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Abstract: Clustering is a very popular computational technique that, because of imperfect
data, is often applied in the presence of some kind of uncertainty. Taking into account
such an uncertainty (and model), the computational output accordingly contributes to
increasing the accuracy of the computations and their effectiveness in context. However,
there are challenges. This paper presents a literature review on the topic. It aims to identify
and discuss the associated body of knowledge according to a cross-domain perspective. A
semi-systematic methodology has allowed for the selection of 68 papers, prioritizing the
most recent contributions and an intrinsic application-oriented approach. The analysis has
underscored the relevance of the topic in the last two decades, in which computation has
become somewhat pervasive in the context of inherent data complexity. Furthermore, it has
identified a trend of domain-specific solutions over generic-purpose approaches. On one
side, this trend enables a more specific set of solutions within specific communities; on the
other side, the resulting distributed approach is not always well integrated with the main-
stream. The latter aspect may generate a further fragmentation of the body of knowledge,
mostly because of some lack of abstraction in the definition of specific problems. While in
general terms these gaps are largely understandable within the research community, a lack
of implementations to provide ready-to-use resources is critical overall. In more technical
terms, solutions in the literature present a certain inclination to mixed methods, in addition
to the classic application of Fuzzy Logic and other probabilistic approaches. Last but not
least, the propagation of the uncertainty in the current technological context, characterised
by data and computational intensive solutions, is not fully analysed and critically discussed
in the literature. The conducted analysis intrinsically suggests consolidation and enhanced
operationalization though Open Software, which is crucial to establish scientifically sound
computational frameworks.

Keywords: clustering; uncertainty modelling; uncertainty management; unsupervised
learning; data analysis; data mining

1. Introduction

Empirical observations show an increasing quantity of data with a degree of
uncertainty [1]. Indeed, real-world data naturally tend to present uncertainty due to
different factors including, among others, human or instrumental errors [2], randomness,
imprecision, vagueness, and partial ignorance [3]. In general terms, the theoretical im-
pact of data uncertainty, as well as the risk associated with ignoring it (e.g., [4,5]), is a
well-known issue within the scientific community and is, indeed, largely addressed in
the literature. In general, it is strongly suggested that, wherever possible, a proper and
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explicit uncertainty model should always be used to effectively support representation,
visualization [6], measuring/quantifying, and consequent analysis. From a more practical
perspective, more and more studies present a specific focus on uncertainty in a variety
of application domains, such as, among the many methods, budget impact analysis [7],
organizational environments [8] and hydrological data [9]. Such critical modelling is intrin-
sically challenging and may require a domain-specific approach, such as Big Data [10,11],
visualization [12] and Deep Learning [13].

On the other side, clustering techniques [14] group data points into different cate-
gories (clusters) based on their similarity, computed according to a given formal metric.
These techniques have been extensively used in a general scientific context and traditional
approaches keep evolving as a response to an environment characterised by evolving
needs [15]. For instance, clustering is a common class of unsupervised learning [16], often
adapted to achieve concrete goals in the different application domains (e.g., [17]), and meth-
ods such as formal classification [18], ontological modelling [19,20], and rule mining [21]
commonly rely on clustering techniques.

Intuitively, clustering in a context of uncertainty, or even just potential uncertainty, pro-
poses additional significant challenges on both (i) modelling similarity between uncertain
objects and (ii) developing effective and efficient computational methods accordingly [22].
Alternative approaches to deal with uncertainty can be used for different reasons in different
contexts. A classification of these techniques is not trivial. For instance, in [23], the authors
have identified two main broad categories that aim, respectively, to complement and to
generalise probabilistic representations. The former family addresses non-probabilistic
uncertainty (typically imprecision, vagueness, or gradedness), while the latter targets the ef-
fective modelling of partial ignorance. More holistically, looking at extensions of traditional
methods, three main categories have been summarised in [22]: partitioning clustering,
density-based clustering, and possible world approaches. The resulting extended solutions
integrate the original semantics with uncertainty modelling.

In continuity with an established body of knowledge, this papers aims to holistically
review the most recent contributions and related advances in the field of clustering in the
presence of uncertainty. Indeed, computational frameworks are continuously evolving
as a response to emerging applications and changing requirements. Such a process is
a driver for novel solutions, such as Deep Embedded Clustering [24] and Graph Neu-
ronal Networks [25], as well as a determinant to adapt and apply existing techniques
and methods. The explicit application focus further contributes to consolidate the body
of knowledge in the field according to a cross-domain perspective resulting from a con-
textual analysis performed in the context of the most relevant computational trends and
related applications.

1.1. Related Work

This work can be framed in the very broad context of uncertain data algorithms
and applications [26]. A valuable review specifically on clustering has been provided in
2017 [3]. The focus of such a work is on uncertainty management and associated theoretical
formalisms. Other concise contributions aiming at summarising the body of knowledge
(e.g., [1,23]) are definitely valuable but also relatively dated, given the strong and constant
advances in the computational world.

This paper provides an additional contribution to the body of knowledge in the field by
addressing an application perspective with a focus on recent advances. Such an approach
minimises the overlapping with existing reviews by integrating the already consolidated
theoretical foundations with an application-oriented analysis. As explained later on in the
paper (Section 3), the analysis framework has been designed accordingly.
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1.2. Previous Work

A preliminary version of the paper has been published in 2024 at the International
Conference in Computational Science (ICCS 2024) [27]. The conference version proposes a
concise, yet self-contained, analysis that has been extended to provide a more exhaustive
contribution by:

¢  Explanations have been enhanced and a conceptualization (Section 2 has been added,
and most parts of the paper have been broadened accordingly).

e Extending the critical analysis and discussion in Sections 4 and 5.

*  Generic improvement, as the paper has been holistically revised in all its parts.

These extensions provide a clear added value to the original work from both a concep-
tual and a critical point of view.

1.3. Structure of the Paper

The introductory part of the paper follows with a more extensive conceptual descrip-
tion of clustering in presence of uncertainty (Section 2) and is concluded by a description
of the adopted methodology (Section 3). The core part of the paper includes two different
sections that aim, respectively, to overview the most relevant contributions in the literature
according to a cross-domain perspective (Section 4) and to discuss the results by looking at
major gaps and challenges (Section 5). Finally, Section 6 provides an overview of the work.

2. Clustering with Uncertainty

Clustering is an intuitive concept that aims to partition a given data space by grouping
data objects into different clusters according to their characteristics. Clustering techniques
typically identify existing similarities among data points to provide consistent classification.

From a Knowledge Engineering perspective, this data classification from a uniform
data space may be considered crucial, if not determinant, to establish semantics and, more
in general, to support the application of advanced computational systems. The conceptual
relevance of clustering has been historically recognised (e.g., [28]), as well as its practical
relevance across the different disciplines (e.g., [29]).

A simplified overview of the clustering concept (Figure 1) assumes two main generic
driving factors that determine the result: the method, understood as the technique to
cluster data, and the number of clusters to consider. The former defines the similarity
criteria, while the latter is normally estimated heuristically (e.g., by adopting the elbow
method [30]). A relatively recent work [31] proposes a consistent taxonomy of clustering
approaches. It distinguishes between two main classes (hierarchical and partitional) and
defines a number of sub-classes accordingly.

Depending on the nature of the considered data (e.g., dimensionality), its distribution
in the space and the adopted clustering technique, we may observe considerably different
areas of potential overlapping (Figure 2). Such areas normally include data objects that
are similar with characteristics that are borderline, meaning that their association with one
cluster or another is determined by small values of the considered metrics. It intrinsically
suggests a probabilistic approach over a more traditional Boolean logic to associate a data
point to a given cluster. Indeed, probabilistic models potentially allow for uncertainty iden-
tification, as well as its quantification and consequent incorporation as part of the algorithm
output. For applications that are sensitive or critical in nature (such as, among many, medi-
cal diagnostics, cybersecurity, and decision making), the clustering-induced uncertainty
may be as impactful as the more explicit underlying data uncertainty.
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Figure 2. Areas of potential overlapping in the partition.

An explicit uncertainty is introduced by imperfect data, as discussed early on in the
paper. As shown in Figure 3, such an imperfection is related to a probabilistic representation
of data. Indeed, while “perfect” data are uniquely associated with a point in the data space,
the representation of imperfect data is associated with a probabilistic pattern. Given a
uncertainty in the input data, the outcome of clustering is expected to reflect that uncertainty.
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Figure 3. From “perfect” data to uncertainty.

In traditional clustering, a given data point is assigned to a single cluster according to
Boolean logic. Clustering with uncertainty adopts a probabilistic logic instead, normally as-
suming that data points can potentially belong to multiple clusters. The most popular class
of solutions adopts Fuzzy Logic [32], while other approaches for Uncertainty Quantification
(UQ) in the specific field of clustering are based, among others, on Variation Inference for
approximating complex probability densities [33], Deep Embedded Clustering [24] and
related variants, and Graph Neuronal Networks [25]. However, because of the foci of
this work, which prioritizes an application perspective, an explicit emphasis on emerging
solutions may be limited.

3. Methodology and Approach

In order to generate a tangible contribution to the body of knowledge and avoid, as
much as possible, overlapping and a lack of depth, this literature review has been con-
ducted by combining a typical systematic process with non-systematic practices. The latter
have been considered to address a focused search in a context where terminology may
present a significant diversity. Indeed, while the very generic keywords adopted to retrieve
papers from the different databases cannot assure comprehensiveness, snowballing from
related references enables broader exploration capabilities. Additionally, the relatively soft
inclusion criteria to properly address a cross-domain perspective intrinsically reduce the
systematic character of the method.

The mainstream process assumes, as usual, paper retrieval from relevant databases.
In this specific case, queries have been performed by simply combining two main keywords,
namely Clustering and Uncertainty, to put emphasis on contributions that explicitly deal with
uncertainty. Overall, the adopted methodology reflects an attempt to capture and critically
re-elaborate an application perspective, rather than re-proposing the typical algorithm-



Informatics 2025, 12, 38

6 of 18

based analysis. The latter is extremely interesting but also already largely addressed in
the literature.

3.1. Selection Criteria and Saturation

The selection of the papers to include in the review has been performed by applying a
critical analysis aimed at the identification of the most relevant contributions in the field.
The aimed application-oriented analysis inherently suggests a focus on “modern” systems.
However, because of the objective difficulty to translate such an abstracted concept into a
predefined time-range, a preliminary scanning has been performed. Looking at the scale
and complexity of the different systems, as well as at the related technological evolution,
this preliminary phase has suggested a focus on the last two decades (2005 onward). Such
a time-frame seems effective to narrow the search, highlight the most recent advances in
context, and maximise the provided value. The relatively soft selection criteria enabled the
retrieval of an important number of papers. However, the selection process has in fact been
much more focused. Indeed, after a number of iterations, a feeling of saturation naturally
emerged as contributions started to present consolidations of existing concepts rather than
novel solutions. This additional non-systematic element has been a determinant to facilitate
de facto conciseness at a relevant scale.

3.2. Analysis Framework and Limitations

The analysis has been conducted according to two major dimensions: domain and
approach. The former dimension aims primarily to distinguish between generic-purpose
and domain-specific solutions, while the latter wants to facilitate an overview of major
techniques. The presentation of the review (Section 4) has been structured by looking
at the domain. Indeed, the classification of the different approaches is intrinsically more
fragmented and not always explicit. In general terms, the classification followed the claims
by authors and the original analysis. Non-systematic practices may have introduced biases.
This applies mostly to selection criteria. Additionally, because of the high number of
existing works distributed in a variety of domains, it is hard to assess the exhaustiveness
of the review. Last but not least, no qualitative analysis has been conducted to minimise
subjective assessments given the objective difficulty to identify reasonable criteria consistent
with this specific case study.

4. A Cross-Domain Analysis

This section has a descriptive focus as it provides an overview of the contributions
included in this study. It is structured to reflect a double perspective, including an approach
and a domain analysis. The former (Section 4.1) focuses on the underlying methods, while
the latter (Section 4.4) overviews the application domain and, indirectly, the related sources
of uncertainty.

4.1. Approach Analysis

We deal separately with solutions that present a completely generic focus (referred to
as “generic-purpose” and reported in Table 1) and those that have been designed within
a specific application domain (“domain-specific”, Table 2). This generic classification
naturally introduces a cross-domain analysis. However, there are not always well-defined
boundaries, as certain applications as identified in the context of this work may present a
certain degree of genericness.
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Table 1. Generic-purpose selected contributions.

Title/Ref. Year Approach
Cloud-Cluster: An uncertainty clustering algorithm based on cloud model [34] 2023 Method
Outlier-robust multi-view clustering for uncertain data [35] 2021 Multi-view Clustering
Multi-view spectral clustering for uncertain objects [36] 2021 Multi-view Clustering
Modeling uncertain data using Monte Carlo integration method for clustering [37] 2019 Monte-Carlo
Optimal clustering under uncertainty [38] 2018 Method

Locally weighted ensemble clustering [39] 2017 Ensemble Clustering
Self-adapted mixture distance measure for clustering uncertain data [40] 2017 Method

Novel density-based and hierarchical density-based clustering algorithms for uncertain data [41] 2017 Hierarchical Clustering
An information-theoretic approach to hierarchical clustering of uncertain data [42] 2017 Hierarchical Clustering
Active Clustering with Model-Based Uncertainty Reduction [43] 2016 Active Clustering
Robust ensemble clustering using probability trajectories [44] 2015 Ensemble Clustering
Large margin clustering on uncertain data by considering probability distribution similarity [45] 2015 PD Similarity
Representative clustering of uncertain data [46] 2014 Framework
Active spectral clustering via iterative uncertainty reduction [47] 2012 Active Clustering
Minimizing the variance of cluster mixture models for clustering uncertain objects [48] 2012 Method
Clustering uncertain data based on probability distribution similarity [22] 2011 PD Similarity
Clustering uncertain data using voronoi diagrams and r-tree index [49] 2010 Method
Subspace clustering for uncertain data [50] 2010 Sub-space clustering
Exceeding expectations and clustering uncertain data [51] 2009 Optimization
Clustering Uncertain Data with Possible Worlds [52] 2009 Method
Clustering Uncertain Data Via K-Medoids [53] 2008 Method

A hierarchical algorithm for clustering uncertain data via an information-theoretic approach [54] 2008 Hierarchical Clustering
Clustering Uncertain Data Using Voronoi Diagrams [55] 2008 Voronoi diagrams
Uncertain fuzzy clustering: Insights and recommendations [56] 2007 Fuzzy Logic
Uncertain fuzzy clustering: Interval type-2 fuzzy approach to c-means [57] 2007 Fuzzy Logic
Density-based clustering of uncertain data [58] 2005 Fuzzy Logic
Hierarchical density-based clustering of uncertain data [59] 2005 Fuzzy Logic
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Table 2. Domain-specific selected contributions.

Title/Ref. Year Approach Domain
Stochastic economic dispatch of wind power under uncertainty using clustering-based extreme scenarios [60] 2024 Stochastic Model Energy
Uncertainty clustering internal validity assessment using Fréchet distance for unsupervised learning [61] 2022 Fuzzy Logic Machine Learning
A three-stage automated modal identification framework for bridge parameters based on frequency uncertainty and density clustering [62] 2022 Method Engineering
Clustering uncertain graphs using ant colony optimization (ACO) [63] 2022 Optimization Graphs
Uncertainty-Aware Clustering for Unsupervised Domain Adaptive Object Re-Identification [64] 2022 Hierarchical Clustering Machine Learning
Decision-based scenario clustering for decision-making under uncertainty [65] 2022 Method Decision Making
Active domain adaptation via clustering uncertainty-weighted embeddings [66] 2021 Active Learning Machine Learning
UAC: An Uncertainty-Aware Face Clustering Algorithm [67] 2021 Method Face Recognition
Uncertainty assessment in reservoir performance prediction using a two-stage clustering approach: Proof of concept and field application [68] 2021 Method Petroleum Science
Handling uncertainty in financial decision making: a clustering estimation of distribution algorithm with simplified simulation [69] 2020 Method Decision Making
Ride-sharing under travel time uncertainty: Robust optimization and clustering approaches [70] 2020 Method Transportation
Deep semantic clustering by partition confidence maximisation [71] 2020 Method Machine Learning
Uncertainty mode selection in categorical clustering using the rough set theory [72] 2020 Rough Set Categorical Data
Clustering of electrical load patterns and time periods using uncertainty-based multi-level amplitude thresholding [73] 2020 Fuzzy Logic Energy
Efficient Assessment of Reservoir Uncertainty Using Distance-Based Clustering: A Review [74] 2019 Review Petroleum Science
Big-data clustering with interval type-2 fuzzy uncertainty modeling in gene expression datasets [75] 2019 Fuzzy Logic Genetics
Clustering mining blocks in presence of geological uncertainty [76] 2019 Method Geology
Efficient and effective algorithms for clustering uncertain graphs [77] 2019 Optimization Graphs

A three-way clustering approach for handling missing data using GTRS [78] 2018  Three-way Clustering Missing Data
Clustering uncertain graphs [79] 2017 Method Graphs
Novel adaptive multi-clustering algorithm-based optimal ESS sizing in ship power system considering uncertainty [80] 2017 Optimization Energy
Multiple clustering views from multiple uncertain experts [81] 2017 Bayesian Model Collaborative Environments
Uncertain data clustering in distributed peer-to-peer networks [82] 2017  Distributed Clustering P2P Network
Efficient clustering of large uncertain graphs using neighborhood information [83] 2017 Framework Graphs
Clustering based unit commitment with wind power uncertainty [84] 2016 Method Energy

A framework for clustering uncertain data [85] 2015 Framework Visualization
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Table 2. Cont.

Title/Ref. Year Approach Domain
Efficient clustering of uncertain data streams [86] 2014 Method Data Stream
Uncertain data clustering-based distance estimation in wireless sensor networks [87] 2014 Method Wireless Sensor Network
Weighted graph clustering with non-uniform uncertainties [88] 2014 Optimization Graphs
Clustering large data with uncertainty [89] 2013 Fuzzy Logic Large Data
Reliable clustering on uncertain graphs [90] 2012 Possible Worlds Graphs
Clustering uncertain trajectories [91] 2011 Method Location Data
Hue-stream: Evolution-based clustering technique for heterogeneous data streams with uncertainty [92] 2011  Method Data Stream

An algorithm for clustering heterogeneous data streams with uncertainty [93] 2010 Method Data Stream
On high dimensional projected clustering of uncertain data streams [94] 2009 Method Data Stream
Clustering trajectories of moving objects in an uncertain world [95] 2009 Method Location Data
A Framework for Clustering Uncertain Data Streams [96] 2008 Method Data Stream
Conceptual clustering categorical data with uncertainty [97] 2007  Quality Assessment Categorical Data
Including probe-level uncertainty in model-based gene expression clustering [98] 2007 Method Genetics
Puclust: an v package for assessing the uncertainty in hierarchical clustering [99] 2006 Hierarchical Clustering Genetics
Uncertain Data Mining: An Example in Clustering Location Data [100] 2006 UK-Means Location Data
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4.2. Generic-Purpose Solutions

Among the generic-purpose works, there are two clearly identifiable sub-sets of solutions
adopting, respectively, mixed (or not uniquely classifiable) methods [34,38,40,48,49,52,53] and
Fuzzy Logic [56-59]. This is somehow in line with the key concepts previously introduced
in the paper, as the application of Fuzzy Logic is probably the most common approach to
deal with uncertainty in this specific context. On the other side, hybrid approaches are
largely understandable in a context of inherent complexity.

Smaller classes of solutions adopt different clustering techniques to deal with un-
certainty: Hierarchical Clustering [41,42,54], which builds a hierarchy of clusters [101];
Ensemble Clustering [39,44], which is based on the concept of “consensus” [102]; Multi-
view Clustering [35,36], which explicitly overcomes the traditional single view for cluster-
ing [103]; and Active Clustering [43,47].

The probabilistic approach is relatively popular [22,45], while other methods are based
on different approaches, including framework-based solutions [46], Voronoi diagrams [55],
Monte Carlo [37], optimization strategies [51] and Sub-space Clustering [50].

4.3. Domain-Specific Solutions

Mixed methods [62,65,67-71,76,79,84,86,87,91-96,98], as well as Fuzzy Logic [61,73,75,89],
Hierarchical Clustering [64,99], Optimization [63,77,80,88], and framework-based ap-
proaches [83,85] play a significant role also in a context of domain-specific applications.
Other contributions include the adaptation of traditional techniques [100], quality as-
sessment [97], Possible Worlds [90], Distributed Clustering [82], Bayesian Modeling [81],
Three-way Clustering [78], a review for assessment purposes within a specific domain [74],
rough set theory [72], Active Learning [66] and Stochastic Models [60].

4.4. Domain Analysis

As reported in Table 2, in the original contributions uncertainty is often related to
computational techniques. That is in line with the modern popularity of soft computing,
which normally assumes imprecision, uncertainty, partial truth, and approximations [104]
and explains the notable focus on machine learning, graphs, and data streams.

Similarly, an alternative perspective of analysis associates the uncertainty with the
characteristics of data. Apart from the already mentioned data streams, examples included
in this review are a large dataset, location, and categorical data.

Looking at the applications, the review is characterised by a certain fragmentation
with an emphasis on big generic domains.

5. Discussion

In order to critically discuss the review, the next section is structured in different
subsections to address an overview of the results (Section 5.1), followed by a critical
analysis of the major gaps emerging (Section 5.2) and, finally, more holistic considerations
(Sections 5.3 and 5.4).

5.1. Overview

In quantitative terms, the majority (62%) of the 68 papers selected within the time range
2005-2024 are journal articles. A similar percentage (60%) presents a domain-specific focus.
As shown in Figure 4, such a trend becomes more consistent and somehow predominant
from 2018 onward. More holistically, the study confirms a substantial research interest in
the topic throughout the observation period.
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Figure 4. The distribution over the time of the selected contributions.

The analysis conducted in this study, based on soft classification, provides us with an
overview of the application domain (Figure 5a). Looking at the 41 domain-specific papers,
as expected, generic application fields, such as graphs, data stream, and machine learning, are
quantitatively more relevant, both with large domains (e.g., energy, genetics, and location
data). At a more fine-grained level, the review has identified a diverse spectrum reflecting a
generic need for clustering in the presence of uncertainty.
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(a) Application domain.
Figure 5. Cont.
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(b) Approaches characterizing the selected solutions.

Figure 5. Analysis overview.

A more technical perspective is summarised in Figure 5b. A consistent amount (38%)
of the considered papers propose a mixed-method approach, which is generically referred
to as method in the adopted analysis framework. While potentially valuable in a domain
specific context from an application perspective, in general terms these works are less
prone to generalisation or actual innovation in the field. Fuzzy Logic, Optimization, and
Hierarchical Clustering are the most popular approaches. They intrinsically constitute the
backbone of the identified body of knowledge by providing reference solutions in the field.
In addition, to note, a focus has been placed on analysis frameworks, on Multi-view Clustering,
Probability Distribution Similarity, Ensemble and Active Clustering. This last set of works may
be understood as a further consolidation by providing a variety of techniques and methods
to adapt to the different applications.

5.2. Major Gaps and Challenges

From a critical perspective, the analysis conducted has allowed fpr the identification
of a number of gaps other than those originally reported in the different contributions that
are summarised in Table 3.

Table 3. Main gaps.

Gap
G1 Lack of freely available implementations to provide ready-to-use computational resources.
G2 The relationship between generic-purpose and domain-specific solutions os not always clear,
namely, ad-hoc solutions do not always place an emphasis on their characteristics and peculiarities.
G3 A fine-grained application-specific approach that does not facilitate re-use in a different context.
G4 There is a tangible lack of abstraction in domain-specific approaches, which often focus on a
specific problem without formally defining it. This does not allow for reasoning in terms of the classes of problems.
Despite the existence of a well-identified class of methods and techniques, the solutions proposed in the different works
G5 . . . - .
are not always discussed in context looking at the existing body of knowledge, namely the already existing approaches.
G6 The propagation of uncertainty across the different steps in the current technological context

characterised by data and computational intensive solutions is not fully analysed and critically discussed.
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The review has reiterated the practical relevance of clustering in presence of uncer-
tainty. In such a context, ready-to-use resources in the computational world are crucial and
a determinant to consolidate and properly transfer innovation into practice (G1). Classic al-
gorithms are implemented as part of more generic computational packages, while possible
alternative approaches discussed in the literature are not converging towards more specific
computational libraries.

The cross-domain focus has highlighted and put emphasis on applications to solve
real-world problems. The relationship between generic-purpose and domain-specific
solutions is not always clear (G2). The fine-grained application-specific approach makes
re-use complex and costly (G3). This is because of a lack of abstraction in the formulation
of domain-specific problems (G4) with a consequent difficulty in generalizing solutions
or re-using existing ones in a different context. More in general, despite a well-identified
research field, solutions are not always discussed in context, looking at the existing body of
knowledge (G5).

Last but not least, the propagation of the uncertainty in the current technological
context characterised by data and computational intensive solutions is not fully analysed
and critically discussed in the literature (G6).

5.3. Consolidation and Operationalization Through Open Software

Looking more holistically at the analysis conducted, from a more conceptual perspective
that is consistent and fundamentally in line with another call for Open Science [105]. In this
specific case, the focus is on computational resources [106], so mostly on Open Software.

The potentially critical role of Open Science, open data and Open Software in the
research landscape has been extensively discussed in the literature in general terms, as well
as within specific domains (e.g., energy research [107]). It applies also to modern computa-
tional trends, such as machine learning, which enables an intersection of computer science
and statistics to build systems able to dynamically evolve through experience [108]. One of
the key factors underlying the recent advances in the field, as well as their application to
solve real world problems and develop advanced systems, is the availability of open-source
computational resources. This is perfectly aligned, in concept and practice, with Open
Science principles.

These considerations may definitely be generic. In this specific case, looking at the
research conducted, there is a tangible feeling that an approach more in line with Open
Science would probably allow for a faster and more effective consolidation of the existing
body of knowledge in the field, a more effective re-use and application of existing solutions,
as well as enhanced support for further evolution. Such a consolidation should facilitate
and enhance the operationalization of the different solutions by turning research outcomes
into computational resources effectively available for the community.

5.4. Clustering in a Data- and Computationally Intensive Society: Uncertainty Propagation

The intent and extent of clustering within the modern computational context may vary
significantly from case to case. While clustering techniques are extensively used in relatively
simple contexts, in general terms, it is reasonable to assume that in advanced computational
and data-intensive applications clustering is actually part of a multi-stage process.

Moreover, because of its inherent characteristic, it is often adopted in early stages
within complex solutions with a realistic assumption that the clustering output may be
the input of another contextual step. Therefore, there is an intrinsic risk to propagate
uncertainty issues at later stages, with a concrete impact that depends on the sensitivity of
the process or application. It is, for instance, the case with data pipelines, whose complexity
is constantly increasing, and decision-making processes, which often involve abstractions
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progressively built from lower-level data. It underscores the need for a proper uncertainty
modelling and management in clustering.

Classic examples that may present issues in terms of uncertainty propagation include,
among others, hybrid approaches to data analysis, where analysis is conducted applying
multiple techniques (e.g., [109]), exploratory research (e.g., [110]), data classification [111] and
multi-stage machine learning (e.g., [112]).

6. Conclusions

Given the popularity of clustering techniques within the modern computational world
and the intrinsic need to deal with uncertainty in the different application domains, this
concise literature review has provided a cross-domain analysis of the most recent solutions
in the field.

Such an analysis has underscored the relevance of the topic and the consequently
related research activity. A trend towards domain-specific solutions over generic-purpose
approaches seems to be dominant and has become more consistent in the last few years.
On one hand, this trend enables a more specific set of solutions within specific communities;
on the other hand, the resulting distributed approach is not always well integrated in
the mainstream and may generate a further fragmentation of the body of knowledge
(understood as accepted knowledge and skills required in a specific field or industry),
mostly because of some lack of abstraction in the definition of specific problems. Indeed,
looking at the specific field of clustering in the presence of uncertainty, such knowledge
is fragmented, as it is not always possible to understand how the different solutions are
related to each other and how they perform in a given application context.

While these gaps are largely understandable within the research community, address-
ing the lack of implementations to provide ready-to-use resources is critical overall, looking
at a more and more computational and data intensive world.

More holistically, this research has critically addressed the need for approaches more
aligned with an open philosophy and the provided considerations in context, looking at the
current computational trends that suggest a high risk of uncertainty propagation within
complex solutions.

Future analysis steps could be conducted according to a more abstracted and problem-
centric framework. Such an approach should be understood as a natural extension of the
cross-domain perspective object of this work, which should partially overcome some major
limitations by enabling a more qualitative analysis.
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