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Abstract

K-means clustering is widely used, but its iterative and initialization-
sensitive nature makes results hard to interpret, compare, and de-
bug, especially when multiple runs are needed to obtain a reliable
solution. This paper presents VISPEK, a visual interactive system
for progressive ensemble k-means clustering that helps users under-
stand how clustering results evolve and how agreement emerges
across runs. By combining Progressive Visual Analytics with an
ensemble-based strategy, VISPEK exposes intermediate results, sta-
bility and quality metrics, and similarities among runs, enabling
users to inspect, explain, and steer the clustering process before
convergence. In this way, VISPEK supports the interpretation of
consensus formation, highlights uncertainty, and helps users iden-
tify promising results early. We validate the approach through two
usage scenarios and an expert study with data science and ma-
chine learning experts, showing that VISPEK improves analysis
transparency while reducing time and computational effort.
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1 Introduction

Clustering is a widely used unsupervised method for exploring
datasets with little prior knowledge. Achieving high-quality results,
however, often requires iterative tuning, repeated runs, and high
computational cost. In k-means [32], these issues are compounded
by sensitivity to initialization: different runs can yield different out-
comes, making results harder to interpret and compare. In addition,
clustering quality is typically assessed only after execution, which
limits timely intervention and slows exploratory analysis.

To address these limitations, Interactive Machine Learning (IML)
introduced a human-in-the-loop approach [34], enabling users to
guide machine learning processes through feedback and interaction.
In parallel, Progressive Visual Analytics (PVA) [5] has shown how
partial results can support earlier insight and more effective steer-
ing during long-running computations. In this paper, we present
VISPEK, a visual interactive system for progressive ensemble k-
means clustering. By leveraging PVA principles, VISPEK exposes
intermediate clustering results during execution, rather than only
at the end of the process. This allows users to understand how
clustering evolves over time, how agreement emerges across runs,
and how stable and reliable intermediate results are. VISPEK relies
on the following strategies:

(1) to improve the quality of the clustering, it uses an ensemble-
based approach, in which each intermediate result is ob-
tained from an ensemble of partitions, guaranteeing a better
quality than classic k-means at every iteration and mitigating
this process;

(2) to produce a progression of results allowing human-in-the-
loop clustering, it generates a sequence of ensembles in a par-
allel fashion, leveraging on r k-means++ parallel processes
and presenting the user with a representative clustering for
each ensemble;

(3) to inform the user that it computes a set of stability and

quality metrics that can be used to analyze the progression

and manually steer it effectively at every iteration;

to speed up the clustering of large datasets, it provides a

convergence threshold that highlights the first partial result

with a quality comparable with the one of the final result;
such a threshold can be used to automatically trigger the
early termination of VISPEK, speeding up repetitive and iter-
ative analyses like, e.g., selecting the right k using the Elbow
Method [41].
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To further support repetitive tasks such as selecting the right k
with the Elbow Method [41], VISPEK also provides early-termination
mechanisms that identify partial results with quality comparable
to the final ones, reducing time and computational cost. Overall,
VISPEK turns clustering from a largely opaque post hoc activity
into a more transparent, explainable, and interactive process.

2 Background and Motivation

The k-means is the most popular clustering algorithm [23]. It gener-
ates k non-overlapping subsets (clusters) from a dataset of n points
in a RY space. The objective function of k-means is to minimize a
clustering metric called inertia, i.e., the sum of squared distances
between each data point and its assigned centroid. The algorithm is
iterative and works in four steps: 1) Initialization. Select k initial cen-
troids randomly or use a more careful method, e.g., k-means++ [6].
2) Assign each data point to the closest centroid. 3) Recalculate the
centroids as the mean of the data points of each cluster. 4) Repeat
Steps 2 and 3 until convergence, i.e., when centroids no longer
change significantly or when a maximum number of iterations
has been reached. At each iteration, which costs O(ndk), k-means
generates a clustering that is refined in the next iteration, thereby
decreasing inertia over time. Since k-means suffers from local min-
ima, it can produce suboptimal solutions depending on the initial
centroids (initialization). Different approaches for choosing a better
initialization have been proposed [23], among them, k-means++ [6]
has gained popularity for its simplicity, speed, and quality. Although
k-means++ improves the clustering results, it still suffers from lo-
cal minima. To illustrate this problem, we empirically evaluated
the variability of k-means++ results, even though it considerably
improves on the classic k-means with random initialization.

Datasets. The evaluations in this paper were conducted using 21
datasets. Eight of them are k-means benchmark datasets (S1, S2, S3,
S4) [20], (A1, A2, A3) [27], and Unbalanced [37]. The remaining ones
are real datasets from the UCI Machine Learning Repository [14]
(Balance Scale, Liver-disorders, Contraceptive Method Choice, Di-
abetes, Glass, Heart Statlog, Ionosphere, Iris, Segmentation, Sonar,
SPECTF Heart, Vehicles, Wine). The Appendix Section 1 provides
additional details about the datasets.

Variability of k-means++. To measure the variability of the k-
means++ results, we ran the algorithm on the 21 datasets. Given
that inertia and, in general, all clustering validity indexes [25] (e.g.,
Davies—Bouldin Index, Dunn Index, Silhouette, etc.) heavily rely on
the chosen parameter k, so we opted to assess each dataset using
ten distinct values. These values were selected as equispaced points
within the range [2, vn], where n represents the size of the dataset.
For each pair (dataset, k), we computed 100 runs of k-means++
with different initializations. The resulting clusterings had varying
inertia values. The optimal inertia (i.e., the minimum) was used as
a baseline for evaluating the variability. All the other results were
expressed as percentage differences relative to the best inertia. Then,
it was possible to aggregate the variation for each dataset and all k
values. Considering all datasets, k values, and 100 runs per pair, the
resulting inertia varied by up to 160% from the optimal obtained in
our experiments. The Appendix, Section 2, reports the full results
obtained. The same experiments were conducted with k-means
using random initializations, resulting in a variation in inertia of up
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to 3127%. To mitigate the risk of falling into suboptimal solutions, it
is common practice to generate an ensemble of partitions running
a k-means (or k-means++) algorithm multiple times with different
initializations and then choose the best result based on the lowest
inertia [6, 35]. In fact, by adopting this strategy, we increase the
chances of finding a better clustering solution.

3 Related Work

This paper touches on three main areas of research: ensemble meth-
ods for controlling clustering quality, the progressive approach
applied to computation to enable human-in-the-loop analysis, and
interactive visual analysis of clustering results.

Ensemble clustering. Ensemble clustering combines multiple clus-
tering results (partitions) into a single consolidated solution [40]. It
generally involves two steps: generating diverse partitions and ap-
plying a consensus strategy to obtain the final clustering. Diversity
can be achieved through multiple runs with different initializations
or parameters, different algorithms, or different data subspaces [9].
The goal of clustering ensembles is to improve robustness and so-
lution quality compared to individual clustering runs [1], and they
have been successfully applied in several domains, including bioin-
formatics and image analysis. Most existing approaches rely on
heterogeneous ensembles and produce results only after all runs
have completed, which can be computationally expensive and limit
user insight during execution [44]. In contrast, we adopt a homo-
geneous ensemble based on k-means and its variants and make
the ensemble process progressive, following the Progressive Data
Analysis and Visualization (PDAV) paradigm [16]. This allows in-
termediate results to be produced and inspected during execution,
improving efficiency and supporting earlier insight with limited
impact on clustering quality.

Progressive data analysis and visualization. Addressing scalabil-
ity issues and enabling fluent exploration of clustering results have
long been studied in the literature. Existing solutions span multi-
ple levels, including computation, visualization, and interaction.
Within this context, Progressive Data Analysis and Visualization
(PDAV) has emerged as a research discipline that investigates meth-
ods for producing and interacting with partial, intermediate results
during data analysis [16, 43]. Progressive Visual Analytics (PVA) is
a prominent instantiation of this paradigm, focusing on integrating
progressive computation with interactive visual interfaces to sup-
port early insight generation and user steering during long-running
analyses [39]. Mithlbacher et al.[34] hinted at the possibility of ap-
plying PVA techniques to data clustering; our proposal starts from
those hints to construct a PVA-based ensemble clustering (PEC)
and, on top of it, a visual analytics environment. To the best of the
authors’ knowledge, no proposal for using progressive data analysis
in ensemble clustering exists. The only proposal explicitly targeting
the progressive implementation of clustering is the work by Fekete
and Primet [17]: in this work, an algorithmic solution based on
mini-batch k-means is provided, allowing the user to see incremen-
tal results. This approach, however, suffers from all the problems of
a single run of k-means i.e., sensitivity to the choice of initial seeds
and to the estimation of the quality of the final clustering result.
To overcome these problems, our approach builds on the idea of
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exploiting PVA but differs by using ensemble clustering techniques
to gain greater control over the quality of the resulting clustering.
Moreover, we provide a fully featured visual analytics environment
for interactive exploration and steering of PEC results.

Interactive analysis of clustering. Applying Progressive Visual
Analytics (PVA) to ensemble clustering enables user involvement
during the clustering process, improving decision-making through
early feedback and steering. A substantial body of work in Visu-
alization and Visual Analytics has explored interactive clustering
analysis, ranging from domain-specific systems (e.g., spatial, bioin-
formatics, and document clustering) to general-purpose visual ana-
lytic tools for cluster exploration and refinement. Representative
systems support operations such as cluster comparison, merging,
sub-clustering, and parameter tuning [12, 13, 29, 31]. Other ap-
proaches integrate prior user knowledge or guide users in select-
ing appropriate algorithms and parameters, sometimes leveraging
ensemble-based strategies [36]. Pister et al.[36] explicitly acknowl-
edge PVA as a way to overcome computation limitations encoun-
tered in their work. We propose a solution in this paper that fits this
gap. Fiol-Gonzalez et al. [19] introduce a visual analytic system to
study results from ensemble clustering. However, they address clas-
sic monolithic ensemble clustering and do not propose mechanisms
for progressive computation and related visualizations. However,
most of these solutions rely on classic monolithic computation,
producing clustering results only after all configurations have been
computed. As a consequence, they scale poorly as the number of
parameter combinations or dataset size increases, forcing users to
wait for lengthy precomputations before analysis can begin. Our
work addresses this limitation by supporting progressive computa-
tion and interaction, enabling users to explore and guide clustering
results as they are generated.

Lying at the intersection of those three areas, our proposal fo-
cuses on making available the clustering results in a progressive
way, while respecting the interaction time constraints associated
with the unit task completion activity [2, 42, 46]. While address-
ing identified challenges [8] in interactive clustering, such as im-
proving parameter selection, providing better guidance during the
process, enabling machine initiative through the introduced op-
timization to k-means, and ensuring comparability of results by
keeping track of the process followed by the analyst. The use of
ensemble clustering allows for higher-quality, more stable results,
while progression ensures interactive exploration of clustering al-
gorithm results by producing meaningful incremental results. The
user is allowed to explore the results of a clustering ensemble long
before its natural termination, fostering exploratory activities, e.g.,
by early-terminating a not useful analysis or early-detecting a bad
clustering configuration, making informed decisions sooner. All
those functionalities are implemented in the proposed visual ana-
lytics environment and have the benefits of reducing the needed
time for analyzing clustering results, controlling the quality of the
produced partial results, and allowing steering of the process, all of
it while keeping intact the exploration of clustering features that
other monolithic workflows provide to the analyst.

4 VISPEK

The cluster analysis procedure usually involves a series of trials and
repetitions of five steps [24, 45]. The Features selection step is the
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selection of distinguishing features from the original ones or their
transformation (extraction) into novel features. Algorithm design is
the selection and parametrization of the clustering algorithm, while
Clusters computation executes the clustering algorithm to obtain the
partition. During Cluster validation, effective evaluation standards
and criteria should support tasks such as determining the number of
clusters and assessing the meaningfulness of the results. There are
three main categories of testing criteria: external indices, based on
prior information about the data; internal indices, based on analysis
of the clustering structure of the original data; and relative indices,
based on comparisons of different clustering results. Finally, in
Results interpretation, experts in the data domain interpret the data
partition to obtain meaningful insights and evaluate the extracted
knowledge. These steps can be traced back to those in Dudley and
Kristensson’s workflow [15] for Interactive Machine Learning (IML),
i.e., Features selection, Model selection, Model steering, Termination
assessment, Quality assessment, and Transfer.

This paper explores the idea of accelerating the internal loop
(algorithm design - clusters computations - clusters validation) by par-
allelizing r runs of k-means. The conceptual architecture is shown in
Fig. 1. At every iteration j, the runs (p1, . . ., pr) produce an ensem-
ble E; of partitions. The intermediate result c; is the best partition
of the ensemble E;. The number of intermediate results (cy, . . ., cf)
equals the number of iterations in the longest run, and completed
runs contribute their last result to the ensemble.

Generating intermediate results via an ensemble is more reliable
than relying on a single run (Sec. 2). It enables the use of relative
indices alongside internal indices during evaluation. To make this
solution actionable, we explored how to inform the evaluation
of intermediate results and the monitoring (quality assessment),
steering (model steering), and termination (termination assessment)
of the progression. To support progression management, we have
selected a set of state-of-the-art PVA requirements [5, 7, 18] for both
computational and visual aspects. The requirements (Rxy) were
mapped to the three clustering steps that support the generation
of partial results. Appendix Section 3 provides further details on
the requirements. These were combined with the six key solution
principles proposed by Dudley and Kristensson [15] to design the
visual analytics system. Sec. 4.1 describes the metrics and means
that support the progression while Sec. 4.2 depicts the system.

4.1 Supporting the progression

The proposed solution can generate structure-preserving interme-
diate results (RM24) by construction, while the convergence prop-
erties of k-means and the selection of the optimal partition at each
iteration yield increasingly meaningful partial results (RS$14). How-
ever, it is necessary to determine supporting metrics and methods
to evaluate the progression and, if necessary, control it.

Metrics. We have identified three groups of metrics that enable
the user to assess the process’s progress, quality, and stability [4].
We chose the inertia for the progress due to its intrinsic link with
k-means. It is the metric the algorithm attempts to minimize, and
in the classic version, it is calculated at each iteration, requiring no
additional calculations. We used standard clustering quality metrics
[10, 25], such as the Calinski-Harabasz Score, the Davies—Bouldin
Index, the Dunn Index, and the Simplified Silhouette. To assess
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Figure 1: VISPEK computes a sequence of partial results c; us-
ing the ensembles E; generated by r = 3 parallel runs at each
iteration j, while standard ensemble clustering waits for all
runs to finish before producing c¢. The number of iterations
per run is variable, so the process duration is determined by
the longest run (p2); completed shorter runs (p; and p,, blue
borders) contribute their final result to successive ensembles.

stability, we defined the Local Stability and Global Stability met-
rics, which were computed for individual data entries and the
entire dataset, respectively. These metrics, for a given iteration
J, analyze a window of w previous partial results and return a
value in [0, 1] where 1 means the result was completely stable dur-
ing the last w iterations and 0 means completely unstable. Differ-
ences among partial results are weighted, with greater importance
given to the latter. Let L;(x) be the cluster assigned to the data
entry x at iteration j. The Local Stability (S) is defined as follows:
S(x, j,w) = X2 [Lj(x) ==L;j_i(x)] - log(i + 1). The Global Stability
is the average of all the Local Stability values.

Early Termination. A key feature of VISPEK is its ability to sup-
port the decision of stopping the progression before its termination
by looking at values of inertia collected during the progression
(RM28). When two consecutive iterations show a decrease of iner-
tia (A; = [1 - (inertia;/inertia;r1)]) below a certain small threshold
7, the result can be considered stable and the early termination
can occur. In our experiments on the 21 datasets, two threshold
values emerged: Trqs: = 2.0244e-3 (faster) and Tsjo. = 2.439%e—4
(more conservative); see Appendix Section 4 for derivation details.

Early Termination Validation. We conducted an experimental
validation using 21 datasets (Sec. 2) to assess the effectiveness of
early termination. First, for each dataset, we chose a set of ten k
values as equispaced points within the range [2, y/n]. Then, for each
pair (dataset, k), we compute 100 ensembles with r = 16 and differ-
ent initializations. For each ensemble, the results obtained at the
two levels of early termination were compared with the final result
obtained at the normal end of the ensemble computation. For doing
that, we identified two aspects to consider: the computation gain
and the inertia error. The computation gain quantifies the percent-
age of computations (i.e., k-means iterations) saved if the progress
was early terminated. The inertia error expresses how much the in-
ertia obtained at the early termination differs from the inertia value
obtained at the end of the progression, which is the best inertia
obtainable for the current ensemble. The inertia error at iteration i
is E; = [(inertia;/inertia,) — 1], when the total iterations are z. It
is important to note that both metrics can be computed a posteriori
only when we have the final result of the progression. Appendix
Section 4 presents detailed results. For the computation gain, we
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obtained median values of 45% and 26% for the fast and slow early
termination, respectively. This result confirms the effectiveness of
early termination in reducing computations. For the inertia error,
we obtained medians of 0.01% and 0.002% with fast and slow early
termination, respectively. Both early termination approaches ex-
hibit limited inertia error, with the slow early termination having
a first-quartile value of 0. This confirms the effectiveness of early
termination in limiting the error.

4.2 Visual solution

Relying on the identified requirements and the means described in
the previous section, we designed and implemented a progressive
visual analytics system (Fig. 2). The Configuration Pane (Fig. 2A)
is responsible for configuring and managing execution (RT36). Af-
ter selecting the dataset, the operator chooses the initialization
method, the number of parallel runs, and the termination condition
(fast, slow, or complete). Two modes are available: the first specifies
the number of clusters to launch in a single execution, while the
second defines a range of k values to run multiple executions, each
with a different k. We describe the former first and then the addi-
tional features of the latter. Once configured, the operator can play,
pause, stop, and restart the computation (RH3). The Activities
Pane (Fig. 2B) lists all launched computations. Each entry shows a
progress bar whose color encodes r, overlaid with early termination
markers (silver for fast, gold for slow), and a quality indicator for
the current result. Clicking an entry loads it into the main views.

Three main views support inspection, comparison, and steering,
each using a distinct visual representation (RF12). The Clusters
View (Fig. 2C) displays the current clustering c; on a 2D projection
(PCA, t-SNE, or UMAP), updated at each iteration. Color assignment
is kept stable across iterations and runs by solving a minimum-cost
centroid pairing (RS17,RB44). To provide feedback on uncertainty
(RF9), the points are divided into three bins according to their
stability: unstable points are shown in light gray, mid-stable in
dark gray, and stable points in cluster color, making border regions
immediately visible. The Comparison View (Fig. 2D) shows the
ensemble E; that produced the current result (RM26). A similarity
matrix (AMI or ARI [22, 40]) summarizes agreement among all run
results; the row and column labels of the best run are highlighted in
pink. Clicking a run label loads its partition into an adjacent scatter-
plot, where point color encodes agreement with c;, and the quality
metrics table is updated with color-coded percentage differences to
ease comparison. The Progression View (Fig. 2E) tracks the full
sequence [c1,...,c;] (RT41). The Metrics Progression Pane shows
three vertically aligned line charts for inertia, a selectable quality
metric, and Global Stability; vertical silver and gold lines mark the
fast and slow early termination points (RS18). The Runs Progres-
sion Pane uses a matrix layout (runs X iterations) with color-coded
inertia and quality values; early unstable iterations are grayed out
to discourage premature decisions. At each iteration, the best re-
sult is highlighted, and results within a user-adjustable similarity
threshold are bordered in yellow as alternatives to explore. The
analyst can terminate underperforming runs directly from this pane
(RM30), redistributing computation to the remaining ones.

In the second mode of use (Fig. 3), the analyst selects a range
of k values to explore with multiple runs of the clustering process.
The system presents a line chart showing the inertia values as
k increases, enabling, for example, the application of the Elbow
Method. To assist the analyst in identifying the knee, the system
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Figure 2: Overview of the VISPEK system. The Configuration Pane (A) is in charge of configuring and managing the executions.
The Activities Pane (B) shows all the computations that have been launched. The Clusters View (C) allows the inspection of the
clusters, showing them on a scatterplot with a 2D projection. The Comparison View (D) presents the ensemble that produced the
current result by providing an overview of the results’ homogeneity and showing the similarity matrix among the run results
that compose the ensemble. The Progression View (E) shows information related to the progression with the Metrics Progression
Pane (top) that shows the trends of different metrics, and the Runs Progression Pane (bottom) that shows the progression of all

the runs composing the ensemble.

applies the automatic method proposed by Satopaa et al.[38] to
compute it and highlights it on the line chart. At the bottom, a
sequence of small multiples shows the scatterplots of the partitions
calculated for each k. When a scatterplot is clicked, it appears in
the main view, along with metric values and similarity metrics for
the runs associated with that result.

Overall, VISPEK supports a spectrum of analysis strategies, from
rapid, low-accuracy exploration to high-accuracy confirmatory
analysis, while keeping users engaged as results unfold progres-
sively, comparable to classic VA systems (e.g., [12, 29]).

5 Validation

VISPEK has been validated with two usage scenarios (Sec. 5.1 and
Sec. 5.2) and a case study (Sec. 5.3) involving clustering experts.

The validations rely on the “Spotify song tracks” dataset [33], a
real dataset containing audio features for over 1.2 million songs
obtained through the Spotify APL As a preliminary step, we pre-
processed the data by removing incomplete entries and keeping
only numerical features. As a result, we got 14 numerical features
characterizing the songs: explicit, danceability, energy, key, loudness,
mode, speechiness, acousticness, instrumentalness, liveness, valence,
tempo, duration, and year.

[
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Figure 3: In the second usage mode of VISPEK, it displays the
inertia across a range of increasing k values, facilitating the
application of the Elbow Method. The system also applies an
automatic method to identify the knee of the curve to assist
the analyst. Furthermore, the system presents scatterplots
showing the clustering results for various k values.

5.1 Usage scenario: EIbow method

Determining the correct number of clusters in a dataset is nontrivial,
and several methods have been proposed in the literature [28]. For
k-means, a common approach is the Elbow Method [41]. It consists
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le7 Elbow: Spotify song tracks dataset
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Figure 4: Elbow Method on the Spotify Dataset. The inertia
curves for no early termination (black), slow (yellow), and
fast (green) termination yield almost identical shapes, allow-
ing the analyst to reach the same conclusion in less time.

of applying the clustering algorithm with increasing values of k
(e.g., 2,3,4,...) and plotting the resulting inertia as a function of k.
The optimal number of clusters can be identified by looking at the
shape of the curve rather than the actual inertia values to spot the k
that creates an elbow. The elbow method is time-consuming since
it executes the clustering algorithm a dozen times. In this scenario,
VISPEK can reduce execution time by enabling early termination of
the ensemble clustering processes at each k value, thereby speeding
up the elbow computation. To evaluate the capability of VISPEK
to speed up the time-consuming Elbow Method, we compared the
shape of the inertia curves generated with i) no early termination
condition (i.e., final curve), ii) slow early termination, and iii) fast
early termination. To formally quantify the shape similarity be-
tween the final curve and the two early termination ones, we used
the Pearson correlation of their derivatives [21]. The derivative is
used to remove the descending trend that influences the correlation.

As shown by Fig. 4, through VISPEK we computed the elbow
on the Spotify Dataset with r = 16 and the two early termination
conditions. We obtained three curves: the final curve (no early
termination) in 55 min, the slow curve in 20 min, and the fast curve
in 13 min. The correlation of the slow curve with the final one is
Psiow = 0.9984, while the correlation of the fast curve with the final
one is pras; = 0.9952. These values led us to assume that the fast
and slow elbow curves perform similarly to the final elbow curve,
with the advantage of speeding up the process. In fact, with the fast
early termination condition, the elbow is computed in almost 20%
of the computation time of the final curve.

We then systematically applied the same correlation calcula-
tions to the 21 datasets presented in Sec. 2. For each dataset, we
used k values ranging in [2, /n]. The mean correlation of the slow
curve with the final one is gpsjo., = 0.99908 with standard deviation
0pPsiow = 0.00241. The mean correlation of the fast curve with the fi-
nal one is pprase = 0.99879 with standard deviation opras = 0.00294.
The appendix provides additional details about the distributions.
These results allow us to conclude that VISPEK, by leveraging early
termination, enables us to perform the elbow analysis faster yet
with equal accuracy.

5.2 Usage scenario: Song tracks clustering

This section demonstrates the workflow of clustering analysis using
VISPEK on the Spotify Dataset. The analyst aims to find the most
suitable clustering for the dataset to derive song genres.

Step #1: Preliminary elbow exploration. The analyst starts by
performing a quick elbow method on the dataset to obtain candi-
date values of k to explore further and confirm. For this reason, she

Angelini, Blasilli, Cazzetta, Lenti, Palleschi, and Santucci

Figure 5: Elbow method on the Spotify Dataset (r = 8, fast
early termination). Clusterings for k € [5, 8] are shown be-
low the curve. The analyst identifies this interval as a good
candidate range to continue the analysis (Step #3).

computes the elbow with a small r = 4 and the fast early termina-
tion, setting k in [2, 20]. This parametrization allows for a quick
initial exploration and yields an inertia curve similar to the green
curve in Fig. 4. The analyst spots possible elbow points between
k =3 and k = 5. At the same time, she noticed that for k > 15, the
inertia seems relatively flat, suggesting that those k values may not
be worth exploring. The computation of the fast elbow takes 14s,
whereas without early termination it would take 30s.

Step #2: Initial interactive exploration. The analyst begins a quick
exploratory analysis. For this reason, she executes a progressive
ensemble clustering computation with k = 3 (spotted from Step #1)
and a low number of runs r = 4. The analyst reviews the quality
metrics in the Metrics Progression Pane and finds they are fairly
stable. Conversely, the Comparison View, via the similarity matrix,
shows that the runs are highly dissimilar (on average, ARI < 0.3)
and yield different clusterings. In addition, the analyst notices that
Local Stability indicates many unstable points in the Clusters View,
particularly along the separation surfaces between clusters. Overall,
the result is unsatisfactory, and the analysis is continued to explore
with a different k. She then tests the k = 5 case. The fast early
termination occurs after 12s, but the analyst wants to stop the
process at the slow early termination (14 s) to obtain a more accurate
result. The clustering without early termination would last 60s.
She starts analyzing the quality metrics by comparing them with
those obtained at k = 3. Quality metrics remained almost the same
for lower k, but the similarity matrix shows that the runs now
produced more comparable results. At the same time, the point’s
stability has increased. This gives the analyst the hint that a higher
value of k could be the right one. At the end of this explorative
phase, the analyst saved almost 80% of the time (22 s with early
terminations against almost 120 s to obtain the same results without
early termination.

Step #3: Higher-quality elbow exploration. Having gained a clue
about raising the k value, the analyst chooses to use the elbow
method k in [2, 15] with twice as many runs (r = 8) to improve the
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Figure 6: Comparison of clustering results on the Spotify Dataset (Step #5) with r = 16 and different values of k. (A) With k = 7,
the similarity matrix reveals low agreement among runs, indicating suboptimal clustering. (B) In contrast, k = 8 shows greater
agreement between runs and more compact clusters, suggesting that k = 8 is the desired number of clusters for this dataset.

accuracy of the result. The analyst still uses the fast early termi-
nation, since she knows it is as effective as the normal elbow but
faster (see Sec. 4.1). The fast elbow is computed in almost 30 s, while
the normal elbow would last almost 70 s. Inspecting the resulting
curve, the analyst understands that k cannot be greater than 10 and
that the interval to explore further is [5, 8], as shown in Fig. 5.

Step #4: Increasing the accuracy. Having identified an interesting
interval for k, the analyst increases the number of runs to r = 8 to
obtain more accurate metrics and point stability values than in the
first exploratory phase. The analysis proceeds from k = 5 to k = 8
in a similar way: launching the progressive clustering ensemble
computation, examining the metrics, terminating unpromising runs
to save resources, and identifying interesting alternatives with
respect to labeling quality. Additionally, the analyst stops after fast
early termination of both the computations with k = 7 and k = 8,
identifying significant improvements in the quality metrics and
stability. In particular, for k = 8, both global and local stability
show the best performances, clusters are well separated, and all the
clustering quality metrics show comparable (Davies—Bouldin Index,
Dunn Index) or better results (Calinski-Harabasz Score) than the
other explored k already at the fast early termination. By comparing
all previously computed results in the Activity Pane, the analyst
restricts the candidates to k = 7 and k = 8, discarding the previous
hypothesis of k = 5 and excluding k = 6. In this phase the time
saving, using the different means to steer the progression (early
terminate progressive ensemble clustering computations, terminate
runs, explore different partial results from the runs by looking at
labeling quality) is even higher, resulting on average 20 s for all the
4 cases using fast early termination versus almost 105 s without
early termination.

Step #5: Confirmatory analysis. In this step, the analyst performs
a more accurate analysis for the candidates k = 7 and k = 8 using a
large number of runs, r = 16 (Fig. 6). With this new parametriza-
tion, while without early termination the analyst should wait for
almost 400 s or 60 s for the slow early termination, the fast early
termination elapses almost 35 s. The ensemble computations with
k =7 and k = 8 produce quite similar results in terms of quality
metrics; for example, Davies—Bouldin Index is 1.6 versus 1.8, and
Dunn Index is 0.56 versus 0.55. The ensemble with k = 7 shows
low agreement among runs, resulting in low Average Rand Index
values; see Fig. 6a. Conversely, k = 8 shows greater agreement

among the runs and fewer unstable points (see Fig. 6b), suggesting
to the analyst that k = 8 could be the desired result. The analyst,
to confirm this finding, launches another computation with k = 8
and a different initialization, waiting for the slow early termination.
The new analysis shows slightly better quality metrics for k = 8,
allowing the analyst to conclude that k = 8 is a good number of
clusters.

In total, VISPEK with fast early termination allows the user to
perform all computations for the presented analysis in almost 4
minutes. The same computations without early termination would
take a total of 30 minutes. In this way, VISPEK provides a gain of
almost 85% in computation time while preserving result quality,
thereby strongly supporting the user in interactive clustering analy-
ses. Given an average time of results analysis of 3 minutes per step,
it means that this workflow can be completed in approximately 20
minutes using VISPEK and in 45 minutes using a monolithic ap-
proach, halving the time needed at comparable quality and keeping
the user engaged in the exploration and hypotheses formulation
and verification tasks.

5.3 Case study with domain experts

The case study was designed to address three research questions:
RQ1— Does VISPEK reduce the time needed to conduct a clustering
analysis compared to a monolithic approach? RQ2 — Do the pro-
gressive and interactive features support users in making informed
clustering decisions during the process? RQ3 — How usable is the
system for domain experts unfamiliar with Progressive Visual Ana-
lytics? Qualitative data were collected via think-aloud observations
during the interactive and test sessions and through open-ended
questions in the final questionnaire; responses were analyzed by
grouping observations thematically around the three RQs. The case
study involved four experts (&1, &2, 3, E4), aged 26-43. They are
all Data Scientists and Machine Learning specialists who regularly
deal with clustering. In particular, &; works for DXC Technology
and has a strong background in Data Science and clustering; &
is a Professor of Data Science and Data Mining for Master’s and
Ph.D. courses; &3 is a researcher with a Ph.D. in Data Science and
a strong background in clustering for genomics; and &y is a Ph.D.
student in computer vision. All of them declared that they used the
scientific distribution of Python as the primary tool for conducting
cluster analysis, with &3 also using R and &; using Tableau.



AVI ’26, June 08-12, 2026, Venice, Italy

Methodology. We evaluated the system with each expert sepa-
rately in a two-hour online session structured as follows: VISPEK
presentation, introducing the goals, design, and main features of the
system (20 minutes); VISPEK demo, showing how to use the system
on the A1 dataset (20 minutes); Interactive session, in which experts
first explored the S1 dataset to familiarize themselves with the in-
terface and then tested other available datasets (30 minutes); Test
session with the Spotify Dataset, where experts conducted a cluster-
ing analysis, produced a final result, and reported their confidence
in it under simulated real-task conditions (40 minutes); Question-
naire, completed at the end of the session to collect feedback on the
experience with VISPEK (10 minutes).

5.3.1 Results. Experts could ask questions and receive assistance
at any time. None of the experts was an expert in progressive data
analysis. They claim to know k-means and other main clustering
techniques, such as DBSCAN and hierarchical clustering, well.

RQ1 — Efficiency. All experts demonstrated strong proficiency in
steering the process, terminating runs, and exploring partial results.
On average, experts executed 8 progressive ensemble clustering
computations (& executed 23). &; reported progressive results
as the main advantage over classic clustering, enabling strong in-
teractivity during analysis. &4 noted that the system’s speed and
real-time unfolding of results are important functionalities. Experts
found a suitable number of clusters for the Spotify Dataset in the
range [6, 8], consistent with the results of Sec. 5.2, and all declared
high confidence in their results.

RQ2 — Decision support. The progressive views and the Activities
Pane were unanimously appreciated for enabling comparison across
partial results and steering the analysis. The similarity matrix was
the most debated component: &; found it useful for understanding
the final result (“I found the matrix useful to understand the final
result”) and appreciated multiple accuracy levels (“The fast compu-
tation in real-time gives an initial intuition”), while & considered
it less useful during analysis, though he was also the expert who ex-
ecuted the most computations, suggesting a preference for iterative
re-running over ensemble inspection. This is the only component
to receive divergent opinions; all other views were unanimously
judged useful. & suggested adding a “step” functionality to the
elbow method for large k-ranges, a direction for future work.

RQ3 — Usability. Experts completed a System Usability Scale
(SUS) questionnaire [11]. Scores ranged from 65 to 75 (median 70.0,
mean 69.37, std 5.0), indicating good perceived usability with room
for improvement. &; rated the system “Perfect”; the remaining ex-
perts rated it “Mostly Good”. All declared they would use VISPEK in
their clustering activities. Detailed SUS results are in the appendix.

6 Discussion and limitations

The validation results allow us to assess whether VISPEK achieves
its stated goals. Regarding efficiency, the 85% computation gain
demonstrated in the Spotify scenario (Sec. 5.2) and the experts’
behavior—averaging 8 ensemble runs per session, with the ability
to terminate unpromising runs early—confirm that VISPEK substan-
tially reduces the computational cost of iterative clustering analysis.
Regarding interpretability of result formation, the unanimous ex-
pert appreciation of the partial result views and Local Stability
encoding confirms that progressive unfolding supports understand-
ing of how clustering stabilizes, a capability absent in monolithic
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tools. Regarding interaction design, the divergence of opinion on
the similarity matrix points to a concrete design lesson: its utility
appears to depend on the analyst’s preferred strategy—ensemble
inspection versus iterative re-running. Future versions could make
this view less prominent by default, activating it on demand, and
could investigate whether adaptive interface configurations based
on user behavior better serve different analytical profiles. These
findings, together with &3’s suggestion of a step-based elbow ex-
ploration for large k-ranges, provide actionable design implications
for future interactive machine learning tools of this type.

VISPEK inherits the pros and cons of k-means. In particular, it
can face challenges when dealing with huge datasets due to the
complexity of the k-means. As the dataset size increases, the com-
putational cost rises, potentially leading to performance issues and
extended processing times. Mini-Batch k-means has been proposed
as a variation of the traditional k-means by processing small, ran-
dom subsets, or “mini-batches”, of the dataset in each iteration
rather than using the entire dataset at once. Integrating Mini-Batch
k-means is a promising direction, though it poses challenges for
inertia computation and the timing of full-dataset labeling. A more
sophisticated architecture of VISPEK could use Mini-Batch adap-
tively, triggering its use based on data size and user requirements.

In VISPEK, the best results are selected based on the best inertia.
Other decision strategies for cluster ensembles exist, for example,
consensus-based strategies such as the graph- and hypergraph-
based methods presented by Strehl and Ghosh (CSPA, HGPA, and
MCLA) [40]. These strategies could improve the results produced
by VISPEK, even if they pose challenges due to their high com-
putational complexity. A possible future research direction is to
integrate some of those consensus functions into VISPEK. The ex-
planation of decision strategies, integrated with visual analysis and
aligned with eXplainable Artificial Intelligence principles, repre-
sents a third area of improvement for VISPEK, as shown by recent
works [26, 30].

7 Conclusions

In this paper, we have presented VISPEK, a Progressive Visual Ana-
lytics solution that relies on a novel progressive ensemble clustering
method based on k-means. The design of VISPEK aligns with state-
of-the-art PVA requirements and provides means to observe the
progression of results and to steer the whole process.

The analytic engine of VISPEK has been implemented and released
as a Python module, pek [3], to facilitate adoption and use of our
solution by researchers and practitioners.

Additional materials, source code, and documentation can be found
at https://github.com/aware-diag-sapienza/ vispek.
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