribute to the decision to

select object 7. Therefore it calculates

4. Tt then calculates the total gain obtained by selecting object i:
2 Cir
J
5. It finally chooses the not yet selected object ¢ which yields

max E Cji .
7 .
J

This process continues until £ objects have been found. At the end of the
build phase, the algorithm attempts to improve the wvalue of the clustering,
which is defined as the sum of dissimilarities between each object and the
most similar representative object.

During this phase (the so called ‘SWAP’ phase), the process considers
all the pairs of objects (i,h), where i is an object that has been selected
and object h has not, in order to determine what effect is obtained on the
value of a clustering if a swap is carried out, namely if object 7 is no longer
selected but object h is.

Operatively, in order to evaluate the effect of a swap between ¢ and h

the algorithm:

1. firstly considers a nonselected object j and calculates its contribution

Cjin to the swap; two situations show up:
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a. If j is more distant from both ¢ and h than from one of the other
representative objects, Cj;, is zero;
b. If j is not further from ¢ than from any other selected represen-
tative object (i.e. d(j,i) = D;) then:
(i) either j is closer to h than to the second closest representative
object
d(j,h) < Ej

where Ej is the dissimilarity between j and the second most
similar representative object. In this case the contribution of

object j to the swap between objects ¢ and h is

(ii) or, alternatively, j is at least as distant from h as from the

second closest representative object
d(j,h) > Ej.
In this case the contribution of object j to the swap is
Cjin = Ej — D;.

In situation (i) the contribution Cj;, can be either positive or
negative, since it depends on the relative position of objects j, h
and . Obviously, if the contribution is positive it means that j
is closer to 7 than to A and so the swap is not favorable from the
point of view of object j. Differently, in situation (ii) the contri-
bution is always positive because it can never be advantageous
to replace ¢ by a point h which is further from j than the second

closest representative object.

c. If j is further away from ¢ than from at least one of the other
representative objects but closer to h than to any representative

object, the contribution of j to the swap is
Cjih = d(]a h) - Dj'

2. Then, it calculates the total result of a swap by adding the contribu-
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tions Cjp:
Tin = _ Cjin.
J

Once it calculates the result Tj;,, the algorithm has to decide whether to

carry out the swap. In order to do this
3. It selects the pair (i,h) which

min Tjp,.
ih
If the minimum is negative then the swap is carried out and the algo-
rithm returns to step 1. Whereas, if the minimum 7Tjj is positive or
0 it means that carrying out a swap will not improve the value of the

clustering and, hence, the algorithm stops.

Since all the potential swaps are considered, the results of the algorithm do
not depend on the order of the objects in the input file (unless there are
some ties among the distances between objects).

The original algorithm was written in Fortran, but currently a version for

the R software exists: pam function is available in the cluster R-package.

3.3 Example

In order to fully understand this approach, let’s consider again the ex-
ample from Goodman’s paper that we presented at page 8. Table 2.1 cross-
classifies 216 respondents with respect to whether they tend towards uni-
versalistic values (4) or particularistic values (—) when confronted by each
of four different situations of role conflict, labelled as ‘A’, ‘B’, ‘C’, ‘D’.

Picture 3.1 is a two-dimensional Multi Dimensional Scaling (MDS) rep-
resentation of the example considered. Size of points is proportional to the
number of units which overlap.

The first thing to do in order to classify the units is to compute a dis-
similarity matrix for all the observations; we considered the ‘full’ one, i.e.
the one that includes ties, so that observations are weighted according to
their frequency.

Furthermore, since the aim is to recover a separation between ‘univer-

salistic’ and ‘particularistic’, the number of clusters we are interested in is
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Attitude towards situations of role conflict
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Figure 3.1: Multidimensional scaling of Stouffer and Toby (1951) dataset, included
in Goodman ([27])

two.

Given all this information, by simply applying the pam function to the
dissimilarity matrix and by fixing the number of cluster to two, the algorithm
produces the classification, according to a distance-based approach.

In Figure 3.2, which is analogue to Figure 3.1, we used different colours to
distinguish cluster membership. Clusters look well separated and of similar
size.

Whereas, colours in Figure 2.2, page 14, indicate the cluster memberships
assigned by LCC approach.

In order to underline differences between the two clustering methods,

Table 3.1 shows the classification yielded by LCC and PAM.
Clusters obtained with LCC approach have size respectively 71 and 145,
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PAM clustering

Figure 3.2: Data from Stouffer and Toby (1951) according to PAM clustering

whereas clusters yielded by PAM have size respectively equal to 85 and 131.

Table 3.2 contains the values of the Average Silhouette Width (ASW)
and Pearson Gamma (PG) indexes (they will be fully described in Section
4.2). They can both be interpreted as a measure of the clustering quality;
they can take values from -1 to 1: 1 indicates a good clustering, whereas -1
indicates a poor one.

In this case, PAM produced a better clustering than Latent Class Clus-
tering in terms of similarity of observations belonging to the same cluster
and dissimilarity of observations from different clusters, because both its
ASW and PG are a bit higher than those relative to LCC.
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Table 3.1: Classification of units from Goodman’s dataset according to LCC and

PAM
A B C D n; LCC PAM
+ o+ o+ 4+ 42+ 1
+ 4+ + - 23+ 1
+ + -+ 6+ 1
+ + - - 25 2 2
+ - 4+ + 6 2 1
+ -+ - 24 2 2
+ - -+ T2 2
+ - - - 38 2 2
- 4+ o+ o+ 12 1
-+ o+ - 42 1
-+ -+ 12 1
N ) 2
- -+ o+ 22 1
- -+ -9 2 2
- - -+ 22 2
- - - 20 2 2

Table 3.2: Distance based statistics of LCC and PAM clustering of Goodman’s

dataset
Method Average Silhouette Width Pearson Gamma
Latent Class Clustering (LCC) 0.446 0.488

Partition Around Medoids (PAM) 0.493 0.585







Chapter 4

Simulations

In clustering, one may be interested in the classification of similar
objects into groups, and one may be interested in finding observations that
come from the same true homogeneous distribution.

In this framework, the main question is then: do both of these aims lead
to the same clustering? And how good are clustering methods designed to
fulfil one of these aims in terms of the other one?

In order to answer, two approaches, namely a latent class model (mix-
ture of multinomial distributions) and a partition around medoids one,

are evaluated and compared in a fairly wide simulation study.

4.1 Description of the study

The study would serve as a basis to understand similarities and differ-
ences in terms of classification performances of the two approaches and to
detect, if any, different roles played by data features.

Basically, simulations consisted of generating several data sets from dif-
ferent parameterizations. Then we applied the two clustering methods and
finally we compared the obtained classifications.

In particular, we have examined the impact of the following aspects:

o number of latent classes (2/3/5): we generated data from models with
2 and 5 latent classes, and in a few cases from 3 latent classes (namely
when the too small number of variables and levels would not have

allowed for 5 identified classes);
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e number of observed variables (4/12) and number of their categories
(2/4/8): data has been generated from models with small and large
number of variables; the variables considered each time were respec-
tively only binary, only 4-levels, only 8-levels variables and with a

different number of categories;

e entity of mixing proportions (extremely different/equal): data sets
were generated according to models that have allowed for different
mixing proportions and for clusters supposed to have about the same

size;

e cxpected cluster separation (clear/unclear): parameters values have
been chosen with the idea of having, on one hand, a situation where
clusters do not have a clear characterization (hence one would expect
to have overlapped clusters) and, on the other hand, a situation where
clusters have an evident characterization (therefore one would expect

to have clearly separated clusters)

e number of units for each data set (small samples/big samples): for each
of the previous framework we generated data sets with a small number
of units, typically one hundred (but in a few cases two hundred or five
hundred, depending on the sample size needed in order to estimate the

model), and a big number of units, namely one thousand.

From the combination of all these specific features we obtain 128 settings,
which we call ‘patterns’. These are schematized in Tables 4.1, 4.2, 4.3 and
4.4.

For each pattern 2000 different data sets were generated with the La-
tent Gold® software and the true classification of units has been recorded.
Then we estimated the model according to a model-based approach with
the same (commercial) software and with a distance-based method (using
pam function, contained in the R-package cluster, dissimilarity measure =
manhattan). We also estimated the model, again according to a maximum
likelihood approach, with an open-source software (using an EM algorithm,
implemented as a function lcmixed in the R-package fpc), with the aim of
comparing results, precision and time with Latent Gold.

Latent Class analysis yields a probabilistic clustering approach. Al-

though each object is assumed to belong to one class, it is taken into account
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Table 4.1: Simulations with binary variables only - Summary

No. 'blnary No. clusters Mlxm.g Cluste'zr No. units
variables Proportions | separation
100
Clear 1000
Extreme
Unclear 00
1000
2 cl
Clear 0
1000
Equal
Unclear 0
4 1000
Clear o
1000
Extreme
Unclear U0
1000
3cl
Clear 100
e 1000
Equal
Unclear 0
cea 1000
100
Clear 1000
Extreme
Unclear 00
1000
2 cl
Clear 0
1000
Equal
Unclear 0
1000
12
Clear 00
1000
Extreme
Unclear 0
5 dl 1000
Clear 1D
1000
Equal 100
Unclear

1000
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Table 4.2: Simulations with 4-level variables only - Summary
No. O.f N(.)' of No. clusters Mlxm'g Cluste?r No. units
categories | variables Proportions | separation
100
Clear 1000
Extreme
Unclear ML
9 ¢l 1000
: Clear L0
1000
Equal
Unclear A0
) cea 1000
Clear o
1000
Extreme
Unclear 1
-l cea 1000
C Clea AL
g 1000
Equal
Unclear L
A 1000
100
Clear 1000
Extreme
Unclear AL
9 ol 1000
¢ Cloa 100
e 1000
Equal
Unclear o
. 1000
Clear 200
e 1000
Extreme
Unclear 200
5l 1000
’ Clear 200
1000
Equal 200
Unclear

1000
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Table 4.3: Simulations with 8-level variables only - Summary
No. Of PQ?, of No. clusters Dﬂlx1gg (jhlSt?r No. units
categories | variables Proportions | separation
100
Clear 1000
Extreme
Unclear A
5 ol 1000
’ Clear L
1000
Equal
Unclear AL
cea 1000
' Clear 200
1000
Extreme
Unclear 200
- cea 1000
C Clear 200
1000
Equal
Unclear 200
1000
8 200
Clear 1000
Extreme
Unclear 200
9 ol 1000
¢ a1 200
car 1000
Equal
Unclear 200
1000
2 o 500
car 1000
Extreme
Unclear 800
5l 1000
: Clear &0
1000
Equal 500
Unclear

1000
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Table 4.4: Simulations with mixed no. of level variables - Summary
No. O.f N(.)' of No. clusters Mlxm'g Cluste?r No. units
categories | variables Proportions | separation
100
Clear 1000
Extreme
Unclear ML
9 ¢l 1000
: Clear L0
1000
Equal
Unclear 0
) ) cea 1000
o Clear o
1000
Extreme
Unclear 1
-l cea 1000
C Clea AL
g 1000
Equal
Unclear 1
1000
100
Clear 1000
Extreme
Unclear AL
9 ol 1000
C Clear A0
Bewal e 1000
222 o Unclear o
333 1000
4444 2 o 200
88 cat 1000
Extreme
Unclear 200
5l 1000
’ Clear 200
1000
Equal 200
Unclear

1000




4.1 Description of the study 35

that there is uncertainty about a unit’s class membership. For each indi-
vidual the posterior class-membership probabilities are computed from the
estimated model parameters and his observed score ([51]); units are thus

assigned to the class with highest posterior probability.

In order to find ML estimates for the model parameters, Latent GOLD
uses both EM and Newton-Raphson algorithms: the estimation process
starts with 250 EM iterations. When close enough to the final solution, the
program switches to Newton-Raphson, carrying on for other 50 iterations.

To avoid local maxima, each process has been started from 20 different sets.

This is a way to exploit the advantages of both algorithms; that is, the
stability of EM even when it is far away from the optimum and the speed of
Newton-Raphson when it is close to the optimum [75]. The exact algorithm
implemented in Latent GOLD works as follows. The program starts with
EM until either the maximum number of EM iterations (Iteration Limits
EM) or the EM convergence criterion (EM Tolerance) is reached. Then, the
program switches to NR iterations which stop when the maximum number
of NR iterations (Iteration Limits Newton-Raphson) or the overall converge
criterion (Tolerance) is reached. The convergence criterion that is used is the
sum of the absolute relative changes in the parameters. The program also
stops iterating when the change in the log-posterior is negligible, i.e., smaller
than 10~'2. The program reports the iteration process in the Iteration Detail
output file listing. Thus, it can easily be checked whether the maximum
number of iterations is reached without convergence. In addition, a warning
is given if one of the elements of the gradient is larger than 1073, It should
be noted that sometimes it is more efficient to use only the EM algorithm,
which is accomplished by setting Iteration Limits Newton- Raphson = 0
in the Technical Tab. This is, for instance, the case in models with many

parameters.

When using the open source software, data sets are processed through
lcmixed, a R function contained in fpc package. It allows to fit a latent
class mixture model, with both continuous and categorical variables. In
particular, categorical ones are modelled within components by independent
multinomial distributions. The fit is by maximum likelihood estimation
computed with the EM-algorithm. Also in this case, 20 sets are used as

starting points, in order to avoid local maxima.
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4.2 Measures of comparison

Once all the models have run, in order to compare the obtained clas-
sifications we use three indexes: the Adjusted Rand Index, the Average
Silhouette Width and the Pearson Gamma [43].

Adjusted Rand Index

The Rand Index is a measure of the similarity between two data cluster-
ings.
Given a set of n elements S = {Oy,...,0,} and two partitions of S to

compare, U = {uq,...,ur} and V = {v1,...,vc}, the following is defined:

e g, the number of pairs of elements in S that are in the same set in U

and in the same set in V;

e b, the number of pairs of elements in S that are in different sets in U

and in different sets in V;

e ¢, the number of pairs of elements in S that are in the same set in U

and in different sets in V;

e d, the number of pairs of elements in S that are in different sets in U

and in the same set in V;
The Rand index, R, is:

B a+b _a+b
Ca+b4c+d )

Intuitively, a + b can be considered as the number of agreements between U
and V and ¢ + d as the number of disagreements between U and V.

The Adjusted Rand Index (ARI) is the corrected-for-chance version
of the Rand index:

ART — Index — Expected Index

Mazximum Index — Expected Index’

In this context, the ARI is used to compare the classifications yielded
by a model-based and a distance-based clustering approach with respect to
what is recorded as ‘true’ cluster membership. The uncorrected version has

a value between 0 and 1, with 0 indicating that the two data clusters do



4.2 Measures of comparison 37

not agree on any pair of points and 1 indicating that the data clusters are

exactly the same.

Average Silhouette Width

For a partition of n units into k clusters (', ..., C, suppose object i has
been assigned to cluster C,. We indicate with a(i) the average dissimilarity

of i to all other objects of cluster Cj:

a(i,h) = a(i) |Ch|_1Zd2]

JjeCy
This expression makes sense only when C}, contains other objects other than

i. Let consider now any cluster C; different from C} and define the average

dissimilarity of ¢ to all objects of C;

d(i,Cp) = Zdzy

jEC

After computing d(i, C) for all clusters C; different from C},, we select
the smallest of those:

b(i) = min d(i, C
(i) win (i, C)

The cluster for which this minimum is obtained is call neighbour of object

1; this is like the second-best choice for object 1.

The silhouette s(i) is obtained by combining a(i) and b() as follows:

s(z’)zl—zgi if a(i) < b(4)
—0 if a(i) = b(i) (4.1)
_ )y if a(i) > b(i)

(4.2)

This can be rearranged in one formula

b(i) — a(i)

max a(i),b(i)’

s(i) =
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And it can be easily seen that
—1<s(i) <1

for each object 1.

When s(7) is at its largest (that is, close to 1), this implies that the
‘within’ dissimilarity a(i) is much smaller than the smallest ‘between’ dis-
similarity b(i). Therefore, we can say that 7 is well classified: the second
best choice is not nearly as close as the actual choice.

When s(i) is about zero, then a(i) and b(7) are approximately equal and
so it is not clear whether ¢ should have been assigned to C}, or to C, it lies
equally far away from both.

The worst situation takes place when s(i) is close to -1, when a(7) is
actually much larger than b(i), and hence i lies on average closer to ()
than to C}; therefore it would have seemed better to assign object i to its
neighbour.

The silhouette s(i) hence measures how well unit ¢ has been classified.
By computing the average of the s(i), calculated for all the observations
i =1,...,n, we obtain the so called average silhouette width (ASW):

1
s(i) == s(i,k). (4.3)

n -
=1

If k£ is not fixed and needs to be estimated, the ASW estimate kg is
obtained by maximizing equation 4.3. Its expression leads to a clustering
that emphasises the separation between the clusters and their neighbouring
clusters.

For further references see ([43], [44]).

Pearson Gamma

The Pearson Gamma (PG) index is the Pearson correlation p(d, m)
between the vector d of pairwise dissimilarities and the binary vector m
that is 0 for every pair of observations in the same cluster and 1 for every
pair of observations in different clusters.

PG emphasises a good approximation of the dissimilarity structure by
the clustering in the sense that observations in different clusters should be

strongly correlated with large dissimilarity.
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For further details see Halkidi, Batistakis and Vazirgiannis ([34]) and
Hennig ([40]).

Comments

It is worth to notice that both the Average Silhouette Width and the
Pearson Gamma are usually used to estimate the number of clusters. Since
here the number of latent classes is assumed to be fixed and known, these
indexes are used to compare the quality of the clustering.

Furthermore, since Latent Class Clustering is by definition aimed to
recover the ‘true’ classification we expect it to perform better than PAM
in terms of Adjusted Rand Index; whereas, since PAM is a distance-based
approach, we expect it to perform better than Latent Gold in terms of

Average Silhouette Width and Pearson Gamma.






Chapter 5

Visualization

Visualization is a key feature in clustering and it is a very useful tool in
understanding data structure. Data display shows how units are located in
a specific space and some considerations may spring from such a graphical
representation. For example, in an exploratory phase it may give some
insights in determining the appropriate number of clusters, or it may help
to understand how clusters look like and which clustering method is the best
in order to identify them. Of course, information coming from a graphical
representation should be integrated with some theoretical information when

available, so that a complete set of information is used.

Data display is not uniquely intended for an exploratory use; a common
and interesting use of the graphical representations is the plot of the classi-
fication obtained from a clustering method. Visualization of the results can
help in understanding and in interpreting the outcome, as well as it helps

to detect uncertainty and unexpected allocations.

On the other hand, it is not always very easy to produce meaningful
representations, in particular when dealing with categorical data. Indeed,
by definition categorical data does not lie onto an Euclidean space and thus

its representation is not straightforward.

A statistical tool that proved to produce effective representations of cat-

egorical data is the MultiDimensional Scaling.
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5.1 Multidimensional Scaling

Multidimensional scaling (MDS) is a set of related statistical techniques
often used for exploring similarities or dissimilarities in data. It actually
concerns the problem of constructing a configuration of n points in the Eu-

clidean space using information about the distances between the n objects.

Starting with a distance matrix D, the aim of MDS is to find points
Py,...,P, in k dimensions such that if d,; denotes the Euclidean distance
between P, and P;, then D is “similar” in some sense to D. The points P,
are unknown and usually the dimension £ is also unknown; in practise it is

usually limited to 1,2 or 3 in order to being able to visualize the data.

The configuration produced by any MDS method is indeterminate with
respect to translation, rotation, and reflection. In general, if P, ..., P, with
coordinates X; = (pi1y.--,p1k), ¢ = 1,...,n represents an MDS solution in
k dimensions, then

yi=Ap;+b, i=1,...,n,
is also a solution, where A is an orthogonal matrix and b is any vector.

Two main types of solution can be distinguished: non-metric and metric
methods of multidimensional scaling. The former use only the rank order of
the distances

n(n —1)

Tm,Sm m = 2 )

ry o) < dpysy <...<d

where (71, 51),...,(r1,s1) denotes all pairs of subscripts of r and s, r < s.

The rank orders are invariant under monotone increasing transforma-
tions f of the d,s. Therefore the configurations which arise from non-metric
scaling are indeterminate not only with respect to translation, rotation, and

reflection, but also with respect to uniform expansion or contraction.

Differently, the metric methods are the solutions which try to obtain P;
directly from the given distances. These methods derive P, such that, in
some sense, the new distances cfrs between points P, and P; are as close to

the original d,s as possible.

For further details on the method see Mardia, Kent, Bibby (1979, [54]).
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5.2 Graphical representations of the simulation re-

sults

In general, the purpose of MDS is to provide a “picture” which can be
used to give meaningful interpretation of the data.

In this context data are simulated so there is not a proper interpreta-
tion to derive. Nevertheless, we are interested in comparing two clustering
methods and in understanding possible differences, therefore a visualization
of the obtained classifications is useful in this sense.

We selected one data set for each pattern and we compute the MDS,
by using the function cmdscale (contained in the library MASS of the R
statistical software). In order to identify differences in the allocation of the
units, we plot the data by using different colours, according to the cluster
memberships. In particular, for each data set we computed four different
plots, one for each clustering method: the ‘true’, the LatentGold®, the PAM
and the lcmixed outcomes.

Size of points is proportional to the number of points that overlap; when
units of different clusters overlap the surface of the circles is divided into
sectors of the corresponding colour and of width proportional to the points
belonging to the corresponding cluster.

In this section we present only a selection of cases.

Figure 5.1 refers to one of the simplest cases: there are four binary
variables and two clusters of different size. According to the parametrization,
clusters were supposed to overlap; in fact, the true clustering reveals that
some overlapping points do belong to different clusters. Furthermore it can
be seen that the clustering yielded by LatentGold® and lcmixed looks the
same. Finally, with respect to the model-based clustering, PAM has assigned
a larger number of points to the ‘blue’ cluster.

In Figure 5.2 the number of clusters is three, and the true clustering
shows that there are many overlapping points that have been assigned to
different groups. Despite the parametrization, in the other situations clus-
ters look well separated; again PAM tends to produce clusters of the same
size, allocating more units to cluster ‘green’.

The dataset in Figure 5.3 has four variables, and there are three clusters
of about the same size that are supposed to overlap. Model-based clustering

looks clearer and tidier than PAM clustering; this can be due to the fact



44

5. Visualization
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Figure 5.1: 4 binary variables, 2 clusters, different mixing proportion, unclear sep-
aration - 100 units
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Figure 5.2: 4 binary variables, 3 clusters, different mixing proportion, unclear sep-
aration - 100 units
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Figure 5.3: 4 binary variables, 3 clusters, equal mixing proportion, unclear separa-
tion - 100 units

that here we are considering only two dimensions.

Figure 5.4 considers a dataset with twelve binary variables. According
to the parametrization, the two clusters are supposed to be clearly separated

and of about the same size; the four plots are indeed very similar.

Figure 5.5 represents a dataset with twelve binary variables; there are
five clusters of different size which are expected to be partially overlapped.
In this framework, the cloud of points is actually quite chaotic; in the model-
based clustering the five groups appear more delineated than they are in the

distance-based one.

The dataset in Figure 5.6 has 12 binary variables and there are 5 well
separated clusters. Indeed, across the four clustering outcomes the classifi-

cation of points is very similar.

Figure 5.7 refers to a dataset with twelve 4-level variables; there are
two clusters of different size that are not very well separated. In these
representations, indeed, it is quite difficult to identify the two groups. This
may be due to the fact that we are considering only two dimensions; it
is possible that some orthogonal transformations can improve the global

visualization of the clustering.
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Figure 5.4: 12 binary variables, 2 clusters, equal mixing proportion, clear separation
- 1000 units
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Figure 5.5: 12 binary variables, 5 clusters, different mixing proportion, unclear sep-
aration - 1000 units
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Figure 5.8: 12 4-level variables, 5 clusters, different mixing proportion, clear sepa-
ration - 1000 units

Figure 5.8 refers to a dataset with twelve 4-level variables; there are
five clusters that are expected to be separated. Indeed the classification is
similar across the different clustering outcomes and the groups appear well
defined.

Dataset in Figure 5.9 considers four categorical variables with different
number of categories. The true clustering shows a high degree of uncertainty:
there are many overlapped points that actually belongs to different groups.
Despite this situation, the clustering yielded by the two approaches looks
clean and tidy, even though there are few differences in the allocation of
some units.

Dataset represented in Figure 5.10 has four variables with different num-
ber of categories. Groups are in general well defined and separated, even
though the true clustering highlights a few overlapped points that belong
to different clusters. The model-based and the distance-based clustering do

not look much different.
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Figure 5.9: 4 mixed-no-level variables, 2 clusters, equal mixing proportion, unclear
separation - 100 units
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Chapter 6

Results

In this chapter we present the outcomes of the simulations we carried
out. Since the amount of output is very big, here we will discuss the main

results only. For a detailed review see the Appendix A.

6.1 Simulation outcomes

6.1.1 Simulations with binary variables only

Table 6.1 and Table 6.2 contain the average values of the Adjusted Rand
Index, Average Silhouette Width and Pearson Gamma indexes (discussed
in Section 4.2) for each simulation pattern which involved binary variables
only, with respectively expected unclear and clear cluster separation.

A model-based clustering approach is generally aimed to recover the
‘true’ probability distribution that generated the observed data and it as-
signs units to the latent class with highest posterior probability. Since obser-
vations are generated from a specific probability distribution (more specifi-
cally the one assumed by LCC), namely a mixture of binomial distributions,
we expected Latent Gold to perform better than PAM in terms of Adjusted
Rand Index, i.e. we expect Latent Gold to recover an higher proportion of
‘true’” memberships with respect to PAM.

By looking at the Table 6.1 we can see that values of the ARI are gen-
erally higher for Latent Gold, given the other data features.

Notice that differences between the two approaches in terms of ARI get
smaller if clusters are expected to be (according to the parametrization that

generated the data) clearly separated. Indeed, from Table 6.2 we can see that
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their values are really close to each other; nevertheless almost all of these
differences are significant, because standard errors (written in brackets) are
fairly small (maybe thanks to the fact that the number of n simulations for
each pattern is 2000).

On the other hand, since PAM is a distance-based clustering method,
we expected it to perform better than LG in terms of Average Silhouette
Width and Pearson Gamma indexes.

From Table 6.1 we see that as long as the number of the considered
variables is small (i.e. equal to 4) PAM actually behaved better than LG
in terms of those dissimilarity criteria, even though differences are generally
low.

What is surprising, according to our expectations, is not that LG in many
cases performed at least as good as PAM, but rather that in some other
cases it was even much better. On one hand this is encouraging, because
it means that whenever we are interested in finding the true clustering we
often success in getting clusters that are internally homogenous. On the
other hand, this is not a very good point for PAM.

When clusters are expected to be clearly separated the two approaches
generally yielded similar results, even though there are cases where LG was
slightly better.

6.1.2 Simulations with 4-level variables only

When the number of categories for each observed variable increased from
two to four, performances of the two approaches did not change so much and
we can make considerations similar to those of the previous section. Details
are in Table 6.3 and in Table 6.4.

The only difference is that PAM performed a little bit better in terms of

ASW and PG when clusters were not expected to overlap.

6.1.3 Simulations with 8-level variables only

When the number of categories for each observed variable increased to
eight, from Table 6.5 we can see that both Latent Gold and PAM are less
able to find the true clustering, since values of the ARI are lower than those
of Table 6.1 or of Table 6.3.

As we observed in Section 6.1.1, PAM shows its better performance in
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Table 6.2: Average values (and their standard errors) of ARI, ASW and PG indexes: binary variables only and clear cluster separation
No.Var | K | Mixing Prop. | No.obs ARIlg ARIpam ASWtr ASWlg ASWpam PGtr PGlg PGpam
Differens | Small | 914 oomv 819 (.002) | .728 So: 739 (. oo: 731 (.001) | .824 So: 838 (.001) 839 (.001)
) Big | .935 (.000) .819 (.001) | .729 (.000) .739 (.000) .732 (.000) | .826 (.000) .838 (.000) .840 (.000)
Equal Small | .898 (.001) .896 (. oo: 754 (.001) 763 (.001) .761 Aoo: 862 (.001) .871 (.001) .869 (.001)
A Big | .898 (.000) .897 (.000) | .754 (.000) .762 (.000) .761 (.000) | .862 (.000) .870 (.000) .869 (.000)
Differey | Small | 544 (002) 469 (.003) | 446 (.001) 556 (-001) 560 (.001) | .588 (.001) 668 (.001) 651 (.001)
) Big | .580 (.001) .479 (.002) | .450 (.000) .540 (.001) .540 (.001) | .589 (.000) .658 (.000) .646 (.001)
Equal Small | .554 (.002) .546 (.002) | .469 (.001) .578 (.001) .540 (.001) | .598 (.001) .674 (.001) .650 (.001)
Big | .556 (.001) .546 (.001) | .470 (.000) .570 (.001) .535 (.001) | .597 (.000) .667 (.000) .648 (.000)
Differens | Small | 980 (001) 912 (002) | 398 (.001) 398 (. oo: 395 (. 8: 655 (.001) .656 (.001) .664 (.001)
) Big | .988 (.001) .934 (.001) | .399 (.000) .400 (.000) .399 (.000) | .658 (.000) .659 (.000) .670 (.000)
Bqual Small | .983 Aoo: 952 (.001) | .411 (.001) .411 (.001) .413 (.001) | .739 (.001) .740 (.001) .743 (.001)
. Big | .988 (.000) .961 (.000) | .412 (.000) .412 (.000) .414 (.000) | .740 (.000) .741 (.000) .745 (.000)
Differey | Small | 844 (001) 846 (001) | 461 (001) 476 (.001) 470 (.001) | .643 (.001) 650 (.000) 646 (.000)
. Big | .869 (.000) .844 (.001) | .467 (.000) .479 (.000) .476 (.000) | .643 (.000) .652 (.000) .646 (.000)
Equal Small | .912 (.001) .922 (. oo: 536 (.001) .543 (.001) .542 (.001) | .677 (.000) .681 (.000) .680 (.000)
Big | .922 (.001) .921 (.000) | .540 (.000) .547 (.000) .546 (.000) | .676 (.000) .681 (.000) .680 (.000)
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Table 6.4: Average values (and their standard errors) of ARI, ASW and PG indexes: 4-levels variables only and clear cluster separation
No.Var | K | Mixing Prop. | No.obs ARIlg ARIpam ASWtr ASWlg ASWpam PGtr PGlg PGpam
Different | Small | 628 (004) 169 (. 89 257 (.001) 278 (.001) .197 (.001) | .424 (.001) .463 (.001) .310 (.003)
) Big | .740 (.001) -.024 (.000) | .258 (.000) .281 (.000) .147 (.000) | .425 (.000) .456 (.000) .196 (.000)
Equal Small | .644 (.002) .098 (.001) | .200 (.001) .218 (.002) .522 (.000) | .209 (.001) .230 (.002) .480 (.001)
A Big | .711 (.001) .093 (.000) | .200 (.000) .212 (.000) .507 (.000) | .208 (.000) .221 (.001) .458 (.000)
Differey | Small | 463 (002) 539 (.002) | 245 (.001) .316 (.001) .322 (.001) | 517 (.001) 584 (.001) 592 (.003)
5 Big | .564 (.001) .554 (.001) | .254 (.000) .328 (.000) .330 (.000) | .518 (.000) .598 (.000) .597 (.000)
Equal Small | .505 (.002) .604 (.002) | .269 (.001) .331 (.001) .342 (.001) | .528 (.001) .591 (.001) .606 (.001)
Big | .603 (.001) .609 (.001) | .278 (.000) .350 (.000) .350 (.000) | .529 (.000) .610 (.000) .607 (.000)
Different | Small | 980 (001) 912 (002) | .398 (.001) .398 (.001) .395 (.001) | 655 (001) 656 (.001) 664 (.001)
) Big | .988 (.001) .934 (.000) | .399 (.000) .400 (.000) .399 (.000) | .658 (.000) .659 (.000) .670 (.000)
Equal Small | .983 (. oo: 952 (.001) | .411 (.001) .412 (.001) .413 (.001) | .739 (.001) .740 (.001) .743 (.001)
. Big | .988 (.000) .962 (.000) | .412 (.000) .412 (.000) .414 (.000) | .740 (.000) .741 (.000) .745 (.000)
Different | Small | 938 (001) 941 (001) | .332 (.000) .334 (.000) 333 (.000) | 734 (000) 736 (.000) 736 (.000)
_ Big | .958 (.000) .957 (.000) | .335 (.000) .338 (.000) .337 (.000) | .735 (.000) .739 (.000) .738 (.000)
° Betal Small | .929 (.001) .935 (.001) | .328 (.000) .330 (.000) .329 (.000) | .719 (.000) .721 (.000) .720 (.000)
qua Big | .952 (.001) .952 (.000) | .330 (.000) .333 (.000) .333 (.000) | .720 (.000) .724 (.000) .723 (.000)
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terms of ASW and PG when the number of variables is fairly small. But
not when clusters are supposed to be separated (Table 6.6): in those cases,
surprisingly PAM performed at most as well as LG. Values themselves are
not low, they are actually very good, but no longer better than those from
LG clustering.

When the number of variables is 12, again PAM performed a little bit

worse than LG.

6.1.4 Simulations with variables having different number of
categories

Lastly, we have considered the case where the variables do not have the

same number of categories, and specifically with:

e 4 variables, we had one binary variable, two variables with three cat-

egories and one variable with four categories;

e 12 variables, we had three binary variables, three variables with three
levels, four variables with four categories and two variables with eight

categories

In this framework, again Latent Gold performed better than PAM in
finding the true clustering, but the outcome of the latter was not much
worse (see Table 6.7). It has to be said that the average performances of the
two approaches are much higher if we consider the situations where clusters
are supposed to be clearly separated (see Table 6.8).

According to dissimilarity criteria, PAM clustering scored a bit higher
values than LG for both ASW and PG as far as we consider a small number
of variables; when we include 12 variables the two approaches performed
about the same.

When the clusters are expected to be clearly separated (see Table 6.8)
there is no particular evidence to prefer one of the two methods in terms of

ASW and PG, because values are about the same here, too.

6.1.5 General considerations

Overall, the simulations we carried out tell us that, in terms of recovering
the ‘true’ clustering (according to a ‘true’ unknown model), the Latent Class

Clustering generally behaves better, yielding better results in terms of ARI,
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Table 6.5: Average values (and their standard errors) of ARI, ASW and PG indexes: 8-levels variables only and unclear cluster

o8

separation
No.Var | K | Mixing Prop. | No.obs ARIlg ARIpam ASWtr ASWlg ASWpam PGtr PGlg PGpam
Different | Small | 016 (.001) -.001 Aoo: 1026 258 1099 (.000) .106 (.000) | .058 (. oo: 221 (.001) .229 (.001)
) Big | .032 (.001) -.003 (.000) | .027 (.000) .066 (.000) .095 (. 88 058 (.000) 125 (.001) .204 (.000)
Equal Small | .013 (.001) .006 (.001) | .013 (.000) .086 (.000) .076 (.000) | .035 (.000) .220 (.001) .184 (.001)
A Big | .024 (. oo: .005 (.000) | .014 (.000) .052 (.000) .063 (.000) | .036 (.000) .110 So: 146 (.000)
Different | Small | 030 (.000) 024 (.000) | -.016 (.000) 075 (.000) .076 (.000) | .072 (.000) 283 (.000) 283 (.000)
5 Big | .044 (.000) .007 (.000) | -.005 (.000) .045 (.000) .059 (.000) | .071 (.000) .205 (.000) .137 (.000)
Equal Small | .031 (.000) .026 (.000) | -.013 (.000) .075 (.000) .075 (.000) | .072 (.000) .283 (.000) .280 (.000)
Big | .042 (.000) .009 (.000) | -.004 (.000) .046 (.000) .056 (.000) | .072 (.000) .207 (.000) .133 (.000)
Different | Small | 135 (.004) 004 (.001) | .037 (.000) 038 (.000) .029 (.000) | .140 (.000) 151 (.001) .15 (.000)
) Big | .586 (.001) .002 (.000) | .038 (.000) .044 (.000) .026 (.000) | .140 (.000) .154 (.000) .101 (.000)
Equal Small | .579 (.002) .105 (.002) | .046 (.000) .051 (.000) .030 (.000) | .203 (.000) .224 (.000) .129 (.001)
. Big | .710 (.001) .128 (.002) | .046 (.000) .051 (.000) .029 (.000) | .204 (.000) .224 (.000) .122 (.000)
Different | Small | :201 (.001) 050 (.000) | .015 (.000) 026 (.000) .019 (.000) | .151 (.000) .186 (.000) .51 (.000)
5 Big | .350 (.001) .054 (.000) | .016 (.000) .026 (.000) .019 (.000) | .151 (.000) .185 (.000) .142 (.000)
ol Small | .137 (.001) .034 (.000) | .010 (.000) .024 (.000) .019 (.000) | .124 (.000) .175 (.000) .144 (.000)
dua Big | .263 (.001) .036 (.000) | .012 (.000) .022 (.000) .018 (.000) | .124 (.000) .165 (.000) .134 (.000)
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Table 6.7: Average values (and their standard errors) of ARI, ASW and PG indexes: mixed no.-levels variables only and unclear
cluster separation

60

No.Var | K | Mixing Prop. | No.obs ARIlg ARIpam ASWtr ASWlg ASWpam PGtr PGlg PGpam
Different | Small | 052 (002) 028 (.001) | 067 (.001) 214 Aoo: 222 (.001) | .094 (.001) 284 (.002) .334 (.001)
) reren Big | .105 (.002) .014 (.000) | .160 Soc 1192 (.000) .185 (.001) | .182 (.002) .mmioo: 266 (.001)
Botal Small | .016 (. oo: 011 (.001) | .028 (.000) .202 (.001) .215 (. oo: 040 (. oo: 272 (.002) 328 go:
A d Big | .013 (.000) .003 (.000) | .029 (.000) .121 (.002) .190 (.000) | .040 (.000) .142 (.003) .287 (.000)
Different | Small | :035 (001) 035 (.001) | -.068 (.000) 217 (.001) .237 (.001) | .070 (.001) 443 (.001) .452 (.001)
_ Big | .031 (.000) .033 (.000) | -.036 (.000) .109 (.002) .209 (.000) | .070 (.000) .337 (.002) .407 (.000)
° Botal Small | .040 (.001) .042 (.001) | -.059 (.000) .220 (.001) .236 (.001) | .081 (.001) .446 (.001) .452 (.001)
qua Big c 5 (.000) .042 (.000) | -.037 (.000) .109 (.001) .206 (.000) | .080 (.000) .338 (.002) .404 (.000)
Different | Small | 121 (004) 027 (.001) | 070 (.000) 084 (.000) .074 (.000) | .164 (.001) 200 (.001) .194 (.001)
) Big | .521 (.001) .012 (.001) | .071 (.000) .089 (.000) .057 (.000) | .165 (.000) .192 (.001) .146 (.000)
Botal Small | 281 (.003) .118 (.002) | .071 (.000) .093 (.000) .085 (.000) | .194 (.001) .238 (. oo: 230 (.001)
. d Big | .517 (.001) .176 (.002) | .072 (.000) .091 (.000) .082 (.000) | .195 (.000) .246 (.000) .223 (.000)
Different | Small | 132 (001) 104 (.001) | 023 (.000) 058 (.000) .060 (.000) | .202 (.000) 263 (.000) .275 (.000)
5 Heren Big | .331 (.001) .128 (.000) | .028 (.000) .055 (.000) .054 (.000) | .202 (.000) .264 (.000) .251 (.000)
Botal Small | .145 (.001) .111 (.000) | .023 (.000) .061 (.000) .061 (.000) | .205 (.000) .281 (.001) .287 (.000)
qa Big | .319 (.001) .141 (.001) | .027 (.000) .055 (.000) .054 (.000) | .206 (.000) .273 (.000) .265 (.000)
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even when the clusters are supposed to overlap. When clusters are expected
to be somehow separated, then a PAM approach would not make the results
worse.

PAM’s performances improve when the mixing proportions of the com-
ponents of the mixture that generate the data are about the same, i.e. when
the clusters have about the same size. Maybe this is due to the fact that
in general PAM seems to provide equal-sized clusters (similarly to what the
information criterion clustering does, in Celeux [14]).

What is more surprising is that Latent Gold, by trying to put together
observations coming from the same distribution, accomplished to get similar
observations together and to separate objects that are very different in a way
that is not much worse than a distance-based method (as PAM) usually does,
and actually sometimes LG works even better.

Of course this does not mean that PAM should not be used anymore,
since there are still situations in which it works better than Latent Gold.
Moreover, it has to be considered that in this simulation study we imposed
the number of classes, according to a parameterization (and so to a prob-
abilistic model); this does not necessarily exclude that if we allowed the
number of classes k to vary PAM could have worked better.

Finally, notice that both LG and PAM obtained values of ASW and PG
higher than the true clustering. It does not mean that they are better than
the ‘truth’, but sometimes observations coming from different groups are
more similar to each other than objects in the same class. The amount of
quality they ‘lose’ by not finding the true class membership they gain in

terms of similarity/dissimilarity, which is a good tradeoff.

6.2 Analysis of Variance of the differences between

Latent Class Clustering and Partition Around
Medoids

In this chapter we have discussed the results of the simulation study and
from the considerations we made it results that performances (in terms of
quality of clustering) of the two approaches highly depend on data features,
even though the direction of the dependence is not always very clear.

In particular, we wonder whether these characteristics may significantly
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affect the differences between the two approaches and, in case, which are
their directions. Hence, in order to improve our understanding of the prob-
lem, we think that an analysis of variance on the differences between the
indexes we calculated in the Latent Gold and in the PAM clustering out-
comes might help to individuate these determinants.

Operatively, we arranged a new data set that contains a summary of the
whole simulation study. Each record is a single simulation, thus the database
has 256000 rows, since we had 128 patterns times 2000 simulations for each
setting. For each row we recorded the value of the following dependent

variables:

e the Adjusted Rand Index, for both Latent Gold and PAM clustering,

evaluated with respect to the true class membership;

e the Average Silhouette Width index, for the true clustering and for
both Latent Gold and PAM,;

e the Pearson Gamma index, for the true clustering and for both Latent
Gold and PAM.

The factors we included are the data features coded as follows:

e number of variables

b) 12
e number of categories

a

b

) binary
)
c) 8-levels
)

4-levels

d

mixed number of levels
e number of clusters

a) small (2)

b) big (3/5)

e sample size
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a) small (100/200/500 units)
b) big (1000 units)

e mixing proportions

a) extremely different

b) equal
e cluster separation

a) unclear

b) clear

6.2.1 Anova on ARI: LG-PAM

Starting from this kind of data we performed an analysis of variance on
the difference between the values of the ARI in the Latent Gold and PAM
clustering, and we included all the variables we have just described and all
the first-order interactions as covariates. Table 6.9 contains the summary of
the function.

From Table 6.9 we can see that all the factors are highly significant, and
all the interaction terms - other than the number of categoriesxthe sample
size - are significant too; this may be partially due to the fact that the
number of units is very large.

If we look at the Mean Square column we can see that the factor with the
highest effect on the dependent variable is the interaction term of number
of variablesxthe cluster separation; if we concentrate only on the additive
effects the more important component is the number of latent classes, fol-
lowed by the sample size and the entity of the mixing components. The
number of variables and the cluster separation taken as additive effects do
not affect the outcome more than the other data features.

Since the Anova Table does not give any information about the direction
of the dependencies, we plot the mean values of the Adjusted Rand Index
for LG and PAM clustering separately of each features (see Figure 6.1).

The blue and the red lines refer respectively to the Latent Gold and to
the PAM clustering. From the plots we can say that the number of variables,
the number of categories and the cluster separation do not lead to different

directions of the mean values of the index; as we have seen from the results
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Table 6.9: Analysis of Variance Table - Response: ARI of LG-PAM with interac-
tions

‘ Df Sum Sq  Mean Sq F value Pr(>F)

No.var 1 7.584 7.584 350.146 0.000
No.cat 3 439.729 146.576 6767.524 0.000
No.cl 1 835.380 835.380  38569.990 0.000
Sample.size 1 528.138 528.138  24384.471 0.000
Mixing.prop 1 167.626 167.626 7739.392 0.000
Separation 1 119.336 119.336 5509.817 0.000
No.var:No.cat 3 219.658 73.219 3380.588 0.000
No.var:No.cl 1 12.988 12.988 599.643 0.000
No.var:Sample.size 1 0.041 0.041 1.893 0.169
No.var:Mixing.prop 1 26.181 26.181 1208.771 0.000
No.var:Separation 1 1559.903 1559.903  72021.677 0.000
No.cat:No.cl 3 338.083 112.694 5203.159 0.000
No.cat:Sample.size 3 144.233 48.078 2219.768 0.000
No.cat:Mixing.prop 3 18.498 6.166 284.685 0.000
No.cat:Separation 3 192.837 64.279 2967.806 0.000
No.cl:Sample.size 1 8.279 8.279 382.229 0.000
No.cl:Mixing.prop 1 79.439 79.439 3667.757 0.000
No.cl:Separation 1 37.644 37.644 1738.030 0.000
Sample.size:Mixing.prop 1 29.433 29.433 1358.959 0.000
Sample.size:Separation 1 11.069 11.069 511.049 0.000
Mixing.prop:Separation 1 1.125 1.125 51.937 0.000
Residuals 255966  5543.917 0.022
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Figure 6.1: Adjusted Rand Index: average values according to data features

of the simulations, when clusters are supposed to be clearly separated both
indexes work much better.

Instead, if an increasing number of clusters determinates a decrease in the
average value of the ARI for the LG clustering, it leads to an improvement
for the ARI of the PAM clustering. Furthermore, LG works better -on
average- with big samples, whereas PAM has a higher mean value of ARI
with small samples. As we notice from the outcome of the simulations PAM
works better when clusters have more or less the same size, whereas LG

gives better results on average when the mixing proportions are extremely
different.
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6.2.2 Anova on ASW: LG-PAM

Since we wanted to investigate further the differences between the two
clustering outcomes, we performed an analysis of variance also on the differ-
ences between the Average Silhouette Width indexes for the two approaches.

A summary of the outcome is shown in Table 6.10.

Table 6.10: Analysis of Variance Table - Response: ASW of LG-PAM with inter-

actions

‘ Df Sum Sq  Mean Sq F value Pr(>F)
No.var 1 11.023 11.023 4216.653 0.000
No.cat 3 41.782 13.927 5327.727 0.000
No.cl 1 0.016 0.016 6.262 0.012
Sample.size 1 0.039 0.039 14.825 0.000
Mixing.prop 1 15.972 15.972 6109.778 0.000
Separation 1 9.145 9.145 3498.253 0.000
No.var:No.cat 3 34.595 11.532 4411.262 0.000
No.var:No.cl 1 6.111 6.111 2337.678 0.000
No.var:Sample.size 1 0.039 0.039 15.088 0.000
No.var:Mixing.prop 1 9.866 9.866 3773.923 0.000
No.var:Separation 1 27.280 27.280  10435.566 0.000
No.cat:No.cl 3 8.279 2.760 1055.624 0.000
No.cat:Sample.size 3 14.701 4.900 1874.611 0.000
No.cat:Mixing.prop 3 29.615 9.872 3776.204 0.000
No.cat:Separation 3 24.402 8.134 3111.484 0.000
No.cl:Sample.size 1 0.057 0.057 21.824 0.000
No.cl:Mixing.prop 1 18.626 18.626 7124.945 0.000
No.cl:Separation 1 13.985 13.985 5349.890 0.000
Sample.size:Mixing.prop 1 0.380 0.380 145.234 0.000
Sample.size:Separation 1 16.428 16.428 6284.092 0.000
Mixing.prop:Separation 1 12.391 12.391 4739.954 0.000
Residuals 255744 668.551 0.003

By looking at the p-value column we can see that all the characteristics
and the first-order interaction are highly significant. What is more impor-
tant in determining the differences between values of the ASW in the two
approaches is again the interaction between the number of variables and
the cluster separation. If we focus on the additive terms, the element that
has the highest Mean Square is the mixing proportion term, followed by the
number of categories and the number of variables.

Again, in order to visualize the direction of the dependencies we plot the
mean values of the ASW separately for each data features. The blue, the
red and the black lines refer respectively to the Latent Gold, to the PAM
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and to the true clustering.
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Figure 6.2: Average Silhouette Width: average values according to data features

From Figure 6.2 we can see that, in terms of ASW index, Latent Gold
and PAM do not have very big differences in terms of directions: most of
the lines overlap or are at least parallel; only in the case of the entity of

mixing proportions the blue and the red lines have opposite slope.

Opposite directions are also those of LG and PAM when compared with
the true clustering in terms of number of variables: the formers have higher
values of ASW when the number of variables is small, whereas the value of

the true clustering is higher when the number of variables increases.



6.2 ANOVA of the differences between LCC and PAM 69

6.2.3 Anova on PG: LG-PAM

Finally we performed an analysis of variance on the differences in the
PG values of LG and PAM clustering, so that it was possible to say more
about the features that affect the outcome.

Table 6.11 contains a summary of the ANOVA output, and we can see
that all the data features and all the first-order interaction terms are highly

significant.

Table 6.11: Analysis of Variance Table - Response: PG of LG-PAM with interac-

tions

‘ Df Sum Sq  Mean Sq F value Pr(>F)
No.var 1 5.415 5.415 955.960 0.000
No.cat 3 175.551 58.517  10330.178 0.000
No.cl 1 8.773 8.773 1548.785 0.000
Sample.size 1 9.665 9.665 1706.125 0.000
Mixing.prop 1 23.289 23.289 4111.212 0.000
Separation 1 35.339 35.339 6238.556 0.000
No.var:No.cat 3 75.176 25.059 4423.680 0.000
No.var:No.cl 1 29.710 29.710 5244.792 0.000
No.var:Sample.size 1 1.981 1.981 349.669 0.000
No.var:Mixing.prop 1 22.132 22.132 3907.012 0.000
No.var:Separation 1 147.039 147.039  25957.270 0.000
No.cat:No.cl 3 3.209 1.070 188.828 0.000
No.cat:Sample.size 3 54.277 18.092 3193.922 0.000
No.cat:Mixing.prop 3 31.644 10.548 1862.059 0.000
No.cat:Separation 3 14.892 4.964 876.297 0.000
No.cl:Sample.size 1 7.510 7.510 1325.788 0.000
No.cl:Mixing.prop 1 18.048 18.048 3186.118 0.000
No.cl:Separation 1 3.620 3.620 639.063 0.000
Sample.size:Mixing.prop 1 1.008 1.008 177.916 0.000
Sample.size:Separation 1 32.305 32.305 5702.881 0.000
Mixing.prop:Separation 1 28.451 28.451 5022.632 0.000
Residuals 255744 1448.702 0.006

By looking at the value of the Mean Square, we can say that the interac-
tion term between the number of variables and the cluster separation is again
the most influential factor. Restricting the attention to the additive effects
only what affect more the dependent variable is the number of variables,
followed by the cluster separation and the entity of mixing proportions.

In order to clarify the direction of the dependence of the Pearson Gamma
index from the data features we plot the average values of the PG separately

for each characteristic and we used different colours according to clustering
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outcome it refers to (blue is LG, red is PAM and black is the true one).
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Figure 6.3: Pearson Gamma: average values according to data features

From Figure 6.3 we can see that in terms of number of clusters and entity
of the mixing proportions lines for LG and PAM have opposite slopes, even
though the differences is smaller than for the other indexes.

It is interesting to see that the bigger differences are with the true clus-
tering values; particularly we see that values of PG for the true clustering
are almost independent from the sample size which is not the case for LG
and PAM, that actually seem to perform worse when the sample size is big.

By definition PG emphasises good approximation of the dissimilarity
structure by the clustering and this is clear from the plot referred to the
cluster separation: values of the PG are extremely high when the clusters

are supposed to be clearly separated and viceversa.



Chapter 7

Conclusions

The thesis discusses the cluster analysis of categorical data; it focuses on
two different approaches, namely a latent class cluster (LCC) analysis and

a partition around medoids (PAM), that are considered and evaluated.

LCC and PAM refer to two wider classes of clustering methods, respec-
tively model-based and distance-based methods. In the practise, the choice
between the two approaches is strongly correlated with the aims of the re-

searcher, since they are based on very different assumptions.

The research question that arose was whether both of these approaches
lead to the same clustering and how good are clustering methods designed to
fulfil one of these aims in terms of the other one. In order to answer, a fairly
large simulation study was carried out, with the aim of understanding sim-
ilarities and differences in terms of classification of the two approaches and
with the aim of detecting different roles played by data features. In order
to have a fair ‘match’, the two clustering outcomes were compared accord-
ing to different criteria, based on the recovery of the true model structure
(Adjusted Rand Index, which was expected to favour LCC) and based on
dissimilarities (Average Silhouette Width and Pearson Gamma, which were
expected to favour PAM).

The simulations were set according to the variation of several data fea-
tures: the number of latent classes, the number of manifest variables, the
number of categories for each variable, variation of class proportion, ex-
pected cluster separation and sample size. For all the possible combination
of these factors (i.e. 128) we considered 2000 repetitions. Furthermore, we

performed an Analysis of Variance on the differences between the the in-
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dexes we calculated in the LCC and in the PAM clustering outcomes, using
data features as factors, in order to individuate the determinants that affect
more the performance of the two approaches.

Overall, the simulations we carried out tell us that, in terms of recovering
the ‘true’ clustering (according to a ‘true’ unknown model), the Latent Class
Clustering generally behaves better, yielding better results in terms of Ad-
justed Rand Index, even when the clusters are supposed to overlap. When
clusters are expected to be somehow separated, then a Partition Around
Medoids approach would not make the results worse.

The factors that are more important in making the difference are the
number of latent classes, since on average LatentGold® performed better
with small number of clusters, whereas the opposite is true for PAM, the
sample size, the larger the better is the performance of LatentGold® and the
worse the performance of PAM, and the variation of the mixing proportion,
since PAM works better when clusters have the same size.

Both approaches, on average, yield better results in terms of ARI when
including larger number of variables and when those are binary.

Performance of the two methods in terms of retrieving homogeneous
groups is more difficult to evaluate and more considerations need to be done.
There is not a method that always outperforms the other one on average,
so it is not easy to make general statements. Latent Gold, by trying to
put together observations coming from the same distribution, accomplished
to get similar observations together and to separate objects that are very
different in a way that is not much worse than PAM. What is surprising is
that sometimes LatentGold® works even better, in particular when models
have a large number of variables and clusters overlap; in fact, in many of
these situations PAM failed to put together similar observations.

Notice that the Average Silhouette Width, according to its expression,
compares the dissimilarities of observations from other observations of the
same cluster with observations of the nearest other cluster, which is not
precisely what PAM does. In fact, PAM examines all the pairs of objects,
and not only those belonging to the nearest cluster. Thus, by looking at the
values of ASW one cannot state that PAM ‘failed’; it is possible that the
lower value of ASW is partially due to the differences in their formulation
(of course if the number of clusters is larger than two).

The factors that have a larger effect in the difference of quality of clus-
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Table 7.1: Adjusted Rand Index: highest average values according to data features
and to clustering method

Data Feature ‘ LG PAM

No. of Variables Large Large
No. of Categories 2-levels  2-levels

No. of Clusters Small Large
Sample Size Large Small

Mixing Proportions Different  Equal
Expected Cluster Separation Clear Clear

Table 7.2: Average Silhouette Width: highest average values according to data
features and to clustering method

Data Feature ‘ LG PAM

No. of Variables Small Small
No. of Categories 2-levels  2-levels

No. of Clusters Small Small
Sample Size Small Small

Mixing Proportions Different  Equal
Expected Cluster Separation Clear Clear

tering (according to the Analysis of Variance results) are the variability of
mixing proportions, if we consider ASW (as we already said PAM performs
better when clusters have about the same size), and the number of cate-
gories, if we focus on PG.

Table 7.1 shows the data features that are associated with the highest
average values of Adjusted Rand Index in the two approaches. Similarly,
Table 7.2 and Table 7.3 show the data features associated with the larger
average values of Average Silhouette Width and Pearson Gamma in the two
clustering approaches.

These are meant to be just a simplification. Indeed, the Analysis of Vari-
ance result shows that all factors and all the interactions have a significant
impact on the difference in quality of clustering and this means that what-
ever is changed the result may look different; thus, make general statements
according to these tables can be misleading.

In real situation, when looking for homogenous clustering, one can always
perform both latent class and PAM clustering, and then choose the one that

gives the best result in term of similarity /dissimiliarity.
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Table 7.3: Pearson Gamma: highest average values according to data features and
to clustering method

Data Feature ‘ LG PAM

No. of Variables Large Large
No. of Categories 2-levels  2-levels

No. of Clusters Large Small
Sample Size Small Small

Mixing Proportions Different  Equal
Expected Cluster Separation Clear Clear

Finally, the comparison between the outcomes of LatentGold® and 1cmixed
shows that the two clustering results are generally the same; the small ob-
served differences may be due to different initializations of the EM algorithm.
Nevertheless, there is a very important feature that would lead to recom-
mend the use of the commercial software over the open source one and it is
the time required to compute the simulations: LatentGold® is much faster

than lcmixed, precisely about 20 times faster.



Appendix A

Appendix

A.1 4 binary variables - 2 clusters, mixing pro-
portions extremely different - Unclear cluster
separation

The Model:
. X AX BX CX DX
Latent class st T T T

1 0.279 0.993 0.940 0.927 0.769
2 0.721 0.714 0.330 0.354 0.132

A.2 4 binary variables - 2 clusters, mixing pro-

portions extremely different - Clear cluster

separation
The Model: ) ) ) )
Latent class 7% #0X #BX #0X DX
1 0.20 0.90 0.88 0.92 0.10
2 0.80 0.10 0.10 0.15 0.91

A.3 4 binary variables - 2 clusters, equal mixing

proportions - Unclear cluster separation

The Model:
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Table A.1: Summary: 4 binary variables - 2 clusters - mixing proportions extremely
different - Unclear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. -0.071 -0.085 -0.071
1st Qu. 0.530 0.372 0.529
Median 0.602 0.484 0.601
Mean (se) 0.590 (0.003)  0.440 (0.004)  0.589 (0.003)
3rd Qu. 0.668 0.571 0.668
Max. 0.913 0.808 0.913
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.166 0.250 0.286 0.250
1st Qu. 0.336 0.432 0.460 0.432
Median 0.373 0.468 0.495 0.469
Mean (se) 0.374 (0.001) 0.464 (0.001)  0.490 (0.001)  0.465 (0.001)
3rd Qu. 0.412 0.502 0.526 0.503
Max. 0.580 0.616 0.640 0.616
PG true PG 1g PG pam PG lecmixed
Min. 0.156 0.212 0.320 0.212
1st Qu. 0.345 0.465 0.551 0.466
Median 0.393 0.525 0.591 0.525
Mean (se) 0.394 (0.002) 0.516 (0.002) 0.583 (0.001) 0.517 (0.002)
3rd Qu. 0.444 0.575 0.625 0.576
Max. 0.654 0.727 0.733 0.727
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Figure A.1: Adjusted Rand Index: 4 binary variables - 2 clusters, mixing propor-

tions extremely different - Unclear cluster separation
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Table A.2: Summary: 4 binary variables - 2 clusters, mixing proportions extremely
different - Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed

Min. 0.501 0.058 0.501

1st Qu. 0.599 0.497 0.599

Median 0.620 0.519 0.621
Mean (se) 0.620 (0.001) 0.505 (0.002) 0.620 (0.001)

3rd Qu. 0.642 0.541 0.642

Max. 0.712 0.631 0.712
ASW true ASW Ig ASW pam  ASW lcmixed

Min. 0.318 0.326 0.338 0.326

1st Qu. 0.363 0.4189 0.492 0.423

Median 0.375 0.448 0.500 0.452
Mean (se) 0.375 (0.000) 0.443 (0.001) 0.496 (0.001) 0.446 (0.001)

3rd Qu. 0.387 0.4729 0.509 0.474

Max. 0.444 0.528 0.547 0.528
PG true PG lg PG pam PG lcmixed

Min. 0.323 0.308 0.387 0.308

1st Qu. 0.381 0.435 0.582 0.441

Median 0.394 0.484 0.593 0.489
Mean (se) 0.395 (0.000) 0.478 (0.001) 0.587 (0.001) 0.483 (0.001)

3rd Qu. 0.410 0.527 0.603 0.532

Max. 0.483 0.607 0.642 0.607
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(b) ASW - 1000 units.

Figure A.2: Average Silhouette Width: 4 binary variables - 2 clusters, mixing pro-
portions extremely different - Unclear cluster separation
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Figure A.3: Pearson Gamma: 4 binary variables - 2 clusters, mixing proportions
extremely different - Unclear cluster separation

Table A.3: Summary: 4 binary variables - 2 clusters, mixing proportions extremely
different - Clear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. 0.534 0.274 0.534
1st Qu. 0.873 0.753 0.871
Median 0.916 0.819 0.916
Mean (se) 0.914 (0.002) 0.819 (0.002) 0.912 (0.002)
3rd Qu. 0.957 0.894 0.957
Max. 1.000 1.000 1.000
ASW true ASW 1Ig ASW pam  ASW lcmixed
Min. 0.577 0.607 0.594 0.607
1st Qu. 0.701 0.714 0.705 0.714
Median 0.728 0.740 0.732 0.740
Mean (se) 0.728 (0.001) 0.739 (0.001) 0.731 (0.001) 0.739 (0.001)
3rd Qu. 0.755 0.764 0.758 0.764
Max. 0.850 0.850 0.846 0.850
PG true PG lg PG pam PG lcmixed
Min. 0.669 0.691 0.615 0.691
1st Qu. 0.801 0.818 0.820 0.818
Median 0.826 0.840 0.840 0.840
Mean (se) 0.824 (0.001) 0.838 (0.001) 0.839 (0.001) 0.838 (0.001)
3rd Qu. 0.850 0.860 0.859 0.860
Max. 0.922 0.922 0.922 0.922
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Table A.4: Summary: 4 binary variables - 2 clusters, mixing proportions extremely
different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed

Min. 0.856 0.694 0.856

1st Qu. 0.924 0.777 0.924

Median 0.936 0.798 0.936
Mean (se) 0.935 (0.000) 0.819 (0.001)  0.935 (0.000)

3rd Qu. 0.947 0.833 0.947

Max. 0.981 0.976 0.981
ASW true ASW Ig ASW pam  ASW lcmixed

Min. 0.683 0.696 0.682 0.696

1st Qu. 0.720 0.732 0.724 0.732

Median 0.729 0.739 0.732 0.739
Mean (se) 0.729 (0.000) 0.739 (0.000) 0.732 (0.000) 0.739 (0.000)

3rd Qu. 0.737 0.747 0.741 0.747

Max. 0.774 0.779 0.772 0.779
PG true PG lg PG pam PG lcmixed

Min. 0.782 0.800 0.803 0.800

1st Qu. 0.818 0.831 0.834 0.831

Median 0.826 0.838 0.840 0.838
Mean (se) 0.826 (0.000) 0.838 (0.000) 0.840 (0.000) 0.838 (0.000)

3rd Qu. 0.834 0.844 0.846 0.844

Max. 0.863 0.867 0.869 0.867
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(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.4: Adjusted Rand Index: 4 binary variables - 2 clusters, mixing propor-
tions extremely different - Clear cluster separation
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Figure A.5: Average Silhouette Width: 4 binary variables - 2 clusters, mixing pro-
portions extremely different - Clear cluster separation
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Figure A.6: Pearson Gamma: 4 binary variables - 2 clusters, mixing proportions
extremely different - Clear cluster separation
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Table A.5: Summary: 4 binary variables - 2 clusters, equal mixing proportions -

Unclear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. -0.060 -0.016 -0.037
1st Qu. 0.026 0.004 0.035
Median 0.091 0.030 0.103
Mean (se) 0.112 (0.002)  0.089 (0.002)  0.121 (0.002)
3rd Qu. 0.180 0.168 0.186
Max. 0.512 0.457 0.512
ASW true ASW Ig ASW pam ASW Icmixed
Min. 0.036 0.091 0.225 0.080
1st Qu. 0.130 0.277 0.301 0.300
Median 0.158 0.357 0.331 0.373
Mean (se) 0.160 (0.001) 0.341 (0.002) 0.336 (0.001)  0.356 (0.002)
3rd Qu. 0.188 0.420 0.367 0.423
Max. 0.346 0.494 0.490 0.494
NA’s 13 2
PG true PG lg PG pam PG lcmixed
Min. 0.037 -0.013 0.251 -0.003
1st Qu. 0.148 0.262 0.352 0.302
Median 0.181 0.402 0.395 0.434
Mean (se) 0.184 (0.001) 0.373 (0.003)  0.401 (0.001)  0.398 (0.003)
3rd Qu. 0.219 0.507 0.448 0.509
Max. 0.432 0.588 0.602 0.588
NA’s 13 2
Latent class 77 frﬁX ﬁﬁX frgx frlDtX
1 0.55 0.80 0.60 0.30 0.70
2 0.45 0.70 0.50 0.60 0.20

A.4 4 binary variables - 2 clusters, equal mixing

proportions - Clear cluster separation

The Model:
Latent class % ﬁﬁx frﬁx frgX
1 0.50 0.10 0.11 0.90
2 0.50 0.90 091 0.08

~DX
1t

0.92
0.12
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Table A.6: Summary: 4 binary variables - 2 clusters, equal mixing proportions -

Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lcmixed
Min. -0.013 -0.002 0.003
1st Qu. 0.098 -0.001 0.182
Median 0.177 0.000 0.218
Mean (se) 0.161 (0.002)  0.009 (0.001)  0.210 (0.001)
3rd Qu. 0.228 0.001 0.245
Max. 0.326 0.265 0.343
ASW true ASW Ig ASW pam ASW lcmixed
Min. 0.109 0.086 0.274 0.123
1st Qu. 0.151 0.268 0.297 0.350
Median 0.162 0.341 0.303 0.367
Mean (se) 0.161 (0.000) 0.327 (0.002) 0.305 (0.000) 0.378 (0.001)
3rd Qu. 0.171 0.382 0.309 0.423
Max. 0.214 0.447 0.402 0.447
NA’s 25
PG true PG Ig PG pam PG lemixed
Min. 0.122 0.018 0.305 0.062
1st Qu. 0.172 0.268 0.340 0.416
Median 0.185 0.383 0.349 0.444
Mean (se) 0.184 (0.000) 0.358 (0.003)  0.353 (0.001)  0.443 (0.001)
3rd Qu. 0.196 0.456 0.358 0.493
Max. 0.253 0.530 0.496 0.530
NA’s 25
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Figure A.7: Adjusted Rand Index: 4 binary variables - 2 clusters, equal mixing
proportions - Unclear cluster separation
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Figure A.9: Pearson Gamma: 4 binary variables - 2 clusters, equal mixing propor-
tions - Unclear cluster separation

Table A.7: Summary: 4 binary variables - 2 clusters, equal mixing proportions -

Clear cluster separation - 100 units

ARI lg ARI pam ARI lemixed
Min. 0.669 0.604 0.669
1st Qu. 0.845 0.845 0.845
Median 0.921 0.882 0.921
Mean (se) 0.898 (0.001) 0.896 (0.001) 0.898 (0.001)
3rd Qu. 0.921 0.921 0.921
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.612 0.635 0.62 6 0.635
1st Qu. 0.728 0.740 0.736 0.740
Median 0.754 0.764 0.761 0.764
Mean (se) 0.754 (0.001) 0.763 (0.001) 0.761 (0.001) 0.763 (0.001)
3rd Qu. 0.781 0.788 0.786 0.788
Max. 0.881 0.881 0.881 0.881
PG true PG lg PG pam PG lcmixed
Min. 0.7405 0.756 0.755 0.756
1st Qu. 0.842 0.855 0.852 0.855
Median 0.863 0.873 0.870 0.873
Mean (se) 0.862 (0.001) 0.871 (0.001) 0.869 (0.001) 0.871 (0.001)
3rd Qu. 0.883 0.889 0.887 0.889
Max. 0.948 0.948 0.948 0.948
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Table A.8: Summary: 4 binary variables - 2 clusters, equal mixing proportions -

Clear cluster separation - 1000 units

0.8
I

ARIlg ARI pam ARI lemixed
Min. 0.817 0.817 0.817
1st Qu. 0.887 0.884 0.887
Median 0.899 0.899 0.899
Mean (se) 0.898 (0.000) 0.897 (0.000) 0.898 (0.000)
3rd Qu. 0.910 0.910 0.910
Max. 0.964 0.960 0.964
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.708 0.718 0.715 0.718
1st Qu. 0.745 0.754 0.753 0.754
Median 0.754 0.762 0.762 0.762
Mean (se) 0.754 (0.000) 0.762 (0.000) 0.761 (0.000) 0.762 (0.000)
3rd Qu. 0.763 0.770 0.770 0.770
Max. 0.809 0.814 0.812 0.814
PG true PG lg PG pam PG lcmixed
Min. 0.828 0.836 0.833 0.836
1st Qu. 0.855 0.865 0.863 0.865
Median 0.862 0.871 0.870 0.871
Mean (se) 0.862 (0.000) 0.870 (0.000) 0.869 (0.000) 0.870 (0.000)
3rd Qu. 0.869 0.877 0.876 0.877
Max. 0.902 0.907 0.906 0.907
e I I I
LIl ] 0= =5

0.7

0.6

0.5
I

(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.10: Adjusted Rand Index: 4 binary variables - 2 clusters, equal mixing
proportions - Clear cluster separation
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Figure A.11: Average Silhouette Width: 4 binary variables - 2 clusters, equal mix-

Figure A.12: Pearson Gamma: 4 binary variables - 2 clusters, equal mixing pro-
portions - Clear cluster separation
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Table A.9: Summary: 4 binary variables - 3 clusters, mixing proportions extremely
different - Unclear cluster separation - 100 units

ARI lg ARI pam ARI lemixed
Min. -0.091 -0.059 -0.065
1st Qu. 0.071 0.032 0.069
Median 0.140 0.087 0.132
Mean (se) 0.150 (0.002)  0.094 (0.002)  0.144 (0.002)
3rd Qu. 0.218 0.145 0.203
Max. 0.496 0.413 0.563
ASW true ASW lg ASW pam ASW Ilcmixed
Min. -0.118 0.072 0.277 0.169
1st Qu. 0.076 0.312 0.354 0.349
Median 0.105 0.386 0.392 0.403
Mean (se)  0.107 (0.001) 0.370 (0.002) 0.395 (0.001) 0.388 (0.001)
3rd Qu. 0.138 0.429 0.437 0.435
Max. 0.257 0.533 0.568 0.533
NA’s 2
PG true PG lg PG pam PG lcmixed
Min. 0.073 0.083 0.397 0.166
1st Qu. 0.188 0.467 0.471 0.487
Median 0.226 0.5250 0.510 0.534
Mean (se) 0.229 (0.001) 0.505 (0.002) 0.511 (0.001) 0.520 (0.001)
3rd Qu. 0.267 0.560 0.549 0.564
Max. 0.441 0.656 0.656 0.656
NA’s 2

A.5 4 binary variables - 3 clusters, mixing pro-

portions extremely different - Unclear cluster

separation

The Model:

Latent class
1
2
3

i
0.11
0.63

0.26

X
0.40
0.70

0.30

~BX ~CX
0.50
0.10

0.20

0.60
0.30
0.80

~DX
0.50

0.40
0.40
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Table A.10: Summary: 4 binary variables - 3 clusters, mixing proportions extremely
different - Unclear cluster separation - 1000 units

ARI lg ARI pam ARI lcmixed
Min. -0.102 -0.012 -0.061
1st Qu. 0.072 0.017 0.086
Median 0.158 0.029 0.137
Mean (se) 0.156 (0.003)  0.062 (0.001)  0.139 (0.002)
3rd Qu. 0.249 0.135 0.187
Max. 0.393 0.237 0.390
ASW true ASW Ig ASW pam ASW lcmixed
Min. 0.090 0.028 0.297 0.196
1st Qu. 0.119 0.267 0.334 0.349
Median 0.128 0.332 0.345 0.383
Mean (se) 0.128 (0.000) 0.328 (0.002) 0.364 (0.001) 0.374 (0.001)
3rd Qu. 0.137 0.393 0.369 0.408
Max. 0.180 0.481 0.471 0.483
NA’s 4
PG true PG lg PG pam PG lemixed
Min. 0.175 0.020 0.417 0.190
1st Qu. 0.219 0.371 0.446 0.469
Median 0.230 0.460 0.457 0.504
Mean (se) 0.231 (0.000) 0.433 (0.002)  0.477 (0.001)  0.492 (0.001)
3rd Qu. 0.242 0.519 0.490 0.531
Max. 0.299 0.610 0.578 0.608
NA’s 4




A.5 Simulation: 4bin 3cl diff uncl

89

0.6

0.4

0.2

0.0

-0.2

Adjusted Rand Index

4

=

T T T
ARI_Ig ARI_pam ARI_lcmixed

(a) ARI - 100 units.

0.6

0.4

0.2

0.0

-0.2

Adjusted Rand Index

_ o

£

— =

T T T
ARI_lg ARI_pam ARI_lcmixed

(b) ARI - 1000 units.

Figure A.13: Adjusted Rand Index: 4 binary variables - 3 clusters, mixing propor-
tions extremely different - Unclear cluster separation
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Figure A.14: Average Silhouette Width: 4 binary variables - 3 clusters, mixing
proportions extremely different - Unclear cluster separation
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Figure A.15: Pearson Gamma: 4 binary variables - 3 clusters, mixing proportions
extremely different - Unclear cluster separation

A.6 4 binary variables - 3 clusters, mixing pro-

portions extremely different - Clear cluster

separation
The Model:
Latent class 7% fréx frlBtX frgx frBX
1 0.10 0.20 0.10 0.15 0.09
2 0.30 0.80 0.90 0.10 0.20
3 0.60 0.90 0.80 0.85 0.91

A.7 4 binary variables - 3 clusters, equal mixing

proportions - Unclear cluster separation

The Model:
Latent class 7% frﬁX frﬁx frgx ﬁgX
1 0.33 0.80 0.30 0.50 0.20
2 0.33 0.20 0.70 0.50 0.60

3 0.33 0.60 0.50 0.55 0.45
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Table A.11: Summary: 4 binary variables - 3 clusters, mixing proportions extremely
different - Clear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. 0.144 0.145 0.144
1st Qu. 0.472 0.391 0.468
Median 0.547 0.472 0.542
Mean (se) 0.544 (0.002) 0.469 (0.003) 0.540 (0.002)
3rd Qu. 0.619 0.550 0.611
Max. 0.858 0.849 0.859
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.200 0.348 0.384 0.351
1st Qu. 0.407 0.527 0.532 0.528
Median 0.446 0.558 0.561 0.559
Mean (se) 0.446 (0.001) 0.556 (0.001) 0.560 (0.001) 0.557 (0.001)
3rd Qu. 0.486 0.589 0.587 0.590
Max. 0.634 0.748 0.738 0.748
PG true PG lg PG pam PG lecmixed
Min. 0.334 0.374 0.450 0.452
1st Qu. 0.555 0.643 0.622 0.643
Median 0.588 0.671 0.657 0.670
Mean (se) 0.588 (0.001) 0.668 (0.001) 0.651 (0.001) 0.667 (0.001)
3rd Qu. 0.624 0.698 0.684 0.696
Max. 0.753 0.822 0.807 0.822
A S N R B
I
ST [ ? e E :
— —] =
HoF 0
(a) ARI - 100 units. (b) ARI - 1000 units.

Figure A.16: Adjusted Rand Index: 4 binary variables - 3 clusters, mixing propor-
tions extremely different - Clear cluster separation
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Table A.12: Summary: 4 binary variables - 3 clusters, mixing proportions extremely
different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.400 0.233 0.422
1st Qu. 0.534 0.446 0.534
Median 0.583 0.480 0.571
Mean (se) 0.580 (0.001) 0.479 (0.002) 0.572 (0.001)
3rd Qu. 0.633 0.526 0.609
Max. 0.720 0.695 0.723
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.374 0.448 0.427 0.454
1st Qu. 0.438 0.526 0.524 0.532
Median 0.450 0.542 0.547 0.548
Mean (se) 0.450 (0.000) 0.540 (0.001) 0.540 (0.001) 0.544 (0.001)
3rd Qu. 0.462 0.557 0.561 0.562
Max. 0.508 0.616 0.602 0.616
PG true PG lg PG pam PG lemixed
Min. 0.524 0.584 0.524 0.595
Ist Qu. 0.578 0.646 0.632 0.649
Median 0.590 0.660 0.656 0.661
Mean (se) 0.589 (0.000) 0.658 (0.000) 0.646 (0.001) 0.660 (0.000)
3rd Qu. 0.601 0.672 0.670 0.672
Max. 0.644 0.711 0.712 0.715
.
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Figure A.17: Average Silhouette Width: 4 binary variables - 3 clusters, mixing
proportions extremely different - Clear cluster separation
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Figure A.18: Pearson Gamma: 4 binary variables - 3 clusters, mixing proportions
extremely different - Clear cluster separation

Table A.13: Summary: 4 binary variables - 3 clusters, equal mixing proportions -
Unclear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. -0.036 -0.013 -0.016
1st Qu. 0.059 0.074 0.064
Median 0.102 0.111 0.102
Mean (se) 0.109 (0.001)  0.114 (0.001)  0.110 (0.001)
3rd Qu. 0.149 0.148 0.150
Max. 0.341 0.308 0.347
ASW true ASW Ig ASW pam ASW Icmixed
Min. -0.041 -0.020 0.264 0.129
1st Qu. 0.019 0.274 0.347 0.307
Median 0.040 0.340 0.374 0.355
Mean (se)  0.042 (0.001) 0.324 (0.002) 0.373 (0.001) 0.342 (0.001)
3rd Qu. 0.062 0.381 0.398 0.385
Max. 0.167 0.473 0.492 0.484
PG true PG lg PG pam PG lcmixed
Min. 0.046 0.065 0.394 0.100
1st Qu. 0.129 0.440 0.495 0.475
Median 0.160 0.508 0.524 0.515
Mean (se) 0.163 (0.001) 0.476 (0.002) 0.520 (0.001) 0.496 (0.002)
3rd Qu. 0.192 0.537 0.548 0.541
Max. 0.341 0.635 0.628 0.640
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Table A.14: Summary: 4 binary variables - 3 clusters, equal mixing proportions -
Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI Iemixed
Min. 0.004 0.035 0.040
1st Qu. 0.100 0.094 0.127
Median 0.140 0.112 0.146
Mean (se) 0.134 (0.001)  0.120 (0.001)  0.145 (0.001)
3rd Qu. 0.169 0.148 0.165
Max. 0.242 0.223 0.241
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.019 -0.013 0.287 0.134
1st Qu. 0.041 0.223 0.364 0.298
Median 0.047 0.311 0.374 0.332
Mean (se)  0.048 (0.000) 0.292 (0.002)  0.369 (0.000) 0.321 (0.001)
3rd Qu. 0.053 0.361 0.381 0.353
Max. 0.078 0.431 0.407 0.419
PG true PG lg PG pam PG lcmixed
Min. 0.122 0.058 0.427 0.145
1st Qu. 0.153 0.370 0.500 0.459
Median 0.162 0.456 0.518 0.491
Mean (se) 0.163 (0.000) 0.421 (0.002) 0.513 (0.000)  0.475 (0.001)
3rd Qu. 0.172 0.495 0.529 0.512
Max. 0.208 0.575 0.555 0.568
S B T 3

ARI_Ig ARI_pam

(a) ARI - 100 units.

ARI_lcmixed

ARI_Ig ARI_pam

T
ARI_lcmixed

(b) ARI - 1000 units.

Figure A.19: Adjusted Rand Index: 4 binary variables - 3 clusters, equal mixing
proportions - Unclear cluster separation
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Figure A.20: Average Silhouette Width: 4 binary variables - 3 clusters, equal mix-
ing proportions - Unclear cluster separation
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Figure A.21: Pearson Gamma: 4 binary variables - 3 clusters, equal mixing pro-
portions - Unclear cluster separation
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Table A.15: Summary: 4 binary variables - 3 clusters, equal mixing proportions -
Clear cluster separation - 100 units

ARIlg ARI pam ARI lemixed
Min. 0.264 0.284 0.299
1st Qu. 0.493 0.490 0.494
Median 0.552 0.546 0.554
Mean (se) 0.554 (0.002) 0.546 (0.002) 0.555 (0.002)
3rd Qu. 0.615 0.602 0.616
Max. 0.852 0.861 0.852
ASW true ASW lg ASW pam  ASW lcmixed
Min. 0.302 0.377 0.339 0.389
1st Qu. 0.431 0.549 0.504 0.549
Median 0.469 0.580 0.542 0.580
Mean (se) 0.469 (0.001) 0.578 (0.001) 0.540 (0.001) 0.579 (0.001)
3rd Qu. 0.507 0.611 0.5772 0.611
Max. 0.722 0.764 0.7313 0.764
PG true PG lg PG pam PG lemixed
Min. 0.469 0.470 0.536 0.477
1st Qu. 0.569 0.655 0.625 0.656
Median 0.601 0.677 0.651 0.677
Mean (se) 0.598 (0.001) 0.674 (0.001) 0.650 (0.001) 0.674 (0.001)
3rd Qu. 0.627 0.696 0.675 0.696
Max. 0.755 0.784 0.757 0.784

A.8 4 binary variables - 3 clusters, equal mixing

proportions - Clear cluster separation

The Model:
Latent class 7% frﬁX fTEX frgx
1 0.33 090 0.80 0.85
2 0.33 090 0.20 0.10
3 0.33 0.10 0.15 0.15

~DX
0.92

0.90
0.10
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Table A.16: Summary: 4 binary variables - 3 clusters, equal mixing proportions -
Clear cluster separation - 1000 units

ARIlg ARI pam ARI lemixed
Min. 0.437 0.418 0.446
1st Qu. 0.526 0.524 0.538
Median 0.557 0.548 0.567
Mean (se) 0.556 (0.001) 0.546 (0.001) 0.564 (0.001)
3rd Qu. 0.586 0.569 0.591
Max. 0.670 0.642 0.676
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.394 0.469 0.417 0.467
1st Qu. 0.458 0.553 0.513 0.553
Median 0.471 0.572 0.538 0.570
Mean (se) 0.470 (0.000) 0.570 (0.001) 0.535 (0.001) 0.568 (0.001)
3rd Qu. 0.482 0.591 0.559 0.589
Max. 0.533 0.642 0.616 0.632
PG true PG lg PG pam PG lcmixed
Min. 0.546 0.604 0.593 0.604
1st Qu. 0.588 0.656 0.640 0.655
Median 0.597 0.668 0.648 0.666
Mean (se) 0.597 (0.000) 0.667 (0.000) 0.648 (0.000) 0.666 (0.000)
3rd Qu. 0.606 0.679 0.656 0.677
Max. 0.639 0.706 0.688 0.706
T 4+ T *]
T =

0.2
I

0.2

(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.22: Adjusted Rand Index: 4 binary variables - 3 clusters, equal mixing
proportions - Clear cluster separation
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Figure A.23: Average Silhouette Width:4 binary variables - 3 clusters, equal mixing
proportions - Clear cluster separation
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Figure A.24: Pearson Gamma: 4 binary variables - 3 clusters, equal mixing pro-
portions - Clear cluster separation
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Table A.17: Summary: 12 binary variables - 2 clusters - mixing proportions ex-
tremely different - Unclear cluster separation - 100 units

ARI lg ARI pam ARI lemixed
Min. -0.112 -0.092 -0.110
1st Qu. 0.400 0.016 0.367
Median 0.562 0.130 0.557
Mean (se) 0.516 (0.005)  0.216 (0.005)  0.502 (0.005)
3rd Qu. 0.678 0.391 0.674
Max. 0.955 0.903 0.944
ASW true ASW lg ASW pam ASW lcmixed
Min. 0.125 -0.034 0.098 -0.034
1st Qu. 0.210 0.232 0.155 0.227
Median 0.233 0.260 0.181 0.258
Mean (se)  0.233 (0.001) 0.253 (0.001) 0.194 (0.001) 0.251 (0.001)
3rd Qu. 0.254 0.284 0.232 0.282
Max. 0.355 0.368 0.361 0.368
PG true PG lg PG pam PG lemixed
Min. 0.183 -0.120 0.130 -0.120
1st Qu. 0.341 0.365 0.250 0.368
Median 0.380 0.419 0.309 0.422
Mean (se)  0.378 (0.001)  0.404 (0.002) 0.333 (0.002)  0.406 (0.002)
3rd Qu. 0.418 0.466 0.416 0.466
Max. 0.563 0.594 0.574 0.594

A.9 12 binary variables - 2 clusters, mixing pro-

portions extremely different - Unclear cluster

separation

The Model:

Latent class
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Table A.18: Summary: 12 binary variables - 2 clusters - mixing proportions ex-
tremely different - Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.566 -0.027 0.567
1st Qu. 0.666 0.158 0.666
Median 0.690 0.423 0.690
Mean (se) 0.689 (0.001)  0.351 (0.005)  0.689 (0.001)
3rd Qu. 0.713 0.542 0.713
Max. 0.810 0.650 0.808
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.200 0.232 0.129 0.232
1st Qu. 0.228 0.258 0.172 0.258
Median 0.234 0.265 0.224 0.265
Mean (se) 0.235 (0.000) 0.265 (0.000) 0.210 (0.001)  0.265 (0.000)
3rd Qu. 0.242 0.272 0.247 0.272
Max. 0.274 0.296 0.274 0.296
PG true PG 1g PG pam PG lecmixed
Min. 0.322 0.346 0.201 0.352
1st Qu. 0.369 0.406 0.302 0.408
Median 0.381 0.420 0.400 0.422
Mean (se) 0.381 (0.000) 0.420 (0.000) 0.367 (0.002)  0.421 (0.000)
3rd Qu. 0.392 0.434 0.434 0.436
Max. 0.453 0.478 0.485 0.479
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(a) ARI - 100 units.
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(b) ARI - 1000 units.

Figure A.25: Adjusted Rand Index: 12 binary variables - 2 clusters, mixing pro-
portions extremely different - Unclear cluster separation
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Figure A.26: Average Silhouette Width: 12 binary variables - 2 clusters, mixing
proportions extremely different - Unclear cluster separation
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Figure A.27: Pearson Gamma: 12 binary variables - 2 clusters, mixing proportions
extremely different - Unclear cluster separation
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Table A.19: Summary:

12 binary variables - 2 clusters, mixing proportions ex-

tremely different - Clear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. 0.655 0.075 0.655
1st Qu. 1.000 1.000 1.000
Median 1.000 1.000 1.000
Mean (se) 0.998 (0.000) 0.997 (0.001) 0.998 (0.000)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW lg ASW pam  ASW lcmixed
Min. 0.703 0.699 0.401 0.699
1st Qu. 0.760 0.760 0.760 0.760
Median 0.775 0.775 0.775 0.775
Mean (se) 0.774 (0.000) 0.774 (0.000) 0.774 (0.001) 0.774 (0.000)
3rd Qu. 0.789 0.789 0.789 0.789
Max. 0.847 0.847 0.847 0.847
PG true PG lg PG pam PG lemixed
Min. 0.692 0.687 0.329 0.687
1st Qu. 0.897 0.898 0.898 0.898
Median 0.914 0.914 0.914 0.914
Mean (se) 0.910 (0.001) 0.910 (0.001) 0.910 (0.001) 0.910 (0.001)
3rd Qu. 0.926 0.926 0.926 0.926
Max. 0.962 0.962 0.962 0.962
A.10 12 binary variables - 2 clusters, mixing pro-
portions extremely different - Clear cluster
separation
The Model:
Latent class #X #{X #BX 20X aDX  REX  RFX
1 0.10 0.80 0.90 0.90 0.10 0.92 0.88
2 090 0.10 0.08 0.11 0.90 0.12 0.09
Latent class #X #GX #X ZIX  ZLX  aMX  ZNX
1 0.10 0.12 008 091 0.88 090 0.11
2 090 092 090 0.11 0.10 0.09 0.09
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Table A.20: Summary: 12 binary variables - 2 clusters, mixing proportions ex-
tremely different - Clear cluster separation - 1000 units

ARIlg ARI pam ARI lemixed
Min. 0.986 0.976 0.986
1st Qu. 1.000 0.994 1.000
Median 1.000 1.000 1.000
Mean (se) 0.999 (0.000) 0.997 (0.000) 0.999 (0.000)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.747 0.747 0.746 0.747
1st Qu. 0.770 0.770 0.770 0.770
Median 0.775 0.775 0.775 0.775
Mean (se) 0.775 (0.000) 0.775 (0.000) 0.774 (0.000) 0.775 (0.000)
3rd Qu. 0.779 0.779 0.779 0.779
Max. 0.796 0.796 0.795 0.796
PG true PG lg PG pam PG lcmixed
Min. 0.890 0.890 0.890 0.890
1st Qu. 0.909 0.909 0.909 0.909
Median 0.913 0.913 0.913 0.913
Mean (se) 0.913 (0.000) 0.913 (0.000) 0.913 (0.000) 0.913 (0.000)
3rd Qu. 0.917 0.917 0.918 0.917
Max. 0.932 0.932 0.932 0.932

Adjusted Rand Index

1.0

Adjusted Rand Index

0.8
I

0.6

0.4
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0.2
I
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0.8
I

0.6

0.4
I

(a) ARI - 100 units. (b) ARI - 1000 units.

Figure A.28: Adjusted Rand Index: 12 binary variables - 2 clusters, mixing pro-
portions extremely different - Clear cluster separation
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Figure A.29: Average Silhouette Width: 12 binary variables - 2 clusters, mixing
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Figure A.30: Pearson Gamma: 12 binary variables - 2 clusters, mixing proportions
extremely different - Clear cluster separation
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Table A.21: Summary: 12 binary variables - 2 clusters, equal mixing proportions -

Unclear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. -0.058 -0.026 -0.058
1st Qu. 0.043 0.010 0.050
Median 0.136 0.058 0.151
Mean (se) 0.154 (0.003)  0.087 (0.002)  0.165 (0.003)
3rd Qu. 0.242 0.136 0.263
Max. 0.636 0.573 0.636
ASW true ASW Ig ASW pam ASW Icmixed
Min. 0.029 0.013 0.097 0.001
Ist Qu. 0.085 0.147 0.140 0.151
Median 0.100 0.173 0.155 0.174
Mean (se) 0.101 (0.001) 0.167 (0.001)  0.156 (0.000)  0.169 (0.001)
3rd Qu. 0.117 0.192 0.170 0.192
Max. 0.194 0.270 0.234 0.270
NA’s 2
PG true PG lg PG pam PG lcmixed
Min. 0.048 -0.062 0.145 -0.074
1st Qu. 0.145 0.195 0.238 0.209
Median 0.171 0.271 0.263 0.281
Mean (se) 0.174 (0.001) 0.253 (0.002)  0.267 (0.001)  0.261 (0.002)
3rd Qu. 0.202 0.318 0.293 0.321
Max. 0.335 0.446 0.418 0.446
NA’s 2
A.11 12 binary variables - 2 clusters, equal mixing
proportions - Unclear cluster separation
The Model:
Latent class 7%  #fi¥ #fX #GX DX #fY &fX
1 0.55 0.70 0.50 0.30 0.80 0.20 0.90
2 0.45 0.60 0.60 0.40 0.70 0.10 0.80
Latent class #X #GX #IX  RIX  ZLX  ZMX  ZNX
1 0.55 0.40 0.20 0.50 0.30 0.60 0.40
2 0.45 0.90 0.50 0.50 0.60 0.30 0.40
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Table A.22: Summary: 12 binary variables - 2 clusters, equal mixing proportions -
Unclear cluster separation - 1000 units

ARIlg ARI pam ARI lemixed
Min. 0.120 -0.002 0.141
1st Qu. 0.313 0.002 0.322
Median 0.340 0.072 0.346
Mean (se) 0.338 (0.001)  0.068 (0.001)  0.345 (0.001)
3rd Qu. 0.367 0.097 0.369
Max. 0.465 0.315 0.464
ASW true ASW Ig ASW pam ASW lcmixed
Min. 0.080 0.116 0.109 0.124
1st Qu. 0.097 0.157 0.129 0.158
Median 0.101 0.162 0.138 0.163
Mean (se) 0.101 (0.000) 0.162 (0.000) 0.138 (0.000)  0.163 (0.000)
3rd Qu. 0.106 0.168 0.145 0.168
Max. 0.127 0.186 0.178 0.186
PG true PG 1g PG pam PG lecmixed
Min. 0.133 0.139 0.176 0.162
1st Qu. 0.165 0.264 0.216 0.270
Median 0.173 0.276 0.232 0.279
Mean (se) 0.173 (0.000) 0.274 (0.000) 0.231 (0.000) 0.278 (0.000)
3rd Qu. 0.182 0.286 0.244 0.288
Max. 0.220 0.322 0.306 0.322
1 : — 1
4 T T
=R | lj“ N E

(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.31: Adjusted Rand Index: 12 binary variables - 2 clusters, equal mixing
proportions - Unclear cluster separation
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Figure A.32: Average Silhouette Width: 12 binary variables - 2 clusters, equal
mixing proportions - Unclear cluster separation
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Figure A.33: Pearson Gamma: 12 binary variables - 2 clusters, equal mixing pro-

portions - Unclear cluster separation
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Table A.23: Summary: 12 binary variables - 2 clusters, equal mixing proportions -
Clear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. 0.984 0.984 0.984
1st Qu. 0.996 0.996 0.996
Median 1.000 1.000 1.000
Mean (se) 0.998 (0.000)  0.997 (0.000)  0.998 (0.000)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.703 0.703 0.703 0.703
Ist Qu. 0.724 0.724 0.724 0.724
Median 0.729 0.729 0.729 0.729
Mean (se) 0.729 (0.000) 0.729 (0.000) 0.729 (0.000) 0.729 (0.000)
3rd Qu. 0.734 0.734 0.734 0.734
Max. 0.751 0.751 0.751 0.751
PG true PG lg PG pam PG lemixed
Min. 0.917 0.917 0.917 0.917
1st Qu. 0.927 0.927 0.927 0.927
Median 0.929 0.929 0.929 0.929
Mean (se) 0.929 (0.000) 0.929 (0.000) 0.929 (0.000) 0.929 (0.000)
3rd Qu. 0.932 0.932 0.932 0.932
Max. 0.941 0.941 0.941 0.941
A.12 12 binary variables - 2 clusters, equal mixing
proportions - Clear cluster separation
The Model:
Latent class #X #4% #BX (X DX REX RFX
1 0.50 0.10 0.02 0.10 0.15 0.08 0.10
2 0.50 0.80 0.88 090 091 090 0.92
Latent class 7% #0% #1X  #[X  #LX #IX Al
1 0.50 0.90 080 091 0.92 089 0.90
2 0.50 0.10 0.12 0.20 0.13 0.09 0.10
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Table A.24: Summary: 12 binary variables - 2 clusters, equal mixing proportions -

Clear cluster separation - 1000 units

ARIlg ARI pam ARI lemixed
Min. 0.984 0.984 0.984
1st Qu. 0.996 0.996 0.996
Median 1.000 1.000 1.000
Mean (se) 0.998 (0.000) 0.997 (0.000)  0.998 (0.000)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.703 0.703 0.703 0.703
1st Qu. 0.724 0.724 0.724 0.724
Median 0.729 0.729 0.729 0.729
Mean (se) 0.729 (0.000) 0.729 (0.000) 0.729 (0.000) 0.729 (0.000)
3rd Qu. 0.734 0.734 0.734 0.734
Max. 0.751 0.751 0.751 0.751
PG true PG lg PG pam PG lcmixed
Min. 0.917 0.917 0.917 0.917
1st Qu. 0.927 0.927 0.927 0.927
Median 0.929 0.929 0.929 0.929
Mean (se) 0.929 (0.000) 0.929 (0.000) 0.929 (0.000) 0.929 (0.000)
3rd Qu. 0.932 0.932 0.932 0.932
Max. 0.941 0.941 0.941 0.941

Adjusted Rand Index
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(b) ARI - 1000 units.

Figure A.34: Adjusted Rand Index: 12 binary variables - 2 clusters, equal mixing
proportions - Clear cluster separation
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Figure A.35: Average Silhouette Width: 12 binary variables - 2 clusters, equal
mixing proportions - Clear cluster separation
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Figure A.36: Pearson Gamma: 12 binary variables - 2 clusters, equal mixing pro-
portions - Clear cluster separation
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Figure A.37: Adjusted Rand Index: 12 binary variables - 5 clusters, mixing pro-
portions extremely different - Unclear cluster separation

A.13 12 binary variables - 5 clusters, mixing pro-
portions extremely different - Unclear clus-

ter separation

The Model:
Latent class 77X #fX #BX 70X aDX  REX  RFX
1 0.10 0.20 0.30 0.80 0.60 0.30 0.50
2 0.15 0.40 050 0.60 020 0.70 0.30
3 0.20 0.30 0.60 0.40 020 050 0.70
4 025 0.70 0.60 0.30 0.40 020 0.20
5 0.30 0.20 0.20 0.50 0.70 0.40 0.80
Latent class #%X #GX #HX RIX  ZLX  aMX  LNX
1 0.10 090 0.40 020 030 040 0.20
2 0.15 0.10 020 020 0.30 040 0.50
3 0.20 0.30 0.60 0.20 0.60 0.40 0.60
4 0.25 0.40 0.30 020 0.60 050 0.30
5 0.30 0.80 0.60 0.20 0.60 0.50 0.70
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Table A.25: Summary: 12 binary variables - 5 clusters, mixing proportions ex-

tremely different - Unclear cluster separation - 100 units

ARIlg ARI pam ARI lemixed
Min. 0.000 0.019 0.012
1st Qu. 0.116 0.112 0.118
Median 0.153 0.144 0.154
Mean (se) 0.160 (0.001)  0.149 (0.001)  0.161 (0.001)
3rd Qu. 0.198 0.180 0.197
Max. 0.432 0.426 0.471
ASW true ASW Ig ASW pam ASW lcmixed
Min. -0.092 0.056 0.098 0.060
1st Qu. 0.003 0.138 0.136 0.139
Median 0.017 0.155 0.146 0.157
Mean (se)  0.018 (0.000) 0.153 (0.001) 0.147 (0.000)  0.155 (0.001)
3rd Qu. 0.032 0.170 0.158 0.171
Max. 0.102 0.222 0.206 0.220
NA’s 1
PG true PG lg PG pam PG lcmixed
Min. 0.103 0.217 0.304 0.227
1st Qu. 0.204 0.373 0.361 0.375
Median 0.229 0.397 0.377 0.399
Mean (se) 0.229 (0.001) 0.393 (0.001) 0.378 (0.001)  0.395 (0.001)
3rd Qu. 0.254 0.417 0.394 0.418
Max. 0.380 0.540 0.463 0.499

NA’s

1
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Table A.26: Summary: 12 binary variables - 5 clusters, mixing proportions ex-
tremely different - Unclear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. 0.097 0.079 0.117
1st Qu. 0.223 0.159 0.226
Median 0.255 0.176 0.257
Mean (se) 0.253 (0.001)  0.177 (0.001)  0.255 (0.001)
3rd Qu. 0.284 0.193 0.285
Max. 0.374 0.277 0.371
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.017 -0.002 0.104 0.012
1st Qu. 0.030 0.085 0.124 0.092
Median 0.034 0.102 0.128 0.107
Mean (se)  0.034 (0.000) 0.099 (0.001) 0.128 (0.000) 0.105 (0.000)
3rd Qu. 0.038 0.117 0.132 0.120
Max. 0.055 0.153 0.149 0.152
PG true PG lg PG pam PG lecmixed
Min. 0.198 0.182 0.303 0.197
1st Qu. 0.222 0.326 0.332 0.330
Median 0.230 0.342 0.339 0.345
Mean (se) 0.230 (0.000) 0.338 (0.001) 0.339 (0.000) 0.341 (0.001)
3rd Qu. 0.237 0.354 0.346 0.356
Max. 0.271 0.392 0.368 0.397
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(b) ASW - 1000 units.

Figure A.38: Average Silhouette Width: 12 binary variables - 5 clusters, mixing
proportions extremely different - Unclear cluster separation
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Figure A.39: Pearson Gamma: 12 binary variables - 5 clusters, mixing proportions
extremely different - Unclear cluster separation

A.14 12 binary variables - 5 clusters, mixing pro-

portions extremely different - Clear cluster

separation
The Model:

Latent class — #j%
1 0.10
2 0.15
3 0.20
4 0.25
5 0.30

Latent class 7%
1 0.10
2 0.15
3 0.20
4 0.25
5 0.30
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Table A.27: Summary: 12 binary variables - 5 clusters, mixing proportions ex-
tremely different - Clear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. 0.609 0.598 0.623
1st Qu. 0.805 0.809 0.804
Median 0.848 0.850 0.847
Mean (se) 0.844 (0.001) 0.846 (0.001) 0.842 (0.001)
3rd Qu. 0.890 0.890 0.887
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.341 0.359 0.355 0.356
1st Qu. 0.435 0.452 0.446 0.451
Median 0.460 0.476 0.470 0.476
Mean (se) 0.461 (0.001) 0.476 (0.001) 0.470 (0.001) 0.476 (0.001)
3rd Qu. 0.487 0.500 0.494 0.499
Max. 0.595 0.591 0.596 0.592
PG true PG lg PG pam PG lcmixed
Min. 0.556 0.569 0.577 0.569
1st Qu. 0.627 0.635 0.631 0.634
Median 0.643 0.651 0.646 0.650
Mean (se) 0.643 (0.001) 0.650 (0.000) 0.646 (0.000) 0.650 (0.000)
3rd Qu. 0.658 0.664 0.660 0.664
Max. 0.719 0.727 0.720 0.727
o | | | | 0| —B —e —8—
1 | | || | T BeEe=—m L ==
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(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.40: Adjusted Rand Index: 12 binary variables - 5 clusters, mixing pro-
portions extremely different - Clear cluster separation
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Table A.28: Summary: 12 binary variables - 5 clusters, mixing proportions ex-
tremely different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.791 0.779 0.793
1st Qu. 0.856 0.829 0.856
Median 0.869 0.844 0.869
Mean (se) 0.869 (0.000) 0.844 (0.001) 0.869 (0.000)
3rd Qu. 0.881 0.860 0.881
Max. 0.933 0.915 0.933
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.429 0.437 0.432 0.437
1st Qu. 0.460 0.472 0.468 0.472
Median 0.468 0.480 0.476 0.480
Mean (se) 0.467 (0.000) 0.479 (0.000) 0.476 (0.000) 0.479 (0.000)
3rd Qu. 0.476 0.487 0.484 0.487
Max. 0.505 0.519 0.515 0.519
PG true PG lg PG pam PG lemixed
Min. 0.620 0.632 0.622 0.632
Ist Qu. 0.638 0.647 0.641 0.647
Median 0.643 0.652 0.646 0.652
Mean (se) 0.643 (0.000) 0.652 (0.000) 0.646 (0.000) 0.652 (0.000)
3rd Qu. 0.648 0.657 0.651 0.657
Max. 0.666 0.672 0.669 0.672
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— . = 5
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I

T §
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(a) ASW - 100 units.
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0.3
I

ASW.true ASW.LG ASW.pam AWS.Iemixed

(b) ASW - 1000 units.

Figure A.41: Average Silhouette Width: 12 binary variables - 5 clusters, mixing
proportions extremely different - Clear cluster separation
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Figure A.42: Pearson Gamma: 12 binary variables - 5 clusters, mixing proportions
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Table A.29: Summary: 12 binary variables - 5 clusters, equal mixing proportions -

Unclear cluster separation - 100 units

ARIlg ARI pam ARI lemixed
Min. 0.000 0.019 0.010
1st Qu. 0.102 0.102 0.102
Median 0.133 0.132 0.135
Mean (se) 0.140 (0.001)  0.137 (0.001) 0.140 (0.001)
3rd Qu. 0.171 0.168 0.173
Max. 0.338 0.359 0.338
ASW true ASW Ig ASW pam ASW lcmixed
Min. -0.035 0.052 0.097 0.061
1st Qu. 0.009 0.134 0.135 0.138
Median 0.020 0.153 0.146 0.154
Mean (se)  0.021 (0.000) 0.151 (0.001) 0.147 (0.000)  0.152 (0.001)
3rd Qu. 0.034 0.169 0.158 0.169
Max. 0.088 0.238 0.212 0.238
NA’s 1
PG true PG lg PG pam PG lcmixed
Min. 0.085 0.181 0.305 0.222
1st Qu. 0.188 0.365 0.359 0.367
Median 0.209 0.390 0.375 0.391
Mean (se) 0.210 (0.001) 0.386 (0.001) 0.376 (0.001)  0.388 (0.001)
3rd Qu. 0.232 0.412 0.392 0.414
Max. 0.335 0.528 0.472 0.494

NA’s

1
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Table A.30: Summary: 12 binary variables - 5 clusters, equal mixing proportions -

Unclear cluster separation - 1000 units

ARI lg ARI pam ARI lcmixed
Min. 0.000 0.087 0.050
1st Qu. 0.191 0.149 0.197
Median 0.214 0.168 0.218
Mean (se) 0.212 (0.001)  0.168 (0.001)  0.217 (0.001)
3rd Qu. 0.236 0.189 0.239
Max. 0.306 0.260 0.316
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.016 -0.014 0.104 0.007
1st Qu. 0.032 0.009 0.124 0.100
Median 0.035 0.109 0.129 0.115
Mean (se)  0.035 (0.000) 0.105 (0.001)  0.129 (0.000) 0.112 (0.000)
3rd Qu. 0.039 0.123 0.134 0.127
Max. 0.054 0.157 0.153 0.156
NA’s 5
PG true PG lg PG pam PG lemixed
Min. 0.167 0.103 0.298 0.120
1st Qu. 0.204 0.319 0.332 0.327
Median 0.210 0.338 0.341 0.342
Mean (se) 0.210 (0.000) 0.332 (0.001)  0.340 (0.000) 0.338 (0.001)
3rd Qu. 0.217 0.352 0.348 0.355
Max. 0.240 0.397 0.381 0.397
NA’s 5
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Figure A.43: Adjusted Rand Index: 12 binary variables - 5 clusters, equal mixing
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Figure A.44: Average Silhouette Width: 12 binary variables - 5 clusters, equal
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Figure A.45: Pearson Gamma: 12 binary variables - 5 clusters, equal mixing pro-
portions - Unclear cluster separation

Latent class 7% #(X #PX #GX DX fEX RFX

1 020 090 0.88 010 0.11 091 0.90
2 0.20 0.0 0.09 091 0.89 0.11 0.11
3 0.20 090 090 091 088 010 0.12
4 020 0.10 0.09 0.11 0.08 089 0.90
5 020 091 0.10 092 009 088 0.12
Latent class 4 #GX fHX  IX  RLX  ZMX ZNX
1 0.20 0.09 012 092 089 0.10 0.12
2 020 090 090 0.0 0.12 088 0.91
3 020 0.12 0.0 0.90 0.10 090 0.11
4 020 091 0.88 010 091 0.11 0.89
5 020 090 0.0 091 0.11 0.88 0.12

A.17 4 4-level variables - 2 clusters, mixing pro-
portions extremely different - Unclear clus-

ter separation

The Model:
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Table A.31: Summary: 12 binary variables - 5 clusters, equal mixing proportions -

Clear cluster separation - 100 units

ARIlg ARI pam ARI lemixed
Min. 0.000 0.751 0.705
1st Qu. 0.880 0.898 0.881
Median 0.920 0.926 0.921
Mean (se) 0.912 (0.001) 0.922 (0.001) 0.913 (0.001)
3rd Qu. 0.949 0.951 0.949
Max. 1.000 1.000 1.000
ASW true ASW 1Ig ASW pam  ASW lcmixed
Min. 0.402 0.416 0.415 0.416
Ist Qu. 0.512 0.519 0.518 0.519
Median 0.537 0.543 0.543 0.544
Mean (se) 0.536 (0.001) 0.543 (0.001) 0.542 (0.001) 0.543 (0.001)
3rd Qu. 0.560 0.566 0.565 0.566
Max. 0.680 0.680 0.680 0.680
NA’s 2
PG true PG lg PG pam PG lcmixed
Min. 0.614 0.620 0.622 0.625
Ist Qu. 0.666 0.670 0.669 0.670
Median 0.677 0.681 0.680 0.681
Mean (se) 0.677 (0.000) 0.681 (0.000) 0.680 (0.000) 0.681 (0.000)
3rd Qu. 0.689 0.692 0.691 0.692
Max. 0.734 0.734 0.734 0.734
NA’s 2
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Table A.32: Summary: 12 binary variables - 5 clusters, equal mixing proportions -

Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lecmixed
Min. 0.000 0.871 0.879
1st Qu. 0.915 0.912 0.915
Median 0.924 0.922 0.924
Mean (se) 0.922 (0.001) 0.921 (0.000) 0.924 (0.000)
3rd Qu. 0.933 0.931 0.933
Max. 0.971 0.965 0.971
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.501 0.508 0.506 0.508
1st Qu. 0.533 0.539 0.538 0.539
Median 0.540 0.547 0.546 0.547
Mean (se) 0.540 (0.000) 0.547 (0.000) 0.546 (0.000) 0.547 (0.000)
3rd Qu. 0.548 0.554 0.553 0.554
Max. 0.584 0.588 0.588 0.588
NA’s 4
PG true PG lg PG pam PG lemixed
Min. 0.658 0.665 0.665 0.665
1st Qu. 0.673 0.677 0.677 0.677
Median 0.677 0.681 0.680 0.681
Mean (se) 0.676 (0.000) 0.681 (0.000) 0.680 (0.000) 0.681 (0.000)
3rd Qu. 0.680 0.684 0.683 0.684
Max. 0.695 0.697 0.696 0.697
NA’s 4
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Figure A.46: Adjusted Rand Index: 12 binary variables - 5 clusters, equal mixing
proportions - Clear cluster separation
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Figure A.47: Average Silhouette Width: 12 binary variables - 5 clusters, equal
mixing proportions - Clear cluster separation
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Figure A.48: Pearson Gamma: 12 binary variables - 5 clusters, equal mixing pro-
portions - Clear cluster separation

Latent class 7% &t~ a2 aisd X RBX aBaX 2B X 5 BuX

1t 1t 1t 1t 1t 1t
1 020 040 040 010 010 020 040 030 0.10
2 0.80 020 030 020 030 040 010 020 0.30
Latent class #%  #0% 70X z0X 0 20X ZDIX DX DX fDuX
1 020 020 030 030 020 030 030 030 0.10
2 0.80 0.10 040 040 010 050 010 020 0.20

A.18 4 4-level variables - 2 clusters, mixing pro-

portions extremely different - Clear cluster

separation
The Model:
Latent class 7% ﬁﬁlx ﬁﬁzx ﬁﬁSX s ﬁ‘lX T ﬁlX frﬁzx ﬁﬁ3X 7}54)(
1 0.20 0.10 0.10 0.40 0.40 0.10 0.10 0.10 0.70
2 0.80 0.40 040 0.10 0.10 0.70 0.10 0.10 0.10
Latent class % frng ﬁgQX ﬁﬁsx 7 {’}X 7 ElX 7%32)( ﬁng 7}34)(
1 0.20 0.10 040 0.10 0.40 0.40 0.40 0.10 0.10

2 0.80 040 0.10 040 010 0.10 010 040 040
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Table A.33: Summary: 4 4-level variables - 2 clusters - mixing proportions ex-
tremely different - Unclear cluster separation - 100 units

ARIlg ARI pam ARI lemixed
Min. -0.112 -0.092 -0.112
1st Qu. -0.008 -0.013 -0.008
Median 0.041 -0.002 0.040
Mean (se) 0.080 (0.003)  0.009 (0.001)  0.078 (0.003)
3rd Qu. 0.143 0.023 0.142
Max. 0.647 0.417 0.647
ASW true ASW Ig ASW pam ASW lcmixed
Min. 0.002 0.074 0.101 0.078
1st Qu. 0.055 0.149 0.146 0.149
Median 0.070 0.164 0.160 0.164
Mean (se) 0.071 (0.001) 0.165 (0.001) 0.160 (0.000)  0.165 (0.001)
3rd Qu. 0.087 0.181 0.173 0.181
Max. 0.148 0.250 0.235 0.252
PG true PG lg PG pam PG lecmixed
Min. -0.005 0.032 0.161 0.064
1st Qu. 0.091 0.232 0.245 0.233
Median 0.118 0.269 0.271 0.270
Mean (se)  0.120 (0.001) 0.267 (0.001) 0.272 (0.001)  0.268 (0.001)
3rd Qu. 0.147 0.306 0.297 0.306
Max. 0.262 0.434 0.425 0.434
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Figure A.49: Adjusted Rand Index: 4 4-level variables - 2 clusters, mixing propor-

tions extremely different - Unclear cluster separation
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Table A.34: Summary: 4 4-level variables - 2 clusters - mixing proportions ex-
tremely different - Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. -0.101 -0.050 -0.072
1st Qu. 0.194 -0.022 0.152
Median 0.262 0.000 0.227
Mean (se) 0.232 (0.002) -0.003 (0.000)  0.219 (0.002)
3rd Qu. 0.305 0.010 0.295
Max. 0.423 0.102 0.442
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.053 -0.011 0.125 0.085
1st Qu. 0.068 0.128 0.138 0.129
Median 0.073 0.138 0.142 0.138
Mean (se)  0.073 (0.000) 0.135 (0.000) 0.142 (0.000)  0.138 (0.000)
3rd Qu. 0.078 0.146 0.146 0.146
Max. 0.100 0.202 0.165 0.188
PG true PG lg PG pam PG lecmixed
Min. 0.083 -0.069 0.190 0.079
1st Qu. 0.113 0.166 0.220 0.208
Median 0.121 0.197 0.230 0.230
Mean (se)  0.121 (0.000) 0.195 (0.001)  0.230 (0.000)  0.228 (0.001)
3rd Qu. 0.130 0.231 0.240 0.249
Max. 0.170 0.358 0.279 0.338
S
=) — IS
= | T s e = i : 5
1= =1

(a) ASW - 100 units.

(b) ASW - 1000 units.

Figure A.50: Average Silhouette Width: 4 4-level variables - 2 clusters, mixing
proportions extremely different - Unclear cluster separation
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Figure A.51: Pearson Gamma: 4 4-level variables - 2 clusters, mixing proportions
extremely different - Unclear cluster separation

Table A.35: Summary: 4 4-level variables - 2 clusters, mixing proportions extremely
different - Clear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. -0.070 -0.081 -0.070
1st Qu. 0.542 -0.021 0.531
Median 0.653 0.001 0.645
Mean (se) 0.628 (0.004) 0.169 (0.006)  0.621 (0.004)
3rd Qu. 0.745 0.401 0.740
Max. 0.957 0.914 0.958
ASW true ASW Ig ASW pam ASW lcmixed
Min. 0.145 0.124 0.088 0.124
1st Qu. 0.235 0.258 0.154 0.257
Median 0.257 0.279 0.178 0.279
Mean (se) 0.257 (0.001) 0.278 (0.001) 0.197 (0.001) 0.277 (0.001)
3rd Qu. 0.279 0.300 0.244 0.300
Max. 0.353 0.366 0.361 0.366
PG true PG Ig PG pam PG lcmixed
Min. 0.221 0.130 0.095 0.130
1st Qu. 0.388 0.429 0.210 0.429
Median 0.424 0.467 0.259 0.468
Mean (sd) 0.424 (0.001) 0.463 (0.001) 0.310 (0.003)  0.464 (0.001)
3rd Qu. 0.460 0.503 0.435 0.504
Max. 0.596 0.633 0.607 0.633
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Table A.36: Summary: 4 4-level variables - 2 clusters, mixing proportions extremely
different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.639 -0.044 0.644
1st Qu. 0.719 -0.029 0.720
Median 0.740 -0.024 0.740
Mean (se) 0.740 (0.001) -0.024 (0.000)  0.740 (0.001)
3rd Qu. 0.761 -0.020 0.761
Max. 0.829 0.360 0.829
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.218 0.252 0.122 0.252
1st Qu. 0.251 0.274 0.142 0.274
Median 0.258 0.281 0.146 0.281
Mean (sd) 0.258 (0.000) 0.281 (0.000) 0.147 (0.000)  0.281 (0.000)
3rd Qu. 0.264 0.287 0.151 0.288
Max. 0.295 0.315 0.237 0.316
PG true PG lg PG pam PG lecmixed
Min. 0.366 0.376 0.158 0.376
1st Qu. 0.414 0.441 0.187 0.443
Median 0.425 0.456 0.195 0.458
Mean (se) 0.425 (0.000) 0.456 (0.000) 0.196 (0.000) 0.458 (0.000)
3rd Qu. 0.436 0.472 0.204 0.473
Max. 0.495 0.532 0.429 0.534

(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.52: Adjusted Rand Index: 4 4-level variables - 2 clusters, mixing propor-
tions extremely different - Clear cluster separation
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Figure A.53: Average Silhouette Width: 4 4-level variables - 2 clusters, mixing
proportions extremely different - Clear cluster separation

Pearson Gamma Pearson Gamma
o o
3 8 T - T 3
| | | | e s
1 s g ‘ ‘
= | | Bl B
<E> I
o ° o 8
s ° ' o s =
: —o—
o : o
o | o |
S S
T T T T T T T T
PG.true PGLG PG.pam PG.Icmixed PG.true PGLG PG.pam PG.Icmixed
(a) PG - 100 units. (b) PG - 1000 units.

Figure A.54: Pearson Gamma: 4 4-level variables - 2 clusters, mixing proportions
extremely different - Clear cluster separation
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Table A.37: Summary: 4 4-level variables - 2 clusters - equal mixing proportions -

Unclear cluster separation - 100 units

ARI lg ARI pam ARI lemixed
Min. -0.033 -0.023 -0.033
1st Qu. -0.006 -0.007 -0.006
Median 0.006 0.000 0.007
Mean (se) 0.023 (0.001)  0.012 (0.001)  0.023 (0.001)
3rd Qu. 0.035 0.022 0.039
Max. 0.305 0.242 0.261
ASW true ASW lg ASW pam ASW lcmixed
Min. -0.007 0.077 0.102 0.048
1st Qu. 0.019 0.142 0.138 0.142
Median 0.028 0.158 0.151 0.157
Mean (se)  0.029 (0.000) 0.158 (0.001)  0.152 (0.000) 0.158 (0.001)
3rd Qu. 0.039 0.173 0.164 0.173
Max. 0.095 0.242 0.237 0.242
PG true PG lg PG pam PG lemixed
Min. -0.012 0.052 0.144 0.008
1st Qu. 0.032 0.220 0.238 0.221
Median 0.049 0.259 0.263 0.260
Mean (se)  0.051 (0.001) 0.256 (0.001) 0.264 (0.001) 0.257 (0.001)
3rd Qu. 0.068 0.295 0.289 0.296
Max. 0.164 0.452 0.430 0.452

A.19 4 4-level variables - 2 clusters, equal mixing

proportions - Unclear cluster separation

The Model:
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Table A.38: Summary: 4 4-level variables - 2 clusters - equal mixing proportions -
Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI Iemixed

Min. -0.005 -0.002 -0.001

1st Qu. 0.008 0.000 0.034

Median 0.024 0.004 0.062
Mean (se) 0.033 (0.001)  0.009 (0.000)  0.060 (0.001)

3rd Qu. 0.053 0.015 0.084

Max. 0.150 0.070 0.169
ASW true ASW Ig ASW pam ASW lecmixed

Min. 0.017 -0.039 0.115 0.033

1st Qu. 0.027 0.085 0.129 0.115

Median 0.029 0.106 0.133 0.125
Mean (se)  0.029 (0.000) 0.104 (0.001) 0.133 (0.000) 0.126 (0.000)

3rd Qu. 0.032 0.125 0.137 0.136

Max. 0.045 0.204 0.157 0.204
PG true PG lg PG pam PG lcmixed

Min. 0.029 -0.034 0.184 0.003

1st Qu. 0.045 0.091 0.215 0.192

Median 0.050 0.143 0.225 0.216
Mean (se)  0.050 (0.000) 0.146 (0.071)  0.224 (0.002) 0.211 (0.000)

3rd Qu. 0.055 0.202 0.235 0.237

Max. 0.079 0.351 0.271 0.351

g 8 i
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(a) ARI - 100 units.
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(b) ARI - 1000 units.

Figure A.55: Adjusted Rand Index: 4 4-level variables - 2 clusters, equal mixing
proportions - Unclear cluster separation
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Figure A.56: Average Silhouette Width: 4 4-level variables - 2 clusters, equal mix-
ing proportions - Unclear cluster separation
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Figure A.57: Pearson Gamma: 4 4-level variables - 2 clusters, equal mixing pro-
portions - Unclear cluster separation
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Table A.39: Summary: 4 4-level variables - 2 clusters, equal mixing proportions -

Clear cluster separation - 100 units

ARIlg ARI pam ARI lemixed
Min. 0.136 -0.024 0.152
1st Qu. 0.573 0.056 0.573
Median 0.636 0.093 0.636
Mean (se) 0.644 (0.002)  0.098 (0.001)  0.644 (0.002)
3rd Qu. 0.737 0.136 0.737
Max. 0.921 0.378 0.921
ASW true ASW lg ASW pam ASW lcmixed
Min. 0.053 0.020 0.486 0.020
1st Qu. 0.165 0.168 0.508 0.169
Median 0.199 0.216 0.520 0.216
Mean (se) 0.200 (0.001) 0.218 (0.002)  0.522 (0.000)  0.218 (0.002)
3rd Qu. 0.233 0.266 0.534 0.266
Max. 0.381 0.488 0.598 0.488
PG true PG 1g PG pam PG lemixed
Min. 0.050 0.017 0.427 0.017
1st Qu. 0.169 0.172 0.459 0.172
Median 0.206 0.225 0.476 0.225
Mean (se) 0.209 (0.001) 0.230 (0.002)  0.480 (0.001)  0.230 (0.002)
3rd Qu. 0.246 0.283 0.499 0.285
Max. 0.430 0.559 0.591 0.559

A.20 4 4-level variables - 2 clusters, equal mixing

proportions - Clear cluster separation

The Model:
Latent class  #j% frélX
1 0.50 0.10
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Table A.40: Summary: 4 4-level variables - 2 clusters, equal mixing proportions -
Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.602 0.038 0.605
1st Qu. 0.692 0.080 0.692
Median 0.712 0.092 0.712
Mean (se) 0.711 (0.001) 0.093 (0.000) 0.711 (0.001)
3rd Qu. 0.732 0.106 0.732
Max. 0.806 0.162 0.806
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.157 0.147 0.493 0.147
1st Qu. 0.190 0.197 0.503 0.197
Median 0.200 0.211 0.506 0.210
Mean (se) 0.200 (0.000) 0.212 (0.000) 0.507 (0.000) 0.212 (0.000)
3rd Qu. 0.210 0.225 0.511 0.225
Max. 0.247 0.293 0.536 0.293
PG true PG lg PG pam PG lcmixed
Min. 0.160 0.149 0.437 0.149
1st Qu. 0.196 0.204 0.451 0.204
Median 0.208 0.220 0.456 0.220
Mean (se) 0.208 (0.000) 0.221 (0.001) 0.458 (0.000) 0.221 (0.001)
3rd Qu. 0.220 0.237 0.463 0.236
Max. 0.262 0.317 0.500 0.317
Eh ‘ : g4 TE —

(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.58: Adjusted Rand Index: 4 4-level variables - 2 clusters, equal mixing
proportions - Clear cluster separation
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Figure A.59: Average Silhouette Width: 4 4-level variables - 2 clusters, equal mix-
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Figure A.60: Pearson Gamma: 4 4-level variables - 2 clusters, equal mixing pro-
portions - Clear cluster separation
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Adjusted Rand Index

(a) ARI - 100 units.

Adjusted Rand Index

(b) ARI - 1000 units.

Figure A.61: Adjusted Rand Index: 4 4-level variables - 5 clusters, mixing propor-
tions extremely different - Unclear cluster separation
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Table A.41: Summary: 4 4-level variables - 5 clusters - mixing proportions ex-
tremely different - Unclear cluster separation - 100 units

ARI Ig ARI pam ARI Iemixed
Min. -0.021 -0.025 -0.034
1st Qu. 0.008 0.007 0.008
Median 0.022 0.019 0.021
Mean (se) 0.025 (0.001)  0.023 (0.000)  0.024 (0.001)
3rd Qu. 0.037 0.036 0.038
Max. 0.151 0.114 0.120
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.110 0.078 0.104 0.078
1st Qu. -0.061 0.145 0.151 0.146
Median -0.054 0.160 0.163 0.161
Mean (se) -0.053 (0.000) 0.161 (0.001) 0.163 (0.000) 0.161 (0.001)
3rd Qu. -0.046 0.177 0.174 0.177
Max. 0.001 0.249 0.226 0.255
PG true PG lg PG pam PG lcmixed
Min. -0.008 0.262 0.318 0.260
1st Qu. 0.039 0.368 0.378 0.369
Median 0.055 0.389 0.396 0.391
Mean (se)  0.056 (0.000) 0.390 (0.001) 0.395 (0.001) 0.391 (0.001)
3rd Qu. 0.070 0.411 0.411 0.412
Max. 0.150 0.501 0.479 0.501
o i B o
S
. . T
= i = :
= 4T

T
ASW.true

ASW.LG ASW.pam AWS.Iemixed

(a) ASW - 100 units.

ASW.true ASW.LG ASW.pam

T
AWS.lemixed

(b) ASW - 1000 units.

Figure A.62: Average Silhouette Width: 4 4-level variables - 5 clusters, mixing
proportions extremely different - Unclear cluster separation
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Table A.42: Summary: 4 4-level variables - 5 clusters - mixing proportions ex-

tremely different - Unclear cluster separation - 1000 units

ARI lg ARI pam ARI lcmixed
Min. -0.012 0.001 -0.008
1st Qu. 0.016 0.016 0.019
Median 0.024 0.021 0.025
Mean (se) 0.025 (0.000)  0.021 (0.000)  0.026 (0.000)
3rd Qu. 0.033 0.026 0.033
Max. 0.083 0.045 0.073
ASW true ASW Ig ASW pam ASW lemixed
Min. -0.033 -0.065 0.095 0.010
1st Qu. -0.027 0.055 0.121 0.085
Median -0.026 0.079 0.126 0.100
Mean (se) -0.026 (0.001) 0.076 (0.000) 0.126 (0.000) 0.098 (0.000)
3rd Qu. -0.025 0.101 0.131 0.113
Max. -0.017 0.166 0.149 0.162
NA’s 1
PG true PG lg PG pam PG lemixed
Min. 0.037 0.070 0.288 0.163
1st Qu. 0.052 0.239 0.312 0.275
Median 0.056 0.274 0.319 0.293
Mean (se)  0.056 (0.001) 0.266 (0.001) 0.320 (0.000) 0.291 (0.001)
3rd Qu. 0.060 0.297 0.328 0.309
Max. 0.076 0.389 0.355 0.392

NA’s

1
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Figure A.63: Pearson Gamma: 4 4-level variables - 5 clusters, mixing proportions

extremely different - Unclear cluster separation
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Table A.43: Summary: 4 4-level variables - 5 clusters, mixing proportions extremely

different - Clear cluster separation - 100 units

ARI g ARI pam ARI lemixed
Min. 0.000 0.265 0.208
1st Qu. 0.399 0.484 0.399
Median 0.463 0.540 0.462
Mean (se) 0.463 (0.002)  0.539 (0.002)  0.462 (0.002)
3rd Qu. 0.526 0.597 0.526
Max. 0.726 0.787 0.716
ASW true ASW lIg ASW pam  ASW lcmixed
Min. 0.098 0.170 0.214 0.173
1st Qu. 0.216 0.290 0.297 0.289
Median 0.244 0.316 0.322 0.316
Mean (se) 0.245 (0.001) 0.316 (0.001) 0.322 (0.001) 0.316 (0.001)
3rd Qu. 0.271 0.342 0.345 0.342
Max. 0.382 0.456 0.457 0.456
NA’s 2
PG true PG lg PG pam PG lcmixed
Min. 0.368 0.434 0.459 0.414
1st Qu. 0.487 0.556 0.568 0.557
Median 0.518 0.586 0.593 0.586
Mean (sd) 0.517 (0.001) 0.584 (0.001) 0.592 (0.003) 0.584 (0.001)
3rd Qu. 0.548 0.614 0.616 0.614
Max. 0.638 0.715 0.720 0.706
NA’s 2
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Table A.44: Summary: 4 4-level variables - 5 clusters, mixing proportions extremely
different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.461 0.461 0.459
1st Qu. 0.546 0.535 0.548
Median 0.565 0.553 0.566
Mean (se) 0.564 (0.001) 0.554 (0.001) 0.565 (0.001)
3rd Qu. 0.584 0.572 0.585
Max. 0.652 0.651 0.652
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.214 0.261 0.281 0.261
1st Qu. 0.246 0.319 0.322 0.320
Median 0.254 0.328 0.330 0.329
Mean (se) 0.254 (0.000) 0.328 (0.000) 0.330 (0.000) 0.328 (0.000)
3rd Qu. 0.263 0.337 0.338 0.338
Max. 0.296 0.368 0.369 0.368
PG true PG lg PG pam PG lemixed
Min. 0.473 0.513 0.552 0.509
1st Qu. 0.509 0.589 0.589 0.590
Median 0.518 0.598 0.597 0.599
Mean (se) 0.518 (0.000) 0.598 (0.000) 0.597 (0.000) 0.598 (0.000)
3rd Qu. 0.528 0.608 0.605 0.608
Max. 0.562 0.637 0.633 0.637
S e R e N A L
R

ARI_Ig

ARI_pam

T
ARI_lcmixed

(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.64: Adjusted Rand Index: 4 4-level variables - 5 clusters, mixing propor-

tions extremely different - Clear cluster separation
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Figure A.65: Average Silhouette Width: 4 4-level variables - 5 clusters, mixing
proportions extremely different - Clear cluster separation
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Figure A.66: Pearson Gamma: 4 4-level variables - 5 clusters, mixing proportions
extremely different - Clear cluster separation
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Figure A.67: Adjusted Rand Index: 4 4-level variables - 5 clusters, equal mixing
proportions - Unclear cluster separation
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Table A.45: Summary: 4 4-level variables - 5 clusters - equal mixing proportions -
Unclear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. -0.016 -0.016 -0.020
1st Qu. 0.031 0.030 0.031
Median 0.049 0.049 0.049
Mean (se) 0.053 (0.001)  0.051 (0.001)  0.052 (0.001)
3rd Qu. 0.070 0.069 0.071
Max. 0.210 0.200 0.185
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.069 0.063 0.100 0.085
1st Qu. -0.044 0.150 0.155 0.150
Median -0.036 0.165 0.167 0.165
Mean (se) -0.035 (0.000) 0.166 (0.001) 0.168 (0.000) 0.166 (0.001)
3rd Qu. -0.027 0.182 0.180 0.182
Max. 0.018 0.248 0.240 0.244
PG true PG lg PG pam PG lecmixed
Min. 0.024 0.200 0.318 0.278
1st Qu. 0.080 0.376 0.386 0.376
Median 0.096 0.398 0.403 0.398
Mean (se) 0.098 (0.001) 0.399 (0.001) 0.404 (0.001) 0.399 (0.001)
3rd Qu. 0.115 0.421 0.421 0.421
Max. 0.195 0.518 0.507 0.514
: e :
° [ I I ] ° ‘L 437 4@7
T
g4 4 8 == e

(a) ASW - 100 units.

(b) ASW - 1000 units.

Figure A.68: Average Silhouette Width: 4 4-level variables - 5 clusters, equal mix-
ing proportions - Unclear cluster separation
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Table A.46: Summary: 4 4-level variables - 5 clusters - equal mixing proportions -
Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI Iemixed
Min. 0.011 0.014 0.019
1st Qu. 0.052 0.048 0.055
Median 0.064 0.057 0.065
Mean (se) 0.063 (0.000)  0.057 (0.000)  0.065 (0.000)
3rd Qu. 0.075 0.065 0.075
Max. 0.118 0.101 0.118
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.022 -0.026 0.108 0.004
1st Qu. -0.016 0.072 0.131 0.090
Median -0.014 0.093 0.136 0.104
Mean (se) -0.014 (0.000) 0.090 (0.001) 0.136 (0.000) 0.104 (0.000)
3rd Qu. -0.012 0.111 0.141 0.118
Max. -0.002 0.171 0.165 0.173
PG true PG lg PG pam PG lcmixed
Min. 0.075 0.144 0.298 0.158
1st Qu. 0.093 0.274 0.333 0.290
Median 0.098 0.298 0.340 0.308
Mean (se) 0.098 (0.000) 0.294 (0.001) 0.340 (0.000)  0.307 (0.001)
3rd Qu. 0.103 0.318 0.348 0.324
Max. 0.125 0.398 0.392 0.403
I
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(a) PG - 100 units.
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(b) PG - 1000 units.

Figure A.69: Pearson Gamma: 4 4-level variables - 5 clusters, equal mixing pro-
portions - Unclear cluster separation
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Table A.47: Summary: 4 4-level variables - 5 clusters, equal mixing proportions -

Clear cluster separation - 100 units

ARI Ig ARI pam ARI Icmixed
Min. 0.202 0.296 0.202
1st Qu. 0.441 0.551 0.440
Median 0.504 0.605 0.505
Mean (se) 0.505 (0.002) 0.604 (0.002) 0.505 (0.002)
3rd Qu. 0.570 0.660 0.569
Max. 0.815 0.838 0.815
ASW true ASW lg ASW pam  ASW lcmixed
Min. 0.135 0.191 0.219 0.191
1st Qu. 0.241 0.306 0.317 0.306
Median 0.269 0.332 0.342 0.332
Mean (se) 0.269 (0.001) 0.331 (0.001) 0.342 (0.001) 0.332 (0.001)
3rd Qu. 0.297 0.360 0.366 0.359
Max. 0.408 0.505 0.514 0.505
PG true PG lg PG pam PG lemixed
Min. 0.361 0.424 0.471 0.425
1st Qu. 0.498 0.564 0.582 0.564
Median 0.528 0.593 0.606 0.593
Mean (se) 0.528 (0.001) 0.591 (0.001) 0.606 (0.001) 0.591 (0.001)
3rd Qu. 0.559 0.621 0.630 0.621
Max. 0.659 0.729 0.741 0.729
Latent class 7% frﬁlX ﬁﬁzX ﬁﬁgx ﬁ£4x ﬁng ﬁEQX frESX
1 020 0.10 0.10 0.10 070 070 0.10 0.10
2 020 0.10 0.10 0.70 0.10 0.10 0.70 0.10
3 020 0.10 0.70 0.10 0.10 0.10 0.10 0.10
4 020 070 0.10 0.10 0.10 0.10 0.10 0.70
5 020 070 0.10 0.10 0.10 070 0.10 0.10
Latent class 7 ﬁglx ﬁgQX 7 %X T 1C;4X ﬁng ﬁgzx ﬁg3x
1 020 0.10 0.70 0.10 0.10 0.10 0.10 0.70
2 0.20 0.0 010 0.10 0.10 0.10 0.10 0.10
3 0.20 0.10 0.10 0.70 0.10 0.70 0.10 0.10
4 0.20 0.10 0.10 0.10 070 010 0.70 0.10
5 020 070 0.10 0.10 0.10 0.70 0.10 0.10

#PaX
0.10
0.10
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Table A.48: Summary: 4 4-level variables - 5 clusters, equal mixing proportions -

Clear cluster separation - 1000 units

ARIlg ARI pam ARI lcmixed
Min. 0.000 0.525 0.508
1st Qu. 0.586 0.592 0.587
Median 0.603 0.609 0.604
Mean (se) 0.603 (0.001)  0.609 (0.001)  0.604 (0.001)
3rd Qu. 0.620 0.625 0.621
Max. 0.670 0.674 0.697
ASW true ASW Ig ASW pam ASW lcmixed
Min. 0.221 0.313 0.314 0.314
1st Qu. 0.270 0.343 0.342 0.343
Median 0.278 0.350 0.350 0.350
Mean (sd) 0.278 (0.000) 0.350 (0.000)  0.350 (0.000)  0.350 (0.000)
3rd Qu. 0.287 0.358 0.357 0.358
Max. 0.319 0.384 0.382 0.384
NA’s 1
PG true PG lg PG pam PG lcmixed
Min. 0.466 0.567 0.568 0.566
1st Qu. 0.520 0.602 0.600 0.603
Median 0.529 0.610 0.607 0.610
Mean (se) 0.529 (0.000) 0.610 (0.000) 0.607 (0.000) 0.610 (0.000)
3rd Qu. 0.539 0.618 0.615 0.618
Max. 0.574 0.642 0.639 0.642

NA’s

1
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Figure A.70: Adjusted Rand Index: 4 4-level variables - 5 clusters, equal mixing
proportions - Clear cluster separation
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Figure A.71: Average Silhouette Width: 4 4-level variables - 5 clusters, equal mix-
ing proportions - Clear cluster separation
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Figure A.72: Pearson Gamma: 4 4-level variables - 5 clusters, equal mixing pro-
portions - Clear cluster separation

A.25 12 4-level variables - 2 clusters, mixing pro-
portions extremely different - Unclear clus-

ter separation

The Model:
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Latent class #%  #01X 44X fdeX A 2BIX 2BX 2BX aBuX
1 0.15 020 030 040 010 030 010 020 040
2 0.85 030 020 030 020 020 040 030 0.10
Latent class #%  #01X 70X 70X R0 aDiX 20X 2DsX aDuX
1 0.15 020 030 030 020 020 020 040 020
2 0.85 0.0 020 020 050 030 040 0.10 0.20
Latent class #%  wpX 402X EX B GRX GRX GRX plX
1 0.15 010 050 010 030 020 020 020 040
2 0.85 020 030 020 030 010 030 010 050
Latent class #%  #G1%  7GX 3GX G RHX GHX GHa X ZHiX
1 0.15 020 010 030 040 020 040 0.10 0.30
2 0.85 030 020 010 040 040 010 020 0.30
Latent class #%  #0%X X GBX X GLX plaX pLeX pluX
1 0.15 020 030 010 040 030 030 010 0.30
2 0.85 020 020 050 010 020 040 0.10 0.30
Latent class #% a0t fMaX gMaX o AMuX o aNX aNaX o aNaX 2 NaX
1 0.15 020 010 050 020 030 010 0.10 050
2 0.85 020 030 010 040 020 020 030 030

A.26 12 4-level variables - 2 clusters, mixing pro-
portions extremely different - Clear cluster

separation

The Model:
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Table A.49: Summary: 12 4-level variables - 2 clusters - mixing proportions ex-
tremely different - Unclear cluster separation - 100 units

ARI Ig ARI pam ARI Iemixed
Min. -0.112 -0.078 -0.112
1st Qu. 0.007 -0.010 0.000
Median 0.191 -0.002 0.170
Mean (se) 0.224 (0.005)  0.005 (0.001)  0.210 (0.005)
3rd Qu. 0.417 0.013 0.390
Max. 0.947 0.245 0.947
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.019 0.004 0.054 0.008
1st Qu. 0.040 0.057 0.082 0.057
Median 0.051 0.070 0.091 0.069
Mean (se)  0.051 (0.000) 0.071 (0.000) 0.091 (0.000) 0.070 (0.000)
3rd Qu. 0.062 0.084 0.100 0.084
Max. 0.119 0.150 0.130 0.139
PG true PG lg PG pam PG lcmixed
Min. -0.033 -0.062 0.096 -0.062
1st Qu. 0.078 0.109 0.183 0.109
Median 0.104 0.145 0.206 0.144
Mean (se) 0.104 (0.001) 0.145 (0.001)  0.206 (0.001)  0.144 (0.001)
3rd Qu. 0.131 0.180 0.229 0.180
Max. 0.276 0.313 0.303 0.313
g 8 eR \
L D " +

ARI_Ig

(a) ARI - 100 units.

ARI_pam

ARI_lcmixed

ARI_Ig ARI_pam

ARI_lcmixed

(b) ARI - 1000 units.

Figure A.73: Adjusted Rand Index: 12 4-level variables - 2 clusters, mixing pro-
portions extremely different - Unclear cluster separation
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Table A.50: Summary: 4 4-level variables - 2 clusters - mixing proportions ex-

tremely different - Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.000 -0.047 0.452
1st Qu. 0.608 -0.005 0.611
Median 0.639 0.001 0.639
Mean (se) 0.637 (0.001)  0.007 (0.001) 0.638 (0.001)
3rd Qu. 0.667 0.015 0.667
Max. 0.746 0.157 0.751
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.060 0.074 0.040 0.074
1st Qu. 0.072 0.085 0.047 0.085
Median 0.075 0.088 0.049 0.088
Mean (se)  0.075 (0.000)  0.088 (0.000) 0.049 (0.000)  0.088 (0.000)
3rd Qu. 0.078 0.091 0.051 0.091
Max. 0.090 0.104 0.063 0.104
NA’s 3
PG true PG lg PG pam PG lemixed
Min. 0.152 0.146 0.107 0.150
1st Qu. 0.181 0.198 0.127 0.200
Median 0.189 0.210 0.134 0.212
Mean (se)  0.190 (0.000)  0.209 (0.000) 0.135 (0.000) 0.211 (0.000)
3rd Qu. 0.198 0.220 0.141 0.222
Max. 0.233 0.264 0.182 0.267
NA’s 3
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Figure A.74: Average Silhouette Width: 12 4-level variables - 2 clusters, mixing
proportions extremely different - Unclear cluster separation
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Figure A.75: Pearson Gamma: 12 4-level variables - 2 clusters, mixing proportions
extremely different - Unclear cluster separation
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Latent class 7% frﬁlX frf‘;?X ﬁﬁ3x frf%X 7%51)( 7%52)( 7%53)(
1 015 010 010 010 0.70 0.70 010 0.10
2 0.85 0.70 0.0 010 0.0 010 010 0.10
Latent class 7% #01X 70X 70X GO0 ZDiX 2DX 2DsX
1 015 010 070 010 010 0.70 010 0.10
2 0.85 0.70 0.0 010 010 010 070 0.10
Latent class #%  wtX  #P2X EX GEX SRX GIX GIX
1 015 010 010 070 010 010 070 0.10
2 0.85 010 070 010 010 070 010 0.10
Latent class 7% #G1%  7GX GX 0 RGX RIMX X GHaX
1 015 010 010 010 070 0.0 070 0.10
2 0.85 070 010 010 010 010 010 0.70
Latent class #%  #1%X X BX GLX GLX laX gleX
1 015 070 0.0 010 010 010 070 0.10
2 0.85 010 010 070 010 070 010 0.10
Latent class #% a0 gMaX pMaX ZMuX o aNiX 0 2 NoX 2 NoX
1 0.15 010 010 010 070 0.0 010 0.70
2 0.85 010 010 070 010 010 010 0.10

A.27 12 4-level variables - 2 clusters, equal mixing

proportions - Unclear cluster separation

The Model:

#PaX
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Table A.51: Summary:

tremely different - Clear cluster separation - 100 units

12 4-level variables - 2 clusters, mixing proportions ex-

ARI Ig ARI pam ARI lemixed
Min. 0.740 -0.012 0.692
1st Qu. 0.953 0.874 0.952
Median 1.000 0.939 1.000
Mean (se) 0.980 (0.001)  0.912 (0.002)  0.979 (0.001)
3rd Qu. 1.000 0.956 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.298 0.298 0.065 0.286
1st Qu. 0.378 0.378 0.375 0.378
Median 0.398 0.398 0.396 0.398
Mean (se) 0.398 (0.001) 0.398 (0.001) 0.395 (0.001)  0.398 (0.001)
3rd Qu. 0.418 0.418 0.417 0.418
Max. 0.493 0.493 0.493 0.493
PG true PG 1g PG pam PG lecmixed
Min. 0.439 0.439 0.081 0.439
1st Qu. 0.624 0.626 0.638 0.626
Median 0.658 0.660 0.668 0.660
Mean (se) 0.655 (0.001) 0.656 (0.001) 0.664 (0.001) 0.657 (0.001)
3rd Qu. 0.692 0.692 0.698 0.692
Max. 0.779 0.779 0.779 0.779
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(b) ARI - 1000 units.

Figure A.76: Adjusted Rand Index: 12 4-level variables - 2 clusters, mixing pro-

portions extremely different - Clear cluster separation
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Table A.52: Summary: 12 4-level variables - 2 clusters, mixing proportions ex-

tremely different - Clear cluster separation - 1000 units

ARI g ARI pam ARI lemixed
Min. 0.000 0.814 0.953
1st Qu. 0.984 0.924 0.984
Median 0.990 0.938 0.990
Mean (se) 0.988 (0.001)  0.934 (0.000)  0.989 (0.000)
3rd Qu. 0.995 0.950 0.995
Max. 1.000 0.989 1.000
ASW true ASW lIg ASW pam  ASW lcmixed
Min. 0.370 0.371 0.360 0.371
1st Qu. 0.393 0.394 0.393 0.394
Median 0.400 0.400 0.399 0.400
Mean (sd) 0.399 (0.000) 0.400 (0.000)  0.399 (0.000)  0.400 (0.000)
3rd Qu. 0.406 0.406 0.405 0.406
Max. 0.430 0.429 0.431 0.429
NA’s 3
PG true PG lg PG pam PG lcmixed
Min. 0.596 0.596 0.615 0.596
1st Qu. 0.648 0.649 0.660 0.649
Median 0.659 0.659 0.670 0.659
Mean (se) 0.658 (0.000) 0.659 (0.000) 0.670 (0.000) 0.659 (0.000)
3rd Qu. 0.669 0.670 0.680 0.670
Max. 0.701 0.702 0.709 0.702
NA’s 3
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Figure A.77: Average Silhouette Width: 12 4-level variables - 2 clusters, mixing
proportions extremely different - Clear cluster separation
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Figure A.78: Pearson Gamma: 12 4-level variables - 2 clusters, mixing proportions
extremely different - Clear cluster separation
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Latent class #%  #01X 44X fdeX A 2BIX 2BX 2BX aBuX
1 050 020 010 020 050 040 010 020 0.30
2 050 030 020 020 030 030 010 040 020
Latent class #%  #01X 70X 70X R0 aDiX 20X 2DsX aDuX
1 050 0.20 020 030 030 010 020 050 020
2 050 030 020 020 030 020 010 040 0.30
Latent class #%  wpX 402X EX B GRX GRX GRX plX
1 050 030 010 020 040 010 030 020 040
2 050 020 020 040 020 020 040 0.10 0.30
Latent class #%  #G1%  7GX 3GX G RHX GHX GHa X ZHiX
1 050 050 010 020 020 030 020 020 030
2 050 040 020 020 020 040 010 020 0.30
Latent class #%  #0%X X GBX X GLX plaX pLeX pluX
1 050 020 040 010 030 010 030 030 0.30
2 050 030 050 010 010 020 030 020 030
Latent class #% a0t fMaX gMaX o AMuX o aNX aNaX o aNaX 2 NaX
1 050 020 030 010 040 050 010 020 020
2 050 040 010 020 030 040 020 030 0.10

A.28 12 4-level variables - 2 clusters, equal mixing

proportions - Clear cluster separation

The Model:
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Table A.53: Summary: 12 4-level variables - 2 clusters - equal mixing proportions
- Unclear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. -0.033 -0.017 -0.031
1st Qu. 0.001 -0.006 0.002
Median 0.036 0.010 0.034
Mean (se) 0.060 (0.002)  0.026 (0.001)  0.062 (0.002)
3rd Qu. 0.094 0.048 0.094
Max. 0.573 0.354 0.573
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.007 0.033 0.029 0.033
1st Qu. 0.025 0.065 0.053 0.065
Median 0.032 0.072 0.059 0.072
Mean (se) 0.032 (0.000) 0.072 (0.000)  0.060 (0.000) 0.073 (0.000)
3rd Qu. 0.038 0.079 0.065 0.080
Max. 0.072 0.112 0.103 0.111
PG true PG 1g PG pam PG lecmixed
Min. 0.009 0.015 0.077 0.022
1st Qu. 0.071 0.154 0.149 0.157
Median 0.090 0.187 0.167 0.189
Mean (se) 0.091 (0.001) 0.183 (0.001) 0.168 (0.001) 0.185 (0.001)
3rd Qu. 0.109 0.216 0.186 0.217
Max. 0.210 0.314 0.289 0.314
d o -
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T
ARI_lcmixed

(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.79: Adjusted Rand Index: 12 4-level variables - 2 clusters, equal mixing
proportions - Unclear cluster separation
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Table A.54: Summary: 12 4-level variables - 2 clusters - equal mixing proportions

- Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.008 -0.001 0.053
1st Qu. 0.239 0.003 0.255
Median 0.270 0.016 0.278
Mean (se) 0.264 (0.001)  0.025 (0.001) 0.277 (0.001)
3rd Qu. 0.295 0.041 0.302
Max. 0.399 0.136 0.399
ASW true ASW Ig ASW pam ASW Icmixed
Min. 0.025 0.021 0.039 0.037
1st Qu. 0.031 0.054 0.047 0.054
Median 0.032 0.056 0.049 0.057
Mean (se) 0.032 (0.000) 0.056 (0.000)  0.050 (0.000)  0.057 (0.000)
3rd Qu. 0.034 0.059 0.052 0.059
Max. 0.041 0.068 0.065 0.068
PG true PG lg PG pam PG lecmixed
Min. 0.071 0.025 0.105 0.063
1st Qu. 0.087 0.146 0.129 0.152
Median 0.092 0.158 0.135 0.161
Mean (se) 0.092 (0.000) 0.154 (0.000) 0.137 (0.000) 0.159 (0.000)
3rd Qu. 0.096 0.169 0.145 0.169
Max. 0.116 0.197 0.184 0.197
E 8 o 8 £
=} : 4—; : o
g | =N g _ s ==
3 -+ i - 3 e -+ = 1

-0.05 0.00

-0.10

-0.05 0.00

-0.10

ASW.true

(a) ASW - 100 units.

T T
ASW.LG ASW.pam

AWS Icmixe d

ASW.true

ASW.LG

ASW.pam

AWS Iemixe d

(b) ASW - 1000 units.

Figure A.80: Average Silhouette Width: 12 4-level variables - 2 clusters, equal

mixing proportions - Unclear cluster separation
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Figure A.81: Pearson Gamma: 12 4-level variables - 2 clusters, equal mixing pro-
portions - Unclear cluster separation
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Table A.55: Summary: 12 4-level variables - 2 clusters, equal mixing proportions -

Clear cluster separation - 100 units

ARIlg ARI pam ARI lemixed
Min. 0.845 0.636 0.845
1st Qu. 0.960 0.921 0.960
Median 1.000 0.960 1.000
Mean (se) 0.983 (0.001) 0.952 (0.001) 0.983 (0.001)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.329 0.329 0.324 0.329
1st Qu. 0.393 0.394 0.395 0.394
Median 0.411 0.411 0.413 0.411
Mean (se) 0.411 (0.001) 0.412 (0.001) 0.413 (0.001) 0.412 (0.001)
3rd Qu. 0.429 0.429 0.431 0.429
Max. 0.494 0.494 0.494 0.494
PG true PG lg PG pam PG lemixed
Min. 0.639 0.618 0.635 0.618
1st Qu. 0.720 0.720 0.724 0.720
Median 0.740 0.741 0.744 0.741
Mean (se) 0.739 (0.001) 0.740 (0.001) 0.743 (0.001) 0.740 (0.001)
3rd Qu. 0.761 0.762 0.764 0.762
Max. 0.831 0.831 0.831 0.831
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Table A.56: Summary: 12 4-level variables - 2 clusters, equal mixing proportions -

Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.956 0.918 0.956
1st Qu. 0.984 0.952 0.984
Median 0.988 0.960 0.988
Mean (se) 0.988 (0.000) 0.962 (0.000)  0.988 (0.000)
3rd Qu. 0.992 0.968 0.992
Max. 1.000 1.000 1.000
ASW true ASW lg ASW pam  ASW lcmixed
Min. 0.383 0.384 0.386 0.384
1st Qu. 0.406 0.407 0.409 0.407
Median 0.412 0.413 0.415 0.413
Mean (se) 0.412 (0.000) 0.412 (0.000) 0.414 (0.000) 0.412 (0.000)
3rd Qu. 0.418 0.418 0.420 0.418
Max. 0.438 0.438 0.439 0.438
PG true PG lg PG pam PG lemixed
Min. 0.703 0.704 0.714 0.704
1st Qu. 0.734 0.735 0.739 0.735
Median 0.740 0.741 0.745 0.741
Mean (se) 0.740 (0.000) 0.741 (0.000) 0.745 (0.000) 0.741 (0.000)
3rd Qu. 0.746 0.747 0.751 0.747
Max. 0.768 0.769 0.773 0.769
A.29 12 4-level variables - 5 clusters, mixing pro-
portions extremely different - Unclear clus-
ter separation
The Model:
A.30 12 4-level variables - 5 clusters, mixing pro-

portions extremely different - Clear cluster

separation

The Model:
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Adjusted Rand Index Adjusted Rand Index
° °
o | | | | T — e ——
- S — -
o - I o g
S ° : ° °
° °
@ | L @ |
S S
o
S S
°
o | © |
S S
T T T T T T
ARI_lg ARI_pam ARI_lcmixed ARI_lg ARI_pam ARI_lcmixed
(a) ARI - 100 units. (b) ARI - 1000 units.

Figure A.82: Adjusted Rand Index: 12 4-level variables - 2 clusters, equal mixing
proportions - Clear cluster separation
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Figure A.83: Average Silhouette Width: 12 4-level variables - 2 clusters, equal
mixing proportions - Clear cluster separation
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Figure A.84: Pearson Gamma: 12 4-level variables - 2 clusters, equal mixing pro-
portions - Clear cluster separation

Adjusted Rand Index Adjusted Rand Index
< s
| |
S S g g
. : | |
S E E S A : |
: == ; R ¥
g4 _ i s £ i
- -
T T
T T T T T T
ARI_lg ARI_pam ARI_lcmixed ARI_lg ARI_pam ARI_lcmixed
(a) ARI - 200 units. (b) ARI - 1000 units.

Figure A.85: Adjusted Rand Index: 12 4-level variables - 5 clusters, mixing pro-
portions extremely different - Unclear cluster separation
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Latent class X apt™  ai2X afeX pdaX RBX RBX 25X
1 010 020 010 030 040 030 0.10 0.40

2 015 030 020 020 030 020 020 0.30

3 020 0.10 020 040 030 010 030 020

4 025 020 030 010 040 030 0.30 0.30

5 030 030 020 030 020 020 0.10 0.10
Latent class 7% #&% 2% fGX 0 RCX ah X aDaX 2 DsX
1 010 020 010 020 050 030 020 0.10

2 015 030 020 010 040 020 0.30 0.20

3 020 0.10 030 020 040 010 020 0.30

4 025 020 020 030 030 030 010 0.20

5 030 020 010 030 040 020 030 020
Latent class 7% #lrX X X B aRX o aRX aFsX
1 010 020 030 030 020 030 020 020

2 015 0.50 010 0.0 030 040 0.10 0.10

3 020 030 020 040 010 030 0.30 0.30

4 025 030 010 020 040 030 040 0.20

5 030 020 030 030 020 050 0.10 0.10
Latent class 7% #51X  7G2X fGsX f0uX IhX X G HX
1 0.10 030 020 010 040 020 020 0.40

2 015 020 030 020 030 030 020 020

3 020 040 010 010 040 020 0.30 0.30

4 025 030 010 010 050 040 0.10 0.10

5 030 030 030 010 030 020 030 020
Latent class  #;X a1~  alX glX  ghX o aliX gl X glsX
1 010 030 010 020 040 010 030 0.20

2 015 020 020 030 030 020 010 020

3 020 040 010 020 030 020 030 020

4 025 020 030 030 020 030 020 0.30

5 030 030 030 020 020 010 040 0.30
Latent class X ap X w2 apX o g X g X g X
1 010 020 040 0.10 030 030 020 0.30

2 015 030 030 010 030 020 020 0.30

3 0.20 040 020 020 020 040 030 0.20

4 025 030 040 020 010 030 0.10 0.40

5 030 040 010 020 030 020 0.30 0.40
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Table A.57: Summary: 12 4-level variables - 5 clusters - mixing proportions ex-
tremely different - Unclear cluster separation - 200 units

ARI Ig ARI pam ARI Iemixed
Min. -0.006 -0.005 -0.005
1st Qu. 0.048 0.026 0.048
Median 0.068 0.038 0.070
Mean (se) 0.073 (0.001)  0.040 (0.000)  0.074 (0.001)
3rd Qu. 0.093 0.053 0.095
Max. 0.232 0.120 0.241
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.016 0.029 0.032 0.027
1st Qu. -0.002 0.049 0.042 0.051
Median 0.001 0.054 0.045 0.055
Mean (se)  0.001 (0.000) 0.054 (0.000) 0.045 (0.000) 0.055 (0.000)
3rd Qu. 0.005 0.059 0.048 0.059
Max. 0.018 0.075 0.062 0.076
PG true PG lg PG pam PG lcmixed
Min. 0.062 0.157 0.177 0.163
1st Qu. 0.112 0.236 0.214 0.239
Median 0.122 0.249 0.223 0.251
Mean (se) 0.123 (0.000) 0.248 (0.000) 0.224 (0.000)  0.250 (0.000)
3rd Qu. 0.134 0.260 0.232 0.262
Max. 0.172 0.309 0.268 0.310
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(b) ASW - 1000 units.

Figure A.86: Average Silhouette Width: 12 4-level variables - 5 clusters, mixing
proportions extremely different - Unclear cluster separation
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Table A.58: Summary: 12 4-level variables - 5 clusters - mixing proportions ex-

tremely different - Unclear cluster separation - 1000 units

ARI lg ARI pam ARI lcmixed
Min. 0.000 0.006 0.039
1st Qu. 0.132 0.034 0.137
Median 0.161 0.042 0.164
Mean (se) 0.159 (0.001)  0.043 (0.000)  0.163 (0.001)
3rd Qu. 0.188 0.052 0.190
Max. 0.293 0.102 0.292
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.004 -0.005 0.032 0.001
1st Qu. 0.009 0.028 0.037 0.029
Median 0.010 0.033 0.039 0.034
Mean (se)  0.010 (0.000) 0.032 (0.000) 0.039 (0.000) 0.033 (0.000)
3rd Qu. 0.011 0.038 0.040 0.038
Max. 0.016 0.050 0.046 0.050
NA’s 1
PG true PG lg PG pam PG lemixed
Min. 0.102 0.069 0.168 0.081
1st Qu. 0.119 0.179 0.186 0.182
Median 0.123 0.193 0.191 0.194
Mean (se)  0.123 (0.000)  0.189 (0.000)  0.190 (0.000)  0.191 (0.000)
3rd Qu. 0.128 0.203 0.195 0.203
Max. 0.146 0.236 0.212 0.236

NA’s

1
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Figure A.87: Pearson Gamma: 12 4-level variables - 5 clusters, mixing proportions
extremely different - Unclear cluster separation
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Figure A.88: Adjusted Rand Index: 12 4-level variables - 5 clusters, mixing pro-
portions extremely different - Clear cluster separation
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Latent class X apt™  ai2X afeX pdaX RBX RBX 25X
1 010 0.0 010 010 070 070 0.10  0.10

2 015 0.10 070 0.0 010 010 0.10 0.70

3 020 070 010 010 010 010 070 0.10

4 0.25 010 010 070 010 010 0.10 0.10

5 030 070 010 0.0 010 010 0.70 0.10
Latent class 7% #&% 2% fGX 0 RCX ah X aDaX 2 DsX
1 010 010 070 0.0 010 010 0.10 0.70

2 015 070 010 0.0 010 070 0.10  0.10

3 020 0.0 010 070 010 010 070 0.10

4 0.25 070 010 010 010 0.10 0.0 0.10

5 030 0.0 010 010 070 010 0.10 0.70
Latent class 7% #lrX X X B aRX o aRX aFsX
1 010 070 010 0.10 010 010 070 0.10

2 015 0.0 070 0.0 010 070 0.10  0.10

3 020 0.10 010 010 070 010 0.70 0.10

4 025 070 010 010 010 010 0.10 0.10

5 030 0.10 010 070 010 010 0.10 0.70
Latent class 7% #51X  7G2X fGsX f0uX IhX X G HX
1 010 0.0 010 070 010 070 0.10  0.10

2 015 070 010 0.0 010 010 0.10 0.70

3 020 0.0 070 0.0 010 010 0.10 0.10

4 025 0.0 010 010 070 010 0.70 0.10

5 030 0.10 010 010 070 010 0.70 0.10
Latent class  #;X a1~  alX glX  ghX o aliX gl X glsX
1 010 070 010 010 010 010 070 0.10

2 015 070 010 010 010 070 0.10  0.10

3 020 0.0 010 070 010 070 0.10 0.10

4 025 0.0 010 070 010 010 0.10 0.70

5 030 010 070 0.0 010 010 0.10 0.10
Latent class X ap X w2 apX o g X g X g X
1 010 0.10 010 010 070 010 0.70 0.10

2 015 0.10 070 0.0 010 010 0.10 0.70

3 020 0.0 010 070 010 010 0.10 0.70

4 0.25 070 010 010 010 010 0.10 0.10

5 030 0.10 010 070 010 070 0.10  0.10
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Table A.59: Summary:

12 4-level variables - 5 clusters, mixing proportions ex-

tremely different - Clear cluster separation - 200 units

ARIlg ARI pam ARI lemixed
Min. 0.833 0.823 0.833
1st Qu. 0.919 0.923 0.919
Median 0.941 0.944 0.941
Mean (se) 0.938 (0.001) 0.941 (0.001) 0.938 (0.001)
3rd Qu. 0.958 0.961 0.958
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.280 0.283 0.278 0.283
1st Qu. 0.321 0.323 0.322 0.323
Median 0.332 0.334 0.333 0.334
Mean (se) 0.332 (0.000) 0.334 (0.000) 0.333 (0.000) 0.334 (0.000)
3rd Qu. 0.343 0.345 0.344 0.345
Max. 0.406 0.408 0.410 0.408
PG true PG lg PG pam PG lemixed
Min. 0.676 0.677 0.667 0.677
1st Qu. 0.722 0.724 0.724 0.724
Median 0.734 0.736 0.736 0.736
Mean (se) 0.734 (0.000) 0.736 (0.000) 0.736 (0.000) 0.736 (0.000)
3rd Qu. 0.746 0.748 0.747 0.748
Max. 0.795 0.796 0.798 0.796
L I S S R ]
g | | L R e T
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ASW.true ASW.LG ASW.pam AWS.lemixed

(a) ASW - 200 units.
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T T
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(b) ASW - 1000 units.

Figure A.89: Average Silhouette Width: 12 4-level variables - 5 clusters, mixing
proportions extremely different - Clear cluster separation
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Table A.60: Summary: 12 4-level variables - 5 clusters, mixing proportions ex-
tremely different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.912 0.913 0.912
1st Qu. 0.951 0.949 0.951
Median 0.958 0.957 0.958
Mean (se) 0.958 (0.000) 0.957 (0.000) 0.958 (0.000)
3rd Qu. 0.965 0.964 0.965
Max. 0.989 0.988 0.989
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.307 0.312 0.312 0.312
1st Qu. 0.330 0.333 0.332 0.333
Median 0.335 0.338 0.337 0.338
Mean (se) 0.335 (0.000) 0.338 (0.000) 0.337 (0.000) 0.338 (0.000)
3rd Qu. 0.340 0.342 0.342 0.342
Max. 0.364 0.365 0.366 0.365
PG true PG lg PG pam PG lcmixed
Min. 0.703 0.712 0.711 0.712
1st Qu. 0.730 0.734 0.734 0.734
Median 0.735 0.739 0.738 0.739
Mean (se) 0.735 (0.000) 0.739 (0.000) 0.738 (0.000) 0.739 (0.000)
3rd Qu. 0.740 0.743 0.743 0.743
Max. 0.762 0.764 0.764 0.764
R
£ [ I i i ] E ) -+ = - -
o [ I ]I | .| T T — ——
R e S . °
(a) PG - 200 units. (b) PG - 1000 units.

Figure A.90: Pearson Gamma: 12 4-level variables - 5 clusters, mixing proportions
extremely different - Clear cluster separation
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A.31 12 4-level variables - 5 clusters, equal mixing
proportions - Unclear cluster separation
The Model:
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Table A.61: Summary: 12 4-level variables - 5 clusters - equal mixing proportions
- Unclear cluster separation - 200 units

ARI Ig ARI pam ARI lemixed
Min. 0.000 -0.005 -0.003
1st Qu. 0.044 0.024 0.043
Median 0.060 0.036 0.059
Mean (se) 0.063 (0.001)  0.039 (0.000)  0.063 (0.001)
3rd Qu. 0.079 0.052 0.080
Max. 0.197 0.156 0.187
ASW true ASW lg ASW pam ASW lcmixed
Min. -0.015 0.024 0.031 0.028
1st Qu. -0.004 0.049 0.042 0.051
Median 0.000 0.054 0.045 0.055
Mean (se)  0.000 (0.000) 0.054 (0.000) 0.046 (0.000) 0.055 (0.000)
3rd Qu. 0.003 0.059 0.049 0.060
Max. 0.016 0.075 0.063 0.080
PG true PG lg PG pam PG lemixed
Min. 0.063 0.136 0.181 0.156
1st Qu. 0.101 0.236 0.216 0.240
Median 0.110 0.250 0.225 0.252
Mean (se) 0.111 (0.000) 0.248 (0.000)  0.225 (0.000)  0.251 (0.000)
3rd Qu. 0.121 0.262 0.234 0.264
Max. 0.161 0.309 0.272 0.319
Latent class % fr{%X ﬁ{%X Al X ﬁ%X 7}1L;1X frﬁzx ﬁng
1 0.20 0.10 020 040 030 020 0.20 0.10
2 020 0.10 030 030 030 0.10 0.10 0.20
3 020 020 020 020 040 020 020 0.30
4 020 020 0.10 050 020 030 0.10 0.20
5 020 020 020 030 030 030 020 0.20
Latent class 7% FMX ﬁi\;—lzX #MsX ﬁ'{\thx X ﬁ{zQX ﬁi\}x
1 020 030 0.10 020 040 050 0.10 0.10
2 0.20 030 020 010 040 040 0.20 0.10
3 020 040 0.10 030 020 050 0.10 0.20
4 020 030 020 030 020 040 0.10 0.10
5 0.20 020 020 040 020 040 0.40 0.10
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Table A.62: Summary: 12 4-level variables - 5 clusters - equal mixing proportions
- Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI Iemixed
Min. 0.031 0.009 0.040
1st Qu. 0.096 0.033 0.099
Median 0.115 0.042 0.118
Mean (se) 0.115 (0.001)  0.043 (0.000)  0.118 (0.001)
3rd Qu. 0.134 0.052 0.137
Max. 0.212 0.094 0.224
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.000 -0.001 0.033 0.001
1st Qu. 0.005 0.026 0.038 0.027
Median 0.006 0.032 0.039 0.033
Mean (se)  0.006 (0.000) 0.031 (0.000) 0.039 (0.000) 0.032 (0.000)
3rd Qu. 0.007 0.038 0.041 0.038
Max. 0.013 0.052 0.046 0.052
PG true PG lg PG pam PG lcmixed
Min. 0.088 0.073 0.171 0.092
1st Qu. 0.106 0.179 0.189 0.182
Median 0.110 0.195 0.193 0.197
Mean (se) 0.110 (0.001) 0.191 (0.000) 0.194 (0.000)  0.194 (0.000)
3rd Qu. 0.114 0.207 0.198 0.208
Max. 0.132 0.246 0.226 0.247
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(a) ARI - 200 units.
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(b) ARI - 1000 units.

Figure A.91: Adjusted Rand Index: 12 4-level variables - 5 clusters, equal mixing
proportions - Unclear cluster separation
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Figure A.92: Average Silhouette Width: 12 4-level variables - 5 clusters, equal
mixing proportions - Unclear cluster separation
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Figure A.93: Pearson Gamma: 12 4-level variables - 5 clusters, equal mixing pro-
portions - Unclear cluster separation
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A.32 12 4-level variables - 5 clusters, equal mixing
proportions - Clear cluster separation

The Model:
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Figure A.94: Adjusted Rand Index: 12 4-level variables - 5 clusters, equal mixing
proportions - Clear cluster separation
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Table A.63: Summary: 12 4-level variables - 5 clusters, equal mixing proportions -

Clear cluster separation - 200 units

ARIlg ARI pam ARI lemixed
Min. 0.000 0.818 0.806
1st Qu. 0.911 0.915 0.912
Median 0.933 0.938 0.934
Mean (se) 0.929 (0.001) 0.935 (0.001) 0.930 (0.001)
3rd Qu. 0.951 0.954 0.951
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.270 0.269 0.268 0.269
1st Qu. 0.318 0.319 0.318 0.320
Median 0.328 0.330 0.329 0.330
Mean (se) 0.328 (0.000) 0.330 (0.000) 0.329 (0.000) 0.330 (0.000)
3rd Qu. 0.339 0.341 0.340 0.341
Max. 0.385 0.386 0.384 0.386
NA’s 1
PG true PG lg PG pam PG lcmixed
Min. 0.660 0.654 0.653 0.654
1st Qu. 0.709 0.711 0.710 0.711
Median 0.720 0.721 0.721 0.721
Mean (se) 0.719 (0.000) 0.721 (0.000) 0.720 (0.000) 0.721 (0.000)
3rd Qu. 0.730 0.732 0.732 0.732
Max. 0.772 0.774 0.774 0.774

NA’s

1
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Table A.64: Summary: 12 4-level variables - 5 clusters, equal mixing proportions -

Clear cluster separation - 1000 units

ARIlg ARI pam ARI lcmixed
Min. 0.000 0.907 0.915
1st Qu. 0.946 0.945 0.946
Median 0.953 0.953 0.953
Mean (se) 0.952 (0.001) 0.952 (0.000) 0.953 (0.000)
3rd Qu. 0.960 0.960 0.960
Max. 0.985 0.985 0.985
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.305 0.308 0.308 0.308
1st Qu. 0.325 0.328 0.328 0.328
Median 0.330 0.333 0.333 0.333
Mean (se) 0.330 (0.000) 0.333 (0.000) 0.333 (0.000) 0.333 (0.000)
3rd Qu. 0.335 0.338 0.337 0.338
Max. 0.353 0.357 0.357 0.357
NA’s 2
PG true PG lg PG pam PG lemixed
Min. 0.695 0.701 0.700 0.701
1st Qu. 0.715 0.719 0.719 0.719
Median 0.720 0.724 0.723 0.724
Mean (se) 0.720 (0.000) 0.724 (0.000) 0.723 (0.000) 0.724 (0.000)
3rd Qu. 0.725 0.729 0.728 0.729
Max. 0.742 0.746 0.745 0.746
NA’s 2
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Figure A.95: Average Silhouette Width: 12 4-level variables - 5 clusters, equal
mixing proportions - Clear cluster separation
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Figure A.96: Pearson Gamma: 12 4-level variables - 5 clusters, equal mixing pro-
portions - Clear cluster separation
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Figure A.97: Adjusted Rand Index: 4 8-level variables - 2 clusters, mixing propor-
tions extremely different - Unclear cluster separation
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Table A.65: Summary: 4 8-level variables - 2 clusters - mixing proportions ex-
tremely different - Unclear cluster separation - 100 units
ARI Ig ARI pam ARI Iemixed
Min. -0.105 -0.108 -0.092
1st Qu. -0.009 -0.016 -0.008
Median 0.002 -0.004 0.002
Mean (se) 0.016 (0.001) -0.001 (0.001) 0.016 (0.001)
3rd Qu. 0.030 0.010 0.027
Max. 0.542 0.182 0.431
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.043 0.055 0.062 0.056
1st Qu. 0.014 0.087 0.095 0.086
Median 0.025 0.098 0.106 0.096
Mean (se)  0.026 (0.000) 0.099 (0.000) 0.106 (0.000)  0.098 (0.000)
3rd Qu. 0.037 0.110 0.116 0.109
Max. 0.096 0.170 0.160 0.177
PG true PG lg PG pam PG lcmixed
Min. -0.069 0.086 0.088 0.097
1st Qu. 0.032 0.191 0.203 0.189
Median 0.057 0.218 0.229 0.217
Mean (se)  0.058 (0.001) 0.221 (0.001) 0.229 (0.001)  0.220 (0.001)
3rd Qu. 0.083 0.249 0.256 0.246
Max. 0.196 0.392 0.376 0.425
e 0
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Figure A.98: Average Silhouette Width: 4 8-level variables - 2 clusters, mixing
proportions extremely different - Unclear cluster separation
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Table A.66: Summary: 4 8-level variables - 2 clusters - mixing proportions ex-
tremely different - Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. -0.087 -0.053 -0.083
1st Qu. -0.008 -0.004 -0.005
Median 0.016 -0.001 0.009
Mean (se) 0.032 (0.001) -0.003 (0.000)  0.024 (0.001)
3rd Qu. 0.066 0.001 0.047
Max. 0.242 0.044 0.207
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.012 0.007 0.077 0.023
1st Qu. 0.023 0.056 0.091 0.057
Median 0.027 0.065 0.095 0.064
Mean (se) 0.027 (0.000) 0.066 (0.000) 0.095 (0.000) 0.066 (0.000)
3rd Qu. 0.030 0.075 0.099 0.074
Max. 0.045 0.120 0.112 0.118
PG true PG lg PG pam PG lecmixed
Min. 0.024 -0.028 0.151 0.014
1st Qu. 0.050 0.102 0.193 0.116
Median 0.058 0.126 0.207 0.137
Mean (se)  0.058 (0.000) 0.125 (0.001)  0.204 (0.000) 0.138 (0.001)
3rd Qu. 0.065 0.151 0.217 0.160
Max. 0.098 0.271 0.248 0.269
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Figure A.99: Pearson Gamma: 4 8-level variables - 2 clusters, mixing proportions
extremely different - Unclear cluster separation
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Figure A.100: Adjusted Rand Index: 4 8-level variables - 2 clusters, mixing pro-

portions extremely different - Clear cluster separation
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Table A.67: Summary: 4 8-level variables - 2 clusters, mixing proportions extremely
different - Clear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. -0.091 -0.105 -0.093
1st Qu. 0.579 -0.049 0.544
Median 0.721 0.323 0.691
Mean (se) 0.680 (0.004)  0.322 (0.008)  0.656 (0.004)
3rd Qu. 0.815 0.669 0.804
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam ASW Icmixed
Min. 0.199 0.081 0.066 0.073
1st Qu. 0.275 0.263 0.131 0.257
Median 0.293 0.291 0.225 0.286
Mean (se) 0.294 (0.001) 0.284 (0.001) 0.213 (0.002)  0.280 (0.001)
3rd Qu. 0.313 0.313 0.293 0.310
Max. 0.388 0.396 0.403 0.396
PG true PG lg PG pam PG lecmixed
Min. 0.284 0.076 0.038 0.060
1st Qu. 0.446 0.471 0.164 0.469
Median 0.484 0.510 0.441 0.509
Mean (se) 0.481 (0.001) 0.503 (0.002) 0.358 (0.004) 0.501 (0.002)
3rd Qu. 0.518 0.547 0.543 0.547
Max. 0.655 0.680 0.691 0.680
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Figure A.101: Average Silhouette Width: 4 8-level variables - 2 clusters, mixing
proportions extremely different - Clear cluster separation
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Table A.68: Summary: 4 8-level variables - 2 clusters, mixing proportions extremely
different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.756 -0.082 0.756
1st Qu. 0.840 -0.062 0.840
Median 0.858 -0.057 0.858
Mean (se) 0.858 (0.001)  0.061 (0.006)  0.858 (0.001)
3rd Qu. 0.876 -0.050 0.877
Max. 0.951 0.908 0.951
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.262 0.272 0.095 0.273
1st Qu. 0.289 0.298 0.114 0.298
Median 0.296 0.305 0.119 0.305
Mean (se) 0.295 (0.000) 0.305 (0.000) 0.145 (0.001)  0.305 (0.000)
3rd Qu. 0.302 0.311 0.125 0.311
Max. 0.326 0.334 0.330 0.334
PG true PG 1g PG pam PG lecmixed
Min. 0.423 0.432 0.096 0.433
1st Qu. 0.472 0.482 0.134 0.483
Median 0.484 0.496 0.144 0.496
Mean (se) 0.484 (0.000) 0.495 (0.000)  0.206 (0.003)  0.495 (0.000)
3rd Qu. 0.496 0.508 0.156 0.509
Max. 0.543 0.555 0.571 0.555
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Figure A.102: Pearson Gamma: 4 8-level variables - 2 clusters, mixing proportions
extremely different - Clear cluster separation
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Figure A.103: Adjusted Rand Index: 4 8-level variables - 2 clusters, equal mixing
proportions - Unclear cluster separation
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1 050 015 015 010 005 005 010 020 0.20
2 050 010 020 015 010 010 005 015 0.15
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Table A.69: Summary: 4 8-level variables - 2 clusters - equal mixing proportions -
Unclear cluster separation - 100 units
ARI Ig ARI pam ARI Iemixed
Min. -0.041 -0.019 -0.024
1st Qu. -0.007 -0.008 -0.008
Median 0.001 -0.003 0.000
Mean (se) 0.013 (0.001)  0.006 (0.001) 0.013 (0.001)
3rd Qu. 0.023 0.011 0.023
Max. 0.223 0.200 0.204
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.009 0.059 0.049 0.059
1st Qu. 0.008 0.080 0.070 0.080
Median 0.013 0.086 0.076 0.086
Mean (se)  0.013 (0.000) 0.086 (0.000) 0.076 (0.000) 0.086 (0.000)
3rd Qu. 0.019 0.092 0.082 0.092
Max. 0.044 0.118 0.110 0.117
PG true PG lg PG pam PG lcmixed
Min. -0.025 0.113 0.111 0.122
1st Qu. 0.020 0.202 0.166 0.203
Median 0.034 0.221 0.183 0.221
Mean (se)  0.035 (0.000) 0.220 (0.001) 0.184 (0.001)  0.221 (0.001)
3rd Qu. 0.049 0.238 0.200 0.239
Max. 0.113 0.308 0.272 0.308
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(a) ASW - 100 units.
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Figure A.104: Average Silhouette Width: 4 8-level variables - 2 clusters, equal
mixing proportions - Unclear cluster separation
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Table A.70: Summary: 4 8-level variables - 2 clusters - equal mixing proportions -
Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. -0.005 -0.002 -0.005
1st Qu. 0.004 0.000 0.007
Median 0.016 0.002 0.027
Mean (se) 0.024 (0.001)  0.005 (0.000)  0.032 (0.001)
3rd Qu. 0.038 0.007 0.051
Max. 0.135 0.056 0.153
ASW true ASW Ig ASW pam ASW Icmixed
Min. 0.007 0.022 0.055 0.030
1st Qu. 0.012 0.046 0.061 0.052
Median 0.014 0.053 0.063 0.057
Mean (se) 0.014 (0.000) 0.052 (0.000) 0.063 (0.000)  0.056 (0.000)
3rd Qu. 0.015 0.058 0.065 0.061
Max. 0.020 0.084 0.072 0.083
PG true PG lg PG pam PG lecmixed
Min. 0.019 0.010 0.123 0.029
1st Qu. 0.032 0.081 0.141 0.113
Median 0.036 0.111 0.146 0.139
Mean (se) 0.036 (0.000) 0.110 (0.001)  0.146 (0.000) 0.132 (0.001)
3rd Qu. 0.039 0.142 0.151 0.154
Max. 0.052 0.194 0.172 0.196
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Figure A.105: Pearson Gamma: 4 8-level variables - 2 clusters, equal mixing pro-
portions - Unclear cluster separation
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Figure A.106: Adjusted Rand Index: 4 8-level variables - 2 clusters, equal mixing

proportions - Clear cluster separation
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Table A.71: Summary: 4 8-level variables - 2 clusters, equal mixing proportions -
Clear cluster separation - 100 units

ARIlg ARI pam ARI lemixed

Min. 0.354 0.514 0.354

1st Qu. 0.737 0.737 0.737

Median 0.808 0.808 0.808
Mean (se) 0.787 (0.002) 0.802 (0.002) 0.788 (0.002)

3rd Qu. 0.845 0.845 0.845

Max. 1.000 1.000 1.000
ASW true ASW lg ASW pam  ASW lcmixed

Min. 0.232 0.225 0.237 0.225

1st Qu. 0.313 0.319 0.322 0.319

Median 0.334 0.341 0.343 0.341
Mean (se) 0.335 (0.001) 0.341 (0.001) 0.343 (0.001) 0.341 (0.001)

3rd Qu. 0.356 0.363 0.363 0.363

Max. 0.447 0.447 0.444 0.447
PG true PG lg PG pam PG lemixed

Min. 0.482 0.432 0.495 0.432

1st Qu. 0.597 0.605 0.613 0.606

Median 0.627 0.637 0.639 0.637
Mean (se) 0.626 (0.001) 0.634 (0.001) 0.639 (0.001) 0.635 (0.001)

3rd Qu. 0.654 0.666 0.667 0.666

Max. 0.760 0.760 0.760 0.760

T
; \ | | | | \ N S =
~ T T T
(a) ASW - 100 units. (b) ASW - 1000 units.

Figure A.107: Average Silhouette Width: 4 8-level variables - 2 clusters, equal
mixing proportions - Clear cluster separation
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Table A.72: Summary: 4 8-level variables - 2 clusters, equal mixing proportions -
Clear cluster separation - 1000 units

ARIlg ARI pam ARI lemixed
Min. 0.767 0.715 0.767
1st Qu. 0.832 0.785 0.832
Median 0.850 0.799 0.850
Mean (se) 0.848 (0.001) 0.800 (0.001) 0.848 (0.001)
3rd Qu. 0.865 0.817 0.865
Max. 0.922 0.891 0.922
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.305 0.319 0.316 0.319
1st Qu. 0.330 0.342 0.337 0.342
Median 0.336 0.348 0.343 0.348
Mean (se) 0.336 (0.001) 0.348 (0.001) 0.343 (0.001) 0.348 (0.001)
3rd Qu. 0.343 0.355 0.350 0.355
Max. 0.369 0.380 0.376 0.380
PG true PG lg PG pam PG lemixed
Min. 0.578 0.607 0.594 0.607
1st Qu. 0.618 0.643 0.629 0.643
Median 0.628 0.651 0.638 0.651
Mean (se) 0.627 (0.000) 0.650 (0.000) 0.638 (0.000) 0.650 (0.000)
3rd Qu. 0.636 0.659 0.646 0.659
Max. 0.668 0.683 0.677 0.683
| S e e o O
3 ‘ 5 ‘ Eh . e s e

(a) PG - 100 units.

(b) PG - 1000 units.

Figure A.108: Pearson Gamma: 4 8-level variables - 2 clusters, equal mixing pro-

portions - Clear cluster separation
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A.37 4 8-level variables - 5 clusters, mixing pro-

portions extremely different - Unclear clus-

ter separation
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Table A.73: Summary: 4 8-level variables - 5 clusters - mixing proportions ex-

tremely different - Unclear cluster separation - 200 units

ARI Ig ARI pam ARI lcmixed
Min. -0.015 -0.013 -0.011
1st Qu. 0.016 0.011 0.017
Median 0.027 0.022 0.029
Mean (se) 0.030 (0.000)  0.024 (0.000)  0.031 (0.000)
3rd Qu. 0.040 0.034 0.042
Max. 0.133 0.095 0.142
ASW true ASW Ig ASW pam ASW lcmixed
Min. -0.031 0.047 0.050 0.050
1st Qu. -0.020 0.069 0.072 0.070
Median -0.017 0.074 0.076 0.074
Mean (se) -0.016 (0.000) 0.075 (0.000) 0.076 (0.000) 0.075 (0.000)
3rd Qu. -0.013 0.079 0.081 0.080
Max. 0.006 0.109 0.107 0.103
NA’s 3
PG true PG lg PG pam PG lcmixed
Min. 0.028 0.215 0.228 0.219
1st Qu. 0.062 0.272 0.272 0.273
Median 0.070 0.283 0.283 0.283
Mean (se)  0.072 (0.000) 0.283 (0.000) 0.283 (0.000)  0.283 (0.000)
3rd Qu. 0.081 0.293 0.293 0.294
Max. 0.127 0.344 0.348 0.344
NA’s 3
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Table A.74: Summary: 4 8-level variables - 5 clusters - mixing proportions ex-
tremely different - Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.001 -0.003 -0.003
1st Qu. 0.031 0.015 0.032
Median 0.042 0.022 0.043
Mean (se) 0.044 (0.000)  0.023 (0.000)  0.044 (0.000)
3rd Qu. 0.054 0.029 0.054
Max. 0.117 0.071 0.105
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.010 0.009 0.051 0.017
1st Qu. -0.006 0.041 0.060 0.043
Median -0.005 0.046 0.062 0.047
Mean (se) -0.005 (0.000) 0.045 (0.000) 0.062 (0.000) 0.047 (0.000)
3rd Qu. -0.004 0.050 0.064 0.051
Max. 0.001 0.071 0.074 0.073
PG true PG lg PG pam PG lecmixed
Min. 0.053 0.120 0.215 0.144
1st Qu. 0.067 0.196 0.233 0.200
Median 0.071 0.207 0.238 0.209
Mean (se) 0.071 (0.000) 0.205 (0.000) 0.238 (0.000)  0.208 (0.000)
3rd Qu. 0.075 0.216 0.244 0.217
Max. 0.092 0.250 0.269 0.256
| : i
N - n i

-0.10 -0.05 0.00 0.05 010 0.15 0.20 0.25

(a) ARI - 200 units.

777777

-0.10 -0.05 0.00 0.05 010 0.15 0.20 0.25

(b) ARI - 1000 units.

Figure A.109: Adjusted Rand Index: 4 8-level variables - 5 clusters, mixing pro-
portions extremely different - Unclear cluster separation
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Figure A.110: Average Silhouette Width: 4 8-level variables - 5 clusters, mixing
proportions extremely different - Unclear cluster separation

Pearson Gamma Pearson Gamma
< | =
S S
I
o : |
° f { ¢ { ¢ i °
T —§— T AL _— .
84 84 — © =
o -8 o °
o 7 ' o 7 r
[e—— —_—
; e
e
o | o
S S
T T T T T T T T
PG.true PGLG PG.pam PG.Icmixed PG.true PGLG PG.pam PG.Icmixed
(a) PG - 200 units. (b) PG - 1000 units.

Figure A.111: Pearson Gamma: 4 8-level variables - 5 clusters, mixing proportions
extremely different - Unclear cluster separation
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A.38 4 8-level variables - 5 clusters, mixing pro-

portions extremely different - Clear cluster

separation
The Model:
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PN
1 0.10 0.05
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Table A.75: Summary: 4 8-level variables - 5 clusters, mixing proportions extremely
different - Clear cluster separation - 200 units

ARIlg ARI pam ARI lemixed
Min. 0.479 0.552 0.476
1st Qu. 0.671 0.736 0.672
Median 0.710 0.770 0.711
Mean (se) 0.709 (0.001) 0.768 (0.001) 0.710 (0.001)
3rd Qu. 0.752 0.801 0.753
Max. 0.889 0.912 0.889
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.234 0.222 0.263 0.218
1st Qu. 0.303 0.315 0.328 0.315
Median 0.320 0.334 0.344 0.333
Mean (se) 0.320 (0.001) 0.333 (0.001) 0.344 (0.001) 0.333 (0.001)
3rd Qu. 0.337 0.351 0.360 0.351
Max. 0.408 0.418 0.420 0.418
PG true PG lg PG pam PG lemixed
Min. 0.565 0.520 0.601 0.529
1st Qu. 0.647 0.665 0.683 0.666
Median 0.666 0.685 0.700 0.685
Mean (se) 0.667 (0.001) 0.684 (0.001) 0.699 (0.001) 0.684 (0.001)
3rd Qu. 0.687 0.706 0.717 0.705
Max. 0.757 0.773 0.780 0.773

B RE

0.0
I

0.4

0.2

0.0

ARI_Ig ARI_pam ARI_lcmixed

(a) ARI - 200 units. (b) ARI - 1000 units.

Figure A.112: Adjusted Rand Index: 4 8-level variables - 5 clusters, mixing pro-
portions extremely different - Clear cluster separation
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Table A.76: Summary: 4 8-level variables - 5 clusters, mixing proportions extremely
different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lcmixed
Min. 0.000 0.183 0.223
1st Qu. 0.762 0.247 0.327
Median 0.777 0.263 0.342
Mean (se) 0.777 (0.001) 0.262 (0.001) 0.337 (0.001)
3rd Qu. 0.792 0.277 0.354
Max. 0.849 0.340 0.393
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.285 0.311 0.145 0.169
1st Qu. 0.317 0.339 0.183 0.185
Median 0.324 0.346 0.189 0.191
Mean (se) 0.324 (0.000) 0.346 (0.000) 0.189 (0.000) 0.191 (0.000)
3rd Qu. 0.331 0.353 0.196 0.196
Max. 0.364 0.385 0.225 0.234
NA’s 1
PG true PG lg PG pam PG lcmixed
Min. 0.621 0.661 0.275 0.295
1st Qu. 0.659 0.691 0.329 0.380
Median 0.667 0.698 0.342 0.389
Mean (se) 0.667 (0.000) 0.698 (0.000) 0.342 (0.000) 0.385 (0.000)
3rd Qu. 0.676 0.706 0.356 0.397
Max. 0.712 0.737 0.405 0.424
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(b) ASW - 1000 units.

Figure A.113: Average Silhouette Width: 4 8-level variables - 5 clusters, mixing
proportions extremely different - Clear cluster separation
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Figure A.114: Pearson Gamma: 4 8-level variables - 5 clusters, mixing proportions
extremely different - Clear cluster separation

A.39 4 8-level variables - 5 clusters, equal mixing

proportions - Unclear cluster separation

The Model:

Latent 1 x  4x _AX  _AuX  _AsX  _AsX A X

class T T T T T T T T
1 0.20 0.10 0.20 0.15 0.05 0.20 0.10 0.15
2 0.20 0.15 0.15 020 0.10 0.15 0.15 0.05
3 0.20 0.05 0.10 0.15 0.15 0.15 0.10 0.10
4 0.20 0.20 0.05 0.10 0.10 0.10 0.05 0.30
5 0.20 0.15 0.15 0.10 020 0.10 0.05 0.10
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Latent X B X By X B3 X B, X Bs X BeX Br X BgX
Ty Ty Ty
class

1 0.20 015 005 020 010 0.25 0.05 0.10 0.10

2 0.20 020 010 015 015 0.10 0.10 0.15 0.05
3 0.20 0.10 015 0.10 0.25 0.20 0.10 0.05  0.15
4 0.20 005 020 0.05 010 0.15 0.25 0.10 0.10
5 0.20 0.10 0.05 0.15 0.05 0.15  0.05 0.20  0.25
Latent ~ 5 5 ~ 5 ~ 5 5
class

1 0.20 010 0.10 0.20 0.05 0.10 0.15 0.20 0.10

2 0.20 020 0.05 0.10 0.15 0.20 0.10 0.15 0.05
3 0.20 0.15 0.20 0.05 0.20 0.05 0.10 0.10 0.15
4 0.20 0.0 0.15 0.10 0.30 0.10 0.05 0.05 0.20
5 0.20 0.10 0.10 0.15 0.15 0.10 0.20 0.10 0.10
Latent X Dy X Do X DsX DuX DsX DeX DX DX
class T uw un Ty Ty T un Ty un

1 0.20 0.15 020 0.05 0.10 0.20 0.05 0.20 0.05
0.20 0.10 015 0.10 0.15 0.10 0.20 0.10 0.10
0.20 0.20 010 0.15 0.05 0.10 0.15 0.05 0.20
0.20 0.05 010 020 0.10 0.15 0.10 0.10 0.20
0.20 0.10 0.05 015 0.20 0.15 0.05 0.15 0.15

T o= W N
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Table A.77: Summary: 4 8-level variables - 5 clusters - equal mixing proportions -

Unclear cluster separation - 200 units

ARI Ig ARI pam ARI Iemixed
Min. -0.009 -0.009 -0.006
1st Qu. 0.019 0.014 0.019
Median 0.029 0.024 0.029
Mean (se) 0.031 (0.000)  0.026 (0.000)  0.032 (0.000)
3rd Qu. 0.042 0.035 0.042
Max. 0.104 0.107 0.126
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.025 0.048 0.053 0.049
1st Qu. -0.017 0.069 0.070 0.070
Median -0.014 0.074 0.075 0.075
Mean (se) -0.013 (0.000) 0.075 (0.000) 0.075 (0.000) 0.075 (0.000)
3rd Qu. -0.010 0.079 0.080 0.080
Max. 0.009 0.114 0.101 0.107
PG true PG lg PG pam PG lcmixed
Min. 0.028 0.229 0.227 0.224
1st Qu. 0.063 0.272 0.269 0.274
Median 0.071 0.283 0.280 0.284
Mean (se) 0.072 (0.000) 0.283 (0.000) 0.280 (0.000)  0.285 (0.000)
3rd Qu. 0.080 0.293 0.290 0.295
Max. 0.123 0.351 0.330 0.349
e E B T

ARI_Ig ARI_pam

(a) ARI - 200 units.

ARI_lcmixed

ARI_Ig ARI_pam

ARI_lcmixed

(b) ARI - 1000 units.

Figure A.115: Adjusted Rand Index: 4 8-level variables - 5 clusters, equal mixing
proportions - Unclear cluster separation
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Table A.78: Summary: 4 8-level variables - 5 clusters - equal mixing proportions -
Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.010 0.003 0.008
1st Qu. 0.033 0.019 0.034
Median 0.041 0.025 0.042
Mean (se) 0.042 (0.000)  0.025 (0.000)  0.043 (0.000)
3rd Qu. 0.051 0.031 0.050
Max. 0.086 0.063 0.095
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.009 0.019 0.051 0.017
1st Qu. -0.005 0.042 0.059 0.043
Median -0.004 0.047 0.061 0.048
Mean (se) -0.004 (0.000) 0.046 (0.000) 0.061 (0.000) 0.047 (0.000)
3rd Qu. -0.003 0.051 0.063 0.051
Max. 0.002 0.068 0.071 0.067
PG true PG lg PG pam PG lecmixed
Min. 0.055 0.133 0.211 0.140
1st Qu. 0.068 0.199 0.230 0.202
Median 0.072 0.210 0.235 0.211
Mean (se) 0.072 (0.000) 0.207 (0.000) 0.235 (0.000)  0.210 (0.000)
3rd Qu. 0.075 0.219 0.240 0.219
Max. 0.091 0.253 0.263 0.250
e
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(b) ASW - 1000 units.

Figure A.116: Average Silhouette Width: 4 8-level variables - 5 clusters, equal
mixing proportions - Unclear cluster separation
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Figure A.117: Pearson Gamma: 4 8-level variables - 5 clusters, equal mixing pro-
portions - Unclear cluster separation

A.40 4 8-level variables - 5 clusters, equal mixing

proportions - Clear cluster separation

The Model:
1 0.20 0.65
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Adjusted Rand Index
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Figure A.118: Adjusted Rand Index: 4 8-level variables - 5 clusters, equal mixing
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Table A.79: Summary: 4 8-level variables - 5 clusters, equal mixing proportions -

Clear cluster separation - 200 units

ARI Ig ARI pam ARI lemixed
Min. 0.460 0.625 0.472
1st Qu. 0.667 0.736 0.669
Median 0.705 0.768 0.707
Mean (se) 0.704 (0.001) 0.766 (0.001) 0.705 (0.001)
3rd Qu. 0.741 0.798 0.744
Max. 0.891 0.916 0.891
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.240 0.247 0.267 0.245
1st Qu. 0.303 0.315 0.327 0.316
Median 0.320 0.334 0.344 0.334
Mean (se) 0.321 (0.001) 0.334 (0.001) 0.344 (0.001) 0.334 (0.001)
3rd Qu. 0.338 0.352 0.361 0.352
Max. 0.414 0.416 0.425 0.415
PG true PG lg PG pam PG lemixed
Min. 0.558 0.542 0.603 0.557
Ist Qu. 0.640 0.655 0.672 0.655
Median 0.659 0.675 0.689 0.676
Mean (se) 0.659 (0.001) 0.674 (0.001) 0.688 (0.001) 0.675 (0.001)
3rd Qu. 0.678 0.695 0.706 0.696
Max. 0.745 0.763 0.764 0.759

R

BB

0.2

T T T
ASW.true ASW.LG ASW.pam

T
AWS.lemixed

(a) ASW - 200 units.

ASW.true ASW.LG

ASWpam  AWS.lcmixed

(b) ASW - 1000 units.

Figure A.119: Average Silhouette Width: 4 8-level variables - 5 clusters, equal
mixing proportions - Clear cluster separation
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Table A.80: Summary: 4 8-level variables - 5 clusters, equal mixing proportions -
Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.688 0.702 0.690
1st Qu. 0.749 0.751 0.749
Median 0.765 0.767 0.765
Mean (se) 0.764 (0.000) 0.766 (0.000) 0.764 (0.000)
3rd Qu. 0.778 0.781 0.778
Max. 0.844 0.828 0.844
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.288 0.314 0.315 0.313
1st Qu. 0.317 0.341 0.341 0.341
Median 0.324 0.348 0.348 0.348
Mean (se) 0.324 (0.000) 0.348 (0.000) 0.348 (0.000) 0.348 (0.000)
3rd Qu. 0.333 0.356 0.355 0.356
Max. 0.359 0.380 0.379 0.380
PG true PG lg PG pam PG lcmixed
Min. 0.620 0.655 0.654 0.655
1st Qu. 0.650 0.685 0.682 0.685
Median 0.659 0.693 0.689 0.693
Mean (se) 0.659 (0.000) 0.692 (0.000) 0.696 (0.000) 0.692 (0.000)
3rd Qu. 0.668 0.700 0.696 0.700
Max. 0.696 0.721 0.720 0.721

(a) PG - 200 units.

(b) PG - 1000 units.

Figure A.120: Pearson Gamma: 4 8-level variables - 5 clusters, equal mixing pro-
portions - Clear cluster separation
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A.41 12 8-level variables - 2 clusters, mixing pro-
portions extremely different - Unclear clus-

ter separation

The Model:

Latent T Y v T Y T I ¥
X 7r£41X 71.242)( 7.‘.243)( 7r244X 7T£45X 77246)( 7r;47X 7.‘.248)(

class
1 0.85 0.05 0.15 0.10 0.20 0.30 0.05 0.10 0.05

2 0.15 0.10 0.20 015 0.10 0.20 0.10 0.05 0.10

Latent x B X By X BaX BuX Bs X BeX Br X BgX
class

1 0.85 010 015 0.05 0.20 0.10 0.20 0.15 0.05
2 0.15 020 0.10 0.15 0.15 0.15 0.15 0.05 0.05

Latent x G X CoX CsX CuX Cs X CeX Cr X CsX
class

1 0.85 020 0.05 010 0.056 0.15 0.20 0.15 0.10
2 0.15 015 0.10 0.05 0.10 0.20 0.10 0.20 0.10

Latent v pix DX _DsX DX _DsX _DeX DX _DsX
class

1 0.85 010 015 0.05 0.20 0.15 0.05 0.20 0.10
2 0.15 015 0.10 0.10 0.15 0.20 0.10 0.05 0.15
Latent E1X  _E2X  _E3X  _EsX  _EsX _EeX ErX EsX
class
1 0.85 010 020 0.05 015 0.10 0.20 0.05 0.15
2 0.15 005 0.10 0.10 0.05 0.20 0.10 0.10 0.30

Latent = = = = 5 = = =
I X 7rtFIX ngx thgx TrtF4X 7rtF5X Wfﬁx TrtF7X ngx
class
1 0.85 0.20 0.10 0.05 0.15 0.10 0.05 0.25 0.10

2 0.15> 015 0.15 010 0.10 0.20 0.20 0.05 0.05
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Latent 5 5 5 < 5 5 <
RE RO GO GO O G G O

class
1 0.85 0.10 0.20 0.05 0.10 0.15 0.10 0.20
2 0.15 0.05 0.15 0.20 0.05 0.10 0.05 0.10
Latent 7 f . 7 7 7 7
RX R X X X X

class
1 0.85 0.20 0.10 0.05 0.15 0.10 0.20 0.05
2 0.15 0.10 0.05 0.15 0.05 0.05 0.10 0.20

class
1 0.85 0.05 0.10 0.25 0.10 0.05 0.05 0.10
2 0.15 0.10 0.05 0.15 0.30 0.10 0.10 0.05
Latent 7TtX 7rtEIX 7TtL*QX 7r£3X ﬂ_t[74X 7TtE5X wfﬁx W£7X

class
1 0.85 0.05 0.10 0.20 0.15 0.05 0.05 0.25
2 0.15 0.10 0.05 0.10 0.25 0.10 0.20 0.05

class
1 0.85 0.10 0.05 0.15 0.10 0.30 0.05 0.05
2 0.15 0.15 0.15 0.10 0.05 0.25 0.10 0.15
Latent X Wile Wt@X Wl{vgx 7r£\74x W{\EX Wi%x 7r£7\77X

class
1 0.85 0.05 0.10 0.30 0.05 0.20 0.10 0.15
2 0.15 0.10 0.05 0.15 0.05 0.10 0.20 0.20

GsX

0.10
0.30

HgX

0.15
0.30

Iz X

0.30
0.15

LsX

0.15
0.15

MsX

0.20
0.05

N X

0.05
0.15
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Table A.81: Summary: 12 8-level variables - 2 clusters - mixing proportions ex-

tremely different - Unclear cluster separation - 200 units

ARIlg ARI pam ARI lemixed
Min. -0.094 -0.059 -0.096
1st Qu. 0.002 -0.010 0.002
Median 0.085 -0.002 0.076
Mean (se) 0.135 (0.004)  0.004 (0.001)  0.123 (0.003)
3rd Qu. 0.239 0.011 0.216
Max. 0.754 0.186 0.741
ASW true ASW Ig ASW pam ASW lcmixed
Min. 0.018 0.021 0.017 0.022
1st Qu. 0.034 0.034 0.027 0.033
Median 0.037 0.037 0.029 0.037
Mean (se)  0.037 (0.000) 0.038 (0.000) 0.029 (0.000) 0.038 (0.000)
3rd Qu. 0.041 0.042 0.031 0.042
Max. 0.055 0.058 0.042 0.059
NA’s 3
PG true PG lg PG pam PG lcmixed
Min. 0.060 0.043 0.066 0.047
1st Qu. 0.125 0.132 0.104 0.132
Median 0.139 0.151 0.115 0.151
Mean (se)  0.140 (0.000)  0.151 (0.001) 0.115 (0.000)  0.152 (0.001)
3rd Qu. 0.155 0.173 0.125 0.173
Max. 0.203 0.241 0.175 0.237
NA’s 3




A.41 Simulation: 12 8lev 2cl diff uncl

213

Table A.82: Summary: 12 8-level variables - 2 clusters - mixing proportions ex-

tremely different - Unclear cluster separation - 1000 units

ARI lg ARI pam ARI lcmixed
Min. 0.000 -0.043 0.177
1st Qu. 0.557 -0.009 0.557
Median 0.588 -0.002 0.589
Mean (se) 0.586 (0.001)  0.002 (0.000)  0.586 (0.001)
3rd Qu. 0.620 0.009 0.619
Max. 0.719 0.225 0.734
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.030 0.031 0.021 0.030
1st Qu. 0.036 0.042 0.025 0.042
Median 0.038 0.044 0.026 0.044
Mean (se) 0.038 (0.000) 0.044 (0.000) 0.026 (0.000)  0.044 (0.000)
3rd Qu. 0.039 0.046 0.027 0.046
Max. 0.046 0.053 0.035 0.053
NA’s 1
PG true PG lg PG pam PG lemixed
Min. 0.110 0.107 0.077 0.110
1st Qu. 0.133 0.145 0.096 0.148
Median 0.140 0.155 0.101 0.157
Mean (se)  0.140 (0.000)  0.154 (0.000) 0.101 (0.000) 0.156 (0.000)
3rd Qu. 0.146 0.164 0.106 0.166
Max. 0.169 0.194 0.148 0.195

NA’s

1
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(a) ARI - 200 units.

(b) ARI - 1000 units.

Figure A.121: Average Silhouette Width: 12 8-level variables - 2 clusters, mixing
proportions extremely different - Unclear cluster separation
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(b) ASW - 1000 units.

Figure A.122: Average Silhouette Width: 12 8-level variables - 2 clusters, mixing
proportions extremely different - Unclear cluster separation
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(a) PG - 200 units. (b) PG - 1000 units.

Figure A.123: Pearson Gamma: 12 8-level variables - 2 clusters, mixing proportions
extremely different - Unclear cluster separation

A.42 12 8-level variables - 2 clusters, mixing pro-
portions extremely different - Clear cluster

separation

The Model:
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Latent X AX AxX AsX AL X AsX AsX A X AsX
Ty Ty

class

1 0.85 0.05 0.05 005 0.65 0.05 0.05 0.05 0.05

2 0.15 005 065 0.05 0.05 0.05 0.05 0.05 0.05

Latent X B X By X BsX BiX Bs X BeX Bz X BsgX
class

1 0.85 0.05 0.05 0.05 0.06 0.05 0.05 0.65 0.05
2 0.15 0.05 0.05 0.65 0.06 0.05 0.05 0.05 0.05

Latent X i X Co X CsX CuX Cs X CeX Cr X Cs X
class

1 0.85 065 005 0.05 0.05 0.05 0.05 0.05 0.05
2 0.15 005 0.05 0.05 0.05 0.05 0.05 0.65 0.05

Latent X D1 X Dy X DsX D, X DsX DgX D7 X DgX
class

1 0.85 0.05 0.05 065 0.06 0.05 0.05 0.05 0.05
2 0.15 0.65 0.05 0.06 0.06 0.05 0.05 0.05 0.05

Latent x X By X Ba X Eu X EsX FeX E: X FEsX
class

1 0.85 0.05 0.05 0.06 0.06 0.05 0.65 0.05 0.05
2 0.15 0.05 0.05 0.05 0.05 0.65 0.05 0.05 0.05

Latent x X X X X By X FsX 129'¢ FyX
class

1 0.85 0.65 0.05 0.05 0.06 0.05 0.05 0.05 0.05
2 0.15 0.05 0.05 0.05 0.06 0.05 0.05 0.05 0.65
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Latent 5 5 5 5 5 5 <
RE RO GO GO O G G O

class
1 0.85 0.05 0.05 0.05 0.35 0.35 0.05 0.05
2 0.15 0.05 0.05 0.35 0.05 0.05 0.35 0.05
Latent 7 f . 7 7 7 7
RX R X X X X

class
1 0.85 0.05 0.35 0.35 0.05 0.05 0.05 0.05
2 0.15 0.05 0.05 0.05 0.05 0.05 0.35 0.35
Latent - - - - - - -
I T A T

class
1 0.85 0.35 0.05 0.05 0.05 0.05 0.05 0.05
2 0.15 0.05 0.05 0.05 0.05 0.05 0.35 0.35
Latent - - - - - - -
R N S

class
1 0.85 0.05 0.05 0.65 0.05 0.05 0.05 0.05
2 0.15 0.05 0.05 0.05 0.05 0.05 0.65 0.05

class
1 0.85 0.05 0.05 0.05 0.05 0.65 0.05 0.05
2 0.15 0.05 0.05 0.05 0.05 0.05 0.65 0.05
Latent v v v v G N G
L

class
1 0.85 0.05 0.05 0.05 0.05 0.05 0.05 0.65
2 0.15 0.05 0.65 0.05 0.05 0.05 0.05 0.05

GsX

0.05
0.05

HgX

0.05
0.05

Iz X

0.35
0.05

LsX

0.05
0.05

MsX

0.05
0.05

N X

0.05
0.05
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Table A.83: Summary:

12 8-level variables - 2 clusters, mixing proportions ex-
tremely different - Clear cluster separation - 200 units

ARIlg ARI pam ARI lemixed
Min. 0.902 -0.055 0.902
1st Qu. 0.976 0.974 0.976
Median 1.000 1.000 1.000
Mean (se) 0.992 (0.000)  0.984 (0.001)  0.991 (0.000)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.298 0.293 0.027 0.293
1st Qu. 0.331 0.330 0.329 0.330
Median 0.340 0.340 0.339 0.340
Mean (se) 0.340 (0.000) 0.340 (0.000)  0.339 (0.000)  0.340 (0.000)
3rd Qu. 0.349 0.349 0.348 0.349
Max. 0.388 0.388 0.388 0.388
PG true PG lg PG pam PG lcmixed
Min. 0.629 0.629 0.036 0.629
1st Qu. 0.718 0.719 0.720 0.719
Median 0.736 0.736 0.736 0.736
Mean(se) 0.735 (0.001) 0.735 (0.001) 0.734 (0.001) 0.735 (0.001)
3rd Qu. 0.753 0.753 0.754 0.753
Max. 0.803 0.808 0.809 0.808
i B e

0.8
I

0.6

0.2
I

0.0
I

-0.2

0.8
I

0.6

0.4

0.2
I

0.0
I

-0.2

ARI_Ig ARI_pam

(a) ARI - 200 units.

ARI_lcmixed

ARI_Ig ARI_pam

T
ARI_lcmixed

(b) ARI - 1000 units.

Figure A.124: Adjusted Rand Index: 12 8-level variables - 2 clusters, mixing pro-
portions extremely different - Clear cluster separation
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Table A.84: Summary: 12 8-level variables - 2 clusters, mixing proportions ex-
tremely different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.969 0.938 0.969
1st Qu. 0.994 0.983 0.994
Median 0.995 0.989 0.995
Mean (se) 0.996 (0.000) 0.987 (0.000) 0.996 (0.000)
3rd Qu. 1.000 0.995 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.315 0.316 0.315 0.316
1st Qu. 0.336 0.336 0.335 0.336
Median 0.340 0.340 0.339 0.340
Mean (se) 0.340 (0.000) 0.340 (0.000) 0.339 (0.000) 0.340 (0.000)
3rd Qu. 0.344 0.344 0.343 0.344
Max. 0.368 0.368 0.368 0.368
PG true PG lg PG pam PG lcmixed
Min. 0.696 0.695 0.696 0.695
1st Qu. 0.728 0.728 0.729 0.728
Median 0.735 0.735 0.736 0.735
Mean (se) 0.735 (0.000) 0.735 (0.000) 0.736 (0.000) 0.735 (0.000)
3rd Qu. 0.742 0.742 0.743 0.742
Max. 0.769 0.769 0.769 0.769
R S S e e e e s
T e T T

0.2
I

0.1

0.0
I

0.2
I

0.1

0.0
I

ASW.true

T T
ASW.LG ASW.pam

T
AWS Icmixe d

(a) ASW - 200 units.

ASW.LG

ASW.pam

AWS Icmixe d

(b) ASW - 1000 units.

Figure A.125: Average Silhouette Width: 12 8-level variables - 2 clusters, mixing
proportions extremely different - Clear cluster separation
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Figure A.126: Pearson Gamma: 12 8-level variables - 2 clusters, mixing proportions
extremely different - Clear cluster separation

A.43 12 8-level variables - 2 clusters, equal mixing

proportions - Unclear cluster separation

The Model:
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Latent AMX L AX X AN X L AX AN A
class
1 0.50 0.20 0.05 0.15 0.10 0.15  0.05 0.20  0.10

2 0.50 010 020 0.05 0.15 0.10 0.10 0.05 0.25

Latent 5 5 5 5 5 5 > 5
R AN X X RN BN X X s
class
1 0.50 0.10 0.20 0.20 0.05 0.15 0.05 0.10 0.15
2 0.50 0.15 0.10 0.15 0.10 0.20 0.10 0.15 0.05

Latent 5 5 < 5 5 ~ 5 <
R B SR
class

1 0.50 015 005 010 0.20 0.10 0.30 0.05 0.05
2 0.50 020 010 0.05 015 0.20 0.10 0.10 0.10

Latent x D1 X Do X DsX Dy X DsX DgX D7 X DgX
class

1 0.50 0.10 0.20 0.05 0.15 0.10 0.15 0.20 0.05
2 0.50 0.10 0.05 0.20 0.05 0.10 0.20 0.10 0.20

Latent x B X X EsX Ey X EsX E¢X E:X FEsX
class

1 0.50 0.15 0.10 0.05 0.20 0.10 0.20 0.05 0.15
2 0.50 0.10 0.30 0.10 0.06 0.05 0.10 0.20 0.10

Latent x X X X X B X FeX 129'¢ X
class

1 0.50 0.10 015 025 0.05 0.05 0.10 0.15 0.15
2 0.50 0.20 010 0.10 0.20 0.10 0.05 0.10 0.15
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Latent 5 5 5 5 5 5 5
R
class
1 0.50 0.15 0.10 0.15 0.05 0.15 0.20 0.05
2 0.50 0.20 0.05 0.10 0.15 0.20 0.10 0.15
Latent 7 = 7 = = 7 7
RN A XXX i
class
1 0.50 0.05 0.25 0.10 0.15 0.15 0.20 0.05
2 0.50 0.10 0.20 0.05 0.10 0.20 0.05 0.10
Latent - - = - - - -
I T R A
class
1 0.50 0.20 0.05 0.10 0.15 0.10 0.20 0.05
2 0.50 0.15 0.10 0.15 0.20 0.05 0.15 0.15
Latent - - - - - - -
R X AN X X X X o
class
1 0.50 0.10 0.15 0.05 0.10 0.30 0.05 0.05
2 0.50 0.20 0.20 0.10 0.05 0.05 0.10 0.20
Latent f = — v = = =
RN R X XX X X i
class
1 0.50 0.05 0.30 0.15 0.10 0.05 0.15 0.05
2 0.50 0.20 0.10 0.05 0.15 0.20 0.10 0.15
Latent v v v = = v =
I L
class
1 0.50 0.30 0.05 0.15 0.10 0.05 0.10 0.05
2 0.50 0.05 0.15 0.05 0.20 0.15 0.05 0.25

GsX

0.15
0.05

HgX

0.05
0.20

IsX

0.15
0.05

LsX

0.20
0.10

MsX

0.15
0.05

NsgX

0.20
0.10
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Table A.85: Summary: 12 8-level variables - 2 clusters - equal mixing proportions

- Unclear cluster separation - 200 units

ARI lg ARI pam ARI lcmixed
Min. 0.000 -0.007 0.188
1st Qu. 0.516 0.028 0.516
Median 0.591 0.092 0.591
Mean (se) 0.579 (0.002)  0.105 (0.002)  0.581 (0.002)
3rd Qu. 0.654 0.156 0.654
Max. 0.827 0.487 0.846
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.032 0.036 0.018 0.034
1st Qu. 0.042 0.048 0.026 0.048
Median 0.046 0.051 0.030 0.051
Mean (se)  0.046 (0.000) 0.051 (0.000) 0.030 (0.000) 0.051 (0.000)
3rd Qu. 0.049 0.054 0.034 0.054
Max. 0.061 0.066 0.057 0.066
NA’s 2
PG true PG lg PG pam PG lemixed
Min. 0.138 0.132 0.072 0.116
1st Qu. 0.189 0.210 0.110 0.211
Median 0.202 0.224 0.126 0.225
Mean (se)  0.203 (0.000) 0.224 (0.000) 0.129 (0.001)  0.224 (0.000)
3rd Qu. 0.216 0.238 0.145 0.238
Max. 0.272 0.293 0.251 0.293
NA’s 2
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Table A.86: Summary: 12 8-level variables - 2 clusters - equal mixing proportions

- Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lcmixed
Min. 0.000 -0.001 0.614
1st Qu. 0.692 0.060 0.692
Median 0.712 0.132 0.712
Mean (se) 0.710 (0.001)  0.128 (0.002)  0.711 (0.001)
3rd Qu. 0.729 0.189 0.729
Max. 0.792 0.401 0.796
ASW true ASW Ig ASW pam ASW lcmixed
Min. 0.039 0.045 0.018 0.045
1st Qu. 0.045 0.049 0.025 0.049
Median 0.046 0.051 0.029 0.051
Mean (se) 0.046 (0.000) 0.051 (0.000) 0.029 (0.000) 0.051 (0.000)
3rd Qu. 0.048 0.052 0.033 0.052
Max. 0.053 0.057 0.044 0.057
NA’s 1
PG true PG lg PG pam PG lcmixed
Min. 0.175 0.198 0.077 0.199
1st Qu. 0.198 0.218 0.104 0.218
Median 0.204 0.224 0.123 0.224
Mean (se)  0.204 (0.000) 0.224 (0.000) 0.122 (0.000)  0.224 (0.000)
3rd Qu. 0.210 0.230 0.139 0.230
Max. 0.233 0.253 0.189 0.253

NA’s

1
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(b) ARI - 1000 units.

Figure A.127: Adjusted Rand Index: 12 8-level variables - 2 clusters, equal mixing
proportions - Unclear cluster separation
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Figure A.128: Average Silhouette Width: 12 8-level variables - 2 clusters, equal
mixing proportions - Unclear cluster separation
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Pearson Gamma Pearson Gamma
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(a) PG - 200 units. (b) PG - 1000 units.

Figure A.129: Pearson Gamma: 12 8-level variables - 2 clusters, equal mixing pro-
portions - Unclear cluster separation

A.44 12 8-level variables - 2 clusters, equal mixing

proportions - Clear cluster separation

The Model:
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Latent AMX L AX X AN X L AX AN A
class
1 0.50 0.05 0.65 0.05 005 0.056 0.05 0.05  0.05

2 0.50 065 005 0.05 0.05 0.05 0.05 0.05 0.05

Latent ; ; 5 5 ; : ; ;
UM X B X RN X X Bl
class
1 0.50 0.05 0.05 0.65 0.05 0.05 0.05 0.05 0.05
2 0.50 0.05 0.05 0.05 0.65 0.05 0.05 0.05 0.05

Latent 5 5 < 5 5 ~ < <
R B SR
class

1 0.50 0.05 005 0.05 0.05 0.05 0.05 0.05 0.65
2 0.50 0.05 005 0.05 065 0.05 0.05 0.05 0.05

Latent x D1 X Do X DsX Dy X DsX DgX D7 X DgX
class

1 0.50 0.05 005 0.05 0.065 0.65 0.05 0.05 0.05
2 0.50 0.05 0.05 0.05 0.06 0.05 0.05 0.65 0.05

Latent x B X X EsX Ey X EsX E¢X E:X FEsX
class

1 0.50 0.05 0.05 0.05 0.056 0.05 0.05 0.65 0.05
2 0.50 0.05 005 065 0.05 0.05 0.05 0.05 0.05

Latent x X X X X B X FeX 129'¢ X
class

1 0.50 0.05 005 0.05 0.05 0.05 0.65 0.05 0.05
2 0.50 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.65
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Latent 5 5 5 5 5 5 5
WX RO g0 GO O G G O
class
1 0.50 0.65 0.05 0.05 0.05 0.05 0.05 0.05
2 0.50 0.05 0.05 0.65 0.05 0.05 0.05 0.05
Latent . 7 7 7 T 7 5
RN A XXX i
class
1 0.50 0.05 0.05 0.05 0.65 0.05 0.05 0.05
2 0.50 0.05 0.05 0.05 0.05 0.65 0.05 0.05
Latent - - - - - - -
I T R A
class
1 0.50 0.05 0.05 0.05 0.05 0.65 0.05 0.05
2 0.50 0.05 0.05 0.05 0.05 0.05 0.65 0.05
Latent - - - - - - -
R X AN X X X X o
class
1 0.50 0.05 0.05 0.05 0.05 0.05 0.05 0.05
2 0.50 0.05 0.05 0.05 0.05 0.05 0.05 0.65
Latent f = v 7 f 7 v
RN R X XX X X i
class
1 0.50 0.05 0.05 0.05 0.05 0.05 0.65 0.05
2 0.50 0.05 0.05 0.05 0.05 0.05 0.05 0.05
Latent v v v v N G G
TR RN N N N e e
class
1 0.50 0.05 0.05 0.05 0.05 0.05 0.05 0.65
2 0.50 0.05 0.05 0.05 0.05 0.65 0.05 0.05

GsX

0.05
0.05

HgX

0.05
0.05

IsX

0.05
0.05

LsX

0.65
0.05

MsX

0.05
0.65

NsgX

0.05
0.05
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Table A.87: Summary: 12 8-level variables - 2 clusters, equal mixing proportions -

Clear cluster separation - 200 units

ARIlg ARI pam ARI lemixed
Min. 0.921 0.941 0.921
1st Qu. 1.000 1.000 1.000
Median 1.000 1.000 1.000
Mean (se) 0.995 (0.000) 0.995 (0.000)  0.995 (0.000)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.348 0.348 0.347 0.348
1st Qu. 0.380 0.380 0.380 0.380
Median 0.389 0.389 0.389 0.389
Mean (se) 0.389 (0.000) 0.389 (0.000) 0.389 (0.000) 0.389 (0.000)
3rd Qu. 0.398 0.398 0.398 0.398
Max. 0.436 0.436 0.436 0.436
PG true PG lg PG pam PG lcmixed
Min. 0.803 0.797 0.803 0.797
1st Qu. 0.834 0.834 0.834 0.834
Median 0.843 0.843 0.843 0.843
Mean (se) 0.842 (0.000) 0.842 (0.000) 0.842 (0.000) 0.842 (0.000)
3rd Qu. 0.850 0.850 0.850 0.850
Max. 0.875 0.875 0.875 0.875

Adjusted Rand Index

Adjusted Rand Index

0.8
I

0.6
I

0.4

0.2
I

0.0
I

(a) ARI - 200 units. (b) ARI - 1000 units.

Figure A.130: Adjusted Rand Index: 12 8-level variables - 2 clusters, equal mixing
proportions - Clear cluster separation
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Table A.88: Summary: 12 8-level variables - 2 clusters, equal mixing proportions -

Clear cluster separation - 1000 units

ARIlg ARI pam ARI lemixed
Min. 0.000 0.976 0.980
1st Qu. 0.996 0.996 0.996
Median 0.996 0.996 0.996
Mean (se) 0.994 (0.001) 0.994 (0.000) 0.996 (0.000)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW 1Ig ASW pam  ASW lcmixed
Min. 0.369 0.369 0.369 0.369
Ist Qu. 0.385 0.385 0.385 0.385
Median 0.389 0.389 0.389 0.389
Mean (se) 0.389 (0.000) 0.389 (0.000) 0.389 (0.000) 0.389 (0.000)
3rd Qu. 0.393 0.393 0.393 0.393
Max. 0.412 0.412 0.412 0.412
NA’s 4
PG true PG lg PG pam PG lcmixed
Min. 0.822 0.824 0.824 0.824
Ist Qu. 0.838 0.838 0.838 0.838
Median 0.842 0.842 0.842 0.842
Mean (se) 0.842 (0.000) 0.842 (0.000) 0.842 (0.000) 0.842 (0.000)
3rd Qu. 0.846 0.846 0.846 0.846
Max. 0.860 0.860 0.860 0.860
NA’s 4
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Average Silhouette Width Average Silhouette Width
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(a) ASW - 200 units. (b) ASW - 1000 units.

Figure A.131: Average Silhouette Width: 12 8-level variables - 2 clusters, equal
mixing proportions - Clear cluster separation
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(a) PG - 200 units. (b) PG - 1000 units.

Figure A.132: Pearson Gamma: 12 8-level variables - 2 clusters, equal mixing pro-
portions - Clear cluster separation
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A.45 12 8-level variables - 5 clusters, mixing pro-
portions extremely different - Unclear clus-

ter separation

The Model:

Latent 0 ; r r ; P : ;
I T 7TZ41X 7r;42X 7T;43X 7r;44X ﬂf5X ’7T246X 7r;47X 7T;48X
class

1 0.10 0.05 010 0.20 0.15 0.10 0.20 0.15 0.05

2 0.15 0.10 0.20 0.05 0.20 0.05 0.15 0.10 0.15
3 0.20 020 0.15 0.10 0.15 0.20 0.05 0.05 0.10
4 0.25 0.15 0.05 0.15 0.05 0.10 0.10 0.20 0.20
5 0.30 0.10 0.20 0.06 0.10 0.15 0.20 0.15 0.05
SR T N G i
1 0.10 0.15 030 0.06 0.10 0.15 0.05 0.10 0.10
2 0.15 0.10 0.05 0.20 0.15 0.10 0.20 0.05 0.15
3 0.20 020 0.10 0.10 0.05 0.05 0.10 0.30 0.10
4 0.25 0.05 0.15 0.10 0.20 0.20 0.15 0.10 0.05
5 0.30 0.15 0.15 005 0.15 0.10 0.20 0.15 0.05
1 0.10 0.10 0.05 0.20 0.15 0.05 0.20 0.15 0.10
2 0.15 0.05 0.10 0.05 0.20 0.30 0.05 0.10 0.15
3 0.20 0.20 0.20 0.10 0.05 0.15 0.10 0.15 0.05
4 0.25 0.15 0.10 0.15 0.10 0.05 0.25 0.05 0.15
9 0.30 0.25 0.05 0.10 0.20 0.05 0.15 0.10 0.10
D e e
class

0.10 0.20 0.05 0.10 0.056 0.15 0.15 0.10 0.20
0.15 0.05 010 005 020 0.10 0.15 0.20 0.15
0.20 0.15 020 020 0.10 0.10 0.05 0.15 0.05
025 020 015 010 0.15 0.05 0.20 0.05 0.10
0.30 005 020 0.05 010 0.20 0.10 0.15 0.15

O = W N =
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Lj;eszt X Wle WtEQX 71'{;3X 7TtE_4X 7rtE5X WFGX 7rfj7X
1 0.10 0.15 020 0.05 0.15 0.10 0.05 0.20
2 0.15 0.30 0.05 0.10 0.05 0.20 0.10 0.05
3 0.20 0.05 0.10 020 0.30 0.05 0.15 0.10
4 0.25 0.15 0.05 0.20 0.10 0.15 0.20 0.05
5 0.30 0.20 0.15 0.05 0.05 0.10 0.15 0.10
U X afX X afaX X RN AfiX X
1 0.10 0.20 0.05 0.10 0.15 0.10 0.05 0.20
2 0.15 0.10 0.15 0.20 0.05 0.05 0.10 0.15
3 0.20 0.05 0.20 0.05 0.10 0.15 0.20 0.10
4 0.25 0.05 0.20 0.15 0.10 0.20 0.15 0.05
) 0.30 0.15 0.10 0.05 0.20 0.15 0.20 0.10
1 0.10 0.10 0.05 0.20 0.15 0.05 0.15 0.10
2 0.15 0.20 0.15 0.15 0.05 0.20 0.10 0.05
3 0.20 0.15 0.10 0.05 0.10 0.15 0.20 0.20
4 0.25 0.05 020 0.10 0.10 0.15  0.05 0.15
) 0.30 0.10 0.15 0.05 0.20 0.10 0.20 0.05
R S I
1 0.10 0.15 0.15 0.05 0.20 0.10 0.05 0.10
2 0.15 0.20 0.05 0.10 0.10 0.15  0.20 0.15
3 0.20 0.05 0.10 0.30 0.05 0.20 0.10 0.05
4 0.25 0.30 020 0.05 0.10 0.05 0.15 0.05
) 0.30 0.10 0.10 0.25 0.15 0.05 0.10 0.20

EsX

0.10
0.15
0.05
0.10
0.20

FsX

0.15
0.20
0.15
0.10
0.05

égX

0.20
0.10
0.05
0.20
0.15

7TtH8X
0.20
0.05
0.15
0.10
0.05



234 A. Appendix
LZ;ZT v 7TtI_1X ﬂ'thX 71{3X 7TtI_4X 7th X 7rtf6X 7th X
1 0.10 0.20 0.15 0.10 0.05 0.10 0.20 0.15
2 0.15 0.10 0.20 0.20 0.15 0.15 0.05 0.05
3 020 0.05 0.10 020 0.10 0.05 0.15 0.20
4 0.25 0.15 0.05 0.10 0.05 0.20 0.10 0.15
5 0.30 030 0.05 0.15 0.10 0.10 0.20 0.05
U X aPX X GfaX X ffX X
1 0.10  0.05 0.10 0.05 0.20 0.15 0.10 0.20
2 0.15 0.15 0.20 0.10 0.10 0.05 0.15 0.05
3 0.20 0.20 0.05 0.15 0.15 0.20 0.05 0.10
4 0.25 0.10 0.30 0.05 0.15 0.05 0.10 0.05
5 0.30  0.05 0.10 0.20 0.10 0.20 0.05 0.20
Latent MiX _M>X _MsX _MyX _MsX _MeX M X
class T T T 4 T T 4y 4
1 0.10 0.10 0.20 0.05 0.15 0.20 0.05 0.15
2 0.15 0.05 010 020 0.10 0.15 0.20 0.05
3 0.20 0.20 0.15 0.10 0.05 0.10 0.15 0.05
4 025 0.15 005 0.15 0.20 0.05 0.10 0.20
5 0.30 0.10 0.20 0.20 0.05 0.15 0.15 0.10
L B R e
1 0.10 0.20 0.05 0.10 0.20 0.15 0.10 0.15
2 0.15 0.10 0.15 0.05 0.05 0.10 0.20 0.15
3 0.20 0.15 0.10 0.20 0.10 0.05 0.05 0.20
4 025 0.05 030 0.10 0.15 0.10 0.15 0.05
) 0.30 0.10 0.20 0.15 0.05 0.05 0.30 0.05

IsX

0.05
0.10
0.15
0.20
0.05

LsgX

0.15
0.20
0.10
0.20
0.10

Mg X

0.10
0.15
0.20
0.10
0.05

71',{\78)(
0.05
0.20
0.15
0.10
0.10
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Table A.89: Summary: 12 8-level variables - 5 clusters - mixing proportions ex-

tremely different - Unclear cluster separation - 500 units

ARI lg ARI pam ARI lcmixed
Min. 0.000 0.004 0.059
1st Qu. 0.164 0.036 0.172
Median 0.199 0.048 0.204
Mean (se) 0.201 (0.001)  0.050 (0.000)  0.208 (0.001)
3rd Qu. 0.237 0.062 0.241
Max. 0.364 0.122 0.404
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.008 0.016 0.014 0.018
1st Qu. 0.013 0.025 0.018 0.025
Median 0.015 0.026 0.019 0.027
Mean (se)  0.015 (0.000) 0.026 (0.000) 0.019 (0.000) 0.027 (0.000)
3rd Qu. 0.016 0.027 0.021 0.028
Max. 0.021 0.034 0.024 0.036
NA’s 1
PG true PG lg PG pam PG lemixed
Min. 0.125 0.128 0.123 0.140
1st Qu. 0.145 0.180 0.145 0.184
Median 0.151 0.187 0.151 0.190
Mean (se)  0.151 (0.000) 0.186 (0.000) 0.151 (0.000) 0.190 (0.000)
3rd Qu. 0.157 0.193 0.156 0.196
Max. 0.180 0.219 0.176 0.229

NA’s

1
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Table A.90: Summary: 12 8-level variables - 5 clusters - mixing proportions ex-
tremely different - Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.192 0.010 0.167
1st Qu. 0.321 0.042 0.326
Median 0.352 0.053 0.355
Mean (se) 0.350 (0.001) 0.054 (0.000) 0.353 (0.001)
3rd Qu. 0.380 0.065 0.384
Max. 0.493 0.128 0.490
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.012 0.017 0.015 0.016
Ist Qu. 0.015 0.024 0.018 0.025
Median 0.016 0.026 0.019 0.026
Mean (se) 0.016 (0.000) 0.026 (0.000) 0.019 (0.000) 0.026 (0.000)
3rd Qu. 0.017 0.027 0.019 0.027
Max. 0.021 0.031 0.022 0.031
PG true PG lg PG pam PG lemixed
Min. 0.131 0.148 0.123 0.130
Ist Qu. 0.147 0.180 0.138 0.181
Median 0.151 0.185 0.142 0.186
Mean (se) 0.151 (0.000) 0.185 (0.000) 0.142 (0.000) 0.186 (0.000)
3rd Qu. 0.155 0.191 0.146 0.191
Max. 0.172 0.208 0.161 0.209
* I -
NS = == —
=R | - =R —
— = = —
(a) ARI - 500 units. (b) ARI - 1000 units.

Figure A.133: Adjusted Rand Index: 12 8-level variables - 5 clusters, mixing pro-
portions extremely different - Unclear cluster separation
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(b) ASW - 1000 units.

Figure A.134: Average Silhouette Width: 12 8-level variables - 5 clusters, mixing
proportions extremely different - Unclear cluster separation
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Figure A.135: Pearson Gamma: 12 8-level variables - 5 clusters, mixing proportions
extremely different - Unclear cluster separation
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A.46 12 8-level variables - 5 clusters, mixing pro-
portions extremely different - Clear cluster
separation
The Model:
Latent X A}X AQX A3X A4X A5X AGX A7X
class Uy Ty Ty Ty Ty Ty Ty Ty
1 0.10 0.65 0.05 0.05 0.05 0.05 0.05 0.05
2 0.15 0.05 0.65 0.05 0.05 0.05 0.05 0.05
3 0.20 0.05 0.05 0.05 0.65 0.05 0.05 0.05
4 0.25 0.05 0.05 0.05 0.05 0.05 0.65 0.05
5 0.30 0.05 0.05 0.05 0.05 0.65 0.05 0.05
Latent X le BQX BgX E4X B5X g@X E7X
class T Ty Ty Ty Ty Ty Ty Ty
1 0.10 0.05 0.05 0.05 0.05 0.05 0.65 0.05
2 0.15 0.05 0.05 0.65 0.05 0.05 0.05 0.05
3 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.05
4 0.25 0.65 0.05 0.05 0.05 0.05 0.05 0.05
5 0.30 0.05 0.05 0.05 0.05 0.65 0.05 0.05
Latent X WélX WCQX 7ré3X wé“X chx 7r(j6X 7T6‘7X
1 0.0 ‘dos des dos  dos o5 6.05  6.05
2 0.15 0.05 0.05 0.05 0.65 0.05 0.05 0.05
3 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.65
4 0.25 0.65 0.05 0.05 0.05 0.05 0.05 0.05
5 0.30 0.05 0.05 0.05 0.05 0.05 0.65 0.05
Latent X §1X EQX ﬁgX E4X DsX ﬁGX E7X
class Ty Ty Ty Ty Ty Ty Ty Ty
1 0.10 0.05 0.05 0.05 0.05 0.05 0.05 0.65
2 0.15 0.05 0.05 0.05 0.05 0.05 0.05 0.05
3 0.20 0.05 0.65 0.05 0.05 0.05 0.05 0.05
4 0.25 0.05 0.05 0.05 0.65 0.05 0.05 0.05
5 0.30 0.05 0.05 0.05 0.05 0.05 0.65 0.05

Ag X

0.05
0.05
0.05
0.05
0.05

BsX
Ty

0.05
0.05
0.65
0.05
0.05

Cs X
.05
0.05
0.05
0.05
0.05

0.05
0.65
0.05
0.05
0.05
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Lj;eszt X WFlX WtEQX 71'{;3)( 7TtE_4X 7TtE_5X WFGX 7rfj7X
1 0.10 0.05 0.05 0.65 0.05 0.05 0.05 0.05
2 0.15 0.65 0.05 0.05 0.05 0.05 0.05 0.05
3 0.20 0.05 0.05 0.05 0.05 0.05 0.65 0.05
4 0.25 0.05 0.05 0.05 0.05 0.05 0.05 0.65
5 0.30 0.05 0.65 0.05 0.05 0.05 0.05 0.05
U X afX X afaX X RN AfiX X
1 0.10 0.05 0.05 0.05 0.65 0.05 0.05 0.05
2 0.15 0.05 0.05 0.05 0.05 0.05 0.65 0.05
3 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.65
4 0.25 0.05 0.65 0.05 0.05 0.05 0.05 0.05
) 0.30 0.05 0.05 0.65 0.05 0.05 0.05 0.05
1 0.10 0.65 0.05 0.05 0.05 0.05 0.05 0.05
2 0.15 0.05 0.05 065 0.05 0.05 0.05 0.05
3 0.20 0.05 0.05 0.05 0.05 0.05 0.65 0.05
4 0.25 0.056 0.05 005 065 0.05 0.05 0.05
) 0.30 0.05 0.05 0.05 0.05 0.05 0.05 0.65
R S I
1 0.10 0.05 0.05 0.05 0.05 0.05 0.05 0.05
2 0.15 0.05 0.65 0.05 0.05 0.05 0.05 0.05
3 0.20 0.05 0.05 0.05 0.65 0.05 0.05 0.05
4 0.25 0.05 0.05 0.05 0.05 0.05 0.05 0.65
) 0.30 0.65 0.05 0.05 0.05 0.05 0.05 0.05

EsX

0.05
0.05
0.05
0.05
0.05

FsX

0.05
0.05
0.05
0.05
0.05

égX

0.05
0.05
0.05
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0.05
0.05



240 A. Appendix
LZ;ZT v 7TtI_1X ﬂ'thX 71{3X 7TtI_4X 7th s X 7rtf6X 7th X
1 0.10 0.05 005 0.05 0.06 0.65 0.05 0.05
2 0.15 0.05 0.05 0.65 0.05 0.05 0.05 0.05
3 0.20 0.05 0.05 0.05 0.06 0.05 0.05 0.05
4 0.25 0.05 0.65 0.05 0.05 0.05 0.05 0.05
5 0.30 0.05 005 0.05 0.65 0.05 0.05 0.05
U X aPX X GfaX X ffX X
1 0.10  0.05 0.05 0.65 0.05 0.05 0.05 0.05
2 0.15 0.65 0.05 0.05 0.05 0.05 0.05 0.05
3 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.05
4 0.25 0.05 0.05 0.05 0.05 0.65 0.05 0.05
5 0.30  0.05 0.05 0.05 0.65 0.05 0.05 0.05
1 0.10 0.65 0.05 0.05 0.05 0.05 0.05 0.05
2 0.15 0.05 005 065 0.06 0.05 0.05 0.05
3 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.65
4 0.25 0.05 005 0.05 0.056 0.05 0.05 0.05
5 0.30 0.05 0.05 0.05 0.05 0.65 0.05 0.05
L B R e
1 0.10 0.05 0.05 0.05 0.05 0.05 0.05 0.65
2 0.15 0.05 065 0.05 0.06 0.05 0.05 0.05
3 0.20 0.05 0.05 0.05 0.65 0.05 0.05 0.05
4 0.25 0.05 005 0.05 0.06 0.05 0.05 0.05
) 0.30 0.05 0.05 0.65 0.05 0.05 0.05 0.05

IsX

0.05
0.05
0.65
0.05
0.05

LsgX

0.05
0.05
0.65
0.05
0.05

Mg X

0.05
0.05
0.05
0.65
0.05

71',{\78)(
0.05
0.05
0.05
0.65
0.05
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Table A.91: Summary: 12 8-level variables - 5 clusters, mixing proportions ex-
tremely different - Clear cluster separation - 500 units

ARI Ig ARI pam ARI lemixed
Min. 0.961 0.959 0.961
1st Qu. 0.986 0.985 0.986
Median 0.991 0.990 0.991
Mean (se) 0.990 (0.000) 0.990 (0.000)  0.990 (0.000)
3rd Qu. 0.995 0.995 0.995
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.325 0.325 0.324 0.325
1st Qu. 0.352 0.352 0.351 0.352
Median 0.358 0.358 0.358 0.358
Mean (se) 0.358 (0.000) 0.358 (0.000) 0.358 (0.000) 0.358 (0.000)
3rd Qu. 0.364 0.364 0.364 0.364
Max. 0.386 0.387 0.387 0.387
PG true PG lg PG pam PG lcmixed
Min. 0.816 0.816 0.816 0.816
1st Qu. 0.836 0.836 0.836 0.836
Median 0.841 0.841 0.841 0.841
Mean (se) 0.841 (0.000) 0.841 (0.000) 0.841 (0.000) 0.841 (0.000)
3rd Qu. 0.846 0.846 0.846 0.846
Max. 0.863 0.863 0.863 0.863

0.95
I

0.90
I

0.85

(a)

ARI - 500 units.

777777

0.95

0.90

0.85

(b) ARI - 1000 units.

Figure A.136: Adjusted Rand Index: 12 8-level variables - 5 clusters, mixing pro-
portions extremely different - Clear cluster separation
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Table A.92: Summary:

12 8-level variables - 5 clusters, mixing proportions ex-

tremely different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.976 0.972 0.976
1st Qu. 0.989 0.988 0.989
Median 0.993 0.991 0.993
Mean (se) 0.992 (0.000) 0.991 (0.000) 0.992 (0.000)
3rd Qu. 0.995 0.994 0.995
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.337 0.337 0.337 0.337
1st Qu. 0.354 0.354 0.354 0.354
Median 0.358 0.358 0.358 0.358
Mean (se) 0.358 (0.000) 0.358 (0.000) 0.358 (0.000) 0.358 (0.000)
3rd Qu. 0.362 0.363 0.362 0.363
Max. 0.377 0.377 0.377 0.377
PG true PG lg PG pam PG lemixed
Min. 0.824 0.824 0.824 0.824
1st Qu. 0.838 0.838 0.838 0.838
Median 0.841 0.841 0.841 0.841
Mean (se) 0.841 (0.000) 0.841 (0.000) 0.841 (0.000) 0.841 (0.000)
3rd Qu. 0.844 0.844 0.845 0.844
Max. 0.857 0.857 0.857 0.857
* & - * e
NT F * T ST

0.30
I

0.25
I

0.30
I

0.25
I

ASW.true ASW.LG ASW.pam

AWS.lemixed

(a) ASW - 500 units.

ASW.true ASW.LG

ASWpam  AWS.lcmixed

(b) ASW - 1000 units.

Figure A.137: Average Silhouette Width: 12 8-level variables - 5 clusters, mixing
proportions extremely different - Clear cluster separation
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Pearson Gamma Pearson Gamma
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PG.true PG.LG PG.pam PG.lcmixed PG.true PG.LG PG.pam PG.lcmixed
(a) PG - 500 units. (b) PG - 1000 units.

Figure A.138: Pearson Gamma: 12 8-level variables - 5 clusters, mixing proportions
extremely different - Clear cluster separation

A.47 12 8-level variables - 5 clusters, equal mixing

proportions - Unclear cluster separation

The Model:



244 A. Appendix
LZ;ZT v WtAlX ﬂ'tAQX 71'53X TrtA“X 7r§5X 7T§6X TrfY X
1 020 0.10 0.05 015 0.05 0.10 0.20 0.20
2 0.20 0.20 0.10 0.05 0.20 0.15 0.15 0.05
3 020 0.15 020 010 0.15 0.05 0.05 0.10
4 0.20 0.05 0.15 0.20 0.10 0.20 0.10 0.15
5 020 0.10 0.05 0.15 0.05 0.15 0.20 0.10
U X aP X aPX gPiX B X BiX X
1 0.20 0.05 0.10 0.20 0.05 0.10 0.20 0.15
2 0.20 0.15 0.05 0.10 0.15 0.20 0.10 0.20
3 0.20 0.10  0.20 0.05 0.10 0.05 0.15 0.15
4 0.20 0.20 0.15 0.15 0.20 0.10 0.05 0.05
5 0.20 0.05 0.10 0.20 0.15 0.15 0.10 0.20
1 0.20 0.10 0.05 0.20 0.15 0.10 0.05 0.15
2 0.20 0.20 0.10 0.10 0.05 0.15 0.15 0.20
3 0.20 0.05 0.15 0.05 0.10 0.20 0.10 0.20
4 0.20 0.15 0.20 0.15 0.20 0.05 0.10 0.05
5 0.20 0.10 0.05 0.10 0.15 0.15 0.20 0.05
P e
1 0.20 0.10 0.15 0.05 0.10 0.20 0.15 0.05
2 020 0.20 0.05 0.10 0.15 0.10 0.05 0.20
3 0.20 0.15 0.20 0.15 0.05 0.05 0.20 0.10
4 0.20 0.0 0.10 020 0.15 0.10 0.15 0.05
) 0.20 0.05 0.15 0.05 0.20 0.20 0.10 0.10

WtAgX
0.15
0.10
0.20
0.05
0.20

BsX

0.15
0.05
0.20
0.10
0.05

Trt(jSX
0.20
0.05
0.15
0.10
0.20

DgX
Ty

0.10
0.15
0.10
0.20
0.15
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Lj;eszt X WFlX WtEQX 71'{;3)( 7TtE_4X 7TtE_5X WFGX 7rfj7X
1 020 0.20 0.05 0.10 0.15 020 0.05 0.05
2 0.20 0.05 0.15 0.20 0.05 0.10 0.20 0.20
3 020 0.15 0.20 0.05 0.20 0.15 0.10 0.10
4 0.20 0.10 0.15 0.20 0.10 0.05 0.05 0.05
5 0.20 0.15 0.10 0.15 0.0 020 0.10 0.10
U X afX X afaX X RN AfiX X
1 0.20 0.15 0.20 0.05 0.10 0.05 0.15 0.20
2 0.20 0.20 0.15 0.05 0.15 0.20 0.10 0.10
3 0.20 0.10 0.05 0.10 0.20 0.15 0.20 0.05
4 0.20 0.05 0.10 0.15 0.05 0.20 0.10 0.15
) 0.20 0.15 0.20 0.20 0.10 0.05 0.05 0.10
1 0.20 0.05 0.10 0.05 0.20 0.15 0.20 0.15
2 0.20 0.10 0.20 0.10 0.15 0.05 0.15 0.20
3 0.20 0.20 0.05 0.15 0.05 0.20 0.10 0.10
4 0.20 0.15 0.10 0.20 0.10 0.15 0.20 0.05
) 0.20 0.10 0.15 0.05 0.20 0.10 0.05 0.15
R S I
1 0.20 0.10 0.05 0.20 0.15 0.05 0.20 0.10
2 0.20 0.0 020 015 0.10 0.15 0.10 0.05
3 0.20 0.20 0.10 0.10 0.05 0.15 0.15 0.20
4 020 0.15 0.05 0.05 0.20 0.10 0.20 0.15
) 0.20 0.05 0.15 0.10 0.15 0.20 0.05 0.10

EsX

0.10
0.15
0.10
0.05
0.20

FsX

0.10
0.05
0.15
0.20
0.15

égX

0.10
0.05
0.15
0.05
0.20

7TtH8X
0.15
0.20
0.05
0.10
0.20
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LZ;ZT v 7TtI_1X ﬂ'thX 71{3X 7TtI_4X 7th s X 7rtf6X 7th X
1 020 0.20 005 020 0.10 0.15 0.05 0.10
2 0.20 0.10 0.20 0.05 0.15 0.05 0.10 0.15
3 020 0.15 0.10 0.15 0.20 0.10 0.05 0.20
4 0.20 0.05 0.15 0.10 0.05 0.20 0.20 0.10
5 020 0.10 005 020 0.10 0.15 0.15 0.20
U X aPX X GfaX X ffX X
1 0.20 0.15 0.05 0.10 0.20 0.10 0.05 0.15
2 0.20 0.20 0.10 0.05 0.15 0.20 0.15 0.10
3 0.20 0.10 0.20 0.15 0.10 0.05 0.20 0.05
4 0.20 0.05 0.15 0.20 0.20 0.10 0.05 0.15
5 0.20 0.10 0.05 0.15 0.05 0.20 0.10 0.20
1 0.20 0.10 0.05 0.20 0.15 0.10 0.15 0.20
2 020 020 0.10 0.15 0.05 0.20 0.10 0.05
3 0.20 0.05 0.20 0.10 0.10 0.15 0.20 0.15
4 020 0.15 0.15 0.05 0.20 0.10 0.05 0.10
5 0.20 0.10 0.05 0.20 0.05 0.20 0.15 0.10
L B R e
1 0.20 0.05 0.05 0.20 0.15 0.05 0.15 0.20
2 020 0.05 020 0.15 0.10 0.15 0.20 0.10
3 0.20 0.05 0.10 0.05 0.20 0.20 0.05 0.15
4 020 0.05 0.15 020 0.05 0.10 0.15 0.05
) 0.20 0.05 0.05 0.10 0.15 0.05 0.10 0.20

IsX

0.15
0.20
0.05
0.15
0.05

LsgX

0.20
0.05
0.15
0.10
0.15

Mg X

0.05
0.15
0.05
0.20
0.15

71',{\78)(
0.10
0.05
0.10
0.20
0.15
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Table A.93: Summary: 12 8-level variables - 5 clusters - equal mixing proportions
- Unclear cluster separation - 500 units

ARI Ig ARI pam ARI lemixed
Min. 0.015 0.003 0.028
1st Qu. 0.106 0.024 0.114
Median 0.133 0.033 0.142
Mean (sde) 0.137 (0.001) 0.034 (0.000) 0.145 (0.001)
3rd Qu. 0.165 0.042 0.174
Max. 0.317 0.087 0.299
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.006 0.013 0.015 0.017
1st Qu. 0.009 0.023 0.018 0.024
Median 0.010 0.024 0.019 0.025
Mean (se)  0.010 (0.000) 0.024 (0.000) 0.019 (0.000) 0.025 (0.000)
3rd Qu. 0.012 0.026 0.019 0.026
Max. 0.016 0.030 0.025 0.031
PG true PG lg PG pam PG lemixed
Min. 0.100 0.124 0.125 0.137
1st Qu. 0.119 0.170 0.140 0.174
Median 0.124 0.176 0.144 0.179
Mean (se)  0.124 (0.000) 0.175 (0.000) 0.144 (0.000) 0.179 (0.000)
3rd Qu. 0.129 0.182 0.148 0.184
Max. 0.145 0.200 0.169 0.205
* 1 — e
o - = =
| = — s T
T . * - :
o) T B . p—

(a) ARI - 500 units.

(b) ARI - 1000 units.

Figure A.139: Adjusted Rand Index: 12 8-level variables - 5 clusters, equal mixing
proportions - Unclear cluster separation
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Table A.94: Summary: 12 8-level variables - 5 clusters - equal mixing proportions
- Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.129 0.006 0.082
1st Qu. 0.238 0.027 0.239
Median 0.264 0.035 0.266
Mean (se) 0.263 (0.001) 0.036 (0.000) 0.265 (0.001)
3rd Qu. 0.291 0.043 0.292
Max. 0.410 0.086 0.389
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.008 0.012 0.015 0.015
1st Qu. 0.011 0.021 0.017 0.021
Median 0.012 0.022 0.018 0.023
Mean (se) 0.012 (0.000) 0.022 (0.000) 0.018 (0.000) 0.022 (0.000)
3rd Qu. 0.013 0.024 0.018 0.024
Max. 0.016 0.027 0.021 0.027
PG true PG lg PG pam PG lemixed
Min. 0.108 0.122 0.120 0.132
1st Qu. 0.120 0.161 0.130 0.162
Median 0.124 0.166 0.133 0.167
Mean (se) 0.124 (0.000) 0.165 (0.000) 0.134 (0.000) 0.166 (0.000)
3rd Qu. 0.127 0.170 0.137 0.171
Max. 0.143 0.184 0.154 0.184
I = e S e T == ——

0.00
I

-0.05

-0.10

-0.05

-0.10

ASW.true

ASW.LG ASW.pam

T
AWS.Iemixed

(a) ASW - 500 units.

0.00
I

T T
ASW.true ASW.LG

ASW.pam

T T
AWS.lemixed

(b) ASW - 1000 units.

Figure A.140: Average Silhouette Width: 12 8-level variables - 5 clusters, equal
mixing proportions - Unclear cluster separation
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(a) PG - 500 units.
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(b) PG - 1000 units.

Figure A.141: Pearson Gamma: 12 8-level variables - 5 clusters, equal mixing pro-
portions - Unclear cluster separation

A.48 12 8-level variables - 5 clusters, equal mixing

proportions - Clear cluster separation

The Model:
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Lj;eszt X WFlX WtEQX 71'{;3)( 7TtE_4X 7TtE_5X WFGX 7rfj7X
1 0.20 0.65 0.05 0.05 0.05 005 0.05 0.05
2 0.20 0.05 0.05 0.65 0.05 0.05 0.05 0.05
3 0.20 0.0 0.05 0.05 0.05 005 0.05 0.05
4 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.65
5 0.20 0.0 0.05 0.05 0.65 005 0.05 0.05
U X afX X afaX X RN AfiX X
1 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.05
2 0.20 0.05 0.05 0.05 0.05 0.65 0.05 0.05
3 0.20 0.05 0.65 0.05 0.05 0.05 0.05 0.05
4 0.20 0.65 0.05 0.05 0.05 0.05 0.05 0.05
) 0.20 0.05 0.05 0.05 0.05 0.05 0.65 0.05
1 0.20 0.05 0.05 0.65 0.05 0.05 0.05 0.05
2 0.20 0.0 0.05 0.05 0.06 065 0.05 0.05
3 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.65
4 0.20 0.65 0.05 0.05 0.05 005 0.05 0.05
) 0.20 0.05 0.05 0.05 0.65 0.05 0.05 0.05
R S I
1 0.20 0.05 0.05 0.05 0.05 0.05 0.65 0.05
2 0.20 0.0 0.05 0.05 0.65 005 0.05 0.05
3 0.20 0.65 0.05 0.05 0.05 0.05 0.05 0.05
4 0.20 0.0 0.05 065 0.056 005 0.05 0.05
) 0.20 0.05 0.65 0.05 0.05 0.05 0.05 0.05

EsX

0.05
0.05
0.65
0.05
0.05

FsX

0.65
0.05
0.05
0.05
0.05

égX

0.05
0.05
0.05
0.05
0.05

7TtH8X
0.05
0.05
0.05
0.05
0.05



252 A. Appendix
LZ;ZT v 7TtI_1X ﬂ'thX 71{3X 7TtI_4X 7th X 7rtf6X 7th X
1 020 0.65 0.05 0.05 0.06 0.05 0.05 0.05
2 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.65
3 0.20 0.05 0.05 0.05 0.06 0.65 0.05 0.05
4 0.20 0.05 0.65 0.05 0.05 0.05 0.05 0.05
5 0.20 0.05 0.05 0.05 0.06 0.05 0.65 0.05
U X aPX X GfaX X ffX X
1 0.20 0.05 0.05 0.05 0.65 0.05 0.05 0.05
2 0.20 0.05 0.65 0.05 0.05 0.05 0.05 0.05
3 0.20 0.05 0.05 0.05 0.05 0.65 0.05 0.05
4 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.65
5 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.05
Latent MiX _M>X _MsX _MyX _MsX _MeX M X
class T T T 4 T T 4y 4
1 0.20 0.05 0.05 0.05 0.05 0.05 0.05 0.05
2 0.20 0.05 005 0.05 0.65 0.05 0.05 0.05
3 0.20 0.05 0.65 0.05 0.05 0.05 0.05 0.05
4 020 0.05 0.05 0.05 0.056 0.05 0.65 0.05
5 0.20 0.05 0.05 0.05 0.05 0.65 0.05 0.05
L B R e
1 0.20 0.65 0.05 0.05 0.05 0.05 0.05 0.05
2 0.20 0.05 0.05 0.05 0.056 0.05 0.65 0.05
3 0.20 0.05 0.05 0.65 0.05 0.05 0.05 0.05
4 020 0.05 0.05 0.05 0.056 0.05 0.05 0.65
) 0.20 0.05 0.05 0.05 0.05 0.65 0.05 0.05

IsX

0.05
0.05
0.05
0.05
0.05

LsgX

0.05
0.05
0.05
0.05
0.65

Mg X

0.65
0.05
0.05
0.05
0.05

71',{\78)(
0.05
0.05
0.05
0.05
0.05
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Table A.95: Summary: 12 8-level variables - 5 clusters, equal mixing proportions -

Clear cluster separation - 500 units

ARI Ig ARI pam ARI lemixed
Min. 0.954 0.961 0.954
1st Qu. 0.985 0.985 0.985
Median 0.990 0.990 0.990
Mean (se) 0.989 (0.000) 0.989 (0.000) 0.989 (0.000)
3rd Qu. 0.995 0.995 0.995
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.324 0.323 0.324 0.323
1st Qu. 0.351 0.352 0.351 0.352
Median 0.358 0.358 0.358 0.358
Mean (se) 0.358 (0.000) 0.358 (0.000) 0.358 (0.000) 0.358 (0.000)
3rd Qu. 0.364 0.364 0.364 0.364
Max. 0.389 0.390 0.389 0.390
PG true PG lg PG pam PG lcmixed
Min. 0.807 0.808 0.807 0.808
1st Qu. 0.830 0.830 0.830 0.830
Median 0.835 0.835 0.835 0.835
Mean (se) 0.835 (0.000) 0.835 (0.000) 0.835 (0.000) 0.835 (0.000)
3rd Qu. 0.840 0.840 0.840 0.840
Max. 0.860 0.862 0.861 0.862
(a) ARI - 500 units. (b) ARI - 1000 units.

Figure A.142: Adjusted Rand Index: 12 8-level variables - 5 clusters, equal mixing
proportions - Clear cluster separation
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Table A.96: Summary: 12 8-level variables - 5 clusters, equal mixing proportions -

Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.970 0.970 0.970
1st Qu. 0.990 0.988 0.990
Median 0.992 0.990 0.992
Mean (se) 0.992 (0.000) 0.991 (0.000) 0.992 (0.000)
3rd Qu. 0.995 0.995 0.995
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.337 0.339 0.338 0.339
1st Qu. 0.353 0.354 0.353 0.354
Median 0.358 0.358 0.358 0.358
Mean (se) 0.358 (0.000) 0.358 (0.000) 0.358 (0.000) 0.358 (0.000)
3rd Qu. 0.362 0.363 0.362 0.363
Max. 0.378 0.378 0.378 0.378
PG true PG lg PG pam PG lemixed
Min. 0.816 0.818 0.817 0.818
1st Qu. 0.831 0.832 0.832 0.832
Median 0.835 0.835 0.835 0.835
Mean (se) 0.835 (0.000) 0.835 (0.000) 0.835 (0.000) 0.835 (0.000)
3rd Qu. 0.838 0.839 0.839 0.839
Max. 0.851 0.852 0.852 0.852
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Figure A.143: Average Silhouette Width: 12 8-level variables - 5 clusters, equal
mixing proportions - Clear cluster separation
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Figure A.144: Pearson Gamma: 12 8-level variables - 5 clusters, equal mixing pro-
portions - Clear cluster separation

A.49 4 mixed-level variables - 2 clusters, mixing
proportions extremely different - Unclear clus-

ter separation

The Model:
Latent class #%  #ptX  afeX BX GBX nBeX SGUX GOX 05X
1 0.20 0.60 040 030 040 030 0.20 0.30 0.50
2 0.80 070 030 020 050 030 030 050 0.20
Latent class 7% frglx 7%32)( 7%33)( frg“X
1 0.20 0.20 0.10 0.30 0.40
2 0.80 0.30 0.20 0.40 0.10

A.50 4 mixed-level variables - 2 clusters, mixing
proportions extremely different - Clear clus-

ter separation

The Model:
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Table A.97: Summary: 4 mixed-level variables - 2 clusters - mixing proportions
extremely different - Unclear cluster separation - 100 units

ARI Ig ARI pam ARI Iemixed
Min. -0.112 -0.096 -0.112
1st Qu. -0.018 -0.006 -0.017
Median 0.023 0.011 0.021
Mean (se) 0.052 (0.002)  0.028 (0.001)  0.049 (0.002)
3rd Qu. 0.104 0.049 0.096
Max. 0.544 0.354 0.544
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.019 0.035 0.140 0.027
1st Qu. 0.045 0.186 0.198 0.187
Median 0.065 0.212 0.219 0.213
Mean (se)  0.067 (0.001) 0.214 (0.001)  0.222 (0.001)  0.216 (0.001)
3rd Qu. 0.086 0.242 0.241 0.243
Max. 0.179 0.381 0.363 0.374
PG true PG lg PG pam PG lcmixed
Min. -0.020 -0.064 0.175 -0.068
1st Qu. 0.062 0.228 0.288 0.239
Median 0.091 0.286 0.329 0.291
Mean (se)  0.094 (0.001) 0.284 (0.002) 0.334 (0.001) 0.292 (0.002)
3rd Qu. 0.122 0.344 0.372 0.349
Max. 0.265 0.588 0.546 0.586
L :

T
ARI_Ig

T T
ARI_pam

(a) ARI - 100 units.

ARI_lcmixed

ARI_Ig ARI_pam

T
ARI_lcmixed

(b) ARI - 1000 units.

Figure A.145: Adjusted Rand Index: 4 mixed-level variables - 2 clusters, mixing
proportions extremely different - Unclear cluster separation
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Table A.98: Summary: 4 mixed-level variables - 2 clusters - mixing proportions

extremely different - Unclear cluster separation - 1000 units

ARI lg ARI pam ARI lcmixed
Min. -0.088 -0.025 -0.078
1st Qu. 0.004 0.002 0.049
Median 0.123 0.007 0.112
Mean (se) 0.105 (0.002)  0.014 (0.000)  0.109 (0.002)
3rd Qu. 0.189 0.020 0.167
Max. 0.309 0.166 0.301
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.037 -0.084 0.163 0.059
1st Qu. 0.063 0.141 0.183 0.167
Median 0.069 0.168 0.189 0.183
Mean (se)  0.069 (0.000) 0.160 (0.001) 0.192 (0.000) 0.185 (0.001)
3rd Qu. 0.075 0.189 0.197 0.199
Max. 0.097 0.338 0.337 0.338
NA’s 29
PG true PG lg PG pam PG lemixed
Min. 0.046 -0.114 0.223 -0.007
1st Qu. 0.085 0.123 0.262 0.237
Median 0.094 0.183 0.273 0.266
Mean (se)  0.095 (0.000) 0.182 (0.002) 0.282 (0.001)  0.266 (0.001)
3rd Qu. 0.103 0.244 0.288 0.291
Max. 0.134 0.531 0.524 0.531
NA’s 29
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Figure A.146: Average Silhouette Width: 4 mixed-level variables - 2 clusters, mix-
ing proportions extremely different - Unclear cluster separation
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Figure A.147: Pearson Gamma: 4 mixed-level variables - 2 clusters, mixing pro-
portions extremely different - Unclear cluster separation
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Table A.99: Summary: 4 mixed-level variables - 2 clusters, mixing proportions ex-
tremely different - Clear cluster separation - 100 units

ARI Ig ARI pam ARI Icmixed
Min. 0.257 0.230 0.257
1st Qu. 0.804 0.740 0.801
Median 0.867 0.802 0.866
Mean (se) 0.851 (0.002) 0.802 (0.002) 0.850 (0.002)
3rd Qu. 0.913 0.871 0.913
Max. 1.000 1.000 1.000
ASW true ASW lg ASW pam  ASW lcmixed
Min. 0.444 0.364 0.433 0.364
1st Qu. 0.540 0.557 0.549 0.557
Median 0.571 0.585 0.577 0.586
Mean (se) 0.570 (0.001) 0.584 (0.001) 0.577 (0.001) 0.584 (0.001)
3rd Qu. 0.599 0.612 0.606 0.612
Max. 0.723 0.721 0.721 0.721
PG true PG lg PG pam PG lemixed
Min. 0.545 0.480 0.458 0.480
1st Qu. 0.694 0.718 0.728 0.718
Median 0.728 0.748 0.754 0.749
Mean (se) 0.725 (0.001) 0.745 (0.001) 0.753 (0.001) 0.746 (0.001)
3rd Qu. 0.760 0.778 0.782 0.778
Max. 0.874 0.874 0.871 0.874
Latent class 7%  aftX  af2X  BX BX 2BiX RGN 2OX
1 0.20 090 0.10 0.10 080 0.10 0.80 0.10
2 0.80 0.10 090 080 0.10 0.10 0.10 0.80
Latent class frgx frglx frgzx 7%33)( 7?34)(
1 0.20 0.10 0.10 0.10 0.70
2 0.80 0.10 0.10 0.70 0.10

A.51 4 mixed-level variables - 2 clusters, equal

mixing proportions - Unclear cluster sepa-

ration

The Model:

7
0.10

0.10
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Table A.100: Summary: 4 mixed-level variables - 2 clusters, mixing proportions
extremely different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.808 0.699 0.808
1st Qu. 0.877 0.773 0.877
Median 0.892 0.793 0.892
Mean (se) 0.891 (0.000) 0.806 (0.001) 0.891 (0.000)
3rd Qu. 0.906 0.824 0.906
Max. 0.957 0.963 0.957
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.525 0.550 0.535 0.550
1st Qu. 0.563 0.579 0.570 0.579
Median 0.572 0.588 0.579 0.588
Mean (se) 0.572 (0.000) 0.587 (0.000) 0.578 (0.000) 0.587 (0.000)
3rd Qu. 0.581 0.596 0.588 0.596
Max. 0.614 0.626 0.626 0.626
PG true PG lg PG pam PG lemixed
Min. 0.670 0.687 0.712 0.687
1st Qu. 0.718 0.741 0.747 0.742
Median 0.728 0.751 0.755 0.751
Mean (se) 0.728 (0.000) 0.750 (0.000) 0.754 (0.000) 0.750 (0.000)
3rd Qu. 0.738 0.760 0.762 0.760
Max. 0.770 0.794 0.794 0.794
S N R A B T
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(a) ARI - 100 units.
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(b) ARI - 1000 units.

Figure A.148: Adjusted Rand Index: 4 mixed-level variables - 2 clusters, mixing
proportions extremely different - Clear cluster separation
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Figure A.149: Average Silhouette Width: 4 mixed-level variables - 2 clusters, mix-

ing proportions extremely different - Clear cluster separation
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Figure A.150: Pearson Gamma: 4 mixed-level variables - 2 clusters, mixing pro-

portions extremely different - Clear cluster separation
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Table A.101: Summary: 4 mixed-level variables - 2 clusters - equal mixing propor-
tions - Unclear cluster separation - 100 units

ARI Ig ARI pam ARI Icmixed
Min. -0.037 -0.021 -0.033
Ist Qu. -0.006 -0.008 -0.006
Median 0.004 0.000 0.004
Mean (se) 0.016 (0.001)  0.011 (0.001)  0.017 (0.001)
3rd Qu. 0.024 0.019 0.026
Max. 0.263 0.263 0.285
ASW true ASW lIg ASW pam ASW lcmixed
Min. -0.012 0.026 0.134 0.034
1st Qu. 0.015 0.173 0.196 0.178
Median 0.026 0.198 0.214 0.201
Mean (se)  0.028 (0.000) 0.202 (0.001) 0.215 (0.001)  0.206 (0.001)
3rd Qu. 0.039 0.224 0.232 0.228
Max. 0.105 0.374 0.313 0.374
PG true PG lg PG pam PG lcmixed
Min. -0.017 -0.030 0.178 -0.003
1st Qu. 0.020 0.208 0.297 0.225
Median 0.038 0.271 0.328 0.283
Mean (se)  0.040 (0.001) 0.272 (0.002) 0.328 (0.001)  0.285 (0.002)
3rd Qu. 0.056 0.322 0.360 0.332
Max. 0.158 0.595 0.504 0.595
Latent class ;% ﬁﬁlx fri‘%X frglx 7}52)( ﬁng ﬁlcle ﬁ,l(};zX ﬁggx
1 0.50 0.65 0.35 040 040 020 035 0.25 0.40
2 0.50 055 045 030 060 0.10 025 040 0.35
Latent class 7%,5X frglx 7%32)( 7?33)( 7?54)(
1 0.50 0.20 030 025 0.25
2 0.50 0.30 0.15 025 0.30

A.52 4 mixed-level variables - 2 clusters, equal
mixing proportions - Clear cluster separa-

tion

The Model:
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Table A.102: Summary: 4 mixed-level variables - 2 clusters - equal mixing propor-
tions - Unclear cluster separation - 1000 units

ARI lg ARI pam ARI lcmixed
Min. -0.006 -0.002 -0.002
1st Qu. 0.000 -0.001 0.014
Median 0.005 0.001 0.032
Mean (se) 0.013 (0.000)  0.003 (0.000)  0.034 (0.001)
3rd Qu. 0.019 0.004 0.051
Max. 0.100 0.072 0.126
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.014 -0.053 0.163 0.073
1st Qu. 0.025 0.070 0.184 0.163
Median 0.028 0.119 0.190 0.179
Mean (se)  0.029 (0.000) 0.121 (0.002)  0.190 (0.000) 0.188 (0.001)
3rd Qu. 0.032 0.165 0.196 0.202
Max. 0.052 0.335 0.227 0.335
NA’s 94
PG true PG lg PG pam PG lemixed
Min. 0.020 -0.045 0.230 0.053
1st Qu. 0.035 0.057 0.277 0.236
Median 0.040 0.111 0.287 0.265
Mean (se)  0.040 (0.000) 0.142 (0.003)  0.287 (0.000) 0.277 (0.001)
3rd Qu. 0.045 0.217 0.297 0.303
Max. 0.075 0.531 0.339 0.531
NA’s 94
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Adjusted Rand Index: 4 mixed-level variables - 2 clusters, equal
mixing proportions - Unclear cluster separation
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Figure A.152: Average Silhouette Width: 4 mixed-level variables - 2 clusters, equal
mixing proportions - Unclear cluster separation
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Figure A.153: Pearson Gamma: 4 mixed-level variables - 2 clusters, equal mixing
proportions - Unclear cluster separation

Latent class 4% &% adeX gBX 0 aBX 2 BX 0 aGiX 0 R C0X

1t 1t 1t 1t 1t 1t
1 0.50 090 0.10 0.80 0.10 0.10 0.10 0.10
2 0.50 0.10 090 0.10 0.80 0.10 0.80 0.10
Latent class 7% ﬁng 7%32)( ﬁgSX 7?34)(
1 0.50 0.10 0.70 0.10 0.10
2 0.50 0.70 0.10 0.10 0.10

A.53 4 4-mixed variables - 5 clusters, mixing pro-
portions extremely different - Unclear clus-

ter separation

The Model:

7}_03)(

1t
0.80

0.10



266

A. Appendix

Table A.103: Summary: 4 mixed-level variables - 2 clusters, equal mixing propor-

tions - Clear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. 0.573 0.604 0.573
1st Qu. 0.808 0.808 0.808
Median 0.845 0.845 0.845
Mean (se) 0.844 (0.002) 0.856 (0.002) 0.845 (0.002)
3rd Qu. 0.882 0.921 0.882
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.416 0.448 0.465 0.452
Ist Qu. 0.544 0.562 0.561 0.563
Median 0.573 0.589 0.588 0.589
Mean (se) 0.573 (0.001) 0.589 (0.001) 0.588 (0.001) 0.589 (0.001)
3rd Qu. 0.602 0.616 0.615 0.616
Max. 0.704 0.703 0.707 0.703
PG true PG lg PG pam PG lemixed
Min. 0.586 0.626 0.668 0.642
Ist Qu. 0.736 0.761 0.762 0.761
Median 0.766 0.785 0.786 0.785
Mean (se) 0.764 (0.001) 0.783 (0.001) 0.784 (0.001) 0.784 (0.001)
3rd Qu. 0.791 0.808 0.808 0.808
Max. 0.869 0.881 0.881 0.881
) ‘ ‘ ) — = —
o —— —— —— 5 T

(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.154: Adjusted Rand Index: 4 mixed-level variables - 2 clusters, equal
mixing proportions - Clear cluster separation
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Table A.104: Summary: 4 mixed-level variables - 2 clusters, equal mixing propor-
tions - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.785 0.771 0.785
1st Qu. 0.843 0.843 0.843
Median 0.857 0.857 0.857
Mean (se) 0.859 (0.000) 0.855 (0.001) 0.859 (0.000)
3rd Qu. 0.872 0.868 0.872
Max. 0.929 0.925 0.929
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.525 0.552 0.550 0.552
1st Qu. 0.564 0.582 0.580 0.582
Median 0.572 0.590 0.587 0.590
Mean (se) 0.573 (0.000) 0.590 (0.000) 0.588 (0.000) 0.590 (0.000)
3rd Qu. 0.581 0.598 0.595 0.598
Max. 0.619 0.632 0.630 0.632
PG true PG lg PG pam PG lcmixed
Min. 0.711 0.750 0.746 0.750
1st Qu. 0.755 0.780 0.777 0.780
Median 0.763 0.787 0.784 0.787
Mean (se) 0.763 (0.000) 0.787 (0.000) 0.784 (0.000) 0.787 (0.000)
3rd Qu. 0.771 0.794 0.790 0.794
Max. 0.806 0.820 0.817 0.820
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s s | s = = = —r
o o T
N T v 7T )
(a) ASW - 100 units. (b) ASW - 1000 units.

Figure A.155: Average Silhouette Width: 4 mixed-level variables - 2 clusters, equal
mixing proportions - Clear cluster separation
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Figure A.156: Pearson Gamma: 4 mixed-level variables - 2 clusters, equal mixing
proportions - Clear cluster separation
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Table A.105: Summary: 4 mixed-level variables - 5 clusters - mixing proportions
extremely different - Unclear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. -0.030 -0.025 -0.023
1st Qu. 0.014 0.016 0.014
Median 0.031 0.033 0.032
Mean (se) 0.035 (0.001)  0.035 (0.001)  0.036 (0.001)
3rd Qu. 0.051 0.051 0.051
Max. 0.177 0.172 0.204
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.148 0.030 0.146 0.047
1st Qu. -0.079 0.190 0.220 0.192
Median -0.069 0.221 0.237 0.221
Mean (se) -0.068 (0.000) 0.217 (0.001) 0.237 (0.001)  0.218 (0.001)
3rd Qu. -0.058 0.247 0.254 0.247
Max. 0.001 0.340 0.322 0.326
PG true PG lg PG pam PG lecmixed
Min. -0.010 0.254 0.342 0.258
1st Qu. 0.049 0.412 0.435 0.411
Median 0.068 0.450 0.452 0.452
Mean (se)  0.070 (0.001)  0.443 (0.001) 0.452 (0.001)  0.444 (0.001)
3rd Qu. 0.089 0.481 0.470 0.481
Max. 0.202 0.566 0.544 0.575
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(a) ARI - 100 units.
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(b) ARI - 1000 units.

Figure A.157: Adjusted Rand Index: 4 mixed-level variables - 5 clusters, mixing
proportions extremely different - Unclear cluster separation
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Table A.106: Summary: 4 mixed-level variables - 5 clusters - mixing proportions
extremely different - Unclear cluster separation - 1000 units
ARI Ig ARI pam ARI Iemixed
Min. -0.016 0.006 -0.002
1st Qu. 0.020 0.026 0.028
Median 0.031 0.032 0.037
Mean (se) 0.031 (0.000)  0.033 (0.000)  0.038 (0.000)
3rd Qu. 0.042 0.039 0.046
Max. 0.095 0.077 0.098
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.050 -0.173 0.159 0.058
1st Qu. -0.039 0.069 0.202 0.158
Median -0.036 0.117 0.211 0.180
Mean (se) -0.036 (0.000) 0.109 (0.002)  0.209 (0.000) 0.178 (0.001)
3rd Qu. -0.033 0.158 0.219 0.201
Max. -0.020 0.286 0.251 0.289
PG true PG lg PG pam PG lcmixed
Min. 0.046 0.066 0.364 0.250
1st Qu. 0.064 0.287 0.398 0.358
Median 0.069 0.341 0.406 0.390
Mean (se) 0.070 (0.000) 0.337 (0.002) 0.407 (0.000)  0.390 (0.001)
3rd Qu. 0.075 0.397 0.415 0.423
Max. 0.100 0.506 0.472 0.497
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(b) ASW - 1000 units.

Figure A.158: Average Silhouette Width: 4 mixed-level variables - 5 clusters, mix-
ing proportions extremely different - Unclear cluster separation
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Figure A.159: Pearson Gamma: 4 mixed-level variables - 5 clusters, mixing pro-
portions extremely different - Unclear cluster separation
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Table A.107: Summary: 4 mixed-level variables - 5 clusters, mixing proportions
extremely different - Clear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. 0.433 0.437 0.396
1st Qu. 0.610 0.640 0.610
Median 0.663 0.693 0.662
Mean (se) 0.662 (0.002) 0.689 (0.002) 0.662 (0.002)
3rd Qu. 0.713 0.737 0.712
Max. 0.866 0.916 0.865
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.238 0.351 0.393 0.334
Ist Qu. 0.373 0.491 0.494 0.491
Median 0.412 0.526 0.524 0.526
Mean (se) 0.412 (0.001) 0.526 (0.001) 0.525 (0.001) 0.526 (0.001)
3rd Qu. 0.449 0.561 0.553 0.561
Max. 0.593 0.702 0.691 0.702
PG true PG lg PG pam PG lemixed
Min. 0.537 0.574 0.598 0.547
Ist Qu. 0.639 0.702 0.676 0.702
Median 0.664 0.728 0.696 0.728
Mean (se) 0.663 (0.001) 0.727 (0.001) 0.697 (0.001) 0.727 (0.001)
3rd Qu. 0.687 0.754 0.717 0.754
Max. 0.798 0.831 0.803 0.831
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Figure A.160: Adjusted Rand Index: 4 mixed-level variables - 5 clusters, mixing
proportions extremely different - Clear cluster separation
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Table A.108: Summary: 4 mixed-level variables - 5 clusters, mixing proportions
extremely different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lecmixed
Min. 0.000 0.617 0.551
1st Qu. 0.659 0.679 0.654
Median 0.683 0.695 0.681
Mean (se) 0.681 (0.000) 0.694 (0.001) 0.678 (0.000)
3rd Qu. 0.706 0.709 0.704
Max. 0.796 0.777 0.796
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.365 0.417 0.487 0.414
1st Qu. 0.406 0.494 0.517 0.493
Median 0.418 0.514 0.526 0.513
Mean (se) 0.418 (0.000) 0.512 (0.000) 0.527 (0.000) 0.512 (0.000)
3rd Qu. 0.430 0.533 0.536 0.533
Max. 0.614 0.590 0.577 0.590
NA’s 2
PG true PG lg PG pam PG lemixed
Min. 0.620 0.661 0.668 0.665
1st Qu. 0.656 0.712 0.690 0.711
Median 0.664 0.730 0.696 0.729
Mean (se) 0.664 (0.000) 0.727 (0.000) 0.696 (0.000) 0.726 (0.000)
3rd Qu. 0.672 0.744 0.703 0.743
Max. 0.711 0.778 0.730 0.775
NA’s 2
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Figure A.161: Average Silhouette Width: 4 mixed-level variables - 5 clusters, mix-
ing proportions extremely different - Clear cluster separation
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Figure A.162: Pearson Gamma: 4 mixed-level variables - 5 clusters, mixing pro-
portions extremely different - Clear cluster separation
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Table A.109: Summary: 4 mixed-level variables - 5 clusters - equal mixing propor-

tions - Unclear cluster separation - 100 units

ARI lg ARI pam ARI lemixed
Min. -0.026 -0.019 -0.027
1st Qu. 0.020 0.022 0.020
Median 0.036 0.039 0.036
Mean (se) 0.040 (0.001)  0.042 (0.001)  0.040 (0.001)
3rd Qu. 0.057 0.058 0.056
Max. 0.180 0.157 0.180
ASW true ASW lg ASW pam ASW lcmixed
Min. -0.096 0.071 0.154 0.071
1st Qu. -0.069 0.193 0.220 0.193
Median -0.061 0.222 0.236 0.222
Mean (se) -0.059 (0.000) 0.220 (0.001) 0.236 (0.001)  0.220 (0.001)
3rd Qu. -0.050 0.249 0.253 0.249
Max. 0.011 0.335 0.335 0.331
PG true PG lg PG pam PG lemixed
Min. 0.005 0.272 0.360 0.241
1st Qu. 0.060 0.414 0.434 0.415
Median 0.079 0.451 0.452 0.453
Mean (se) 0.081 (0.001) 0.446 (0.001) 0.452 (0.001)  0.447 (0.001)
3rd Qu. 0.099 0.482 0.470 0.482
Max. 0.201 0.570 0.538 0.570
Latent class 7% aftX  af2X  BX aBX 2BiX RGN 2O0X
1 0.20 060 040 020 0.10 0.70 0.30 0.20
2 020 045 055 040 020 040 050 0.10
3 0.20 070 030 030 030 040 040 0.30
4 020 035 065 020 030 050 020 0.60
5 0.20 030 070 040 030 030 030 040
Latent class 7 frng erQX ﬁlD;?’X frlD;‘*X
1 0.20 020 040 030 0.10
2 0.20 030 030 020 0.20
3 0.20 030 040 0.10 0.20
4 0.20 040 020 020 0.20
5 0.20 020 020 030 0.30

7 X
0.50
0.40
0.30
0.20

0.30



276

A. Appendix

Table A.110: Summary: 4 mixed-level variables - 5 clusters - equal mixing propor-
tions - Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI Iemixed

Min. 0.002 0.012 0.009

1st Qu. 0.025 0.034 0.033

Median 0.035 0.041 0.041
Mean (se) 0.035 (0.000)  0.042 (0.000)  0.041 (0.000)

3rd Qu. 0.045 0.048 0.049

Max. 0.077 0.082 0.087
ASW true ASW Ig ASW pam ASW lcmixed

Min. -0.047 -0.155 0.148 0.036

1st Qu. -0.039 0.069 0.198 0.159

Median -0.037 0.116 0.207 0.179
Mean (se) -0.037 (0.000) 0.109 (0.001)  0.206 (0.000) 0.178 (0.001)

3rd Qu. -0.035 0.158 0.215 0.200

Max. -0.025 0.277 0.237 0.281
PG true PG lg PG pam PG lecmixed

Min. 0.056 0.048 0.365 0.209

1st Qu. 0.075 0.292 0.395 0.360

Median 0.080 0.343 0.404 0.390
Mean (se) 0.080 (0.000) 0.338 (0.002) 0.404 (0.000)  0.390 (0.001)

3rd Qu. 0.085 0.392 0.413 0.420

Max. 0.117 0.506 0.463 0.501

I
\ | | || \ N — ‘ _—
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(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.163: Adjusted Rand Index: 4 mixed-level variables - 5 clusters, equal
mixing proportions - Unclear cluster separation
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Adjusted Rand Index
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Figure A.166: Adjusted Rand Index: 4 mixed-level variables - 5 clusters, equal
mixing proportions - Clear cluster separation

A.56 4 mixed-level variables - 5 clusters, equal

mixing proportions - Clear cluster separa-

tion
The Model:

Latent class — #j% frﬁlx
1 0.20 0.10
2 0.20 0.10
3 0.20  0.90
4 0.20 0.10
5 0.20 0.90

Latent class 7% frng
1 0.20 0.10
2 0.20 0.10
3 0.20 0.70
4 0.20 0.10
5 0.20 0.10
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Table A.111: Summary: 4 mixed-level variables - 5 clusters, equal mixing propor-
tions - Clear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. 0.289 0.483 0.289
1st Qu. 0.610 0.655 0.611
Median 0.669 0.704 0.669
Mean (se) 0.666 (0.002) 0.703 (0.002) 0.666 (0.002)
3rd Qu. 0.725 0.751 0.725
Max. 0.950 0.904 0.950
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.267 0.297 0.360 0.280
1st Qu. 0.400 0.468 0.472 0.468
Median 0.434 0.501 0.501 0. 500
Mean (se) 0.435 (0.001) 0.499 (0.001) 0.501 (0.001) 0.499 (0.001)
3rd Qu. 0.469 0.531 0.528 0.531
Max. 0.592 0.668 0.654 0.668
PG true PG lg PG pam PG lcmixed
Min. 0.475 0.501 0.574 0.501
1st Qu. 0.598 0.656 0.658 0.656
Median 0.628 0.682 0.680 0.682
Mean (se) 0.627 (0.001) 0.679 (0.001) 0.679 (0.001) 0.679 (0.001)
3rd Qu. 0.656 0.704 0.702 0.704
Max. 0.751 0.785 0.781 0.785
] 8 ° 8 ]
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(a) ASW - 100 units.

(b) ASW - 1000 units.

Figure A.167: Average Silhouette Width: 4 mixed-level variables - 5 clusters, equal
mixing proportions - Clear cluster separation
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Table A.112: Summary: 4 mixed-level variables - 5 clusters, equal mixing propor-
tions - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.625 0.627 0.627
1st Qu. 0.692 0.688 0.692
Median 0.710 0.704 0.710
Mean (se) 0.710 (0.001) 0.703 (0.001) 0.710 (0.001)
3rd Qu. 0.727 0.719 0.727
Max. 0.813 0.775 0.815
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.391 0.465 0.458 0.465
1st Qu. 0.429 0.500 0.496 0.500
Median 0.440 0.509 0.504 0.508
Mean (se) 0.440 (0.000) 0.509 (0.000) 0.505 (0.000) 0.509 (0.000)
3rd Qu. 0.452 0.518 0.514 0.519
Max. 0.493 0.563 0.557 0.563
PG true PG lg PG pam PG lemixed
Min. 0.587 0.651 0.644 0.651
Ist Qu. 0.618 0.677 0.673 0.677
Median 0.627 0.684 0.680 0.684
Mean (se) 0.627 (0.000) 0.684 (0.000) 0.680 (0.000) 0.684 (0.000)
3rd Qu. 0.636 0.691 0.687 0.691
Max. 0.674 0.721 0.718 0.721
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Figure A.168: Pearson Gamma: 4 mixed-level variables - 5 clusters, equal mixing
proportions - Clear cluster separation
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A.57 12 mix-level variables - 2 clusters, mixing
proportions extremely different - Unclear clus-

ter separation

The Model:
Latent class 7%  #atX  geX  FBiX 0 2BaX RGX LO0X
1 0.15 0.70 0.30 040  0.60  0.65  0.35
2 085 060 040 070 030  0.30  0.70
Latent class 7%  #01%  #D2X zDsX GEIX pEaX pEsX GBX X aFX
1 0.15 030 025 045 020 0.10 070 030  0.40  0.30
2 0.85 040 025 035 040 020 040 050  0.30  0.20
Latent class a7  #0tX 702X 70X 20X X GHX GHeX ZHX
1 015 020 0.10 040 030 040 030 010  0.20
2 0.85 0.0 040 020 030 0.0 020 040  0.30
Latent class 73X frﬁx fr{%x ﬁ{%’X fT {?X 7 1L;1X ﬁ'{%X ﬁf;SX 7AT1L;4X
1 0.15 020 030 020 030 015 035 020  0.30
2 085 030 0.10 040 020 030 010 035  0.25
Latent class 7  aMaX  M2X o GMaX o MaXo MX GMeX o pMpX nMsX
1 015 010 005 020 015 020 010 005 0.5
2 085 0.5 010 005 020 0.15 005 010  0.20
Latent class  #:% ﬁ'lex ﬁ_{\}X ﬁ'ﬁax 7?54)( ﬁﬁsx fr{fﬁx 7}{\?){ ﬁ'ﬁsx
1 0.15 020 005 010 015 005 015 020  0.10
2 085 015 010 005 020 010 020 015  0.05

A.58 12 mixed-level variables - 2 clusters, mixing
proportions extremely different - Clear clus-

ter separation

The Model:
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Table A.113: Summary: 12 mixed-level variables - 2 clusters - mixing proportions
extremely different - Unclear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. -0.112 -0.069 -0.110
1st Qu. -0.010 -0.007 -0.011
Median 0.058 0.006 0.039
Mean (se) 0.121 (0.004)  0.027 (0.001)  0.101 (0.004)
3rd Qu. 0.229 0.044 0.180
Max. 0.829 0.432 0.795
ASW true ASW Ig ASW pam ASW lecmixed
Min. 0.019 0.029 0.034 0.029
1st Qu. 0.058 0.071 0.065 0.070
Median 0.069 0.081 0.073 0.080
Mean (se) 0.070 (0.000) 0.084 (0.000) 0.074 (0.000) 0.082 (0.000)
3rd Qu. 0.081 0.096 0.082 0.094
Max. 0.132 0.148 0.144 0.148
PG true PG 1g PG pam PG lecmixed
Min. 0.040 0.006 0.077 0.005
1st Qu. 0.135 0.164 0.166 0.164
Median 0.163 0.200 0.190 0.198
Mean (se) 0.164 (0.001) 0.200 (0.001) 0.194 (0.001)  0.200 (0.001)
3rd Qu. 0.191 0.240 0.217 0.240
Max. 0.322 0.377 0.388 0.374
g : | —
3 g 3 T T
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(a) ARI - 100 units.
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(b) ARI - 1000 units.

Figure A.169: Adjusted Rand Index: 12 mixed-level variables - 2 clusters, mixing
proportions extremely different - Unclear cluster separation
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Table A.114: Summary: 12 mixed-level variables - 2 clusters - mixing proportions
extremely different - Unclear cluster separation - 1000 units

ARI lg ARI pam ARI lcmixed
Min. 0.000 -0.051 0.175
1st Qu. 0.494 -0.005 0.496
Median 0.526 0.002 0.528
Mean (se) 0.521 (0.001) 0.012 (0.001)  0.523 (0.001)
3rd Qu. 0.556 0.018 0.556
Max. 0.650 0.233 0.645
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.056 0.064 0.045 0.063
1st Qu. 0.067 0.085 0.053 0.085
Median 0.071 0.089 0.056 0.089
Mean (se)  0.071 (0.000) 0.089 (0.000) 0.057 (0.000) 0.089 (0.000)
3rd Qu. 0.075 0.094 0.060 0.094
Max. 0.088 0.110 0.093 0.110
NA’s 4
PG true PG lg PG pam PG lemixed
Min. 0.125 0.118 0.110 0.124
1st Qu. 0.156 0.176 0.134 0.181
Median 0.165 0.192 0.144 0.196
Mean (se)  0.165 (0.000)  0.192 (0.001)  0.146 (0.000) 0.196 (0.001)
3rd Qu. 0.174 0.207 0.155 0.212
Max. 0.210 0.259 0.253 0.261
NA’s 4
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Figure A.170: Average Silhouette Width: 12 mixed-level variables - 2 clusters, mix-
ing proportions extremely different - Unclear cluster separation
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Figure A.172: Adjusted Rand Index
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Table A.115: Summary: 12 mixed-level variables - 2 clusters, mixing proportions
extremely different - Clear cluster separation - 100 units

ARIlg ARI pam ARI lemixed
Min. 0.867 0.924 0.820
1st Qu. 1.000 1.000 1.000
Median 1.000 1.000 1.000
Mean (se) 0.998 (0.000) 0.998 (0.000) 0.997 (0.000)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.521 0.521 0.521 0.521
1st Qu. 0.582 0.582 0.582 0.582
Median 0.595 0.595 0.595 0.595
Mean (se) 0.596 (0.000) 0.596 (0.000) 0.596 (0.000) 0.596 (0.000)
3rd Qu. 0.612 0.611 0.611 0.611
Max. 0.666 0.666 0.666 0.666
PG true PG lg PG pam PG lemixed
Min. 0.766 0.766 0.766 0.766
1st Qu. 0.867 0.867 0.867 0.867
Median 0.883 0.883 0.883 0.883
Mean (se) 0.880 (0.001) 0.880 (0.001) 0.880 (0.001) 0.880 (0.001)
3rd Qu. 0.896 0.897 0.896 0.896
Max. 0.937 0.937 0.937 0.937

Average Silhouette Width

Average Silhouette Width

0.45 0.50 0.55 0.60 0.65 0.70 0.75
I

0.45 0.50 0.55 0.60 0.65 0.70 0.75
I

ASW.true

ASW.LG

ASW.pam

AWS.lemixed

(a) ASW - 100 units.

ASW.true ASW.LG

ASW.pam

AWS.Iemixed

(b) ASW - 1000 units.

Figure A.173: Average Silhouette Width: 12 mixed-level variables - 2 clusters, mix-
ing proportions extremely different - Clear cluster separation
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Table A.116: Summary: 12 mixed-level variables - 2 clusters, mixing proportions
extremely different - Clear cluster separation - 1000 units

ARIlg ARI pam ARI lemixed
Min. 0.983 0.978 0.983
1st Qu. 1.000 0.995 1.000
Median 1.000 1.000 1.000
Mean (se) 0.999 (0.000) 0.997 (0.000) 0.999 (0.000)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.568 0.568 0.568 0.568
1st Qu. 0.591 0.591 0.591 0.591
Median 0.596 0.596 0.596 0.596
Mean (se) 0.596 (0.000) 0.596 (0.000) 0.596 (0.000) 0.596 (0.000)
3rd Qu. 0.600 0.600 0.600 0.600
Max. 0.619 0.619 0.619 0.619
PG true PG lg PG pam PG lcmixed
Min. 0.850 0.850 0.850 0.850
1st Qu. 0.877 0.877 0.878 0.877
Median 0.882 0.882 0.882 0.882
Mean (se) 0.882 (0.000) 0.882 (0.000) 0.882 (0.000) 0.882 (0.000)
3rd Qu. 0.886 0.886 0.886 0.886
Max. 0.901 0.901 0.900 0.901

Pearson Gamma Pearson Gamma

1.0
1.0

t
1
%
%

RN

0.8
0.8

PG.true PG.LG PG.pam PG.Icmixe d PG.true PG.LG PG.pam PG Icmixe d

(a) PG - 100 units. (b) PG - 1000 units.

Figure A.174: Pearson Gamma: 12 mixed-level variables - 2 clusters, mixing pro-
portions extremely different - Clear cluster separation
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A.59 12 mixed-level variables - 2 clusters, equal

mixing proportions - Unclear cluster sepa-

ration
The Model:
Latent class 7% #iX  #f2X X gBaX ROIX 0 R0hX
1 0.15 060 040 055 045 040  0.60
2 0.8 025 075 070 030 070  0.30
Latent class  #7% ﬁlD;IX ﬁ'lD;?X frg?’x frf}X ﬁizx ﬁﬁgx ﬁf_tlx 7}11?52)( ﬁ'iax
1 0.15 040 040 020 010 040 050 030 040  0.30
2 085 030 020 050 030 030 040 020 050  0.30
Latent class ~ #%  #01% 702X fGeX pGX pHX GHX pHeX pHX
1 015 030 0.0 020 040 020 040 0.10  0.30
2 085 020 030 040 0.10 0.10 030 020  0.40
Latent class 77 ﬁ'ﬁx ﬁ’{ﬁx ﬁfi’x ﬁ'ﬁlx ﬁﬁlx ﬁf;2x 7}1L}X 7}1L;4X
1 0.15 025 0.0 035 030 0.10 030 040  0.20
2 085 030 020 015 035 040 030 020  0.10
Latent class a7  a X M2X GMaX o RMaX pMgX o aMeX  pMpX o nMsX
1 015 020 020 005 010 0.15 010 005 0.15
2 0.85 0.10 0.5 020 005 020 015 015  0.10
Latent class  #:% frlex ﬁ'ﬁzx 7?53)( ﬁﬁ‘lx ﬁ11Z5X frﬁﬁx 7%11\:7)( ﬁﬁgx
1 0.15 020 005 010 015 0.10 015 005  0.20
2 08 015 0.0 0.05 020 005 020 020  0.10

A.60 12 mixed-level variables - 2 clusters, equal
mixing proportions - Clear cluster separa-

tion

The Model:



A.60 Simulation: 12 mix-lev 2cl equal clear

289

Table A.117: Summary: 12 mixed-level variables - 2 clusters - equal mixing pro-
portions - Unclear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. -0.021 -0.014 -0.015
1st Qu. 0.169 0.030 0.185
Median 0.284 0.094 0.285
Mean (se) 0.281 (0.003)  0.118 (0.002)  0.285 (0.003)
3rd Qu. 0.378 0.186 0.378
Max. 0.772 0.514 0.772
ASW true ASW Ig ASW pam ASW Icmixed
Min. 0.025 0.046 0.041 0.043
1st Qu. 0.062 0.082 0.073 0.082
Median 0.071 0.093 0.083 0.093
Mean (se) 0.071 (0.000) 0.093 (0.000) 0.085 (0.000)  0.094 (0.000)
3rd Qu. 0.081 0.104 0.097 0.104
Max. 0.124 0.164 0.156 0.164
PG true PG lg PG pam PG lecmixed
Min. 0.066 0.056 0.112 0.063
1st Qu. 0.167 0.202 0.196 0.203
Median 0.192 0.239 0.226 0.240
Mean (se) 0.194 (0.001) 0.238 (0.001) 0.230 (0.001)  0.240 (0.001)
3rd Qu. 0.219 0.274 0.263 0.276
Max. 0.341 0.446 0.424 0.446

0.0
I

0.0
I

(a) ARI - 100 units.

(b) ARI - 1000 units.

Figure A.175: Adjusted Rand Index: 12 mixed-level variables - 2 clusters, equal
mixing proportions - Unclear cluster separation
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Table A.118: Summary: 12 mixed-level variables - 2 clusters - equal mixing pro-
portions - Unclear cluster separation - 1000 units

ARIlg ARI pam ARI lemixed
Min. 0.000 -0.001 0.367
1st Qu. 0.495 0.127 0.495
Median 0.518 0.181 0.518
Mean (se) 0.517 (0.001)  0.176 (0.002)  0.519 (0.001)
3rd Qu. 0.538 0.226 0.541
Max. 0.621 0.364 0.621
ASW true ASW Ig ASW pam ASW lcmixed
Min. 0.060 0.074 0.048 0.074
1st Qu. 0.069 0.087 0.077 0.087
Median 0.072 0.091 0.084 0.091
Mean (se)  0.072 (0.000) 0.091 (0.000) 0.082 (0.000) 0.091 (0.000)
3rd Qu. 0.075 0.094 0.089 0.094
Max. 0.086 0.110 0.106 0.110
NA’s 1
PG true PG lg PG pam PG lcmixed
Min. 0.160 0.175 0.122 0.176
1st Qu. 0.187 0.236 0.209 0.236
Median 0.195 0.246 0.226 0.246
Mean (se)  0.195 (0.000) 0.246 (0.000) 0.223 (0.001)  0.246 (0.000)
3rd Qu. 0.202 0.255 0.242 0.256
Max. 0.234 0.299 0.292 0.299

NA’s

1
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(a) ASW - 100 units. (b) ASW - 1000 units.

Figure A.176: Average Silhouette Width: 12 mixed-level variables - 2 clusters,
equal mixing proportions - Unclear cluster separation
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Figure A.177: Pearson Gamma: 12 mixed-level variables - 2 clusters, equal mixing
proportions - Unclear cluster separation
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(a) ARI - 100 units. (b) ARI - 1000 units.

Figure A.178: Adjusted Rand Index: 12 mixed-level variables - 2 clusters, equal
mixing proportions - Clear cluster separation

Latent class 7% a1  #feX  BiX 2BaX ROiX 0 p 00X
1 050 090 010 010 090 010  0.90
2 050 0.0 090 090 0.10 090  0.10

Latent class 77 ﬁglx frlD;?X fr53x ﬁf;lx 7?52)( 7%53X ﬁilx frﬂ"’x
1 050 0.05 005 090 005 090 005 090  0.05
2 050 0.90 005 005 005 005 090 005 090

Latent class 7% #C1X 702X GsX  fGuX GHIX pHaX GHeX  pHiX
1 050 010 010 010 070 070 0.0 010  0.10
2 050 010 070 010 010 010 0.0 070  0.10

Latent class a7  #0%  #BX X GLX o GLiX 0 alaX RLeX GlaX
1 050 010 070 010 010 010 010 070  0.10
2 050 070 010 010 010 010 0.0 010  0.70

Latent class ~ #X  aMhX  MeX aMaX o pMaX o pMsX aMeX  pMrX o g MgX
1 050 0.05 005 005 005 065 005 005 005
2 050 0.5 005 005 005 005 005 065 005

Latent class a7  #oaX  gNaX gNeX o SNeX o aNo X aNeX  pN7X O pNeX
1 050 0.5 005 005 065 005 005 005 005

2 0.50  0.05 0.65 0.05 0.05 0.05 0.05 0.05 0.05

AFgX

Tt

0.05
0.05
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Table A.119: Summary: 12 mixed-level variables - 2 clusters, equal mixing propor-
tions - Clear cluster separation - 100 units

ARI Ig ARI pam ARI lemixed
Min. 0.920 0.921 0.920
1st Qu. 1.000 1.000 1.000
Median 1.000 1.000 1.000
Mean (se) 0.998 (0.000) 0.998 (0.000)  0.998 (0.000)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.532 0.532 0.532 0.532
1st Qu. 0.582 0.582 0.582 0.582
Median 0.598 0.598 0.598 0.598
Mean (se) 0.597 (0.000) 0.597 (0.000) 0.597 (0.000) 0.597 (0.000)
3rd Qu. 0.611 0.611 0.611 0.611
Max. 0.668 0.668 0.668 0.668
PG true PG lg PG pam PG lcmixed
Min. 0.876 0.876 0.873 0.876
1st Qu. 0.910 0.910 0.910 0.910
Median 0.917 0.917 0.917 0.917
Mean (se) 0.916 (0.000) 0.916 (0.000) 0.917 (0.000) 0.916 (0.000)
3rd Qu. 0.924 0.924 0.924 0.924
Max. 0.947 0.947 0.947 0.947
2 a S
e e =1 ===
o+~ + + +

(a) ASW - 100 units.

Figure A.179: Average Silhouette Width:
equal mixing proportions - Clear cluster separation

(b) ASW - 1000 units.

12 mixed-level variables - 2 clusters,
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Table A.120: Summary: 12 mixed-level variables - 2 clusters, equal mixing propor-
tions - Clear cluster separation - 1000 units

ARIlg ARI pam ARI lemixed
Min. 0.000 0.984 0.988
1st Qu. 0.996 0.996 0.996
Median 1.000 1.000 1.000
Mean (se) 0.998 (0.001) 0.998 (0.000) 0.999 (0.000)
3rd Qu. 1.000 1.000 1.000
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.571 0.572 0.572 0.572
Ist Qu. 0.591 0.592 0.592 0.592
Median 0.596 0.596 0.596 0.596
Mean (se) 0.596 (0.000) 0.596 (0.000) 0.596 (0.000) 0.596 (0.000)
3rd Qu. 0.601 0.601 0.601 0.601
Max. 0.618 0.618 0.618 0.618
NA’s 1
PG true PG lg PG pam PG lcmixed
Min. 0.900 0.900 0.900 0.900
Ist Qu. 0.913 0.913 0.913 0.913
Median 0.916 0.916 0.916 0.916
Mean (se) 0.916 (0.000) 0.916 (0.000) 0.916 (0.000) 0.916 (0.000)
3rd Qu. 0.918 0.918 0.918 0.918
Max. 0.928 0.928 0.928 0.928

NA’s

1
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(a) PG - 100 units. (b) PG - 1000 units.

Figure A.180: Pearson Gamma: 12 mixed-level variables - 2 clusters, equal mixing
proportions - Clear cluster separation

A.61 12 mixed-level variables - 5 clusters, mixing
proportions extremely different - Unclear clus-

ter separation

The Model:
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Latent class 7% atX  fAaX GBX 0 aBeX . ZOX RCoX

1 010 0.60 040 0.80 020 030  0.70

2 015 085 015 030 070 0.60 0.0

3 020 030 070 015 085 020  0.80

4 025 045 055 025 075 040  0.60

5 030 035 065 040 060 070  0.30
Latent class 7  #0%  #D2X gDsX GEIX 0 pEaX pEgX GRX RPN aFX

1 010 020 035 045 040 020 040 030 040 0.0

2 015 045 015 040 055 015 030 020 030  0.50

3 020 030 020 050 025 045 030 010 020 0.70

4 025 0.60 030 010 030 050 020 045 0.5  0.40

5 030 010 070 020 020 030 050 025 025 0.0
Latent class 7% #01% 702X zGeX 20X ZHX GHX GHe X GHX

1 010 040 015 015 030 020 035 015  0.30

2 015 020 040 030 010 010 020 040  0.30

3 020 030 020 015 035 040 020 030  0.10

4 025 015 030 025 030 050 015 015  0.20

5 030 010 020 040 030 030 040 020  0.10
Latent class X  #11%  #RX X ZLX aLiX GLoX aLeX LLiX

1 010 030 010 020 040 020 050 010  0.20

2 015 010 040 030 020 030 040 020  0.10

3 020 020 010 040 030 045 025 015  0.15

4 025 025 020 035 020 010 035 045  0.10

5 030 030 050 020 010 020 030 025 025
Latent class a7  #M1X  fM2X o GMaX o GMaXo o pMoX o pMeX  pMrX o nMsX

1 010 010 005 015 010 020 020 015  0.05

2 015 015 020 005 020 010 005 010  0.15

3 020 020 010 010 005 015 005 015  0.20

4 025 005 015 020 010 005 015 020  0.10

5 030 020 010 015 015 020 010 005  0.05
Latent class ~ #%X Al Y  gN2X  aNaX o gNX o aNoX gNeX  gNzX o aNsX

1 010 020 005 010 015 010 005 020  0.15

0.15 0.10 0.15 0.20 0.10 0.05 0.15 0.05 0.20
0.20 0.15 0.20 0.15 0.05 0.20 0.10 0.10 0.05
0.25  0.05 0.10 0.05 0.20 0.15 0.20 0.15 0.10
0.30  0.20 0.05 0.10 0.15 0.10 0.05 0.20 0.15

T = W N
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Table A.121: Summary: 12 mixed-level variables - 5 clusters - mixing proportions
extremely different - Unclear cluster separation - 200 units

ARI Ig ARI pam ARI lemixed
Min. 0.015 0.011 0.027
1st Qu. 0.095 0.077 0.098
Median 0.127 0.100 0.130
Mean (se) 0.132 (0.001)  0.104 (0.001)  0.135 (0.001)
3rd Qu. 0.163 0.128 0.166
Max. 0.322 0.293 0.332
ASW true ASW Ig ASW pam ASW lecmixed
Min. -0.001 0.013 0.040 0.025
1st Qu. 0.018 0.052 0.056 0.054
Median 0.023 0.058 0.060 0.060
Mean (se)  0.023 (0.000) 0.058 (0.000) 0.060 (0.000) 0.060 (0.000)
3rd Qu. 0.028 0.064 0.065 0.066
Max. 0.049 0.094 0.089 0.093
PG true PG lg PG pam PG lecmixed
Min. 0.133 0.124 0.221 0.171
1st Qu. 0.187 0.245 0.264 0.250
Median 0.202 0.264 0.275 0.268
Mean (se) 0.202 (0.000) 0.263 (0.000) 0.275 (0.000)  0.268 (0.001)
3rd Qu. 0.216 0.281 0.287 0.286
Max. 0.266 0.354 0.343 0.350
S S N .
< ] : I ] o E
° | — ° i

(a) ARI - 200 units.

(b) ARI - 1000 units.

Figure A.181: Adjusted Rand Index: 12 mixed-level variables - 5 clusters, mixing
proportions extremely different - Unclear cluster separation
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Table A.122:

Summary: 12 mixed-level variables - 5 clusters - mixing proportions

extremely different - Unclear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.162 0.056 0.169
1st Qu. 0.307 0.108 0.308
Median 0.334 0.126 0.335
Mean (se) 0.331 (0.001) 0.128 (0.001) 0.332 (0.001)
3rd Qu. 0.358 0.144 0.359
Max. 0.438 0.258 0.431
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.019 0.025 0.043 0.025
1st Qu. 0.026 0.050 0.051 0.051
Median 0.028 0.056 0.053 0.056
Mean (se) 0.028 (0.000) 0.055 (0.000) 0.054 (0.000) 0.055 (0.000)
3rd Qu. 0.031 0.060 0.057 0.060
Max. 0.038 0.072 0.067 0.073
PG true PG lg PG pam PG lemixed
Min. 0.175 0.159 0.215 0.167
1st Qu. 0.196 0.254 0.243 0.255
Median 0.202 0.266 0.251 0.267
Mean (se) 0.202 (0.000) 0.264 (0.000) 0.251 (0.000) 0.265 (0.000)
3rd Qu. 0.208 0.277 0.259 0.277
Max. 0.238 0.312 0.287 0.312
2 - 2
g 1 AL ‘ : ] f : ) )—‘ g - L 4?7 L
e - & 7T = T T
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(a) ASW - 200 units.
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(b) ASW - 1000 units.

Figure A.182: Average Silhouette Width: 12 mixed-level variables - 5 clusters, mix-
ing proportions extremely different - Unclear cluster separation
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Figure A.183: Pearson Gamma: 12 mixed-level variables - 5 clusters, mixing pro-
portions extremely different - Unclear cluster separation

A.62 12 mixed-level variables - 5 clusters, mixing
proportions extremely different - Clear clus-

ter separation

The Model:
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Latent class 7% atX  fAaX GBX 0 aBeX . ZOX RCoX

1 010 010 090 090 010 010  0.90

2 015 090 010 090 010 010 0.0

3 020 090 010 010 090 090  0.10

4 025 010 090 090 010 010  0.90

5 030 010 090 010 090 090  0.10
Latent class 7  #0%  #D2X gDsX GEIX 0 pEaX pEgX GRX RPN aFX

1 010 090 005 005 005 090 005 005 005 0.90

2 015 0.05 090 005 090 005 005 005 005 0.90

3 020 0.05 005 090 005 090 005 090 005 0.5

4 025 005 005 090 005 005 090 005 090 0.5

5 030 090 005 005 005 005 090 005 090 0.5
Latent class 7% #01% 702X zGeX 20X ZHX GHX GHe X GHX

1 010 010 070 010 010 010 010 070  0.10

2 015 010 010 010 070 010 070 010  0.10

3 020 070 010 010 010 010 0.0 010  0.70

4 025 010 010 070 010 010 070 010  0.10

5 030 070 010 010 010 070 0.0 010  0.10
Latent class X  #11%  #RX X ZLX aLiX GLoX aLeX LLiX

1 010 010 010 010 070 070 0.0 010  0.10

2 015 070 010 010 010 010 010 070  0.10

3 020 010 070 010 010 010 070 010  0.10

4 025 010 010 070 010 010 070 010  0.10

5 030 010 010 010 070 010 0.0 010  0.70
Latent class a7  #M1X  fM2X o GMaX o GMaXo o pMoX o pMeX  pMrX o nMsX

1 010 0.05 005 065 005 005 005 005 005

2 015 0.05 005 005 005 005 065 005 005

3 020 0.05 005 005 005 005 005 005 065

4 025 065 005 005 005 005 005 005 005

5 030 0.05 005 005 065 005 005 005 005
Latent class ~ #%X Al Y  gN2X  aNaX o gNX o aNoX gNeX  gNzX o aNsX

1 010 0.5 005 005 005 005 005 065 005

0.15  0.05 0.65 0.05 0.05 0.05 0.05 0.05 0.05
0.20  0.05 0.05 0.05 0.05 0.65 0.05 0.05 0.05
0.25 0.65 0.05 0.05 0.05 0.05 0.05 0.05 0.05
0.30  0.05 0.05 0.05 0.05 0.05 0.65 0.05 0.05

T = W N
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Table A.123: Summary: 12 mixed-level variables - 5 clusters, mixing proportions
extremely different - Clear cluster separation - 200 units

ARI Ig ARI pam ARI lemixed

Min. 0.914 0.911 0.914

1st Qu. 0.972 0.976 0.972

Median 0.985 0.987 0.985
Mean (se) 0.982 (0.000) 0.985 (0.000) 0.982 (0.000)

3rd Qu. 0.993 1.000 0.993

Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed

Min. 0.400 0.406 0.407 0.406

1st Qu. 0.463 0.464 0.464 0.464

Median 0.475 0.475 0.476 0.475
Mean (se) 0.475 (0.000) 0.476 (0.000) 0.476 (0.000) 0.476 (0.000)

3rd Qu. 0.488 0.488 0.488 0.488

Max. 0.530 0.530 0.530 0.530
PG true PG lg PG pam PG lcmixed

Min. 0.764 0.770 0.770 0.770

1st Qu. 0.811 0.811 0.811 0.811

Median 0.819 0.819 0.820 0.819
Mean (se) 0.819 (0.000) 0.819 (0.000) 0.819 (0.000) 0.819 (0.000)

3rd Qu. 0.827 0.828 0.828 0.828

Max. 0.857 0.858 0.858 0.858

¢ E E . U 1 na
N . N
(a) ARI - 200 units. (b) ARI - 1000 units.

Figure A.184: Adjusted Rand Index: 12 mixed-level variables - 5 clusters, mixing
proportions extremely different - Clear cluster separation
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Table A.124: Summary: 12 mixed-level variables - 5 clusters, mixing proportions
extremely different - Clear cluster separation - 1000 units

ARI Ig ARI pam ARI lemixed
Min. 0.959 0.959 0.959
1st Qu. 0.984 0.982 0.984
Median 0.988 0.986 0.988
Mean (se) 0.988 (0.000) 0.986 (0.000) 0.988 (0.000)
3rd Qu. 0.992 0.990 0.992
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.448 0.449 0.449 0.449
1st Qu. 0.471 0.472 0.472 0.472
Median 0.477 0.478 0.477 0.478
Mean (se) 0.477 (0.000) 0.478 (0.000) 0.477 (0.000) 0.478 (0.000)
3rd Qu. 0.482 0.483 0.482 0.483
Max. 0.502 0.503 0.503 0.503
PG true PG lg PG pam PG lemixed
Min. 0.801 0.802 0.802 0.802
1st Qu. 0.815 0.816 0.816 0.816
Median 0.819 0.820 0.820 0.820
Mean (se) 0.819 (0.000) 0.820 (0.000) 0.820 (0.000) 0.820 (0.000)
3rd Qu. 0.822 0.823 0.823 0.823
Max. 0.836 0.837 0.836 0.837
1l = = =
37 [ ] I I I ] 57 f T 1T T 1t T 1t T 1
Jd T T T T |

ASW.true ASW.LG ASW.pam

AWS.lemixed

(a) ASW - 200 units.

ASW.true ASW.LG

ASW.pam

T T
AWS.Iemixed

(b) ASW - 1000 units.

Figure A.185: Average Silhouette Width: 12 mixed-level variables - 5 clusters, mix-
ing proportions extremely different - Clear cluster separation
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(a) PG - 200 units. (b) PG - 1000 units.

Figure A.186: Pearson Gamma: 12 mixed-level variables - 5 clusters, mixing pro-
portions extremely different - Clear cluster separation

A.63 12 mixed-level variables - 5 clusters, equal
mixing proportions - Unclear cluster sepa-

ration

The Model:
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Latent class 7% atX  fAaX GBX 0 aBeX . ZOX RCoX

1 020 030 070 025 075 040  0.60

2 020 0.80 020 040 060 030  0.70

3 020 055 045 080 020 080 020

4 020 0.60 040 030 070 035  0.65

5 020 025 075 070 030 075 025
Latent class 7  #0%  #D2X gDsX GEIX 0 pEaX pEgX GRX RPN aFX

1 020 020 030 050 020 050 030 040 035  0.25

2 020 010 040 050 035 045 020 020 045  0.35

3 020 050 025 025 050 030 020 050 020 0.0

4 020 040 040 020 030 020 050 030 010  0.60

5 020 055 035 010 040 040 020 030 050  0.20
Latent class 7% #01% 702X zGeX 20X ZHX GHX GHe X GHX

1 020 020 010 040 030 030 020 040  0.10

2 020 040 030 020 010 010 030 020  0.40

3 020 010 040 030 020 020 040 010  0.30

4 020 030 020 010 040 040 0.0 030  0.20

5 020 020 030 010 040 030 0.0 040  0.20
Latent class X  #11%  #RX X ZLX aLiX GLoX aLeX LLiX

1 020 040 020 010 030 010 020 030  0.40

2 020 010 020 040 030 040 0.0 020  0.30

3 020 020 030 040 0.0 020 040 030  0.10

4 020 030 010 020 040 030 020 040  0.10

5 020 010 040 030 020 020 010 040  0.30
Latent class a7  #M1X  fM2X o GMaX o GMaXo o pMoX o pMeX  pMrX o nMsX

1 020 005 015 010 020 010 005 020 0.15

2 020 020 005 020 015 010 015 010  0.05

3 020 010 020 005 005 015 010 015  0.20

4 020 015 010 015 010 020 005 005  0.20

5 020 020 015 010 005 005 020 015  0.10
Latent class ~ #%X Al Y  gN2X  aNaX o gNX o aNoX gNeX  gNzX o aNsX

1 020 010 005 020 015 010 015 005  0.20

0.20  0.20 0.15 0.05 0.10 0.15 0.20 0.10 0.05
0.20  0.05 0.10 0.10 0.05 0.20 0.15 0.20 0.15
0.20 0.15 0.20 0.15 0.20 0.05 0.05 0.10 0.10
0.20  0.10 0.05 0.20 0.05 0.15 0.10 0.20 0.15

T = W N
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Table A.125: Summary: 12 mixed-level variables - 5 clusters - equal mixing pro-
portions - Unclear cluster separation - 200 units

ARI lg ARI pam ARI lcmixed
Min. 0.000 0.028 0.026
1st Qu. 0.109 0.086 0.114
Median 0.140 0.109 0.144
Mean (se) 0.145 (0.001)  0.111 (0.001)  0.149 (0.001)
3rd Qu. 0.175 0.132 0.179
Max. 0.373 0.300 0.370
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.002 0.023 0.039 0.034
1st Qu. 0.018 0.055 0.057 0.057
Median 0.023 0.061 0.061 0.063
Mean (se)  0.023 (0.000) 0.061 (0.000) 0.061 (0.000) 0.063 (0.000)
3rd Qu. 0.027 0.067 0.066 0.069
Max. 0.051 0.093 0.085 0.091
NA’s 1
PG true PG lg PG pam PG lemixed
Min. 0.145 0.179 0.229 0.193
1st Qu. 0.192 0.263 0.275 0.267
Median 0.205 0.282 0.287 0.286
Mean (se) 0.205 (0.000) 0.281 (0.001)  0.287 (0.000)  0.285 (0.001)
3rd Qu. 0.218 0.300 0.299 0.303
Max. 0.277 0.370 0.347 0.373

NA’s

1
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Table A.126: Summary: 12 mixed-level variables - 5 clusters - equal mixing pro-
portions - Unclear cluster separation - 1000 units

ARIlg ARI pam ARI lemixed
Min. 0.179 0.068 0.194
1st Qu. 0.298 0.121 0.301
Median 0.321 0.138 0.324
Mean (se) 0.319 (0.001) 0.141 (0.001) 0.321 (0.001)
3rd Qu. 0.342 0.158 0.344
Max. 0.437 0.240 0.431
ASW true ASW Ig ASW pam ASW lemixed
Min. 0.018 0.027 0.042 0.030
1st Qu. 0.025 0.052 0.052 0.053
Median 0.027 0.056 0.055 0.056
Mean (se) 0.027 (0.000) 0.055 (0.000) 0.054 (0.000) 0.056 (0.000)
3rd Qu. 0.029 0.059 0.057 0.059
Max. 0.039 0.071 0.066 0.071
PG true PG lg PG pam PG lemixed
Min. 0.178 0.191 0.225 0.206
1st Qu. 0.200 0.265 0.258 0.266
Median 0.206 0.274 0.266 0.274
Mean (se) 0.206 (0.000) 0.273 (0.000) 0.265 (0.000) 0.274 (0.000)
3rd Qu. 0.211 0.282 0.272 0.282
Max. 0.238 0.313 0.297 0.313
;] S _E
S S . e
s \—‘3 ' ° _

ARI_Ig

ARI_pam

T
ARI_lcmixed

(a) ARI - 200 units.

ARI_Ig ARI_pam

ARI_lcmixed

(b) ARI - 1000 units.

Figure A.187: Adjusted Rand Index: 12 mixed-level variables - 5 clusters, equal
mixing proportions - Unclear cluster separation
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Figure A.189: Pearson Gamma: 12 mixed-level variables - 5 clusters, equal mixing
proportions - Unclear cluster separation



308 A. Appendix
A.64 12 mixed-level variables - 5 clusters, equal
mixing proportions - Clear cluster separa-

tion

The Model:
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Table A.127: Summary: 12 mixed-level variables - 5 clusters, equal mixing propor-
tions - Clear cluster separation - 200 units

ARI Ig ARI pam ARI lemixed
Min. 0.900 0.920 0.900
1st Qu. 0.974 0.975 0.974
Median 0.986 0.987 0.987
Mean (se) 0.981 (0.000) 0.985 (0.000) 0.981 (0.000)
3rd Qu. 0.989 1.000 0.989
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.412 0.410 0.412 0.410
1st Qu. 0.464 0.464 0.465 0.464
Median 0.476 0.476 0.477 0.476
Mean (se) 0.476 (0.000) 0.477 (0.000) 0.477 (0.000) 0.477 (0.000)
3rd Qu. 0.489 0.490 0.490 0.490
Max. 0.534 0.534 0.534 0.534
PG true PG lg PG pam PG lcmixed
Min. 0.762 0.762 0.768 0.765
1st Qu. 0.803 0.803 0.804 0.803
Median 0.811 0.811 0.811 0.811
Mean (se) 0.811 (0.000) 0.811 (0.000) 0.811 (0.000) 0.811 (0.000)
3rd Qu. 0.819 0.819 0.819 0.819
Max. 0.847 0.847 0.847 0.847
N T — T EN —% — —%

0.8
I

0.6
I

0.4

0.2
I

0.0
I

(a)

ARI - 200 units.

(b) ARI - 1000 units.

Figure A.190: Adjusted Rand Index: 12 mix-level variables - 5 clusters, equal mix-
ing proportions - Clear cluster separation
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Table A.128: Summary: 12 mixed-level variables - 5 clusters, equal mixing propor-
tions - Clear cluster separation - 1000 units

ARIlg ARI pam ARI lemixed
Min. 0.000 0.963 0.965
1st Qu. 0.985 0.983 0.985
Median 0.988 0.987 0.988
Mean (se) 0.987 (0.001) 0.986 (0.000) 0.988 (0.000)
3rd Qu. 0.992 0.990 0.992
Max. 1.000 1.000 1.000
ASW true ASW Ig ASW pam  ASW lcmixed
Min. 0.448 0.450 0.449 0.450
Ist Qu. 0.472 0.473 0.473 0.473
Median 0.478 0.478 0.478 0.478
Mean (se) 0.478 (0.000) 0.478 (0.000) 0.478 (0.000) 0.478 (0.000)
3rd Qu. 0.483 0.484 0.484 0.484
Max. 0.507 0.507 0.507 0.507
NA’s 1
PG true PG lg PG pam PG lcmixed
Min. 0.791 0.793 0.792 0.793
1st Qu. 0.808 0.809 0.808 0.809
Median 0.811 0.812 0.812 0.812
Mean (se) 0.811 (0.000) 0.812 (0.000) 0.812 (0.000) 0.812 (0.000)
3rd Qu. 0.815 0.815 0.815 0.815
Max. 0.832 0.832 0.832 0.832

NA’s

1
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Figure A.191: Average Silhouette Width: 12 mix-level variables - 5 clusters, equal
mixing proportions - Clear cluster separation
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