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Abstract

Clustering of Rating Scale Data (RSD) is a challenging process that has been examined in

previous research, with often inconclusive results. The issues of non-continuity, ordinality and

dimensionality all have an impact on the ability of researchers to apply multivariate analysis,

for example clustering algorithms such as K−means. Tandem clustering could be an interest-

ing new approach. When tandem clustering is used, it is assumed that the important structure

of the data is on a lower dimensional subspace. To address this issue, in tandem clustering a

dimension reduction method is firstly applied, before the clustering algorithm. Usually tandem

clustering is used with Principal Component analysis to deal with the dimension reduction.

However, a new method has been introduced. In this context Invariant Coordinate Selection

(ICS) is used as a method for dimension reduction. To adequately apply ICS to perform dimen-

sion reduction, a few challenges need to be dealt with. Firstly, the choice of the appropriate

scatter matrices is crucial to discover the structure on the Invariant Coordinates. Secondly,

the selection of those Invariant Coordinates, that actually display the relevant structure, is

essential. Following the application of the ICS method, the lower dimensional data is spanned

by the selected “Invariant Coordinates”. The observations of the Invariant Coordinates are then

clustered by the K−means algorithm. In an attempt to broaden the use of the method, in this

thesis, ICS is applied to RSD and subsequently clustering is performed through K − means.

Then, the performance of the method is reviewed by calculating the Adjusted Rand Index

(ARI). Of the chosen scatter pairs, TM − COV and COV − COV 4 perform relatively well.

The choice of the scatter matrices is not optimal and different options should definitely be

explored. Additionally, the selection of the Invariant Components presents issues. An auto-

matic selection process is required to make the method more accessible, however, the automatic

selection criteria presented in this research, the D’Agostino test and the Med criterion, do not

perform well enough. To deal with this issue, in this research the relevant Invariant Coordinates

are selected manually. To improve performance of the tandem clustering algorithm, the option

of taking the average of the constructs within the data is explored, to extend tandem clustering

with ICS to deal with RSD. Averaging the constructs consists of taking the mean over the

Likert items, within the constructs of the data, of every observation. Since this transformation

makes the data closer to continuous it is expected that this will improve performance, which

is actually what occurs. Generally, the results justify further research into the relevant choice

of scatter pairs for ICS when it is applied to RSD, as well as into the method for component

selection.
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1 Introduction

From customer satisfaction surveys to clinical trials, Rating Scale Data (RSD) has become

an increasingly popular and essential tool for measuring subjective experiences and opinions

in various fields of research and application. RSD is a type of data that consists of a scale of

generally 5 or 7 points, that are in increasing order and have labels attached to them. These

labels usually describe the measure of a person’s agreement to a particular statement.

The Likert Scale is a type of RSD introduced by Likert (1932). The scale generally consists

of a 5 or 7 point ordinal or interval line, representing ranked answers to a given question or

statement. Likert Scale data is often obtained through surveys or questionnaires consisting

of many statements or questions. Each of these statements is called a Likert item. Table 1

gives two commonly used examples of possible answers a Likert Scale could represent.

Likert Rating Scales
1 2 3 4 5

never rarely sometimes often always
strongly disagree somewhat disagree neutral somewhat agree strongly agree

Table 1: Likert scales, a form of RSD that attaches numbers to verbal answers to a question or statement.

The two examples given above are ordinal scales. Ordinal meaning the variables are ordered

from, for example, worst to best or from least frequent to most frequent. However, the Likert

Scale is generally interpreted as an interval scale (Wu and Leung, 2017), where the variables

are thus not only ordered, but also equidistant from each other. Now even though this is

not necessarily true for the two scales in Table 1, it is still often assumed to be true for

comparable scales (Blaikie, 2003).

There is much discussion about how RSD should be analyzed. As described by Harpe (2015),

possible issues include the controversy about whether this type of data is ordinal or contin-

uous, and related to that, whether parametric or non-parametric approaches should be used

when analyzing this data. But, the analysis of RSD in general is a field of research in which

a lot of things are unclear. As Harpe (2015) indicates, even the most fundamental properties
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of this type of data cannot be agreed upon by researchers. Applying a clustering algorithm

to RSD presents one of these many challenges. The discrete nature of the data makes it

difficult to utilize algorithms such as K −means clustering, because the calculation of Eu-

clidean distance is not meaningful when dealing with categorical data. Categorical data

do not have a natural origin and therefore the distance measure does not carry the same

meaning. Multiple approaches have been introduced (Podani, 2005; Walesiak and Dudek,

2010; Jacques and Biernacki, 2018) to apply clustering analysis on RSD. However, assum-

ing that the important structure of the discrete data is on a lower dimensional subspace,

dimension reduction combined with clustering (tandem clustering) applied on RSD could be

an interesting new approach. Tandem clustering was first introduced by (Arabie, 1994) in

conjunction with Principal Component Analysis (PCA). The method works by selecting the

relevant principal components and hereby performing dimension reduction. Subsequently,

the clustering algorithm is applied to the relevant, lower dimensional data.

The Invariant Coordinate Selection (ICS) method, described by Tyler et al. (2009), is a

method for examining multivariate data, that might be useful when analyzing RSD through

tandem clustering. The method compares the eigenvalue-eigenvector decomposition of one

scatter matrix relative to another. ICS has several (extra) attractive properties compared

to other methods such as PCA. These properties allow ICS to be more efficient in finding

outliers or clusters in the data, or to be not scale dependent contrary to PCA. Even though

ICS has these advantages over other methods, it is not widely applied or studied in clustering

applications for example. This is partly explained by it being a relatively new method. Also,

its application on Rating Scale Data has not been studied. Furthermore, it was concluded

by Fischer et al. (2017) that ICS is able to recover lost subgroups within simulated as well as

real world data, while PCA was unable to detect any subgroups. This gives a clear indication

that further studies of the application of ICS are warranted, especially when the widespread

use of PCA is considered. The method has been succesfully applied in a tandem clustering

context by Alfons et al. (2022). However, this was an application on continuous data. It is

thus far unclear whether its application is justified in a rating scale context. The research

question will therefore be:
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Can ICS be used to perform tandem clustering when applied to Rating Scale

Data? How does it compare to PCA in this context? What extensions can be

made to the ICS method in order to make it more applicable to this type of data?

This research will formulate a comprehensive answer to this question in the following way:

Firstly, the RSD set will be simulated in R (R Core Team, 2020) using the models suggested

by Bernaards and Sijtsma (2005) and Wu and Leung (2017). The objective is to make them

contain multiple high complexity clusters. This method of generating data will be an essen-

tial part of this research as it is critical that this is done in a proper way, to make sure that

the ICS method can then be appropriately applied. Furthermore, the general nature of RSD

will be analyzed using the existing literature. Secondly, the application and possible exten-

sion of the ICS method to a tandem clustering approach in a Rating Scale Data context.

The goal is to use ICS for dimension reduction and to perform clustering and compare its

performance relative to PCA. The application of ICS on RSD, as well as its clustering per-

formance are two new fields of research which could increase the utility of the ICS method

even more. In general, the limitations of the methods introduced in Alfons et al. (2022)

will be shown when the method is applied in a similar way to RSD. These limitations will

then be analyzed and a possible solution will be tested. For example, Harpe (2015) provides

insight to that problem and gives an indication of the criteria that should be met for ICS

to be appropriately applied on rating scale data. The thesis will explore the possibility of

extending ICS to this specific type of data to make it more applicable and useful in further

studies.

This paper will present an overview of the literature on the clustering of RSD in Section

2. Section 3 explains the Methodology with regards to the method of Invariant Coordinate

Selection as well as the clustering method. The setup of the simulation will be introduced

in Section 4. Finally, the results will be discussed in Section 5.
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2 Literature Review

2.1 Challenges with RSD analysis

The general conviction when examining a Likert Scale was that the variables are ordinal but

not equidistant and thus not on an interval scale. Therefore, only non-parametric techniques

should be used when analyzing this type of data. This consensus could have originated

from Stevens (1951), who stated that means and standard deviations, some of the anchors

of parametric statistics, were not suitable metrics of central tendency for ordinal data (Pett,

2015). A frequently used argument for this point of view is, as stated by Jamieson (2004,

p.1218), “the average of fair and good is not fair-and-ahalf”. Which is exactly the argument

proposed by Sullivan and Artino Jr (2013) and Kuzon et al. (1996). This is generally a

convincing argument because it does not make sense to take an average of words, or per-

form any mathematical operation on data obtained from words. The fact that the Likert

Scale proposes to label those words with numbers does not change that. However, it should

not matter whether or not it makes sense to people if we perform those operations on this

data, what is relevant is whether or not the chosen statistics will lead to the right conclu-

sion. Specifically, if the use of parametric methods leads to the correct conclusions, even

when it violates certain assumptions (in this case the assumption of continuity of the ordi-

nal/interval data), then the use of it is justified (Norman, 2010; Sullivan and Artino Jr, 2013).

There are several other convincing arguments for the use of parametric methods on ordinal

data (Pell, 2005; Carifio and Perla, 2007, 2008; Norman, 2010). For example, Knapp (1990)

argued that if the data is relatively normally distributed and of an acceptably large sample

size (N > 30), then the ordinal nature of the data is not as much of an issue and the use

of parametric methods could be justified. Additionally, Norman (2010) made a reasonable

claim that parametric statistics are of good use on Likert Scale data even when assumptions

regarding normality, sufficiently large sample size and equal variances are violated. His ar-

gument that the violations of the sample size and normality assumptions are not an issue, is

that parametric methods, such as the Analysis Of Variance (ANOVA), can deal with skew-

ness and non-normality, because they are highly robust to them (Norman, 2010). However
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this argument does not cover the issue of unequal variances. These present an issue when

dealing with correlations and regression coefficients. However, convincing research conducted

by Pearson (1931, 1932a,b) and Havlicek and Peterson (1976) concludes that the Pearson

correlation is exceptionally robust against the violation of the equal variance assumption.

Another remark is made by Wu and Leung (2017), who argue that increasing the Likert

Scale to a scale of 11 points would better allow for its use as an interval scale. Specifically,

increasing the scale to 11 points contributes to a closer approach of the underlying distri-

bution. Leung (2011) confirmed this by finding that increasing the number of points on

the scale does not lead to a change in the means and standard deviations, but reduced the

skewness and kurtosis. Thus, this results in a closer approach to a normal distribution and

therefore an interval scale.

The choice between considering Likert data as ordinal or interval is obviously of high im-

portance. As indicated, interval data allows for the use of parametric methods which have

several advantages over non-parametric methods. For example: the use of more powerful,

sensitive and better interpretable statistics, retaining more information about the nature of

the data, more options in manipulating the data (regression analysis, analysis of variance

and covariance etc.) (Labovitz, 1970).

2.2 Clustering Rating Scale Data

The application of clustering algorithms to RSD has been a frequent topic of research. Wale-

siak and Dudek (2010) evaluated a number of different clustering procedures, consisting of 9

different clustering algorithms and, for each algorithm, 8 different within cluster quality in-

dices. These within cluster quality indices are used to determine the number of clusters and

could be the Davies-Bouldin (Davies and Bouldin, 1979) or the Calinski-Harabasz (Caliński

and Harabasz, 1974) index for example. A ranking for the procedures was formed based on

the Adjusted Rand Index (ARI)∗. The index compares the clustering to the true clustering of
∗The Adjusted Rand Index is a measure that gives an indication of the affinity of two clusterings. A

clustering being the allocation of the data into the relevant amount of clusters. If the two clusterings are
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the data, which is known because the data is simulated. The best performing algorithm was

group average link, while the worst performing method was the single-link algorithm. In the

group average link algorithm, the linkage function specifies the distance between two clusters

as the average of all pairwise distances of the points in each cluster. This makes group aver-

age link more robust to outliers. In the single-link algorithm, the linkage function specifies

the distance between two clusters as the shortest distance possible between two points, one

in each cluster. This makes single linkage more sensitive to outliers and therefore less robust.

Jacques and Biernacki (2018) performed a co-clustering algorithm on ordinal data and also

evaluated the clustering result with the Rand Index. Co-clustering is a method that involves

creating a pair of mappings, one from rows to clusters of rows, and another from columns

to clusters of columns (Dhillon et al., 2003). Jacques and Biernacki (2018) propose two

simulation settings where the first contains clusters that are well separated, whereas the

second contains clusters that are more mixed. The Adjusted Rand Index for the first setting

was 0.97 for both the rows and the columns, while the Adjusted Rand Index for the second

setting was 0.58. It has to be noted that both had a relatively high standard deviation of

σ = 0.13 and σ = 0.16 respectively†.

Van de Velden et al. (2017) propose a method for categorical variables that simultaneously

provides an optimal split of the clusters as well as a dimension reduction through the as-

sociation of the so-called “active variables”. They call this method “cluster correspondence

analysis”. For a deeper understanding of their simulation and dimension reduction we rec-

ommend reading Van de Velden et al. (2017). For their balanced cluster scenario (four

equal-sized clusters), and for their proposed method, they achieve a minimal Adjusted Rand

Index of 0.08 in a certain setup for dimension reduction, and a maximum Rand Index of

0.99 for a different setup. The achieved Rand Index seems to vary quite intensely based on

how many active variables are selected, as well as the chosen association strength between

the active variables and the clusters, the Cramér’s V. The Cramér’s V is a measure of the

identical, i.e. each cluster contains the exact same points, the value of the Rand index is equal to 1, while
the Rand index is equal to 0 if the clusterings have no affinity at all, i.e. contain no common points.

†Aggregated over the row and column Indices
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affiliation among variables and was first introduced by Cramér (1999). Van de Velden et al.

(2017) use two different values, 0.5 and 0.7. The results are significantly better for a higher

Cramér’s V as well as for a higher number of active variables. This seems to indicate that

their dimension reduction could be less impressive than reduction done by ICS. The number

of total variables differs for the low and high noise scenarios. For low noise, the number of

active variables is added as noise variables, meaning variables that have no affinity to the

cluster. Therefore, for the low noise scenario, the dimension of the data is only halved. For

the high noise scenario, which achieved worse performance on average, four times the number

of active variables is added as noise. In general, the number of active variables needed to

assign the clusters relatively well seems to be significantly higher than the number of clusters.

In general, these methods do not seem to solve the issue of finding the relevant structure

on the lower dimensional subspace. Except the methods introduced by Van de Velden et al.

(2017), those are dealing with dimension reduction and show promising results. This is where

tandem clustering with ICS can be helpful.

3 Methodology

As discussed in Section 1, tandem clustering is a procedure that combines a method for

dimension reduction with a clustering algorithm. It can be applied when the assumption is

made that the relevant structure of the data lies on a lower dimensional subspace. A method

like PCA or ICS is then applied first to find that lower dimensional subspace, in order to

then apply the clustering algorithm to this lower dimensional data. This is then supposed

to improve on the original clustering algorithm without dimension reduction.

3.1 Invariant Coordinate Selection

The use of a method for Invariant Coordinate Selection was first introduced by Tyler et al.

(2009). The method is based on the comparison of the eigenvalue-eigenvector decomposition

of two affine equivariant scatter matrices. A scatter matrix is a statistic used for the robust

estimation of a covariance matrix when that particular matrix is considered to be biased or
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inconsistent because of the nature of the data. A scatter matrix is affine equivariant if

S(XnF + 1nb
′) = F ′S(Xn)F, (1)

where Xn is an n×p matrix, F is a full rank p×p matrix, b is a p-dimensional vector and 1n is

an n-dimensional vector containing only ones. There are different classes of scatter matrices

introduced by Tyler et al. (2009), each with different robustness properties. Their robustness

can be measured by a breakdown point and an influence function. An estimator with a high

breakdown point and a bounded influence function is considered robust, as opposed to an

estimator with a breakdown point of zero and an unbounded influence function, which is

not robust at all. Specifically, Tyler et al. (2009) show that an affine invariant coordinate

system can be introduced based on the eigenvectors of these scatters. Subsequently, this

system helps to display distinctive structures within the data. Furthermore, ICS is able to

recover Fisher’s linear discriminant subspace Tyler et al. (2009) even if the class identifiers

are unknown. The linear discriminant was first conceptualized by Fisher (1936) and further

generalized to a subspace by Rao (1948). The general idea of ICS can be illustrated as in

the equations:

B(Xn)S1(Xn)B(Xn)
′ = Ip,

B(Xn)S2(Xn)B(Xn)
′ = D(Xn),

(2)

as suggested in Archimbaud et al. (2018). Where, S1(Xn) and S2(Xn) are the scatter matrices

and D(Xn) is a diagonal matrix displaying the eigenvalues of the matrix S1(Xn)
−1S2(Xn) in

decreasing order. The rows of B(Xn) contain the corresponding eigenvectors. If µ(Xn) is an

affine equivariant location estimator then the invariant components are given in

ICn = (ic1, . . . , icn)
′ = (Xn − 1nµ(Xn)

′)B(Xn)
′. (3)

ICS finds the B(Xn) and D(Xn) matrices such that the equations in 3 hold. In order to do

this, firstly, the choice of a pair of scatter matrices must be made. Secondly, the relevant

Invariant Coordinates need to be selected. These two tasks form the main challenges with

ICS and are presented in the next Sections.

8



3.1.1 Choice of Robust Scatter Matrices

Because of possible non-normality of the data and possible outliers, it is essential that robust

estimates of multivariate location and scatter are used. The multivariate M-estimates intro-

duced by Maronna (1976) and Huber (1981) are examples of a robust estimator. They are

detailed as a class 2 estimator by Tyler et al. (2009) meaning that they are somewhat robust,

referring to a positive breakdown point, but have a breakdown point limited by 1/(p − 1).

Class 1 and class 3 estimators are given by, for example, the sample covariance matrix and

the S-estimates respectively (Davies, 1987; Lopuhaa, 1989). Class 1 estimators are charac-

terized by not being robust and a breakdown point equal to zero. Class 3 estimators are

thus characterized by a very high breakdown point.

Class 1 estimators are indicated to be useful in a situation where the data set does not

contain any outliers (Caussinus and Ruiz-Gazen, 1990), or if the explicit goal is to detect

those outliers. However, existing research indicates that choosing robust estimates for the

ICS transformation can improve performance (Nordhausen et al., 2008a). It is therefore

recommended to use class 2 or class 3 estimators, because they are still able to find outliers

using the Mahalanobis distances, but they are not heavily affected by those outliers in an

ICS transformation (Tyler et al., 2009). Class 2 estimators are relatively more affected by

outliers than class 3 estimators, especially when those outliers form a cluster (Dümbgen and

Tyler, 2005). A potential drawback of class 2 estimators is their low breakdown point, espe-

cially when handling high-dimensional data. Class 3 estimators do not have this problem,

however they do have the issue of computational intensity. This is a more significant problem

for high dimension and large data sets.

Tyler et al. (2009) give a recommendation to use different combinations of one class 2 and

one class 3 estimate of scatter as a general choice, while Archimbaud et al. (2018) propose the

use of two class 1 matrices. The covariance matrix (COV ) and the scatter matrix of fourth

moments (COV4). This general choice is motivated by the simplicity and relative ease of

computation of these estimators. Also, Archimbaud et al. (2018) argue that the Theorems
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3 and 4 given in Tyler et al. (2009) still hold for these estimators, even though they are

not robust. However, this recommendation was made with a prerequisite: Caussinus and

Ruiz-Gazen (1990), Caussinus et al. (2003) and Tyler et al. (2009) recommend using Class

I scatter estimators, if the objective is outlier detection (Archimbaud et al., 2018). It is

therefore not clear whether the choice of two class 1 scatter matrices is appropriate for other

objectives such as clustering purposes.

An example of class 1 estimators, are the sample means and sample covariance matrices.

The multivariate M-estimates proposed by Maronna (1976); Huber (1981) are an example

of an estimator of class 2, given by,

µ̂ =
n∑

i=1

u1(si)yi

/ n∑
i=1

u1(si),

V̂ =
n∑

i=1

u2(si)(yi − µ̂)(yi − µ̂)′
/ n∑

i=1

u3(si),

(4)

in Tyler et al. (2009). Where si = (yi − µ̂)′V̂ −1(yi − µ̂), and u1(s),u2(s) and u3(s) are some

chosen weight functions. In the ICS package (Nordhausen et al., 2008b) in R, the function

tM is provided which is a variant of the M-estimator in equation 4. The tM estimator

uses three EM-algorithms described in Kent et al. (1994) to make an M-estimation of the

multivariate location and scatter of a t-distribution. The tM function is a good and robust

alternative for the M-estimator. Because it is based on the t-distribution it allows for heavier

tails and is therefore less sensitive to outliers.

Finally, the reweighted Minimum Covariance Determinant (MCD) estimator is an example

of a class 3 estimator, as suggested in Archimbaud et al. (2018). Cator and Lopuhaä (2012)

defined the MCD as

µ̂n(S) =
1

hn

∑
Xi∈S

Xi

V̂n(S) =
1

hn

∑
Xi∈S

(Xi − µ̂n(S))(Xi − µ̂n(S))
′,

(5)
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for the sample X1, X2, . . . , Xn and 0 < γ < 1 and the subsamples S ⊂ [X1, X2, . . . , Xn] con-

taining hn ≥ ⌈nγ⌉ points (meaning ⌈nγ⌉ is the smallest integer ≥ nγ). If Sn is the subsample

that minimizes det(V̂n(S)) over all the subsamples of size hn ≥ ⌈nγ⌉, then (µ̂n(Sn), V̂n(Sn))

is the MCD estimator. The α parameter in the MCD estimator specifies what fraction of

the data should be used to calculate the Scatter matrix. With regards to ICS it is suspected

by Alfons et al. (2022) that a low α value might be useful because it could allow the MCD

estimator to capture within cluster structure. However, α is chosen to be equal to 0.6 be-

cause of computational issues that arise, especially in lower dimensions. These issues arise

because of the discrete nature of the data.

Finally, the LCOVS0,β estimator as it was introduced in Alfons et al. (2022), is an estimator

with a specific application in an ICS context. Like the MCD estimator, it is able to capture

the within cluster variance, while the other scatter matrix might be able to capture the over-

all structure. This estimator was first suggested by Hennig (2009) and can be interpreted

as a local shape matrix. S0 is a scatter matrix (COV will be used) and β is a proportion

that indicates how many nearest neighbors (nβ = ⌈βn⌉) should be used to calculate the

COV matrix for each observation. Subsequently, these covariance matrices are averaged

after scaling.

As discussed, in ICS it is often suggested that several combinations of different class scat-

ter matrices (the so-called “scatter pairs”) are used, because of the lack of theory on which

combination of scatter matrices works best in new scenarios (Tyler et al., 2009)(Nordhausen

et al., 2008b). Since Alfons et al. (2022) performed an extensive data simulation with the

purpose of tandem clustering with ICS, it is useful to examine the scatter pairs used in

their research. Their selection of scatter pairs included LCOV − COV , MCDα − COV ,

MCD0.25 −MCD0.95 and COV − COV 4. In Section 4.5, the chosen pairs for this research

will be further explained and justified.
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3.1.2 Selection of Invariant Coordinates

As Fischer et al. (2017) indicated, clusters are often found in the directions of extreme (low or

high) kurtosis values. More specifically, large clusters correspond to low kurtosis values and

small clusters to high kurtosis values. The Invariant Coordinates (IC) in ICS are therefore

especially useful since they are ordered according to their kurtosis. Thus, the coordinates

indicate in which direction clusters can be detected. However, as Alfons et al. (2022) indi-

cated, the direction that clusters can be detected will strongly depend on several factors such

as choice of scatter matrices, the underlying distribution and cluster structure. Therefore,

it cannot be assumed that clusters will always be found in a particular direction.

When performing dimension reduction, it is important to choose specific dimensions such

that the important structure and variance in the data is preserved. When selecting the in-

variant coordinates, one way of detecting which coordinates capture the structure, is to check

if the specific coordinates significantly deviate from the normal distribution. To achieve this,

the D’Agostino test will be used. This is a skewness test that checks if the distribution of

the data is significantly different from a normal distribution. If that is the case for a spe-

cific component, it will be selected. However, since we know from previous theory that the

structure can be found on a subset of the first and last components (Alfons et al., 2022), the

algorithm for selecting this subset is not as straightforward. The algorithm iteratively checks

whether the first component is significantly different from normal at a level of α = 0.05. If

that is the case, then it checks whether the last component is significant at an adjusted

level of α = 0.025. This continues, until a component is found that is not significant. If for

example, this component is found at the front, then subsequently only components from the

back will be checked and vice versa. This will continue until one component from both sides

has been found to be insignificantly different from a normal distribution.

Another method that will be utilised is the med criterion, introduced by Alfons et al. (2022).

This criterion compares the eigenvalues of the Invariant Coordinates with their mean and

selects the q − 1 Coordinates whose eigenvalues is furthest away from the mean. Here q is
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equal to the number of clusters in the data. A different selection method like this one is

required because of the D’Agostino test’s inability to detect any skewness if the clusters are

distributed in a 50− 50 setup. Meaning, the two clusters will cancel eachother out and the

test will fail to detect skewness.

3.2 Tandem Clustering

Alfons et al. (2022) research the option of tandem clustering using ICS. Tandem clustering

being the process of first applying a method for dimension reduction before applying the

clustering algorithm. The process of dimension reduction is performed by ICS as it was

described in Section 3.1. Alfons et al. (2022) conclude that for the purpose of clustering the

best choice of scatter matrices is made by selecting two scatters, such that one conveys the

within-cluster structure and another the overall structure. Furthermore, they focus on the

specific scatter pairs of LCOV −COV , TCOV −COV , TCOV −UCOV and COV −COV 4,

in combination with the med criterion, as well as MCDα − COV for the D’Agostino test

criterion. Furthermore, in the existing literature on ICS, usually the K −means clustering

algorithm is used. In this research, K − means is the only clustering algorithm that will

be considered, because the purpose of the research is not to compare performance between

clustering algorithms. Instead, the purpose is to compare performance between dimension

reduction methods (PCA and ICS) as well as different settings within the ICS method.

3.2.1 K-means Clustering

A clustering problem consists of having an intitial n × p data set Xn = (x1, . . . , xn)
′ that

has to be partitioned into K clusters C1, . . . , CK such that a specific criterion is minimized.

This clustering criterion is often chosen to be the sum of the squared distances between the

observations xi and the randomly chosen centers mk(Likas et al., 2003). This clustering error

can then be shown to be

CE(m1, . . . ,mK) =
N∑
i=1

M∑
k=1

I(xi ∈ Ck)|xi −mk|2, (6)
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where I(xi ∈ Ck) is an indicator function that is equal to 1 if X is true and 0 otherwise.

The K−means algorithm starts at arbitrary chosen centers mk and finds local optima when

minimizing the CE. It proceeds by placing the centers in a better position with each step

in order to decrease the CE. A drawback is therefore that the K − means algorithm is

sensitive to local optima. Because of that, the kmeans() function from the stats package in

R (R Core Team, 2020) is used to apply the clustering method. It is chosen to use twenty

different starting points in order to prevent ending up in a local optimum. This is done by

providing nstart = 20 to the function. Also the number of clusters k = 1, 2, 3 is provided up

front, since we know the true clusters. To be able to objectively compare the performance

of the two methods, an exact measure is required. As suggested by Fischer et al. (2017), the

(Adjusted) Rand Index (Rand, 1971) can provide a solution here.

3.2.2 The Rand Index

As indicated in Section 1, the Rand Index will be used for performance evaluation. The Rand

Index is a measure that was introduced by Rand (1971). The measure gives an indication of

the affinity of two clusterings. A clustering being the allocation of the data into the relevant

amount of clusters. If the two clusterings are identical, i.e. each cluster contains the exact

same points, the value of the Rand index is equal to 1, while the Rand index is equal to

0 if the clusterings have no affinity at all, i.e. contain no common points. For N points,

Q1, Q2, · · · , QN , the Rand Index is given by

RI(X, Y ) =

[(
N
2

)
− [1/2

∑
i(
∑

j nij)
2 +

∑
j(
∑

i nij)
2 −

∑∑
n2
ij]
]

(
N
2

) , (7)

as proposed by Rand (1971). Where in equation 7, X = X1, · · · , XK1 and Y = Y1, · · · , YK2

are two clusterings of the N points. The clusters are numbered arbitrarily and indicated by

subscripts i and j. Moreover, nij is defined as the number of points simultaneously in the

ith cluster of X and the jth cluster of Y . Nowadays, the use of the Adjusted Rand Index, is
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much more common as it corrects for the random grouping of elements. It was introduced

by Hubert and Arabie (1985) and is of the form

ARI(X, Y ) =

∑
i,j

(
nij

2

)
−
[∑

i

(
ni·
2

)∑
j

(
n·j
2

)]
/
(
n
2

)
1
2

[∑
i

(
ni·
2

)
+
∑

j

(
n·j
2

)]
−
[∑

i

(
ni·
2

)∑
j

(
n·j
2

)]
/
(
n
2

) . (8)

where nij,ni· and n·j are values from the clustering table. The clustering table is given by

Clustering Table

X
Y

Y1 Y2 · · · Ys sum

X1 n11 n12 · · · n1s n1·
X2 n21 n22 · · · n2s n2·
...

...
... . . . ...

...
Xr nr1 nr2 · · · nrs nr·
sum n·1 n·2 · · · n·s

Table 2: Clustering table in relation to equation 8

The Adjusted Rand Index obviously rates the performance of one clustering method relative

to another method. As Rand (1971) indicated, the evaluation of the performance of a

clustering method requires a way to compare its results to the actual clustering, or to another

method. For simulated data, where the true clusterings are known, the performance of one

method can therefore be evaluated relative to the true clusterings. For the Adjusted Rand

Index, a result of 1 means the performed clustering is exactly equal to the true clustering.

A result of 0 means the performed clustering is not performing better than random chance

would. A negative result would indicate that the clustering method is performing worse than

random chance.
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4 Simulation Design

4.1 Context of RSD Simulation

The popularity of RSD has made it widely available. However, in this research the simu-

lation of the data is preferred, because the underlying distribution of the data needs to be

predetermined and known, in order to compare the performance of the methods to the actual

structure of the data. To simulate RSD there are various choices to be made. Firstly, an

underlying distribution needs to be chosen and subsequently, a way to discretize the data,

since a Likert Scale is obviously discrete. Wu and Leung (2017) introduce multiple options

and explore all of them for their research. For the underlying distributions they consider

two options, a very skewed gamma distribution and a symmetric normal distribution. Sub-

sequently, for the discretization approach, they examine equal probability, equal interval

width-, symmetric-bell-shape- and skewed discretization. This gives them six different con-

ditions to simulate data from, which is relevant to their research since they are investigating

the relevance of increasing the Likert Scale to 11 points.

Bernaards and Sijtsma (2005) suggest three different models to simulate RSD, each with dif-

ferent attractive properties: The Multidimensional Polytomous Latent Trait Model (MPLT),

the Normal Ogive Item Response Theory Model (IRT) and the Discretized Normal model.

One of these, the MPLT model, will be given in the Appendix. This model and the IRT

and Discretized Normal models, allow for very specific customization of responses for each

individual, the MPLT and IRT models especially, which makes them notably suitable for

the generation of RSD. Compared to the models introduced by Wu and Leung (2017), these

methods are more advanced and more capable of capturing real world RSD.

Additionally, Goldfeld and Wujciak-Jens (2020) introduced an R package (simstudy) (R

Core Team, 2020) for simulating large-scale RSD with several options for the generation of

cluster samples through the customization of answer probability- and correlation matrices.

The simstudy package is a tool that allows for the simulation of data sets in a big scale sur-

vey context. It is designed to make it easy to create data sets that are customized to specific
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conditions. It also enables the user to modify the level of clustering within categorical ordinal

data sets. The genOrdcat function (Goldfeld and Wujciak-Jens, 2020) is a function within

the simstudy package for generating categorical ordinal data. While using this function the

number of categories and the probability of each category can be easily specified. This can

then be used to generate data sets with predetermined levels of clustering. Additionally, the

genOrdcat function enables the specification of the prevalence of each category, providing

further control over the level of clustering in the data set. Therefore, the simstudy package

allows user to easily simulate (categorical) data sets with predetermined levels of clustering.

Moreover, the lsasim package is an R package introduced by Matta et al. (2018) and de-

signed for the simulation of complex data structures also in the context of big scale surveys.

It is a useful package for simulating ordinal Likert scale data. The package allows for the

generation of data with personally defined characteristics, such as nominal, ordinal, and

continuous distributions. It is also possible to specify correlations between variables, and to

generate data with block structure correlations. The lsasim package is a valuable package

for data simulation, especially for those simulating RSD.

The data simulation in this study will be done in the context of big scale data surveys. The

questions will be posed around a few different topics as is common with Likert scale data

surveys (Nemoto and Beglar, 2014). Items that relate to a specific topic form a group or

’construct’. These constructs will be simulated by the blocks in the correlation matrix, which

will be assessed in Section 4.4.

4.2 Simulation Setup

In R (R Core Team, 2020), the data will be simulated using the simstudy package. The

simstudy package is very useful for the simulation of RSD, especially relating to the approach

taken by Wu and Leung (2017). The choice for the simstudy package over the lsasim pack-

age is made mainly due to personal preference. The simstudy package offers the required

options for customizing the data, such as specifying probabilities for different answer options
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or correlations between variables. However, the lsasim package also has these capabilities.

A thousand iterations of the simulation will be conducted, with each iteration generating

data for 1000 individuals on three scenarios. The three scenarios will have 10, 25 and 50

Likert Scale items respectively. This seems to be a good variety of dimensions for the data

to allow for sufficiently complex clusters and dimension reduction. Furthermore, doing a

thousand iterations of the simulation will allow for the drawing of stronger and more robust

conclusions with respect to the performance of the ICS method. Scenario 1, Scenario 2 and

Scenario 3, with 10, 25 and 50 Likert items respectively, will each be simulated with no

clusters, two clusters and three clusters. This is illustrated in Table 3 below.

Simulation Scenarios
Scenario Number of Likert Items Number of Clusters Rating Scale Length

1.1 10 0 5, 7 and 11
1.2 10 2 5, 7 and 11
1.3 10 3 5, 7 and 11
2.1 25 0 5, 7 and 11
2.2 25 2 5, 7 and 11
2.3 25 3 5, 7 and 11
3.1 50 0 5, 7 and 11
3.2 50 2 5, 7 and 11
3.3 50 3 5, 7 and 11

Table 3: All the scenarios that will be simulated and their corresponding properties.

The rating scale length mentioned in the table refers to the different formats of the Rat-

ing Scale that will be considered. Because the non-continuous nature of the data might be

an issue, increasing the length of the rating scale could be helpful as mentioned in Section 2.1.

In the Scenarios that contain clusters, those clusters will be constructed as follows. In sce-

nario 2.2, the 2 clusters will each represent 50% of the population. These two clusters will

consist of a group that has no contamination in their answer probabilities to all questions,

and a group that has the answers to questions 1 to 5 contaminated. In Scenario 2.3, the 3

clusters will each represent 33% of the population and will consist of groups that have their

answers contaminated to questions 1-5, questions 11-15 and questions 21-25 respectively.
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The setup for Scenario 3 is quite similar and both Scenarios are more clearly illustrated in

the table below:

Clustering setup
Scenario Clusters 1 Size Cluster 2 Size Cluster 3 Size

1.2 No contamination 50% Q01 - Q02 50% - -
1.3 Q01 - Q02 33% Q04-Q06 33% Q09-Q10 33%
2.2 No contamination 50% Q01 - Q05 50% - -
2.3 Q01 - Q05 33% Q11-Q15 33% Q21-Q25 33%
3.2 No contamination 50% Q01 - Q10 50% - -
3.3 Q01 - Q10 33% Q21-Q30 33% Q41-Q50 33%

Table 4: Every scenario and its subscenarios with their corresponding cluster setup. All setups portray a balanced clustering.
Meaning all clusters are of the same size.

4.3 Answer probability matrices

The answer probability vectors, for the non-contaminated as well as the contaminated an-

swers, for the 5-point, 7-point and 11-point Likert scale are shown in Table 5 below:

Answer Probability Vectors

Likert Scale
Likert Item 1 2 3 4 5 6 7 8 9 10 11 Contaminated

5-point centered 0.05 0.20 0.50 0.20 0.05 - - - - - - no
5-point shifted left 0.20 0.50 0.20 0.05 0.05 - - - - - - no

5-point shifted right 0.05 0.05 0.20 0.50 0.20 - - - - - - no
5-point contaminated 0.50 0.30 0.15 0.04 0.01 - - - - - - yes

7-point centered 0.04 0.11 0.20 0.30 0.20 0.11 0.04 - - - - no
7-point shifted left 0.11 0.20 0.30 0.20 0.11 0.04 0.04 - - - - no

7-point shifted right 0.04 0.04 0.11 0.20 0.30 0.20 0.11 - - - - no
7-point contaminated 0.45 0.25 0.15 0.055 0.04 0.03 0.025 - - - - yes

11-point centered 0.02 0.03 0.05 0.08 0.17 0.30 0.17 0.08 0.05 0.03 0.02 no
11-point shifted left 0.03 0.05 0.08 0.17 0.30 0.17 0.08 0.05 0.03 0.02 0.02 no

11-point shifted right 0.02 0.02 0.03 0.05 0.08 0.17 0.30 0.17 0.08 0.05 0.03 no
11-point contaminated 0.4 0.2 0.12 0.08 0.05 0.036 0.029 0.024 0.022 0.02 0.019 yes

Table 5: The answer probability vectors that are used to generate the corresponding answer matrices shown in Table 6.

By using these probabilities, the 25x5-probability matrices for scenarios 2.1, 2.2 and 2.3 (as

indicated in Table 3) are then created as follows:
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Answer Probability Matrices
No Contamination Contamination 1

A25,5 =



0.05 0.20 0.50 0.20 0.05
...

...
...

...
...

0.05 0.20 0.50 0.20 0.05
0.20 0.50 0.20 0.05 0.05

...
...

...
...

...
0.20 0.50 0.20 0.05 0.05
0.05 0.05 0.20 0.50 0.20

...
...

...
...

...
0.05 0.05 0.20 0.50 0.20
0.20 0.50 0.20 0.05 0.05

...
...

...
...

...
0.20 0.50 0.20 0.05 0.05
0.05 0.20 0.50 0.20 0.05

...
...

...
...

...
0.05 0.20 0.50 0.20 0.05



A25,5 =



0.50 0.30 0.15 0.04 0.01
...

...
...

...
...

0.50 0.30 0.15 0.04 0.01
0.20 0.50 0.20 0.05 0.05

...
...

...
...

...
0.20 0.50 0.20 0.05 0.05
0.05 0.05 0.20 0.50 0.20

...
...

...
...

...
0.05 0.05 0.20 0.50 0.20
0.20 0.50 0.20 0.05 0.05

...
...

...
...

...
0.20 0.50 0.20 0.05 0.05
0.05 0.20 0.50 0.20 0.05

...
...

...
...

...
0.05 0.20 0.50 0.20 0.05


Contamination 2 Contamination 3

A25,5 =



0.05 0.20 0.50 0.20 0.05
...

...
...

...
...

0.05 0.20 0.50 0.20 0.05
0.20 0.50 0.20 0.05 0.05

...
...

...
...

...
0.20 0.50 0.20 0.05 0.05
0.50 0.30 0.15 0.04 0.01

...
...

...
...

...
0.50 0.30 0.15 0.04 0.01
0.20 0.50 0.20 0.05 0.05

...
...

...
...

...
0.20 0.50 0.20 0.05 0.05
0.05 0.20 0.50 0.20 0.05

...
...

...
...

...
0.05 0.20 0.50 0.20 0.05



A25,5 =



0.05 0.20 0.50 0.20 0.05
...

...
...

...
...

0.05 0.20 0.50 0.20 0.05
0.20 0.50 0.20 0.05 0.05

...
...

...
...

...
0.20 0.50 0.20 0.05 0.05
0.05 0.05 0.20 0.50 0.20

...
...

...
...

...
0.05 0.05 0.20 0.50 0.20
0.20 0.50 0.20 0.05 0.05

...
...

...
...

...
0.20 0.50 0.20 0.05 0.05
0.50 0.30 0.15 0.04 0.01

...
...

...
...

...
0.50 0.30 0.15 0.04 0.01


Table 6: Answer Matrices (5-point scale), with clusters indicated in orange. Each line of vertical dots replaces 3 rows.

As Table 6 shows, the answer probabilities are different for each construct. The difference is

not as big as the difference with the contaminated clusters, but it is definitely relevant. This

is done to make the simulation setup more realistic. As Arnulf et al. (2018) stated, once the

respondent has responded to the an item, the following responses should be inferred by the

associations of the items and the framework of the survey, mainly the response categories.

In this simulation the structure of the response categories is illustrated by the difference in

answer probabilities to each category (construct). Another way of illustrating this is through

the correlation matrices.
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4.4 Correlation matrices

A correlation matrix is needed to provide the correlation between the answers to the differ-

ent Likert items. A block correlation matrix is chosen, with each diagonal block consistent

and every off-diagonal block, indicating the correlation between the different constructs, is

consistent as well. As mentioned, these blocks identify the constructs that each question is

linked to. For the base scenario, with only 10 questions, each block consists of two questions

to form five constructs. For the scenarios 2 and 3, the correlation matrix has blocks of 5

and 10 questions respectively. So each scenario has 5 constructs, they just differ in size. The

Likert items within a construct will have a correlation of 0.7 with each other, and of course

1 with themselves. If the distance between the constructs is 1, meaning the correlation be-

tween construct 1 and 2 for example, the correlation will be 0.4. If the distance is 2, 3 or 4,

then the correlation will be equal to 0.3, 0.2 or 0.1 respectively. The correlation matrix for

Scenario 1 is given below. The matrices for the other scenarios will be given in the Appendix

Correlation Matrices
Scenario 1

C10,10 =



1.00 0.70 0.40 0.40 0.30 0.30 0.20 0.20 0.10 0.10
0.70 1.00 0.40 0.40 0.30 0.30 0.20 0.20 0.10 0.10
0.40 0.40 1.00 0.70 0.40 0.40 0.30 0.30 0.20 0.20
0.40 0.40 0.70 1.00 0.40 0.40 0.30 0.30 0.20 0.20
0.30 0.30 0.40 0.40 1.00 0.70 0.40 0.40 0.30 0.30
0.30 0.30 0.40 0.40 0.70 1.00 0.40 0.40 0.30 0.30
0.20 0.20 0.30 0.30 0.40 0.40 1.00 0.70 0.40 0.40
0.20 0.20 0.30 0.30 0.40 0.40 0.70 1.00 0.40 0.40
0.10 0.10 0.20 0.20 0.30 0.30 0.40 0.40 1.00 0.70
0.10 0.10 0.20 0.20 0.30 0.30 0.40 0.40 0.70 1.00


Table 7: The Correlation Matrix indicating the correlation between the different Likert items and every construct. The within
construct correlation is indicated in black, while the between construct correlation is indicated in colors.

Now, everything needed to simulate the scenarios has been outlined. For a specific scenario,

for example scenario 2.3, the simulation results will be illustrated according to Figure 1 be-

low. The figures illustrating the other scenarios will be shown in the Appendix.
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Figure 1: Actual answer percentages for scenario 2.3 with 7-point scale

The clusters at the top, middle and bottom are clearly visible with the answer proportions

for those questions skewed in the direction of answer option 1. The question is which observa-

tions belong to those clusters. To give an illustration, Figure 2 shows the answer percentages

that belong to a group of individuals within each cluster.

(a) Cluster 1 (b) Cluster 2 (c) Cluster 3

Figure 2: Answer percentages per cluster

Here it is clearly visible that this sub-sample in Cluster 1 is part of the group that forms

the cluster that has skewed answers for question 1 to question 5. Similar observations can

be made for Cluster 2 and 3. The objective of the ICS method will be to identify those
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observations and perform clustering in a sufficient way.

4.5 Scatter Pairs

For every scenario introduced in Section 3, there will be a set of six different pairs of scatter

matrices considered. These pairs are shown in the table below.

Scatter Pairs
Pair Number S1 and S2 Class

pair 1 COV-COV4 1 and 1
pair 2 MCD-COV 3 and 1
pair 3 MCD-COV4 3 and 1
pair 4 TM-COV4 2 and 1
pair 5 TM-COV 2 and 1
pair 6 LCOV-COV local and 1

Table 8: The different pairs of scatter matrices that will be considered and their corresponding classes of robustness.

In ICS, the use of several combinations of scatter matrices of different classes is often rec-

ommended (Tyler et al., 2009)(Nordhausen et al., 2008b), because of the lack of theory on

which works best in new scenarios. Archimbaud et al. (2018) suggested the approach of

pair 1 and pair 2, however their paper was with the purpose of outlier detection. Therefore,

there is no guarantee that they will be able to recover the independent components that

are needed. Furthermore, two pairs with the tM estimator are added. As discussed this

is a nice alternative to the M-estimator that is presented in the R package, and provides a

new estimator from class 2. Finally, the LCOV-COV pair is chosen as it was used in Alfons

et al. (2022). In their research, its clustering performance in a continuous data setting was

promising and therefore its use is warranted here as well.

4.6 PCA

The term Principal Component Analysis was first introduced by Hotelling (1933). It is a

multivariate statistical method that is used in most scientific fields of research (Abdi and

Williams, 2010). The method analyzes a data table that contains observations of multiple,

correlated, dependent variables. Its goal is to find a new subspace of orthogonal variables
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called the principal components. This subspace should be of lower dimension but still express

the important information from the original data set (Abdi and Williams, 2010).

4.6.1 Setups

For PCA, two setups will be considered. The first setup utilizes the prcomp() function from

the stats package in R (R Core Team, 2020). It is basic PCA with centered data around

zero as well as scaled data in order to obtain unit variance before the Principal Component

Analysis is actually done.

In the second setup, the PcaHubert() function from the rrcov package (Todorov and Filz-

moser, 2009) in R (R Core Team, 2020) is used in order to apply PCA with a robust estimate

of the covariance matrix. The MCD estimator is chosen with an α = 0.6. A relatively high

α is explained by the fact that issues will arise with the computation of the MCD estimator,

especially in lower dimensions. However, since the setup of the simulation is known to lack

outliers a higher α can be justified.

4.6.2 Selection of Principal Components

The Principal Components will be selected based on the 80%-criterion as suggested by Alfons

et al. (2022). This means that as many components are selected as necessary to explain at

least 80% of the variance in the data. It is executed by taking the cumulative sum of the

proportion of explained variance and checking for which Principal Component it exceeds

0.8. All the components up to and including that one are selected. Also, the k − 1 criterion

is used, which keeps the first k − 1 components. Here k is equal to the known number of

clusters.
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5 Results

In this section the results for the scatter pairs COV −COV 4, MCD−COV , TM−COV and

LCOV −COV will be discussed, as well as the relative performance compared to K−means

with no dimension reduction and dimension reduction by PCA with MCD0.6. This smaller

selection of scatter pairs is motivated by the fact that these were the best performing scatters.

The scatter pairs that are not presented, MCD−COV 4 and TM−COV 4, had very similar

performance to MCD−COV and TM−COV respectively. Also, the robust PCA performs

significantly better than regular PCA.

5.1 Tandem Clustering with ICS and PCA

In Figure 3 below, the Adjusted Rand Index for every scenario and all scatter pairs are

shown in a boxplot. It is clearly visible that the performance of most scatter pairs is not

at the level that ICS usually achieves when analyzing continuous data. However, tandem

clustering with ICS and K −means is outperforming tandem clustering with PCA as well

as applying the K − means algorithm to the original data. This is true for scatter pairs

COV − COV 4 and TM − COV , and for all scenarios except Scenario 3.3 with a 5 point

Likert scale. PCA is outperforming the ICS methods here, but its performance for all other

scenarios and setups seems significantly worse. Also, the component selection for PCA is

done by the k − 1 criterion, which significantly outperforms the 80%-criterion here. The

other scatter pairs also outperform PCA and the original data, however, for the scenarios

with two clusters, they seem to struggle more. Also, the performance of all scatter pairs

seems to be slightly better for the 11-point Likert scale than for the 5-point scale. In terms

of standard deviation, the wider Likert scale definitely improves performance, but in terms

of height of the ARI it is less clear. However, this improvement is not linear since the 7-point

scale seems to present some issues, so it is not clear whether increasing the size of the scale

genuinely improves interpretability.
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Figure 3: Adjusted Rand Index evaluating performance of all scatter pairs for every scenario. The component selection method
for the ICS setups is manual selection. For the PCA setup the k − 1 criterion is used. This Figure shows the ARIs for the
5-point, 7-point and 11-point Likert Scale.

The figure clearly illustrates that the use of ICS is justified when applying tandem clus-

tering to RSD. Its performance is significantly better than PCA for almost all scenarios.

Furthermore, PCA does not seem to significantly improve the ARI in most scenarios, when

compared to the original data.

5.2 Component Selection Issues

In order to illustrate the difference between the performance achieved by the different com-

ponent selection methods, Figure 4 is shown.

26



Figure 4: Adjusted Rand Index evaluating performance of the COV −COV 4 and TM −COV scatter pairs for every scenario.
The Figure shows the different performances achieved by the component selection methods for the two best performing ICS
scatter pairs. This Figure shows the ARIs for the 11-point Likert Scale.

The performance of the selection of components by the D’Agostino test is relatively bad.

Higher ARIs are obtained with both the Med Criterion and Manual Selection. Another thing

to note is that the Med Criterion seems to perform relatively well, except for scenarios 2.2

and 3.2, where it clearly selects the wrong components. This issue presents itself for all

scatter pairs, however, scenario 1.3 does show decent performance for the Med Criterion.

To confirm the bad performance of the D’Agostino test, Table 9 is generated. It shows the

mean, over 1000 iterations, of the number of components selected by the D’Agostino test for

every scatter pair and for scenarios with 2 or 3 clusters.

Mean of Number of Components Selected by D’Agostino Test
Scatter Pair Number of Clusters Start (5 lvl) End (5 lvl) Start (7 lvl) End (7 lvl) Start (11 lvl) End (11 lvl)
COV-COV4 2 2.5 0.3 1.3 0.6 1.8 0.2
COV-COV4 3 2.4 1.0 1.4 0.8 2.0 1.4
MCD-COV 2 2.2 0.8 1.4 0.6 1.6 0.2
MCD-COV 3 2.1 0.3 2.0 0.4 2.4 0.9
TM-COV 2 2.6 0.3 1.2 0.7 1.5 0.2
TM-COV 3 2.5 1.1 1.2 0.7 1.9 1.1

LCOV-COV 2 2.0 0.1 1.3 0.5 1.2 0.2
LCOV-COV 3 2.4 0.6 1.3 0.6 1.8 0.9

Table 9: Mean of the number of components selected from the start and end, by the D’Agostino test. Selecting components
from the start or end, means that the D’Agostino test found structure on the first few or last few components.
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The D’Agostino test finds the structure in the data mainly on the first few Invariant Coor-

dinates. This is a clear indication of an issue because inspection of the scatter plots of the

Invariant Coordinates tells us that the structure is found on the last few coordinates for all

scatter pairs. As an example, the scatter plots for the COV − COV 4 pair are illustrated in

Figure 5.

Figure 5: Scatter plots for the Invariant Coordinates, by ICS with the COV − COV 4 scatter pair. These scatters are set in
scenario 2.3 with an 11 point Likert scale.

It is clear that the structure is found on the last 2 coordinates. However, the D’Agostino

test, on average, selects the first 2 components as well as the last component, as visible in

Table 9. This indicates that the D’Agostino test is not a good selection method for ICS when

applied to RSD. Furthermore, the number of coordinates is as expected since this scenario

contains 3 clusters. However, the fact that the structure for all scatter pairs is always found

on the last few components is unexpected. When performing cluster analysis, Alfons et al.
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(2022) used multiple similar scatter pairs and structure was found at the beginning and the

end of the ICs. For example, when using the MCD0.5 −COV scatter pair for ICS on a real

world data set, they find the structure on the first two components.

Another thing to note is that the Med Criterion seems to perform relatively well, except for

scenarios 2.2 and 3.2, where it clearly selects the wrong components. This issue presents itself

for all scatter pairs but, scenario 1.3 does show decent performance for the Med Criterion.

The issues with scenarios 2.2 and 3.2 might have to do with the higher dimensionality of the

data, which could be important to note, since the med criterion was succesfully applied in a

clustering context with lower dimensions by Alfons et al. (2022). The important difference

in setup being that their research contained a data simulation for only 10 variables, whereas

this research focuses on 25 and 50 variables as well. Furthermore, they do not investigate

whether these criteria work in higher dimensions.

(a) Scenario 1.2 (b) Scenario 2.2 (c) Scenario 3.2

Figure 6: This figure shows the absolute values of the difference between the average eigenvalues of each Invariant Coordinate
and their means. The Med Criterion selects the k−1 coordinates that are furthest from the mean. The scatter pair is TM−COV
and the 11-point Likert scale is used.

Figure 6 shows that, for the scenarios with higher dimensions, the Med Criterion would

select the first Invariant Coordinate before the last, since it is further away from the mean.

However, it is visible that the last IC comes closer to being selected as the dimension of the

data gets lower. This is an indication that the Med Criterion might be better suited as a

method when the data is of lower dimension. However, Duembgen et al. (2021) show that

refining the estimation of the Invariant Components through a projection pursuit algorithm
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might solve this issue as well.

5.3 Averaging Constructs

Since the achieved ARI is lower than in the existing literature on ICS applied on continuous

data, one idea to improve the performance could be to make the data more continuous. The

suggestion by Harpe (2015) to average the data over its constructs is an interesting solution.

Figure 7: Adjusted Rand Index, difference between the performance of the TM − COV scatter pair, the original data, and
tandem clustering with PCA, for each scenario, in the context of averaging clusters and not averaging clusters and an 11 point
Likert scale. Coordinates for ICS are selected manually, while components for PCA are selected by the k − 1 criterion for the
regular constructs and by the 80%-criterion for the average constructs.

The comparison done in Figure 7 shows that for the best performing scatter pair, TM−COV ,

averaging the constructs helps to improve the performance of tandem clustering with ICS.

The relative performance of the K − means on the original data and the PCA method is

shown in the context of regular and average constructs. Notable is the lack of improvement

for the original data and the decrease in performance for PCA, while ICS improves remark-
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ably. The selection of the Principal Components is done by the criterion that obtains optimal

results for every setup. For the average constructs it is the 80%-criterion while for the regular

constructs it remains the k− 1 criterion. Averaging the constructs seems to complicates the

process of finding the relevant structure for PCA, while it simplifies the process for ICS.

The achieved ARI by applying K − means to the original data is still significantly lower

than the ARI for every ICS scatter in every scenario and for all Likert scale levels, when the

values for the original data are compared to the values for the different ICS scatter pairs.

These values are illustrated in Table 15 in the Appendix. Furthermore, it is of particular

importance that ICS is outperforming the robust PCA method for all Likert levels and almost

all scatter pair combinations, especially in the setup where constructs are averaged. Another

remark that has to be made is that the K−means for the 11 point Likert scale is performing

the best in terms of height of achieved ARI and also in terms of standard deviation.

5.4 Discussion and Conclusion

The application of ICS to RSD proves to be an interesting topic of further research. The

initial results were not impressive when comparing them to the existing literature on ICS and

its clustering purposes as well as the literature on clustering of RSD in general. However, the

averaging of constructs seems to be a very important step in the process of making the RSD

more analyzable through ICS and dimension reduction in general. It shows that tandem

clustering through ICS is definitely an option in this context. The performance measured

by the ARI improved significantly for all analyzed scatter pairs, as well as for the selection

methods. Furthermore, ICS achieved a higher ARI than PCA and the original data for all

scatter pairs. The achieved ARI in many scenarios was higher than in existing research.

For example, Jacques and Biernacki (2018) had a similar setup of simulation with mixed

and unmixed clusters. Their Adjusted Rand Index achieved with a co-clustering method

was 0.99 for the unmixed clusters and 0.58 for the more mixed clusters. ICS for certain

scatter pairs is able to achieve close to 0.7 for mixed clusters (scenarios 1.3, 2.3 and 3.3)

and close to 0.5 for even more mixed clusters (scenarios 1.2, 2.2 and 3.2). These values

cannot be compared directly because of differences in simulation, however, the decrease in
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ARI between the scenarios with mixed and unmixed clusters can be compared. In the co-

clustering method, that decrease was significantly higher than in tandem clustering with ICS.

The D’Agostino test seems unable to make the correct selections of the ICs, especially if the

constructs are not averaged. The Med criterion performs better with component selection

and its previous application in this field as well as the indication that it could work more

reliably in lower dimensions proves that it demands further research. An applicable and

automized selection method in the context of applying ICS on RSD is a relevant step that

needs to be made. Moreover, further research into the structure of the Invariant Coordinates

is warranted. In this thesis, structure was only found on the last few coordinates for all an-

alyzed scatter pairs‡, which is in contrast with previous research into ICS and its clustering

purposes.

The scatter pairs COV − COV 4 and TM − COV are performing relatively well. They

consistently outperform LCOV − COV and MCD − COV if the correct components are

selected (manual selection). Choosing relevant and correct scatter pairs remains an impor-

tant and current topic of research. A recommendation for further research into applying

ICS on RSD is to investigate a wider variety of scatter pairs and to focus on wider Likert

scales (11-point), because this generally seems to decrease the standard deviation of the ARI

meaning the method performs more consistently. Also, finding a consistently performing

Coordinate Selection method is desired. The D’Agostino test and Med criterion analyzed in

this research are unable to select the relevant Invariant Coordinates in most scenarios. A

selection method that is robust to different setups such as a variety of chosen scatter pairs is

needed in order to disregard the time consuming process of manual selection of the coordi-

nates. This could prove to be the key to enhance the performance of ICS in its application

to RSD.

‡The only exception is the case where constructs are averaged and the chosen scatter pair is LCOV −COV .
However, this seems not very relevant since it was not performing very well in that scenario anyway.
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Appendix

Equations

To illustrate the MPLT model, we assume there are N respondents, each indexed by i,

that answered to J Likert items, each indexed by j, with answer categories indicated by

x = (0, . . . , r). They MPLT model is then of the form

P (Xij = x|θi1, . . . , θiQ) =
exp

(∑Q
q=1 θiqBjqx−Ψjx

)
∑r

y=0 exp
(∑Q

q=1 θiqBjqy −Ψjy

) , (9)

where there are Q latent traits that are indexed by q and denoted as Θ = (θ1, . . . , θQ). At-

tached to each latent trait is a wait B for every item j given by Bj = (Bj1, . . . , BjQ) where

Bjq indicates the impact of latent trait q on item j. Lastly, Ψjx is a separation parameter

for item j on answer category x. Equation 9 thus indicates the probability of an individual

i responding to Likert item j with answer x, indicated by P (Xij = x|θi1, . . . , θiQ). This type

of model is a logit-link model (Agresti, 2003) and as stated by Bernaards and Sijtsma (2005,

p. 15) “such models are called divide-by-total models or adjacent category models”.
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Tables

This Table shows the correlation matrices for the scenarios with 25 and 50 dimensions.

The correlation within each construct is shown in a specific color. The correlation between

constructs decreases if the constructs are situated further apart.

Correlation Matrices
Scenario 2.1-2.3

C25,25 =



1.00 · · · 0.70 0.40 · · · 0.40 0.30 · · · 0.30 0.20 · · · 0.20 0.10 · · · 0.10
...

...
...

...
...

...
...

...
...

...
...

...
...

...
...

0.70 · · · 1.00 0.40 · · · 0.40 0.30 · · · 0.30 0.20 · · · 0.20 0.10 · · · 0.10
0.40 · · · 0.40 1.00 · · · 0.70 0.40 · · · 0.40 0.30 · · · 0.30 0.20 · · · 0.20

...
...

...
...

...
...

...
...

...
...

...
...

...
...

...
0.40 · · · 0.40 0.70 · · · 1.00 0.40 · · · 0.40 0.30 · · · 0.30 0.20 · · · 0.20
0.30 · · · 0.30 0.40 · · · 0.40 1.00 · · · 0.70 0.40 · · · 0.40 0.30 · · · 0.30

...
...

...
...

...
...

...
...

...
...

...
...

...
...

...
0.30 · · · 0.30 0.40 · · · 0.40 0.70 · · · 1.00 0.40 · · · 0.40 0.30 · · · 0.30
0.20 · · · 0.20 0.30 · · · 0.30 0.40 · · · 0.40 1.00 · · · 0.70 0.40 · · · 0.40

...
...

...
...

...
...

...
...

...
...

...
...

...
...

...
0.20 · · · 0.20 0.30 · · · 0.30 0.40 · · · 0.40 0.70 · · · 1.00 0.40 · · · 0.40
0.10 · · · 0.10 0.20 · · · 0.20 0.30 · · · 0.30 0.40 · · · 0.40 1.00 · · · 0.70

...
...

...
...

...
...

...
...

...
...

...
...

...
...

...
0.10 · · · 0.10 0.20 · · · 0.20 0.30 · · · 0.30 0.40 · · · 0.40 0.70 · · · 1.00


Scenario 3.1-3.3

C50,50 =



1.00 · · · 0.70 0.40 · · · 0.40 0.30 · · · 0.30 0.20 · · · 0.20 0.10 · · · 0.10
...

...
...

...
...

...
...

...
...

...
...

...
...

...
...

0.70 · · · 1.00 0.40 · · · 0.40 0.30 · · · 0.30 0.20 · · · 0.20 0.10 · · · 0.10
0.40 · · · 0.40 1.00 · · · 0.70 0.40 · · · 0.40 0.30 · · · 0.30 0.20 · · · 0.20

...
...

...
...

...
...

...
...

...
...

...
...

...
...

...
0.40 · · · 0.40 0.70 · · · 1.00 0.40 · · · 0.40 0.30 · · · 0.30 0.20 · · · 0.20
0.30 · · · 0.30 0.40 · · · 0.40 1.00 · · · 0.70 0.40 · · · 0.40 0.30 · · · 0.30

...
...

...
...

...
...

...
...

...
...

...
...

...
...

...
0.30 · · · 0.30 0.40 · · · 0.40 0.70 · · · 1.00 0.40 · · · 0.40 0.30 · · · 0.30
0.20 · · · 0.20 0.30 · · · 0.30 0.40 · · · 0.40 1.00 · · · 0.70 0.40 · · · 0.40

...
...

...
...

...
...

...
...

...
...

...
...

...
...

...
0.20 · · · 0.20 0.30 · · · 0.30 0.40 · · · 0.40 0.70 · · · 1.00 0.40 · · · 0.40
0.10 · · · 0.10 0.20 · · · 0.20 0.30 · · · 0.30 0.40 · · · 0.40 1.00 · · · 0.70

...
...

...
...

...
...

...
...

...
...

...
...

...
...

...
0.10 · · · 0.10 0.20 · · · 0.20 0.30 · · · 0.30 0.40 · · · 0.40 0.70 · · · 1.00


Table 10: Correlation Matrices, every line of vertical dots in C25,25 replaces 3 rows in the table, every line of vertical dots in
C50,50 replaces 8 rows in the table.

38



The following tables show the mean ARI for the scenarios 2.2-3.3, for all three selection

methods.

Mean ARI for each Scenario (D’Agostino Test)
Scatter Pair Scenario 5 lvl 7 lvl 11 lvl

Original Data 2.2 0.05 0.04 0.14
Original Data 2.3 0.37 0.29 0.47
Original Data 3.2 0.05 0.04 0.14
Original Data 3.3 0.38 0.30 0.47
COV-COV4 2.2 0.02 0.05 0.00
COV-COV4 2.3 0.32 0.19 0.35
COV-COV4 3.2 0.00 0.00 0.00
COV-COV4 3.3 0.24 0.12 0.28
MCD-COV 2.2 0.00 0.00 0.00
MCD-COV 2.3 0.02 0.05 0.08
MCD-COV 3.2 0.00 0.00 0.00
MCD-COV 3.3 0.00 0.02 0.04
TM-COV 2.2 0.00 0.03 0.00
TM-COV 2.3 0.17 0.18 0.23
TM-COV 3.2 0.00 0.01 0.00
TM-COV 3.3 0.17 0.09 0.19

LCOV-COV 2.2 0.00 0.00 0.00
LCOV-COV 2.3 0.03 0.10 0.05
LCOV-COV 3.2 0.00 0.00 0.00
LCOV-COV 3.3 0.01 0.02 0.04
ROBPCA 2.2 0.05 0.04 0.14
ROBPCA 2.3 0.37 0.29 0.47
ROBPCA 3.2 0.05 0.04 0.14
ROBPCA 3.3 0.38 0.30 0.47

Table 11: Mean of the ARI over 1000 iterations for each scenario. Selection of the Invariant Components for the ICS scenarios
is done by the D’Agostino Test

Mean ARI for each Scenario (Med Criterion)
Scatter Pair Scenario 5 lvl 7 lvl 11 lvl
COV-COV4 2.2 0.04 0.00 0.00
COV-COV4 2.3 0.33 0.43 0.59
COV-COV4 3.2 0.00 0.00 0.00
COV-COV4 3.3 0.16 0.17 0.36
MCD-COV 2.2 0.00 0.00 0.00
MCD-COV 2.3 0.00 0.00 0.00
MCD-COV 3.2 0.00 0.00 0.00
MCD-COV 3.3 0.00 0.00 0.00
TM-COV 2.2 0.15 0.00 0.04
TM-COV 2.3 0.40 0.48 0.61
TM-COV 3.2 0.01 0.00 0.00
TM-COV 3.3 0.24 0.24 0.50

LCOV-COV 2.2 0.00 0.00 0.00
LCOV-COV 2.3 0.00 0.01 0.01
LCOV-COV 3.2 0.00 0.00 0.00
LCOV-COV 3.3 0.00 0.00 0.00

Table 12: Mean of the ARI over 1000 iterations for each scenario. Selection of the Invariant Components for the ICS scenarios
is done by the Med Criterion.
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Mean ARI for each Scenario (Manual Selection)
Scatter Pair Scenario 5 lvl 7 lvl 11 lvl
COV-COV4 2.2 0.26 0.15 0.36
COV-COV4 2.3 0.55 0.52 0.61
COV-COV4 3.2 0.12 0.07 0.22
COV-COV4 3.3 0.45 0.45 0.58
MCD-COV 2.2 0.02 0.05 0.13
MCD-COV 2.3 0.22 0.44 0.58
MCD-COV 3.2 0.00 0.02 0.05
MCD-COV 3.3 0.11 0.31 0.51
TM-COV 2.2 0.31 0.15 0.38
TM-COV 2.3 0.57 0.50 0.61
TM-COV 3.2 0.15 0.05 0.24
TM-COV 3.3 0.46 0.39 0.57

LCOV-COV 2.2 0.24 0.01 0.31
LCOV-COV 2.3 0.46 0.39 0.54
LCOV-COV 3.2 0.06 0.00 0.12
LCOV-COV 3.3 0.31 0.18 0.46

Table 13: Mean of the ARI over 1000 iterations for each scenario. Selection of the Invariant Components for the ICS scenarios
is done by Manual Selection. This means that for each scenario k − 1 components are selected. This is done from the end of
the ICS coordinates because all structure is visible there, as seen in the scatter plots.
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The three following tables show the mean ARI for the three selection methods in the context

of average constructs.

Mean ARI for each Scenario (D’Agostino Test & Average Constructs)
Scatter Pair Scenario 5 lvl 7 lvl 11 lvl
Original Data 1.2 0.19 0.04 0.14
Original Data 1.3 0.33 0.29 0.47
Original Data 2.2 0.05 0.04 0.14
Original Data 2.3 0.37 0.29 0.47
Original Data 3.2 0.05 0.04 0.14
Original Data 3.3 0.38 0.29 0.47
COV-COV4 1.2 0.19 0.27 0.15
COV-COV4 1.3 0.34 0.24 0.33
COV-COV4 2.2 0.12 0.29 0.03
COV-COV4 2.3 0.40 0.31 0.38
COV-COV4 3.2 0.10 0.30 0.01
COV-COV4 3.3 0.42 0.35 0.40
MCD-COV 1.2 0.00 0.03 0.03
MCD-COV 1.3 0.04 0.11 0.17
MCD-COV 2.2 0.00 0.03 0.01
MCD-COV 2.3 0.03 0.13 0.20
MCD-COV 3.2 0.00 0.03 0.01
MCD-COV 3.3 0.04 0.16 0.25
TM-COV 1.2 0.02 0.08 0.07
TM-COV 1.3 0.04 0.09 0.10
TM-COV 2.2 0.01 0.08 0.01
TM-COV 2.3 0.04 0.14 0.16
TM-COV 3.2 0.01 0.09 0.00
TM-COV 3.3 0.05 0.18 0.18
LCOV-COV 1.2 0.02 0.20 0.10
LCOV-COV 1.3 0.37 0.36 0.37
LCOV-COV 2.2 0.02 0.22 0.14
LCOV-COV 2.3 0.47 0.40 0.40
LCOV-COV 3.2 0.03 0.23 0.16
LCOV-COV 3.3 0.49 0.42 0.42
ROBPCA 1.2 0.05 0.04 0.14
ROBPCA 1.3 0.37 0.29 0.47
ROBPCA 2.2 0.05 0.04 0.14
ROBPCA 2.3 0.37 0.29 0.47
ROBPCA 3.2 0.05 0.04 0.14
ROBPCA 3.3 0.38 0.30 0.47

Table 14: Mean of the ARI over 1000 iterations for each scenario. The constructs of the data are averaged. Selection of the
Invariant Components for the ICS scenarios is done by the D’Agostino Test. For the original data no component selection is
needed and for the robust PCA component selection is done by the 80%-criterion.

Mean ARI for each Scenario (Manual Selection & Average Constructs)
Scatter Pair Scenario 5 lvl 7 lvl 11 lvl

Original Data 1.2 0.19 0.04 0.14
Original Data 1.3 0.33 0.29 0.47
Original Data 2.2 0.05 0.04 0.14
Original Data 2.3 0.37 0.29 0.47
Original Data 3.2 0.05 0.04 0.14
Original Data 3.3 0.38 0.29 0.47
COV-COV4 2.2 0.36 0.28 0.42
COV-COV4 2.3 0.59 0.53 0.59
COV-COV4 2.2 0.41 0.31 0.46
COV-COV4 2.3 0.66 0.59 0.65
COV-COV4 3.2 0.44 0.33 0.47
COV-COV4 3.3 0.69 0.62 0.67
MCD-COV 2.2 0.28 0.11 0.38
MCD-COV 2.3 0.51 0.51 0.58
MCD-COV 2.2 0.36 0.15 0.43
MCD-COV 2.3 0.58 0.57 0.64
MCD-COV 3.2 0.38 0.16 0.44
MCD-COV 3.3 0.62 0.60 0.66
TM-COV 2.2 0.37 0.30 0.43
TM-COV 2.3 0.60 0.54 0.60
TM-COV 2.2 0.42 0.34 0.46
TM-COV 2.3 0.67 0.60 0.65
TM-COV 3.2 0.45 0.36 0.48
TM-COV 3.3 0.70 0.63 0.67

LCOV-COV 2.2 0.00 0.16 0.08
LCOV-COV 2.3 0.35 0.41 0.56
LCOV-COV 2.2 0.01 0.17 0.12
LCOV-COV 2.3 0.47 0.53 0.63
LCOV-COV 3.2 0.01 0.19 0.16
LCOV-COV 3.3 0.55 0.59 0.66
ROBPCA 1.2 0.05 0.04 0.14
ROBPCA 1.3 0.37 0.29 0.47
ROBPCA 2.2 0.05 0.04 0.14
ROBPCA 2.3 0.37 0.29 0.47
ROBPCA 3.2 0.05 0.04 0.14
ROBPCA 3.3 0.38 0.30 0.47

Table 15: Mean of the ARI over 1000 iterations for
each scenario. The constructs of the data are aver-
aged. Selection of the Invariant Components for the
ICS scenarios is done by Manual Selection. In the
setup where the constructs are averaged, structure
for all scatter pairs is still found at the end of the
Invariant Components, except for the LCOV-COV
scatter pair. In the averaging construct setup, and
for that scatter pair, the structure is found at the
start of the Invariant Components.

Mean ARI for each Scenario (Med Criterion & Average Constructs)
Scatter Pair Scenario 5 lvl 7 lvl 11 lvl

Original Data 1.2 0.19 0.04 0.14
Original Data 1.3 0.33 0.29 0.47
Original Data 2.2 0.05 0.04 0.14
Original Data 2.3 0.37 0.29 0.47
Original Data 3.2 0.05 0.04 0.14
Original Data 3.3 0.38 0.29 0.47
COV-COV4 2.2 0.31 0.20 0.42
COV-COV4 2.3 0.13 0.20 0.44
COV-COV4 2.2 0.36 0.24 0.45
COV-COV4 2.3 0.16 0.23 0.50
COV-COV4 3.2 0.39 0.26 0.47
COV-COV4 3.3 0.17 0.25 0.53
MCD-COV 2.2 0.09 0.01 0.09
MCD-COV 2.3 0.00 0.13 0.12
MCD-COV 2.2 0.09 0.01 0.08
MCD-COV 2.3 0.00 0.14 0.14
MCD-COV 3.2 0.08 0.02 0.08
MCD-COV 3.3 0.00 0.16 0.18
TM-COV 2.2 0.36 0.28 0.43
TM-COV 2.3 0.09 0.25 0.39
TM-COV 2.2 0.40 0.32 0.46
TM-COV 2.3 0.14 0.28 0.48
TM-COV 3.2 0.43 0.34 0.48
TM-COV 3.3 0.16 0.30 0.52

LCOV-COV 2.2 0.04 0.13 0.07
LCOV-COV 2.3 0.34 0.35 0.39
LCOV-COV 2.2 0.02 0.14 0.11
LCOV-COV 2.3 0.39 0.43 0.53
LCOV-COV 3.2 0.01 0.16 0.14
LCOV-COV 3.3 0.42 0.49 0.59
ROBPCA 1.2 0.05 0.04 0.14
ROBPCA 1.3 0.37 0.29 0.47
ROBPCA 2.2 0.05 0.04 0.14
ROBPCA 2.3 0.37 0.29 0.47
ROBPCA 3.2 0.05 0.04 0.14
ROBPCA 3.3 0.38 0.30 0.47

Table 16: Mean of the ARI over 1000 iterations
for each scenario. The constructs of the data are
averaged. Selection of the Invariant Components
for the ICS scenarios is done by the Med Criterion.
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Figures

The following figures show the actual answer percentages over the different scenarios indi-

cated in the captions.

Figure 8: Scenario 2.3 with 11-point scale Figure 9: Scenario 3.1 with 5-point scale

Figure 10: Scenario 3.1 with 7-point scale Figure 11: Scenario 3.1 with 11-point scale
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Figure 12: Scenario 3.2 with 5-point scale Figure 13: Scenario 3.2 with 7-point scale

Figure 14: Scenario 3.2 with 11-point scale Figure 15: Scenario 3.3 with 5-point scale
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Figure 16: Scenario 3.3 with 7-point scale Figure 17: Scenario 3.3 with 11-point scale

The following figures show the scatterplots of the 5 invariant coordinates that are available

in the context of average constructs, for the different scenarios and scatter pairs mentioned

in the captions.

Figure 18: Scenario 2.2 with 11-point scale, COV − COV 4 Figure 19: Scenario 2.3 with 11-point scale, COV − COV 4

44



Figure 20: Scenario 3.2 with 11-point scale, COV − COV 4 Figure 21: Scenario 3.3 with 11-point scale, COV − COV 4

Figure 22: Scenario 2.2 with 11-point scale, MCD − COV Figure 23: Scenario 2.3 with 11-point scale, MCD − COV
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Figure 24: Scenario 3.2 with 11-point scale, MCD − COV Figure 25: Scenario 3.3 with 11-point scale, MCD − COV

Figure 26: Scenario 2.2 with 11-point scale, TM − COV Figure 27: Scenario 2.3 with 11-point scale, TM − COV
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Figure 28: Scenario 3.2 with 11-point scale, TM − COV Figure 29: Scenario 3.3 with 11-point scale, TM − COV

Figure 30: Scenario 2.2 with 11-point scale, LCOV − COV Figure 31: Scenario 2.3 with 11-point scale, LCOV − COV
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Figure 32: Scenario 3.2 with 11-point scale, LCOV − COV Figure 33: Scenario 3.3 with 11-point scale, LCOV − COV
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