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Abstract

k-means is a clustering algorithm used to group observations into clusters. Due to the multidimen-
sionality of datasets, interpreting clustering results has become increasingly challenging. In response,
sparse clustering variants have emerged, allowing each feature to be weighed. In the sparse k-means
algorithm, feature weights are computed based on the values of their associated observations. How-
ever, the sparse k-means algorithm is known to be sensitive to outliers. Hence, robust sparse k-means
variants have emerged, performing sparse k-means while detecting outliers. In numerous real-world
cases, data entry or measurement errors can lead to poorly collected values for a feature, making them
significantly different from other values in that feature. Due to dataset multidimensionality, these
observations are often not detected as outliers by existing robust approaches. This negatively impacts
the evaluation of feature weights, biases the interpretability of results, and leads to poor clustering
quality. To fill this gap, this paper introduces a new robust sparse k-means framework consisting of a
new robust initialization and a detection method of these observations. The proposed robust initial-
ization method shows robustness in terms of the observations chosen as initial centers; The proposed
sparse k-means shows an improvement in feature selection, interpretability and clustering quality

compared to other robust variants on several real and synthetic datasets.

Keywords: Clustering, Sparse k-means, Robustness, Interpretability, STOF observation.

1 Introduction

Clustering is a machine learning task aiming to
group observations in clusters. In this field, sev-
eral algorithms exist, among which k-means [1],
DBSCAN [2] and others. Due to its simplicity and
its efficiency, the k-means algorithm has become
one of the most popular clustering algorithm [3]. It
consists of grouping observations in clusters while
minimizing the distance between observations in
each cluster. In real-world applications, for sev-
eral reasons, interpreting clustering results can be
a complex task. The first reason is the multidi-
mensionality of modern datasets. In fact, in many

application areas, data are multidimensional (data
high number of features), which increases clus-
tering complexity and makes visualization more
difficult. Second, many datasets contain observa-
tions that are significantly different from others,
known as outliers. Several studies have shown the
significant impact of outliers on clustering results.
Faced with the issues related to outliers, robust
k-means variants have been developed, enabling
simultaneously clustering and outliers removal [4,
5, 6]. To avoid the issues related to interpretability,
the sparse k-means algorithm has been intro-
duced [7]. Tt is a variant of the k-means algorithm
that performs clustering by weighting features.



Feature weights typically represent their relative
importance in the clustering process. According to
feature weight, it is possible to determine whether
the feature is relevant for the clustering task or
not, enabling thus to mitigate the issues related
to dimensionality.

In the sparse k-means algorithm and its robust
variants, feature weights are computed based on
their observed values. At each iteration, feature
values are multiplied by their computed weights.
However, measurement or input errors can lead
to incorrect recordings for one or a few features
of some observations. Naively removing outliers,
as done in the literature, may fail to identify
these observations as outliers, since only a few
feature values are abnormal and most of their fea-
tures have plausible values. In such cases, these
observations are included in feature contribution
calculations, even for features where they are
abnormal. This is problematic, as it biases the
contribution of those features, affects all feature
observations over iterations, and leads to poor
results.

This paper addresses the challenge posed by
observations that are locally aberrant with respect
to a specific feature without being global outliers.
Since these observations are not outliers in the
context of the entire dataset, they are referred to
as Strange Observation Values for a Feature
(STOF). To address them, this paper introduces
a new variant of the sparse k-means that includes
an improved initialization technique and a method
for detecting STOF observations. This approach
enables the simultaneous discovery of clusters and
STOF observations, while robustifying the feature
weight computation process and enhancing the
interpretability of clustering results.

The rest of this paper is organized as
follows: Section 2 provides a brief review
of clustering and sparse k-means variants.
Section 3 introduces STOF observations, dis-
cusses their impact on sparse k-means cluster-
ing, and explains the necessity of proposing a
new robust sparse k-means variant. Section 4
presents the novel robust sparse k-means frame-
work and its associated methods. Section 5
presents the data, experiments and the results.
The GitHub repository for this work is available
at https://github.com/abassodev /rkstof.

2 Related Works

This section is a summary of the k-means, as
well as related initialization and outlier detection
methods. The sparse k-means is also presented.

2.1 The k-means algorithm

Given a dataset D = {x;};_, of n observa-
tions x; € RN¢, the k-means aims to divide these
n observations into k distinct groups in such a
way that the distance between observations in a
cluster is minimal, and conversely, that the dis-
tance between clusters is maximal [1]. k-means
algorithm begins by initializing k£ points as ini-
tial centers using a chosen initialization method.
Then, it computes the distance from each point to
the k centers and assigns each point to its nearest
center. Next, the group centers are updated as the
means of their respective groups. These steps are
repeated iteratively until the clusters converge. In
this algorithm, the number of clusters k is a meta-
parameter. Several approaches exist to determine
the optimal number (e.g., Gap Statistic, Elbow,
ESG [8, 9, 10]).

2.2 Initialization methods

Initialization is the first step in the k-means algo-
rithm. It is of the utmost importance, as the
initial points will serve as clustering centers. Poor
initialization can lead to poor or even incorrect
clustering results. One of the first initialization
techniques is the random initialization [1]. It ran-
domly selects k points from the dataset to serve
as centers. The main limitation of this method is
the fact that it can sometimes produce suboptimal
results and be sensitive to outliers. To compen-
sate for this limitation, David et al. [11] propose
the k-means++ initialization. It selects the first
centroid randomly, then successively chooses the
other centroids with a probability proportional
to the square of their distance from the already
selected centroids. Resulting in faster convergence
and better clusters. It is sometimes sensitive to
outliers, hence Mohammad et al. [12] propose the
ROBIN initialization. It is a robust initialization
method that selects initial centers located in a
dense area that are far from each other as well. To
determine dense areas, they use the Local Outlier
Factor (LOF) [5]. Hence, this algorithm assures
that none of the initial centers are outliers.
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2.3 Outlier detection methods

Several outlier detection methods exist. Some are
linked to the k-means, and others none. Among
the not linked methods, they are Local Outlier
Factor (LOF) [5], Interquartile Range (IQR) [13]
and others. Introduced by Breunig et al., LOF is
an outlier detection method that identifies abnor-
mal data points by assessing how much they
deviate locally from their neighbors. It is based
on local density given by k nearest neighbors of
an observation. With this method, an observation
is an outlier if its density is significantly lower
than its neighbor density. The IQR is a metric
used to quantify statistical dispersion, represent-
ing how spread out the data is. It has been used
as an outlier detection tool in numerous areas. It
consists of calculating the interquartile range of a
dataset (the difference between the third and the
first quartile). The algorithm then uses a threshold
based on the IQR to identify outliers. In general,
a value is considered an outlier if it is less than
Q1 — 1.5 x IQR or greater than Q3 + 1.5 x IQR.

Khan et al. [4] propose a robust clustering algo-
rithm to handle outliers and non-spherical data.
They use the winsorization method, which consists
of replacing extreme values with the nearest value
within a specified percentile range. Generally,
these methods are used as preprocessing meth-
ods. As the main goal of the k-means is to group
observations while minimizing intra-cluster iner-
tia, recent outlier detection methods are directly
linked to the algorithm.

Hence, Shrifan et al. [14] propose an outlier
detection algorithm linked to the k-means, which
performs outlier detection at each iteration based
on the IQR.

Ahmed et al., propose an outlier detection
method linked to the k-means algorithm called
ODC (Outlier Detection and Clustering Improve-
ment). At each iteration, it computes the distance
between each observation to its centroid, and
compared to the mean distance between all the
dataset points to their centroids. If the distance
between an observation and its centroids is p
time greater than the mean dataset distance, it
is detected as an outlier. By removing outliers,
existing approaches minimize intra-cluster inertia.
However, due to the dimensionality of datasets,
interpretability issues persist. The sparse k-means
clustering has been proposed.

2.4 The sparse k-means algorithm

Proposed by Witten et al. [7], the sparse k-means
addresses the dimensionality issues that k-means
suffers from. At each step, features are multiplied
by a computed weight. The goal is to reduce to
zero the features with lower weights. By the end
of the algorithm, the less contributing features get
a weight of zero. The objective function is given:

d n k
maxzwj > (@i =) =YY (@i — )

i=1 p=14i€C,

d d
s.t. Zw? < 1,Z|wj| <s,Vjitw; >0
j=1 j=1

(1)

where wj is the weight of the jth feature, s is a
meta-parameter, p; is the mean of the jth feature
and z, is the center of the cluster C,. Sparse k-
means is written following [15] as:

1. initialize centers and feature weights w; =

1/Vd;

2. perform k-means, multiplying each feature j by

,/wj;

3. keeping centers fixed, update w; as

w; = sign(v;) (1l — 4)
Vi sign() (1] - A)?

(2)

where
n
V=Y (@i — ) = > (@i —25)% (3)
i=1 p=1ieC,
. d w}"—w;fl
4. repeat step 2 and 3 until ijl T <

10~* where wj represents the weights after the

current iteration and w;-"*l the weights at the
previous iteration,

This algorithm has been very successful. Yet the
k-means, it is sensitive to the outlier observations,
hence several robust sparse k-means variants have
emerged.



2.5 Robust sparse k-means variants

Faced with the sensitivity of the sparse k-means
to outliers, several studies have been conducted.
Brodinové et al. [16] proposed a robust variant
of the sparse k-means that aim to enhance the
robustness of the sparse k-means against outliers.
At each step, the weight of the observations is
calculated using the LOF. With an observation
weight, compared to a threshold (i.e., 0.5), their
approach determines whether an observation is
an outlier or not. Outliers are removed and no
longer used at the next iteration. Their studies
allow the sparse k-means to simultaneous group
observations, detect the outliers and informative
variables.

Kondo et al. [17] shown the impact of miss-
ing values for the sparse k-means. They propose
a robust variant of sparse k-means against the
missing values based on the trimmed k-means.
The existing approaches focus on the robustness
of the sparse k-means in terms of outlier detec-
tion, missing values, or noisy features. But neither
take account of STOF observations nor enhance
the calculation of feature weights. It sometimes
happens that some features, which should not
contribute, do not have a zero contribution. Con-
versely, some features have a low contribution
simply because they have been biased by these
observations. The next section presents STOF
observations and explains why it is important to
take them into account.

3 STOF Observations

A strange observation value for a feature (STOF)
is an observation that deviates from others in
one or some feature without being an outlier. In
several multidimensional datasets, it occurs that
some observations deviate from others in one or
several particular features. Due to the dimen-
sionality, these deviations are not observable. To
illustrate STOFs, we used a robust variant of
the k-means algorithm, especially the ODC algo-
rithm. After applying this algorithm, grouped
observations and removing outliers, a cluster was
selected, and its numerical observations were dis-
played. Figure 1 shows the cluster observations
after applying the ODC on the Glass and Breast
Cancer datasets. In this figure, for the Glass
dataset, in the feature BA, all the observations,

except one, have a zero value. For the Breast
Cancer, in feature Concavity, all the observations
except two have a value different from zero. The
observations are bordered, and the correspond-
ing values that deviate on a particular feature are
double-bordered in red. STOFs are not detected
as outliers by robust k-means variants, but deviate
from the others on some particular features.

In the sparse k-means algorithm, feature
weight is computed according to the Equation 2,
making it dependent on the feature observations.
In this case, by calculating the feature weight of
the BA feature, it will be different to zero, but
near to zero (i.e., 3.19 x 10~3%) value only because
this non-null value is used. Reciprocally, for the
Breast cancer dataset, by using the two null values
during the computing of the weight of the Concav-
ity feature, it will decrease, only because two null
values are used. Hence, STOF's are able to disrupt
the calculation of feature contributions. Contrary
to outliers, it is not easy to remove them because
deleting a value in a given feature will create miss-
ing values. It is imperative to find a way to stop
their effect on feature weight calculation without
deleting them.

To date, to the best of our knowledge, no
method in the literature has taken this aspect of
outliers into account. Hence, the next section pro-
poses a new variant of the sparse k-means that is
robust against this type of observation.

4 Proposed method

The proposed sparse k-means consists of a new
initialization and a STOFs detection algorithm
designed to work together. This section presents
the different algorithms and the final sparse k-
means.

4.1 A new initialization algorithm:
robust k-means+-+ against
STOF observations

The first step in the k-means is to initialize
the centers. If these points are poorly chosen,
this will have an impact on the algorithm. Since
traditional initialization techniques do not take
STOF observations into account, it is imperative
to develop a new, more robust initialization. k-
means++ [11] is renowned for its execution speed,
but it lacks robustness. The proposed RKAS
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Fig. 1 STOF observation for BA feature in Glass dataset (top) and Concavity mean in Breast Cancer dataset (bottom).



(robust k-means ++ against STOF observations)
initialization method therefore modifies it. For
each point generated by a classical k-means++
algorithm, a verification is performed to ensure
that the points obtained are not STOF observa-
tions according to all the datasets. This algorithm
uses a function called STOF, which is detailed in
Algorithm 2 in Section 4.2.

Note that Algorithm 1 only performs the
initialization of centers the actual clustering is
handled by Algorithm 3.

4.2 STOF's detection algorithm

The aim of the k-means algorithm is to minimize
intra-cluster inertia. Clustering is better if all the
points present in a cluster are very close to their
center, i.e., if Z’;Zl > oxiec, d(xi,zp)? for close
to zero. So, in this study, the error contribution
of a point in a cluster is defined as the ratio of
the distance between this point and its center by
the sum of the distances of all other points except
this point. The error contribution of a point x in
a cluster C with center z is:

d(x,z)

contribution(x,C) = S e A7) (4)

Reciprocally, the contribution to the error of a

point in a cluster with respect to a feature is
defined as

(2 — %)

Y iccixns (Tig — )’
(5)
Based on the above equations, an efficient algo-
rithm to detect STOF observations, called ESD
(efficient STOF's detection algorithm) is proposed.
Generally, outlier detection and robust k-
means variants [18, 5, 6, 16], used a meta-
parameter p called contamination rate. It repre-
sents the estimated proportion of abnormal data
points in the dataset. As others, this algorithm
used the contamination rate as a meta-parameter.
In statistics, a measure called the percentile is used
to describe the distribution of values in a dataset.
Since the contamination rate estimates the pro-
portion of observations that may be considered
as STOF, the percentile can be used to calibrate
the detection criterion based on the distribution

contribution;(x,C) =

of error contributions. Hence, an observation is
considered as STOF in a feature if its error contri-
bution to this feature is greater than the (100-p)th
percentile of the contribution of others in the fea-
ture. Algorithm 2 presents the proposed STOFs
detection method. Although the contamination
rate is a meta-parameter, this study provides an
empirical analysis to determine a suitable default
value. Section 4.4 details this empirical analysis.

4.3 A robust sparse k-means
clustering against STOF
observations

This part of the paper presents RSKC-STOF (
robust sparse k-means clustering against STOF
observations) that leverages ESD and RKSA algo-
rithms to mitigate the impact of STOFs dur-
ing clustering. Having written the previous algo-
rithms, the final step is to write a complete,
robust sparse k-means algorithm wrapping them
together. The sparse k-means assigns a weight to
each feature that represents its respective contri-
bution: the weight w; of a feature at an iteration
is given by Equation (2) where «; is defined in
Equation (3). As STOF observations should not
impact the calculation of feature weights, the pro-
posed approach modifies y; values to remove their
influence. Indeed, «; is a function of the feature
mean pj, the center feature value z,; and the
observation values x;;. One need to compute ’y;-
based on the feature mean u;, the center feature
value z,; and the observation values z}; where
STOF observations with respect to feature j have
been removed. The expression of the weight of
each feature j becomes

_ sim()(gl - A)
w; = 5 - ; ; 2.
V0 sign(v) (| — A)

(6)

Notice that STOF observations are not removed
from the dataset, they are just not used when cal-
culating feature contributions. Algorithm 3 shows
the new sparse k-means.

In algorithm 3, STOF observations are not
suppressed, they just do not participate in the
feature weighting calculation.



Algorithm 1 robust k-means++ against STOF observations

Require: dataset D, number of clusters k&
Ensure: initial set of centers Z

1: randomly select the first center z; from the dataset D

2: initialize Z = {z;} and i = 2

3: while i < k do

4:

5:

6: if -STOF(D,x;) then
7 add x; to Z

8: Z++

9: end if

10: end while
11: return initial set of centers Z

compute the distance d(x) for each point x € D to its nearest center in Z
select x; € D as new candidate center with probability proportional to d(x;)?

Algorithm 2 ESD

Require: clusters C, contamination rate p
Ensure: STOF observations

1: Initialize clustering

2: repeat

3:  for each cluster C, € C do

4: for each feature j do

5: for each observation x; in cluster C, do

6: CI(,xi) = cluster C, deprived of x;

7: contributions; = error contributions of all points in cluster C,(,xi) for feature j with Equation
()

8: contribution;(x;) = error contribution of x; in cluster C,(;xi) for feature j with Equation (5)

9: if contribution;(x;) > Percentilejgg—, (contributions;) then

10: add observation x; to the list of identified STOF observations for the jth feature

11: else

12: observation is not STOF for this feature

13: end if

14: end for

15: end for

16: end for
17: until convergence

18: return the list of STOF observations for each feature

4.4 Determination of the default
contamination rate

To determine the optimal meta-parameters, vari-
ous studies in clustering generally proceed through
empirical studies [19, 20, 10, 5, 7, 21]. To deter-
mine the default contamination rate, this study
aligns with others and provides an empirical eval-
uation of the proposed ESD on two real datasets
(Iris and Lymphography). A commonly used cri-
teria to assess the quality of clustering methods, is

the intra-cluster inertia [19, 5]. The intra-cluster
inertia is generally considered an indicator of the
quality of clustering: the lower it is, the more
compact the clusters are [6, 19].

Because STOF observations deviate from oth-
ers and the centroid, they increase intra-cluster
inertia. Thus, by detecting and addressing them,
the intra-cluster inertia will progressively decrease
based on the relevance of the detected observa-
tions.



Algorithm 3 Sparse k-means Clustering Algorithm

Require: Dataset D, number of clusters k

Ensure: partition of D into k clusters and weights w; for each feature j of D.

1: initialize k initial centers using algorithm 1
« ege . o . . 1

initialize wy = ... = wp = va

repeat

S o R B

STOF observations

s r—1

. d W, —wW, _
7. until Zj:l ‘1107]1 <10 4
J

performing k-means on the scaled data, i.e., by multiplying each feature j by ,/w;.
detect STOF using ESD in each cluster and save them
keeping centers fixed, apply Equation (6) to calculate the weighting of each feature deprived of

8: return the cluster with the weight of each feature

Hence, for this empirical evaluation, the
ESD algorithm was applied in different datasets,
detected STOFs at varying contamination rates
(1% to 10%), and excluded them when comput-
ing intra-cluster inertia. The aim is to assess the
variation in intra-cluster inertia and the number
of STOFs detected across this range of contami-
nation rates.

Figure 2 and 3 present the variation of the
number of STOFs detected, the intra-cluster iner-
tia, on the Iris and Lymphography datasets.

Based on these figures, it is empirically observ-
able that, using a contamination rate of 0%, the
intra-cluster inertia is generally high at this point.
When the contamination rate increases to 1%,
the number of observations identified as STOFs
slightly increases, and the intra-cluster inertia
begins to decrease. At 2%, the number of detected
STOFs rises more noticeably, and there is a signif-
icant drop in intra-cluster inertia. Beyond this 2%,
although the number of STOF's continues to grow,
the decrease in intra-cluster inertia becomes much
less pronounced. This suggests that most of the
problematic observations are already identified by
this point, representing around 2% of the dataset,
which remains reasonable for these datasets.

Therefore, in this study, a default contamina-
tion threshold of 2% is adopted. However, this
threshold remains flexible and can be adjusted
depending on the characteristics of the dataset or
the specific goals of the analysis, as other outlier
detection methods.

5 Experiments

This section evaluates the proposed method on
several datasets. The proposed algorithms were
implemented in Python, and all experiments were
conducted on a 64-bit Windows 11 platform,
equipped with a Core i7 processor and 32 GB
of RAM. Three evaluations are conducted for
the initialization methods, the STOFs detection
algorithm and the sparse k-means framework
respectively.

5.1 Datasets

For this study, real and synthetic datasets were
used. The real datasets were the follow:

® [ris dataset: is a small dataset, containing 150
samples, each with four features, represent-
ing the characteristics of three flower species:
Setosa, Versicolor, and Virginica.

® Lymphography dataset: consists of 148 samples
with 18 categorical features, used to classify
lymphatic system conditions into four cate-
gories: normal, metastases, malign lymph, and
fibrosis.

® Wine dataset: it contains the results of chemical
analyses of wines from three distinct regions in
Italia, comprising 178 samples with 13 features.

® Diabetes dataset: it consists of 442 instances
with 10 features, reported in two classes. It
captures medical and demographic information
from patients with their diabetes status.

® Breast Cancer dataset: consists of 569 samples
with 30 features, related to characteristics of
breast cancer cases (corrected from the original,
which incorrectly mentioned diabetes).
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Lymphography dataset.

For the synthetic datasets, six reference
datasets were generated. The first three (Xi,
Xo, X3) with different sizes served as reference
datasets for evaluating the initialization (RKAS)
and STOFs detection (ESD) methods, while the
other three (Y7, Ya, Y3) were used to evaluate the
final sparse k-means algorithm. Table 1 presents
the information about these datasets.

To robustly evaluate the ESD and RKAS algo-
rithms, Monte Carlo simulations were employed,
50 variants for each reference dataset (Xp, Xo,
X3,Y7, Yo, Y3) were generated respecting their
specific characteristics.

The synthetic datasets were generated such
that each observation naturally belongs to a
specific cluster [22, 23]. This was achieved by
sampling data points from multivariate normal



Table 1 Description of X; and Y; datasets

Dataset  Features Observations Zero Features
X1 4 500 0

Xa 40 2000 0

X3 200 30,000 0

Y1 50 600 2

Ys 100 10,000 7

Ys 200 9,000 12

distributions N (u, 0?), where p is the mean and
o is the standard deviation. After generating the
datasets, STOFs and outliers were injected follow-
ing the framework proposed by Pei et al. [22].

Pei et al. [22], define multiple levels of dif-
ficulty for introducing outliers. The first level
corresponds to a scenario where no outliers are
explicitly added, and anomalies result solely from
the randomness of the data generation process.
The second level involves introducing a small per-
centage of outliers, randomly placed within the
regions occupied by clusters. In this study, both
types of outliers were considered, with STOFs
and outliers injected at different proportions. For
each of the 50 variants, parameters were randomly
sampled as follows:

® Number of features and observations: sampled
according to the size in Table 1.

® Proportion of STOFs and outliers: sampled
between 0% and 15%.

e Standard deviation (o): sampled between 1 and
20.

5.2 Initialization technique
evaluation

The primary objective of the proposed RKAS ini-
tialization technique is to ensure that the initial
centroids do not include STOF observations. In
the context of robust initializations, it is crucial
that the initial centers do not exhibit outliers. To
evaluate the effectiveness of RKSA, it is essential
to consider scenarios where STOFs and outliers
are present. The generated variants of X1, Xo, X3
and two real datasets were used.

The proposed initialization algorithm and the
ROBIN algorithm were executed consecutively on
the 50 variants of the generated datasets. For
each execution, the number of outliers and STOF's
selected as initial centroids was recorded. Table 2
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presents the accuracy, with 95% of confidence,
of the proportion of STOFs (P(-STOF)) and
outliers (P(—0)) that are not selected as initial
centers by the algorithms in the different datasets.

From this table, it can be observed that RKAS
is more robust than ROBIN initialization in avoid-
ing STOF observations in initial centers. It is also
robust against outliers. In contrast, the ROBIN
algorithm often selects STOF observations as
centroids, but generally robust against outliers,
highlighting the superiority of RKAS in terms of
STOFs.

Table 2 Success rate of RKSA and ROBIN in avoiding
outliers and STOF.

Dataset Method P(-0) P(~STOF)

X1 RKSA 100% 91.50+3.50%
ROBIN 100% 81.46+8.54%

Xo RKSA 100% 78.75+8.91%
ROBIN 100% 67.25+9.92%

X3 RKSA 100% 83.75+7.25%
ROBIN 100% 66.18+10.35%

Breast C RKSA 100% 100%
ROBIN 100% 100%

Wine RKSA 100% 100%
ROBIN 100% 100%

5.3 STOF's detection evaluation

The robustness of the proposed ESD algorithm
is evaluated based on its performance on STOFs
detection. Hence, this algorithm and three other
outlier detection algorithms were tested on previ-
ously established datasets. The datasets X1, Xs
and X3 were used. For each dataset, the percent-
age of STOF observations correctly identified by
these algorithms was reported. Table 3 presents
the accuracy on the different datasets at 95% of
confidence. ESD algorithm performs best because
it detects STOFs on features independently, in
contrast to the classic outlier detection algorithms.

5.4 Evaluation of the Final
algorithm

The effectiveness of the proposed robust sparse k-
means algorithm is evaluated based on four key



Table 3 Accuracy of several algorithms in
STOFs detection at 95% of confidence.

Dataset Method Accuracy

X1 ESD 71.1243.47%
LOF 33.2943.96%
OoDC 44.124+4.96%
IQR 39.43+2.61%

Xo ESD 68.261+5.78%
LOF 45.6913.69%
OoDC 40.16+£5.37%
IQR 37.244+2.78%

X3 ESD 81.16+£5.39%
LOF 50.114+5.22%
ODC 57.94+2.45%
IQR 47.07+2.03%

aspects: clustering quality, robustness in feature
selection in the presence of STOF observations,
and interpretability.

To evaluate robustness in feature selection,
the proposed sparse k-means and other variants
were applied to the 50 generated variants of the
datasets Y7, Y3, Y3, and the pertinence of feature
weights was assessed at each step. Originally, these
datasets contain some features with all values set
to zero as describe in the Table 1. These features
are not supposed to play any role in the algo-
rithm. However, a very small proportion of STOF's
and outliers was intentionally added to them. The
effectiveness of each method in detecting zero fea-
tures across various datasets is evaluated. Table 4
shows the accuracy of different approaches in iden-
tifying zero features at 95% confidence across
50 generated datasets. The proposed sparse k-
means demonstrates greater robustness in feature
selection compared to other approaches.

For clustering quality evaluation, the proposed
robust sparse k-means variant and other sparse
k-means variants were executed on several real
datasets (Iris, Wine, Breast Cancer, Diabetes).
Each time, the ratio between the Within-Cluster
Sum of Squares (WCSS) and the Between-Cluster
Sum of Squares (BCSS) [19] was computed. A
lower value of this ratio generally indicates bet-
ter clustering quality. This criterion is particularly
emphasized in sparse k-means, as feature values
are multiplied by their respective weights at each
iteration. Table 5 presents the WCSS/BCSS
ratio achieved by each algorithm, along with the
number of removed observations. It highlights
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that, although RSKC-STOF does not remove any
observations, it consistently produces high-quality
clusters.

For interpretability, the proposed sparse k-
means and others were executed in several real
datasets, and at the end of the algorithms, the
feature weight was computed. Tables 6, 7 and 8,
illustrate the feature weights obtained by RSKC-
STOF and that of Brodinova et al. on various
datasets. The results show that RSKC-STOF
identifies a higher number of zero features com-
pared to Brodinova et al. By detecting STOFs,
RSKC-STOF reduces extremely low feature con-
tributions to zero, offering a dual advantage:
enhanced interpretability of results and improved
axis selection during visualization.

Table 4 Percentage of correct Zero Feature
detections by different algorithms on several datasets.

Dataset Method P (Zero Features)
Y1 Sparse k-means [7] 18.53+2.09%
Brodinovd et al. [16] 53.15+4.85%
RSKC-STOF 89.814+3.19%
Ys Sparse k-means [7] 31.154+3.95%
Brodinovi et al. [16] 69.83+£2.17%
RSKC-STOF 87.57+3.43%
Y3 Sparse k-means [7] 12.45+3.55%

49.48+4.06%
65.73+4.27%

Brodinovi et al. [16]
RSKC-STOF

6 Conclusion and future works

Interpretability and feature selection are impor-
tant tasks for clustering. This paper has intro-
duced a variant of the sparse k-means algorithm
aiming to simultaneously detect clusters, outliers
and STOFs, while strengthening the feature selec-
tion. The proposed RSKC-STOF approach aims
to make the feature selection more robust, while
proposing a new initialization and new meth-
ods for detecting outliers and STOF observations.
RSKC-STOF is geared towards improving the per-
formance of the popular sparse k-means algorithm
for real-world data, which may potentially contain
both outliers and STOF observations. Although
this approach improves the robustness and inter-
pretability of the sparse k-means algorithm, it has
certain limitations. It is primarily designed for



Table 5 WCSS/BCSS ratio and number of deleted observations on several datasets.

Dataset Method Deleted Observation WCSS/BCSS
Iris Sparse k-means [7] 0 0.082
Brodinové et al. [16] 6 0.068
RSKC-STOF 0 0.042
Breast Cancer Sparse k-means [7] 0 0.41
Brodinové et al. [16] 27 0.38
RSKC-STOF 0 0.35
Wine Sparse k-means [7] 0 0.19
Brodinové et al. [16] 7 0.17
RSKC-STOF 0 0.13
Diabetes Sparse k-means [7] 0 0.23
Brodinova et al. [16] 6 0.22
RSKC-STOF 0 0.18

Table 6 Comparison of feature weights on the Iris dataset.

Final Feature Weights

451 x 1077
491 x 1077

Brodinova et al.

RSKC-STOF 0.0

3.7 x 10715

1x 1076
1x 1076

1.0
1.0

STOF observations and may not be effective in
handling missing values, which can also introduce
bias in variable selection evaluation. Furthermore,
this method relies on a contamination thresh-
old determined empirically. This threshold can
be adjusted by the user based on their needs
and analysis objectives. However, this poses a sig-
nificant limitation when the user lacks in-depth
knowledge of their data, and the default threshold
(2%) is not optimal for their specific application.
A potential direction for future research would
be to develop adaptive techniques based on sta-
tistical concepts, allowing for an analytical and
automatic determination of the contamination
threshold. Also, we plan to enhance the proposed
RSKC-STOF to handle missing values.
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